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“La imaginacion es mas importante que el conocimiento.
El conocimiento es limitado, mientras que la
imaginacion abraza al mundo, impulsando

al progreso y dando a luz a la

evolucion”

Albert Einstein

“Me parece haber sido s6lo un nifio jugando en la
orilla del mar, divirtiéndose y buscando una
piedra mas lisa 0 una concha més bonita

de lo normal, mientras el gran océano

de la verdad yacia ante mis ojos

con todo por descubrir”

“Si he visto mas lejos, es porque me he parado sobre los hombros de gigantes”

Isaac Newton
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RESUMEN

El control de calidad, caracterizacion fisicoquimica y optimizacion de procesos de
conservacion de alimentos requiere actualmente del uso de herramientas analiticas
avanzadas, no invasivas y adaptadas a las propiedades especificas de matrices
alimentarias complejas. En esta tesis doctoral se integran diversas lineas de investigacion
orientadas al estudio de frutos andinos como el aguaymanto (Physalis peruviana L.), asi
como de productos carnicos (cerdo y pescado), leguminosas y maiz morado INIA 601, a
través de tecnologias emergentes como la espectrofotometria de: campos magnéticos
(estatico y pulsado), radiofrecuencia, microondas, termografia infrarroja e imagenes
hiperespectrales, el modelado termodinamico irreversible. Estas tecnologias se agrupan
en torno a tres lineas principales: (i) caracterizacion dieléctrica y espectral de alimentos
para el analisis de calidad, (ii) modelado fisico y termodindmico de procesos de
conservacién, y (iii) aplicacion de machine learning y estimulos fisicos en la
monitorizacién y el control de alimentos. A continuacion, se describen los avances mas

relevantes en cada una de estas areas.
1. Caracterizacion dieléctrica y espectral para el andlisis de calidad en alimentos

En una primera linea, se exploré el uso de espectroscopia dieléctrica en el rango
de microondas para predecir propiedades fisicoquimicas clave en frutos de aguaymanto
(Physalis peruviana L.), tales como sélidos solubles, acidez y pH. Las mediciones de la
constante dieléctrica (¢”) se realizaron de 0.5 a 9 GHz a 20 °C utilizando una sonda coaxial
abierta conectada a un analizador vectorial de redes. Los resultados evidenciaron que &’
disminuye con la frecuencia, mientras que los sélidos solubles aumentaron (de 13,493 a
14,850 °Brix), la acidez disminuyo (de 2,842 a 2,120) y el pH aumento (de 3,468 a 3,663).
Los mejores modelos de prediccion se registraron a 915 MHz para sélidos solubles
(R2=0,7760), a 5800 MHz para acidez (R?=0,4790) y a 2450 MHz para pH (R2=0,9994),
con errores de prediccion aceptables, lo cual demuestra el potencial de esta técnica para

el andlisis de calidad interna de frutos.

De manera complementaria, la espectroscopia dieléctrica también fue aplicada al
estudio de la calidad de carne de cerdo durante el periodo post-mortem. Ochenta masculos
longissimus dorsi fueron analizados a diferentes tiempos de almacenamiento a 4+ 1 °C,
determinando propiedades dieléctricas (¢' y €"), junto con pH, color instrumental,

humedad y pérdida por goteo. Se distinguieron dos tipos de carne: RFN (Rigor Fast



Normal) y DFD (Dark, Firm and Dry), con parametros significativamente distintos. Los
modelos de prediccion (PLSR) alcanzaron un R2 de hasta 0.811 para el color L* y 0.743
para el pH en carnes DFD, lo que indica que la espectroscopia dieléctrica puede predecir
moderadamente la calidad carnica, aunque requiere mejoras para una mayor precision en

diferentes tipos de carne.
2. Modelado fisico y termodinadmico en procesos de conservacion: secado y congelacion

En una segunda linea de investigacion, se abordo el estudio del secado convectivo
del aguaymanto integrando un modelo termodinamico irreversible con un sistema de
monitorizacion por termografia infrarroja. Se analizaron la cinética de secado, las
isotermas de sorcion y los gradientes del potencial quimico del agua, evaluando el flujo
de masa y energia a través de conceptos de termodindmica no lineal. Las frutas fueron
sometidas a secado a 60 °C y 1,0 m/s durante 13 horas, registrando la evolucion de peso,
temperatura superficial y actividad de agua mediante sensores térmicos y camaras
infrarrojas. Se desarrollé un marco teérico novedoso para estimar cambios en la energia
libre de Gibbs y la contribucion de energia mecanica al flujo de agua, correlacionando
estos parametros con el coeficiente fenomenoldgico de Onsager. La termografia infrarroja
permitié visualizar los patrones de deshidratacion y deformacion superficial de manera
continua, mientras que el modelo GAB permitié ajustar las isotermas de sorcion. Estos
hallazgos destacan el potencial de integrar modelado termodinamico e imagenes térmicas

para disefiar procesos de secado mas eficientes en frutos tropicales.

En esta misma linea, se desarrollé un sistema no invasivo que combina la
termografia infrarroja con la espectroscopia dieléctrica en radiofrecuencia para estudiar
el proceso de congelacion del aguaymanto. Esta tecnologia permitié el registro
simultaneo de perfiles térmicos superficiales, respuestas dieléctricas internas y cambios
en la emisividad durante el congelamiento a —40 °C. Se identificaron etapas clave como
el subenfriamiento, la nucleacién de hielo y la vitrificacion, siendo esta Ultima registrada
a —35,8°C con un aumento de la emisividad a 0.951. Las mediciones dieléctricas
evidenciaron dispersiones o y B, relacionadas con la movilidad i6nica y la polarizacion
interfacial, cuyos picos de relajacion disminuyeron progresivamente durante la
congelacién. El analisis conjunto de estas técnicas permitié detectar transiciones de fase

criticas y evaluar la movilidad del agua en tiempo real, brindando herramientas clave para



mejorar los protocolos industriales de congelacion y minimizar el dafio estructural en

frutos de alta humedad.

3. Inteligencia artificial e imagen hiperespectral en la evaluacién no destructiva de

alimentos

En una tercera linea, centrada en tecnologias de vision espectral y aprendizaje
automatico, se investigd el uso de imagenes hiperespectrales para monitorizar la
hidratacién de frejoles pinto. Las imagenes, adquiridas en modo reflectancia (400-800
nm), permitieron calcular el contenido de humedad durante el proceso de remojo en agua
destilada. Los datos espectrales fueron ajustados mediante modelos de Peleg y sigmoidal,
obteniendo un R? de 0.974 a 0.989 para el primero y de 0.997 a 0.999 para el segundo. El
modelo sigmoidal aplicado a longitudes de onda seleccionadas (especialmente a 632 nm)
mostré el mejor desempefio (R? = 0.997; RMSE = 38.3), validando el uso de imagenes
hiperespectrales como herramienta no invasiva para evaluar procesos de hidratacion con

alta precision.

Por otro lado, se evalud la capacidad discriminativa de técnicas de aprendizaje
profundo para identificar alteraciones inducidas por ciclos de congelacion-
descongelacion en filetes de caballa. Se desarroll6 un estudio comparativo entre redes
neuronales LSTM (long short-term memory), una variante de las redes recurrentes, y
redes RBNN, utilizando imagenes hiperespectrales en el rango de 400-1000 nm. Los
espectros fueron procesados y optimizados mediante anélisis de componentes vecinales,
y los modelos fueron entrenados con validacion cruzada (k=5) repetida 30 veces. Las
redes LSTM superaron ampliamente a las RBNN, con una F-medida superior a 0.89 y
precision superior a 0.93. Este resultado evidencia que las técnicas de deep learning
aplicadas a datos espectrales pueden ser clave para establecer sistemas de trazabilidad y

monitorizacion en productos marinos sensibles a dafios por recongelacion.
4. Bioestimulacion magnética para el mejoramiento de cultivos andinos

Como parte de la linea de aplicaciones fisicas no convencionales en agroindustria,
se evalu6 el impacto de campos magnéticos sobre semillas de maiz morado (Zea mays L.,
variedad INIA 601) cultivadas en Cajamarca, Peru. Se aplicaron campos pulsados (8 mT
a 30 Hz por 30 minutos) y estaticos (50 mT por 30 minutos) y se analizaron efectos sobre

el desarrollo fisico, rendimiento, compuestos bioactivos y actividad antioxidante. Las



mazorcas tratadas presentaron mayores longitudes (16.89 y 16.53 cm frente a 15.79 cm
del control). Aunque la actividad antioxidante en la bractea fue mayor en el control
(110.56 pg/mL), se observd un enriquecimiento fendlico con la bioestimulacion,
identificandose 14 fenoles distintos. Destaco la procyanidina B2 en bractea y corona,
mientras que epicatequina, kaempferol, vainillina y resveratrol aparecieron en menores
concentraciones. Estos resultados sugieren que la estimulacion magnética puede ser una
estrategia viable para mejorar el perfil funcional y nutricional de cultivos tradicionales

con potencial en las industrias alimentaria y farmacéutica.



ABSTRACT

Quality control, physicochemical characterization, and optimization of food
preservation processes currently require the use of advanced, non-invasive analytical
tools tailored to the specific properties of complex food matrices. This doctoral thesis
integrates various lines of research focused on the study of Andean fruits such as
goldenberry (Physalis peruviana L.), as well as pork, fish, legumes, and purple corn
(INIA 601 variety), through emerging technologies including spectrophotometry
involving magnetic fields (both static and pulsed), radiofrequency, microwaves, infrared
thermography, hyperspectral imaging, and irreversible thermodynamic modeling. These
technologies are grouped into three main research lines: (i) dielectric and spectral
characterization of foods for quality analysis, (ii) physical and thermodynamic modeling
of preservation processes, and (iii) application of machine learning and physical stimuli
for food monitoring and control. The most relevant advances in each of these areas are

presented below.
1. Dielectric and Spectral Characterization for Food Quality Analysis

The first research line explored the use of dielectric spectroscopy in the
microwave range to predict key physicochemical properties of goldenberry (Physalis
peruviana L.), such as soluble solids, acidity, and pH. Measurements of the dielectric
constant (&') were conducted from 0.5 to 9 GHz at 20 °C using an open-ended coaxial
probe connected to a vector network analyzer. The results showed that €' decreased with
increasing frequency, while soluble solids increased (from 13.493 to 14.850 °Brix),
acidity decreased (from 2.842 to 2.120), and pH increased (from 3.468 to 3.663). The best
predictive models were obtained at 915 MHz for soluble solids (R?=0.7760), at 5800 MHz
for acidity (R2=0.4790), and at 2450 MHz for pH (R2=0.9994), with acceptable prediction
errors, demonstrating the potential of this technique for internal quality analysis of fruits.

Additionally, dielectric spectroscopy was applied to study pork quality during the
post-mortem period. Eighty longissimus dorsi muscles were analyzed at different storage
times at 4 + 1 °C, measuring dielectric properties (¢' and €"), as well as pH, instrumental
color, moisture, and drip loss. Two types of meat were identified: RFN (Rigor Fast
Normal) and DFD (Dark, Firm, and Dry), with significantly different quality parameters.
Partial least squares regression (PLSR) models reached R? values of up to 0.811 for color

L* and 0.743 for pH in DFD meat, indicating that dielectric spectroscopy can moderately



predict pork quality, although improvements are needed for greater accuracy across meat

types.

2. Physical and Thermodynamic Modeling of Preservation Processes: Drying and

Freezing

The second line of research focused on the convective drying of goldenberry by
integrating an irreversible thermodynamic model with an infrared thermography
monitoring system. Drying Kinetics, sorption isotherms, and water chemical potential
gradients were analyzed to evaluate mass and energy transfer using non-equilibrium
thermodynamics. Fruits were dried at 60 °C with an air velocity of 1.0 m/s for 13 hours,
and weight, surface temperature, and water activity were monitored using thermal sensors
and infrared cameras. A novel theoretical framework was developed to estimate changes
in Gibbs free energy and the mechanical energy contribution to water flux, correlating
these parameters with the Onsager phenomenological coefficient. Infrared thermography
enabled continuous visualization of dehydration patterns and surface deformation, while
the GAB model was used to fit sorption isotherms. These findings highlight the potential
of integrating thermodynamic modeling with thermal imaging to design more efficient

drying protocols for tropical fruits.

In the same line of research, a non-invasive system was developed combining
infrared thermography with radiofrequency dielectric spectroscopy to study the freezing
behavior of goldenberry. This technology enabled simultaneous recording of surface
thermal profiles, internal dielectric responses, and emissivity changes during freezing at
—40 °C. Key freezing stages were identified, such as supercooling, ice nucleation, and
vitrification—the latter observed at —35.8 °C with emissivity increasing to 0.951.
Dielectric measurements revealed a- and p-dispersions related to ionic mobility and
interfacial polarization, with relaxation peaks progressively decreasing during freezing.
The combined analysis of these techniques allowed the detection of critical phase
transitions and real-time assessment of water mobility, providing valuable tools to
improve industrial freezing protocols and minimize structural damage in high-moisture

fruits.



3. Artificial Intelligence and Hyperspectral Image in Non-Destructive Food Evaluation

The third research line, focused on spectral imaging and machine learning
technologies, explored the use of hyperspectral imaging to monitor the hydration of pinto
beans. Images were acquired in reflectance mode (400-800 nm) to calculate moisture
content during soaking in distilled water. Spectral data were fitted using Peleg and
sigmoidal models, obtaining R2 values ranging from 0.974 to 0.989 for the former and
from 0.997 to 0.999 for the latter. The sigmoidal model applied to selected wavelengths
(especially at 632 nm) showed the best performance (R? = 0.997; RMSE = 38.3),
validating hyperspectral imaging as a non-invasive tool for high-precision hydration

monitoring.

In addition, the discriminative capacity of deep learning techniques was evaluated
to detect changes induced by freeze-thaw cycles in mackerel fillets. A comparative study
was conducted between long short-term memory (LSTM) networks—a type of recurrent
neural network—and radial basis neural networks (RBNN), using hyperspectral images
in the 400-1000 nm range. Spectral data were processed and optimized through
neighborhood component analysis, and models were trained using 5-fold cross-validation
repeated 30 times. LSTM networks significantly outperformed RBNN, achieving an F-
measure above 0.89 and accuracy above 0.93. These results demonstrate that deep
learning applied to spectral data can be key in establishing traceability and monitoring

systems for seafood products vulnerable to quality degradation during storage.
4. Magnetic Biostimulation for the Enhancement of Andean Crops

As part of the line on unconventional physical applications in agri-food systems,
the effect of magnetic fields on purple corn seeds (Zea mays L., INIA 601 variety)
cultivated in Cajamarca, Peru, was evaluated. Pulsed (8 mT at 30 Hz for 30 minutes) and
static (50 mT for 30 minutes) magnetic fields were applied, and their effects on physical
development, yield, bioactive compounds, and antioxidant activity were analyzed.
Treated cobs showed increased lengths (16.89 and 16.53 cm compared to 15.79 cm in the
control group). Although the antioxidant activity in the bract was higher in untreated
samples (110.56 pg/mL), magnetic biostimulation led to phenolic enrichment, with 14
phenolic compounds identified. Procyanidin B2 was predominant in the bract and crown,
while epicatechin, kaempferol, vanillin, and resveratrol were found in lower

concentrations. These findings suggest that magnetic stimulation could be a viable



strategy to enhance the functional and nutritional profile of traditional crops with potential

in the food and pharmaceutical industries.



RESUM

El control de qualitat, la caracteritzacid fisicoquimica 1 1’optimitzacid dels
processos de conservacié d’aliments requereixen actualment 1is d’eines analitiques
avancades, no invasives i adaptades a les propietats especifiques de matrius alimentaries
complexes. En aquesta tesi doctoral s’integren diverses linies d’investigacid orientades a
I’estudi de fruits andins com 1’alquequengi (Physalis peruviana L.), aixi com de productes
carnis (porci i peix), lleguminoses i dacsa morada INIA 601, mitjancant tecnologies
emergents com [’espectrofotometria de camps magnetics (estatic 1 polsat),
radiofrequiéncia, microones, termografia infraroja i imatges hiperespectrals, aixi com el
modelatge termodinamic irreversible. Aquestes tecnologies s’agrupen en tres linies
principals: (i) caracteritzacié dielectrica i espectral d’aliments per a 1’analisi de qualitat,
(if) modelatge fisic i termodinamic dels processos de conservacio, i (iii) aplicacié del
machine learning i estimuls fisics en la monitoritzacié i el control d’aliments. A

continuacio, es descriuen els avancos més rellevants en cadascuna d’aquestes arees.
1. Caracteritzacio dieléctrica i espectral per a I’analisi de qualitat en aliments

En una primera linia, s’ha explorat I’is de I’espectroscopia dieléctrica en 1’interval
de microones per a predir propietats fisicoquimiques clau en fruits d’alquequengi
(Physalis peruviana L.), com ara els solids solubles, 1’acidesa i el pH. Les mesures de la
constant dieléctrica (¢”) es van realitzar entre 0,5 i 9 GHz a 20 °C, utilitzant una sonda
coaxial oberta connectada a un analitzador vectorial de xarxes. Els resultats van mostrar
que & disminuia amb I’augment de la freqiiéncia, mentre que els solids solubles
augmentaven (de 13,493 a 14,850 °Brix), I’acidesa disminuia (de 2,842 a 2,120) i el pH
augmentava (de 3,468 a 3,663). Els millors models de prediccid es van obtindre a 915
MHz per als solids solubles (R?>=0,7760), a 5800 MHz per a 1’acidesa (R?=0,4790) i a
2450 MHz per al pH (R2=0,9994), amb errors de prediccié acceptables, la qual cosa

demostra el potencial d’aquesta técnica per a I’analisi de qualitat interna dels fruits.

De manera complementaria, 1’espectroscopia dieléctrica també es va aplicar a
I’estudi de la qualitat de la carn de porc durant el periode post mortem. Es van analitzar
huitanta musculs longissimus dorsi a diferents temps d’emmagatzematge a 4+ 1 °C,
determinant les propietats dielectriques (¢' i €"), juntament amb el pH, el color
instrumental, la humitat i la pérdua per degoteig. Es van distingir dos tipus de carn: RFN

(Rigor Fast Normal) i DFD (Dark, Firm and Dry), amb parametres significativament



diferents. Els models de prediccio (PLSR) van aconseguir un R2 de fins a 0,811 per al
color L* 1 de 0,743 per al pH en les carns DFD, la qual cosa indica que I’espectroscopia
dieléctrica pot predir de manera moderada la qualitat de la carn, tot i que es requereixen

models més robusts per a millorar la precisié en diversos tipus de carn.
2. Modelatge fisic i termodinamic en processos de conservacio: assecat i congelacio

En una segona linia d’investigacio, s’ha estudiat 1’assecat convectiu de
I’alquequengi mitjangant la integracié d’un model termodinamic irreversible amb un
sistema de monitoratge basat en termografia infraroja. S’han analitzat la cinética
d’assecat, les isotermes de sorcio i els gradients del potencial quimic de 1’aigua, avaluant
el flux de massa i energia a través dels conceptes de la termodinamica no lineal. Els fruits
es van sotmetre a assecat a 60 °C amb una velocitat d’aire d’1,0 m/s durant 13 hores, i es
va registrar I’evolucid del pes, la temperatura superficial 1 ’activitat d’aigua mitjangant
sensors termics i cameres infraroges. Es va desenvolupar un marc teoric innovador per a
estimar els canvis en 1’energia lliure de Gibbs i la contribucio de 1’energia mecanica al
flux d’aigua, correlacionant aquests parametres amb el coeficient fenomenologic
d’Onsager. La termografia infraroja va permetre visualitzar de manera continua els
patrons de deshidrataci6 i la deformaci6 superficial, mentre que el model GAB es va
utilitzar per a ajustar les isotermes de sorci6. Aquests resultats evidencien el potencial
d’integrar el modelatge termodinamic amb tecniques optiques per a dissenyar processos

d’assecat més eficients en fruits tropicals.

En aquesta mateixa linia, es va desenvolupar un sistema no invasiu que combina
la termografia infraroja amb I’espectroscopia dielectrica en radiofreqliencia per a estudiar
el procés de congelacido de 1’alquequengi. Aquesta tecnologia va permetre el registre
simultani dels perfils térmics superficials, les respostes dielectriques internes i els canvis
en I’emissivitat durant la congelacié a —40 °C. Es van identificar fases clau com el
subrefredament, la nucleacio del gel i la vitrificacio, aquesta darrera observada a —35,8 °C
amb un augment de ’emissivitat fins a 0,951. Les mesures dielectriques van revelar
dispersions a i B, relacionades amb la mobilitat ionica i la polaritzacié interfacial, amb
freqiiencies de relaxacio que disminuien a mesura que avancgava la congelacié. L’analisi
conjunta d’aquestes técniques va permetre detectar transicions de fase critiques i avaluar

la mobilitat de I’aigua en temps real, proporcionant eines utils per a optimitzar els



protocols industrials de congelacio i reduir els danys estructurals en fruits d’elevada

humitat.
3. Intel-ligencia artificial 1 imatge hiperespectral en 1’avaluacid no destructiva d’aliments

En una tercera linia, centrada en tecnologies de visio espectral i aprenentatge
automatic, es va investigar 1’as d’imatges hiperespectrals per a monitorar la hidratacié de
fesols pinto. Les imatges, obtingudes en mode reflectancia (400-800 nm), van permetre
calcular el contingut d’humitat durant el procés de remull en aigua destil-lada. Les dades
espectrals es van ajustar mitjancant models de Peleg i sigmoidal, obtenint un Rz de 0,974
a 0,989 per al primer i de 0,997 a 0,999 per al segon. EI model sigmoidal aplicat a
longituds d’ona seleccionades (especialment a 632nm) va mostrar el millor
comportament (R2 = 0,997; RMSE = 38,3), validant 1’us de la imatge hiperespectral com

a eina no invasiva per a avaluar els processos de hidratacié amb alta precisio.

Dr’altra banda, es va avaluar la capacitat discriminant de técniques d’aprenentatge
profund per a identificar alteracions causades per cicles de congelacié-descongelacié en
filets de cavalla. Es va realitzar un estudi comparatiu entre xarxes neuronals LSTM (long
short-term memory), una variant de les xarxes neuronals recurrents, i xarxes RBNN,
utilitzant imatges hiperespectrals en I’interval de 400-1000 nm. Els espectres es van
processar i optimitzar mitjancant analisi de components veins, i els models es van entrenar
amb validacié creuada (k=5), repetida 30 vegades. Les xarxes LSTM van superar
ampliament les RBNN, amb una F-mesura superior a 0,89 i una precisio superior a 0,93.
Aquest resultat evidencia que les tecniques de deep learning aplicades a dades espectrals
poden ser clau per a establir sistemes de tracabilitat i monitoratge en productes marins

sensibles als danys per recongelacio.
4. Bioestimulacié magnética per a la millora de cultius andins

Com a part de la linia d’aplicacions fisiques no convencionals en agroindustria, es
va avaluar I’impacte de camps magnetics sobre llavors de dacsa morada (Zea mays L.,
varietat INIA 601) cultivades a Cajamarca, Peru. Es van aplicar camps polsats (8 mT a
30 Hz durant 30 minuts) i camps estatics (50 mT durant 30 minuts), i es van analitzar els
efectes sobre el desenvolupament fisic, el rendiment, els compostos bioactius 1 1’activitat
antioxidant. Les panotxes tractades van presentar longituds majors (16,89 i 16,53 cm) en

comparacié amb les mostres de control (15,79 cm). Tot i que ’activitat antioxidant en la



bractea va ser superior en les mostres no tractades (110,56 ug/mL), la bioestimulacid
magnética va afavorir I’enriquiment fenolic, identificant-Se catorze compostos, entre els
quals destaca la procyanidina B2 en bractea i corona, mentre que epicatequina,
kaempferol, vainillina i resveratrol es van detectar en menors concentracions. Aquests
resultats suggereixen que I’estimulacié magnética pot ser una estratégia viable per a
millorar el perfil funcional i nutricional dels cultius tradicionals amb potencial en les

industries alimentaria i farmaceutica.
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I. Introduccion
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La seguridad y el control de la calidad en la industria agroalimentaria es un
objetivo primordial, con el fin de cumplir con normativas internacionales y acceder a
mercados internacionales, asi como, mantener altos estandares de calidad e inocuidad en
los procesos de transformacion agroalimentaria (Hu et al., 2019; Okpala &
Korzeniowska, 2023). No obstante, la mayoria de las empresas pequefias dedicadas a la
agroindustria aun vienen realizando su monitorizacion y control de calidad a traves de
métodos de analisis fisicos, quimicos y bioquimicos, que si bien, son precisos,
reproducibles en laboratorio y avalados por la AOAC, también presentan las siguientes
desventajas: suelen ser destructivos, lentos, costosos y laboriosos (Dale et al., 2013;
Huang et al., 2014a; Kumari et al., 2025; Zhu et al., 2020).

Con el avance tecnoldgico y cientifico, diversos esfuerzos se han venido dando en
favor del desarrollo de técnicas fotdnicas de baja energia, basadas en el grado de
interaccidn de especies quimicas con los fotones a lo largo del espectro electromagnético
(desde la radiofrecuencia hasta el infrarrojo) (Chandra Roychoudhuri, 2017). Estas
técnicas fotdnicas no destructivas permiten monitorizar productos agroalimentarios de
forma continua y en tiempo real sin dafiar las muestras, lo que resulta ideal para control
de procesos y trazabilidad (EI Khaled et al., 2016; Elmasry et al., 2012; Liu et al., 2014;
Nelson, 2005). Por ejemplo, la imagen hiperespectral en el espectro visible e infrarrojo
cercano se ha consolidado como un método Optico no invasivo capaz de detectar
tempranamente defectos, contaminantes o atributos de calidad en alimentos que pasarian
inadvertidos por métodos convencionales (Huang et al., 2014a, 2014b; Liu et al., 2014;
Zhu et al., 2020). La fotdnica de baja frecuencia (radiofrecuencias, microondas e
infrarrojos) combinada con modelos fisicos, matematicos y estadisticos adecuados
permiten implementar sensores modernos para mejorar la calidad de los productos
agroalimentarios de manera rapida y en linea (Trabelsi & Nelson, 2016; Traffano-Schiffo,
Castro-Giraldez, Colom, et al., 2018a; Traffano-Schiffo, Chuquizuta, et al., 2021; Ye et
al., 2023).

La presente tesis doctoral se enfoca principalmente en el desarrollo de sistemas
espectrofotonicos (basados en radiacion electromagnetica de baja energia), asi como, el
uso de la modelizacion hibrida (modelos fisicos, termodindmicos y machine learning)
para la monitorizacion y el control de calidad de productos agroalimentarios, tales como:
carne de cerdo, pescado, frejoles (alubias), aguaymanto y maiz morado. En particular, se

estudiara el uso de espectrofotometria de radiofrecuencia, microondas, infrarroja e
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imagenes hiperespectrales, integradas con modelos de termodinamica irreversible y
algoritmos quimiométricos. Este enfoque combinado busca aprovechar la sensibilidad de
las técnicas fotdnicas para detectar cambios fisicoquimicos en los alimentos, junto con la
capacidad predictiva de modelos hibridos para interpretar esos datos y estimar parametros
de calidad relevantes. Asimismo, se estudiara la aplicacién de campos magnéticos
(estatico y pulsado) en la mejora de las caracteristicas fisiologicas y los compuestos

bioactivos del maiz morado INIA 601.

Esta tesis doctoral se basa en la necesidad de la industria agroalimentaria de contar
con sensores miniaturizados no invasivos y de facil uso y acceso, los cuales permitan
asegurar la calidad y seguridad de los productos de forma mas eficiente. La integracién
de estas técnicas fotonicas ofrecen un analisis rapido, no destructivo y objetivo. Integrar
estas técnicas con modelos fisicos, matematicos y estadisticos robustos permitiran no sélo
monitorizar procesos en tiempo real, sino también comprender y predecir los fenOmenos
que ocurren en los alimentos durante diferentes operaciones unitarias. En los altimos
afios, los sensores que trabajan a baja frecuencia y con principios foténicos han
demostrado con éxito su aplicacion en: agricultura (Nelson, 2005; Trabelsi & Nelson,
2016), operaciones unitarias (secado, congelacion y osmodeshidratacion) (Castro-
Giréldez et al., 2014; Cuibus et al., 2014; Talens et al., 2016a, 2016b; Traffano-Schiffo
et al., 2014), productos de la pesca (J.-H. Cheng et al., 2015) y legumbres (Chuquizuta et
al., 2024). Esto demuestra el potencial de la fotdnica para innovar el control de calidad
alimentario. Sin embargo, para explotar al maximo estas tecnologias, es imprescindible
el desarrollo de nuevos métodos de andlisis de datos a partir de las mediciones espectrales
sobre el estado del producto (humedad, actividad de agua, composicion, etc.). De alli
surge la motivacion por investigar modelos hibridos que combinen las leyes de la fisica
con la flexibilidad de las técnicas quimiométricas, con el fin de adaptar el modelo a datos

complejos.
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1.1.  Justificacion

La monitorizacion y el control de calidad en la industria agroalimentaria cada vez
se enfrenta a desafios crecientes debido a la demanda de productos méas seguros, de mayor
vida util y con cualidades constantes, debido a la evolucion sensorial de los consumidores
(Huang et al., 2014a; Okpala & Korzeniowska, 2023). La aplicacion de métodos
tradicionales de analisis de calidad, como: ensayos cromatograficos, ensayos quimicos —
fisicos y pruebas sensoriales, si bien son efectivos en laboratorio, resultan poco practicos
para inspeccion en linea durante la produccién, por su caracter destructivo y lenta
disponibilidad de resultados (Elmasry et al., 2012; Hassoun et al., 2023; Liu et al., 2014).

En este sentido, las técnicas fotonicas de baja energia (Opticas Yy
electromagnéticas) aparece como una alternativa prometedora con soluciones
innovadoras. Estas técnicas permiten obtener informacion interna y externa del alimento
mediante interacciones de campos electromagnéticos con la materia, sin contacto fisico y
sin alterar la integridad del producto (Castro et al., 2018; El Khaled et al., 2016; W. Guo
et al., 2015). Por ejemplo, la termografia infrarroja puede medir distribuciones de
temperatura superficial de un producto en tiempo real (Harrap et al., 2018; Poirier-Pocovi
et al., 2020; Shammi et al., 2023; Usamentiaga et al., 2014), destacando su potencial para
la monitorizacion de procesos de secado y congelacion de alimentos (Tomas-Egea et al.,
2021, 2022; Traffano-Schiffo et al., 2014). Asimismo, la espectrofotometria dieléctrica
de radiofrecuencia puede monitorizar cambios en las propiedades dieléctricas asociados
a los cambios fisicoquimicas y transiciones de fase del agua en alimentos (congelacion,
deshidratacién, etc.) (Tomas-Egea et al., 2019, 2022; Traffano-Schiffo, Castro-Giraldez,
Colom, et al., 2018c, 2018a), y la espectroscopia de microondas es sensible al contenido
de agua y estructura celular debido a la orientacion de dipolos como el agua bajo campos
de alta frecuencia (Castro-Giraldez, Aristoy, et al., 2010; Castro-Giraldez, Fito, Chenoll,
et al., 2010; Talens et al., 2016b). De igual manera, la imagen hiperespectral combina la
vision artificial con la espectroscopia, proporcionando para cada punto del alimento un
espectro que refleja su composicion; asi es posible detectar zonas con distinto contenido
de humedad, grasa, deterioro o contaminacion que serian invisibles al ojo humano
(Castro, Tene, et al., 2024; Tirado-Kulieva et al., 2024a; Vasquez et al., 2018a; Vera et
al., 2025; Yoplac et al., 2019).
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El uso conjunto de estas técnicas fotonicas acopladas a modelos fisicos,
matematicos y estadisticos apropiados, amplia su alcance, permitiendo relacionar
pardmetros fisicoquimicos, estado de agregacion, composicion y estructura del alimento
a partir de perfiles espectrales captados por los sensores fotonicos. Esta sinergia promete
sistemas predictivos mas robustos y precisos. En pocas palabras, los sistemas
espectrofotométricos proveen una huella espectral instantdnea y no destructiva del
alimento, mientras que el modelo hibrido actiia como cerebro para monitorear y controlar

la calidad del producto, e incluso predecir su comportamiento.

La justificacion de la investigacion radica entonces en que, al combinar sensores
fotonicos avanzados con modelos hibridos, se podra lograr una monitorizacion y control
de los procesos agroalimentarios. Esto implica, por un lado, optimizar procesos en tiempo
real (ajustando condiciones de secado, hidratacion, congelacién, etc. con base en
mediciones en linea) y garantizar la seguridad alimentaria (mediante deteccidn temprana
de ruptura de la cadena de frio, prediccion de parametros de calidad y la bioestimulacién
de semillas para la obtencion de rendimiento y compuesto biactivos altos). Por otro lado,
se contribuye al avance cientifico al profundizar en la comprensién de cdmo la radiacién
electromagnética de baja energia interactia con sistemas bioldgicos complejos (los
alimentos) y cdmo estas respuestas pueden modelizarse para reflejar fendbmenos de

transferencia de masa y calor.

1.2.  Espectro electromagnético

El fotén, o cuanto de un campo electromagnético, es una particula elemental
portadora de la interaccion electromagnética, es decir es un bosson tipo gauge, sin masa,
sin carga y con espin 1, con capacidad nula para almacenar energia en sus movimientos
de translacion o rotacion, por lo que su nivel de vibracidn es proporcional a su nivel de
energia (Raymer & Polakos, 2023). Dicha vibracion conforma el espectro
electromagnético o rango completo de vibracion de los fotones. La teoria mas moderna
que describe el electromagnetismo es la electrodindmica cuantica que describe a cualquier
particula como una excitacion cuantica de un campo general, siendo para el foton el
campo electromagnético. Las interacciones electromagnéticas que ejercen los fotones
sobre su entorno son también denominadas radiacion electromagnética. Esta radiacion o,

flujo de fotones, esta compuesta por particulas vibrantes o cuantos excitados del campo
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electromagnético, que se propagan por el espacio, desde el rango de la radiofrecuencia

hasta los rayos gamma (Feldman et al., 2015) (Figural). El espectro electromagnético

abarca un continuo de radiaciones clasificadas segun su frecuencia (v) o inversamente su

longitud de onda (1), relacionadas por la velocidad de la luz en el vacio (Ecuacion 1)

c= v Q)

<
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L o

[

10= 10+ 10e 107 10 107 10w 10« 10+ 10+ 10+ 10+ 10 10+7 10 10 10% f(Hz)
10=r 102 10®  10= 107  10e 10 10+ 102 102 10 1 10 10 10= 10+ 105 10F (V)

(

Radiofrecuencia Microondas Inframojos |. Ultravioleta Rayo X Rayos Gamma >

Figura 1. Espectro electromagnético completo, que muestra las distintas regiones

de radiacion y su clasificacion en funcion de la frecuencia.

Nota. Adaptado de "Espectro electromagnético™ por IpStore, 2024 (https://I1ng.com/Qjb68);
"Electromagnetic  spectrum™ por 123RF, s.f. (https://Ilng.com/SedR5); "Espectro
electromagnetico" por Paredes. M., 2019 (https://11ng.com/hfNWP).

Las interacciones electromagnéticas segun la electrodindmica cuantica son los

intercambios de fotones entre particulas cargadas, siendo la méas importante entre

electrones. La radiacion electromagnética al interaccionar con un elemento, cargado o no,

puede sufrir absorcion, reflexion o transmision, dependiendo del grado de interaccion

entre la radiacion y la naturaleza de las moléculas que conformen el elemento (Figura 2),

siendo el sumatorio de los efectos igual a 1.
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Figura 2. Fendmenos de reflexion, absorcion y transmisién de la luz.

Nota. Adaptado de "Espectro de absorcion™ por  Wikipedia, 2024
(https://es.wikipedia.org/wiki/Espectro_de_absorci%C3%B3n).

1.3.  Espectrofotometria de baja energia

1.3.1. Fotébnica

La fotdnica es el area de la ingenieria que aprovecha la informacion que ofrece un
flujo de fotones (cuantos del campo electromagnético o radiacidén electromagnética)

inducido o natural después de pasar por un objeto (a través o reflejandose).

Debido a su naturaleza vibrante, el foton presenta una longitud de onda que define
su nivel de energia de partida. Sin embargo, el foton puede interaccionar con otras
particulas (Efecto Scatering en baja energia y efecto Compton en alta energia) y perder
parte de su energia, bajando su frecuencia y aumentando su longitud de onda. Lo mismo
ocurre a la inversa, como ocurre en la dispersion inversa de Compton en el que un electrén
puede aumentar la energia de un fotén o en el efecto Doppler donde la propia velocidad
del fotdn puede generar acumulacion de energia en el sentido de avance de la radiacion
(Pearsall, 2020). Estas interacciones electron-foton pueden ser inducidas por un
dispositivo para determinar variables de estado como la temperatura, cuantificar especies
quimicas o para predecir propiedades fisicas, siendo la base de la técnica denominada

foténica.
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Dado que la energia (E) de un fotdn es un cuanto de excitacion del espectro
electromagnético, su energia es directamente proporcional a la frecuencia, de acuerdo con

la relacion de Planck-Einstein (Ecuacion 2):

E=hxf (2

Donde: E es la energia del foton (en julios), / es la constante de Planck, 4 ~ 6.626

x 1073 J-s, f es la frecuencia de la radiacion.

Alternativamente, dado que la frecuencia esta relacionada con la longitud de onda
A por la relacion de la Ecuacion 1, la energia del fotén también puede expresarse como la

Ecuacioén 3:

E=— (3)

Respecto a la electrodinamica cuantica (QED), la ecuacién fundamental que rige
el comportamiento de una particula, adaptada al foton es obtenida mediante la ecuacion
4:

_ _ 1
Logp = Y(y*-Dyi —m) — 2 fiww 4)

Donde Lqep es el lagrangiano que describe el comportamiento, 1 que representa
el campo del electron productor del foton (espinor de Dirac), ( y# - D,i — m) representa
el campo cuantico del foton, y F,,,que representa el campo electromagnético (Peskin,
2018)

Y la propagacion de un fotdn se calcula a partir de la Ecuacién 5 (Schwartz, 2013):

— qHv;
pw="9" (5)
El

Donde DHY es la propagacion del foton, g*¥es la métrica de Minkowski y el
parametro &, es un parametro cuantico que asegura que los efectos cuanticos respeten la

causalidad.
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Pese a que la foténica moderna se rige por la electrodinamica cuantica, integrada
en el modelo estdndar de particula, capaz de describir tres interacciones fundamentales,
las electromagnéticas, las débiles y las fuertes, hoy en dia a nivel de ingenieria se siguen
usando modelos de la fisica clasica por su facilidad de uso y por su versatilidad en los
modelos de monitorizacion y control. Si bien a nivel particular no son estrictamente
correctos, a nivel macroscopico permiten un nivel de aproximacion a la realidad

suficiente, para ser de gran utilidad para la industria.

En esta simplificacion de la mecanica cuéntica a la fisica méas clasica es importante
hacer una diferenciacion de los modelos que se utilizan en ingenieria, ya que son distintos
segun el rango en el que se analice el electromagnetismo. Las interacciones de los fotones
con la materia a bajas frecuencias (como en radiofrecuencia y microondas), predominan
los efectos ondulatorios, donde el flujo de fotones actGan como una serie de ondas
electromagnéticas extendidas que induce polarizaciones e induccion en las moléculas
cargadas. En cambio, a frecuencias mas altas (como en el infrarrojo, visible o
ultravioleta), el foton se comporta de forma corpuscular, como un paquete discreto de
energia capaz de excitar electrones o romper enlaces quimicos. Asi, a bajas energias
domina el caracter ondulatorio, mientras que a altas energias se manifiesta su naturaleza
cuéntica y localizada (Saleh & Teich, 2019).

Un ejemplo de la utilizacion préactica de la fisica clasica en un tramo donde
predomina el efecto corpuscular es la modelizacion de cuerpos radiantes en el tramo del
espectro térmico (infrarrojo, visible y ultravioleta), entendiendo como radiacién a un flujo
de fotones incidiendo sobre una materia determinada. Todo cuerpo con una temperatura
superior a 0 K, emite radiacion procedente de los electrones que conforman los orbitales
atdmicos, que se encuentran en un continuo proceso de excitacion/relajacion, causado a
su vez por la constante recepcion de radiacion. Esta radiacion sera proporcional a la
energia cinética de estos electrones, es decir, a la temperatura la materia. En este tramo
del espectro se puede definir un cuerpo negro, como un material ideal que absorbe toda
la energia de radiacion que recibe (¢ = 1, por lo tanto p = t = 0), al no reflejar radiacion
del entorno, un cuerpo negro radiarad dependiendo Unicamente de su temperatura. Este
fendmeno fue descrito por la ley de Planck, la cual describe un parametro ¢, denominado

emisividad, que viene descrito como la relacién entre la radiacion absorbida y la radiacion
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recibida (Ibarz & Barbosa-Canovas, 2002; McClelland & Mankin, 2018). Simplificando
la ley de Plank, suponiendo constantes algunas variables atomicas, se obtiene la Ley de
Stefan-Boltzmann, que permite calcular la energia absorbida por un cuerpo a partir de la
energia emitida por un cuerpo que se encuentra radiando en frente del mismo,

expresandose como (Ecuacion 6):

E = eoT* (6)

Donde: E es la energia radiada (W/m?2), la temperatura absoluta de la superficie
emisora, o es la constante de Stefan-Boltzmann (5.67 x 10 W/m?K?) y ¢ la emisividad
del material (entre 0 y 1). Esta ecuacion es fundamental para la termografia infrarroja, ya
que permite convertir la energia captada por la cdmara en una estimacion de la
temperatura superficial del objeto observado, corrigiendo por la emisividad del material
(Tomaés Egea, 2022; Traffano Schiffo, 2017).

Otra ley de la fisica clasica, muy util en la fotonica aplicada es la Ley de Beer-
Lambert, relevante sobre todo en espectroscopia en el rango de visible e infrarrojo. Esta
ley relaciona la intensidad de radiacion transmitida a través de un medio absorbente con
la concentracion de las especies absorbentes en el medio (Castro Silupu, 2016; Gowen et

al., 2007; Huang et al., 2014a). En su forma habitual se expresa mediante la Ecuacion 7:

A=¢ewc= _10910 (Isaliente/lincidente) ()

Donde: A es la absorbancia, ees el coeficiente de absortividad molar
(L/(mol-cm)), ¢la longitud de trayectoria de la luz a través del medio (cm) y ¢ la
concentracion de la especie absorbente (mol/L) . De acuerdo con esta ley, la transmitancia
disminuye exponencialmente al aumentar la concentracion o la distancia recorrida por la
luz. La Ley de Beer-Lambert es la base para cuantificar componentes en alimentos

mediante espectroscopia NIR-VIS.

Asimismo, la reflectancia espectral es una magnitud adimensional que describe la
proporcién de la radiacion incidente sobre una superficie que es reflejada por ésta en
funcién de la longitud de onda (Elmasry et al., 2012). En aplicaciones espectroscopicas,
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como las iméagenes hiperespectrales, la reflectancia se expresa generalmente como una

funcién continua (Ecuacion 8):

R = L(D)/1o(D) (8

Donde: R(A) es la reflectancia espectral a la longitud de onda A; I,.(A) es la
intensidad de la luz reflejada por el objeto; I,(A1) es la intensidad de la luz (radiacién)

incidente (normalizada o referenciada)

En el caso de las técnicas de baja energia, en el tramo del espectro de
radiofrecuencia y microondas, donde predominan las interacciones ondulatorias, de
polarizacién e induccién, interesa especialmente la interaccion con los dipolos
dieléctricos y especies quimicas cargadas en los alimentos. Los alimentos son sistemas
bioldgicos con alto contenido de agua (molécula polar) y con iones disueltos (sales,
electrolitos, entre otros), ademas de macromoléculas con cargas (proteinas,
polisacéridos). Bajo la influencia de un campo electromagnético, estos componentes
responden almacenando energia en forma de polarizacién eléctrica o disipandola en
forma de calor (Velazquez Varela, 2014). Una simplificacion de la fisica clasica para
determinar el efecto del electromagnetismo con la materia, en este tramo del espectro son
las relaciones de Maxwell. A continuacion, se muestran las relaciones de Maxwell (9 y
10 - Ley de Gauss, 11 — Ley de Faraday y 12 — Ampere - Maxwell), fundamentales para

entender la interaccién de la radiacion con la materia.

V-B=0 (10)
VxE-= _9B (11)
ot
oOF

V X § = ,Llof‘i‘ Hoép (12)

at

Donde: B, es el campo magnético; E, esel campo eléctrico; p, densidad de carga

eléctrica; j, densidad de corriente; &,, permitividad del vacio; u,, permeabilidad del vacio.
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Estas relaciones explican las interacciones electromagnéticas, y su efecto sobre
particulas cargadas. Estas relaciones utilizan dos propiedades vectoriales para definir los
efectos eléctricos o de campo eléctrico (permitividad) y para definir los efectos
magnéticos o de campo magnético (permeabilidad), pudiendo potenciarse el efecto de

uno u otro cambiando la geometria del equipo inductor del campo.

Cuando se trabaja con equipos inductores de sefial paralelos o perpendiculares
predomina el efecto eléctrico, por lo que se puede caracterizar esta respuesta mediante la

permitividad dieléctrica compleja (&,.) del material, definida como (Ecuacién 13):

& = &+ je" (13)

Donde: &' es la constante dieléctrica y ' es el factor de pérdidas dieléctricas.

Mientras que, si se utiliza un sistema circular, como una bobina, donde es posible
eliminar el efecto eléctrico, se obtiene un efecto magnético, caracterizado por la

permeabilidad magnética (u).

1.3.2. Técnicas fotonicas

La fotdnica de baja energia comprende aquellas técnicas basadas en la interaccion
de radiacion electromagnética (no ionizante) con la materia. Estas técnicas fotonicas de
baja energia estdn comprendidas desde campo magnético (estaticos y pulsado) de muy
baja frecuencia, radiofrecuencia, microondas, infrarrojo lejano y visible - infrarrojo
cercano (Figura 1). En estas regiones espectrales, la interaccién fotdnica con la materia
se manifiesta a través de: polarizaciones eléctricas, rotacion de dipolos, vibraciones
moleculares, emisidén térmica, entre otras, proporcionando informacion sobre las

propiedades fisicas y quimicas del material (Pearsall, 2020; Raymer & Polakos, 2023).

1.3.2.1. Campo magnético o efecto magnético a baja frecuencia.

El campo magnético constituye una de las manifestaciones fundamentales del
electromagnetismo. Se define como la region del espacio en la que una particula cargada
en movimiento experimenta una fuerza. Este campo es generado por cargas eléctricas en
movimiento o por corrientes eléctricas, y su accion puede medirse a traves de la fuerza

que ejerce sobre otras cargas maviles. Se representa mediante el vector B, cuyas unidades
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en el Sistema Internacional son los teslas (T) (Greenebaum & Barnes, 2018). Asimismo,

se describe mediante las Ecuaciones de Maxwell descritas en el apartado anterior.

Estas relaciones explican la interaccién de campos eléctricos y magnéticos, y su
efecto sobre particulas cargadas. Los campos magnéticos tienen alta capacidad de
penetracion en tejidos bioldgicos, 1o que los hace Utiles en aplicaciones médicas y

alimentarias (Barnes & Greenebaum, 2007).

1.3.2.1.1. Tipos de campos magnéticos

Los campos magnéticos pueden ser estaticos (CME) o pulsado (CMP), generados
por corriente eléctrica continua (0 Hz) o alterna (Figura 3). Las principales fuentes de
estos campos son las corrientes eléctricas o generado por imanes, basado en la Ley de
Ampere o Ley de Biot-Savart (Mifiano et al., 2020; S. Wang et al., 2024). Dependiendo
de cémo varia el campo magnético en el tiempo, este puede clasificarse como: campo
magnético estatico, campo alterno de baja frecuencia (AC de baja frecuencia) o campo
pulsado (caracterizado por pulsos transitorios) (S. Wang et al., 2024). Asimismo, segun
la densidad de flujo magnético, los CME se clasifican como super débiles (100 nT a 0,5
mT), débiles (<1 mT), moderados (1 mT a 1 T), fuertes (1 a5 T) y ultra fuertes (>5 T)
(Mifiano et al., 2020). Con respecto a los EMF y PMF, los factores considerados son la
densidad de flujo magnético, la frecuencia, la forma de onda, el tiempo de exposicion y
la polaridad (Greenebaum & Barnes, 2018). En funcidon de la frecuencia, se consideran
como frecuencia extremadamente baja (0 a 300 Hz), frecuencia intermedia (300 Hz a 1
MHz), radiofrecuencia (1 MHz a 500 MHz), frecuencia de microondas (500 MHz a 10
GHz) y alta frecuencia (>10 GHz) (Greenebaum & Barnes, 2018; Grigelmo-Miguel et
al., 2010)

Variador de

/( frecuencia

VVYVY

Figura 3. Aplicacion de campo magnético a alimentos: a) estatico y b) pulsado.
Nota. Adaptado de Chuquizuta et al. (2025).
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1.3.2.1.2. Interaccion del campo magnético con tejidos bioldgicos

La interaccion de los campos magnéticos con sistemas biolégicos depende
fuertemente de la frecuencia y magnitud del campo, determinando los mecanismos fisicos
involucrados. En campos estaticos (0 Hz), no se inducen corrientes eléctricas en tejidos,
pero el campo puede ejercer fuerzas directamente sobre objetos magnetizados o particulas
dentro del organismo (Greenebaum & Barnes, 2018). En los campos de alta frecuencia
(radiofrecuencia y microondas), la interaccion dominante con los tejidos es el
acoplamiento dieléctrico que resulta en calentamiento. Las moléculas polares (como el
agua) oscilan al ritmo del campo alterno, y las corrientes de desplazamiento a traves de
tejidos conducen a disipacién de energia (L. Guo et al., 2022). En frecuencias de
microondas, practicamente toda la energia absorbida en el cuerpo se convierte en calor,

pudiendo elevar la temperatura tisular (S. Wang et al., 2024).

1.3.2.1.3. Aplicaciones del campo magnético en la industria alimentaria

En los Gltimos afios, los campos magnéticos (estaticos o pulsado) vienen siendo
considerados como una tecnologia emergente no térmica, siendo aplicados en procesos
como: congelacion, inactivacion de microorganismos, fermentacion, secado, entre otros.
Sin embargo, existen escasos estudios de la aplicacion de campos magnéticos en procesos

de germinacion de semillas, véase la Tabla 1.

Tabla 1. Aplicacion de campos magnéticos a la germinacion de semillas

Muestra Tratamiento Resultado Autor

Aumenta el rendimiento de la
Calotropis ) germinacién de las semillas se (Bezerra et al.,
2mT y 5 dias ) - )
procera intensifica con la exposicion continua 2023)

a campo magnético.

Mejora los parametros relacionados )
] ) 200 mT durante 1 o 5 (Kataria et al.,
Maiz y soja con la germinacion y también las
h _ 2017)
actividades de a-amilasa y proteasa.
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Aumenta considerablemente la

30 y 85 mT cantidad de acido indol-3-acético y (Podlesna et al.,

Habas Ve - - ] -
durante 15 s acido giberélico en las semillas en 2019)
germinacion.
Mejora el crecimiento, los
o (Abdel Latef et
Lechuga 0.44,0.77y1T componentes bioactivos vy el 1. 2020)
al.,
rendimiento de la lechuga.
) 10 y 15 mT por (Hussain et al.,
Trigo ) Mejora el rendimiento del cultivo
15 min 2020)

8mTa30Hzy ] ) o )
] Mejora las propiedades nutricionalesy (Chuquizuta et al.,
Maiz morado 50 mT, ambos o )
] antioxidantes del cultivo. 2025)
por 30 min

1.3.2.2. Espectrofotometria dieléctrica

Tal y como se ha explicado en el apartado anterior se parte de las relaciones de
Maxwell (Ecuacion 9 - 12) para poder describir el efecto de los campos magnéticos y/o
eléctricos sobre un material. La aproximacion de las relaciones de Maxwell a la teoria
cuantica fue formulada por Paul Dirac en 1928, formulando el mecanismo relativista del
electron (principal productor de fotones), que al unificarlo con el principio de gauge
(concepto fundamental de bossén), conformaria la electrodindmica cuantica,
demostrando que la aproximacion de las relaciones de maxwell para este tramo del
espectro, donde los fendmenos son ondulatorios, es exacta. Para materiales dieléctricos,
en especial materiales biologico como los alimentos, el flujo de fotones se ve atenuado
por la resistencia del material, lo que implica una absorcion parcial de la energia en la
orientacion de cargas. Por tanto, se origina un desplazamiento del campo eléctrico y/o
magnético (Traffano Schiffo, 2017), véase la Figura 4. Estos fendmenos
electromagnéticos de desplazamiento puedes ser modelizados mediante las Ecuaciones
14y 15.

D=¢"-¢y-E=(c'+ je") & E (14)
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B=p po-E=@+ ju") po-B (15)

Donde:D y B, son desplazamiento del campo eléctrico y magnético,
respectivamente; €*, es la permitividad vectorial del sistema (F/m), representado la
respuesta de un medio ante el efecto del campo eléctrico; u*, es la permeabilidad vectorial
del sistema (H/m), representado la respuesta de un medio ante el efecto del campo

magnético.

vt

Campo eléctrico

\

Campo magnético

Figura 4. Campo electromagnético, formadas por las lineas campo eléctrico y
magnético.
Nota. Adaptado de "Campo electromagnético” por PngWing, s.f.

(https://www.pngwing.com/es/free-png-vwdei).

Los tejidos bioldgicos la interaccion predominante estd dada por el campo
eléctrico. Excepto en aquellos casos donde la trayectoria del flujo de fotones conduce a
una anulacion del vector campo eléctrico E , se asume que la permeabilidad magnética
de estos tejidos es cercana a la del vacio (uo = p = 4-m-10~7 H/m). Por lo tanto, es
valido despreciar la interaccion con el campo magnético y considerar la permitividad
eléctrica como el pardmetro predominante en el analisis dieléctrico del tejido (Tomas
Egea, 2022).

De acuerdo con los principios de reflexidn, absorcion y transmisién dieléctrica, la
propiedad fisica que describe las interacciones entre un material dieléctrico y el campo
eléctrico es la permitividad compleja (Ecuacion 13). Esta magnitud caracteriza el
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comportamiento del material cuando un flujo de fotones incide y se propaga a través de
él (Tomas-Egea et al., 2022; Traffano Schiffo, 2017).

& = &+ je' (13)

Donde:

Constante dieléctrica (¢): Es la proporcion de energia eléctrica almacenada al
orientarse el medio respecto a la direccion del campo eléctrico (Castro-Giraldez, Fito, &
Fito, 2010; Traffano-Schiffo, Castro-Giraldez, et al., 2021).

Factor de pérdidas (¢"): Es el desplazamiento del campo eléctrico inducido por las
transformaciones de energia eléctrica en otras energias como la calorifica y mecanicas
(Kuang & Nelson, 1998; Nelson, 2005; Traffano Schiffo, 2017).

El factor de pérdidas se asocia a la disipacion de energia eléctrica dentro de un
material dieléctrico, atribuida principalmente a los mecanismos de relajacion
relacionados con las vibraciones de especies quimicas con alta movilidad io6nica,
fenémeno conocido como conductividad id6nica. Este comportamiento puede ser
cuantificado en un amplio rango de frecuencias, desde Hz hasta 1 GHz (Castro Giraldez,
2010), mediante la Ecuacion 16.

o‘:a)*go*&‘” (16)

Donde: w, frecuencia angular (2 = m  f) (Sxm™); ¢,, permitividad en el vacio
(8,8542x10712 Fm™)

1.3.2.2.1. Radiofrecuencia: interaccion entre flujo de fotones y alimento

(relajaciones)

Las interacciones de sistema biologico / fotones, en el rango de radiofrecuencia,
muestran dos dispersiones, como la dispersion a y B (Figura 5). La dispersion a se
presenta en el rango de frecuencias entre Hz y kHz, y estd asociada al movimiento

asociado a la orientacidon de las cargas moviles, como los electrolitos, dentro de los tejidos
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bioldgicos. Este fendmeno también es conocido como Efecto de Counterion (Traffano-
Schiffo, Castro-Giraldez, Colom, et al., 2018a). La dispersion P tiene lugar entre los kHz
y los MHz, y describe la interaccion del flujo de fotones con cargas inmdviles o de escasa
movilidad presentes en el tejido. En este intervalo, se pueden distinguir interacciones
especificas con proteinas y carbohidratos predominantemente en el rango de los kHz, asi
como fenémenos de polarizacién interfacial, como el efecto Maxwell-Wagner, que se
manifiestan en el rango de los MHz (Traffano-Schiffo, Castro-Giraldez, Herrero, et al.,
2018).

< Radiofrecuencia >

Counterién: orientacién  Fendmeno Maxwell-Wagner: orientacidn
de cargas moviles de cargas moviles de macromoléculas
Hz - kHz kHz - MHz

Figura 5. Relajaciones a y  en el rango de radiofrecuencia.

1.3.2.2.2. Microondas: interaccion entre flujo de fotones y alimento

La denominada dispersion y se localiza dentro del rango de microondas, desde
100 MHz hasta 300 GHz (Figura 6). Este tipo de dispersion se relaciona con la respuesta

de moléculas dipolares permanentes, principalmente el agua, frente al estimulo de un flujo
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de fotones (Tomas-Egea et al., 2019). En condiciones normales, dichas moléculas se
orientan de manera aleatoria. No obstante, al estar expuestas a un campo eléctrico o un
flujo de fotones las moléculas tienden a alinearse en la direccion del estimulo aplicado.
Esta reorientacion del momento dipolar provoca una rotacion asociada al spin molecular,
fendmeno responsable del comportamiento dieléctrico caracteristico de esta region del

espectro (Tomas Egea, 2022; Tomas-Egea et al., 2019).

o Fenémeno - o Dispersion y

108 1x10° 1x1010  2=1010 1011 1012 f (Hz)
<: Microondas >
Interaccion
« Acido s Agua

organico -« - 3dlidos solubles (efecto secundario)
e Electrolitos

Interacciones

e Vibracion = Induccion y orientacion de dipolo
de iones

Figura 6. Relajacion y en el rango de microondas.

1.3.2.3. Espectrofotometria de infrarrojos

El infrarrojo lejano (FIR, por sus siglas en inglés) se sitUa en el extremo de baja
energia del espectro infrarrojo, abarcando longitudes de onda entre 15 pm y 1 mm. Dentro
del intervalo de 7 a 14 um, se observa una ventana espectral en la cual es posible detectar

la emision de fotones térmicos provenientes de cuerpos a temperatura ambiente, asi como
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del entorno atmosferico. Este rango coincide con el pico de emision de radiacion térmica
de objetos cercanos a los 300K (alrededor de 10 um), de acuerdo con la ley de
desplazamiento de Wien. Es precisamente en esta banda, también conocida como
infrarrojo de onda larga, donde operan las camaras termograficas empleadas para la

medicién de temperatura superficial sin contacto (Harrap et al., 2018).

La termografia infrarroja es una técnica no invasiva basada en la captacion y
andlisis de la radiacion electromagnética emitida por los cuerpos en el espectro infrarrojo,
relacionada directamente con su temperatura superficial (Usamentiaga et al., 2014). Esta
radiacion térmica captada por una camara termografica permite generar mapas térmicos
(termogramas) (Figura 7), Utiles para la monitorizacidn de procesos térmicos en alimentos
(Gongalves et al., 2016; Harrap et al., 2018). El principio fisico matematico esta descrito

en seccién de fotonica.

a S S
Imagen Cdmara termogrdfica Medio ambiente Alimento (cuerpo
térmica infrarroja (sensor) (aire) negro)
Figura 7. Sistema de termografia de infrarrojo.
1.3.2.3.1. Interaccion de la termografia infrarroja con el material bioldgico

La interaccion biologica predominante del FIR es el calentamiento superficial,
cuando un objeto absorbe radiacién infrarroja, aumenta la energia vibracional (Figura 8)
de sus enlaces moleculares, lo cual se traduce en un incremento de su temperatura.
Inversamente, al emitir radiacion, el cuerpo pierde energia (Pearsall, 2020). La eficiencia
de esta emision se encuentra determinada por la emisividad (&), que expresa cuan
eficientemente un objeto irradia energia comparado con un cuerpo negro ideal (Chandra
Roychoudhuri, 2017). La mayoria de los alimentos presentan valores elevados de

emisividad en el FIR (en el rango de 0.8 a 0.98), debido a que son opacos y presentan
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superficies rugosas 0 no metalicas (Cuibus et al., 2014; Gongalves et al., 2016; Shammi
etal., 2022; Tomas-Egea et al., 2021; Traffano-Schiffo et al., 2014).

O Proton

) Neutrén

@ Electrén

Fatoelectron

Figura 8. Grado de excitacién molecular (transicion electronica o vibracional).

Nota. Adaptado de "el atomo " por ABC, 2023. (https://www.abc.com.py/edicion-
impresa/suplementos/escolar/2023/04/18/numero-atomico-y-numero-masico/).

1.3.2.4. Espectrofotometria de imagenes hiperespectrales

Las iméagenes hiperespectrales (HSI, por sus siglas en inglés) constituyen una
tecnologia dptica avanzada que combina simultdneamente informacién espectral y
espacial para cada pixel de una imagen (Huang et al., 2014a; Zhu et al., 2020). Este
sistema genera un conjunto tridimensional de datos denominado Hipercubo (X, Y, )
(Figura 9), donde las dimensiones espaciales X e Y representan las coordenadas de cada
pixel, y la dimension espectral A incluye cientos de bandas espectrales contiguas que
cubren desde el visible hasta el infrarrojo cercano e incluso medio (desde 400 nm hasta
2500 nm) (B. Wang et al., 2023).

Y A
A /
X
Camara Imagenes Espectro de
hiperespectral hiperespectrales reflectancia
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Figura 9. Sistema de adquisicion de imagenes hiperespectrales.
Nota. Adaptado de Chuquizuta et al. (2024).

A diferencia de las imagenes RGB convencionales, obtenida con una camara
fotogréafica comun, Unicamente capturan la luz reflejada en solo tres bandas (rojo, verde
y azul). La imagen hiperespectral permite identificar patrones de absorcion y reflexion
caracteristicos de los componentes quimicos presentes en una muestra (Figura 2). Esta
riqueza espectral convierte a la HSI en una técnica no destructiva y poderosa para el

analisis de calidad y seguridad alimentaria (Aviara et al., 2022; Patel et al., 2024).

1.3.2.4.1. Interaccion de la HSI con el material biologico

El principio fisico de la imagen hiperespectral se basa en la interaccion de la
radiacion electromagnética con la materia. Cada compuesto quimico absorbe y refleja
energia fotdnica de manera especifica a lo largo del espectro electromagnético. Esta
interaccion puede ser registrada como una curva espectral para cada pixel, lo que permite
analizar cuantitativamente la composicién quimica y las propiedades fisicas de los
alimentos (Gowen et al., 2007; Liu et al., 2014).

En diferentes rangos de longitud de onda que abarca la técnica de la HSI, podemos
observar radiaciones como: ultravioleta (200-400 nm), visible (380-800 nm), visible —
infrarrojo cercano (VIS-NIR, por su sigla en inglés) (400-1000 nm), infrarrojo cercano
(NIR, por su sigla en inglés) (900-1700 nm) e infrarrojo de onda corta (970-2500 nm)
(Marin-Méndez et al., 2024; Martinez-Domingo et al., 2024).

A nivel fisico — quimico, los sobretonos de las vibraciones (Figura 10) que ocurren
dentro del rango de los infrarrojos producto de la estimulacion y la absorcién de energia
de un flujo de fotones sobre un alimento, normalmente, se logran detectar vibraciones de:
estiramientos del enlace C-H (metilos, metilenos y grupos aromaticos), comdnmente
asociados a lipidos; estiramientos del enlace O—H, indicativos de contenido de humedad
y compuestos hidroxilados; estiramientos del enlace N—H, propios de proteinas, aminas
y péptidos; estiramientos C=0, relacionados con aldehidos, cetonas y acidos carboxilicos
(Marin-Méndez et al., 2024; Workman, 2014).
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Figura 10. Tipos de vibraciones que se originan en el rango de infrarrojos

A partir de los antes mencionado, para obtener iméagenes espectrales (calibradas —
normalizadas) de un alimento, es necesario utilizar patrones de referencias de blanco y
negro para obtener una imagen corregida. La reflectancia corregida se calcula mediante

la siguiente Ecuacion 17:

R(D) = L,(A) = L) / 1o(D) = L,(2) 17)

Donde: I,,(4) es la intensidad de la luz incidente de un cuerpo negro.

1.3.2.5. Interaccidn entre técnicas foténicas

Cada técnica fotonica descrita aporta informacion desde una perspectiva diferente.
Un enfoque prometedor es la combinacion multimodal de estas técnicas para obtener un
panorama completo en la monitorizacion y el control de calidad de alimentos. En esta
investigacion se ha planteado justamente esquemas hibridos de sensado, en los que dos o

mas técnicas se emplean simultaneamente al mismo proceso.

A continuacion, se muestra la Tabla 2 con combinaciones multimodal de técnicas

fotonicas a la monitorizacion y el control de calidad de alimentos.
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Tabla 2. Combinacién multimodal de técnicas foténicas

Técnica foténica

Muestra - Proceso

de control

Resultado

Autor

Espectrofotometria de
radiofrecuencia y

microondas

Carne de pollo —
control post

mortem

Observaron que, a partir de las

propiedades dieléctricas en

By la
conductividad ionica pueden

dispersiones a,

predecir el tiempo post
mortem en carne de pollo, de

forma no destructiva.

(Traffano-Schiffo,
Castro-Giraldez,
etal., 2021)

Espectrofotometria de

Carne de pollo /

Obtuvieron un modelo fisico

matematico de clasificacion

(Traffano-Schiffo,
Castro-Giraldez,

radiofrecuencia y Clasificacion  de para carne de pollo basado en
_ o Colom, et al,
microondas carne andlisis fotonico en rangos de
) ) ) 2018a)
radiofrecuencia y microondas
Consideraron que ambas
Termografia infrarroja técnicas son herramienta no )
] y o (Cuibus et al.,
y Espectrofotometria Papa/ congelacion  destructiva importante para la 2014)

de microondas

monitorizacién del proceso de

congelacion de la papa.

Habiéndose realizado una busqueda profunda de bibliografia, principalmente en

bases de datos cientificos, se observa una escasa y limitada combinacién de las técnicas

que se abordan en la presente tesis doctoral, por tanto, urge la necesidad de investigar la

combinacion de dichas técnicas fotonica con aplicacion a los diferentes procesos

agroalimentarios.

1.4.

Modelizacion de datos espectrofotométricos

Dada la cantidad y la complejidad de los datos espectrofotométricos, y

considerando que en cada intervalo del espectro electromagnético se manifiestan
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fendmenos fisicos estrechamente relacionados con la técnica fotonica abordada en esta
tesis, se hace necesario un anlisis riguroso y especializado para su correcta
interpretacion. En esta seccion se abordaran los distintos enfoques de modelado que se
emplearon, abarcando desde modelos basados en primeros principios fisicos, como: la
termodinamica irreversible y de relajacion dieléctrica. Asimismo, el desarrollo de

algoritmos de machine learning aplicados a técnicas fotonicas - HSI.

1.4.1. Modelizacion termodinamica irreversible

Los alimentos, como sistemas bioldgicos altamente complejos, experimentan
cambios fisiologicos, fisicoquimicos y estructurales significativos durante diversos
procesos de conservacion (como el secado, la congelacién, entre otros) y/o
transformacion, los cuales estan estrechamente vinculados a fendmenos de transferencia
de masa y calor (Demirel & Gerbaud, 2019c, 2019a). En este contexto, la termodinamica
irreversible se presenta como una herramienta robusta para describir estos fendbmenos
mediante flujos acoplados (de calor, masa, impulso, etc.) y sus fuerzas impulsoras
(gradientes de temperatura, de potencial quimico, etc.), asegurando que la produccion de
entropia sea positiva conforme al Segundo Principio de la Termodinamica (Demirel &
Gerbaud, 2019c; Tomas Egea, 2022).

Asimismo, en las préximas secciones se describira el principio de la
termodinamica irreversible, el mismo que, integra conceptos de entropia, potenciales
quimicos y coeficientes fenomenolégicos de Onsager, pudiendo ser aplicado a procesos

agroalimentarios, como: la congelacion, el secado, entre otros.

1.4.1.1. Energia libre de Gibbs

La ecuacion de Gibbs constituye una relacion fundamental al integrar las dos
primeras leyes de la termodinamica. Cuando se utiliza en conjunto con las ecuaciones de
balance (materia y energia) que asumen equilibrio termodinamico local, permite estimar
la entropia del sistema (Ecuacion 18). Esto resulta clave para evaluar el grado de

disipacion energética que ocurre durante un proceso, asi como para caracterizar los
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fendomenos acoplados que puedan presentarse (Demirel & Gerbaud, 2019b; Demirel &
Sandler, 2001).

AG = —SAT + VAP + Z w; Ang (18)
i

Donde: S es la entropia; V es el volumen; u el potencial quimico; n la cantidad

de moles y el subindice i representa la especia quimica.

En sistemas complejos como los alimentos, que contienen varios componentes y
cuya composicion puede cambiar respecto al tiempo, asi como, la energia no solo depende
de variables como la presion o la temperatura, sino también de las diferentes especies
quimicas presente en el alimento. Por tanto, es necesario incorporar otras fuerzas
impulsoras que aportan energia libre al medio con el fin de ajustar y optimizar la ecuacion
de la energia libre de Gibbs (Castro Giraldez, 2010; Toméas Egea, 2022), obteniendo la

Ecuacion 19:

dG = —SdT + VdP + Fdl + yde + Z u; dn, (19)
i

Donde: SdT corresponde con el término entrdpico y esta relacionado con los
flujos de calor; VdP corresponde con el término de energias mecanicas relacionadas con
la variacion de presion; Fdl corresponde con el término de energias mecanicas
relacionadas con la fuerza de elongacion; yde corresponde con el término de energias
relacionadas con el campo eléctrico inducido por los iones disueltos; Y u; dn;
corresponde con el término de actividades y es el sumatorio del potencial quimico de la

especie “i1”, siendo constantes el resto de las variables de estado.

1.4.1.2. Potencial quimico

Asimismo, el potencial quimico (y; ) describe la relacion de energia libre asociada
a cada mol de un componente “i” dentro de un sistema. El u; puede calcularse en
condiciones de T y P contantes y cuando uno de los componentes diferentes de i no
interacttan con el resto de las especies quimicas. Por tanto, el y; se puede calcular a través
de la Ecuacion 20 (Castro-Giraldez et al., 2014; Tomas-Egea et al., 2021):
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G
Ui = (;)T,P,njii = RTLn(ai) (20)
l

Siendo R la constante de gases ideales (0,08205746 atm L/mol K) y a; la
actividad, definida como la relacion entre la fugacidad de la especie quimica estudiada (i)

y la fugacidad méxima.

Si integramos el termino de p; en la Ecuacion 18, se podréa cuantificar y estudiar
el efecto de las distintas fuerzas impulsoras del movimiento molecular (Ecuacion 21).
Para el caso de los alimentos, donde el mayor constituyente es la molécula del agua, se
podré calcular la fuerza impulsora del movimiento molecular, especificamente la del agua
(Tomas Egea, 2022; Traffano Schiffo, 2017).

AG — = 7 M
Apy =—-= —SAT +5dP + Rdl + g de + pipp,  + X4 rhne @D

n;

1.4.1.3. Ley fenomenoldgica de Onsager

En particular, cuando se aplican los principios de la termodindmica de no
equilibrio a sistemas que se encuentran en las proximidades del equilibrio termodinamico
global, dado la existencia de ruptura de simetria temporal de procesos irreversibles, las
ecuaciones de transporte y de evolucion temporal pueden representarse en forma lineal
(Talens et al., 2016a; Traffano-Schiffo et al., 2014). En este régimen, se cumple la validez
de las relaciones reciprocas formuladas por Onsager, relacionando para los sistemas
multicomponentes, donde el flujo de la especie quimica i (J;) se relaciona con todas las
fuerzas impulsoras al movimiento molecular (X;) (Onsager, 1931a, 1931b), mediante la

Ecuacién 22.

Ji= Zj Li;X; (22)

Donde: L;; representa una constante cinética conocida como coeficiente

fenomenoldgico, el cual establece la relacion entre el entorno y la especie quimica en

cuanto a su capacidad para desplazarse a través de dicho medio.
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Desde la perspectiva de la termodindmica irreversible no lineal, la primera
relacion formulada por Onsager describe el flujo de una especie quimica i, vinculandolo
con el coeficiente fenomenoldgico correspondiente y con el potencial quimico de esa
especie dentro de un entorno especifico. Esta relacion se expresa mediante la siguiente

Ecuacién 23:

Ji = LiAy; (23)

1.4.2. Modelizacion de relajaciones dieléctricas

Para observar el efecto de algun proceso unitario en los alimentos, asi como, en
sus propiedades dieléctricas, es necesario obtener las relajaciones de oy 3 en el rango de
radiofrecuencia. Para ello, se utiliza las Ecuacion 24 propuesta por Traffano — Schiffo
(Traffano-Schiffo, Castro-Giraldez, Colom, et al., 2018b) para determinar los pardmetros
de relajacion a y .

Aloge', 24)

2
loge'(w) = loge€'o, + Z 1+ g(logw?-logt})+an
n=1

Donde n esta dado por las dispersiones de a y B, log €’ representa el logaritmo de
la constante dieléctrica, loge’,, es el logaritmo de la constante dieléctrica a altas
frecuencias, log w es el logaritmo de la velocidad angular (w = 2 *  * frecuencia),
Aloge’, es laamplitud de la dispersion n, logt,, es el logaritmo de la velocidad angular

en el tiempo de relajacién para cada n, a,, es la pendiente de la dispersion.

Asimismo, a partir de los pardmetros obtenidos de la Ecuacion 25 se puede
calcular la constante dieléctrica y la frecuencia de relajacion para cada una de las
dispersiones en el rango de radiofrecuencia (Ecuacion 26, 27 y 28) (Traffano-Schiffo,
Castro-Giraldez, Colom, et al., 2018b).

62( _ 1O(log(—:’(,<,+A10g<—:’[;+A10%) (26)
Al !
e;)’ _ 10(loge'oo+ oge By 27)
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logwy;

f, = 107 (28)

Siendo i el correspondiente a cada dispersion (ay B)

1.4.3. Modelizacion quimiométrica

La quimiometria es una disciplina que combina herramientas matematicas y
estadisticas para el anélisis multivariante de datos cuantitativos y cualitativos (Fodor et
al., 2024). En los ultimos afos, la quimiometria se ha integrado con diversas técnicas
espectroscopicas (RF, MW, HSI, NIR, entre otras) para la monitorizacion y control de
calidad de alimentos. Esto se logra mediante la reduccion de la dimensionalidad de los
datos, la retencidn de informacion espectral esencial y la clasificacion y/o cuantificacion
de patrones (Amigo et al., 2013; Huang et al., 2014a; Martinez-Domingo et al., 2024; Zhu
et al., 2020).

Dentro de los analisis multivariados mas empleados en el ambito del
procesamiento y control de calidad de alimentos, se destacan los modelos de regresion
predictiva, tanto lineales como no lineales. Entre estos se incluyen la regresion lineal
maltiple (MLR, siglas en ingles), la regresion por minimos cuadrados parciales (PLSR,
siglas en ingles), las redes neuronales artificiales (ANN, siglas en ingles) y las maquinas
de vectores de soporte (SVM), entre otros. Asimismo, se utilizan ampliamente modelos
de clasificacion lineal y no lineal, tales como Analisis Discriminante de Minimos
Cuadrados Parciales (PLS-DA, siglas en inglés), SVM, ANN, entre otros (J. H. Cheng et
al., 2017; Dale et al., 2013; Saha & Manickavasagan, 2021). Diversos estudios recientes
han demostrado la eficacia del modelo PLSR en aplicaciones como la deteccién de
adulteracion de leche (Chuquizuta et al., 2022), la prediccion de la calidad interna de
frutas (Blas Saavedra et al., 2024; W. Guo et al., 2015; Liu & Guo, 2017; Reyes et al.,
2017), carne de pollo (Shen et al., 2025) y aceite (Yuan et al., 2024)

No obstante, a pesar de que los estudios sobre redes neuronales recurrentes (RNN,

siglas en inglés) aplicadas a alimentos ain son limitados, el interés y la cantidad de
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investigaciones en esta area han experimentado un crecimiento exponencial en los
ultimos afios. Por tanto, dada la relevancia y el potencial de los modelos PLSR y las ANN
(incluidas sus variantes), en este trabajo se plantea la utilizacion de dichos modelos en el
desarrollo de nuevas herramientas de prediccion, de sistemas de monitorizacion y control

de alimentos.

Las implementaciones de modelos requieren de pretramiento de los datos para ser
utilizados, con el fin de disminuir ruido, reducir dimensionalidad, efecto del tamarfio de
particula, entre otros. A continuacion, se muestran detalles del preprocesamiento de las

sefiales y la posterior modelizacion.

1.4.3.1. Preprocesamiento de sefial

En las diferentes técnicas espectrofotonicas se viene empleando técnicas de pre
procesamiento de sefial, siendo estas: la normalizacion estandar variante (SNV, siglas en
ingles) y la correccidn por dispersion multiplicativa (MSC, siglas en inglés) las que
corrigen efectos de dispersion y escalado en espectros hiperespectrales (Witteveen et al.,
2022). También se emplean derivadas espectrales (primera, segunda), en especial el filtro
Savitzky—Golay (SG, siglas en inglés), la misma que, suaviza y deriva la sefial ajustando
localmente un polinomio de grado k a una ventana mévil de 2m+1 puntos (Taghinezhad
et al., 2025; Tirado-Kulieva et al., 2024b; Witteveen et al., 2022). A continuacion, se
describe la Ecuacion 29 de Savitzky—Golay:

m
o 21=-mCiYj4i

yp = S i 29)

Donde: Y es el perfil original, y° el perfil suavizado, C es el coeficiente del i-ésimo

término del perfil y N es el nimero de etapas.

1.4.3.2. Modelo de regresién de minimos cuadrados parciales

Los valores de intensidad de una técnica espectrofotométrica, dentro de un rango
de longitudes de onda o frecuencia, es primordial poder construir una matriz de datos (X,
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Y, Z), ordenando el valor de intensidad con su propiedad fisica o quimica como

referencia.

El PLSR transforma las variables predictoras (X) en variables de respuesta (Y),
asimismo, se descompone X e Y para proyectarlas en nuevas direcciones y describir el
cambio de las variables en conjunto con la mayor precision posible (Tirado-Kulieva et
al., 2024; N. Vasquez et al., 2018). A continuacion, se realiza una regresion con las X e

Y descompuestas, cuyo modelo se muestra en la Ecuacion 30:

Y=p8X+e (30)

Donde: Y representa los valores fisicos o quimicos de un alimento, X es la matriz
de datos de intensidad de una de las técnicas espectrofotométricas (n — observaciones x

m — frecuencia o longitud de onda) y § es la matriz de coeficientes.

1.4.3.3. Redes neuronales

Una red neuronal es un modelo matematico — estadistico inspirado en la estructura
del cerebro humano, es decir una neurona, compuesto por capas de nodos interconectados
que procesan informacion. Las redes neuronales son capaces de aprender patrones
complejos a partir de datos mediante un proceso de entrenamiento. Su versatilidad las
hace Utiles en tareas como clasificacion, regresion y reconocimiento de patrones. En el
ambito cientifico, se han consolidado como herramientas clave para el modelado no lineal

y la prediccion en sistemas complejos (Vasquez et al., 2018a).

1.4.3.3.1. Memoria de corto plazo

Las redes recurrentes de memoria de corto plazo (Long Short-Term Memory -
LSTM), una extension de las redes neuronales recurrentes, han demostrado alta eficacia
en el modelado de datos secuenciales como los espectros hiperespectrales, debido a su
capacidad para conservar informacion relevante a largo plazo. Cada unidad LSTM
contiene puertas de entrada, olvido y salida, reguladas mediante funciones sigmoide y
tanh, que controlan el flujo de informacidn y actualizan el estado de la celda c; (Kang et

al., 2021). Las Ecuaciones 30, 31, 32 y 33 fundamentales son:
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fe = o(Wpx, + Ughy_y + by) (31)
ce = fr © ce—q + iy © tanh(Wexy + Uche—q + be) (32)
h; = o, © tanh(c,) (33)

Donde: ® denota la multiplicacién punto a punto.

1.4.3.3.2. Redes Neuronales de Base Radial

Las Redes Neuronales de Base Radial (RBNN, siglas en inglés) son modelos de
una sola capa oculta que utilizan funciones de activacion radiales (Castro, Saavedra, et

al., 2024), comunmente gaussianas, definidas como la Ecuacion 34:

2
[ =l

20j2 ) (34)

0j(x) = exp(~

Donde: wu; es el centro del nodo y o; su ancho. La salida de la red es una

combinacion lineal de estas funciones, véase la Ecuacion 35:

y = ij,-c) () (35)

Las RBNN tienen alta capacidad de aproximacion de funciones no lineales, lo que
las hace efectivas para modelar relaciones complejas entre espectros y atributos

quimicos.

1.5.  Futuro de la sensorica en la industria agroalimentaria

En las dltimas décadas, la evolucion de la sensorica en la industria de
agroalimentaria esta marcada por tendencias hacia sistemas mas inteligentes, integrados
y predictivos. Ante lo descrito, es posible vislumbrar varias direcciones en que avanzara

la sensorica:
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Integracion multi-sensorial y Gemelos Digitales: Como se describe en esta tesis,
la combinacion de multiples técnicas espectrofotonicas (RF, microondas, IR, HSI)
proporciona una vision integral del producto agroalimentario. En el futuro, se
desarrollaran equipos hibridos capaces de medir simultdneamente diversas
propiedades fisicas y/o quimicas (por ejemplo, tdneles de procesamiento con
camaras hiperespectrales y sensores de microondas incorporados). Estos datos
alimentaran en tiempo real bases de datos del proceso: réplicas virtuales que
simulan de manera continua lo que ocurre dentro del alimento, facilitando la toma
de decisiones. Asimismo, dichas bases de datos permitiran optimizar las
condiciones de operacion en tiempo real, predecir la calidad final antes de
culminar el proceso y responder ante perturbaciones (por ejemplo, ajustar la
potencia de secado si se detecta un retraso en la pérdida de agua), con el fin de
realizar acciones preventivas o correctivas. Para lograrlo, sera crucial el desarrollo
de modelos hibridos altamente fidedignos y rapidos, mediante el uso de técnicas
de reduced order modeling o surrogate models. Esto permitir la implementacion
de plataformas de control predictivo, donde las decisiones se basen en

simulaciones anticipadas en lugar de reacciones tardias.

Sensores portatiles e 0T alimentario: La miniaturizacion de tecnologias fotonicas
estd dando lugar a sensores portables de campo: mini camaras hiperespectrales,
espectrometros NIR de mano, sensores de radiofrecuencias y microondas
integrados en dispositivos de monitorizacion y control de calidad. En el futuro,
podriamos tener lineas de produccion equipadas con redes de sensores
inaldambricos (Internet of Things) que monitoricen en distintos puntos con
distintos métodos, enviando datos a la nube para anélisis en conjunto. Por ejemplo,
un sensor RFID especial con antena microondas podrian colocarse en productos
para medir propiedades fisicoquimicas durante distribucion (etiquetado
inteligente por resonancia). La informacién colectada alimentara sistemas de Big
Data que, con algoritmos de machine learning, detecten patrones globales
(predecir y/o clasificar propiedades fisicoquimicas de agro productos).
Finalmente, la inteligencia artificial acoplada a técnicas fotonicas permitira
mejorar el procesamiento de los datos y extraer alertas Gtiles para la toma de

medidas preventivas y/o correctivas a la monitorizacion y el control de calidad.
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II. Objetivos y plan de trabajo
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2.1.

2.1.1.

2.1.2.

Obijetivos
Obijetivo general

Desarrollar sistemas espectrofotométricos y modelizacion hibrida para la

monitorizacion y el control de calidad de alimentos

Obijetivos especificos

Predecir los s6lidos solubles, acidez y pH de aguaymanto (Physalis peruviana L)

mediante propiedades dieléctricas en el rango de microondas

Desarrollar de un sistema de monitorizacion y modelizacion termodindmica para
el proceso de secado convectivo de aguaymanto (Physalis peruviana L) mediante

termografia de infrarrojos

Desarrollar de un sistema de monitorizacion del proceso de congelacion de
aguaymanto (Physalis peruviana L) mediante espectrofotometria y termografia de

infrarrojos

Identificar ruptura de cadena de frio de filetes de caballa (Scomber japonicus
peruanus) mediante imagenes hiperespectrales acoplada a redes neuronales

Predecir parametros fisicoquimicos de carne de cerdo postmortem mediante

espectroscopia dieléctrica (microondas) acoplada a machine learning

Determinar la cinética de hidratacion de frejoles pinto (Phaseolus vulgaris)

mediante imagenes hiperespectrales

Determinar el efecto de la bioestimulacion magnética en las caracteristicas fisicas

y compuestos bioactivos de maiz morado INIA 601
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2.2.  Plan de trabajo

A continuacion, se detalla el plan de tesis doctoral, organizado por cada objetivo
especifico:

e Predecir los sélidos solubles, acidez y pH de aguaymanto (Physalis peruviana L)

mediante propiedades dieléctricas en el rango de microondas

En la Figura 11, se observa la propuesta del desarrollo experimental para la

prediccion de propiedades fisicoquimicas de aguaymanto fresco.

Recoleccion de la
Muestra

Seleccién y Estadio de Madurez 3,
Clasificacion 4,5y 6 (NTC 4380)
Acondicionamiento [——— Lavado

1
' :

Obtencion delas Determinacion de las
Propiedades Diel éctricas Propiedades Fisicoquimicas

Espectros J'_|)1elec1:uc05 Param etros Fisicoquimicos
|

Desa.rrc-‘io delos
Modelos

Modelos de calibracion
a Frecuencias Puntuales
915, 2450 v 5800 MH:z

}

Vali dacion del modelos
a Frecuencias Puntuales

915, 2450 y 5800 MHz

Figura 11. Propuesta del disefio experimental — calidad de aguaymanto

Se utilizaron 450 unidades de frutos de aguaymanto para la determinacion de
propiedades dieléctricas y fisicoquimicas, distribuidas en 150 unidades por cada estadio
de madurez (4, 5y 6), segun la NTC 4580. Se obtuvieron las propiedades dieléctricas

(constante dieléctrica, €’) en el rango de 0.5 a 9.0 GHz, mediante una sonda coaxial de
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terminacion abierta (N1501A-001), conectada a un analizador de redes vectorial (modelo
N9915A, Keysight Technologies). Una vez obtenidas las propiedades dieléctricas, se
determinaron las siguientes propiedades fisicoquimicas: Sélidos solubles (°Brix): se
colocé de dos a tres gotas de zumo sobre el lente del refractometro (Hanna HI96800).
Acidez titulable: se utilizé el método AOAC 22.008 (1984). pH: conforme al método
AOAC 981.12 (AOAC, 1998), se un pH —metro (Orion Versastar Pro, Thermo Scientific)

para medir el pH del zumo de aguaymanto.

e Desarrollo de un sistema de monitorizacion y modelizacién termodindmica para
el proceso de secado convectivo de aguaymanto (Physalis peruviana L) mediante

termografia de infrarrojos

En la Figura 12, se observa la propuesta del desarrollo experimental para la

monitorizacién de secado de aguaymanto fresco.
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Figura 12. Propuesta del disefio experimental — secado de aguaymanto
Nota. Adaptado de Chuquizuta et al. (2025).
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Se colocaron dos unidades de frutos de aguaymanto en un secador convectivo, y
uno de los frutos fue suspendido de una balanza de precision mediante un hilo de nylon
para controlar la masa durante 13 horas de secado. La masa de la muestra se registré cada
cinco minutos durante la primera hora, cada diez minutos entre la primera y la segunda
hora, y cada 15 minutos durante el resto del periodo de secado. El segundo fruto de

aguaymanto se coloco a la derecha del fruto suspendido.

El secador convectivo oper6 a una temperatura de secado de 60 °C y una velocidad
del aire de secado de 1,0 m/s. Durante el proceso de secado, la temperatura de la muestra,
el aire de secado y el material de referencia (emisividad) fueron registradas con
termopares (conectados a un multiplexor Agilent 34901A, Malasia). La deshidratacion se

realizé por triplicado.

e Desarrollo de un sistema de monitorizacién del proceso de congelacion de
aguaymanto (Physalis peruviana L) mediante espectrofotometria y termografia de

infrarrojos

En la Figura 13, se observa la propuesta del desarrollo experimental para la

monitorizacién de congelacion de aguaymanto fresco.
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Figura 13. Propuesta del disefio experimental — congelacion de aguaymanto
Nota. Adaptado de Chuquizuta et al. (2025).

Se utilizaron tres frutos de aguaymanto por cada experimental. EI primer fruto se
ubicé a la derecha, destinado a la monitorizacion de temperatura (superficial y central)
mediante dos termopares tipo K, con registros cada 5 segundos. El registro de la
temperatura se realizd con un sistema de adquisicion de datos Agilent 34972A (Agilent
Technologies, Malasia), adicionalmente, se monitoreé la temperatura superficial del
material de referencia de emisividad certificada de 25 mm de didmetro (g = 0.95) (Optris
GmbH, Berlin, Alemania) y la temperatura del aire dentro del congelador. El segundo
fruto se colocd en el centro, para la medicion de la temperatura superficial mediante una
camara termogréafica (Optris PI® 160, Optris GmbH, Berlin, Alemania) a una distancia
de 30 cm, con registros cada 0.5 segundos. El tercer fruto se ubico a la izquierda,
destinado a la monitorizacion de las propiedades dieléctricas mediante un sensor de dos
agujas insertado en el centro de la muestra, conectado a un analizador de impedancia
Agilent 4294A (Agilent Technologies, Santa Clara, CA, EE. UU.)
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e Identificar la ruptura de la cadena de frio de filetes de caballa (Scomber japonicus

peruanus) mediante imagenes hiperespectrales acoplada a redes neuronales

En la Figura 14, se observa la propuesta del desarrollo experimental para

identificar la ruptura de la cadena de frio de filetes de pescado.
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Figura 14. Propuesta del disefio experimental — ruptura de cadena de frio
Nota. Adaptado de Castro et al. (2023).

Se estudio los efectos de la rotura de la cadena de frio sobre filetes de caballa
mediante ciclos de congelacion-descongelacion (primero y segundo ciclo). Los filetes
fueron colocados en un congelador a -15 °C (Pol-Eko-Aparatura, ZLN 85, Polonia)
durante 24 h para asegurar su congelacion. Posteriormente, las muestras se colocaron en
un refrigerador (Daewoo, FR-146RN, China) para su descongelacion gradual. Una vez

completado el proceso de descongelacidn, se obtuvieron las imagenes hiperespectrales en
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el rango de 400 a 1000 nm, mediante una camara Specim FX-10 (Finlandia). Este

procedimiento se repitio para el segundo ciclo de congelacion-descongelacion.

e Predecir parametros fisicoquimicos de carne de cerdo postmortem mediante

espectroscopia dieléctrica (microondas) acoplada a machine learning

En la Figura 15, se observa la propuesta del desarrollo experimental para la

prediccion de propiedades fisicoquimicas de la carne de cerdo.
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Figura 15. Propuesta del disefio experimental — calidad de carne de cerdo.
Nota. Adaptado de Chuquizuta et al. (2025).

Se utilizaron masculos Longissimus dorsi de 54 cerdos machos y 26 hembras, con
un peso promedio de 85 kg y una edad comprendida entre 5 y 12 meses. Las propiedades
dieléctricas se obtuvieron en el rango de 0.5 a 9 GHz, utilizando una sonda coaxial de
terminacion abierta (N1501A-001), conectada a un analizador de redes vectorial
(KEYSIGHT N9915A). Asimismo, se determind las siguientes propiedades de calidad:

43 |Pagina



pH: Se utiliz6 10 g de muestra mezclados con 90 mL de agua destilada. La mezcla fue
triturada, y el pH se medi6 con un pH-metro (Thermo Scientific, VSTARS50). Color
(L*a*b*): Se medio el color con un colorimetro manual (3nh NR200), empleando un
iluminante D65 y un angulo de observacion de 10°. Contenido de humedad: Se utiliz6 5
g de muestra, los cuales se analizaron en una balanza de humedad (AE ADAM PMB 202)
a 140 °C durante 30 minutos. Pérdida por goteo: Se utilizé 100 g de muestra, y fueron
colocadas en una bolsa hermética sin contacto con las paredes. Las muestras se
almacenaron durante 72 horas en refrigeracion a 4 °C. Al finalizar, se registré la masa

para el célculo de la pérdida.

e Determinar la cinética de hidratacion de frejoles pinto (Phaseolus vulgaris)

mediante imagenes hiperespectrales

En la Figura 16, se observa la propuesta del desarrollo experimental para el

modela de la cinética de hidratacion mediante imagenes hiperespectrales.
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Figura 16. Propuesta del disefio experimental — modelizacién de cinética de
hidratacion.
Nota. Adaptado de Chuquizuta et al. (2024).

Se utiliz6 15 g de frejoles pinto para el proceso de hidratacion. Las muestras se
colocaron en un matraz Erlenmeyer de 500 mL con agua destilada a 20 °C. Durante las
dos primeras horas, se registraron la masa y se obtuvieron las imagenes hiperespectrales
cada 15 minutos (rango de 400 a 800 nm, utilizando una camara Pika XC; Resonon Inc.,
Montana, USA). Posteriormente, la masa y las imagenes hiperespectrales fueron

obtenidas cada 30 min hasta alcanzar el equilibrio de hidratacién.

e Determinar el efecto de la bioestimulacién magnética en las caracteristicas fisicas

y compuestos bioactivos de maiz morado INIA 601

En la Figura 17, se observa la propuesta del desarrollo experimental para la

evaluacion de caracteristicas fisicas y compuestos bioactivos de maiz morado INIA 601.
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Figura 17. Propuesta del disefio experimental — compuestos bioactivos de maiz

morado

Las semillas de maiz morado INIA 601 fueron bioestimuladas con campos
magnéticos estaticos (50 mT) y pulsados (8 mT - 30 Hz), ambos tratamientos por un
periodo de 30 min. Seguidamente, fueron sembradas en campos experimentales. Se
registraron las caracteristicas de desarrollo fisiolégico del maiz (dias de floracion
masculina y femenina, altura de la planta, numero de mazorcas por planta, longitud de la
mazorca, rendimiento). Finalizado la cosecha, se seleccionaron las mazorcas sin dafios
mecanicos y biologicos, seguidamente fueron deshidratas y almacenadas en bolsas de
polipropileno hasta sus analisis fisicoquimicos respectivo (fenoles totales, antocianinas y

capacidad antioxidante) de la bractea, la coronta y los granos.
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III. Materiales y métodos
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3.1. Muestra biologica

A continuacion, se detallan las muestras bioldgicas que se han utilizado para el

cumplimiento de la presente tesis doctoral.

3.1.1. Aguaymanto (Physalis peruviana L)

Los frutos de aguaymanto (Physalis peruviana L.) se obtuvieron de los sembrios
pertenecientes al fundo “Capuli el Valle” ubicado en el C.P. San Juan de Lacamaca,
provincia de Bambamarca, Region Cajamarca — Peri [UTM: -6.641845, -78.520417]. Se
utilizé 450 unidades de frutos de aguaymanto para la determinacion de las propiedades
dieléctricas y fisicoquimicas, 150 unidades por cada estadio de madurez (4, 5y 6) segun
la NTC 4580 (Figura 18). Los frutos de aguaymanto tuvieron las siguientes
caracteristicas de homogeneidad en peso, color y tamafio, sin presencia de magulladuras

0 dafios mecanicos.

P90 14U

w ‘ - - - O ‘

Figura 18. Estados de madurez fisiolégica de aguaymanto segun NTC 4580.
Nota. Adaptado de NTC 4580 (1999).

Para los experimentales de secado y congelacion de frutos de aguaymanto, las
muestras en madurez comercial (4), procedentes de Ecuador, se obtuvieron a traveés de la
empresa importadora Ammarket (Orihuela, Alicante - Espafia). Los frutos de aguaymanto
Ilegaron en cajas refrigeradas (100 g / caja) con tamafio (didmetro) y masa uniforme,
3,8+0,21 cm y 3,9+0,4 g, respectivamente, manteniéndose en refrigeracion a 6 °C hasta

su posterior analisis y ejecucion del experimento.
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3.1.2. Carne de cerdo (Longissimus dorsi)

Se seleccionaron 80 musculos “Longissimus dorsi” de 54 cerdos criollos machos
y 26 hembras, con un peso promedio de 85 kg y un rango de edad de 5 a 12 meses (Figura
19). Una vez obtenidas las muestras, fueron colocadas en una caja isotérmica con bloques
de hielo y trasladadas al laboratorio del Instituto de Investigacion del Mejoramiento

Productivo de la Universidad Nacional Autonoma del Chota para su posterior analisis.

oy RN CLle

Figura 19. Mdsculo de Longissimus dorsi.

3.1.3. Caballa (Scomber japonicus peruanus)

Se obtuvieron 48 filetes frescos sin deshuesar de caballa (Scomber japonicus
peruanus) (Figura 20). Estos filetes se lavaron con agua (200 ppm de cloro residual) y se

almacenaron a 4 °C hasta los analisis respectivos.

2 ==

Caballa fresca Filetes de Caballa fresca

Figura 20. Filetes enteros de caballa fresca.
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3.1.4. Frejol pinto (Phaseolus vulgaris)

Se adquirieron 3 kg de frejol comdn (Phaseolus vulgaris) de la variedad Pinto
(Figura 21) en el mercado local de Chachapoyas, Amazonas, Perd. Primero, se
seleccionaron los frejoles segin su homogeneidad en tamafio, color y peso, descartando
aquellos con dafios mecanicos y bioldgicos. Posteriormente, las muestras se almacenaron
en un recipiente hermético de plastico y seco a 15 °C, por un periodo de dos semanas para

homogeneizar la humedad de los frejoles, hasta su evaluacion.

Figura 21. Frejoles pinto secos.
Nota. Adaptado de “Frejoles pintos” por Amazon, s.f. (https://I1nk.dev/imHH87)

3.1.5. Maiz morado (Zea mays L. var. INIA 601)

En el experimento se utilizaron 3 kg de semillas de maiz morado (Zea mays L.
var. INIA 601) (Figura 22), proporcionadas por la Estacion Experimental “Bafios del
Inca” del Instituto Nacional de Innovacion Agraria (INIA), ubicada en la cuidad de

Cajamarca, Peru.

Figura 22. Mazorca de maiz morado INIA 601.
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3.2. Métodos y técnicas en el andlisis de alimentos
3.2.1. Prediccion de parametros fisicoquimicos de aguaymanto

e Sistemas de extraccion de propiedades dieléctricas

Para medir las propiedades dieléctricas (constante dieléctrica - €”) en un rango de
0.5 a 9.0 GHz, se utilizé una sonda coaxial de terminacion abierta (N1501A-001),
conectada a un analizador de redes vectorial (modelo N 9915A, Keysight Technologies),
y controlada de manera remota mediante una Laptop (Lenovo HP CORE i7). Previo a la
obtencion de las propiedades dieléctricas, el equipo se dejé encendido por al menos 30
min con la finalidad de brindar estabilidad a los circuitos electrénicos del equipo.
Seguidamente, se procedio con la calibracion del equipo — sonda coaxial en aire, corto
circuito y medio dieléctrico (agua destilada) sugerido por Chuquizuta et al. (2021) y
Reyes et al. (2017, 2018). Para la extraccion de las propiedades dieléctricas de los frutos
de aguaymanto, estos se posicionaron en la parte inferior de la sonda coaxial para hacer
contacto con la superficie del fruto, sin ejercer presion de penetracion por parte de la
sonda, y obteniendo las medidas por triplicado. Finalmente, se seleccionaron las
constantes dieléctricas segin los estadios de madurez de los frutos de aguaymanto a
frecuencias puntuales de 0.915, 2.450 y 5.800 GHz.

e Caracterizacion quimica de frutos de aguaymanto

Posterior a la extraccion de las propiedades dieléctricas de los frutos de
aguaymanto, se obtuvieron las muestras de zumo de los frutos mediante el uso de un
extractor de zumo (FPSTJU407W, Oster). Se determin6 de los sélidos solubles (°Brix)
del zumo de aguaymanto de acuerdo con el método AOAC 932. 12 (AOAC 1980),
colocando de 3 a 5 gotas sobre el lente del refractometro (Hanna HI96800) y posterior
lectura; la acidez titulable se determiné a través del método AOAC (22.008.1984),
mediante la valoracion con solucién de NaOH (0,1 N) y expresada como porcentaje de
acido citrico; el pH se midi6 de acuerdo a AOAC 981. 12 (AOAC 1998) utilizando un
pH-metro (Orion Versastar pro - Thermo Scientific), previamente calibrado con tampones

de 4, 7 y 10, mediante la inmersién directa del electrodo en el zumo.
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3.2.2. Monitorizacion no invasiva de secado de aguaymanto

Se utilizé el siguiente esquema para la monitorizacion del secado convectivo del

aguaymanto (Figura 23).
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Figure 23. Sistema de monitorizacion de secado de aguaymanto.
Nota. Adaptado de Chuquizuta et al. (2025).

e Monitorizacion de la masa

Se registré la masa del fruto de aguaymanto, dentro de un secador convectivo,
suspendido de una balanza de precision (Mettler Toledo PG503-S, Spain) mediante un
hilo de nylon para controlar la masa durante 13 h de secado. La masa de la muestra se
registré cada cinco minutos durante la primera hora, cada diez minutos entre la primera y

la segunda hora, y cada 15 min durante el resto del periodo de secado.

e Obtencion de imagenes térmicas

Segun Tomas-Egea et al. (2022) y Traffano-Schiffo et al. (2014), para obtener
imagenes termicas, la camara téermica operé bajo las siguientes condiciones: plano focal
bidimensional (matriz) de 160 x 120 pixeles, rango espectral de 7,5 - 13,0 um, resolucién

de 0,05 °C y precision de + 2%. La cAmara térmica mide en un rango de temperatura de -
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20 a 900 °C, con un campo de vision (FOV) de 23° x 17° a una distancia minima de 20
mm Yy una frecuencia de imagen de 120 Hz, conectada a un computador de sobremesa
para registrar imagenes térmicas durante todo el proceso de secado utilizando el software
Optris Pl Connect (Optris GmbH, Berlin, Alemania). Del mismo modo, se coloco
paralelamente un material emisivo de referencia (radio = 12,5 mm y € = 0,95) al lente de
la cdmara termogréfica a una distancia de 30 cm, con el fin de calcular la energia reflejada

por la muestra y detectada por la camara termografica.

e |soterma de sorcién

Paralelamente al proceso de secado y bajo las mismas condiciones de operacion,
se utilizd un secador por conveccion para deshidratar 24 aguaymantos frescos sin piel.
Las masas de las muestras fueron determinadas previamente utilizando una balanza de
precision (Mettler Toledo AB304-S), luego las muestras fueron colocadas en cada placa
de Petri y ordenadas en tres filas y ocho columnas. Cada columna corresponde a un
tiempo de secado y a una curva isotérmica diferente, a partir de la cual, se sacaron las
muestras del secador y se dejaron estabilizar durante 30 min para registrar su masa y
actividad de agua (Aqualab®, Serie 3 TE). A continuacidn, las muestras se mantuvieron
a 4 °C durante 24 hy, tras el proceso de equilibrado, se midi6 la masa, la actividad del

agua y la humedad de las muestras equilibradas (Traffano-Schiffo et al., 2015).

3.2.3. Monitorizacion no invasiva de congelacion de aguaymanto

Se utilizo el siguiente esquema para la monitorizacion de la congelacion del

aguaymanto (Figura 24).

55| Pagina



Figure 24. Sistema de monitorizacién de congelacion de aguaymanto: a)
adquisicion de datos térmicos; b) proceso de congelacion; ¢) adquisicion de datos

dieléctricos; d) porta muestra y €) entorno real.
Nota. Adaptado de Chuquizuta et al. (2025).

e Monitorizacion de la temperatura

Se registro la temperatura (tanto de la superficie como del ndcleo) del fruto de
aguaymanto mediante dos termopares de tipo K, los datos fueron registrados cada 5 s.
Las sefiales digitales obtenidas por los termopares fueron convertidos a temperatura (°C)
mediante el sistema de adquisicién de datos Agilent 34972A (Agilent Technologies,

Malasia).

e Obtencién de imagenes térmicas

El segundo fruto se colocé en posicion central para medir la temperatura de la
superficie. Para ello se utilizé una camara termogréafica (Optris PI® 160, Optris GmbH,
Berlin, Alemania) situada a una distancia de 30 cm, y se realizaron grabaciones con un
intervalo de 0.5 segundos. La cdmara se conectd directamente a un ordenador portatil
(PCG - 2L5M, Sony WAIO, EE.UU.) con el fin de grabar los fotogramas (video) de la
fruta y del material de referencia de emisividad durante el proceso de congelacion en

linea.
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e Calorimetria diferencial de barrido

Se utilizé la metodologia propuesta por Vega-Gaélvez et al. (2014), con ligeras
modificaciones, para determinar la temperatura de transicion vitrea (Tg) y la capacidad
calorifica (cp) de muestras frescas de aguaymanto. Los perfiles térmicos de las muestras
se obtuvieron utilizando un calorimetro diferencial de barrido (DSC, system 1 StarE,
Mettler-Toledo, Suiza). Se calibré el equipo utilizando la funcion de calibracion
automatica FlexCal, segun lo recomendado por el fabricante. Cada muestra (de 10 a 15
mg) se peso directamente en una bandeja de aluminio de 40 puL. del DSC (Mettler Toledo,
ME-00026763) utilizando una balanza XS-205 de Mettler Toledo, sin tener en cuenta la
masa de la bandeja. Posteriormente, la bandeja se cerrd6 herméticamente para evitar
cualquier pérdida de humedad durante el analisis. Las bandejas de muestras, junto con
una bandeja vacia que sirvié de control, se introdujeron en el horno DSC. Todos los
experimentos se realizaron por triplicado utilizando el siguiente perfil térmico: las
muestras se enfriaron desde la temperatura ambiente hasta -50°C a una velocidad de -
5°C/min, y se mantuvieron durante 30 min para garantizar la congelacion completa de la
muestra. A continuacion, las muestras se sometieron a un protocolo de calentamiento que
abarcaba un intervalo de temperatura de -50°C a 80°C a una velocidad de calentamiento
constante de 10°C/min. Se aplicéd un periodo de mantenimiento de un minuto para
garantizar la estabilidad de la temperatura antes de pasar a la siguiente fase del

experimento.

e Propiedades dieléctricas

Las propiedades dieléctricas del aguaymanto se obtuvieron mediante un sensor
dieléctrico de tipo aguja, tomando como referencia el trabajo realizado por Tomas-Egea
et al. (2022). El sensor dieléctrico estd compuesto por dos agujas de acero, cuyas
dimensiones son las siguientes: Las dimensiones de la perforacion se registran como 1
mm de diametro, 2 mm de altura y 1,5 mm de separacion entre ellas. La perforacion
penetra en la parte inferior del fruto (perpendicular a la linea ecuatorial) hasta llegar al
centro (véase la Figura 24). El sensor dieléctrico se conectd a un analizador de impedancia
4294A (Agilent Technologies, Santa Clara, CA, EE.UU.), y controlado mediante un
computador de mesa (ThinkCentre Tipo 7099 - 7099B8G, Lenovo, China), lo que

permitio realizar el seguimiento en linea.
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Antes de la calibracion del analizador de impedancia, se estabilizé el equipo con
un minimo de una hora para eliminar posibles cargas estaticas o corrientes parésitas
(Chuquizuta et al., 2022; W. Guo et al., 2015; Liu & Guo, 2017). La calibracion se realizd
de acuerdo con la siguiente metodologia: medida en abierto (al aire) y en cortocircuito
(mediante un conductor) descrita por Tomas-Egea et al. (2022). Se midieron los valores
del espectro de impedancia compleja (resistencia - R y reactancia - X) en el rango de

frecuencias (40 Hz a 1 MHz), obteniéndose 401 puntos de datos.

3.2.4. ldentificacion de cadena de frio de filetes de caballa

e Ciclo de congelacion-descongelacion

Las muestras fueron tratadas mediante ciclos de congelacién-descongelacién
subsiguientes (C-D). Inicialmente, los filetes fueron colocados en un congelador (Marca:
Pol-Eko-Aparatura, modelo: ZLN 85, origen: Polonia), programado a -25°, controlando
la temperatura de los filetes hasta alcanzar -15°. Posteriormente, las muestras fueron
colocadas en un refrigerador (Marca: Daewoo, modelo: FR-146RN, origen: China) a 6°,
para permitir un proceso de descongelacion gradual. Cuando las muestras alcanzaron los
5°, se tomaron iméagenes hiperespectrales, completando asi el primer ciclo de
congelacion-descongelacién (C-D-I); Este proceso se repiti6 para los filetes,

constituyendo el segundo ciclo (C-D-11).

e Adquisicion de imagenes hiperespectrales

Se utilizd6 una camara espectral (Specim FX-10, Finlandia), cuyo rango de
extraccion de informacion espectral fue de 400 a 1000 nm, una plataforma de muestra,
una torre y una fuente de iluminacion, todo controlado por el software Lumo Scanner de
Specim LTD. El sistema oper6 en modo de reflectancia con una técnica de escaneo linea
por linea (Pushbroom) y produce imagenes con 112 bandas. Los principales parametros
operativos fueron los siguientes: velocidad de la plataforma de muestra de 0,5 cm/s,
distancia de la lente a la superficie de la muestra de 28,3 cm y apertura del diafragma de

6,4 mm
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3.2.5. Prediccion de calidad de carne de cerdo

e Determinacion de pH

Se utilizdé un pH-metro Thermo Scientific, modelo VSTARS50. La medicion del
pH comenzd con la calibracion del equipo en tres soluciones tampén con pH 4,7y 10 a
una temperatura de 4+0,1°C, con un ajuste de calibracion del 99,6%. Posteriormente, se
pesaron 10 g de muestra, se tritur en un mortero y se homogeneizaron con 90 ml de agua
destilada. El electrodo se colocd en la solucion previamente preparada para determinar el
pH durante 3, 4, 5, 6, 7, 8, 9, 10 y 24 horas post-mortem, la medida se realizd por

triplicado.

e Determinacion de color

Se utilizd un colorimetro 3nh NR200. La calibracion del equipo se realiz6
midiendo los mosaicos en blanco y negro. La medicion del color se realizé con iluminante
D65 y observador de 10°. Se colocd el lente del colorimetro sobre la muestra, obteniendo
las coordenadas L*, a*, y b* de las diferentes muestras a 4+1 °C, durante 3, 4, 5, 6, 7, 8,
9, 10 y 24 horas post-mortem, todas las mediciones se realizaron por triplicado y en

diferentes puntos de la muestra.

e Determinacion de humedad

Se utiliz6 una balanza de humedad AE ADAM PMB 202. Para la medicion se
tomaron 5 g de muestra a las 8 horas post-mortem, se colocaron en el plato de la balanza,
cerrandose y sometiéndose a una temperatura de 140 °C durante 30 min. Posteriormente

se registrd por triplicado el porcentaje de humedad.

e Drip loss

A las 24 hpm, se cortaron tres trozos de carne de cerdo de aproximadamente 100
g cada uno y se colocaron en bolsas de polietileno previamente pesadas y se almacenaron
inmediatamente en una refrigeradora (LG, modelo GT39WPPDC) a 4°C durante 72 h.
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Las bolsas se mantuvieron suspendidas y completamente cerradas para evitar pérdidas
por evaporacion. Asimismo, se evitd que las muestras entraran en contacto con la bolsa
con el fin de evitar el exudado por presion. Posteriormente, se sacaron las muestras del
refrigerador y se pesaron por separado (carne y bolsa). Finalmente, se calculo el

porcentaje de exudado.

e Medidas de propiedades dieléctricas

Las propiedades dieléctricas (¢' y €") se obtenidas en el rango de microondas,
desde 0,5 GHz a 9 GHz, utilizando una sonda coaxial de extremo abierto (N1501A-001)
conectada a un analizador de redes vectorial KEYSIGHT N9915A. La sonda se fijo a un
soporte universal de acero inoxidable para medir las propiedades dieléctricas y evitar
posibles cambios de fase debidos al movimiento del cable. Posteriormente, el equipo se
calibré siguiendo las mediciones de: medida en abierto (aire), cortocircuito y agua
destilada a 4°C antes de cada experimento. Una vez calibrado el equipo, se midieron las
propiedades dieléctricas del agua destilada para comprobar la idoneidad de la calibracion
y garantizar asi su estabilidad. Las propiedades dieléctricas se midieron por
quintuplicado, colocando la sonda coaxial sobre la superficie de la muestra, en direccién
de la fibra durante 3, 4, 5, 6, 7, 8, 9, 10 y 24 h postmortem.

3.2.6. Monitorizacion no invasiva de la hidratacion de frejol

e Caracterizacion fisica

Se caracterizaron muestras (250 semillas) de frejol pinto (Phaseolus vulgaris)
mediante la obtencion de valores promedio de ancho (A), largo (L) y grosor (G) con un

calibrador vernier (Stanley co., estandar).

e Caracterizacion quimica

La humedad, las proteinas, las grasas y las cenizas se determinaron segun AOAC
(2010).
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e Adquisicion de imagenes hiperespectrales

Previo a la obtencion de la imagen hiperespectral de los granos de frejol, se
programd los pardmetros de funcionamiento de la cdmara (Pika XC; Resonon Inc.
Montana, EUA), de la siguiente manera: velocidad de la plataforma de muestra = 0.5
cm/s, apertura del diafragma = 6.4 mm vy distancia a la superficie = 28.3 cm.
Posteriormente, se realizo el procedimiento de calibracion utilizando referencias blancas
y negras. Posteriormente, se adquirieron imagenes hiperespectrales de los granos de
frejol, logrando obtener cincuenta y siete imagenes de cincuenta y nueve granos en cada
tiempo de hidratacion mediante el software SpectrononPro 2.62 (Resonon Inc. Montana,
EUA). El sistema funcioné en modo de reflectancia con escaneo linea por linea en el
rango de 400 a 800 nm.

3.2.7. Aplicacion de campos magnéticos a semillas de maiz morado INIA 601

e Bioestimulacion de semillas de maiz morado INIA 601

Los prototipos de campo magnético estatico y pulsado fueron disefiados y
construidos en el Laboratorio de Tecnologias Emergentes del Instituto de Investigacion
de la Universidad Nacional Auténoma de Chota y el Laboratorio de Ingenieria de
Alimentos de la Universidad Nacional de Jaén. El prototipo de campo magnético estatico
(CME) consistié en un arreglo de imanes de neodimio, que se colocaron en placas
impresas de PLA. EIl prototipo de campo magnético pulsado (CMP) consistié en una
bobina de solenoide, controladores de pulsos y una fuente de voltaje. Antes de la
aplicacion de los campos magnéticos, las semillas fueron seleccionadas meticulosamente,
asegurando la exclusién de cualquier semilla que exhibiera signos de dafio mecanico o
bioldgico. Posteriormente, las semillas fueron transferidas al equipo para bioestimulacion
con campos magnéticos estaticos, con una induccion de 50 mT durante 30 min y campos

magnéticos pulsados a una frecuencia de 30 Hz durante 30 min.

e Caracteristicas fisicas del maiz morado INIA 601

Se seleccionaron diez plantas al azar para registrar la altura de la planta y la

mazorca; de los seis surcos centrales (sistema de siembra) se seleccionaron diez mazorcas
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al azar para medir su longitud. Se utilizé una escala de seis clases disefiada por el Centro

de Investigacion de Maiz y Trigo-CIMMYT para determinar el porcentaje de pudricion.

¢ Rendimiento de la produccion de maiz morado INIA 601

El rendimiento de produccion del maiz morado INIA 601 se determiné de acuerdo
a las consideraciones de varios factores, entre ellos, el 14% de humedad del grano, el peso
de campo, el factor de correccion de falla, el factor de falla, el factor de desgrane y el

factor utilizado para expresar el rendimiento en toneladas por hectarea (t/ha).

e Obtencién de extractos de maiz morado INIA 601

Las mazorcas se desgranaron para separar las bracteas, las coronas y los granos;
se redujeron de tamafio con un pulverizador multifuncional (Henkel, WFA-GR1000,
Dusseldorf, Alemania) y se tamizaron con un tamiz N° 35 (500 pum). La humedad de las
muestras se determiné utilizando una balanza de humedad (AND MX-50) a 105 °C; se
utilizé 1 g de cada muestra, junto con 20 mL de disolvente de etanol al 50% acidificado
con 4cido clorhidrico (HCI) al 0,01% a 6 N. Se colocé el extracto en un agitador
magnético (Cimarec+ Thermo Scientific, Saint Louis, MO, EE. UU.) a 350 rpm durante
30 min a 30 °C y se centrifugd (CENTURION-Scientific Limited, Chichester, Reino
Unido) a 4000 rpm durante 10 min. El sobrenadante se filtré utilizando papel Wattman

No. 1y se colocaron en recipientes &mbar, para ser almacenados a -24 °C.

e Determinacion del contenido total de antocianinas (CTA)

El contenido total de antocianinas se determind mediante el método de pH
diferencial, utilizando tampon de cloruro de potasio 0,025 M a pH 1 y acetato de sodio
0,4 M a pH 4,5. Los extractos obtenidos fueron los siguientes: para la mazorca de maiz,
el factor de dilucion (FD) fue de 100, utilizandose 30 uL de extracto; para la bractea, el
FD fue de 50, utilizdndose 60 L de extracto; para el grano, el FD fue de 10, necesitandose
300 pL de extracto. La diferencia para cada extracto se aumento con tampones de hasta

3 mL. Las muestras se agitaron en vortex durante 1 min y se dejaron reaccionar durante
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30 min en ausencia de luz a temperatura ambiente. Posteriormente, se dio lectura de las
soluciones a longitud de onda de 520 y 700 nm utilizando un espectrofotometro Genesys
150 UV-Visible.

e Determinacion del contenido total de fenol (CTF)

Se empled el método de Folin-Ciocalteu para determinar el contenido total de
fenol. La configuracion experimental implico la utilizacion de 0,2 mL de las muestras
diluidas, 0,1 mL de reactivo de Folin-Ciocalteu y 0,2 mL de carbonato de sodio al 10%.
Estos componentes se dejaron reaccionar en un ambiente oscuro durante 1 h.
Posteriormente, la reaccion se midio a 765 nm utilizando un espectrofotometro Genesys
150 UV-Visible. Previamente, se construy0 una curva estandar utilizando diferentes
diluciones de acido galico para obtener una ecuacion lineal (y: a + bx; R? > 0,998). Los

resultados se expresaron como mg de AGE/g bs.

o Perfil de compuesto fendlicos por HPLC

Los extractos se sometieron a analisis utilizando un cromatédgrafo de ultra alta
resolucion (UHPLC) (Agilent 1290 Infinity Il, Santa Clara, CA, EE. UU.) equipado con
un detector de arreglo de diodos (DAD) y una columna Poroshell C18. El anélisis se
realizd a 30 °C. La separacion cromatografica se logré mediante el uso de una fase mavil
que consistia en acetonitrilo y acido férmico al 0,1 % (fase A) y agua con acido formico
al 0,1 % (fase B). La separacion se realizé utilizando un gradiente programado, que
involucré un 95 % A + 5 % B inicial durante 15 min, seguido de una transicion a 60 % A
+ 40 % B durante 18 min. El paso final implicé el retorno al 95 % de A +5 % de B
durante 20 min, con todos los pasos a un caudal constante de 0,3 ml/min. Los resultados

se expresaron en ug/g s.

e Determinacién de la actividad antioxidante

La cuantificacion del método de captacion del radical 2,2 difenil, 1 picrilhidrazilo

(DPPH) se realiz6 primero el proceso de extraccion implicé la dilucion de 1,0 mL del
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extracto con metanol (200 uM), seguido de la adicion de 1 mL de la solucion metanolica
de DPPH. Posteriormente, la mezcla se dejo reposar durante 30 min en oscuridad.
Finalmente, las lecturas se obtuvieron a 517 nm utilizando un espectrofotometro Genesys
150 UV-Visible. La CI50 se determind a partir del grafico del porcentaje de inhibicion
frente a las concentraciones utilizadas para inhibir el 50% de los radicales libres de DPPH.

Los resultados se expresaron como pg de muestra/mL de la solucion de DPPH.
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V. Resultados
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Resumen

La investigacion tuvo como objetivo el predecir los solidos solubles, acidez y pH de los
frutos de aguaymanto (Physalis peruviana L.) mediante la técnica de espectroscopia
dieléctrica en el rango de microondas. Las propiedades dieléctricas (constante dieléctrica
—¢”) de los frutos de aguaymanto se midieron en una escala logaritmica de 0.5a9 GHz a
20 °C, mediante una sonda coaxial abierta conectado a un analizador vectorial de redes,
ademas, se determino los sélidos solubles, acidez y pH. Los resultados mostraron que los
valores medios de los espectros de la constante dieléctrica de los frutos de aguaymanto
disminuy6 a medida que aumentaba la frecuencia de 0,5 a 9 GHz, asimismo, los valores
de solidos solubles aumentaron de 13,493 a 14,850 °Brix, la acidez disminuyo de 2,842 a
2,120 y el pH aumento de 3,468 a 3,663. Los mejores modelos de prediccién para los
sélidos solubles a 915 MHz con R?=0.7760 y RECM=0,5185, la acidez a 5800 MHz con
R?=0,4790 y RECM=0,2391 y el pH a 2450 MHz con R?=0,9994 y RECM=0, 0221.

Palabras clave: Calidad, sélidos solubles, constante dieléctrica, microondas, aguaymanto.
Abstract

The objective of the research was to predict the soluble solids, acidity and pH of the fruits
of goldenberry (Physalis peruviana L.) using the dielectric spectroscopy technique in the
microwave range. The dielectric properties (dielectric constant — ¢ ') of the aguaymanto
fruits were measured on a logarithmic scale from 0.5 to 9 GHz at 20 °C, using an open
coaxial probe connected to a vector network analyzer, in addition, the soluble solids,
acidity and pH were determined. The results showed that the average values of the
dielectric constant spectra of the aguaymanto fruits decreased as the frequency increased
from 0.5 to 9 GHz, likewise, the values of soluble solids increased from 13.493 to 14.850
°Brix, the acidity decreased from 2.842 to 2.120 and the pH increased from 3.468 to 3.663.
The best prediction models for soluble solids at 915 MHz with R?=0.7760 and
RECM=0.5185, acidity at 5800 MHz with R2=0.4790 and RECM=0.2391 and pH at 2450
MHz with R?=0 .9994 and RECM=0.0221.

Keywords: Quality, soluble solids, dielectric constant, microwave, goldenberry.
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1. Introduccién

El aguaymanto (Physalis peruviana L.) es un fruto exotico, oriundo de la region andina
del Peru, con caracteristicas fisicoquimicas de: humedad (78,2 — 80%), so6lidos solubles
(11,6 - 13,5 °Brix), pH (3,6 - 4,9) y acidez (1,6 — 2,4), en los estadios de madures 3, 4, 5
y 6 segun la NTC 4558(Duque et al., 2011; Marquez et al., 2009; Mendoza et al., 2012;
Novoa et al., 2006; Obregon-La Rosa et al., 2021; Rossi et al., 2012). Asimismo, diversos
estudios manifiestan que el consumo de aguaymanto provee de vitaminas (A, B y C),
carotenoides, compuestos fenolicos y fibra dietética, los mismo que, previenen
enfermedades como: cancer, diabetes, inflamaciones y del corazon (Malaga Barreda et
al., 2013; Rodrigues et al., 2009; Rossi et al., 2012)

Los beneficios reportados por el consumo de aguaymanto, han incentivado a los
agricultores de zonas rurales a cultivar de manera intensiva dicho fruto, permitiendo
dinamizar su microeconomia rural (Sierra y Selva Exportadora, 2021). En el afio 2019,
Per( alcanz6 1607 t de aguaymanto fresco, reflejando un incremento de 3,47% respecto
al ano anterior. En el 2020 el volumen total de aguaymanto exportado fue 288 t (82%
aguaymanto organico y el 18% convencional) a mercado estadunidenses y europeos,
cuyas presentaciones fueron: aguaymanto deshidratado (92,6%), fresco (2,1%),
congelado (1,65%), con chocolate (1,2%), puré (0,8%) y polvo (0,8%) (Diario - El
Peruano, 2023; Léon Carrasco, 2021).

En vista del incremento de la produccion de aguaymanto, los agricultores y las micro
empresas dedicadas a la comercializacion interna y externad de aguaymanto, vienen
realizando el control de calidad de los frutos a partir de sus caracteristicas fisicoquimicas
(acidez, sélidos solubles, pH, color y otros) (L6pez Nomdedeu et al., 2005). Actualmente,
la calidad de los frutos de aguaymanto vienen siendo determinados a partir de sus
parametros fisicoquimicos mediante el uso de método - técnicas convencionales como
penetrometria, refractometria, volumetria, colorimetria, entre otras (Villacis & Cazar,
2006; Poron, 2020), que si bien son precisas y replicables, presentan las desventajas de
ser destructivas, tediosas, costosas, necesitan de pre procesamiento — acondicionamiento
de muestras, generadores de desecho quimicos y no son capaces de ser instaladas en lineas
de produccion (Brezmes-Llecha, 2000; Reyes Riofrio & Yarlequé Medina, 2018). Es por
ello que, la industria fruticola, en especial la del aguaymanto, demandan de métodos y
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técnicas no destructivas, precisas y rapidas en la toma de decisiones, permitiendo mejorar

y dinamizar el control de calidad.

Diversos esfuerzos realizados por investigadores en el desarrollo de técnicas y/o métodos
no destructivos novedosos, basados en los principios fotonicos, tales como:
espectroscopia de Infrarrojo cercano (NIR), Imagenes hiper espectrales (HSI), y
Espectroscopia dieléctrica (ED), vienen siendo aplicados al control de calidad interna de
frutas (Beshah, 2014; Fito et al., 2010; Skierucha & Wilczek, 2014) La espectroscopia
dieléctrica, es una técnica no destructiva, basada en la interaccion del flujo de fotones con
la composicion quimica del alimento, ademas, de originarse dos fendmenos fisicos en la
dispersion gama, como la conductividad idnica (< 1GHz) y su relacion con la pérdida
dieléctrica causada por la vibracion de especies quimicas de &cidos organicos o
electrolitos y la induccion — la orientacién (> 1GHz) de moléculas dipolares como las
moléculas del agua (Castro-Giraldez et al., 2013; Traffano-Schiffo et al., 2018). La
aplicacion de la ED ha permitido predecir el contenido de sélidos solubles [10 MHz a 1
GHz], la firmeza [20 MHz a 4500 MHz], el indice de madurez [500 MHz a 20 GHz] y el
contenido de humedad [10 MHz a 4500] en caquis, manzanas, peras y melones
correspondientes al rango de radiofrecuencia (Guo, Fang, et al., 2015; Guo, Shang, et al.,
2015; Liu etal., 2021; Liu & Guo, 2018; Reyes et al., 2017). Asi mismo, existen limitados
estudios en caracterizacion dieléctrica de bayas, como las estudiadas por Flores-Lopez et
al., 2017; Sosa-Morales et al., 2017 quienes caracterizaron las propiedades dieléctricas
(¢’ y €) de puré de frambuesas, fresas y moras en el rango de microondas de 0,5 — 25
GHz, a temperatura de 20 — 60 °C, mas no realizaron correlacion alguna con sus
propiedades fisicoquimicas con las propiedades dieléctricas. Sin embargo, las
predicciones realizadas a los atributos de calidad interna a las frutas antes mencionadas,
ha sido realizadas mediante métodos quimiométricos y de seleccion de variables
relevantes (frecuencias) de uso no industrial, que en su mayoria imposibilitan su
escalamiento o desarrollo de sensores, asi como, no se han reportado estudios en la
prediccion de los solidos solubles, la acidez y el pH mediante las propiedades dieléctricas

a frutos exoticos como el aguaymanto.

La utilizacion de herramientas matematicas y estadisticas son cada vez mas utilizadas
para la prediccion de atributos de calidad interna de frutos tropicales mediante
propiedades dieléctricas (Guo, Fang, et al., 2015). Las técnicas quimiométricas permiten

extraer la maxima informacion quimica del analisis de muestras a partir de sefiales
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(espectroscdpicas) o respuestas instrumentales con muy poca selectividad (Porcel Garcia,
2001), entre los modelos mas utilizados destacan el analisis de componentes principales
con regresion lineal simple (ACP-RL), la regresion lineal multiple (RLM), la regresion
de minimos cuadrados parciales (RMCP) y regresion lineal simple (RLS), permitiendo
obtener resultados prometedores en la prediccion de propiedades fisicoquimicas de
alimentos (Santiago Ruiz, 2020), no obstante, el uso de estos métodos de célculo en su
mayoria requieren de niveles de programacion y computo avanzado y de equipos de alto
rendimiento (Montero, 2016) . Por ello, el objetivo de la presenta investigacion es la
prediccion de los sélidos solubles, la acidez y el pH de aguaymanto (Physalis peruviana)
mediante espectroscopia dieléctrica de microondas a frecuencias puntuales de 915, 2450
y 5800 MHz.

2. Materiales y Métodos

2.1.  Frutos de aguaymanto

Los frutos de aguaymanto (Physalis peruviana L.) se obtuvieron de los sembrios
pertenecientes al fundo “Capuli el Valle” ubicado en el C.P. San Juan de Lacamaca
provincia de Bambamarca, Region Cajamarca. Se utilizd 450 unidades de frutos de
aguaymanto para la determinacion de las propiedades dieléctricas y fisicoquimicas, 150
unidades por cada estadio de madurez (4, 5 y 6) segun la NTC 4580. Los frutos de
aguaymanto tuvieron las siguientes caracteristicas de homogeneidad en peso, color y

tamafio, sin presencia de magulladuras o dafios mecénicos.
2.2.  Sistemas de extraccion de propiedades dieléctricas

Para medir las propiedades dieléctricas (constante dieléctrica - €”) en un rango de 0.5 a
9.0 GHz, se utiliz6 una sonda coaxial de terminacion abierta (N1501A-001), conectada a
un analizador de redes vectorial (modelo N 9915A, Keysight Technologies), y controlada
de manera remota mediante una Laptop (Lenovo HP CORE i7). Previo a la obtencion de
las propiedades dieléctricas, el equipo se dejé encendido por al menos 30 min con la
finalidad de brindar estabilidad a los circuitos electronicos del equipo, seguidamente se
procedio con la calibracion del equipo — sonda coaxial en aire, corto circuito y dieléctrico
(agua destilada) sugerido por Chuquizuta et al., 2021. Para la extraccion de las
propiedades dieléctricas de los frutos de aguaymanto, estos se posicionaron en la parte
inferior de la sonda coaxial para hacer contacto con la superficie del fruto (Figura 1), sin

ejercer presion de penetracion por parte de la sonda, y obteniendo las medidas por
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triplicado. Finalmente, se seleccionaron las constantes dieléctricas segun los estadios de
madurez de los frutos de aguaymanto a frecuencias puntuales de 0.915, 2.450 y 5.800
GHz.

- en 4 Aguaymanto

E Sensor coaxial
Ooooocd :
- O »
F____________
v

Analizador de
rricroondas

Figura 1. Sistema de adquisicion de propiedades dieléctricas
2.3.  Caracterizacion quimica de frutos de aguaymanto

Posterior a la extracion de las propiedades dieléctricas de los frutos de aguaymanto, se
extrajo el zumo de los frutos mediante el uso de un extractor de zumo (FPSTJU407W,
Oster) para las determinaciones quimicas. Se determind de los s6lidos solubles (°Brix)
del zumo de aguaymanto de acuerdo con el método AOAC 932. 12 (AOAC 1980),
colocando de 3 a 5 gotas sobre el lente del refractometro (Hanna HI96800) y posterior
lectura; la acidez citulable se determiné a través del método AOAC (22.008.1984),
mediante la valoracion con solucién de NaOH (0,1 N) y expresada como porcentaje de
acido citrico; el pH se midi6 de acuerdo a AOAC 981. 12 (AOAC 1998) utilizando un
pH-metro (Orion Versastar pro - Thermo Scientific), previamente calibrado con tampones

de 4, 7 y 10, mediante la inmersion directa del electrodo en el zumo.
2.4.  Analisis estadistico

Se aplicé analisis de varianza y de comparaciones multiple de Tukey a los resultados
quimicos de frutos de aguaymanto, con un margen de error de 0=0.05, con la finalidad de
observar diferencia significativa entre sus estadios de madurez. EIl procesamiento de los

datos se llevo a cabo en el software Statgraphics Centurion XVIII.

Los estudios realizados por Guo et al., 2017; X. Zhu et al., 2016; Z. Zhu et al., (2019)

recomiendan evaluar los modelos de prediccion de los pardmetros quimicos utilizando el
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coeficiente de determinacion (R?) y la raiz del error cuadratico medio (RECM), tanto para
el desarrollo del modelo de calibracion como el de validacion. Para el desarrollo de los
modelos de prediccion de las propiedades quimicas del aguaymanto se tomo el 70% para
la calibracion y el 30% para la validacion del modelo (X. Zhu et al., 2016, 2018). Para la

determinacion de R? y RECM se obtienen a través de las ecuaciones 1y 2.

2 _ 1 _ L —i-%)?
k=1 T, —(1-7)2 (1)
7.1 _ _U\2 05
RMSE = (Zl=1+yl)) (2)

Donde Y, e Y;son los valores predichos y de referencia de una muestra (i); Y es la media

de valores de referencia de todas las muestras

3. Resultados y discusion
3.1.  Espectros dieléctricos — €’ de los frutos de aguaymanto (Physalis peruviana
L.) en sus estadios de madurez 4,5y 6 (NTC 4580), en el rango de 0,5 a 9 GHz.

En la Figura 2, se muestran los espectros dieléctricos medidos de la constante dieléctrica
—¢’, de los frutos (Physalis peruviana L.) en los estadios de madurez 4, 5 y 6 segun la
NTC 4580, los espectros dieléctricos €, de los estadios de madurez disminuyen 30,5 a
23,0 con el incremento de la frecuencia, asimismo los espectros del estadio 4 presentaron
valores mas altos debido a que el fruto adquiere diferentes especies quimicas, como
acidos débiles, minerales, proteinas, calcio y vitaminas como resultado de la modificacién
de su estructura celular y los cambios fisicoquimicos que experimenta durante el ciclo de
maduracion. Fito et al., 2010; Talens et al., 2016; Traffano-Schiffo et al., 2018 observaron
que la permitividad disminuye en estudios realizados en frutas como: naranja, mandarina
y manzana en el rango de radiofrecuencias y microondas producto de la induccion u
orientacion (relajacion dipolar) de las moléculas de agua y la conductividad iénica de los
electrolitos y &cidos organicos débiles.(Fito et al., 2010; Talens et al., 2016) puesto que
la aplicacion de un flujo de fotones al tejido aumenta la energia interna de las moléculas
a consecuencia de la vibracion de los iones, produciendo pérdidas de energia eléctrica.
Igualmente, en investigaciones hechas por Fang & Guo, 2016; Guo et al., 2011; Guo,
Fang, et al., 2015; Guo, Shang, et al., 2015; Liu et al., 2021; Liu & Guo, 2018; Reyes et
al., 2017en frutas como caquis, manzanas, peras y melones respectivamente observaron

el mismo comportamiento de los espectros dieléctricos medidos.
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Figura 2. Espectros dieléctricos medidos de la constante dieléctrica — ¢’, de los frutos de
aguaymanto (Physalis peruviana L.) en sus estadios de madurez 4, 5y 6 (NTC 4580), en
un rango de 0,5 a 9 GHz.

3.2.  Caracterizacion quimica de los frutos de aguaymanto (Physalis peruviana L.)
en sus estadios de madurez 4,5y 6 (NTC 4580).

En la Tabla 1, se muestran los resultados de los sélidos solubles, la acidez y el pH de los
frutos de aguaymanto (Physalis peruviana L.) en sus estadios de madurez 4,5y 6 (NTC
4580), asimismo se observa una tendencia ascendente de los sélidos solubles y pH en
relacién con el avance del grado de madurez del fruto, coincidiendo con los reportes
(Duque et al., 2011; Fischer et al., 2005; Mendoza et al., 2012; Velasquez Cristobal &
Velasquez Cristobal, 2017), tendencia atribuible a la formacion de azucares como: la
sacarosa, glucosa y fructosa a partir de la hidrolisis de cadenas de almidon por intermedio
de las enzimas (deshidrogenasas) (Fischer et al., 2005; Tapia, 2019). Ademas, de la
capacidad de translocar sacarosa del caliz al fruto (Balaguera et al., 2014) y la reduccién
de los &cidos organicos (citrico, malico y oxalico) en aras de estabilidad celular durante
la maduracion (Garcia Pesantez, 2015). Sin embargo, la acidez disminuye a mayor grado
de madurez con o menor diferencia significativa en diferentes estudios, en este caso
nuestros valores de acidez no concuerdan con las investigaciones de (Duque et al., 2011;
Fischer et al., 2005; Mendoza et al., 2012; Restrepo et al., 2009) quienes reportaron un
intervalo de acidez entre 2,0% a 1,5% para los estadios de 3 — 6, provocado por la

disminucion de los acidos organicos durante el periodo de maduracion, y el consumo de
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los &cidos organicos por enzimas deshidrogenasas para mantener la estabilidad celular y

el proceso respiratorio del fruto.

Tabla 1. Propiedades fisicoquimicas de los frutos de aguaymanto (Physalis peruviana
L.) en sus estadios de madurez 4,5y 6.

Estadio de Madurez (NTC 4580)

Propiedades quimicas nt

4 5 6
Solidos Solubles (°Brix) 150 14.636 £ 0.516% 14.643 £0.292% 14.850 + 0.444°
Acidez titulable (%) 150 2.230 £ 0.240% 2.105+0.115° 2.219+0.1892
pH 150 3.568 + 0.039* 3.630 £ 0.026° 3.663 £0.012°¢

INUmero de unidades experimentales por estadio de madurez; los superindices de las mismas
letras de los valores medios en cada estadio de madures, indican la no existencia de diferencias

significativas segun la prueba de Tukey (pvalor < 0.05).

3.3.  Relacién estadistica de los sélidos solubles, la acidez y el pH de los frutos de
aguaymanto (Physalis peruviana L.) con la €’, a frecuencias puntuales de 915, 2450
y 5800 MHz.

La relacion entre los solidos solubles, la acidez y el pH de los frutos de aguaymanto con
la &, a frecuencias puntuales de 915, 2450 y 5800 MHz, se determinaron por del
coeficiente de determinacion (R?), para el posterior desarrollo de los modelos de
prediccion a partir de los espectros de €’, seglin la metodologia propuesta por Chuquizuta

etal., 2022.

En la Tabla 2, se muestran las ecuaciones de relacién directa mediante regresiones
lineales simples de los sélidos solubles, la acidez y el pH en funcion de las propiedades
dieléctricas (¢’) a frecuencias puntuales de 915, 2450 y 5800 MHz, obteniendo una alta
relacion directa para solidos solubles a 915 MHz con R? = 0,8951 (Figura 3a), acidez
titulable a 5800 MHz con R? = 0,9807 (Figura 4c) y pH a 2450 MHz con R? = 0,9071
(Figura 5b), indicando que las tres frecuencias evaluadas tienen un buen desempefio para

la prediccion de las propiedades quimicas estudiadas.
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Tabla 2. Relacion entre los solidos solubles, la acidez y el pH y la €’, de los frutos de
aguaymanto.
Propiedades Frecuencia
Fisicoquimicas 915 (MHz2) 2450 (MH2) 5800 (MH2)
y=0,0748X+12,636 y=0,0807X+12,625 y=0,0099X+14,947
Sélidos solubles
R?=0,8951 R?=0,8561 R?=0,0311
y=—0,0003X+2,1318 y=—0,002X+2,1741 y=—0,0177X+2,5651
Acidez titulable
R2=0,0002 R?=0,0052 R?=0,9807
y=—0,03X+4,4476 y=—0,338X+4887 y=—0,0114X+3,9048
pH
R2=0,87 R?=0,9071 R?=0,2482
16.00 16.00
y =0.0748x + 12.636 y=0.0807x + 12.625
R*=0.8951 R*=0.8561
1550 15.50
';:;-‘ 15.00 ﬁ 15.00
1450 1450
14.00 14.00
26.00 26.50 27.00 27.50 28.00 28.50 29.00 2950 2450 25.00 2550 26.00 26.50 27.00 2750
€ ¢
(a) (b)
16.00
y =-0.0099x + 14.947
R*=0.0311
15.50
;‘;_; 15.00

1450

2250 2300 2350 2400 2450 2500 2550 2600 2650 27.00 27.50
¢

14.00

(c)
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Figura 3. Relacion lineal entre los solidos solubles y € de los frutos de aguaymanto, a

frecuencias puntuales de 915, 2450 y 5800 MHz.
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Figura 4. Relacion lineal entre la cidez titulable (%) y €’ de los frutos de aguaymanto, a

frecuencias puntuales de 915, 2450 y 5800 MHz.
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Figura 5. Relacion lineal entre el pH y &’ de los frutos de aguaymanto, a frecuencias
puntuales de 915, 2450 y 5800 MHz.

3.4. Prediccion de los parametros quimicos de los frutos de aguaymanto a

frecuencias puntuales

Luego de haber obtenido los modelos de calibracion (Tabla 2) para cada uno de los
parametros quimicos del aguaymanto, estas modelos fueron utilizados para obtener los
valores predichos a partir del grupo de valores €’ restantes (30% del total de datos). Las
correlaciones entre los valres predichos y los valores reales de referencia (parametros
quimicos) se muestran en la Tabla 3, resultando el mejor modelo de prediccion para los
sélidos solubles a 915 MHz con R?>=0.7760 y RECM = 0,5185 (Figura 6a), la acidez a
5800 MHz con R?=0,4790 y RECM = 0,2391 (Figura 7c) y el pH a 2450 MHz con R?=
0,9994 y RECM = 0,0221 (Figura 7b). Los rendimientos de la prediccion obtenidos
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mediante la técnica de ED son similares a estudios previos realizados por Guo, Shang, et
al., 2015; Liu et al., 2021; Liu & Guo, 2018; Nelson et al., 2007 en melones, caquis y
manzanas obteniendo R? =0,80 y RECM < 1,00; R? = 0,970, RECM =0,494 y R? =0,908,
RECM =0,822 respectivamente; Baiano et al., 2012 en uvas acidez R? > 0, 82, solidos
solubles R? =0,94 y pH R? > 0,80;Weng et al., 2020 y Amodio et al., 2017 en fresas
sélidos solubles totales R? = 0,9370, RECM = 0,1145, pH R? = 0,8493, RECM = 0,0501;
SST R?=10,85, RECM = 0,58, pH R? = 0,86; RECM = 0,09 respectivamente y Louw &
Theron, 2010 en ciruelas sélidos solubles totales R>> 0,817, RECM < 0,610, acidez R? >
0,608, RECM < 0,194, sin embargo, estos estudios han utilizado técnicas
espectroscopicas como: imagenes hiperespectrales, espectroscopia de reflectancia de
infrarrojo - transformada por Fourier y espectroscopia de infrarrojo cercano, ademas, de
la utilizacién de técnicas de pre procesamiento de sefial, que si bien son precisas pero a
menudo requieren algoritmos de programacion mas complejos para procesar y analizar
los datos espectrales, lo que puede hacer que su implementacion sea mas desafiante en
una linea de produccion, a diferencia del método utilizado de regresién lineal simple es
méas sencillo de ser implementado en entornos de produccién debido a su bajo
requerimiento de computo y de inversion en equipos con mayor capacidad de

procesamiento de datos.

Tabla 3. Prediccion de los parametros quimicos de los frutos de aguaymanto a frecuencia
puntual de 915, 2450 y 5800 MHz.

Propiedades Frecuencia
Fisicoquimicas 915 (MH2) 2450 (MHz) 5800 (MH2)
R?=0.7760 R?=0,7604 R?=0,7470
Solidos solubles
RECM=0,5185 RECM=0,5166 RECM=0,4385
R?=0,4452 R?=0,4635 R?=0,4790
Acidez titulable
RECM=2466 RECM=0,2482 RECM=0,2391
pH R?=1,0000 R?=0,9994 R?=0,9984
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Figura 6. Modelos de validacion de los solidos solubles a frecuencias puntuales de 915,
2450 y 5800 MHz.
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Figura 7. Modelos de validacion de la acidez titulable frecuencias puntuales de 915, 2450

y 5800 MHz.
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Figura 8. Modelos de validacion del pH a frecuencias puntuales de 915, 2450 y 5800

MHz.

4. Conclusiones

La técnica de la espectroscopia dieléctrica ha demostrado ser una herramienta
prometedora para la prediccion de los sélidos solubles (R?=0.7760 y RECM = 0,5185),
la acidez (R?=0.479 y RECM = 0,2391) y el pH (R?>=0.9994 y RECM = 0,0221) de los
frutos aguaymanto a frecuencias puntuales 915, 5800 y 2450 MHz respectivamente,

permitiendo a futuro desarrollar sensores dieléctricos miniaturizados para evaluaciones
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rapidas y no destructivas de la calidad interna de los frutos de aguaymanto.
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4.2. Modelo termodindmico y sistema de monitorizacion por termografia infrarroja para

el secado convectivo de la uchuva (Physalis peruviana)
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Abstract

The goldenberry (Physalis peruviana) is a highly perishable Andean fruit with valuable
nutritional and functional properties. Its preservation poses a challenge due to its high
moisture content. This study presents an integrated method combining infrared
thermography (IR) and irreversible thermodynamics to characterize the convective drying
process of goldenberry.Samples were dried at 60 °C and 1.0 m/s air velocity. Weight loss,
surface temperature, and water activity were recorded over 13 h using thermocouples,
precision balances, and IR imaging. An irreversible thermodynamic model was applied
to estimate water flux, free energy changes, and chemical potential gradients, including
mechanical energy effects. The phenomenological coefficient from Onsager's relation
was correlated with water flux to describe internal water migration. IR thermography
enabled real-time, non-invasive monitoring of temperature and emissivity, correlating
with morphological changes during drying. Sorption isotherms were fitted using the GAB
model, and thermodynamic analysis allowed separation of physical and mechanical
contributions to water potential. This approach provides a deeper understanding of
moisture transport during drying and demonstrates the usefulness of combining IR
monitoring with thermodynamic modeling. It offers a promising tool for optimizing

drying protocols in high-moisture tropical fruits like goldenberry.
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Highlights

- Anirreversible thermodynamic model was developed to characterize water flux,
and water transport mechanism, during goldenberry drying.

- Different physical properties of goldenberry were obtained, such as specific heat,
emissivity, water activity and entropy.

- The evolution of air properties (energy and moisture) throughout the drying
treatment of goldenberry is shown.

- Infrared thermography enabled non-invasive, real-time monitoring of surface
temperature.

- The Onsager phenomenological coefficient was correlated with water flux,
allowing the decoupling of physical and mechanical energy contributions to water
transport.

1. Introduction

The goldenberry (Physalis peruviana), also known as uchuva (caspe goldberry or
goldberry) in several Latin American countries, is a fruit that originated in the Andean
region and is widely regarded as an exotic fruit, especially appreciated when consumed
fresh (Bazalar Pereda et al., 2019; Blas Saavedra et al., 2024; Hidayat et al., 2021; Yildiz
et al., 2015). The goldenberry is composed of 75-85 % (w/w) moisture, 11-16 g of
carbohydrates, 0.3-1.9 g of protein, 0-0.5 g of fat, and 43 mg of ascorbic acid per 100 g
of the edible portion (Puente et al., 2011; Rossi et al., 2012). The fruit contains various
bioactive components, including vitamin C, f-carotenes, total phenols, phenolic acids,
and flavonoids. These compounds confer beneficial properties to the consumer, such as
anti-inflammatory effects. The goldenberry fruit has been demonstrated to possess
antioxidant, anticarcinogenic, antidiabetic, and cardiovascular disease prevention
properties (Ordoiiez-Santos et al., 2017; Pasten et al., 2024; Vega-Galvez et al., 2015).
However, the physicochemical and nutritional properties of the fruit vary according to its
stage of maturity and the technical and post-harvest conditions under which it is cultivated
(Avendaiio et al., 2022; Hidayat et al., 2021; Lopez et al., 2024; Muiioz et al., 2021).
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In recent years, Colombia and Peru have emerged as prominent players in the marketing
and export of fresh goldenberry fruits to Europe, Asia, and North America, driven by the
fruit's recognised nutritional benefits for human health (Obregon La Rosa et al., 2021;
Ramirez-Hernandez et al., 2020). However, due to the respiration rate (influenced by
temperature), high moisture content and water activity, goldenberry fruits are considered
highly perishable fruits and therefore have a limited shelf life (Garavito et al., 2021).
Additionally, they are susceptible to fungal and yeast contamination (Fischer et al., 2011,
Fischer & Martinez, 1999), underscoring the necessity for preservation techniques aimed
at reducing moisture content and, consequently, prolonging the shelf-life of the product
(Izli et al., 2014).

Drying is a preservation method that is employed extensively in the agri-food sector,
particularly in the context of fruit dehydration. This process enables the extension of fruit
shelf-life by reducing moisture content and water activity, thereby minimising and/or
inhibiting spoilage, enzymatic activity and microbial growth (Doymaz, 2008; Vésquez-
Parra et al., 2013; Vega-Galvez et al., 2015). Moreover, the process of fruit dehydration
involves a series of concurrent operations, including mass and heat transfer (Lopez et al.,
2013; Pasten et al., 2024), improving water diffusion conditions from the interior to the
surface in contact with the circulating air has been demonstrated (Barbosa-Canovas &
Vega-Mercado, 1996; izli et al., 2014; Vega-Galvez et al., 2015). Consequently, this leads
to changes and deterioration in the cell wall, collapse and stiffness (texture) of cell tissues
(Cabrera Ordoriez et al., 2017; Nawirska-Olszanska et al., 2017; Vega-Géalvez et al.,
2015).

Conversely, the convective drying method is more extensively employed in the agri-food
industry, where numerous endeavours have been made to model the drying kinetics and
ascertain the effective water diffusion of goldenberry fruits. The mathematical models
most commonly used to predict the behaviour of drying kinetics are: Newton, Wang and
Sing, Henderson-Pabis, Page, Logarithmic, Midilli and Kucuk (Izli et al., 2014; Junqueira
etal., 2017; L. Puente et al., 2020, 2021; Uribe et al., 2022; Vega-Galvez et al., 2014). In
a similar vein, Yasin et al. (2016), VVasquez-Parra et al. (2013) and Vega-Galvez et al.
(2014) have obtained the effective diffusion assuming a finite plate and sphere geometry.
However, it should be noted that the equations employed in modelling kinetics and
determining effective diffusion have certain limitations, such as the failure to consider
additional factors (such as relative humidity), variations in operating temperature and

93| Pagina



interactions between fruit components. Furthermore, the aforementioned equations are
based on empirical and simplified models, which may have a detrimental effect on the
accuracy of the calculations for the design of a dryer and the dehydration process.

Thermodynamics is the scientific study of energy transfer and mass movement during the
process of food dehydration. In this context, the analysis of sorption isotherms is
considered a fundamental tool for the design, modelling and optimization of technological
processes (Aviara N, 2020; Kraiem et al., 2023). These isotherms are also pivotal in
analysing the thermodynamic interactions between food components and water, as well
as in quantifying the energy requirements of the dehydration process. Conversely, several
researchers advocate the utilisation of the Guggenheim-Anderson-de Boer (GAB) and
Brunauer-Emmett-Teller (BET) models to predict avocado sorption isotherms (Pasten et
al., 2024; L. Puente et al., 2020; Vega-Galvez et al., 2015; Vega-Galvez et al., 2014).
However, such predictions are often limited to parameters such as critical humidity,
isosteric heat, entropy and enthalpy (Aviara N, 2020; Akpinar et al., 2006; Junqueira et
al., 2017; Pasten et al., 2024, L. Puente et al., 2020; Ruan et al., 2022; Yasin et al., 2016).
It is therefore necessary to study new thermodynamic variables such as exergy and the
optimization of energy loss minimization, in order to enrich the understanding of the

dehydration process.

Moreover, the examination of energy interactions and thermodynamic behaviour between
air and food during dehydration in a drying chamber, based on the second law of
thermodynamics, remains under-explored in the scientific literature. This paucity of
research is due to the intricacy of studying enthalpy and exergy changes that occur in both
reversible and irreversible processes (Akpinar et al., 2006; Talens et al., 2016). The
surface temperature of the food is a primary factor influencing these changes, arising from
convective heat transfer. The most common method to measure the temperature of a food
during dehydration is through the use of calibrated thermocouples (types K, T or Pt), data
loggers and computers. However, this method is destructive and restricts temperature
recording to a single point (Motahayyer et al., 2019; Yilmaz et al., 2008). Consequently,
there is a clear need to develop non-destructive systems that facilitate the monitoring of
surface temperature during fruit drying, thus improving upon the aforementioned
problems (Kylili et al., 2014).
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Recent studies have demonstrated the efficacy of infrared thermography (IR) as a
valuable tool for two-dimensional, non-contact temperature diagnosis of biological
materials during the drying process, providing relevant information on heat transfer
(Kylili et al., 2014; Motahayyer et al., 2019; Traffano-Schiffo et al., 2014). The
underlying principle of infrared thermography is the measurement of infrared radiation
emitted by a surface, thereby generating an image of the thermal distribution (Gowen et
al., 2010). This technology has been extensively employed in the control of processes
such as the drying of pork (Traffano-Schiffo et al., 2014a), potatoes (Tomas-Egea et al.,
2021a), coffee beans (Reyes-Chaparro et al., 2024), mushrooms (Lombrafia et al., 2010),
rice (ElIGamal et al., 2017) and wood (Lerman & Scheepers, 2023). Its application in
freezing potatoes (Cuibus et al., 2014a) and water stress analysis in citrus (Pappalardo et
al., 2023) has also been documented. However, there is a paucity of studies on its use in
the drying of berries, such as grapes (Reyes-Chaparro et al., 2024), and even more so in

tropical berries such as goldenberry.

The initial objective of this study was to provide a comprehensive overview of the
advantages of the first and second laws of thermodynamics in the drying process, and to
explore non-invasive methods of monitoring, such as infrared thermography. The
subsequent aim was to develop a thermodynamic model to facilitate a more in-depth
understanding of the mechanisms of internal heating and water transport in goldenberry
fruit during hot air drying. This was to be achieved by monitoring the process with

infrared thermography.

2. Materials and methods

The experimental procedure is shown in Fig. 1. Likewise, each step of the flowchart is
explained in the following paragraphs. Each experimental condition was tested with three

replicates (n = 3).
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Figure 1. Experimental procedure in drying process of Physalis peruviana.

2.1.  Sample goldenberry fruits.

The samples of fresh goldenberry fruit at commercial ripeness, coming from Ecuador,
were obtained through the importing company Ammarket (Orihuela, Alicante - Spain).
The goldenberry fruits arrived in refrigerated boxes (100 g / box) with uniform size
(diameter) and weight, 3.8+0.21 cm and 3.9+0.4 g, respectively, which were kept in a

refrigerator at 6 °C until later analysis and execution of the experiment.
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2.2.  Sample conditioning.

Before drying the goldenberry fruit, the skin of two fruits (for each replicate) was
removed manually using tweezers. The fruit's moisture content (dry basis) was also
characterized using the methodology of AOAC Method 934.06, 2000.

2.3.  Drying process

Before drying, the works of (Cuibus et al., 2014; Talens et al., 2017; Traffano-Schiffo et
al., 2014) were used as a reference to install and locate the following equipment in the
dryer: a precession balance (Mettler Toledo PG503-S, Spain), a thermal imaging camera
(infrared camera) (Optris PI® 160, Germany), a data logger (Agilent 34972A, Malaysia)
and a desktop computer. In addition, type K thermocouples, reference emissivity material
(e = 0.95 - Optris GmbH, Germany), and graph paper (9 cm?) were placed as shown in
Fig. 2.

Sample “Golden berry” Drying operation Drying monitoring

1/
W 2

A e

5%

Equipment
1. Dryer

2. Balance
3. Hygrometer

., 4. Anemometer

5. Data logger

6. Thermographic camera
7:PE:

8. Temperature sensor (k)

Fig. 2. Equipment for convective drying operation of Physalis peruviana must be

assembled.

Two units of goldenberry fruit were placed in a convective dryer, and one of the fruits
was suspended from a precision balance by means of a nylon thread to monitor the mass
during 13 hours of drying. The mass of the sample was recorded every five minutes during

the first hour, every ten minutes between the first and second hours, and every 15 minutes
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for the rest of the drying period. The second goldenberry fruit was also placed to the right

of the suspended fruit, in order to measure the surface emissivity.

The convective dryer was operated at a temperature of 60 °C and a drying air velocity of
1.0 m/s (monitored with a Proster anemometer, model HT 383, China). During the drying
process, the temperatures of the sample, drying air and reference emissivity material were
recorded with thermocouples (connected to an Agilent 34901A multiplexer, Malaysia) to
correct the emissivities recorded by the thermal camera. Dehydration was performed in

triplicate.
2.4. Infrared thermography

According to (Tomas-Egea et al., 2022; Traffano-Schiffo et al., 2014, in order to obtain
thermal images, the thermal camera operates under the following conditions: two-
dimensional focal plane (matrix) of 160 x 120 pixels, spectral range of 7.5 — 13.0 um,
resolution of 0.05 °C and accuracy of = 2%. The thermal camera measures in a
temperature range of -20 to 900 °C, with a field of view (FOV) of 23° x 17° at a minimum
distance of 20 mm and a frame rate of 120 Hz, which is connected to a desktop computer
to record thermal images throughout the drying process using the Optris Pl Connect
software (Optris GmbH, Berlin, Germany). Similarly, the reference emissivity material
(radius = 12.5 mm and € = 0.95) was placed parallel to the lens of the thermographic
camera at a distance of 40 cm to calculate the reflected energy received by the

thermographic camera.

2.5.  Sorption isotherm modelling

In parallel with the drying process and under the same operating conditions, a convection
dryer was used to dehydrate 24 fresh skinless goldenberry. The masses of the samples
were previously determined using a precision balance (Mettler Toledo AB304-S), then
each sample was placed on each petri dish and arranged in three rows and eight columns.
Each column corresponds to a different drying time and isothermal curve (see Fig. 1),
from which the samples were taken out of the dryer and allowed to stabilize for 30 min
to record their mass and water activity (Aqualab®, Series 3 TE). The samples were then
kept at 4 °C for 24 h, and after the equilibration process, the mass, water activity, and

moisture of the equilibrated samples were measured (Traffano-Schiffo et al., 2015).
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The experimental moisture values and their respective water activities were adjusted with
the GAB model by Equation (1).

_ XWO Cc Ay
Xw = (1-K ay)(1+(C-1)ay) (1)

Where: Xy corresponds to the meat sample moisture (Kgw/kgdm), Xwo the monomolecular
moisture layer (kgw/kgam), C corresponds to the Guggenheim constant (dimensionless)

and K is the correlation factor (dimensionless).
2.6. Differential Scanning Calorimetry (DSC)

The methodology proposed by (Vega-Géalvez, Lopez, et al., 2014a), with slight
modifications, was used to determine the heat capacity (Cp) of fresh goldenberry samples.
The thermal profiles of the samples were obtained using a differential scanning
calorimeter (DSC, System 1 StarekE, Mettler-Toledo, Switzerland), which was calibrated
using the automatic calibration function FlexCal, as recommended by the manufacturer.
Each sample (10 - 15 mg) was weighed directly into a 40 uLL. DSC aluminium pan (Mettler
Toledo, ME-00026763) using a Mettler Toledo XS-205 balance, excluding the mass of
the pan. The pan was then hermetically sealed to prevent moisture loss during the
analysis. The sample pans, along with an empty pan used as a reference, were placed in
the DSC oven. All experiments were performed in triplicate, following the thermal profile
described below: samples were cooled from room temperature to —50 °C at a rate of
—5°C/min and held at this temperature for 30 minutes to ensure complete freezing.
Subsequently, the samples were heated from —50 °C to 80 °C at a rate of 10 °C/min, and
held at 80 °C for 1 min.

3. Results and discussion

3.1.  Drying Kinetics of Physalis peruviana

To better understand the drying kinetics of goldenberry, it is essential to first describe the
internal tissue structure through which water is transported. The fruit consists of
approximately 1 % epidermal tissue (which is removed prior to drying), around 15 %
cortical parenchyma near the skin, 3 %5 % vascular tissue, and between 70 % and 85 %
spongy parenchyma, with the remainder corresponding to seeds (Balaguer et al., 2024).
These anatomical features imply that water transport involves multiple coordinated
pathways: apoplastic (extracellular), symplastic (intracellular, via plasmodesmata), and

transmembrane (connection extra and intra cellular transport), all primarily occurring
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within parenchymal tissues. The coexistence of these transport mechanisms, along with
structural events such as plasmolysis, results in multiple internal water transport rates

operating simultaneously during drying.

Fig. 3 shows the classic drying curve of the goldenberry sample, which started with an
initial moisture of 4.102+0.043 (kgw/kgt) and reached a final moisture of 0.298 + 0.108
d.b. in 13 h of continuous drying, corresponding to a mass loss of 74.55% (x 2.11). It
should be noted that the surface moisture of the goldenberry sample evaporates first, then
the water moves from the inside of the sample to the surface by diffusion principles
(Doymaz, 2008), in agreement with the work reported by (Vasquez-Parra et al., 2013;
Lopez et al., 2013).
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Fig. 3. Drying curve of Physalis peruviana at 60 °C.

Nevertheless, given the inherent difficulty in observing the drying stages undergone by
the goldenberry, it is essential to plot the drying speed curve (Fig. 4) in order to gain

insight into this process.
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and 111 — decreasing speed.

The drying rate curve illustrates the variation in drying rate in relation to the dry-base
moisture content and allows the observation of three distinct drying phases. A brief
induction phase (I) is evident during the initial three points, succeeded by a phase of
constant drying rate (I1) at 0.024 kgw/min with a critical moisture content of 3.5 kgw/kgowm.
Subsequent to the critical moisture content, a decline in the drying rate is observed until
equilibrium moisture is reached (0.3 kg water/kg dry matter), which occurs 45 minutes

after the commencement of the drying process.

Additionally, during the drying process, the goldenberry exhibits deformation associated
with water loss and morphological transformations resulting from internal cellular

plasmolysis of the fruit, as evidenced by volume variation (Fig. 5).
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Fig. 5. Volume variation curve of Physalis peruviana during the drying process at 60 °C.

Goldenberry consists mainly of parenchymatic tissue, characterized by thin primary cell
walls, high vacuole content, and loosely packed cells. During drying, the removal of water
from this tissue leads to plasmolysis, collapse of cell walls, and progressive loss of turgor
pressure. These structural changes contribute to the distinct phases observed in the drying
rate curve. In the initial constant-rate period, free water from intercellular spaces and
vacuoles is easily evaporated. As drying progresses and water must diffuse through
increasingly rigid and collapsed cell matrices, the drying rate decreases, marking the

transition to the falling-rate period.

It is important to note that the loss of volume is directly proportional to the water loss,
resulting in an overall volume reduction of 68 %. If the tissue volume were to shrink
exactly in proportion to the volume of water lost, the expected shrinkage would be
approximately 95 %. However, part of the space formerly occupied by water becomes

filled with air, leading to a partial swelling or expansion of the tissue matrix.

The drying process is a complex operation, and existing empirical and/or physical models
are inadequate for describing and explaining the transfer of mass and heat in the
dehydration of food. In recent studies such as Traffano-Schiffo et al. (2014), Talens et
al. (2016a, 2016b), the importance of using irreversible thermodynamics to describe the
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phenomenon of water transport during drying based on the structure of the food has been
demonstrated. Therefore, it is crucial to determine the flow of water extracted from the
fruit using Equation (2).

AM,,-M,
At -S Mry

Jw = 2)

In this equation, AMy, represents the mass variation of water in the sample, Mo denotes
the initial mass, At signifies the variation in drying time, and S is the surface obtained
from the volume (Figure 5), assuming that the goldenberry is a sphere. Myw represents

the molecular mass of water (18 g /mol).

Fig. 6 shows the water flow extracted from the goldenberry sample exhibits an increase
until reaching 0.01831 + 0.00089 (kmolw/m?s), which is caused by the appearance of the
drying induction stage and is almost non-existent in other fruits. Once the drying
induction stage is complete, the water flow declines throughout the remainder of the
drying process, reaching a final value of 0.000611 + 0.000091 (kmolw/m? s), as
anticipated, coinciding with work carried out on samples of goldenberry by (Vega-
Galvez, Ldpez, et al., 2014b; Vega-Galvez, Puente-Diaz, et al., 2014).
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Fig. 6. The evolution of water flux during the drying process of Physalis peruviana.
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3.2.  Thermographic monitoring of the drying process of Physalis peruviana

The importance of monitoring the temperature variation in the boundary layer between
the surface temperature of the goldenberry sample and the temperature of the drying air
using a thermal imager during the drying process allows the surface phenomena affecting
drying to be identified and described (Traffano-Schiffo et al., 2015). It should be noted
that the thermal imager detects the energy flow through its pyroelectric detector, which

is based on the Stefan-Boltzmann law for heat transfer by radiation (Talens et al., 2017).

In order to interpret the measurements of the radiant energy flux recorded by the thermal
camera, and therefore calculate the emissivity of the goldenberry sample during drying,
it is important to carry out a radiant energy balance based on the Stefan-Boltzmann law,
taking into account the following terms: the first term represents the energy flux emitted
by the goldenberry sample, the second term represents the energy flux emitted by the
environment and the third term represents the energy flux absorbed by the air (Traffano-
Schiffo et al., 2014), see Equation (3).

Er = ecoTc* = F - €o0j0Ton; + Eene — (1 = Tgiy)F - 0T, 3)

Where Ey is the total energy received by the camera (W/m?), &, is the emissivity set in
the thermographic camera (s = 1), o is the Stefan-Boltzman constant (5.67 x 10
W/m2K%), T, is the temperature calculated by the thermographic camera, F is the
geometric factor that can be taken as 1 when the camera is placed perpendicular to the

samples, &, ; is the emissivity of the goldenberry, Tobj is the surface temperature of the

golden berry, E ., is the energy of the environment on the object obtained with the
reference material, T,;,- is the air permeability which, when it is less than 40 cm from the
fruit and the RH of the environment is less than saturation, can be considered equal to 1,

leaving this term as zero.

As observed in Fig. 7, the average emissivity of the goldenberry sample decreases to a
value of 0.834 £ 0.070 during the first 45 min, this phenomenon is due to the absorption
of radiant energy by the water molecules present on the surface of the goldenberry sample
(degree of excitation) in the infrared range, therefore as the humidity decreases, its

emissivity will be lower, in agreement with that reported by (Traffano-Schiffo et al.,
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2014) in the dehydration of pork. After the critical drying humidity (45 min), which is the
beginning of the decreasing drying stage, the drying rate decreases due to the decrease in
the water flow from the center to the surface of the sample, as well as the mobility
(diffusion) of the soluble solids (Uribe et al., 2022; Vega-Galvez, Puente-Diaz, et al.,
2014). 1t is also noteworthy to observe the effect of temperature on the emissivity, the
latter increasing to 0.889 £ 0.015 as the temperature of the sample surface increases after
13 h of drying.
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Fig. 7. Evolution of the mean emissivity values during the drying process of Physalis

peruviana.

Once the surface temperature of the goldenberry sample was obtained, it was compared
with the evolution of the air temperature during drying using a Mollier psychrometric
chart. Fig. 8 shows two examples in different atmospheric conditions (cold and hot day)
that cause the surface temperature of the goldenberry samples to change through different
isenthalpic conditions, as observed in the orange peel drying process (Talens et al., 2016a,
2016b, 2017).
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Fig. 8. Evolution of the mean emissivity values during the drying process of Physalis

peruviana.

These two examples in Fig. 8, as limits of the experiment (cold and warm day), start the
drying process with enthalpies of 16 and 20 kCal/kgpa. It can also be seen that the drying
process is initially adiabatic. The surface temperature of the sample starts from the wet
temperature and rises to the drying temperature. However, the sample undergoes

adiabatic heating and cooling as it approaches the drying temperature.
3.3.  Sorption isotherm of Physalis peruviana

In order to determine the mechanisms that intervene and affect the drying (boundary
layer), it is first necessary to obtain the relationship between humidity and water activity,
so the sorption isotherm was carried out. The experimental data of the sorption isotherms

of goldenberry at a temperature of 60°C are shown in Fig. 9.
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Fig. 9. Sorption isotherm of Physalis peruviana carried out in triplicate, where:
corresponds to the first experiment, corresponds to the second experiment and @

corresponds to the third experiment.

From the experimental data of the sorption isotherm, the values of: Xwo, C, K, A0, 1, o
and ef have been obtained according to the GAB model, allowing a direct relationship
between water activity and humidity based on the Gompertz transformation during

drying, see Table 1.

Table 1. GAB and Gompertz model parameters

GAB (60 °C) Gompertz (60 °C)
X _ XWocaW aW — ef + ZAO i
W ™ (1=K aw)(1+(C-Day) 14 (e¥*-logCGw)?a)

(Cortésetal., (Vega-Gélvez,

Parameters Experimental Parameters Experimental
2012) et al., 2014b)
A0 0.8
Xwo 0.067 0.231 0.086
T -1.0
C 4.678 2.419 32.88 a 1.4
K 1.006 0.760 0.956 ef 11
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The GAB model parameters provide insights into the water-binding behavior of
goldenberry during drying. The monolayer moisture (XwO0) represents the amount of
water adsorbed to specific active sites on the fruit surface, which is essential for product
stability. A low XwO0 indicates that goldenberry retains a relatively small amount of
adsorbed water, consistent with its high sugar and acid content. The Guggenheim constant
(C) reflects the strength of interaction between the first layer of water molecules and the
food matrix. Higher C values suggest stronger binding forces. The K parameter accounts
for multilayer water sorption beyond the monolayer; values of K closer to 1 indicate more
homogeneous multilayer water binding. These parameters collectively help to understand
the moisture adsorption and desorption behavior of goldenberry, relevant for optimizing

storage and drying strategies.

In Table 1, GAB parameters have been compared with previous parameters obtained by
Cortes et al. (2012). Compared to the data reported by Cortes et al. (2012), the monolayer
moisture values obtained in this study appear more consistent with the expected behavior
of fruits, which generally exhibit a lower water adsorption capacity than other foods such
as meat. The values of parameter C are similarly low in both studies, indicating moderate
isosteric heat values that align with the limited ability of fruit tissues to bind water
molecules. In contrast, the K parameter typically approaches 0.99 in fruits, due to the
steep slopes observed in isotherm curves under high turgor conditions, an aspect that

appears inconsistent with the values reported by Cortes et al. (2012).

3.4.  Thermodynamic modeling of drying of Physalis peruviana

The irreversible thermodynamics has the ability to describe the mechanical phenomena
involved in the drying process of goldenberry; that is, it takes into account the structure
of the food in the transport of water during drying and its interaction with the air (Fig.
10). In order to better understand the behaviors involved in the drying process, a
thermodynamic model, based in the free energy variation, was developed and described
by Equation (4) (Talens et al., 2016a).

Where: SdT corresponds to the entropic term and is related to the heat flows; VdP

corresponds to the mechanical energy term related to the pressure variation; Fdl
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corresponds to the mechanical energy term related to the tensile force; yde corresponds
to the energy term related to the electric field induced by the dissolved ions; ):; u; dn;
corresponds to the activity term and is the sum of the chemical potential of the species

"i", the rest of the state variables being constant.
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Fig. 10. Schematic diagram of the thermodynamic equilibrium.

Considering the hypothetical existence of an interface between the air flow and the
surface of the goldenberry, it is possible to calculate the increase in free energy between
the two systems. Furthermore, in order to determine the water transport engine, it is
necessary to obtain the water chemical potential, where it is defined as the free energy by

water mol (Equation (5)).

46
A, = — ®)

Anyy,

Where: Apw = water chemical potential (J mol™); AG = Gibbs free energy change (J); Anw
= moles of water (mol). Equation (6) is obtained from equations (4), (5). The terms Fdl
and Yide in equation (4) can be neglected, since the plant tissue is a rigid system and there

IS no great effect of ions, since the sample contains only native ions of goldenberry.

Aty = = s, (T = T5) + v, (P9 — PS) 4 RTSIn- ©)

air
P

Where: sy = partial molar entropy of water (J K** mol™?); T = temperature (K); vw = partial

molar volume of water (m3 mol-1); P = pressure (atm); R = ideal gas constant (8.314472

109 |Pagina



J K molY); aw = water activity; ¢ = relative humidity. The superscripts s and air refer to

the surface of the goldenberry and the surrounding air, respectively.

Before obtaining the extended chemical potential of water, it is necessary to calculate the

partial molar enthalpy of water (Equation (7)).

Cp(TS=THT)-M¢+AGyap -MgAM,y,
S =
w Mg-TS Xy Mry

()

Where: Cp= specific heat of goldenberry 3.96 + 0.02 kJ kg™ K™ obtained by differential
scanning calorimetry explained in material and methods section; T° = surface temperature
of the sample (K); T3" = temperature of the air surrounding the goldenberry (K); M=
mass of goldenberry at each time of the drying process (kg); AGvap = latent heat of
vaporization 2494.4 kJ kg (Fletcher, 1970); MP= initial mass of the sample (kg); AM,,=
mass variation of water in the sample during drying (-); xw= mass fraction of water in the

sample during drying (kg kg-1); Mry,= molecular mass of water (18 g mol™).

However, the limited information on the mechanical energy (vwAP) of the goldenberry
fruit during the drying process makes it impossible to calculate all the terms of the
chemical potential of water. It is therefore necessary to relate the available information to

the water flow.

As the system is unstable and out of equilibrium, it is essential to understand the water
flow and the thermodynamic forces involved in drying. The first Onsager relation
(Traffano-Schiffo et al., 2014) can be used to describe the molar flow of water from the
food, driven by the gradient of the chemical potential of water between the interior and
the surface (Equation (8)). The phenomenological coefficient is constant in reversible
processes and helps to quantify how easily water moves in response to this gradient.
However, if mechanical energy stores cause irreversible fractures in the medium, the
phenomenological coefficient will evolve according to the transformation undergone by

the tissue.

Jw = Ly - Ap,, (8)

Where: Jw= molar flow of water (mol s> m?); Lw = phenomenological coefficient (mol?

Jt st m?); Apw = chemical potential of water (J mol™).
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Since it is not possible to obtain the mechanical gradient, it is possible to calculate the
rest of the components of the chemical potential of water. That is, a chemical potential
can be defined without the effect of mechanical transformations in transport, using the
following Equation (9) obtained from Equation (6).

Ay = =5, (T®7 = TS)+ RT*In_2 9)

Although it is not possible to obtain the mechanical gradient in the figure, it is possible
to calculate the remaining components of the chemical potential of water. That is, a water
potential gradient can be defined without the mechanical energy term (4u,), as shown in
Fig. 11, across the air/golden grass surface interface. Furthermore, the chemical potential
gradient of the water over the surface of the goldenberry shows an increase until it reaches
a maximum value of 7500 J/mol during the first 450 min, after which it begins to decrease

until the end of the drying process.
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Fig. 11. Evolution of the water chemical potential gradient, without mechanical energy

term, between the air and the Physalis peruviana surface.
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Using Equation (9), it is possible to determine the phenomenological coefficient using
the definition of potential in Equation (10). This phenomenological coefficient will be
more accurate the smaller the influence of the variation in mechanical energy at the
interface is compared to the energies associated with the variation in water activity and
temperature. According to the Traffano-Schiffo et al. (2014), the relationship between the
phenomenological coefficient and the water flow will be more linear the smaller the effect
of the pressure term (mechanical). Fig. 12 shows this relationship and indicates that it is
possible to establish a linear relationship between the two.
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Fig. 12. Relationship between phenomenological coefficient and water flow.

With the linear relationship between the coefficient and the flow, the chemical potential
can be recalculated from the equation obtained. By subtracting this chemical potential of
water from that calculated in Equation (9), as shown in Equation (10), it is possible to

determine the mechanical term.

vy AP = Apy, — Apy, (10)

Fig. 13 shows the evolution of the mechanical term over the drying time. In the first 100
minutes, the mechanical term decreases from 1556.259 + 273.661 to -210.977 £ 175.256,
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which is related to a large storage of mechanical energy due to the initial contraction of
the goldenberry structure caused by the high water loss. From 100 to 600 min, a phase of
zero mechanical term is observed, associated with the cellular plasmolysis process.
Subsequently, the mechanical energy reaches a value of 2280.527 + 223.763 at the end
of the drying process, releasing mechanical energy to the system.
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Figure 13. Evolution of the mechanical energy term of the chemical potential of the water

during the whole drying process.

4, Conclusions

A drying monitoring system using infrared thermography has been developed to follow
the drying process of goldenberry to optimum conditions. To this end, the evolution of
the emissivity of the fruit surface during the process was obtained.

The evolution of the phenomenological coefficient of goldenberry drying during the

process has been obtained, which will allow this operation to be predicted in the future.
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The mechanical effect (internal fractures, plasmolysis and storage of mechanical energy)
in the goldenberry dehydration process has been observed. This will allow both the
rehydration capacity of the fruit and its effect on a formulated food system to be predicted.

Engineering tools such as the sorption isotherm, emissivity and phenomenological

coefficient were obtained, which will facilitate future modelling of goldenberry drying.

The integration of infrared thermography with thermodynamic modeling provides a
powerful tool for improving the efficiency and control of convective drying processes in
the food industry. By enabling non-invasive, real-time monitoring of surface temperature
and emissivity, this system allows for better identification of critical drying stages and
optimization of process parameters. Furthermore, the quantification of water flux and
chemical potential gradients supports a more accurate prediction of moisture migration,
which is crucial for minimizing energy consumption, reducing drying time, and
preserving product quality. These findings offer a valuable basis for the development of
more sustainable and cost-effective drying protocols for high-moisture fruits such as

goldenberry.
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4.3. Sistema de monitorizacion de la congelacion de aguaymanto (Physalis peruviana)

mediante espectrofotometria de radiofrecuencia y termografia infrarroja.
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Abstract

This study presents a non-invasive monitoring system combining infrared thermography
and radiofrequency dielectric spectroscopy to characterize the freezing behavior of
goldenberry (Physalis peruviana). The system enabled simultaneous acquisition of
surface temperature profiles, internal dielectric responses, and emissivity changes during
freezing at —40°C. Thermal imaging revealed distinct freezing stages, including
subcooling, ice nucleation, and vitrification, with emissivity decreasing to 0.837 during
initial dehydration and increasing to 0.951 near the glass transition (—35.8 °C). Dielectric
measurements identified o- and B-dispersions linked to ionic mobility and interfacial
polarization, with relaxation frequencies decreasing progressively as freezing advanced.
The integration of both techniques allowed the detection of critical phase transitions,
including the onset and completion of ice crystallization, supported by differential
scanning calorimetry. These findings provide insight into structural changes and water
mobility in high-moisture fruits, enabling real-time assessment of freezing kinetics. The
approach demonstrates significant potential for optimizing industrial freezing protocols,
improving the preservation of delicate fruits by minimizing structural damage and

degradation of bioactive compounds.

Keywords: infrared thermography, radiofrequency, spectrophotometry and freezing.
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Highlights

A non-invasive system monitors goldenberry freezing using IR thermography and RF

sensing.

Emissivity profiling detects critical thermal transitions, including vitrification.
Dielectric spectroscopy reveals o/ relaxations linked to ionic mobility and ice formation.
Combined thermal-dielectric data enable precise identification of phase change points.
1. Introduction

Goldenberry (Physalis peruviana) is an exotic fruit native to the Peruvian Andes,
recognised for its nutritional value and its high content of bioactive compounds, such as
carotenoids, polyphenols, flavonoids and vitamin C (Olivares-Tenorio et al., 2016; L. A.
Puente et al., 2011). A substantial body of research has demonstrated that these
compounds possess antioxidant, anti-inflammatory, and immunomodulatory properties
(L. Puente et al., 2021b; L. A. Puente et al., 2011; Vasco et al., 2008). Notwithstanding
its nutritional benefits and growing demand in the agri-food industry, goldenberry is
considered a highly perishable fruit (Balaguera-Lopez et al., 2017; H. E. B. Lopez et al.,
2024; Ozcelik et al., 2024). This is attributed to its rapid postharvest metabolism and high
enzymatic activity, which generates losses of mass, texture and bioactive compounds
along the marketing chain. In this context, the implementation of effective preservation
techniques is imperative to extend their shelf life and maintain their nutritional and

sensory properties.

Freezing is one of the most commonly applied preservation methods for fruits, offering
extended shelf life and minimal nutrient loss. This method involves subjecting the food
to temperatures below 0 °C, which has been shown to reduce water mobility (intra- and
extracellular) and water activity (aw) (Chi Khang, Le Dang, Van Muoi, & Thanh Truc,
2022; Da Silva, Silveira, Ronzoni, & Hermes, 2022). This, in turn, has been demonstrated
to decrease chemical reactions, as well as enzymatic and microbial activity (De Ancos,
Sanchez-Moreno, De Pascual-Teresa, & Cano, 2012; Delgado & Sun, 2001; Loayza-
Salazar et al., 2024). In this context, freezing has been shown to preserve the sensory
quality (i.e. odour, colour and taste) and nutritional value of the product (Ojha, Kerry,
Tiwari, & O'Donnell, 2016).

123 |Padgina



During the freezing process, the phenomena of heat and mass transfer are contingent on
the properties of the foodstuff, including its composition, porosity, density and surface
area (Delgado & Sun, 2001). Consequently, the freezing process can be categorized into
three distinct stages: initial cooling, phase change (nucleation and ice formation), and
tempering. The subsequent cooling stage involves the reduction of the initial temperature
to the sub cooling temperature, below the freezing point, where the nuclearization is
produced. The phase change stage is characterized by the initiation of nucleation and the
subsequent growth of ice crystals, a consequence of the surface tension of water ice Ih,
and its state transition (liquid — solid). Finally, the tempering stage begins after the
completion of the phase change and concludes when thermal equilibrium is established
between the sample and the ambient freezing conditions (Ben Haj Said, Bellagha, &
Allaf, 2016; De Ancos et al., 2012; Tomas-Egea, Castro-Giraldez, Colom, & Fito, 2022).
However, the efficiency of the freezing process is closely related to a number of
phenomena, including the kinetics of formation and agglomeration of ice crystals of the
type Ih, as well as the vitrification processes undergone by the fruit. Among these critical
phenomena are sub cooling, the initial freezing point (Tmo), the freezing temperature of
the maximally cryoconcentrated sample (Tm") and the glass transition temperature (Tg')
of the sample. These phenomena are instrumental in determining the structural and
biochemical stability of the product during frozen storage (Fan & Roos, 2017; Roos,
1993; Talja & Roos, 2001). In view of this, the monitoring of ice formation in food is of
utmost importance, as is the determination of technical parameters such as those
mentioned above, which are to be transferred to the industry dedicated to freezing

processes of exotic fruits, due to the paucity of research in this area.

The present study investigates the monitoring of ice formation in plant tissues using
thermocouples. Despite their accuracy and low measurement error, these techniques are
destructive due to their insertion into the food tissue (surface and/or center), causing
damage to the structure (cells), leakage of intra- and extra-cellular liquid, and
contamination of the samples (Cuibus, Castro-Giraldez, Fito, & Fabbri, 2014; Li, Cheng,
& Cheng, 2025). Consequently, the frozen fruit industry (predominantly the goldenberry
industry) has been demanding novel non-invasive methods to monitor the surface

temperature of the food.

Infrared thermography technology (deriving from infrared radiation) constitutes a

component of thermal analysis methods, with a focus on the acquisition and processing
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of thermal images (Gongalves et al., 2018; Usamentiaga et al., 2014). This technique has
been shown to have several advantages, including being non-invasive, fast and objective
for the analysis of non-contact surface temperature profiles (Gongalves, Giarola, Pereira,
Vilas Boas, & de Resende, 2016; Harrap, Hempel de Ibarra, Whitney, & Rands, 2018;
Shammi et al., 2022). Recent advances in the field have also explored the integration of
thermal imaging and spectroscopic techniques to characterize internal structural
heterogeneity and firmness distribution in fruits (Lan et al., 2024; Wang et al., 2024),
supporting the relevance of advanced non-invasive tools for assessing quality attributes
in plant-based systems. In recent years, there has been a concerted effort to apply infrared
thermography to a variety of contexts. For instance, Gongalves et al. (2018) have used
the technique to monitor the heat transfer process during the freeze-drying of gelatin
solutions with ethanol, while Shammi et al. (2022); Shammi, Sohel, Diepeveen, Zander,
and Jones (2023) have employed infrared thermography to detect frost in crops. In the
following years, research has been conducted on the estimation of freeze-dryer plate
temperature (Li et al., 2025), the detection of water stress in almond plants (Poirier-
Pocovi, Volder, & Bailey, 2020), the analysis of heat stress in insects (Gallego, Verdd,
Carrascal, & Lobo, 2016) and the assessment of lesions in cold-stored guava (Gongalves
et al., 2016). The extant literature demonstrates the potential of using thermal imaging
cameras in agricultural and biological applications. However, the majority of these
investigations do not consider the determination of emissivity and do not make

corrections to accurately estimate the real temperature of the object under study.

In this context, the determination of the emissivity of a body from its radiant energy
becomes relevant, considering that the thermal camera sensor captures not only the energy
emitted by the object under study, but also the energy of the surrounding air and the
radiation reflected from the environment (Usamentiaga et al., 2014). A paucity of studies
has been identified that address the determination and/or correction of object emissivity
in agri-food processes. The following studies are notable in this respect: the drying of
pork (Traffano-Schiffo, Castro-Giraldez, Fito, & Balaguer, 2014); the drying of potatoes
(Tomas-Egea, Traffano-Schiffo, Castro-Giraldez, & Fito, 2021); the freezing of pork
(Castro-Giraldez, Balaguer, Hinarejos, & Fito, 2014); and the freezing of potatoes
(Cuibus et al., 2014). However, research applying infrared thermography to small and

structurally complex fruits such as goldenberry has not yet been reported.
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Spectrophotometry is a technique based on the interaction of photons with matter along
the electromagnetic spectrum, the behavior of which can be modelled from quantum
theory via the Schrédinger equation (Chandra Roychoudhuri, 2017). At the macroscopic
level, Maxwell's equations facilitate the description of the interaction between electric
and magnetic fields and materials, represented respectively through the complex
permittivity and the material complex permeability (Tomas-Egea et al., 2022; Traffano-
Schiffo, Castro-Giraldez, Colom, & Fito, 2018; Traffano-Schiffo, Castro-Giraldez,
Colom, Talens, & Fito, 2021). Permittivity is a vectorial property consisting of a real part
(€"), which is associated with the material's capacity to store electrical energy, and an
imaginary part (&"”), which is related to dielectric losses. Within the radiofrequency range,
the dielectric behavior facilitates the identification of three primary contributions across
the spectrum: two associated with molecular orientation effects (o and  dispersions), and
one linked to molecular vibration and ionic conduction (o) (Heileman, Daoud, &
Tabrizian, 2013; Kuang & Nelson, 1998; Liu & Guo, 2017). The a- dispersions (Hz-kHz
range) has been shown to be associated with charged molecules that exhibit low mobility
and high ionic strength, such as electrolytes and organic acids. Conversely, - dispersions
(kHz-MHz) has been observed to be associated with charged macromolecules, such as
proteins and carbohydrates, in addition to interactions at interfacial surfaces that exhibit
charges with high surface tension (Cuibus et al., 2014; Tomas-Egea et al., 2022; Traffano-
Schiffo et al., 2018, Traffano-Schiffo et al., 2021).

Recent studies have demonstrated that dielectric analysis (a- and -dispersions) can detect
changes in molecular structure associated with the glass transition (Tg'), thus providing a
non-destructive tool for monitoring product stability during the freezing process (Fan &
Roos, 2017; Tomas-Egea et al., 2022). Despite the advances in the individual use of these
technologies, their joint application to monitor and understand freezing processes in fruits
such as goldenberry remains limited. The integration of infrared thermography and
radiofrequency spectrophotometry has the potential to provide a more comprehensive
understanding of thermal and dielectric events during the freezing process. This, in turn,
could facilitate a more precise characterization of physical transitions, thereby

contributing to the development of enhanced preservation protocols.
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2. Materials and methods

The experimental procedure is shown in Fig. 1. Likewise, each step of the flowchart is

explained in the following paragraphs.
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Fig. 1. Experimental procedure in freezing process of Physalis peruviana.

2.1. Sample goldenberry fruits

The samples of fresh goldenberry fruit at commercial ripeness, coming from Ecuador,
were obtained through the importing company Ammarket (Orihuela, Alicante - Spain).
The goldenberry fruits arrived in refrigerated boxes (100 g / box) with uniform size
(diameter) and weight, 3.8+0.21 cm and 3.9+0.4 g, respectively, which were kept in a

refrigerator at 6 °C until later analysis and execution of the experiment.
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2.1.1. Soluble solids content

The soluble solids (°Brix) of the goldenberry juice were determined using the AOAC
method 932. This involved placing 3 to 5 drops of the juice on the lens of the Hanna

H196800 refractometer and taking a reading.

2.1.2. Moisture

The fruit's moisture (in dry basis) was characterized using the methodology of AOAC
Method 934.06, 2000.

2.2. Sample conditioning

Prior to the experiment, the goldenberry fruits were removed from the refrigerator and
acclimatized at room temperature (18.5 = 0.6 °C) for a period of 24 h. Furthermore, a
sample holder was designed and printed in PLA) with a 3D printer to facilitate the
monitoring of the freezing process of the fruits (Fig. 2). The order in which the fruits were
placed in the sample holder was as follows: on the right side, the first fruit was used for
temperature monitoring using K-type thermocouples (surface and center); in the center,
the second fruit was used for surface temperature monitoring using an infrared camera;

and on the left side, the third fruit was used for the measurement of dielectric properties.
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Figure 2. Sample conditioning by sample holder: a) Isometric drawing of the sample
holder; b) top and side views of the sample holder; c) location of the samples for the
extraction of information (temperature and dielectric properties) and d) conditioning of
the fruit in the holder.

2.3. Freezing process

In the present study, data acquisition systems were installed for the purpose of monitoring
the freezing process of godenberry fruit. This work is founded upon the contributions of
Tomas-Egea et al. (2022) and Cuibus et al. (2014) the installation of the systems involved
the measurement of surface and core temperature of the sample, surface temperature by
thermographic camera, and dielectric properties (Fig. 2). Prior to the initiation of the
freezing process, the sample holder was positioned on an expanded polystyrene box,
which was then situated in the center of a horizontal convective air freezer (model ACR-
45/87, Dycometal, SL, Barcelona, Spain), with no-frost technology. This configuration
ensured that the forced cold airflow would directly contact the fruit (Fig. 2, b and d). This
approach facilitated effective convective heat transfer from the air to the fruit, as well as

radial conduction heat transfer (from the surface to the center) within the fruit.

In addition, three goldenberry fruits were utilized in each experiment, positioned within
the designated sample holder (Fig. 2, ¢). The initial fruit was positioned on the right, with
the objective of conducting temperature monitoring (both surface and core) through the
utilization of two K-type thermocouples, with data recorded at an interval of 5 s. The
temperature was recorded using an Agilent 34972A data acquisition system (Agilent
Technologies, Malaysia). Additionally, the surface temperature of the 25 mm diameter
certified emissivity reference material (¢ = 0.95) (Optris GmbH, Berlin, Germany) and
the air temperature inside the freezer were monitored. The second fruit was positioned
centrally for measuring surface temperature. This was accomplished by means of a
thermographic camera (Optris PI® 160, Optris GmbH, Berlin, Germany) positioned at a
distance of 30 cm, with recordings being conducted at an interval of 0.5 s. The camera
was connected directly to a laptop (PCG - 2L5M, Sony WAIO, USA) for the purpose of
recording frames (video) of the goldenberry fruit and emissivity reference material during
the online freezing process. The third fruit was positioned on the left, with the objective

of monitoring the dielectric properties by means of a two-needle sensor that was inserted
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in the center of the sample. This was connected to an Agilent 4294A impedance analyzer
(Agilent Technologies, Santa Clara, CA, USA).

Following the installation of the data acquisition systems and the placement of the
goldenberry fruits in the sample holder, an extruded polystyrene sheet (Chovafoam type
41, Leroy Merlin SL, Valencia, Spain) was utilized as thermal insulation. The sheet,
measuring 68 cm x 52 cm x 3 cm, was utilized as the lid of the chest freezer and was
affixed with adhesive tape to minimize heat ingress from the external environment.
Furthermore, the apparatus featured a central aperture measuring 7 cm in diameter, which
served as the site for the integration of the thermographic camera. The freezing process
of the goldenberry fruits was conducted at a temperature of -40 °C for a duration of 45
min, with an air flow of 1 m/s, within a horizontal freezer equipped with forced air
ventilation (model ACR-45/87, Dycometal, SL, Barcelona, Spain) (Fig. 3).

Fig. 3. The freezing process monitoring system is comprised of the following

components: a) Thermal data acquisition; b) Freezing process; c) Dielectric data

acquisition; d) Sample holder and e) Real environment.
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2.4. Infrared thermography

According to Tomas-Egea et al. (2022) and Traffano-Schiffo et al. (2014), in order to
obtain thermal images, the thermal camera operates under the following conditions: two-
dimensional focal plane (matrix) of 160 x 120 pixels, spectral range of 7.5 — 13.0 um,
resolution of 0.05 °C and accuracy of + 2%. The thermal camera measures in a
temperature range of -20 to 900 °C, with a field of view (FOV) of 23°x 17° at a minimum
distance of 20mm and a frame rate of 120 Hz, which is connected to a desktop computer
to record thermal images throughout the freezing process using the Optris Pl Connect
software (Optris GmbH, Berlin, Germany). Similarly, the reference emissivity material
(radius = 12.5 mm and ¢ = 0.95) was placed parallel to the lens of the thermographic
camera at a distance of 30 cm to calculate the reflected energy received by the
thermographic camera (Fig. 3, b).

2.5. Dielectric properties

The dielectric properties of the goldenberry were obtained by means of a needle-type
dielectric sensor, taking as a reference the work carried out by Tomas-Egea et al. (2022).
The dielectric sensor is composed of two steel needles, the dimensions of which are as
follows: The dimensions of the perforation are recorded as 1 mm diameter, 2 mm height
and 1.5 mm separation between them (Fig. 4). The perforation penetrates the lower part
of the fruit (perpendicular to the equatorial line) until reaching the center (see Fig. 2c).
The dielectric sensor was connected to a 4294A impedance analyzer (Agilent
Technologies, Santa Clara, CA, USA), which was operated remotely via a desktop
computer (ThinkCentre Type 7099 - 7099B8G, Lenovo, China), allowing online
monitoring.

Prior to the calibration of the impedance analyzer, it was required to stabilize for a
minimum of one hour in order to eliminate possible static charges or stray current
(Chuquizuta et al., 2022; Guo, Fang, Liu, & Wang, 2015; Liu & Guo, 2017). The
calibration was conducted in accordance with the open-air and short-circuit
methodologies outlined by Tomas-Egea et al. (2022). The values of the complex
impedance spectrum (resistance - R and reactance - X) were measured in the frequency

(F) range (40 Hz to 1 MHz), with 401 data points obtained. The impedance values thus

131 |Padgina



obtained permitted the calculation of dielectric properties using Egs. (1), (2), (3)
(Traffano-Schiffo et al., 2018).

&S
Co = OT )
R ¢ 1
€ = ®erx?) zmrcoio12 (2)
e = == - (3)

R2+ X2 2mfCo10~12

Where CO is the vacuum capacitance (pF), e0 is the vacuum permittivity (C2/Nm2), S is
the sensor poles surface (m2), d is the distance between poles (m).

In order to observe the influence of the freezing process on the fruit, as well as on its
dielectric properties, it is necessary to obtain the o and [ relaxations in the radiofrequency
range. To this end, egs. (4), (5), (6), (7) proposed by Traffano-Schiffo et al. (2018) were

utilized to ascertain the o and B relaxation parameters.

Aloge', )
1+e(logw?-log 2)*an

loge' (w) =log€'o + Y2,

Where n is given by the dispersions of a and B, log €'represents the logarithm of the
dielectric constant, log €, is the logarithm of the dielectric constant at high frequencies,
log w is the logarithm of the angular frequency (rad/s) and Aloge;, is the amplitude of the
dispersion n, logt, is the logarithm of the angular frequency at relaxation time

(t,o; = 1/t,,) for each dispersion, «,, is the slope of the dispersion.

Also, from the parameters obtained from Eq. 4, the dielectric constant and the relaxation
frequency for each of the dispersion in the radio frequency range have been calculated
(Eq. (5), (6), (7)) (Traffano-Schiffo et al., 2018).

A lOg €,a)
2

62( _ 10(loge’w+A10ge'ﬁ+ (5)
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Where i corresponds to each dispersion (a and )
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Fig. 4. Schematic representation of the experimental setup used to measure the dielectric
properties at the center of the goldenberry sample during the freezing process. a)
Electrical circuit diagram for impedance measurement; b) Sensor configuration showing

the applied electric field; and c¢) Sensor positioning at the core of the fruit.

2.6. Differential scanning calorimeter

The methodology proposed by Vega-Géalvez, Lépez, Ah-Hen, Torres, and Lemus-
Mondaca (2014), with slight modifications, was utilized to ascertain the glass transition
temperature (Tg) and heat capacity (c,) of fresh goldenberry samples. The thermal
profiles of the samples were obtained using a differential scanning calorimeter (DSC,
system 1 StarE, Mettler-Toledo, Switzerland), which was calibrated using the automatic
calibration function FlexCal, as recommended by the manufacturer. Each sample (10 to
15 mg) was weighed directly onto a 40 uL. DSC aluminum tray (Mettler Toledo, ME-
00026763) using a Mettler Toledo XS-205 balance, without considering the mass of the
tray. Subsequently, the tray was hermetically sealed in order to prevent any loss of
moisture during the analysis. The sample trays, in conjunction with an empty tray that
served as a control, were placed in the DSC oven. All experiments were performed in
triplicate using the following thermal profile: samples were cooled from room
temperature to -50°C at a rate of -5°C/min, and held for 30 min to ensure complete
freezing of the sample. Subsequently, the samples were subjected to a heating protocol,
encompassing a temperature range from -50°C to 80°C at a constant heating rate of
10°C/min. A maintenance period of one minute was implemented to ensure the stability

of the temperature before proceeding to the subsequent stage of the experiment.
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2.7. Statistic

The Levenberg-Marquardt algorithm, as implemented in the MATLAB 2024b software
(MathWorks), was utilised to fit the data to the Traffano-Schiffo model and subsequently
calculate the dielectric relaxations o and 3. Furthermore, the implemented algorithm was
constrained to a maximum of 400 interactions, with a convergence threshold set at 1 x
107, For the purpose of statistical analysis, the coefficient of determination (R2) and root
mean square error (RMSE) were evaluated at the 95% confidence level, with egs (8), (9)

being employed for this purpose.

Furthermore, a univariate analysis of variance (ANOVA) and a Tukey's post hoc test (a
= 0.05) were conducted on goldenberry heat capacity, utilising Statgraphics Centurion
V.19 software.

2 Y @i-yi)?
k"= I Gi—yve)? (8)

RMSE = J%Z?ﬂ(yi —9)? ©)

Where, yi is the experimental value, y;: is the predicted value and n is the number of

observations.
3. Results and discussion
3.1. Freezing Kinetics

Figure 5 shows the freezing curve pertaining to both the surface and center of the
goldenberry that was obtained by means of K-type thermocouples over the course of a 45
min period. Three distinct stages were identified during the freezing process: After the
initial cooling of the sample, a subcooling stage occurs, followed by a phase change
(nucleation and freezing), and concluding with a tempering stage until thermal
equilibrium with the freezing air is reached. During the cooling stage, a decrease in
temperature was observed at the surface and in the center of the sample at different times.
In the surface, the subcooling stage was reached at 3.3 £ 0.4 min and at -2.28 + 0.03 °C,
and in the center of the sample, this stage was reached at 7 + 1 and -1.93 = 0.07 °C. This
temperature difference is attributed to variations in the freezing rate, resulting from both

convective and conductive heat transfer mechanisms (Guizani, Al-Saidi, Rahman,
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Bornaz, & Al-Alawi, 2010; Struchaiev, Postol, Stopin, & Borokhov, 2019). These effects
are further influenced by changes in solute concentration during the freezing process,
which lead to a progressive decrease in the freezing temperature and involve simultaneous
variations in internal energy and phase change energy (Ben Haj Said et al., 2016; Hajji et
al., 2022). Thus, marking the initiation of nucleation and the formation of ice crystals
within the fruit tissue. During this period, most of the water solidifies, while the remaining
liquid phase, primarily composed of non-electrolyte solutes, undergoes
cryoconcentration, leading to a gradual decrease in the freezing temperature. In the
subsequent phase, the supersaturated liquid phase induces a sudden drop in freezing
temperature, and a tempering process in which the sample equilibrates with the
temperature of the freezing air (Cuibus et al., 2014; Struchaiev et al., 2019). This decrease
corresponds to the third stage of the process in which the sample reaches the thermal
equilibrium with the air medium (Auleda, Raventos, Sanchez, & Hernandez, 2011; Da
Silva et al., 2022; Struchaiev et al., 2019).
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Fig. 5. Freezing curve of fresh goldenberry. The dashed lines represent the critical points
of the freezing curve of the center of the sample and the upper magnification represents

a specific sample, where the subcooling and initial freezing point are observed.
3.2. Differential scanning calorimetry

Figure 6 shows the thermogram of fresh goldenberry pulp (moisture 4.10 £ 0.04 kgw/kgrT),
where both an endothermic behavior and a glass transition are observed. The glass
transition temperature range is detailed in Table 1, with the midpoint (T’g) identified at -
35.8 £ 0.2°C. This T’g value is close to those reported for other fruits, including Deglet
Nour (Guizani et al., 2010), blueberries (Diaz, Henriquez, Enrione, & Matiacevich, 2011;
Vasquez, Diaz-Calderdn, Enrione, & Matiacevich, 2013), Chinese gooseberries (Wang,
Zhang, & Chen, 2008), and raspberries (Syamaladevi, Sablani, Tang, Powers, &
Swanson, 2009), which exhibit T’g values of -42.5, [-44.0 to -40.3], -55.8 and -62.1 °C,
respectively. The variation in T’g among these matrices is primarily attributed to
differences in water content and the molecular weight of solutes (Guizani et al., 2010),
since higher moisture content generally leads to lower T’g values (Collares, Finzer, &
Kieckbusch, 2004; Roos, 1993; Roos & Drusch, 2016). In the case of goldenberry, these
differences can be further explained by the predominant carbohydrate composition of its
cell wall, particularly the presence of sucrose (35g/100g total sugars), fructose
(29 g/100 g), and glucose (25 g/100 g) (Ramadan & Moersel, 2007). These low molecular
weight sugars have been shown to significantly influence T’g, as evidenced in similar
food matrices such as mango (Yamamoto, Fong-in, & Kawai, 2021). Moreover, the T’
for sucrose, glucose and fructose are -41 °C, -53 °C and -53 °C respectively (Roos &

Drusch, 2016). These values are comparable to the values obtained for goldenberry pulp.
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Figure 6. Thermogram of goldenberry pulp.

Table 1. Glass transition of maximally concentrated sample range. Initial, mean and final

temperature of goldenberry pulp Ty

Tgi (°C) Ty (°C) Tge (°C)
-33.9+0.2 -35.8+0.2 -37.7+£0.2

To date, limited research has been conducted on the thermal properties of high Andean
berries, particularly regarding the specific heat capacity (c,) of goldenberry. The specific

heat capacity is a critical parameter in heat transfer calculations and plays a key role in
the design and optimization of refrigeration, freezing, and cold storage systems, as well

as in defining the operational parameters for these processes.

The Table 2 presents the c,, values of fresh goldenberry pulp across different temperature
ranges. These values were derived from the thermal profile (Fig. 6) and calculated using

Eq. 10. A Statistically significant difference in c,, was observed between temperature
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ranges (p < 0.05), which may be attributed to variations in moisture and/or water mobility
(Farinu & Baik, 2007; Murakonda, Patel, & Dwivedi, 2022). At temperatures above 0 °C,
the c,, values obtained for goldenberry pulp were comparable to those reported for other
fruits such as murtilla (3.78kJ/kg-°C), cashew (3.816kJ/kg-°C), and bael
(3.2512 kJ/kg-K). The values for murtilla were determined using differential scanning
calorimetry (DSC) (Lemus-Mondaca, Ah-Hen, Vega-Galvez, & Zura-Bravo, 2016),
whereas those for cashew and bael were estimated from proximate composition based on
moisture (Singh, Abdullah, Pradhan, & Mishra, 2019; Sonawane, Pathak, & Pradhan,
2020).

q
Cp = m*AT (10)

In the Table 2 shows, the c,, values of the frozen sample were measured over three distinct

periods: the rubbery state, the glass transition, and the glassy state.

Table 2. Specific heat (kJ/kg K) of goldenberry pulp

< Tge Tge< <Tyi > Tyi Fresh * Fresh ** p value

1.988+0.023 ¢  2.195+0.096 ¢ 2.605+0.138° 3.975+0.013% 3.953+0.021% 0.000

Nota. Superscripts of the same letters of the mean ¢, values indicate no significant

differences according to Tukey's test (pvalue < 0.05); (*) heating; (**) cooling.
3.3. Surface thermal analysis by Infrared thermography.

In the frozen food industry, accurate recording and monitoring of temperature during the
fruit freezing process is critically important, as it ensures both the completeness and
uniformity of freezing by promoting thermal equilibrium between the sample and the
surrounding freezing air. Infrared (IR) thermography has proven to be an effective non-
invasive tool for thermal analysis in a variety of food matrices, including pork (Castro-
Giraldez et al., 2014) and fresh potatoes (Cuibus et al., 2014), and has been successfully

applied in freezing operations.

To accurately interpret the radiant energy emitted from the fruit surface as photon flux,
captured by the pyrosensor of the infrared camera during the freezing process, it is

essential to apply a radiative heat transfer model. In this context, the Stefan—Boltzmann
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law provides the theoretical framework required for such modeling. This model should
enable the estimation of the fruit's surface emissivity, the radiative energy received from
the surrounding environment, and the energy absorbed by the air layer between the fruit
and the infrared camera. (Castro-Giraldez et al., 2014; Cuibus et al., 2014; Tomas-Egea
et al., 2022; Traffano-Schiffo et al., 2014). These terms are integrated in Eq. 11.

Er = SCO-TC4 =F- gobjO-T(;lbj + Eepe — (1 = Tg)F - GT;ir (11)

Where E7 is the total energy received by the camera (W/m?), &, is the emissivity set in
the thermographic camera (s; = 1), o is the Stefan-Boltzman constant (5.67 x 10
W/m?K#), T, is the temperature obtained by the thermographic camera, F is the geometric
factor that can be taken as 1 when the camera is placed perpendicular to the samples, ¢, ;
is the emissivity of the goldenberry, T,;; is the surface temperature of the goldenberry,
E.,: is the energy of the environment on the object obtained with the reference material,
Tqir 1S the air permeability which, when it is less than 30 cm from the fruit and the RH of
the environment is less than saturation, can be considered equal to 1, leaving this term as

ZEro.

Figure 7 shows the emissivity profile of fresh goldenberry during the freezing process. In
the initial cooling phase (0-5 minutes), a significant decrease in emissivity is observed,
from 0.959+0.019 to 0.837+0.002. This reduction may be attributed to surface
dehydration of the fruit, likely caused by the low relative humidity conditions within the
convective freezer equipped with a no-frost system (Fig. 8). The dehydration
phenomenon is driven by a water activity gradient established between the fruit surface
and the surrounding air, which promotes the migration of both intracellular and
extracellular water to the surface. During the subsequent freezing phase, the emissivity
remains relatively stable at approximately 0.845 + 0.007. This stability is associated with
the onset of nucleation and the formation of ice, which induces a chemical potential
gradient in the water, leading to both internal and surface ice crystallization (Castro-
Giraldez et al., 2014). Concurrently, the surface temperature of the fruit drops rapidly
from -4.94+0.17 °C to -28.68 £ 0.12 °C over a 13 min period. Between 18 and 28 min,
corresponding to the final stage of the freezing phase, an increase in emissivity is
observed from 0.8317 +0.003 to 0.93 +0.03 (Fig. 7, Fig. 9). This rise may be attributed
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to the progressive reduction in surface temperature as the fruit approaches thermal
equilibrium with the surrounding freezing air. From 28 min until the end of the process,
the emissivity of the goldenberry remains stable at approximately 0.9506+0.010.
Notably, this stage coincides with the sample reaching its vitrification temperature,
recorded at -35.8 £0.2 °C (Fig. 9). Similar trends in emissivity variation during freezing
processes have been reported in previous studies. Cuibus et al. (2014) and Castro-
Giréldez et al. (2014) observed an initial decrease in emissivity, from 0.97 to 0.87 in
potatoes and from 0.90 to 0.96 in pork, followed by a subsequent increase after freezing.
This behavior aligns with the pattern observed in the present study. In contrast,
(Arnoldussen et al., 2022). reported a continuous decline in emissivity during the freezing
of sweet cherry reproductive shoots, with values dropping from 0.88 to 0.46 as the

temperature decreased from 14 °C to -10 °C.
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Fig. 7. Kinetics of goldenberry emissivity during the freezing process
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Fig. 9. Emissivity profile of goldenberry as a function of temperature

3.4. Dielectric properties in radiofrequency range.

During the freezing process of goldenberry, a progressive decrease in the dielectric
constant (log €') is observed over time and with an increasing angular frequency (log ®)
(Fig. 10). The figure shows the exponential stage of a- and p-dispersions, with relaxation

frequencies shifting to lower values during freezing. The dielectric constant declines in
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both cases due to reduced molecular mobility in the liquid phase and in absorbed water,
associated with dehydration driven by ice formation., The dielectric spectra in Fig. 10
exhibit a clear B-dispersion (within the 5.5 to 7.5 log(rad/s) during the first 13 minutes of
freezing. This dispersion is attributed to the orientation of fixed charges associated with
macromolecules and/or interfacial polarization phenomena, such as the Maxwell-Wagner
effect, commonly observed in biological tissues (Albelda Aparisi, Fortes Sanchez, Contat
Rodrigo, Masot Peris, & Laguarda-Miro, 2021; Tomas-Egea et al., 2022). The orientation
capacity of fixed charges on tissue proteins and carbohydrates is modulated by adsorbed
water, and thus, any water-reducing mechanism directly impacts their dielectric behavior.
In addition, a-dispersion is also observed, primarily resulting from the orientation of
mobile charges. In goldenberry, this mechanism is fundamentally associated with native
ions of the fruit (Kuang & Nelson, 1998). From minute 18 until the end of the freezing
process, the €' values continue to decrease, reaching a stabilization phase. This behavior
is consistent with the reduced ability of biological materials to store electrical energy as
a result of decreased water mobility and availability during the liquid-solid phase
transition (Heileman et al., 2013). Such limitations hinder the detection of dielectric
spectra, as previously described in studies on frozen biological matrices (Alexander,
Shaw, & Muckenhirn, 1937; Auty & Cole, 1952; Pandey, VVandermeiren, Dimiccoli, &
Stiens, 2018; Zhang, Shen, & Luo, 2010).

Our findings align with prior observations reported by Arteaga et al. (2021) in the
monitoring of blueberry freezing, and by Tomas-Egea et al. (2022), who used
radiofrequency spectrophotometry to determine the critical freezing point of chicken
meat. In both cases, a consistent decrease in €' values was reported across different

frequencies and freezing durations, a trend similarly observed in our study.
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Fig. 10. Evolution of the dielectric spectra of goldenberry during the freezing process.
3.5. Kinetics of a and P dispersions

To identify the critical points of the goldenberry freezing process and to elucidate the
influence of tissue structure and chemical composition on photon flux, it is essential to
analyze o- and B-relaxations using Egs. (5), (6). Fig. 11 illustrates these critical
transitions, consistent with descriptions by Fan and Roos (2017) and Roos (2010).
Specifically, the onset of freezing can be inferred from the maximum of the real part of
the dielectric constant (&) within the B-dispersion region, as shown in Fig. 11(a). This
behavior is associated with the high surface tension of agglomerated ice cristal Ih, which
produces a high Maxwell Wagner effect, allowing to detect the initial ice crystal
formation (Agranovich, Ben Ishai, Katz, Bezman, & Feldman, 2016; Cuibus et al., 2014;
Tomas-Egea et al., 2022). A similar trend is observed in the a-dispersion region (Fig.
11(c)), where a sharp increase in €' is attributed to the ionic concentration. In goldenberry

tissue, the liquid phase is rich in electrolytes and sugars; as ice crystals form,
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cryoconcentration initially increases electrolyte concentration, amplifying the a-
dispersion response. However, upon reaching saturation and supersaturation, the
exponential rise in viscosity restricts ionic mobility, thereby diminishing the a-dispersion
effect (Bittelli, Flury, & Roth, 2004; Fan & Roos, 2017; Kono, Imamura, & Nakagawa,
2021; Sasaki et al., 2017). The final freezing point can also be clearly determined. As
demonstrated in Fig. 11(c), corresponding to a-dispersion, €'exhibits a pronounced trend
change around —5.27 °C, marking the completion of ice crystal formation. This trend is
also corroborated by Fig. 11(b), which shows the loss factor (¢”) in the B-dispersion
region. A progressive decline in €” is observed after the maximum peak, indicating a
diminished ability of the system to dissipate energy due to increased rigidity of the frozen
matrix (Roos, 2010; Talja & Roos, 2001; Tomas-Egea et al., 2022).

During the freezing process, initial ice nuclei typically form at the fruit surface. This
induces surface dehydration and creates a gradient in the water chemical potential, which
drives water migration from the interior toward the surface. Under atmospheric pressure
conditions, the formation of ice Ih crystals is favored. These crystals exhibit high surface
tension, which further attracts nearby liquid water molecules, promoting the growth of
agglomerated ice structures. As a result, water is simultaneously attracted to the surface
and to nucleation centers, leading to high water mobility throughout the freezing process.

a) . 1.E+06
e's

1.E+05

l 1.E+04

1.E+03

1.E+02
-40 -30 -20 -10 0 10 20 30

144 |Pdgina



b) 1.E+06

1.E+05

1.E+04

1.E+03

1.E+02

- — =Start of freezing LE01

- = —End of frezing

1.E+00
-40 -30 -20 -10 0 10 20 30

c) 1E+11
1E+10
1.E+09
1.E+08
1.E+07
1.E+06
1.E405
1.E404

- — = Start of freezing
1.E+03

——————-———-—————.—A':”—'@"t;uuw——
¥

T(°0) - = = End of frezing
1.E+02
-40 -30 -20 -10 0 10 20 30

Fig. 11. Dielectric properties with respect to internal temperature, where a) dielectric
constant in  relaxation, b) dielectric loss factor in § relaxation and c) dielectric constant

in o relaxation.
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3.6. Water mobility role

The location of ice nucleation plays a critical role in the extent of cellular damage. When
ice nucleation occurs extracellularly (in the apoplastic space), water is drawn out of the
cells, and the resulting ice crystal growth tends to cause minimal structural disruption. In
contrast, intracellular nucleation (e.g., within the vacuole) leads to expansion and rupture

of cell membranes, significantly increasing tissue damage.

In our study, changes in surface emissivity were associated with dehydration and water
migration dynamics, while dielectric a-dispersion reflected alterations in ionic mobility,
likely due to membrane disruption and solute concentration changes. B-dispersion, on the
other hand, captured interfacial polarization effects related to ice crystal growth and
macromolecular rearrangements. Together, these thermal and dielectric parameters
provide a non-invasive means of assessing structural changes during freezing, offering

valuable information for optimizing processing protocols.

4. Conclusions

The findings indicate that infrared thermography is a viable method for monitoring the
freezing process of goldenberry, as it facilitates the observation of surface temperature
variations. This tool facilitates the identification of critical points in the process, such as
the glass transition, from the estimation of the emissivity at different stages of freezing;
supercooling stage: Detected by a continuous temperature drop without phase change,
and a sharp decrease in emissivity from ~0.959 to 0.837. This stage ends with the onset
of nucleation. Ice nucleation and crystallization stage: Identified by a plateau or slight
rebound in temperature due to latent heat release, along with stable emissivity (~0.845)
and changes in dielectric o- and B-dispersions, reflecting structural changes () and
cryoconcentration (o). And finally, Vitrification stage: Occurs after ice crystallization is
completed. Emissivity increases again (~0.93 to 0.951) as the system approaches the
glass transition. The glass transition temperature (—35.8 °C) marks the point where
molecular mobility becomes severely restricted, thus preserving cellular structure by
preventing further ice growth and solute migration. This enhances long-term structural

and biochemical stability during frozen storage.
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Conversely, the utilization of sensors founded upon radiofrequency spectrophotometry
facilitates the acquisition of not merely surface information, as is the case in
thermography, but also the internal properties of samples undergoing the freezing
process. This is imperative for the precise detection of the critical points of the process
(melting point and glass transition), thereby ensuring uniform and efficient freezing of

the goldenberry.
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4.4. Uso de redes neuronales recurrentes para identificar filetes de pescado con cadena de

frio rota a partir de perfiles espectrales.
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Abstract

In the last two decades, hyperspectral images have been studied for use in food quality
analysis using neural network-based chemometric techniques such as radial basic neural
network (RBNN) in classification tasks or multilayer perceptron (MLP) for prediction
ones. However, recently, deep learning techniques are receiving special interest as those
based on recurrent neural networks (RNN) or gated recurrent units for their feature
extraction capacity. A kind of RNN are networks based on long short-term memory
(LSTM), which are promising for improving the capabilities of hyperspectral images in
food analysis. In this sense, a comparative study on using LSTM-based networks is done,
comparing it to RBNN in the discrimination of fish fillets subjected to freeze-thaw cycles.

The samples for the study were fresh mackerel fillets subjected to two successive cycles
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of freezing and thawing. Hyperspectral images of fillets were acquired, both fresh and in
each freeze-thaw cycle, and spectral profiles were acquired in the range of 400-1000 nm.
Complete spectral profiles were used to generate classification models; these were
subsequently optimized using the relevant wavelengths determined by feature selection
neighborhood component analysis. The models were trained using a k-cross-fold
validation strategy (k = 5), repeating the process thirty times. The models were evaluated,
confusion matrices were determined, and their classification metrics were compared. The
training process results showed that the LSTM networks had superior potential to the
RBNN networks, achieving an average F-measure greater than 0.89 and an accuracy
greater than 0.93. This study shows that deep learning techniques can be used to tell the
difference between fish fillets that have been frozen and thawed several times. These
techniques could also be used to establish systems to control the transport and

conservation processes of this type of food.
1. Introduction

Fish and its sub-products play a vital role in the diets of many countries, serving as
valuable sources of protein, vitamins, and fat. However, due to their perishable nature, it
is crucial to ensure their quality before they reach consumers [1, 2]. Freezing and a
properly maintained cold chain are the most common methods of preserving fish quality
[3, 4]. However, if the cold chain is disrupted, tissue damage accelerates deterioration
processes, making it necessary to have effective and fast methods for detecting when the
cold chain has been compromised [5]. This is particularly important because the changes

caused by these processes are not readily visible to the naked eye [6].

In this regard, hyperspectral imaging (HSI) technology has been proposed as a suitable
alternative to detect changes in fish quality and its sub-products [4]. HSI is capable of
capturing high-resolution images in both visible and near-infrared (NIR) spectrum,
allowing users to obtain information about the chemical composition of each pixel and
detect any changes in the food structure [7]. In this order, researchers such as [8] have
applied HIS and different chemometric techniques to predict quality parameters in
seafood. Similarly, [1] and [4] performed models for the discrimination of fresh and
frozen/cooled seafood, such as Atlantic salmon, Chinese white shrimp, abalone fillets,
and Japanese mackerel, respectively. The use of HIS to study food quality implies the

processing of large volumes of data, commonly redundant or with overlapping

157 |Pagina



information [9]. To address these challenges, chemometric tools have been applied
relatively effectively, many of them based on machine learning [1, 10, 11]. Traditionally,
machine learning techniques are used to estimate outputs based on feature extraction and
training models [12]. However, more recently, deep learning techniques, a particular type
of machine learning, have become a large field in the machine learning domain [13]. This
kind of technique uses a cascade of multiple nonlinear processing layers to extract
information corresponding to different levels of abstraction, which are used to modify
connections in their structures [14,15,16,17]. Then, using its capacity for information
extraction, machine learning, and deep learning-based models can learn complex
relationships and make predictions [18]. During the last few years, a special one has
gained importance among the different models in deep learning, which uses long short-
term memory (LSTM) units for time series analysis. These LSTM-based networks have
the ability to preserve information from previous states in hidden layers to incorporate it

into their prediction and classification processes [14].

The LSTM networks, initially developed for speech recognition, have received special
attention due to their ability to adapt to the analysis of 1-D information, such as spectral
profiles [14, 19]. In summary, the combination of models based on networks LSTM and
spectral profiles has been shown to be efficient in a wide variety of food analyses, such
as the prediction of storage time in black tea [20], the discrimination of cumin and fennel
[14], the classification of apples [21], the quantification of spores of Clostridium
sporogenes in food products [22], the detection of defective eggs [23], the classification
of citrus [24], the detection of moisture levels in individual corn seeds [25], determination
of seafood quality [26], identification of different types of cheese [27], degree of cooking
of shrimp [28], recognition of oils [29], differentiation of wines [30], among others.
However, the literature review on the applications of LSTM-based networks has yet to

produce studies on the differentiation of fish fillets exposed to broken cold chains.

Consequently, this study suggests a deep learning technique for discriminating fish fillets
subjected to a broken cold chain. The performance of LSTM-based models was compared
to RBNN. In this sense, the study was divided into the following steps: (a) Sample
conditioning, (b) Spectral profile extraction, (¢) Model building, and (d) Model

comparison.
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2. Materials and methods

The methodology used in this study is based on previous research by [3] and [31]. The

main steps of the methodology are presented in Fig. 1.

Sample
(Fresh fillets)
i I
~ FTC-I ¥ trali
v yperspectral image
Freesing (-15 °C) acquisition
T |
Thawing (5 °C) Extraction and .
pretreatment of profiles
! ’
) Spectra profile «---------- \
Filletere. Models building
_ FTC. | :
FTC-II 7 ;
Freesing (-15 °C) Models training FSNCA
l LSTM RBNN b
Thawing (5°C)
v !
- Model  ----------e- g
Fi”etpr(}n _— #

Models comparisson

I

Model’s metrics

Fig. 1. Using recurrent neural networks to identify broken-cold-chain fish fillet from

spectral profiles

The methodology involves two stages of freezing and thawing, which simulate the effect
of two breaks in a cold chain. Hyperspectral images of the fresh samples were acquired
in the 400 to 1000 nm range at each rupture in the cold chain. The acquired images were
corrected for noise, and their spectral profiles were extracted. Subsequently, several
classification models were developed and tested using different techniques, such as radial
basis neural networks, linear discriminant analysis, and LSTM-based networks. The
classifiers were evaluated using metrics such as accuracy and F-measure to ensure their
robustness and reliability. Models were optimized using feature selection methods, such
as neighborhood component analysis (NCA), to identify the most relevant features for

classification.
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All sequences were implemented using functions and graphical user interfaces (GUIs)
developed in MATLAB 2019a (The MathWorks Inc., USA). The following subsections

provide further details on each step of the flowchart.
2.1. Sample

The sample consisted of 48 fresh unbone fillets of mackerel (Scomber japonicus
peruanus). These fillets were thoroughly washed with water containing 200 ppm residual

chlorine and stored at 4° prior to the following steps.
2.2. Freezing — thawing cycle

In order to study broken-cold-chain effects over samples, they were treated by subsequent
freezing-thawing cycles (FTC); this FCTs were carried out in accordance with the work
of [3] and [8]. Initially, the fillets were placed in a freezer (Brand: Pol-Eko-Aparatura,
model: ZLN 85, origin: Poland), programmed at -25°, controlling the temperature of the
fillets until reaching -15°. Subsequently, the samples were placed in a refrigerator (Brand:
Daewoo, model: FR-146RN, origin: China) in the zone of 6° in order to allow a gradual
thawing process. When the samples reached 5°, hyperspectral images were taken, thus
completing the first freezing-thawing cycle (FTC-I); this process was repeated for the

fillets, constituting the second cycle (FTC-II).
2.3. Hyperspectral images acquisition

The hyperspectral imaging system used in this study operates in the wavelength range of
400 to 1000 nm and consists of a spectral camera (Specim FX-10, Finland), a sample
platform, a tower, and a lighting source, all controlled by the Lumo Scanner software
from Specim LTD. The system operates in reflectance mode with a line-by-line scanning
technique (Pushbroom) and produces images with 112 bands. The main operating
parameters were set as follows: sample platform speed of 0.5 cm/s, lens-to-sample surface
distance of 28.3 cm, and diaphragm opening of 6.4 mm. After the images were captured,

the correction was performed using Eq. 1, which is defined as follows:
lp =— (1)

where | is the raw image, I, is the corrected image, W is the white reference obtained from

a Teflon pattern with a reflectance value of 99.9%, and D is the dark reference obtained
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by blocking the lens with a reflectance value of 0.0%. The correction method was
described in detail in the studies by [32] and [33]. Finally, all the corrected images were

stored in an eight-terabyte network-attached storage for further analysis.
2.4. Extraction and pretreatment of profiles

Pseudo-RGB images were created using intensity images taken at 644, 584, and 483 nm
(Layers 47, 36, and 17), as shown in Fig. 2(a). The sample pixels were then segmented in
the intensity image taken at 552 nm (Layer 30) using threshold, as this provided greater
contrast between the sample and the background. For each sample, the major and minor
axes were determined and a rectangular region of interest (ROI) was defined with its
major and minor sides corresponding to 60% of the respective major and minor axes (as
seen in Fig. 2(b)).

(a) Pesudo-RGB (b) Segmented (c) ROI

Fig. 2. Using recurrent neural networks to identify broken-cold-chain fish fillet from

spectral profiles

Next, following the method described by [34] and [33], 25 acquisition points for spectral
profiles were located within the ROI, as illustrated in Fig. 2c, for each of the 48 fillets and
treatments. This resulted in a total of 3600 spectral profiles, which were divided into the
following classes: fresh fillets, FTC-I, and FTC-I11. Each profile was then smoothed using
the Savitzky-Golay filter, as described in Eq. 2. The filter had a second order and 11 steps
per frame, which were used to smooth the original profile and produce a smooth profile.

on — Zi:—m;i'yj+1 (2)

161 |Pagina



Where Y is the original profile, Y, is the smooth profile, C is the coefficient of the i*" term

of the profile, and N is the number of convolution stages.

2.5. Models building
2.5.1.Models training

Two different models were implemented based on LSTM and RBNN, as shown in Fig. 3.

The details of each model are outlined in the following sections.

Class

Fig. 3. Implement models in the study

e The LSTM architecture introduced the input gate, the forget gate, and the output gate
to control the memory cell and record additional information, as shown in Fig. 4(a)
[20, 35]; according to [19], these networks are cyclic neural networks. The proposed
structure was based on the proposals of [35], which comprises an input layer with 112
neurons (NIL), an LSTM layer with 18 hidden units (NHU), a fully connected layer
with three output units (OSFC), a softmax layer, and an output layer of three neurons
(OSOL). The number of hidden units in the LSTM layer was calculated as NHU =

VNIL * 0SOL

e The RBNN model, depicted in Fig. 4(b), is a specialized classification network that
uses a radial basis transfer function [36,37,38]. It consists of an input layer with 112
neurons and an output layer with three neurons (NOL). The model is designed to learn

complex patterns and data structures to better classify and predict labels. It uses a radial
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basis function, which allows the model to classify data points with high accuracy. The
model allows for the extraction of nonlinear features and patterns, which are then used
to classify data points into their respective classes. This model is especially useful in
cases where the data contain multiple nonlinear features and the underlying structure
of the data is difficult to discern. The ability of the model to extract complex patterns

makes it a preferred choice for classifying difficult data sets.
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Output)
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X 4 7 Y,
—+»{ | |dist - LW L
(Input) | ; L '(P' /\ '( ) ¥ 7 (Output)
w biasl bias2
Radial basis layer Linear layer
(b) RBNN

Fig.4. Neural network structures used in the study

The algorithms used in this research were implemented using functions and graphical user
interfaces in MATLAB 2019a. First, the models were built using the functions IstmLayer
and newpnn for LSTM and RBNN models, respectively. A fixed number of neurons was
used for each model based on the number of inputs and outputs. Next, for the training
step, the LSTM and RBNN networks used the trainNetwork function; likewise, the

training algorithm used was a stochastic gradient descent approach.

To calculate the robustness and reliability of the model, these models were trained 30
times, applying the cross-validation strategy of K-segments (K = 5). This strategy is
beneficial because it helps prevent overfitting by splitting the data into multiple subsets,
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which can then be used to train and test the model. After each training was completed,
the results were stored for the calculation of performance metrics. This helps to ensure

that the model is able to make accurate predictions and generalize well to unseen data.

Similarly, as previously mentioned, the models were built, setting the input number as the
number of full spectra profiles. However, to optimize the models, feature selection
neighborhood component analysis (FSNCA) was used to identify the number of relevant
wavelengths. This number was then used as the new input size to help improve the
model’s accuracy and performance. This approach also allowed the parameters of the
model to be adjusted, such as the number of epochs, the learning rate, the momentum rate,
and the regularization rate; this helps to ensure that the model is able to make more

accurate and reliable predictions.
2.5.2. Feature selection neighborhood component analysis

According to [39], the FSNCA uses the Mahalanobis distance through the KNN
classification algorithm. This technique uses a feature weighting scheme to select the best
subset of features by maximizing an objective function that evaluates the average leave-
one-out classification accuracy over the training data. This approach is beneficial because
it helps identify the most important features that can be used to train and test the model,
resulting in a more accurate prediction. Additionally, this method also helps reduce the
complexity of the data by removing redundant or irrelevant features, which then helps
improve the performance of the model. Furthermore, this technique also helps prevent

overfitting by ensuring that the model can generalize well to unseen data.
2.6. Models comparison

The results of the model training were placed in bidimensional arrays called confusion
matrices (CM). This CM contains information on the true and predicted classes of the

elements of a sample, organized in a square array [n x n], where n is the number of classes.

Statistical metrics, based on the CM, for classifier comparison, were then determined
using Egs. 3 and 4. ACC is the overall precision and F-measure is the harmonic mean
between PR (precision) and RC (recall). Additionally, TP—TN are the total positive and
negative cases, respectively, while FP—FN are the false positive and negative cases,

respectively.
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ACC = — FHTN 3)

TP+FP+FN+TN

PRxRC
Freasure = 2 (PRiRC) (4)

3. Results and discussion

3.1. Median profiles

In Fig. 5, the mean spectra of the treatments are plotted, which demonstrates the varying
effects of broken cold chains, expressed as freeze—thaw cycles on the shape of the profile,
which is in agreement with the findings of [40], which state that other storage methods

can affect fish quality and its characteristics of the spectral profile.
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Fig.5. Median spectral profiles per treatment

Previous studies by [2, 3], and [34] have reported differences in fresh samples and those
subjected to different types and cycles of freezing-thawing. Differences may be attributed

to the varying composition of the different varieties of fish.

It can be observed that the average profiles of the samples subjected to successive
freezing-thawing processes had a decrease in the reflectance value of their spectral
profiles, with a notable decrease around the wavelengths of 467, 627, 725, and 813 nm in
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accordance to the number of applied FTC. Additionally, different peaks can be seen
throughout the profile, such as the one at approximately 470, 560, 620, 720 and 810 nm.
For example, the peak at 560 nm is associated with the absorption of heme pigments, and
the peak at 620 nm is linked to methemoglobin absorption regions. Furthermore, the peaks
at approximately 729 and 928 nm correspond to the second and third vibrations of the O—
H bond of water, which could indicate the loss of water from the product due to the

freezing-thawing cycles [2, 31].

Furthermore, tissue degradation in fish may be a consequence of the freezing-thawing
process, as it disrupts the cell membrane, leading to an increase in the solubility of
intracellular and extracellular components [41]; this could manifest in the spectra as a
decrease in the reflectance value in the spectral profile. Furthermore, the peak at 627 nm
can indicate protein decomposition, highlighting the need for proper handling and storage

of fish to ensure minimal degradation [40].

3.2. Network training
3.2.1. Full spectra based models

The results of the training process using the full spectra of the classifiers are summarized
in Fig. 6. Classifiers demonstrated exceptional performance in discrimination tasks, with
positive percentages of numbers ranging from 71 to 100% per class. These results are

comparable to those reported by [3].

Fresh Fresh

7
(%]

FTC

Real class
Real class

FTC,

Fresh FI'CI I-—I'C:I Frash FTI::I FTC"
Predicted class Predicted class
(a) LSTM-Full (b) RBNN-Full

Fig. 6. Mean confusion matrices of full classifiers
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Furthermore, the accuracy plotted in Fig. 7 shows that the process required around eight
hundred epochs until reaching stable LSTM models. This is a larger number than the one
reported by [42], who obtained stability in the training process around one hundred and
fifty epochs, although, as commented by [9], the number of epochs is related to CNN

training parameters such as learning transfer.

100 114

Accuracy (ACC)
Loss

Mean ACC — — —Mean Loss
0 1 1 1 1 1 1 1 00
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Epochs

Fig. 7. Accuracy and loss during training process

Consequently, as demonstrated in Fig. 7, a significant number of epochs are necessary to
reach a stable state of the models, making the adaptation capacity to the used spectra less

efficient than in the previously mentioned works.

3.2.2. Selected features

The FSNCA algorithm was employed to determine the optimal number of relevant
features, which was found to be 18. The selected wavelengths corresponding to these
features were then plotted in Fig. 8. The mean spectra are represented by the solid dark

line, whereas the relevant features are shown as dark points overlaid on top. These
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relevant features correspond to all wavelengths (points shown on a white background)

whose feature weight exceeded the threshold value specified by the FSNCA algorithm.
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Fig. 8. Relevant variables

The selected number was higher than the one reported by [43], who used the successive
projections algorithm to obtain five to seven relevant variables from the first derived
reflectance spectra. Meanwhile, the second-derived reflectance spectra yielded twenty-

two relevant variables for the same objective.
3.2.3. Optimized spectra based models

Figure 9 shows only two mean matrices, as the main objective was to compare techniques,
in contrast to [4], who compared techniques (soft independent modeling of class
analogy—SIMCA, least squares support vector machine—LS-SVM, and probabilistic
neural network—PNN) and pretreatments (standard normalization variance, first

derivative, among others).
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Fig. 9. Mean confusion of optimized classifiers
3.3. Comparison of metrics

The performance comparison presented in Table 1 highlights the superior accuracy
achieved by LSTM networks compared to the RBNN models. Specifically, the LSTM
models achieved an accuracy of 0.944 and 0.928 for the full and optimized models,
respectively, while the corresponding figures for the RBNN models were 0.890 and
0.789.

Table 1. Classification metrics per model

Model Accuracy Fyreasure
2-5 Full Optimized Full Optimized
LSTM 0.944+0.04 0928+0.005 0.915+0.005 0.892 + 0.0007
RBNN 0.890+0.02 0.789+0.002 0.835+0.003 0.664 + 0.003

The accuracy of the LSTM networks was remarkably similar to that reported in [31],
which used images in the same range and obtained an accuracy of 97.2% when
distinguishing between a single freeze—thaw cycle and fresh fillets. Furthermore, [2] were
able to achieve the accuracies of 87% to 94% with the RBNN networks when
discriminating between carp fillets subject to different storage conditions, which are close
to the results obtained in this research. However, when only fresh fillets and fillets

subjected to a freeze—thaw cycle were compared, the precision obtained by the LSTM
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network was 100%. This result points toward the LSTM networks having the edge over
probabilistic networks when it comes to distinguishing between different treatments

applied to fillets.
4. Conclusions

The findings of this study indicate that the LSTM networks were superior to the RBNN
networks for discriminating between fish fillets subjected to different FTC, achieving an
average F-measure greater than 0.89 and accuracy greater than 0.93. Based on these
findings, it is feasible to implement systems that utilize this technique to manage the
transportation and preservation of this particular type of food. In order to improve the
effectiveness of the LSTM networks, it would be beneficial for future research to
investigate how modifying their layers and adjusting the training parameters can impact
their training speed. It is crucial to develop an automated system to keep a check on the
condition of fish fillets while they are being transported and stored. The system can notify
the authorities immediately in case of any abnormalities to guarantee compliance with

food safety regulations.
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4.5. Espectroscopia dieléctrica para la prediccion de la calidad de la carne de cerdo
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Abstract

Dielectric spectroscopy was used in this study to predict and classify pork quality during
the post-mortem time. Eighty ~1 kg- longissimus dorsi muscles were collected and stored
at 4 £ 1 °C and pH, instrumental color, and dielectric properties (¢' and €") were
subsequently determined in the microwave range (0.5 - 9 GHz) at 3, 4, 5,6, 7, 8, 9, 10
and 24 hours post-mortem (hpm), as well as moisture at 8 hpm and drip weight loss at 24
hpm. Of the 80 pork samples, two types of meat were found. RFN (33) and DFD (47)
between males and females. Quality parameters: RFN (pH=5.708-5.714; L*=43.341-
43.692; moisture (%) = 68.857-69.604; drip loss = 1.655-1.833) and DFD (pH=6.154-
6.177; L*=40.152-41.91; moisture (%) = 69.032-69.9; drip loss = 1.129-1.693). Quality
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parameter predictions during muscle-to-meat transformation showed R2 of 0.743 (pH),
0.811 (L*) and 0.603 (C*) for DFD meats with PLSR (full) and R? of 0.359 (pH), 0.558
(L*) and 0.284 (C*) for RNF meats with PLSR (optimized) from male pigs. R2, of 0.412
- 0.637 for pH, L* and c* for RFN and DFD meats from female pigs with PLSR
(optimized). Dielectric spectroscopy predicts pork quality moderately well, but models

that are more robust are needed to improve predictions of internal pork quality.
Keywords: Meat; Quality; Prediction; Dielectric spectroscopy
1. Introduction

In Peru, pork production has increased over the last 20 years to such an extent that it has
become one of the three most consumed types of meat after chicken and beef, reaching a
per capita consumption of 5.5 kg/year per person due to its nutritional properties such as
proteins, vitamins, fats, and minerals, which are essential for the proper functioning of
the human body. The principal pork-producing regions are Lima (45%), Libertad (11%),
Arequipa (7%), Huanuco (4%), and Cajamarca (4%) (MIDAGRI, 2020).

In the Cajamarca region, approximately 6.3 thousand tons of pork are produced annually
(MIDAGRI, 2020). Chota is one of the provinces with the highest production and
commercialization of pork; however, this product is consumed without a previous
physicochemical analysis to determine its physicochemical quality and the type of meat
that the population consumes, which leads to the consumption of meat that does not meet

quality standards.

The conversion from muscle to meat is a complex process involving a series of physical,
chemical, and biochemical transformations responsible for the meat quality (Gispert et
al., 2000). Likewise, when blood flow is interrupted, the muscle stops receiving oxygen
supply, glucose, fatty acids, amino acids, and glycogen metabolism changes from aerobic
to anaerobic, producing the accumulation of lactic acid, ATP depletion, pH decrease,
protein denaturation, and temperature decrease, originating new intracellular conditions

which are responsible for meat quality (Barbut et al., 2008, Huff-Lonergan, 2010).

Meat quality is given by a set of characteristics, such as organoleptic (color, tenderness,
flavor, and odor), nutritional and technological (pH, color, water retention capacity, drip

loss, and texture), which are determined by traditional methods that often have
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disadvantages such as being destructive, costly, time-consuming and requiring trained

personnel for such analyses (Gispert et al., 2000, Novgorodska and Verbytskyi, 2023).

For this reason, it is necessary to look for new alternative technologies to the traditional
ones, such as Near Infrared Spectroscopy (NIR), Hyper Spectral Imaging (HSI), Raman
Spectroscopy (RS), Visible Reflectance Spectroscopy (VIS) and Dielectric Spectroscopy
(DS). These methods have the advantage of being non-destructive, obtaining results
quickly and with greater accuracy; they are environmentally friendly, and, above all, they
can be used in production lines as a tool for quality control of different agri-food products
(Castro-Giraldez et al., 2010). DS is a technique based on the rotation of molecules in the
presence of electromagnetic field stimulation in the frequency ranges of 30 Hz- 300 GHz
(radiofrequency) and 0.3-300 GHz (microwave) (Blakey and Morales-Partera, 2016). DS
is also described by the complex permittivity (¢* = €'+ €"), where the dielectric constant
(¢") and the loss factor are the real and imaginary parts of the complex permittivity,
respectively. The dielectric constant is related to the ability of the material to store energy,
and the dissipation factor is related to the absorption and dissipation of electromagnetic
energy into other types of energy (Castro-Giraldez et al., 2010, Castro-Giraldez et al.,
2010).

In the last decade, several efforts have been made in the application of the DS technique,
such as detection of quality defects in pork muscle during the post mortem period (Castro-
Giréldez, Aristoy, et al., 2010), determination of key biochemical markers of pork quality
(Castro-Giraldez et al., 2011), salting processes of pork meat (Castro-Giraldez, Fito, et
al., 2010), determination of added water in pork products (Kent et al., 2002), it has been
applied in chicken meat to know the relationship between dielectric properties with
biochemical metabolism (M. V. Traffano-Schiffo et al., 2021), dielectric characterization
of chicken meat during post-mortem period (M. V. Traffano-Schiffo et al., 2021),
determination of internal quality of chicken meat (M. V. Traffano-Schiffo, Castro-
Giraldez, Colom, et al., 2018), determination of deep pectoral myopathy in chicken meat
(M. V. Traffano-Schiffo, Castro-Giraldez, Herrero, et al., 2018), it has also been applied
to detect defects in chicken breast (M. Traffano-Schiffo et al., 2017). However, no recent
studies have been identified on the application of chemometric techniques in the
prediction of internal quality during muscle-to-meat processing. In this context, and in

order to broaden the application of dielectric spectroscopy in meat types, the aim of this
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research is to analyze the feasibility of using microwave dielectric spectroscopy as a tool

for grading pork meat according to its quality

2. Materials and methods

The experimental diagram shown in Fig. 1 was used to obtain the data, described in detail

in the following paragraphs.

Pork muscle

l

Sample preparation

|
: !

Obtaining physicochemical
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Diel ectric properties
measurements (0.5 —9 GHz)

. . | . Value of pH. L®, a*, b*.C*,
Dielectric spectra — preprocessing h dripl%ls{s- and moisture

v

Corrected dielectric spectra Classification of potk

| |
|

Full PL SR models building

h 4

Frequency selection

k. J

Optimized PLSR models building

h

Evaluation of models

l

R?and RMSE

Fig. 1. The experimental diagram

2.1. Sample preparation

Eighty "Longissimus dorsi" muscles were selected from 54 male and 26 female Creole
pigs, with an average weight of 85 kg and an age range of 5 to 12 months. Once the

samples were obtained, they were placed in an isothermal box with blocks of ice and
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transferred to the Research Institute for Productive Improvement laboratory of the

National Autonomous University of Chota for subsequent analysis.

Likewise, the samples were classified in relation to parameters of pH, color (L*) and drip
loss obtained at 24 h, agreeing with studies realized by Castrillon et al. (1978; Castro-
Giréaldez et al. (2010 y Torres et al. (2018) for obtain meat as PSE (Pale, Soft, and
Exudative), RSE (Red, Soft, and Exudative), DFD (Dark, Firm, and Dry), and RFN (Red,

Firm, and Non-exudative).

2.2.  Obtaining physicochemical properties
2.2.1. pH determination

A Thermo Scientific pH meter, model VSTARS50, was used. The pH measurement began
with the equipment calibration in three buffer solutions with pH 4, 7 and 10 at a
temperature of 4+0.1°C, with a calibration adjustment of 99.6%. Subsequently, 10 g of
sample were weighed, crushed in a mortar, and homogenized with 90 ml of distilled
water. The electrode was placed in the previously prepared solution in triplicate to
determine the pH during 3, 4, 5, 6, 7, 8, 9, 10, and 24 hours post-mortem (Castro-Giraldez
et al., 2010).

2.2.2. Color determination

A 3nh NR200 colorimeter was used. The equipment calibration was carried out by
measuring the black and white mosaics. Color measurement was realized with D65
illuminant and 10° observer, placing the colorimeter lens on the sample, obtaining L*, a*,
and b* coordinates of the different samples at 4+1 °C, during 3, 4,5, 6, 7, 8, 9, 10 and 24
hours post-mortem, all measure was realized per triplicate and different points of the
sample (Castro-Giraldez et al., 2010, Castro-Giraldez et al., 2010).

2.2.3. Moisture determination

An AE ADAM PMB 202 Moisture Balance was used. For the measurement, 5 grams of
sample were taken at 8 hours post-mortem, placed on the balance plate, closed, and
subjected to a temperature of 140 °C for 30 minutes (Yang et al., 2009). The moisture

percentage obtained automatically by this equipment was then recorded in triplicate.
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2.2.4. Drip water loss

At 24 hpm, three pieces of pork of approximately 100 g each were cut and placed in pre-
weighed polyethylene bags and immediately stored in a refrigerator (LG, model
GT39WPPDC) at 4°C for 72 h. The bags were kept suspended and completely closed to
avoid evaporation losses. The bags were kept suspended and completely closed to avoid
evaporation losses. Likewise, the samples were prevented from coming into contact with
the bag to avoid exudate by pressure. Subsequently, the samples were removed from the
refrigerator and weighed separately (meat and bag), and, finally, the percentage of
exudate was calculated through Eq. 1 (Castro-Giraldez et al., 2010, Qiao et al., 2007).

. ight of the b ith exudate—b ight
Drip loss (%) = weight of the bag with exudate—bag weig %100 (1)

initial sample weight
2.3.  Dielectric properties measurements

The dielectric properties (¢ and £") were acquired in the microwave range, at a frequency
from 0.5 GHz to 9 GHz, using an open-ended coaxial probe (N1501A-001) connected to
a KEYSIGHT N9915A vector network analyzer. The probe was fixed to a universal
stainless steel support to measure the dielectric properties to avoid possible phase changes
due to cable movement. Subsequently, the equipment was calibrated using three types of
loads: air, short circuit, and distilled water at 4°C before each experiment (Castro-
Giréaldez, Aristoy, et al., 2010). Once the equipment was calibrated, the dielectric
properties of the distilled water were measured to check the calibration suitability and
thus ensure that it was stable. The dielectric properties were measured in quitupled by
placing the coaxial probe on the sample surface in line with the fiber during 3, 4, 5, 6, 7,
8,9, 10, and 24 hours post-mortem (Castro-Giraldez et al., 2011).

2.4.  Statistics Analysis

A one-way analysis of variance was carried out on the physicochemical parameters of the
types of pork followed by Tukey's multiple comparisons test with a margin of error of
0=0.05 to determine remarkable distinctions among maturity stages. The data was

processed in Statgraphics Centurion XVI1II software.
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Before the statistical analysis of the modeling of quality prediction during the muscle-to-
meat conversion, data matrices were created in *.xIsx format in MS Excel according to
the type of meat. Each data matrix consisted of each spectrum of &' and &" with its
respective physicochemical reference value. Then, the algorithm proposed by Chuquizuta

et al. (2022) for data processing was modified and carried out in Matlab 2022b software.

2.4.1. Modeling according to PLSR
24.1.1. Data pre-processing

A second-order Savitzky-Golay filter, with 9 points, was used for the dielectric spectra of
the dielectric constant (&") and the loss factor (¢") to eliminate the noise generated by the
electronic devices during the data collection. This filter consists of performing the least
squares fitting of a small set of consecutive data to a polynomial and taking the center
point of the fitted polynomial curve as new smoothed data (Flores et al., 2017; Geesink
et al., 2003).

2.4.1.2. Modeling according to PLSR

The partial least squares regression (PLSR) model was used to model the dielectric
spectra and physicochemical characteristics. This statistical model, popular in
multivariate analysis, aims to obtain a linear model which predicts a response variable,
Y, from a large set of X variables, as shown in Eq. 2 (Andersen et al., 2021; Khan et al.,
2020).

Y=XB+E )

Where X is a size matrix (n x m), n is the intensity value according to the hours post-
mortem, and m is the intensity value according to the frequency regarding the dielectric
constant (¢"); Y is the reference information (n x1) of the physical-chemical properties, 8
is the vector of regression coefficients or beta coefficients (m x 1) and E is the error of

the vector.
24.1.3. Evaluation of models

The prediction models were constructed on the complete dataset, utilising the five-fold
(k-fold) cross-validation methodology to prevent over-fitting. To assess the accuracy of

both the full and optimised models derived from PLSR, (3), (4) were used to determine
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the coefficient of determination (R?2,) and the mean square error (Andersen et al., 2021,
Khan et al., 2020; Y. Yang et al., 2021; Zhao et al., 2016).

Z?:l _(Yi_?l)z

2 _ 1 _
R*=1 Y, —(R-T)?

@)

0.5

RMSE = (W) 4)

Where Y, and Y; are the predicted and reference values of a sample (i); ¥ is the mean of

reference values of all samples.

3. Results and discussions

3.1. Physicochemical characteristics of muscle-to-meat conversion

Fig. 2 shows, the pH evolution of the RFN and DFD samples during the muscle-to-meat
conversion. The RFN samples show a decrease in pH from 6.21 to 5.71 and from 6.20 to
5.71 in male and female pigs, respectively, until 24 hpm, which is attributed to the
degradation of glycogen produced by glycolysis, besides the production of lactate and
phosphate, which are responsible for the denaturation of sarcoplasmic and myofibrillar
proteins; this particular case is characterized by following a normal (Faucitano et al.,
2010, Huff-Lonergan, 2010; M. V. Traffano-Schiffo et al., 2018). Similarly, our results
of the RFN muscle-to-meat conversion kinetics, shown in Fig. 1a-b, are similar to those
obtained by Chmiel et al. (2014), Liu et al. (2021), and Maganhini et al. (2007), whose
pH decrease was from 6.10 to 5.52 for male pigs and to those by Castro-Giraldez et al.
(2010), Furtado et al. (2019) and Qiao et al. (2007), whose pH decrease was from 5.99 to
5.5 for male and female pigs, during 24 hpm; however, several authors describe that such
difference is due to intrinsic factors such as genetics, breed, age, sex, weight, and muscle
type, and extrinsic factors such as production system, climatic conditions, antemortem
management, and postmortem management (Candek-Potokar et al., 2024; Trevisan and
Brum, 2020).

In the case of DFD meats, the samples show a slight decrease in pH from 6.55 to 6.18 and
from 6.58 to 6.15 for male and female pigs, respectively, due to the abnormal biochemical
process in glycolysis during the muscle-to-meat conversion, caused by prolonged chronic
stress in the animals during fasting, loading and unloading, transport, resting, and
stunning (Jerez-Timaure et al., 2020; M. V. Traffano-Schiffo, Castro-Giraldez, Colom, et

al., 2018). This stress generates glycogen depletion, low lactic acid production, low
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protein denaturation, and high water retention capacity (Cobanovi¢ et al., 2016; Jerez-
Timaure et al., 2020; M. V. Traffano-Schiffo, Castro-Giraldez, Colom, et al., 2018).
Likewise, our results shown in Fig. 1a- b are similar to those reported by Castro-Giraldez
et al. (2010), whose pH decrease was from 6.22 to 5.90 in male and female pigs, and to
those by Maganhini et al. (2007), who reported a pH of 5.80+0.16, at 24 hpm.
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Fig. 2. Evolution of pH of RFN and DFD samples during the muscle-to-meat conversion:

(a) for male pigs and (b) for female pigs.

The color kinetics in the L*, a*, b* and coordinates of male and female pig samples during
the muscle-to-meat conversion are shown in Fig. 3, Fig. 4, Fig. 5. In obtaining RFN meats,
it has been observed that the L* coordinate (lightness) gradually increases in male pigs
from 41.11 to 48.73; and in female pigs, from 41.05 to 48.63 until 10 hpm and decreases
to 43.34 in the case of male pig samples and to 43.69 in female pigs, respectively, at 24
hpm, as can be seen in Fig. 3a-b. Likewise, it is evident that our results of L* at 24 hpm
are different from those reported by Chmiel et al. (2014), Liu et al. (2021) and Maganhini
et al. (2007), who reported L* in the range from 46.85 to 50.34 at 24 hpm in male pigs
and those by Castro-Giraldez et al. (2010) who obtained L* =51.8 + 1.8 at 24 hpm in
male and female pigs. According to Matarneh et al. (2023), Huff-Lonergan
(2010),Chmiel et al. (2014), and Gispert et al. (2000), these differences are due to light
scattering and absorption during sampling and to the level of myoglobin present in the

muscle, which may vary according to breed, age, sex, castration, weight, feeding, type of
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cut, type of muscle, and temperature. On the other hand, coordinate a* (Red-green) for
RFN meats presents a slight increase between 3 and 27 hpm, from 14.25 to 14.89 and
13.88-14.05 for male and female pigs, respectively. In addition, coordinate b* (Yellow-
blue) shows similar behavior of a* from 8.21 to 9.99 and 8.07-9.20 for male and female
pigs, respectively, as shown in Fig. 3a-b and 4 a-b, results that are different from those
acquired by Chmiel et al. (2014) and Maganhini et al. (2007), who obtained values from
1.34 t0 2.2 and from 7.93 to 10.8 in the a* and b* coordinates in male pigs, during the 24
hpm.

For DFD samples, coordinate L* increases progressively in male pigs from 41.29 to 48.83
and female pigs from 40.09 to 48.51 during the 10 hpm. It then decreases at 24 hpm to
40.91 and 40.15, respectively. Our results, see Fig. 2a - b, coincide with those obtained
by Faucitano et al. (2010) and Maganhini et al. (2007), who obtained L* values from
40.54 to 43.95 for male pigs at 24 hpm, but differ from those reported by Castro-Giraldez
et al. (2010), who obtained L* 0f 49.4 + 0.2 at 24 hpm in male and female pigs. Likewise,
it can be observed that coordinate a* presents a slight increase in male pigs from 13.92 to
14.86 and a slight decrease in female pigs from 15.35 to 15.02 during the 27 hpm (see
Fig. 3a - b). In the same way, coordinate b* shows an increase in male pigs from 8.06 to
9.20 and female pigs from 9.03 to 10.00 during the 27 hpm (see Fig. 4a - b). Our results
are different from those acquired by Maganhini et al. (2007), who obtained in male pigs
values of 1.17+£0.74 and 6.37+0.63 in the a * and b* coordinates at 24 hpm. These
differences are mainly due to the increase of myoglobin because of the advanced age and
prolonged chronic stress, which generates low oxygen scattering, glycogen reduction,
high pH, slow protein denaturation, low light scattering, and bacterial contamination
(Castro de Jesus et al., 2021; Huff-Lonergan, 2010; Matarneh et al., 2023; M. V. Traffano-

186 |Pagina



Schiffo et al., 2018).
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Fig. 3. Evolution of the L* coordinate of RFN and DFD samples during the muscle-to-

meat conversion: (a) for male pigs and (b) for female pigs.
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meat conversion: (a) for male pigs and (b) for female pigs.

187 |Pagina



13.00 (a) 13.00 )

11.00 T+ 28 11.00

mﬁ g Nmﬂ'
= 1

b*
bli

1 + 8.00 £11
| 2k 7.00 I

6.00 6.00
5.00 5.00
4.00 400
0 2 4 6 8 10 12 14 16 18 20 22 24 26 0 2 4 6 8 10 12 14 16 18 20 22 24 26
t (hours) t (hours)
~m~--Male - RFN --#~--Male - DFD --#&--Female - RFN - ~@ ~- Female - DFD

Figure 5. Evolution of the b* coordinate of RFN and DFD samples during the muscle-to-

meat conversion: (a) for male pigs and (b) for female pigs.

Regarding chroma (C*) and hue (h*), it has been observed that in RFN samples, chroma
increases in a range from 16.48 to 17.96 for male pigs and in a range from 16.09 to 16.83
for female pigs, during the 24 hpm. 83 for female pigs, during the 24 hpm; something
similar can be observed in the tone, since it increases from 3 hpm to 24 hpm in a range of
30.28-33.90 for male pigs and in a range of 30.47—-33.69 for female pigs, as shown in Fig.
6a-b and 7 a-b. In the DFD samples, both chroma and hue increased from 3 hpm to 24
hpm; in the case of chroma, it increased in a range of 16.48-17.96 for males and 16.09-
16.83 for females; something similar happened with hue, which increased in a range of
30.28-33.90 and 30.47—43.34 for males and females, respectively. These results were
different from those obtained by Barbin et al. (2013) who obtained values in the range of
45.95-8.36 for chroma and values of 10.91-3.50 for tone (he does not specify the type of
meat); likewise, our results were different from those reported by Castro-Giraldez et al.
(2010) who obtained values of 70.39 for RFN samples and 68.29 for DFD samples, in
relation to tone. These differences are attributed to the physicochemical changes produced
during the conversion of muscle to meat, which can generate variations in pH content,
myoglobin, oxygen dispersion, light diffusion and, above all, protein denaturation (Castro
de Jesus et al., 2021; Matarneh et al., 2023; M. V. Traffano-Schiffo, Castro-Giraldez,
Herrero, et al., 2018).
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Fig. 6. Evolution of chroma (C*) of RFN and DFD samples during muscle-to-meat

conversion: (a) for male pigs and (b) for female pigs.
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Fig. 7. Pitch evolution (h*) of RFN and DFD samples during muscle-to-meat conversion:

(a) for male pigs and (b) for female pigs.

Then, the pH and color of pork meat undergo changes during post-mortem processing,
with slight differences influenced by the sex of the animal for both RFN and DFD

samples.
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3.2.  Classification of pork according to physicochemical parameters

Table 1 shows the physicochemical parameters obtained at 24 hpm and Tukey's test for
RFN and DFD samples. For the RFN samples, pH < 6, L* > 40, C* > 15, h* > 30, H% >
60 and drip loss < 2 can be observed for both male and female pigs; for the DFD samples,
pH > 6, L* > 40, C* > 15, h* > 30, H% > 60 and drip loss < 2 can be observed. Regarding
the results obtained according to the Tukey test, a significant difference (p> 0.05) can be
observed for the parameters of pH and color in the *L chordate for both RFN and DFD
samples; however, for the parameters of chroma, tone, humidity and drip loss, no
significant difference was found; it is worth mentioning that the parameters of pH, L* and

drip loss are the ones that will allow us to classify the quality of the meat.

Table 1. Physicochemical parameters obtained at 24 hpm for RFN and DFD samples and
tukey's test.

Moisture  Drip loss

Parameters pHazn pH2an L*24n C*an h*24n
(%) (%)

o 6.197+ 5714+ 43.692+ 16.827+ 33.691+ 68.857 1.655 +
emale
0.235* 0.197% 1486* 2557* 4.116° 1.230° 1.0042

RFN
Mal 6.208+ 5.708+ 43.341+ 17964+ 33.898+ 69.604 + 1833+
ale
0.145* 0.094* 0.802*  3.269*  3.333 1.8232 1.060?
Femal 6.581+ 6.154+ 40.152+ 18.073+ 33.684+ 69.900 + 1129 +
emale
0.162° 0.077° 1.634° 2236° 3.336° 1.5242 0.4172
DFD
Mal 6.547+ 6.177+ 41910+ 17522+ 32.035+ 69.032+ 1.693 +
ale
0.135° 0.084* 1.075°  3.410°  3.984° 1.892% 1.0372
p_value 0.000° 0.000° 0.000° 0.734" 0.237" 0.287" 0.162"

*Analisys of variance of one-away (a=0.05); the superscripts of the same letters of the
mean values in each physicochemical parameter of the types of male and female pork,
indicate the existence of no significant differences according to the Tukey test (pvalue <
0.05).

Table 2 shows the meat type classification for male and female pigs based on the
parameters of pH, color (L*), and drip loss at 24 hpm, resulting in 0 PSE samples, 0 RSE
samples, 33 RFN samples, and 47 DFD samples, for a total of 80 samples.
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Meat type Male pigs Female pigs total

PSE 0 0 0
RSE 0 0 0
RFN 23 10 33
DFD 32 15 47
Total 55 25 80

Meat pH and meat colour are effective indicators for the identification of RFN and DFD

pork.
3.3.  Dielectric spectra during muscle-to-meat conversion.

Fig. 8, Fig. 9 show the dielectric constant (¢') values of the RFN and DFD male and female
samples from 3 to 24 h post-mortem, which decrease with increasing frequency. This
behavior is similar to that reported by Castro-Girdldez, Aristoy, et al. (2010). The
behavior of the €' spectra of males and females is a product of biochemical and structural
changes, which include a series of oxidative, electrolyte, proteolytic, and other processes.
Similarly, the before-mentioned changes are attributed to lactic acid accumulation, pH
decrease, and protein denaturation, causing a decrease in water retention capacity, the
release of ions (Mg?*, Ca?, K*, Cl" and Na*), and the formation of myosin-actin cross-
links in the samples (Paredi et al., 2012), similar biochemical behavior in chicken meat
(M. V. Traffano-Schiffo et al., 2021).

In DFD samples, the behavior of the &' spectra of male and female pigs is due to the low
availability of ATP, lactic acid, and phosphate ions, the slow decrease in pH, high water
retention capacity, protein denaturation, and degradation of the muscle structure, which
affect ionic conductivity and the dipolar relaxation phenomenon (Castro-Giraldez,
Aristoy, et al., 2010; M. V. Traffano-Schiffo, Castro-Giraldez, Colom, et al., 2018). Due
to the lower availability of glucose and the limited glycogen content, the glycolysis route
is limited, which causes this type of meat to take alternative sources of energy production,
such as the degradation of amino acids, mainly alanine, and glycine. Due to these
processes, €' is lower for DFD samples in contrast to the other quality classes (M. V.
Traffano-Schiffo, Castro-Giraldez, Colom, et al., 2018).
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Fig. 9. Evolution of the dielectric constant of DFD samples, from 3 to 10 hours post-

mortem: (a) for male pigs and (b) for female pigs.

Fig. 10, Fig. 11 show the intensity values of the loss factor (¢") along the electromagnetic
spectrum (0.5-9 GHz) of the RFN and DFD samples of males and females from 3 to 24 h
post-mortem. In both figures, the intensity values €" decrease from 0.5 to 2 GHz and then

increase until 9 GHz, forming a "U"- shaped spectrum. This U-shape is because, after

slaughter, the muscle cells reduce the production of nutrients and oxygen, increasing ionic

strength and osmotic pressure from the animal's death until rigor mortis. When the pH
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approaches its isoelectric point (pH close to 5.4), the proteins start to become disabled,

and their capacity for absorbing cations (Mg?** and Ca?") decreases, thus increasing the

free ions in the sarcoplasm and the ionic conductivity (Castro-Giraldez, Aristoy, et al.,

2010). Likewise, the dielectric spectra formed from the intensity values of " for RFN

samples are similar to those reported, showing that the behavior of €" spectra in males

and females is due to ATP depletion and pH decrease, causing the release of free ions

from proteins and the increase of metabolites, such as lactate and nucleotides (Castro-

Giréldez, Aristoy, et al., 2010). In DFD samples, the behavior of the intensity values of

the €" spectra is due to the low lactic acid content and the late onset of rigor mortis in

contrast to the other types of samples.
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3.4. Prediction of quality parameters by dielectric spectroscopy.

3.4.1. Relevant frequencies for the optimization of the prediction model

The coefficient B allows finding the highest absolute values, which measure the level of
relationship between variables X and Y (Khan et al., 2020). In this investigation, a total
of 15 relevant or specific frequencies of 401 were found from the intensity values of ¢’
and ¢", referred to pH values. In the case of RFN samples, three relevant frequency
subgroups have been observed in the ranges of 0.5-1 GHz, 3—5 GHz and 8.5-9.0 GHz for
male pigs and for female pigs two subgroups have been observed in the ranges of 0.5—
3 GHz and 4.0-7.0 GHz, as evidenced in Fig. 12 a - b. The DFD samples also present
three relevant frequency subgroups in the ranges of 1.5-6.0 GHz, 4.5-7.5 GHz and 7.2—
8.9 GHz for male pigs and two subgroups in the ranges of 2.5-4.0 GHz and 5.3-9.0 GHz
for female pigs, as shown in Fig. 13 a-b.Unlike those reported by Andersen et al. (2018),
who obtained 3 relevant variables (RVs) in the range from 400 to 1850 nm; Andersen et
al. (2021), who obtained 5 RVs in the range from 400 to 1800 cm—1; and Balage et al.
(2015), who obtained 105 RVs in the range from 390 to 1380 nm through Marten's
uncertainty test; Barbin et al. (2012) has found 5 RV out of 237 bands, and Barbin et al.
(2013) obtained 14 RV out of 237 bands in the range from 928 to 1645 nm and from 947
to1680 nm through weighted regression coefficient; Geesink et al. (2003) found two

subgroups of RVs in the range from 1000 to 1860 nm and from 2100 to 2450 nm through
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the multiplicative scattering correlation (MSC); Qiao et al. (2007) found 6 RVs out of 80

spectra in the range from 494 to 978 nm through the simple correlation coefficient. The

differences between our research and the others are mainly due to the selection methods

of relevant variables and the data collection technique, which were performed using

hyperspectral imaging, near-infrared, and Raman spectroscopy, among others, in

different ranges of the electromagnetic spectrum.
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3 coefficients

Fig. 14, Fig. 15 show the most relevant frequencies for color prediction (L*) of the RFN
and DFD samples for males and females. In the case of the RFN samples, three subgroups
with relevant values (RV) are observed in the ranges of 0.5-1.0 GHz, 5.2-7.0 GHz and
8.5-9.0 GHz for male pigs and in the ranges of 0.5-2.5 GHz, 3.0-5.2 GHz and 7.5—
9.0 GHz for female pigs, as shown in Fig. 14 a-b. Similarly, the DFD samples present
three RV subgroups in the ranges of 0.5-1.0 GHz, 2.8—4.0 GHz and 8.5-9.0 GHz for male
pigs and for female pigs two subgroups in the ranges of 2.0—4.5 GHz and 5.5-8.5 GHz,
as evidenced in Fig. 15 a - b. In our research, 15 specific frequencies have been found for
color(L*) prediction, unlike those reported by Balage et al. (2015), who obtained 63 RVs
in the range from 405 to 1365 nm through the Martens' uncertainty test; Barbin et al.,
2012, Barbin et al., 2013, who reported 6 RVs in the range of 947—-1654 nm and 14 RVs
in the range from 928 to 1645 nm, respectively, through the weighted regression
coefficient; Geesink et al. (2003) found two major frequency subgroups in the range from
1000 to 1860 nm and 2100-2450 nm through the multiplicative scatter correlation; and
Qiao et al. (2007) found 6 RVs in the range from 434 to 703 nm through the simple

correlation coefficient.

Fig. 14. B Coefficient of color (L*) of RFN samples: (a) for male pigs and (b) for female
pigs.
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3 coefficients

Fig. 15. B Coefficient of color (L*) of DFD samples: (a) for male pigs and (b) for female
pigs.

Fig. 16, Fig. 17 show the most relevant frequencies for chroma (C*) prediction of RFN
and DFD samples for male and female pigs. In the case of RFN samples, three subgroups
with relevant values (RV) are observed in the ranges 0.5-1.3 GHz, 5.5-7.0 GHz and 8.5—
9.0 GHz for males and in the ranges 0.5-1.5 GHz, 3.0-5.3 GHz and 6.5-9 GHz for
females, as shown in Fig. 15 a-b. Similarly, DFD samples present three RV subgroups in
the ranges of 0.5-1.0 GHz, 2.8-4.0 GHz and 8.5-9.0 GHz for males and for females in
the ranges of 0.5-1.8 GHz, 3.2-5.0 and 6.5-9.0 GHz, as evidenced in Fig. 16 a- b. In our
research, 15 specific frequencies have been found for chroma (C*) prediction, unlike
those reported by Barbin et al. (2012), who obtained 6 RVs in the range of 947—1214 nm

using the weighted regression coefficient.
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3.4.2. Prediction of physicochemical parameters during the muscle-to-meat

conversion: modeling using e for the prediction of physicochemical parameters.

Table 3 shows the values obtained from the full and optimised PLSR for each of the
parameters determined (pH, L* and C*) according to the type of meat. The results show
that the optimised PLSR gives better results than the full PLSR for the parameters pH and
L* in both types of meat and sex; however, for the parameter C*, the full PLSR gives

high values for male pigs in both types of meat and the optimised PLSR gives low values.

Table 3. Summary of PLSR values obtained for pH, L* and C* according to type of meat

Male Female
PLSR
RFN DFD RFN DFD
R%Z, 0310+0.059 0.743+0.018 0.052+0.039  0.0436 + 0.029
Full
RMSE 0.033+0.021 0.013 + 0.009 ol ool
pH
Rz, 0.359+0.012 0.399+0.012 0.418+0.030  0.412 +0.009
Optimized
RMSE 0.004 +0.002 0.002+0.002 0.002+0.002  0.001 +0.001
RZ, 0.403+0.077 0.811+0.032 0.061+0.044  0.048 +0.040
Full
RMSE 0.745+0.513 0.450 + 0.313 *kx Fhk
L-k
R2%, 0.558+0.007 0.614+0.007 0.637+0.009  0.536+0.011
Optimized
RMSE 0.068+0.035 0.107 £0.064 0.043+0.017  0.011 +0.007
R, 0.289+0.037 0.603+0.017 0.043+0.037  0.045+0.033
Full
RMSE 0.148+0.070 0.019 + 0.020 *kx Fhk
C-k
R?, 0.284+0.016 0.366+0.008 0.307+0.028  0.285 + 0.020
Optimized
RMSE 0.016 +£0.010 0.010+0.006 0.0144 +0.005  0.0194 +0.020

***High error

repetitions.

value; the stability of the prediction models was tested through 30
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Fig. 18, Fig. 19 show the prediction of pH from the dielectric constant (¢') for the RFN
and DFD male and female samples. For RFN samples, a pH prediction of
RZ, =0.36 for male pigs and R%, = 0.43 for female pigs was obtained (Fig. 18 a - b); and
for DFD samples, R2, =0.40 for male pigs and R2,=0.42 for female pigs could be
predicted (Fig. 19 a - b), different to the results reported by Andersen [8], who obtained
an R? =0.72 for male pigs; (Balage et al., 2015), (Furtado et al., 2019) and (Savenije et
al., 2006), who recorded an R? in the range from 0.67 to 0.71 for male and female pigs;
and (Kapper et al., 2012) and (Qiao et al., 2007), who recorded an R? in the range from
0.55 to 0.70 for pigs (not specifying sex). These similarities occur even though they have
used different techniques to obtain spectra, such as Raman spectroscopy (RS), Fourier
transformation infrared spectroscopy (FT - IR), visible reflectance spectroscopy (VIS),
near-infrared spectroscopy (NIR), and hyperspectral imaging (HSI). When comparing our
results of pork quality prediction with those performed on other types of meats, it can be
observed that our results are similar to those by (Y. Yang et al., 2021), who obtained a
pH prediction of R? =0.80 in chicken, beef, pork, and turkey meat, but lower than those
by (Hashem et al., 2021), who obtained a pH prediction of R?=0.95 in beef meat. These

similarities and/or differences are due to the above-mentioned in Fig. 2.
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Fig. 18. Results of PLSR model prediction for pH of RFN samples: (a) RZ, = 0.36 for
male pigs and (b) RZ, = 0.43 for female pigs.
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Fig. 20, Fig. 21 show the color prediction (L*) from the dielectric constant e' for RFN
and DFD samples for males and females, respectively. For RFN samples, an L* prediction
of R%, = 0.57 for male pigs and RZ, = 0.64 for female pigs was obtained; and for DFD
samples, R2, = 0.62 for male pigs and R2, = 0.54 for female pigs could be predicted,
similar to the reported results by Balage et al. (2015), Furtado et al. (2018) and Savenije
et al. (2006), who recorded an R? in the range from 0.63 to 0.84 for male and female pigs
through VIS/NIR spectroscopy; and those obtained by other authors (Barbin et al., 2012;
Kapper et al., 2012; Qiao et al., 2007), who recorded an RZ, in the range from 0.75 to
0.91 for pigs (not specifying sex) through FT — IR, NIR and HIS spectroscopy. When
comparing our results of pork quality prediction with those performed on other types of
meats, it can be observed that our results are lower than those by Yang et al. (2021), who
obtained an L* prediction of R? = 0.93 in chicken, beef, pork, and turkey meat; and those
by Hashem et al. (2021), who obtained a pH prediction of R? = 0.96 in beef meat,

summarizing Fig. 3.
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Fig. 20. Results of PLSR model prediction for color (L*) of RFN samples: (a) R2, = 0.57
for male pigs and (b) R2, = 0.64 for female pigs.
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Fig. 21. Results of PLSR model prediction for color (L*) of DFD samples: (a) R2, = 0.62
for male pigs and (b) R2, = 0.51 for female pigs.
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Fig. 22, Fig. 23 show the color prediction (C*) from the dielectric constant €' for RFN
and DFD samples for male and female pigs, respectively. For RFN samples, a C*
prediction of RZ, =0.29 for male pigs and R, = 0.32 for female pigs was obtained; and
for DFD samples, it was possible to predict R%, = 0.35 for male pigs and R, =0.28 for
female pigs, different from the results reported by Barbin et al. (2012) who recorded an
R, =0.83 for pigs (no sex specified) by NIR and HIS spectroscopy, due to the reflection
of surface light that the sample offers, however, for the case of prediction from dielectric
properties the performance is low due to the degradation of tissue structure and reduction
- oxidation of myoglobin due to the decrease in pH during the transformation from muscle
to meat (Castro-Giraldez, Aristoy, et al., 2010; Castro-Giraldez, Fito, et al., 2010; Castro-
Giréaldez et al., 2011).
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Fig. 22. Results of PLSR model prediction for color (C*) of RFN samples: (a) R:, = 0.29
for male pigs and (b) RZ, = 0.32 for female pigs.
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Fig. 23. Results of PLSR model prediction for color (C*) of DFD samples: (a) R2, = 0.36
for male pigs and (b) RZ, = 0.28 for female pigs.

The partial least squares regression (PLSR) technique has the capacity to predict
significant characteristics of post-mortem pork, thereby enabling the identification of the
quality grade of pork.

4. Conclusion

The transformation of muscle into meat for males and females has shown that the intensity
values of the dielectric constant and loss factor decrease as the frequency increases. This
allows the types of DFD and RFN meat for samples of males and females to be
differentiated at 24 hpm.

Robust models were created using PLSR to predict internal quality during muscle to meat
transformation. Performance was moderate for male pig meat. R? of 0.743 (pH), 0.811
(L*) and 0.603 (C*) for DFD meat with PLSR (full) and R? of 0.359 (pH), 0.558 (L*) and
0.284 (C*) for RNF meat with PLSR (optimized). R3, of 0.412 - 0.637 for pH, L* and
C* for RFN and DFD meat from female sows with PLSR (optimized). New chemometric

models are needed to improve the prediction of internal pork meat quality.
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4.6. Determinacion de la cinética de hidratacion de frejoles pinto: una aplicacion de

imagenes hiperespectrales.
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Abstract

Hydration is a typical operation applied to legumes before cooking, reducing time and the
associated energy cost. To monitor the process, mass balance method is the most used
methodology, despite this method is destructive, repetitive, and time-consuming. For that
reason. hyperspectral techniques are presented as an alternative for assessing the
hydration process since it is a noninvasive method. Therefore, the objective of this work
was to evaluate the technique of hyperspectral imaging for studying the hydration kinetics
of pinto beans. For this purpose, a sample of pinto beans was hydrated in distilled water,
determining moisture content during the process and taking hyperspectral images by
reflectance mode, in the range 400 to 800 nm until constant mass. The moisture content
was modelled using Peleg and a sigmoidal model. Next, the images were pre-treated and
the median spectral profile for each bean was obtained. Then, a regression model was
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fitted, using the wavelength that maximized the coefficient of determination (R?) and
minimized the root mean square error (RMSE). The results show that Peleg model fit
experimental data with R? in the range of 0.974 to 0.989 while sigmoidal model of 0.997
to 0.999. On other hand, mean spectral profiles at 632 nm and sigmoidal model give the
higher metrics 0.997 and 38.3 for R? and RMSE respectively. The results showed that
hyperspectral imaging in reflectance mode is a tool capable of measuring the hydration
level of beans with higher performance at 632 nm, with a determination coefficient R?
higher than 0.98.

Keywords: Hyperspectral image, reflectance, pinto beans, hydration kinetics
Highlights

- Hyperspectral images as a rapid and non-invasive tool for monitoring of the hydration
process.
- Devolvement of an algorithm for determination of relevant wavelength

- The reflectance values as a new physical variable for modeling hydration kinetics.
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Figure 1. Summary graph of bean hydration kinetics by HSI.
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1. Introduction

Legume grains are a rich source of protein, fiber, and iron, whose consumption has
increased in the last decades, mainly due to their health benefits, long shelf life, and easy
transport (S&nchez-Arteaga, Urias-Silvas, Espinosa-Andrews and Garcia-Marquez,
2015). Although, before its consumption, it is necessary to increase their moisture by
hydration before cooking, malting, and germination for tendering tissues, activating
enzymes, and/or eliminating antinutritional components (Abu-Ghannam, 1998; Lovato,
Kowaleski, Silva and Heldt, 2017). Consequently, it is important to perform the hydration

process and its kinetics.

The hydration Kinetics of legume grains is characterized by the determination of water
absorption, equilibrium moisture, and the time required for grain softening (Miano and
Augusto, 2018). In this sense, knowing the Kinetics parameters of hydration allows
evaluating the use of new approaches to improve the process optimizing factors such as
cooking time, starch gelatinization, protein denaturation, and release of other compounds
(Chapwanya and Misra, 2015).

The modeling of hydration kinetics of legume grains uses phenomenological, semi-
empiric, and empiric equations such as Peleg and Kaptso’s models, the most common
equations for moisture modeling (Miano, Saldafia, Campestrini, Chiorato and Augusto,
2018). These models require performing a controlled-hydration process where the mass
of the grains should be recorded during the soaking time, for the next calculus. Indeed,
this procedure must continue until equilibrium between moisture inside grains and the
media (Garvin, Augusto, Ibarz and Ibarz, 2019; Miano, Garcia and Augusto, 2015).
However, this method can be disadvantageous in industry, where quick results are
desirable. Therefore, other methods, fast and nondestructive, should be studied to obtain
the moisture content of grains during the hydration process for performing kinetics

studies.

An interesting approach is hyperspectral system imaging (HSI) to monitor the hydration
process. HSI is a nondestructive technique that has multiple applications, for instance, the
assessment and prediction of moisture content in foods, which was recently studied.
Yang, He, Lu, Ren and Wang (2017) applied HSI to predict moisture content in cooked
beef, and Ma, Sun and Pu (2017) applied this technique for predicting moisture content
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in pork at diverse methods of drying. On the other hand, Caponigro, Marini and Gowen
(2018) combined NIR-HSI for assessing moisture content on hydrogels composed of
agar, starch, gelatin, and blended.

In fact, HSI is a tool with high potential for use in agriculture and quality control of agri-
food products; with a wide range of applications from satellite images to macroscopic and
cellular levels (Dale et al., 2013; Wang et al., 2023). Its application has been tested in
obtaining crop field information, even considering environmental variables for decision
making up to the detection of ingredients used in processed food formulations (Zhu et al.,
2020; Benelli et al., 2020). More recent work explores applications combined with other
tools such as visible/near-infrared spectrum imaging (Xu et al., 2023) and artificial
intelligence (An et al., 2023). Taghinezehad et al. (2023) mention that HSI can be a

powerful technique for controlling food drying processes.

Consequently, the main objective of this study was to evaluate the use of HSI for moisture
modeling in legumes grain, which could allow us to predict the degree of hydration of
pinto beans.

2. Materials and methods

The experimental procedure is shown in Figure 2. Likewise, each step of the flowchart is

explained in the following paragraphs.
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Figure 2. Experimental procedure in hydration process of beans.
2.1. Sample beans.

For the present study, 3 kg of common beans (Phaseolus vulgaris) of the “Pinto” variety
were purchased from the local market in Chachapoyas, Peru. First, the beans were
selected according to their homogeneity in size, color, and weight, discarding beans that
presented mechanical and biological damage. Next, the samples were stored in a clean
and dry plastic container at 15 °C for two weeks to get homogeneous moisture in the beans

until processing.

2.2. Sample characterization.

Samples (250 grains) of “Pinto” beans (Phaseolus vulgaris) were characterized by
obtaining mean values for width (W), length (L), and thickness (T) using a vernier caliper
(Stanley co, standard). Using these values surface (S), volume (V), and specific surface

(Sps) were calculated using the Equation 1 to 3 (Miano and Augusto, 2018).

S~ mx*

a\/(L*W)a+ (L*T)%+ (T*W)® Aa = 1.6075 (1)

3
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Ssp = % 3)

In addition, moisture, protein, fat, and ash were determined according to AOAC (2010)
in a similar way to the works of Miano and Augusto (2018), and Kaptso, Njintang,
Komnek, Hounhouigan, Scher and Mbofung (2008).

2.3. Hydration process

For the hydration process, 15g (19 to 20 grains approximately per each repetition) of the
sample were placed in an Erlenmeyer glass of 500 mL which contained double-distilled
water at 20 °C, controlled by constant temperature water bath (Heating Bath B-305,
Buchi). The mass of each sample was controlled every 15 minutes during the first two
hours and every 30 minutes until it reached equilibrium. Each sampling time, the beans
were drained, dried superficially, and weighed immediately, as described by Oroian
(2017), and Ulloa, Rosas-Ulloa, Ramirez-Ramirez and Ulloa-Rangel (2016).

The moisture content at each time step (M:) was calculated by mass balance, considering
the initial sample mass (mo), the moisture (Mo), and the obtained mass at each time step.
Likewise, researchers like Miano et al. (2018), Ulloa, Enriquez LoOpez, Contreras
Morales, Rosas Ulloa, Ramirez Ramirez and Ulloa Rangel (2015) and Oliveira, Colnaghi,
da Silva, Gouvéa, Vieira and Augusto (2013) despise the transfer of soluble solids
between beans grain and water for considered not significant in the mass balance. This

process was realized in triplicate.
2.4. Hyperspectral images acquisition

Previous to obtaining hyperspectral image of the grains, the parameters of functioning of
the camera were programmed (Pika XC; Resonon Inc. Montana, USA), as follow: speed
of sample platform = 0.5 cm/s, diaphragm aperture = 6.4 mm and distance to surface =
28.3 cm (Véasquez, Magan, Oblitas, Chuquizuta, Avila-George and Castro, 2018). After
that, calibration procedure was conducted using white and black references as described
in the investigation performed by Castro, Prieto, Guerra, Chuquizuta, Medina, Acevedo-

Juérez and Avila-George (2018) and Vasquez et al. (2018). Subsequently, hyperspectral
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images of the grains of beans were acquired, being able to obtain fifty-seven images of
fifty-nine grains in each hydration time by SpectrononPro 2.62 software (Resonon Inc.
Montana, USA) (Castro et al., 2018). The system was operated in reflectance mode with

line-by-line scanning in the 400-800 nm range (see Figure 3).
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Figure 3. Hyperspectral imaging system: (a) samples, (b) camera HSI, (c) imagen spectral
and (d) spectral mean.

For the extraction of the average spectral information (reflectance) of each bean’s
hyperspectral image throughout the hydration process, a guide created in Matlab by
Castro et al. (2018) was used, obtaining a total of 1121 spectra. Finally, the mean spectra
were pre-treated using a second-order Savitsky-Golay filter with 11 frames to eliminate

any noise generated when images were obtained.

2.5. Modeling hydration kinetic and HIS
2.5.1. Modelling hydration kinetic

The Peleg model (Peleg, 1988) and a sigmoidal model (Kaptso et al., 2008) were used
for modeling the hydration Kkinetics of the pinto bean. For this, the moisture contents (%

dry basis) were tabulated against the hydration time (min). The Peleg model describes
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hydration behavior with downward concave shape through its parameters with physical
explanation (Equation 4) and the sigmoidal model (semi-empiric) describes hydration
Kinetics behavior with a sigmoid shape, characterized by beans with low-permeability-to-

water seed coat (Equation 5).

t

My = Mo+ @

=  Meqg
1+exp[—kp*(t*T)]

(5)

M,

Where, My is the initial moisture content in the dried base (% d.b.), k1 is the hydration
rate (min- (% d.b.™)) and k; is the parameter related to the equilibrium moisture content
(% d.b.™), ki related to hydration rate (min), = time to achieve the inflection point of

the hydration curve (min) and M.q which is the equilibrium moisture content (% d.b.).
2.5.2. Modelling hydration by reflectance

Modeling of hydration by reflectance was done using HSI technology. Previously, the
reflectance and moisture content values of the beans “Pinto” were ordered and saved in
* xlIsx format during each time of hydration. A sequence was implemented in MatLab
2021b to select an optimal wavelength from the maximization of determination
coefficient (R?) and minimization of mean square root deviation (RMSE) by linear
regression between moisture content and reflectance (Mendoza, Wiesinger, Lu, Nchimbi-
Msolla, Miklas, Kelly and Cichy, 2018). Finally, the hydration kinetics was modeled
using the Peleg and Sigmoidal models using the moisture content and reflectance value
at optimized wavelength instead of moisture content as the dependent variable, both in
relation to hydration time (min). The functions carried out in Matlab was uploaded to
Matlab files interchange web in the following link
“https://es.mathworks.com/matlabcentral/fileexchange/158986-algorithm-for-

modelling-pinto-bean-hydration-kinetics”.
2.5.3. Fitting and statistical analysis

The Levenberg—Marquardt algorithm implemented in MatLab 2021b - MathWorks
software was used to fit data in the Peleg and Sigmoidal models (see Figure 4). For

statistical analysis, the regression value R?, the values of the root mean square error
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(RMSE), with a confidence level of 95% were evaluated using the Equation 6 and 7
(Miano et al., 2015; Miano and Augusto, 2018; Miano et al., 2018).

2 Y @i-yi)?
R® = L @i-ve)? (6)
1 A
RMSE = 51,0 - 902 0

Where, yi is the experimental value, y;: is the predicted value and n is the number of

observations.

220 | Pagina



Load data
R, M, A, t
Inicializing counter
i=0
‘ Fitting moisture by Peleg

[ =i+l ] and sigmoidal models
_ M= Fpeleg(M-t)
M = Fsigmoidal(Mvt)

!

Statistical metrics
calculation
[RMSE), R2]=f(M, Mp)

si

v

Linear regression fitting
[A,B] = fit(M,R)
Yp = (R, A, B) \

4

‘ R2, RMSE, K1, K>, Kk, T
Statistical metrics
e calculation
[RMSE(i), Rz(,)]:f(Y, Yp)

Y

A relevant determination
Arel = f(RMSEmin), RZmax))

v

Fitting reflactance byPeleg
and sigmoidal models

Rereny = Fpeleg(R't)
Rreny = FsigmoidaI(R.t)

Statistical metrics calculation
[RMSE, Rz(i)]=f(R)\rel, Rparer)

l

R2(rely, RMSE ey, Ki(arel):
Karel), Kkrel): T(arel)

Figure 4. Pseudocode for wavelength selection algorithm
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3. Results and discussion

3.1. Physicochemical analysis during fermentation

Table 1 shows the characteristic dimensions of beans and their chemical composition.
The results of the dimensions are slightly different to other varieties such as Azufrado,
Peruano bola, Mayacoba, and Canario, as reported by Ulloa et al. (2015) even for the
same variety presented slight differences as reported by Ulloa et al. (2016). While
chemical composition in moisture, protein, lipid, and ash are similar to those reported by
Ovando-Martinez, Osorio-Diaz, Whitney, Bello-Pérez and Simsek (2011), Anino,
Onyango, Imathiu, Maina and Onyangore (2019), and SanchezArteaga et al. (2015).

Table 1. The physicochemical values of the bean sample.

Physical properties Chemical composition
Thickness-T (mmm) 8.49 +0.93 Moisture (% d.b) 13.42 +0.02
Width-W (mm) 9.64 £ 0.85 Protein (%) 22.25+0.03
Length-L (mm) 12.40+1.09  Fat (%) 1.47 +0.05
Surface-S (mm?®) 580.10 £91.19  Ash (%) 5.85+0.07
Volume-V (mmd) 540.02 + 128.50

Specific surface-Sps
1.10+0.11
(mm™)

3.2. Spectral profiles

Figure 5 shows the spectral profile of the pinto beans for different times of hydration from
0 to 1200 s, evidencing a sigmoidal shape with a higher slope in the range of 400 to 800
nm. Likewise, an upward shift of the spectrum is shown when hydration time increases.
Despite being a different food matrix in beef cuts, when it was dehydrated, the spectrum
has a downward shift by increasing the dehydration time Ren and Sun (2022), which
shows that when a sample has higher water content, the spectrum in terms of reflectance

presents higher values, evidencing a causal relationship between these two variables.
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Figure 5. Mean spectral profile at different soaking times.
3.3. Hydration kinetics modeling

The hydration kinetics of Pinto beans were suitably fitted to both Peleg and Sigmoidal
Model. Table 2, shows that both models present high values of R?, being higher when
sigmoidal model was used. This evidences that the pinto bean has a sigmoidal behavior
of hydration kinetics, which is commonly in legume grains. In fact, legume grains such
as pinto beans mostly present sigmoidal behavior due to the seed coat’s impermeability
to water (Miano and Augusto, 2018). This causes water to get into through the micropyle
and hilum (Korban, Coyne and Weihing, 1981), and slowly hydrating the grains from
inside. As the seed coat gets hydrated from the inside, its permeability to water increases,
letting water enter through the seed coat and accelerating hydration (Miano et al., 2018).

From this point, hydration continues until it reaches equilibrium.
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Table 2. Fitting parameters from Peleg model and Sigmoidal model for moisture

content and reflectance.

Peleg Model
Parameters
ki ko - Vid RSME
Moisture 4.2856 + 0.0058 + 0.974 + 5.94 +
0.0925 0.0003 0.0078 1.0191
0.2101 + 3.0410 %+ 0.988 + 76.0 +
Reflectance -
0.0145 1.0410™* 0.008 15.6930
Sigmoidal Model
Parameters
r ks Mey y2 RSME
Moisture 241.5861 + 117.5608+ 0.999+
0.0081+ * 1.18+*
41.0452 7.6253 0.1727
Reflectance -46.818 + 1.0555410* 0.997 + 40.2 +
0.003 + 0.0005
39.9971 + 158.1031 0.0025 7.3078

There are three published works where the pinto bean was used. One of them, used the

Peleg model to fit hydration Kinetics, reporting values of 1.56 for k1 and 0.0071 for k>
(Zanella-Diaz, Mdjica-Paz, Soto-Caballero, Welti-Chanes and Valdez-Fragoso, 2014).

These parameters are different from the used pinto beans in the present work, especially

for ki, which is related to the reciprocal of hydration rate. Besides that, thew work of

Carvalho et. al (2022) also reported pinto beans hydration kinetics with downward

concave shape behavior, using Peleg model to fit the data. Nevertheless, they reported the

data at 30, 40 and 50°C, which can also affect to the hydration kinetics behavior since

higher soaking temperatures can reduce lag phase of sigmoidal shape behavior (Kaptso

et al., 2008).
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In other work, pinto bean presented sigmoidal behavior with a long lag phase (Kinyanjui,
Njoroge, Makokha, Christiaens, Ndaka and Hendrickx, 2015); however, without fitting
data to a model. All these works and the current work show different hydration kinetics
for pinto beans. This corroborates the fact that despite the same variety of beans,
hydration Kinetics can be very different. This is due to the intrinsic properties of the grains
as initial moisture content and/or composition differences (Miano et al., 2018) caused by
different growth conditions and storage conditions (Kinyanjui et al., 2015). This result
suggests that hyperspectral imaging for moisture monitoring should be evaluated for

beans with different storage and growth conditions.
3.4. Hyperspectral analysis for hydration kinetics evaluation

First, the optimum wavelength which better detects moisture of pinto beans was searched.
In Figure 6, the relationship between the R? and the RMSE of the correlation between
moisture content and reflectance is presented. The optimum wavelength was 632 nm,
which obtained a maximum determination coefficient (R?), and minimum root means
square error (RMSE). This indicates that 632 nm is the most suitable wavelength to
predict the moisture content of pinto beans. In other words, by taking images using 632
nm of wavelength, moisture content can be predicted without using a destructive method.
Caponigro et al. (2018) reported that samples with very high moisture content absorb a
large quantity of NIR light resulting in signal saturation above 1384 nm, while samples
with very low moisture content absorb only a small quantity of light, resulting in a low

signal.
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Figure 6. Relevant wavelength selection by mean of RMSE and R?

The relationship between the reflectance and the moisture content of the bean grains
during hydration was R? = 0.9966, evidencing the existence of a similarity between both
physical parameters. This value is higher than the one reported by Mendoza et al. (2018)
who obtained 0.789 as the determination coefficient for the prediction of water uptake
and reflectance of other common beans. This low prediction value is due to using a linear
fit model such as PLSR. In contrast, Ren and Sun (2022), who determined a high
relationship between water and reflectance values of a R? = 0.92 in the range of 1000 to
1500 nm in rehydrated samples of meat slices, due to the excitation of O — H bonds that

particularly the water molecule counts.

Using reflectance and the optimum wavelength, hydration kinetics can be plotted and
described. Figure 7 shows the hydration Kinetics evaluated using the moisture content
behavior against hydration time and using reflectance of beans against hydration time.
Further, Figure 7 demonstrated the sigmoidal behavior of hydration Kinetics,
corroborating the best-fitting goodness of the sigmoidal model (Table 1). Regarding the

use of reflectance, hydration kinetics was described almost the same as using moisture
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content no matter which model was considered, evidencing a high correlation between

moisture and reflectance.
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4. Conclusions

The hyperspectral imaging technique was used to monitor the hydration of pinto beans.
Mean reflectance spectra were obtained in the 400 to 800 nm range. The best relationship
between moisture content and reflectance value was identified at 632 nm, with a goodness
of fit of R? = 0.9966 and RMSE = 2.30. The hydration kinetics were subsequently
modelled using the Peleg and Sigmoidal equations, resulting in high goodness of fit of R?
= 0.989 and R? = 0.996, respectively. Hyperspectral imaging is a promising tool for
monitoring and modelling the hydration kinetics of pinto beans. This technique is useful
for beans with both sigmoidal and concave downward shapes of hydration Kinetics.
Consequently, future studies using more grains are required to validate the optimal

wavelength.
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4.7. Impacto de la bioestimulacion magnética y las condiciones ambientales en la calidad

agronomica y la composicién bioactiva del maiz morado INIA 601.
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Abstract

The utilization of magnetic fields in agricultural contexts has been demonstrated to exert
a beneficial effect on various aspects of crop development, including germination,
growth, and yield. The present study investigates the impact of magnetic biostimulation
on seeds of purple maize (Zea mays L.), variety INIA 601, cultivated in Cajamarca, Peru,
with a particular focus on their physical characteristics, yield, bioactive compounds, and
antioxidant activity. The results demonstrated that seeds treated with pulsed (8 mT at 30
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Hz for 30 min) and static (50 mT for 30 min) magnetic fields exhibited significantly
longer cobs (16.89 and 16.53 cm, respectively) compared with the untreated control
(15.79 cm). Furthermore, the application of these magnetic fields resulted in enhanced
antioxidant activity in the bract, although the untreated samples exhibited higher values
(110.56 pg/mL) compared with the pulsed (91.82 pg/mL) and static (89.61 pg/mL)
treatments. The geographical origin of the samples had a significant effect on the physical
development and the amount of total phenols, especially the antioxidant activity in the
coronet and bract. Furthermore, a total of fourteen phenols were identified in various parts
of the purple maize, with procyanidin B2 found in high concentrations in the bract and
crown. Conversely, epicatechin, kaempferol, vanillin, and resveratrol were found in lower
concentrations. These findings underscore the phenolic diversity of INIA 601 purple
maize and its potential application in the food and pharmaceutical industries, suggesting
that magnetic biostimulation could be an effective tool to improve the nutritional and
antioxidant properties of crops.

Keywords: antioxidants; Andean crops; biofortification strategies; bioactive yields in
plants; phenolic biosynthesis
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1. Introduction

The significance of purple corn extends both nationally and internationally. During the
initial quarter of 2024, the marketing of grain, bracts, and crowns enabled the export of
281 tons of corn on the cob. The United States constitutes its primary market [1]. This
variety of corn is utilized in the production of various baked goods, gastronomy, whiskey,
and in the extraction of anthocyanin compounds. Noteworthy among the most cultivated
varieties are the following: Cuzco, Caraz, Arequipa, Negro de Junin, Huancavelicano,
UNC-47, PM-581, PM-582, INIA-615 black Canaan, and INIA-601. The latter variety is
of particular interest due to its bioactive compounds, particularly anthocyanin, which
possesses significant antioxidant activity. This bioactive compound has been shown to
offer numerous health benefits, including a reduction in the risk of developing diabetes
[2]. It has been demonstrated that it is instrumental in preventing obesity and being
overweight, colon cancer and cardiovascular diseases, and ocular degeneration and
contributes to the formation of cells and tissues. The efficacy of these benefits has been
substantiated by numerous research studies. Conversely, improper seed selection has been
shown to result in diminished levels of phytochemicals, such as anthocyanins and
flavonoids, which are pivotal for the health benefits associated with purple corn [3]. This,

in turn, has been observed to diminish the quality and economic value of purple corn [4].

In the pursuit of enhancing the germination and physical characteristics of corn, various
technologies have been employed, including precision agriculture, which utilizes
specialized software and hardware such as GPS and Geographic Information Systems
(GISs). These technologies enable farmers to meticulously manage inputs, including
fertilizers, pesticides, and irrigation water, thereby minimizing waste and reducing the
environmental impact [5]. Conversely, Genetically Modified Organisms (GMOSs) have
been linked to an augmentation in the area and yield of maize [6]. Another method is
ultrasonic priming of seeds, in which ultrasonic waves at about 20 kHz are applied in
water or other suitable nutrient solutions to improve germination and early growth [7] as
well as uniformity [8]. However, due to its competitive cost advantages, its varied
application, and its positive effects on crops, the application of magnetic fields stands out.
These fields have been shown to improve growth and yield, mitigate abiotic stress factors
that affect vegetative development [9] and seed quality [10], and increase the availability

of some minerals, such as phosphorus, in the soil [11].
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Magnetic fields have been demonstrated to promote the germination and growth of
diverse agricultural seeds. The interaction of magnetic fields with biological systems
within the spectrum below 1 MHz is referred to as charge induction, which involves the
transfer of charges from ions at low frequencies to the induction of metal centers (Fe3+,
Cu2+, and Mn2+) in proteins that play a crucial role in cellular functioning at higher
frequencies. Molecules such as ferritins, plastocyanins, cytochrome C oxidase, and
superoxide dismutase, which are crucial for plant growth [12], are affected by
paramagnetic relaxation in seeds. In the cases of maize and soybean, an intensity of 200
mT for 1 h has been shown to enhance germination and essential enzyme activities, even
in saline soils [13]. Furthermore, the application of 10 mT at 25 °C for 1 h to brown rice
seeds resulted in an augmentation of a-amylase activity and germination, along with
enhancements of shoot and root length and weight [14]. In broad beans, this treatment
increased amylolytic activity and production of indole-3-acetic and gibberellic acids [15].
Furthermore, water subjected to magnetic fields exhibited a propensity to promote maize
growth, yielding outcomes that surpassed those of conventional water [16]. The
underlying mechanism of this phenomenon is attributed to the ability of magnetic fields
to modify apical cells, thereby enhancing nutrient uptake [17]. However, these treatments
have not yet been applied to purple corn seeds of the INIA 601 variety. Consequently,
this study evaluated the effect of magnetic biostimulation of INIA 601 purple corn seeds
on their physical characteristics, production yield, concentration of bioactive compounds,

and antioxidant activity.

2. Materials and Methods

2.1. Vegetal material

The experiment utilized 3 kg of purple corn (Zea mays L. var. INIA 601) seeds, kindly
provided by the “Bafios del Inca” Experimental Station of the Instituto Nacional de

Innovacion Agraria (INIA), located in Cajamarca, Peru.
2.2. Regents

Hydrochloric acid, ethanol (99.7%), potassium chloride (0.025 M), sodium acetate,
concentrated hydrochloric acid, Folin Ciocalteu, gallic acid, sodium carbonate (95.5%),
formic acid, and methanol (99.7%) were obtained from Merck KGaA (Darmstadt,
Alemania); 2,2-diphenyl-1-picrylhydrazyl (DPPH) was also acquired (Burlington, MA,
USA), along with HPLC-grade methanol (JT Baker, Madrid, Spain).
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2.3. Experimental location

The experiment was conducted at two locations in the department of Cajamarca. These
were Cajabamba and Cochamarca, whose geographical locations and climatological

characteristics for 2022 and 2023 growing seasons are shown in Table 1.

Table 1. Geographical location and climatological characteristics of the planting

locations.
Geographic Coordinates
Location Political Location Altitude
Latitude Longitude
(masl)
Plot of land of INIA Pampa Grande
Cajabamba Annex, district and province of 2640 7°36'39" 78°04'15"
Cajabamba
INIA land lot, Gregorio Pita district, o1 fremm o1 arman
Cochamarca San Marcos province 2864 7°16'52 78°13'09
Climatic characteristics
s, emerors? versge gty DY AE LR g spe
P P precipitation y y
0) 0) (mm) (%) (h) (m/s)
Cajabamba 12.82 23.33 3.53 74.96 5.47 0.37
Cochamarca 7.94 20.49 2.87 82.22 3.20 0.60
2.4. Methods

2.4.1. Biostimulation of INIA 601 purple corn seeds

The static and pulsed magnetic field prototypes were designed and constructed at the
Emerging Technologies Laboratory of the Research Institute of the Universidad Nacional
Auténoma de Chota and the Food Engineering Laboratory of the Universidad Nacional
de Jaén. The static magnetic field (SMF) prototype consisted of an array of neodymium
magnets, which were placed on PLA printed plates. The pulsed magnetic field (PMF)
prototype consisted of a solenoid coil, pulse controllers, and a voltage source. Prior to the
application of the magnetic fields, the seeds were meticulously selected, ensuring the
exclusion of any seeds exhibiting signs of mechanical or biological damage. The seeds
were subsequently transferred to the equipment for biostimulation with static magnetic
fields, with an induction of 50 mT for 30 min and pulsed magnetic fields at a frequency
of 30 Hz for 30 min (Figure 1).
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Figure 1. Application of static and pulsed magnetic fields to INIA 601 purple corn seeds.

In both experimental plots, a control treatment was installed that was not subjected to a
magnetic field (NMF). All experimental plots were prepared and conducted in a
homogeneous manner so that the only sources of variation were the treatments and the

location.
2.4.2. Evaluation of the physical characteristics of INIA 601 purple corn

From the six central furrows of each experimental unit, the days to 50% male flowering,
the days to 50% female flowering, and the number of ears harvested per plant were
recorded. From ten randomly selected plants, the plant height and ear height were
determined; from ten randomly selected ears from the six central furrows, the ear length
was measured. A six-class scale devised by the Maize and Wheat Research Center-

CIMMYT [18]. was used to ascertain the percentage of rotting.
2.4.3. Production yield of INIA 601 purple corn

The production yield of INIA 601 purple corn was determined in accordance with the
procedure established by Medina et al. [19]. This procedure involved the consideration
of various factors, including 14% grain moisture, the field weight, the failure correction
factor, the failure factor, the shelling factor, and the factor used to express the yield in

tons per hectare (t/ha).
2.4.4. Obtaining INIA 601 ourple corn extracts

The method of Lao and Giusti [20] was used, with some modifications. Cobs were shelled

to separate bracts, crowns, and kernels; they were reduced in size in a multifunctional
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pulverizer (Henkel, WFA-GR1000, Dusseldorf, Germany) and passed through a N° 35
sieve (500 um). The moisture of the samples was determined using a moisture balance
(AND MX-50) at 105 °C; 1 g of each sample was used, along with 20 mL of 50% ethanol
solvent acidified with 0.01% hydrochloric acid (HCI) at 6 N, placed in a magnetic stirrer
(Cimarec+ Thermo Scientific, Saint Louis, MO, USA) at 350 rpm for 30 min at 30 °C,
and centrifuged (CENTURION-Scientific Limited, Chichester, UK) at 4000 rpm for 10
min. The supernatant was filtered using Wattman No. 1 paper, placed in amber containers,
and stored at —24 °C.

2.4.5. Determination of total anthocyanin content (TAC)

The total anthocyanin content was determined via the differential pH method described
by Lee et al. [21], using potassium chloride buffer 0.025 M at pH 1 and sodium acetate
0.4 M at pH 4.5. The extracts obtained were as follows: for the corn cob, the dilution
factor (DF) was 100, with 30 pL of extract used; for the bract, the DF was 50, with 60 pL
of extract used; for the grain, the DF was 10, with 300 pL of extract needed. The
difference for each extract was augmented with buffers up to 3 mL. The samples were
vortexed for 1 min and left to react for 30 min in the absence of light at room temperature.
Subsequently, the absorbance was read at 520 and 700 nm using a Genesys 150 UV—
Visible spectrophotometer. It is imperative to note that each sample was subjected to

analysis in triplicate.
2.4.6. Determination of total phenol content (TPC)

The Folin—Ciocalteu method, as described by Albarici et al. [22] and Jin et al. [23]), was
employed to ascertain the total phenol content. The experimental setup involved the
utilization of 0.2 mL of the diluted samples, 0.1 mL of Folin—Ciocalteu reagent, and 0.2
mL of 10% sodium carbonate. These components were allowed to react in a dark
environment for a duration of 1 h. Subsequently, the reaction was measured at 765 nm
using a Genesys 150 UV-Visible spectrophotometer. Prior to this, a standard curve was
constructed using different dilutions of gallic acid to obtain a linear equation (y: a + bx;

R? > 0.998). The results were expressed as mg of AGE/g db.
2.4.7. Profile of phenolic compounds by HPCL

The experimental procedure was executed in accordance with the protocol established by

Ramos-Escudero et al. [24]. The extracts were subjected to analysis using an ultra-high-
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performance chromatograph (UHPLC) (Agilent 1290 Infinity Il, Santa Clara, CA, USA)
equipped with a Diode Array Detector (DAD) and a Poroshell C18 column. The analysis
was conducted at 30 °C. The chromatographic separation was achieved through the use
of a mobile phase consisting of acetonitrile and 0.1% formic acid (phase A) and water
with 0.1% formic acid (phase B). The separation was conducted using a programmed
gradient, which involved an initial 95% A + 5% B for 15 min, followed by a transition to
60% A + 40% B for 18 min. The final step involved a return to 95% A + 5% B for 20
min, with all steps occurring at a constant flow rate of 0.3 mL/min. The results were
expressed as pg/g db. Table 2 shows the detection and quantification limits for the

phenolic compounds studied. The calibration curves had an R? greater than 0.995.

Table 2. LOD and LOQ of the HPLC system for the phenolic compounds studied.

Compound LOD (ug mL™) LOQ (ug mL™)
Hydroxytyrosol 0.0017 0.0051
Tyrosol 0.0002 0.0007
Catechin 0.0029 0.0087
Procyanidin B2 0.0057 0.0171
Epicatechin 0.0009 0.0026
Vanillin 0.0003 0.0008
Routine 0.0001 0.0003
Procyanidin A2 0.0005 0.0014
Resveratrol 0.0076 0.0229
Kersetrin 0.0088 0.0264
Aspecinine 0.0007 0.0022
Kaempferol 0.0049 0.0147

2.4.8. Determination of antioxidant activity

The quantification of the 2,2 diphenyl, 1 picrylhydrazyl (DPPH) radical uptake method
was performed in accordance with the methodology established by Ratha et al. [25], with
certain modifications. The extraction process involved the dilution of 1.0 mL of the

extract with methanol (200 pM), followed by the addition of 1 mL of the methanolic
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solution of DPPH. Subsequently, the mixture was permitted to stand for a period of 30
min in conditions of darkness. Ultimately, readings were obtained at 517 nm utilizing a
Genesys 150 UV—Visible spectrophotometer. The IC50 was determined from the graph
of the percentage of inhibition versus the concentrations used to inhibit 50% of the free

radicals of DPPH. The results were expressed as pig sample/mL of the DPPH solution.
2.4.9. Statistical analysis

The data were tabulated and presented in figures prepared in Microsof Excel spreadsheets.
To determine statistical differences between groups (treatments), an analysis of variance
(ANOVA) and Tukey’s post hoc test were performed, using Statgraphics Centurion V.19

software.

3. Results
3.1. Physical characteristics

The application of magnetic fields to purple corn seeds did not yield substantial
modifications in the male flowering day (MFD) and female flowering day (FFD), plant
height, number of corn cobs per plant, degree of rotting, and yield. However, significant
variations in corn-cob length were observed, with treatments subjected to magnetic fields
exhibiting lengths exceeding 16.5 cm. The planting locations exerted a substantial
influence on the characteristics previously mentioned, with the exception of corn-cob
length. The Cajabamba experimental plot exhibited the most optimal outcomes in terms
of MFD, FFD, and plant height (Table 3), attributable to its higher sunlight exposure,
which averaged 5.4 h per day (Table 1). In contrast, the Cochamarca plot demonstrated
superior characteristics in the number of corn cobs per plant (prolificacy), the incidence
of root lodging and stem lodging, and yield. This was due to the fact that taller plants
were obtained in Cajabamba, which were more prone to the effects of weather conditions,

resulting in a high percentage of root and stem lodging (20.8 and 10%, respectively).

Table 3. Physical characteristics of INIA 601 purple corn.

MFD FFD  Plant o Cob Rot Stem .
Variable Means Height Coszllglfant Length Root(g/:e;nker Canker z(tllﬁig

(Days) (Days) ~ (m) (cm) (%) ° (%)
Treatment NMF ; 99.100® 105.100% 2.2452 0.849% 15.7912 14.992@  7.448%? 7.2082 4.155°2

SD 2211 2.809  0.055 0.073 0.429 3.356 2.639 3.979 0.699

242 |Pagina



SMF X 98.8002 103.400% 2.304* 0.856%  16.526° 139822 145152 81022 4.1072
SD 1.506 2125 0.118 0.086 0.481 3.625 7.426 2.701 0.738
PMF ; 98.400% 103.000@ 2.2902 0.871% 16.889° 154912 10.3832 7.713% 41172
SD 1.587 1.842  0.098 0.091 0.426 3.676 2.802 3.634 0.944
Place " 922002 98.9332 2.342b (.723° 16.4752 19.992° 20.837° 10.846"° 3.353°2
Cajabamba

SD 2.709 3.786  0.102 0.111 0.534 4,938 7.627 5.171 0.828
Cochamarca ; 105.3330 108.733P 22172  0.994°  16.3292 9.651% 0.7272 45032 4.899°

SD 0.827 0.730 0.078 0.055 0.356 2.167 0.950 1.704 0.759

p-Value (Place) 0.000 0.000  0.000 0.000 0.393 0.000 0.000 0.000 0.000
p-Value (Treatment) 0.720 0.165 0.233 0.866 0.000 0.665 0.071 0.864 0.991

NMF: nonmagnetic field; SMF: static magnetic field; PMF: pulse magnetic field; MFD: male flowering

day; FFD: female flowering day; x : average; SD: standard deviation. Different letters indicate statistically

different groups (p < 0.05).

3.2. Bioactive composition

As demonstrated in Figure 2, the magnetic fields exerted an influence on the total phenol

content of the bracts of INIA 601 purple corn. The most effective treatment was identified

as CMP, vyielding 28.253 mg EAG/gss. The planting locations exhibited a significant

impact on the phenol content, with Cajabamba and Cochamarca registering levels of 25

and 28 mg EAG/qg db, respectively.
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Figure 2. Total phenol content of INIA 601 purple corn samples. NMF: nonmagnetic

field; SMF: static magnetic field; PMF: pulse magnetic field. Different letters indicate

statistically different groups (p < 0.05).
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As illustrated in Figure 3, the application of magnetic fields to INIA 601 purple corn seeds
did not result in substantial variations in total anthocyanin content. Given the greater
variation in temperatures between day and night at Cochamarca (see Table 1), there was
a propensity for increased anthocyanin content in the bract and corn cob, with levels of
7.6 mg and 9.4 mg of Cyanidin-3-O-glucoside (C3G)/gss, respectively. This was in
comparison to the samples from Cajabamba, which exhibited 6.5 mg of C3G/gss in the

bract and 9.3 mg of C3G/gss in the cob.

Total anthocyanins per treatment Total anthocyanins per place
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Figure 3. Total anthocyanin content of INIA 601 purple corn samples. NMF: nonmagnetic

field; SMF: static magnetic field; PMF: pulse magnetic field. Different letters indicate
statistically different groups (p < 0.05).

3.3. Phenolic compound profile

In Figure 4, we can observe the phenols found in the INIA 601 purple corn ear kernels.
The most important were procyanidin B2, which exceeded 25 mg/L, and resveratrol,
which exceeded 15 mg/L. In addition, the treatment with the pulsed magnetic field was
able to increase the amount of catechin compared with the other treatments. The mean

values and standard deviations are presented in Table 4.
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Figure 4. Phenolic content of INIA 601 purple corn kernels. NMF: nonmagnetic field;

SMF: static magnetic field; PMF: pulse magnetic field. Different letters indicate

statistically different groups (p < 0.05).

Table 4. Content of 12 phenolic compounds in corn cobs produced from each treatment

and cultivation site (pug/gdb).

Part of the Phenolic Cajabamba Cochamarca
Corn Cob Compound NMF SMF PMF NMF SMF PMF
Tyrosol * * * * * *
Routine * * * 0.696 £0.043  1.089+0.264  0.938 +0.299
Kersetrin 0.882+0.092 0.865+0.046 0.923+0.01  1.038+0.151  0.928+0.01  0.911+0.026
Hydroxytyrosol 4.695+0.039 4.585+0.129 4.65 +0.005 4.635+0.006 4.674 +0.027 *
Catechin 0.29 £0.129 0.19 £0.012 * * * *
Procyanidin B2 24954 +1.574 26.157 +0.821 26.038 +0.507 27.408 £1.414 27.683+1.678 26.839 +1.959
Grain
Epicatechin * * * * * *
Vanilina 5.903+£0.171 5.921+0.182 5.807+0.058 5.819+0.106 5.884+0.087 5.974+0.112
Procyanidin A2 0.309+0.153 0.277+0.084 0.256+0.142 0.275+£0.022 0.338£0.051  0.231+0.159
Resveratrol * * 15.88+0.024  15.9+0.003 15.934+£0.053 15.978 +0.106
Aspecinine 1.039+0.312 1.106+0.208 1601+0499 2274+0.631 1.897+0.706 1.771+0.526
Kaempferol 2.16 £0.334 2.679+0.197 2514+0.349 3.142+0.627 2.798+0412 2.637 +£0.483
Tyrosol * * * * * *
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Routine * * * 0.696 £0.043  1.089+0.264  0.938 +0.299
Kersetrin 0.882+0.092 0.865+0.046  0.923+0.01 1.038+0.151  0.928+0.01  0.911 +0.026
Hydroxytyrosol 4695+0.039 4585+0.129 465+0.005 4.635+0.006 4.674+0.027 *
Catechin 0.29 +0.129 0.19 £ 0.012 * * * *
Procyanidin B2~ 24.954 + 1574 26.157 £0.821 26.038+0.507 27.408+1.414 27.683+1.678 26.839 +1.959
Purple corn Epicatechin * * * * * *
cob
Vanilina 5903+£0.171 5.921+0.182 5.807+0.058 5.819+0.106 5.884+0.087 5.974+0.112
Procyanidin A2 0.309£0.153 0.277+0.084 0.256+0.142 0.275+£0.022 0.338£0.051  0.231+0.159
Resveratrol * * 15.88 £0.024 15.9+0.003  15.934 £0.053 15.978 +0.106
Aspecinine 1.039+0.312 1.106+0.208 1.601+0.499 2.274+0.631 1.897+0.706 1.771+0.526
Kaempferol 216+0.334  2.679+0.197 2514+0.349 3.142+0.627 2.798+0.412 2.637+0.483
Tyrosol 0976 +0.651 0.613+0.282 0.985+0.582 0.878+£0.307 0.764+0.168  0.511 +0.336
Routine 3.697 £0.293 3.375+x1.175 6.025+2.843 4.405+0994 1.343+0.788 3.954 +0.422
Kersetrin 3.049+0025 3233+0.839 3.905+0.788 3.028+0.226  2.959+0.759  3.474 £0.237
Hydroxytyrosol 5145+0.181 5.054+0.062 5741+1324 5522+0.751 5311+0.289 5.305%0.376
Catechin 0.336 +0.063 0.343+0.105 0.345+0.035 0.275+0.034 0.338+0.032  0.268 +0.115
Procyanidin B2 42.133+£2.873 40484+153 37.286+1.289 41.687+0.352 37.685+1.71 41.668 +1.329
orect Epicatechin * * 6.762 + 6.86 * 6.523+6.322  5.934 £5.957
Vanilina 10.114 £2.438 5.218 +0.407 5.658+1.135 6.625+1.775 6.806 +2.451 5.677+0.41
Procyanidin A2 1.857 £0.003  2.414 +0.347 2.24 +0.246 2155+0502 2.292+1.121 2.35+0.061
Resveratrol 16.276 £0.115 16.096 +0.047 16.17+0.245 16.131+0.169 16.064 +0.066  16.1+0.027
Aspecinine 1.869 + 0.503 * * * * *
Kaempferol 2.552+0.704 2268 +0.323  4.347+3586 4.714 +4.453 2.576 0.5 2.103 £0.101

Figure 5 shows the phenols present in the crown of INIA 601 purple corn, among which

procyanidin B2 stood out, which exceeded 40 mg/L, as well as resveratrol, aspecinine,

and catechin, the latter being affected by the pulsed magnetic field of square waves.
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Figure 5. Phenols of INIA 601 purple corn crowns. NMF: nonmagnetic field; SMF: static

magnetic field; PMF: pulse magnetic field. Different letters indicate statistically different

groups (p < 0.05).

Figure 6 shows that the phenols present in the INIA 601 purple corn bract. A considerable

amount of procyanidin B2 was found, exceeding 50 mg/L in the samples that had CMP

applied, as well as resveratrol, which exceeded 10 mg/L. In addition, two phenols,

epicatechin and tyrosol, were found only in the bract compared with the grain and coronet

samples.
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Figure 6. Phenols of INIA 601 purple corn bract. NMF: nonmagnetic field; SMF: static
magnetic field; PMF: pulse magnetic field. Different letters indicate statistically different

groups (p < 0.05).
3.4. Antioxidant activity

As illustrated in Figure 7, the magnetic fields exerted a substantial influence on the bract,
with CME and CMP requiring 89.612 pg and 91.816 pg/mL of DPPH solution,
respectively, in comparison to SCM, which necessitated an extract concentration 110.556
pa/mL higher to achieve the equivalent inhibition of free radicals. In the cob, significant
differences were also observed, with CMP requiring 161.136 pg/mL compared with CME
and SCM. In the grain, no significant differences were observed; however, a slight

variation was noted, with CMP yielding a more favorable result.
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Figure 7. Antioxidant activity of INIA 601 purple corn samples. NMF: nonmagnetic field;
SMF: static magnetic field; PMF: pulse magnetic field. Different letters and color indicate

statistically different groups (p < 0.05).

The geographical provenance of the samples exhibited a substantial influence on the
outcomes, with the bract samples from Cochamarca demonstrating superior antioxidant
activity, with an average of 81.5 pg/mL, in comparison to those from Cajabamba, which

exhibited an average of 113.081 pg/mL.
4. Discussion

The outcomes for the corn-cob length (16.5 cm) aligned with those reported by Huaychani
[26]. The length of a corn cob is closely associated with the optimal utilization of

fertilizers containing nitrogen, phosphorus, and potassium as well as heightened sunlight
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intensity linked to elevated photosynthesis stimulation [27]. The impact of the insect
Euxesta sp. is particularly problematic as it attacks the ears from the pistil formation stage
and continues during the development of the grain [19]. This resulted in a high rotting
percentage of 19.99% in Cajabamba compared with Cochamarca, which was 9.65%. The
aforementioned factors directly affected the low yield (3.35 t/ha) in Cajabamba compared
with Cochamarca (4.89 t/ha). However, high fertilization is possible, with yields of up to
6.6 t/ha according to the results reported by Huaychani (2022) [26].

The observed variation in phenol content could be attributed to the temperature
fluctuations experienced during the day and night, which have been shown to induce
stress in the crop, thereby stimulating the biosynthesis of anthocyanin and phenolic
compounds in the crown and the pod of the cob [27]. Previous studies have examined the
impact of magnetic fields on soybean, revealing their regulatory role in protein
metabolism and leading to an augmentation in globulin and lipid production [28].
Additionally, these fields have been observed to enhance the levels of phenols and
flavonoids in the shoots of lemon balm [29] and concentrate the mineral compounds in
certain parts of a plant, as observed in Castlerock tomato, where P was found in the leaves
of the plant [30].

Given the high content of bioactive compounds found in purple corn on the cob, it is
necessary to specify that foods high in phenolic compounds are responsible for the
stimulation of muscle tissue and the production of nitric oxide, necessary for the dilation
of blood vessels [31].

Ramos-Escudero et al. [24] obtained an extract of INIA 601 purple corn grain with 80%
methanol and 20% water and acidified with 1% HCI, and identified eight phenolic
compounds. These were chlorogenic acid, caffeic acid, rutin, ferulic acid, morin,
quercetin, naringenin, and kaempferol, the latter being the highest at 2240 mg/kg of the
sample. Such studies highlight the presence of procyanidin B2 as the predominant phenol
in various parts of INIA 601 purple corn, although the extraction and analytical methods

used could influence the detection of other specific phenolic compounds.

The antioxidant activity is associated with the variety of plant samples utilized, the
solvents employed, and the extraction techniques used for the bioactive compounds [32].

The outcomes significantly diverged from those reported by Ramos-Escudero et al. [24],
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who conducted an extraction using 80% methanol and 20% water acidified with 1% HCI
(1 N), yielding a DPPH concentration of 66.3 pg/mL for the INIA 601 variety.

Variations by place of culture can be attributed to the diurnal temperature fluctuations,
which have been observed to enhance bioactive compounds and, consequently,
antioxidant activity [27].

Recent studies suggest that phytohormones have a direct influence on the gene expression
of the biosynthetic pathways related to flavonoids and anthocyanins [33,34]. According
to Shan et al. [35] the JAZ protein (jasmonate) is ubiquitinated by COI1 and subsequently
degraded by the 26S proteasome, thereby promoting the release of bHLH and MYB
transcription factors and reforming the stable MBW complex. This complex, in turn,
promotes anthocyanin synthesis and accumulation in plants. Similarly, the auxin
concentration has been observed to exert a promoting or inhibiting effect on anthocyanin
production, with this effect being contingent upon the specific plant species [36]. A
comparable phenomenon has been documented in the context of the phytohormone
gibberellin [37]. Subsequent research endeavors could involve the investigation of the

impact of magnetic fields on the activity of these phytohormones.

Finally, these findings allow the demonstration of the future applications of magnetic
biostimulation in the high production of bioactive compounds in purple corn cultivation
under different agro—climatic conditions. A larger experiment with a larger number of
experimental units and different conditions could better clarify the results found in this

work.
5. Conclusions

The utilization of magnetic fields on INIA 601 purple corn seeds prior to planting did not
exert a substantial influence on the agronomic characteristics under consideration, with
the exception of the length of the corn cob, which exceeded 16.5 cm. Furthermore, it was
associated with the adequate fertilization of the soil. Conversely, the planting location
exerted an influence on the crop characteristics, with Cajabamba exhibiting a greater
propensity to experience adverse conditions, thereby exerting a negative effect on yield,
in contrast to Cochamarca, which demonstrated superior results due to more favorable

environmental conditions and a reduced incidence of pests and diseases.

250 |Pagina



The application of magnetic fields demonstrated the exertion of a substantial influence
on the concentration of bioactive compounds, including total phenols and anthocyanins,
within the corn cob. Conversely, the planting location exerted a discernible influence on
the phenol content, with Cajabamba exhibiting 25.6 mg AGE/gss and Cochamarca
registering 28.6 mg AGE/gss. Temperature variations were observed to stimulate
anthocyanin biosynthesis, with higher levels recorded in the bract in Cochamarca (7.6 mg
C3G/gss) as well as in the crown (9.4 mg C3G/gss). In contrast, lower levels of
anthocyanin were detected in Cajabamba, with 6.5 mg C3G/gss in the bract and 9.3 mg
C3G/gss in the crown. These findings underscore the pivotal role of environmental and
climatic factors on the synthesis and composition of bioactive compounds in INIA 601

purple corn.

The analysis of 12 phenol compounds in various parts of the cob of INIA 601 purple corn
highlighted the presence of procyanidin B2, especially in the bract and the crown, where
it exceeded 50 and 40 mg/L, respectively. The analysis also identified the presence of
resveratrol, epicatechin, kaempferol, and vanillin, among other phenols, although in
lower concentrations. These findings underscore the remarkable diversity of phenols in
INIA 601 purple corn across its various corn cobs, which could have significant

ramifications for its utilization in the food and pharmaceutical sectors.
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V. Conclusiones
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v" Prediction of physico-chemical parameters of goldenberry

The technique of dielectric spectroscopy has proven to be a promising tool for the
prediction of soluble solids (R?=0.7760, RMSE = 0.5185), acidity (R? =0.479, RMSE =
0.2391), and pH (R? =0.9994, RMSE = 0.0221) of goldenberry fruits at point frequencies
of 915, 5800, and 2450 MHz, respectively. This enables the future development of
miniaturised dielectric sensors for the rapid and non-destructive evaluation of the internal

quality of goldenberry fruits

v" Non-invasive monitoring of aguaymanto drying

A drying monitoring system using infrared thermography has been developed to
follow the drying process of goldenberry to optimum conditions. To this end, the

evolution of the emissivity of the fruit surface during the process was obtained.

The evolution of the phenomenological coefficient of goldenberry drying during
the process has been obtained, which will allow this operation to be predicted in the

future.

The mechanical effect (internal fractures, plasmolysis and storage of mechanical
energy) in the goldenberry dehydration process has been observed. This will allow both
the rehydration capacity of the fruit and its effect on a formulated food system to be

predicted.

Engineering tools such as the sorption isotherm, emissivity and phenomenological

coefficient were obtained, which will facilitate future modelling of goldenberry drying.

The integration of infrared thermography with thermodynamic modeling provides
a powerful tool for improving the efficiency and control of convective drying processes
in the food industry. By enabling non-invasive, real-time monitoring of surface
temperature and emissivity, this system allows for better identification of critical drying
stages and optimization of process parameters. Furthermore, the quantification of water
flux and chemical potential gradients supports a more accurate prediction of moisture
migration, which is crucial for minimizing energy consumption, reducing drying time,

and preserving product quality. These findings offer a valuable basis for the development
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of more sustainable and cost-effective drying protocols for high-moisture fruits such as

goldenberry.

v Non-invasive monitoring of aguaymanto freezing

The findings indicate that infrared thermography is a viable method for
monitoring the freezing process of goldenberry, as it facilitates the observation of surface
temperature variations. This tool facilitates the identification of critical points in the
process, such as the glass transition, from the estimation of the emissivity at different
stages of freezing; supercooling stage: Detected by a continuous temperature drop
without phase change, and a sharp decrease in emissivity from ~0.959 to 0.837. This
stage ends with the onset of nucleation. Ice nucleation and crystallization stage: Identified
by a plateau or slight rebound in temperature due to latent heat release, along with stable
emissivity (~0.845) and changes in dielectric a- and -dispersions, reflecting structural
changes (B) and cryoconcentration (). And finally, Vitrification stage: Occurs after ice
crystallization is completed. Emissivity increases again (~0.93 to 0.951) as the system
approaches the glass transition. The glass transition temperature (—35.8 °C) marks the
point where molecular mobility becomes severely restricted, thus preserving cellular
structure by preventing further ice growth and solute migration. This enhances long-term

structural and biochemical stability during frozen storage.

Conversely, the utilization of sensors founded wupon radiofrequency
spectrophotometry facilitates the acquisition of not merely surface information, as is the
case in thermography, but also the internal properties of samples undergoing the freezing
process. This is imperative for the precise detection of the critical points of the process
(melting point and glass transition), thereby ensuring uniform and efficient freezing of

the goldenberry.

v" Identification of cold chain breakage in mackerel fillets

The findings of this study indicate that the LSTM networks were superior to the
RBNN networks for discriminating between fish fillets subjected to different FTC,

achieving an average F-measure greater than 0.89 and accuracy greater than 0.93. Based
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on these findings, it is feasible to implement systems that utilize this technique to manage
the transportation and preservation of this particular type of food. In order to improve the
effectiveness of the LSTM networks, it would be beneficial for future research to
investigate how modifying their layers and adjusting the training parameters can impact
their training speed. It is crucial to develop an automated system to keep a check on the
condition of fish fillets while they are being transported and stored. The system can notify
the authorities immediately in case of any abnormalities to guarantee compliance with

food safety regulations.

v Pork Quality Prediction

The transformation of muscle into meat for males and females has shown that the
intensity values of the dielectric constant and loss factor decrease as the frequency
increases. This allows the types of DFD and RFN meat for samples of males and females
to be differentiated at 24 hpm.

Robust models were created using PLSR to predict internal quality during muscle
to meat transformation. Performance was moderate for male pig meat. R? of 0.743 (pH),
0.811 (L*) and 0.603 (C*) for DFD meat with PLSR (full) and R2 of 0.359 (pH), 0.558
(L*) and 0.284 (C*) for RNF meat with PLSR (optimized). R2, of 0.412 - 0.637 for pH,
L* and C* for RFN and DFD meat from female sows with PLSR (optimized). New

chemometric models are needed to improve the prediction of internal pork meat quality.

v’ Bean hydration monitoring

The hyperspectral imaging technique was used to monitor the hydration of pinto
beans. Mean reflectance spectra were obtained in the 400 to 800 nm range. The best
relationship between moisture content and reflectance value was identified at 632 nm,
with a goodness of fit of R2 = 0.9966 and RMSE = 2.30. The hydration kinetics were
subsequently modelled using the Peleg and Sigmoidal equations, resulting in high
goodness of fit of R2 = 0.989 and R2 = 0.996, respectively. Hyperspectral imaging is a
promising tool for monitoring and modelling the hydration kinetics of pinto beans. This

technique is useful for beans with both sigmoidal and concave downward shapes of
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hydration kinetics. Consequently, future studies using more grains are required to validate

the optimal wavelength.

v Application of magnetic fields to purple maize INIA 601

The utilization of magnetic fields on INIA 601 purple corn seeds prior to planting
did not exert a substantial influence on the agronomic characteristics under consideration,
with the exception of the length of the corn cob, which exceeded 16.5 cm. Furthermore,
it was associated with the adequate fertilization of the soil. Conversely, the planting
location exerted an influence on the crop characteristics, with Cajabamba exhibiting a
greater propensity to experience adverse conditions, thereby exerting a negative effect on
yield, in contrast to Cochamarca, which demonstrated superior results due to more

favorable environmental conditions and a reduced incidence of pests and diseases.

The application of magnetic fields demonstrated the exertion of a substantial
influence on the concentration of bioactive compounds, including total phenols and
anthocyanins, within the corn cob. Conversely, the planting location exerted a discernible
influence on the phenol content, with Cajabamba exhibiting 25.6 mg AGE/gss and
Cochamarca registering 28.6 mg AGE/gss. Temperature variations were observed to
stimulate anthocyanin biosynthesis, with higher levels recorded in the bract in
Cochamarca (7.6 mg C3G/gss) as well as in the crown (9.4 mg C3G/gss). In contrast,
lower levels of anthocyanin were detected in Cajabamba, with 6.5 mg C3G/gss in the
bract and 9.3 mg C3G/gss in the crown. These findings underscore the pivotal role of
environmental and climatic factors on the synthesis and composition of bioactive

compounds in INIA 601 purple corn.

The analysis of 12 phenol compounds in various parts of the cob of INIA 601
purple corn highlighted the presence of procyanidin B2, especially in the bract and the
crown, where it exceeded 50 and 40 mg/L, respectively. The analysis also identified the
presence of resveratrol, epicatechin, kaempferol, and vanillin, among other phenols,
although in lower concentrations. These findings underscore the remarkable diversity of
phenols in INIA 601 purple corn across its various corn cobs, which could have

significant ramifications for its utilization in the food and pharmaceutical sectors.
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Abstract

The objective of this research is to predict the quality attributes of fresh unpasteurized
milk using dielectric spectroscopy coupled to chemometric tools. For the fulfillment of
the purpose, we have worked with fresh unpasteurized milk of the Brown Swiss breed,
obtained from the “La lechera” stable; dilutions of water - fresh milk were obtained, from
70 to 100% at 25 °C, followed by the physicochemical characterization (density, total
solids, freezing point, fatty solids, proteins and added water) and dielectric properties in
the range of 0.5 to 9 GHz using an open ended coaxial probe (N1501A-001), connected
to a Vector Network Analyzer, model N 9915A - Keysight Technologies. Likewise, the
partial least squares regression was used to correlate the physicochemical properties with
the dielectric properties; the results obtained in the prediction of freezing point, proteins,
fatty solids and added water from fresh milk unpasteurized have presented a coefficient
of determination and a mean square error in the range of [0.95 - 0.98] and [2.57 x 10-7 -
7.46 x 10-2] respectively. Consequently, it is concluded that the technique of dielectric
spectroscopy and machine learning presents potential for prediction of physicochemical
characteristics of fresh milk unpasteurized, being able to be implemented in the

production lines to quickly and reliably evaluate the quality of cow's milk.

INTRODUCTION
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Milk is one of the main foods of the world population; providing an important amount of
nutrients such as water, proteins, lipids, disaccharides and minerals required in the human
diet [1]. However; how milk is obtained from different race cows under differente feed
practice changes in the composition of the samples are common. In addition to cow's

metabolism intentional adulteration could produce differences during the milk chain.

In this sense to know some characteristics such as water content is critical for verifying
the quality of milk, but its value varies with stage of lactation, body condition, station of
year and environmental temperature [2]. The monitoring and control of the quality
characteristics of the milk is traditionally carried out using methods that imply the
subsequent discard of the sample as the over drying method in the case of water content

that imply higher time consumption.

Therefore, it is necessary to use and develop technologies that allow characterizing the
quality of milk fast or in real time, dielectric spectroscopy then becomes an alternative to
carry out these tasks, which also has the advantages of being fast and non-destructive,
with result satisfactory in preliminary works [2]-[4]. Consequently, the objective in this
investigation was to predict the quality attributes of fresh unpasteurized milk using

dielectric spectroscopy coupled to chemometric tools.
MATERIALS AND METHODS
Sample

Fresh milk samples from Brown Swiss cows were obtained from the "La lechera™ stable
(Chota, Cajamarca, Peru). Milk was collected at 6:00 a.m. for five days in the morning,
next the milk was placed in a glass bottle of 2.5 L previously sterilized with water and
transported to the “Emerging Technology Laboratory” of the Universidad Nacional

Auténoma de Chota and stored at 4 °C until next analysis.

Sample preparation

Adulterated milk solutions were prepared adding water until obtaining concentration of
70, 75, 80, 85, 90, 95 and 100% in a beaker of 250 mL. Next samples were homogenized
and heated to a temperature of 25 °C on a heating plate (F20500421 AM4 X, Velp
Scientific, Italy).
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Determination of physicochemical properties

Freezing point, proteins, fatty solids and added water of the fresh milk unpasteurized was
performed using a milk analyzer (Master Eco, MilkoTester, Bulgaria) following the
instructions done by the fabricant [5], [6]. total soluble solids were obtained by
refractometry (618.23.001 - ATC, Isolab, Alemania) and the density with a lactometer of
Quevenne (71384000, Nahita, Spain).

Dielectric properties measurements

The used system to obtain the dielectric properties consists in an open ended coaxial probe
(N1501A-001), attached to a vector network analyzer (VNA) (N9915A FieldFox,
Keysight Technologies) and finally connected to a laptop (Legion Y520, Lenovo) (Figure

D[7].

@

Coaxial / \ |oooooo
robe et mmsgant g
P " ()Dunog
{ Jgooos
— o
e 00000 S
5 cm penetration T

Vector Network Analyzer

Sample

Figure 1. Dielectric properties acquisition system for fresh milk unpasteurized, using

open-ended coaxial probe.

Previously to obtain the dielectric properties (dielectric constant - €' and dielectric loss
factor - €") of the milk samples at different concentrations, the VNA was switched on for
one hour in order to avoid instability of the signal between sensor and equipment [8].
Then the system was configured for obtaining the dielectric values in the range 0.5t0 9.0
GHz, divided it into 401 bands with a bandwidth of 1000 Hz and output power of -10
dBm. Next, the calibration was done according to the procedure described by Guo [9];
this requires a three steps calibration using air as the medium, an intentional short circuit

and finally calibration with bidistilled water at 25 °C.
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Finally; using reflection coefficients, obtained with the open-ended coaxial probe and the
milk, the dielectric constant and the loss factor were calculated. This required using the
material measurement software N1500A-FG (Keysight Technologies), doing each

measure by triplicate and ten repetitions of the treatments during the five days.
Modelling

First the dielectric data - e" was pretreated in order to reduce electric noise by means of
smoothing using a Savitzky-Golay filter with nice frames and second order [10]. Then
the relationship between the dielectric spectra profile - " and physicochemical properties
of the milk was modelizated using the Partial Least Square Regression (PLSR). PLSR
generates a linear model, see Equation 1, to predict a response variable (Y), from a large
set of independent variables, X with size [n x m]. For us X was a matrix of e" loss factor
values where n is the number of frequency samples and m is the number of observations;
likewise density, total solids, freezing point, proteins, fatty solids and added water of the

fresh milk are response variables (Y) [2].

Y=8X+e¢ @

Where Y is a quality parameter of the samples; £, matrix of coefficients; X, matrix of loss

factor valius e" and e is the model error.

In the first step, all frequencies were used for model building; however these models,
called full models, preserve problems of multicollinearity. In this sense, selection of
relevant variables (RV) or latent variables (LV) could be useful to reduce problems with
the models, increasing model precision. This selection can be based on the B coefficient
values obtained from the full model [11]-[13].

Statistical evaluation of the model

In all the cases, the models were built and validated using a K-fold cross-validation
methodology, with K= 5; the complete and optimized models were evaluated comparing
their coefficient of determination (RZ,) and the mean square error (RSME,,) for cross-

validation according to the equations 2 and 3 [2], [12].
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RESULTS AND DISCUSSION
Physicochemical properties of the milk

Table 1, shows the physicochemical results of fresh milk unpasteurized at different
concentrations of the Brown Swiss breed, these being similar to those reported by [14],
[15]. However, these physicochemical values may vary according to diet, age, lactation
number, phenotype, breed, environmental conditions, and the addition of water or some
other milk adulterant [16]-[19]. Also, parameters such as density and freezing point are

the most important to be able to identify adulteration in milk [20], [21].

Table 1. Physicochemical characteristics of fresh milk no pausteiced to different ratios

(2)

3)

Ratioc N Density ToFaI solut_)le Freezing point Fatty solid Proteins Added water
(Kg/m?) solids (°Brix) (°C) %) %) %)

70 20 1.019+0.001 6.345+0.216 -0.360+0.010 3.510+0.085 1.480%0.428  29.205+1.922
75 20 1.020+ 00 6.760+0.256 -0.396+0.015 3.820+0.128 1.565+0.049 22.570+2.745
80 20 1.022+ 00 7.316+0.210 -0428+0.018 4.090+0.137 1.660+0.050 16.560 + 3.311
85 20 1023+ 0.0 7.800+0.64 -0.459+0.020 4.365+0.139 1.765+0.049  10.660 * 3.650
90 20 1025+ 0.0 8.380+0.238 -0.488+0.023 4.625+0.168 1.860 +0.050 5.720 + 4.151
95 20 1.026 £0.001 8.995+0.307 -0.510+0.019 4.835+0.146  1.995+0.039 2.520 + 2.559
100 20 1.027+0.0 9.820+0.312 -0.546+0.018 5.155+0.110 2.125+0.064 -

N: Number of samples evaluated

It can clearly be seen that when adding water to milk, the properties evaluated vary

proportionally. The density, total soluble solids, fatty solids and proteins decrease, while

the freezing point increases tending to the freezing point of water.

Dielectric spectrum of the milk
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In Figure 2, the mean spectrum for each solution of milk-water is shown. These profiles
show the degree of interaction of electromagnetic energy with the amount of added water
to fresh milk, causing a decrease in the loss factor from 24.5 to 11.5 in the range of 0.5 to
1.5 GHz and subsequent increase as the frequency increases (1.5 to 9 GHz), giving rise
to "U" shaped spectra. The “U” shape in the spectra of the loss factor found in our
investigation are similar to those reported by Guo [2], Agranovich [22] and Guo [9], this
behavior of the spectrum is due to ionic conductivity and subsequent dipole polarization
of the chemical species and the water present in milk in the microwave range [4], [23].
Likewise, the amount of fat, protein, lactose, electrolytes and water influence the
dielectric properties of fresh milk [2]-[4], [8], [24], [25].
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Figure 2. Dielectric spectrum of milk-water solutions
Modeling of the physicochemical properties

Figure 3, show the results of full PLSR models in the prediction of the quality parameters,
in these R were over 0.95 for all parameters assessment. However, as in the de works
developed by [10]-[12] it is necessary to optimize the models as a previous step for
industrial applications. For PLSR models one of the most common method for variable

selection is based on B- coefficients [26].
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Figure 3. Full models for quality parameters in milk using dielectric spectroscopy

The results of optimization models was shown in Figure 4, in this case the R?was

increased for almost each variable with exception of added water. In the same way

RMSE_.v was reduced with the exception of protein content. In similar conditions another

technique currently used is artificial neural network [13] which is compared to PLSR

giving lighty better results.
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Figure 4. Optimized models for quality parameters in milk using dielectric spectroscopy

Statistical evaluation of models
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Table 2 summarizes the statistical descriptors that evaluate the performance of the models

full and optimized. From full model to optimized model decrease for eachs variables, thus

the processing of data for prediction is streamlined, addly R_cv~2increase while [RSME

] _cv decreases. Likewise, several studies have used hyperspectral images and near

infrared to predict the quality of pasteurized cow's milk and UHT in the visible and the
near infrared in the range from 1000 to 2400 nm, resulting in fats [0.953 - 0.997] and
proteins [0.552-0.946 ], through the use of PLSR [27]—[31]. In our case, the use of the
dielectric spectroscopy technique in the determination of the physicochemical parameters
of fresh milk un paustezed has presented similar values to other technologies such as
those mentioned above, as well as in the investigations carried out with dielectric

microwave spectroscopy in the range of 0.5 to 20 GHz [2], [9], [22].

Table 2. Prediction values of the complete and optimized PLSR model of the

physicochemical characteristics of fresh milk unpasteurized.

Full model Optimized model *
Physicochemical properties

R2, RMSE,, R2, RMSE,,
Density (Kg/m?) 0966  6.44x107 0973  2.57x107
Total soluble solids (°Brix) 0.964 6.49 x 10 0.972 1.94 x 10
Freezing point (°C) 0.965 4.21x10* 0.972 1.43x10°
Fatty solid (%) 0.966 7.34x10° 0.973 8.25x 10°°
Proteins (%) 0.966 412 x 10 0.972 5.51x10°
Added water (%) 0.958 7.46 x 1072 0.958 1.32x 103

* Number latent variables = 15

CONCLUSION

Dielectric spectroscopy coupled with chemometric tools proved to be a useful technique
to predict the quality properties of unpasteurized cow's milk, which include density, total
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soluble solids, fatty solids, proteins and the point of freezing. The level of prediction
shows an improvement when using the optimized models compared to the full models.
These results suggest that these techniques could be implemented in production lines to

assess milk quality quickly and reliably.
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Abstract

Currently, the agri-food industry prioritizes the development of non-destructive methods,
such as dielectric spectroscopy, for quality control. The obtained dielectric spectral
properties can be coupled to multivariate statistical methods as "machine learning"” when
identification of attributes is wanted. However, these techniques have not been applied to
andean tubers classification. Therefore, the objective of the present investigation is to
evaluate the possibility of discriminating four andean tubers using dielectric spectra
properties and machine learning techniques (Support Vector Machine - SVM, K-Nearest
Neighbors-KNN, and Linear Discriminat - LD). For this purpose, samples of Tropaeolum
tuberosum (Killu isafiu), Solanum tuberosa (yellow) and two varieties of Oxalis tuberosa
(Puka kamusa and Lari oga) were acquired, 30 units per tuber. The dielectric spectral
profile was extracted twice for each tubers sample, in the range from 2 to 8 GHz. Then,
the dielectric constant (e") were calculated, and its dimensionality was reduced using
principal component analysis. Finally, models for classification were built by employing
KNN, SVM and LD techniques. The results showed that three components can explain
the variance at 99.6 %. Likewise, the accuracy in the discrimination values varied
between 79.17 - 83.04, being SVM the best discrimination technique. Consequently, it is
concluded that the technique of dielectric spectroscopy and machine learning presents

potential for andean tuber discrimination.

Introduction

Nowadays, countries as Peru, Bolivia, Colombia and Ecuador have started to give
importance to the recovery, conservation and production of andean tubers: native

potatoes, mashua, oca and others [1]-[3], they are carbohydrates, sugars, vitamins,
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minerals and beneficial bioactive compounds for health [4], considered fundamental diet
in the High Andean areas [5]; however, cross pollination and lack of technification in the
production of andean tubers in High Andean areas give rise to the formation of new kind

of tubers.

Identification of new andean tuber species has been realized through different features as
anatomical-exomorphological [6], biochemicals - molecular [7] and physicochemical [8],
[9], however, these techniques present disadvantages as: long sample preparation times,
destructive techniques, generate products wasted and are expensive when talking about
the analysis. Some andean tuber as mashua and oca have similar characteristics in your
varieties, so is necessary apply rapid technical for genuine identification them. To
overcome all these disadvantages, recently research works have been applying dielectric
spectroscopy techniques in prediction of physicochemical properties [10], eggs freshness
determination [11], identification of fresh decalcified goat milk [12], apple varieties [13]

and tomatoes [14], all those come accompanied by the usage of chemometric techniques.

The usage of chemometric techniques, especially machine learning (ML), is being widely
used in the developing of different models (regression, classification, grouping and
dimensionality reduction) [15], those that are applied for classification, monitoring and
process optimization [16]. The use of ML in the food classification has been possible
thanks to the development of different algorithms (linear discriminant - LDA, quadratic
discriminant - QD, K-nearest neighbor - KNN, support vector machines - SVM) [17],
those that have been used in honey [18], coffee [19], peach [20], egg [11], orange [21],
golden berry [22] and powdered food [23], [24].

Up to now, there has not been any work reported about the use of chemometric tools in
the andean tubers classification through dielectric spectroscopy; in this way, the goal of
the present research is to assess the feasibility of four kind of andean tuber through
dielectric spectrums and machine learning techniques (Support Vector Machine - SVM,
K-Nearest Neighbours- KNN y Linear Discriminat-LD).

Materials and methods

A. Andean tubers
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The samples were constitued by three different kind of andean tubers: Tropaeolum
tuberosum (Killu isafiu), Solanum tuberosa (yellow) and two kinds of Oxalis tuberosa

(Puka kamusa and Lari oga), figure 1.

Fig. 1. Andean Tubers: Oxalis tuberosa (Puka kamusa (a) and Lari oga (b)), Tropaeolum

tuberosum (Killu isafiu) (c), Solanum tuberosa (yellow) (d)

Thirty units per each tuber variety were acquired in an experimental farm of the
Universidad Nacional de Cajamarca agronomists [UTM: -7.166949, -78.495392].

B. Sample preparation

In biological samples with non-uniform surfaces such as Andean tubers, it is necessary to
condition the samples in order to obtain a flat surface for contact with the open ended
coaxial probe (flat surface). In our case, with the help of a cutter, the ends of the tubers
were cut, obtaining a length of 5 cm (see Figure 2), taking as reference the works of [25]
and [26].

Sample S cm.

Area for data
extraction
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Fig. 2. Conditioning of Andean tubers samples
C. Dielectric spectrum acquisition system

The used system to obtain the dielectric spectrums (dielectric properties) consists in an
open ended coaxial probe (N1501A-001), attached to a VNA (Vector Network Analyzer)
(N9915A, Keysight Technologies), connected to a notebook (Legion Y520, Lenovo)

(Figure 3).
I
.
P——

Fig. 3. Relative permittivity acquisition system for Andean Tubers, using open-ended
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The dielectric properties were represented by the equation (1).

& = & — je" D)

Where: ¢, electrical permitivity; &' dielectric contant (real values); & loss factor

(imaginary values)

Prior to obtaining the dielectric properties (dielectric constant and dielectric loss factor)
of the andean tubers, the VNA was turned on for one hour, then the system was calibrated
according to the procedure described by Liu [27] in three steps: calibration in an open

system (air), short circuit and bi-distilled water at 20°C

At last, 274 &' values were obtained from the reflection coefficients, between the contact
of the open end coaxial probe with the surface of each tuber, using the material
measurement software N1500A-FG (Keysight Technologies), in a range from 2 to 8 GHz.

The measurement was carried out twice for each tuber at room temperature (20 0.5 °C).

302 |Pagina



D. Dimensionality reduction

Dimensionality reduction used the Principal Components Analysis (PCA) technique,
which consists in obtaining the new variables from the total variables by association

according to its capacity to explain variances [28].
E. Classification models

Currently, various tools or techniques for linear and nonlinear classification are being
used in food such as those described in the investigations of Leide [19], You [23], You
[24], Khaled [28], Castro [29]. In our case, linear classification techniques were used such

as: LD, SVM and KNN, whose graphical representation of these models is shown in

Figure 4.
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Fig. 4. Machine learning in the classification of Andean tubers: LD (a), SVM (b) y K-NN
(©

This lineal classification techniques are based on:

e LD.- distribution or grouping of alike covariance values, this guarantees their
maxima separation [21]

e SVM.- built hyperplane or set of hyperplanes in a high dimension space,
determining less error and increasing at its best the separation margin [11], [22],
[23], [29].

¢ K-NN.- distance between neighboring data, this makes place to a prediction model

for data classification [23].

With the tool support of the app Classification Learner of MATLAB 2020b software, the

tubers were classified according to the aforementioned techniques. Likewise, a cross
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validation (k-fold) was used, with k = 5. The process was carried out ten times in order

to verify the robustness of the model.
F. Statistical evaluation

The classification of Andean tubers, was carried out by means of the construction of the
confusion matrix (4x4) has two dimensions with of real (row) and predicted (column)
values, from the obtaining of the true positive (TP - correctly identified) and negative (TN
- correctly rejected) values and false positives (FP - incorrectly identified) and negatives
(FN - incorrectly rejected), through the equations from (2) to (5), described by Castro et
al [22].

n n n
TN:Z Njk=z Z Ny — (TP + FP + FN)
Jk#1 j=1 k=1
n n
FP - Nki = Nki - TP
k#1 k=1

n n
FN = E Ny = E Ny — TP
k#1 k=1

Finally, the performance evaluation of the classification of Andean tubercles from the
confusion matrix was based on terms of accuracy, receiver operating characteristic (ROC)
and area under the curve (AUC), according to app Classification Learner of MATLAB
2020b software.

e Accuracy : This measures how many observations, both positive and negative,

were correctly classified and it is defined by Equation (6).

| _ TP + TN
Couracy =Tp ¥ TN + FP + FN

e ROC : Curve constructed from TP versus FP at different Andean tuber

classification thresholds.
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e AUC: Itis an evaluation metric that considers all possible classification thresholds
for Andean tubers, the same one that is determined from the area under the ROC

curve, see Equation (7).

! 2)

AUC = f ROC(1—TN)-d(1—TN)
x=0

Results and discussion

A. Dielectric spectrum for Andean tubers

The figure 5, shows the mean values of the dielectric spectra of four types of Andean
tubers. Similar works Kuang and Nelson [30]-[32] in the dielectric characterization of
tubers have shown a decrease in the dielectric constant in the range from 2 to 8 GHz,
coinciding with our results.
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Fig. 5. Dielectric spectrums from four kinds of andean tubers

According to the graph, in the range from 6 to 7 GHz, a slight growth of the dielectric
spectrum of Andean tubers is evidenced, this process is attributed to methyl groups in the
[ dispersion [33].

B. Dimensionality reduction
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PCA has shown that three components can explain a cumulative variability of the data
above 99.6% (figure 6), in the reduction of variables. Similar works with different
techniques for obtaining spectral information and images support our study: oil palm [28],
food powdered [23], green arabica coffee [19], tomatoes [34], muskmelons [35] and
multiple food ingredients [36].

100
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e 99.5
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992 | &« 99.2
99 |

98.8 r

Explained variance (%)

98.6 |

984 |

1 2 3 4 5
Number of principal component

Fig. 6. Variance explained for principal component
C. Classification methods

The Table I, shows confusion matrices for each classifier model. Although the values for
correct classification, values in diagonal cells, shown percents from 65.0 to 95.5 % with
high variations among the accuracy from each class. In addition, in all the models the best
classification was obtained for S. tuberosa (yellow) and T. tuberosum (Killa isafia).

TABLE | Confusion matrix for each classifier

a) LD
Predicted class
| 2 3 4
Z 1 933 - 6.7 -
s 2 - 75.0 217 3.3
TS 3 15.0 - 68.3 -
o 4 - - - 95.0
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b) SVM

Predicted class

1 2 3
’é | 86.7 - 13.3
o 2 1.7 83.3 11.7
73 3 11.7 18.3 70.0
x 4 - 5.0 1.7
c¢) KNN
Predicted class
| 2 3
g | 85.0 - 15.0
- 2 - 76.7 18.3
73 3 18.3 16.7 65.0
® 4 - 1.7 3.3

Cumulative values or

accuracy percentage on andean tubers

classification may be seen in Table I, considering a good classification over
the 80 % as described in You [23].
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D. Performance

In this study the best classification model based on dielectric properties (€’) for Andean
tubers was the SVM (Table II) which is similar to reported by Suphamitmongkol [21], in
the classification of orange, reporting that the PCA - SVM as the best classification
model, this results reinforce that the non-invasive techniques coupled with chemometric

classification tools have great potential of application in the industry [19].

The Figure 7, show the probability to find the correct classification based in AUC terms,
varying between 0.85 to 0.98, see Table II. In this case LD and SVM proving to be valid
and viable, as long as the AUC is higher than 0.90 in concordance with [37],

TABLE Il Classification model for andean tubers

Technique Accuracy (%) AUC

Linear Discriminant 80.89 +2.49  0.968 + 0.027
Support Vector Machine  83.04 + 0.66  0.984 4+ 0.005
K- Nearest Neighbour 79.17 £1.63  0.855 £+ 0.042

Conclusion

Differentiation from four kind of andean tubers based on dielectric properties (e' values),
coupled to machine learning technique have allowed to observe a high precision in
discrimination of andean tubers, over 80 %. Ergo, it is concluded that dielectric
spectroscopy technique and machine learning together expose a great potential for the

andean tubers differentiation.
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Abstract:

Nowadays, process control in the juice industry requires fast, safe and easily applicable
methods. In this regard, the use of dielectric spectroscopy is being coupled to statistical
methods such as machine learning in order to develop new methods to identify
adulteration. However, there is a small number of scientific reports above the application
of the aforementioned methods when citric fruit juices is being identified. Therefore, the
objective of this research was to evaluate dielectric spectroscopy and four different
classification techniques (Support Vector Machine - SVM, K-nearest neighbor-KNN,
Linear Discriminat -LD and Quadratic Discriminat-QD) to discriminate between three
citrus juices. For this purpose, samples of Citrus limetta, Citrus limettioides and Citrus
reticulata were evaluated; obtaining its dielectric spectral profiles in the range of 5 to 9
GHz. Then from the spectral profiles the loss factor (e”) was calculated using the
reflection coefficient. Next ¢” value was pretreated, reducing noise through a savitzky
golay filter, and new variables created through Principal Component Analysis (PCA).
Finally, the models for classification were constructed with the previously mentioned
techniques and the principal components. The results shown that using four components
the variance can be explained in 97%; likewise, the discrimination values vary between
88.9 and 100.0%, with SVM, LD and QD the best discrimination techniques all

successfully at 100.0 %. Therefore; It is concluded that the technique of dielectric
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spectroscopy and machine learning presents potential for the discrimination of citrus fruit

juices.
Introduction

Fruit juice can be defined as extracted content from fruits or liquid content extracted from
cells or tissues made when well ripened fruits are squeezed without using any solvent or

heat, actually, this is one of the most important sectors in the food industry [1].

As fruit juice is a healthier option for the consumers, quality and security in the juice
products is always an important topic; because they are always fraud objectives or
possible adulterations, it is important to verify the juice origin and a complex job that
goes beyond a simple measurement from some associated product properties [2].
Authenticity determination may be a complex job because of the variety of factors that

may cause variations in an authentic food product [3].

For citrus fruit juices, the principal faking problems or wrong tagging is the full or partial
substitution of the original juice for water or another lower cost juice [4]; in citrus fruits,
tangerine juice (Citrus reticulata), lemon (Citrus limon) and/or pomelo (Citrus paradisi)

has been detected as if it would be orange juice (Citrus sinensis) [5].

Also, the used technology for commercial bottled juices is another parameter to analyze
in order to guarantee the authenticity of a citrus fruit juice. There are several studies that
talk about this topic about juice authenticity using HPLC-MS (High performance liquid
chromatography-mass spectrometry) [6] [7] or UHPLC/Q-TOF-MS (ultra-high
performance liquid chromatography-quadrupole time-of-flight mass spectrometry) [8],
that have evaluated the authenticity of these juices with the multivariate statistical

analysis.

The mentioned techniques require part of the juice for the correspondant analysis, this
means that those are destructive methods. In this context, the dielectric spectroscopy
method is presented as an interesting method, that has been studied and applied in other
products as pomegranate (Punica granatum L.) [9], apples (Malus domestica) [10], kiwi
(Actinidia deliciosa) [11], melons (Cucumis melo L.) [12], among others. Knowing the
juice electric properties and their relation with their structural and composition properties
opens endless oportunities in the design and development of industry level equipments

for quality control and processes through an adequate classification [13].
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The main goal of this research was to assess the feasibility of a fast, simple and sensible
method to distinguish different citrus fruit juices through the chemometric processing of
the dielectric spectrometry data using the four classification models in the PCA

multivariate analysis.
Materials and Methods
A. Citric Fruit Supplies

For the present investigation, 60 citrus fruits were used for each species of Citrus limetta,
Citrus limettioides and Citrus reticulata, previously selected in good state of maturity,
from the Paccha district in Chota, Cajamarca. The juice from the citrus fuits was obtained
using an electric juicer extractor (FPSTJU4176, Oster), later, they were placed in 50 mL

beakers.
B. Dielectric Spectrum Acquirement System

The used system to obtain the dielectric spectrums (dielectric properties), see Figure 1,
consists in an open ended coaxial probe (N1501A-001), attached to a VNA (Vector
Network Analyzer) (N9915A, Keysight Technologies), connected to a notebook (Legion
Y520, Lenovo).

Coaxial
probe

Sample

Vector Network
Anlalyzer

Fig. 1. Relative permittivity acquisition system for citrus
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The dielectric properties were represented by the relative permittivity (e, = &' — j&'),
were ¢’ is the dielectric constant and €"is related to the losses, this about the real and
imaginary part of er, respectively. Before &' was obtained, the dielectric spectrum

acquirement system was calibrated in air, short circuit and deionized water at 25 °C [14].

At last, €' was determined by obtaining the reflection coefficient between citrus juice
samples with the submerged coaxial prob (5 cm), using the coaxial probe's software
(N1500A-FG, Keysight Technologies), in the range 5 to 9 GHz (183 points).

C. Multivariate Analysis for Classification

The multivariate statistical analysis for classification was the non-supervised PCA
technique using four different classification techniques (Support Vector Machine - SVM,
K-nearest neighbor, Linear Discriminant - LD and Quadratic Discriminant- QD) using
MATLAB 2018a software. Before PCA was applied, defects and anomalies present in

dielectric spectrums were deleted through the proposed filtering method in [15].
Results and Discussion

The main goal from this research was to explore the possibility of using dielectric
spectrometry to test the authenticity of the three kinds of juice taken from the citrus fruits

used and develop qualitative tests to detect adulterated citrus juices.
A. Dielectric Spectrum for Citrus Juices

Mean values for the samples shown that loss factor (¢'") increase may be seen in the range
from 5 to 9 GHz, see Figure 2. It could be due by the different content of polyphenol in
each citrus fruit, concordant with they are made up mostly of flavanones, and also
flavones and flavonols, this may generate dielectric relaxation because of concentration,
the Maxwell-Wagner relaxation and other phenomena related with existing ions in these

juices [16].
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B. Classification Methods

In the data analysis, PCA was applied to look for any possible sample grouping for each

kind of citrus fruit. The analysis was capable to distinguish them for each used model, the

four principal components obtained variance values of 94.8 %, 0.8 %, 0.8 % and 0.6 %

for PC1, PC2, PC3 and PC4 respectively. This evidences that variance may be explained

in 97 % using four components. In this way to show the effect of first two PC in

discrimination of samples the Figure 3 is shown.Developing the models accuracy values
oscillate between 93.3 % and 100 % (Table I)
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Table | Performance of the classification models for citrus juices.

Technique Accuracy (%)
Support vecto machine - Linear 100.0
k-nearest neighbor - Fine 93.3
Linear Discriminat 100.0
Quadatic Discriminat 100.0

In our case PCA technique shown feasibility to be used, creating new variables from the
initial data, coupled to dielectric spectra. Another examples of its use are the works of
Zhu [17] with peach and Khaled [18] and oils properties evaluation which shown similar
results. Other dielectric properties studies as the ones developed on apple classification
reached an average accuracy of 99.5 % and 99 %.
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It is seen that dielectric spectrometry may be used as a simple method, at low-cost and
non-destructive for the citrus juice classification, this may ease the adoption of QA
(quality assurance) in production line inside of the juice processing industry, because it
may be attached to a real time system, it is low-cost and because of its ease of use [19],
also it is seen that the obtained data has results of extensive data blocks that require
suitable numerical strategies in order to obtain an adequate classification as the used in
this research, furthermore it is noted that advanced chemometrics models should be

developed to analyze the obtained data [20].
Conclusion

The dielectric spectroscopy analysis in citrus fruit juices with multivariate modeling
shows its potential to be used as a fast classification technique to guarantee the
authenticity of this kind of juices. This method is simple to apply and does not require
sophisticated instrumentation; also the data is analyzed with simple classification
systems, this shows that this method may be applied for an analysis in citrus fruit industry

or in fast processes in order to detect frauds on fake juice replacements.
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Introduction Materials and Methods

) . Sample “golden ben Drying operation Drying monitoring
At present, high Andean berries such as "aguaymanto — golden berry" res v . Ying ope’ vine €

have a high demand in foreign markets due to their nutritional
contribution and bioactive compounds that contribute to the diet of
consumers. However, the golden berry is a perishable fruit due to its -ﬂ__"l A
high water level {78-84%), making it susceptible to fungal and bacterial < :ﬁ
attacks. For this reason, the application of dehydration processes is
necessary to prolong its useful life and preserve its physicochemical
properties. Materials

1. Golden barry
2. Graph paper

o

Equipment

3. Emissiviry reference manerial 3. Mygromater
During dehydration, physical phenomena of mass and heat transfer P b e
originate, such as the displacement of water from the center to the L Tanperr 0kqsto & Thermograpic ames
surface of the fruit (differential chemical potential of water) and the 2. Brying time: 13 haues 8. Temparature sanscr (k)
emission of heat by radiation, respectively. However, there are limited Drying process
studies that allow relating these phenomena through non-invasive «  Golden berry dehydration was carried out in a hot air dryer, the operation parameters of the dryer were: 60 °C,

1 mfs and 13 hours. Previously, a golden berry was suspended with 3 nylon thread 10 2 precision balance; A
technologies in exotics fruits like the golden berry. material with known emissivity (0.5 - reference) and a graph paper were placed next 1o the suspended galden
berry, in addition to recording the surface temperature of 8 second golden berry. During drying, the mass
(scale), volume (digital camera] and surface temperature (thermocouple K, connected to a 345014 multiplexer

The infrared thermography technique is based on measuring the and recording the digital data using an Agilent data acquisition equipment 34872A) of the golden berry were
. _ ) X X recorded every 10 minutes for the first two hours, then every 30 min until 13 hours. Likewise, in parallel, the
infrared radiation emitted by a surface (solid), as well as it can provide surface temperature emitted by the golden gooseberry and the reference material was recorded using 8
important information on heat transfer in biological systems. For this thermographic camera (Optris GmBh, Germany)
reason, the ohjective of the present investigation is the monitoring of Measurements.

. . *  Moisture: Dryi 65°C 48 hous il
golden berry drying by means of infrared thermography. olsture: Drying 1 65 C per 48 hours Lnti mass constant

* Water activity: Hygrometer [Aqualab CX-2)
«  Volume: Image analysis was applied to calculate the volume using the Image software

Results and discussion To determine the existence of a
relationship between the molar

Lt

KINETICS AND THERMODYNAMIC PROPERTIES flow and the chemical potential, as ...

It has been possible to reduce the mass and volume of the golden berry a transporter of water through the

up to 73 and 67 % respectively, during 13 hours of dehydration (Fig. 1- first Onsager relationship:

a). Likewise, a classic drying curve has been observed, with its three . Jy =Ly - Ap,, . Todetermine e

stages: induction period (I}, constant speed pericd (I} and decreasing the chemical potential without any =

speed period (lll). In the same way, the transport of water from the effect of mechanical terms, the ... ‘.’

interior to the surface is less than the rate of evaporation of surface equation is used: ’

water and therefore changes in the structure of the vegetative tissue - o

must originate. Apl, = —5,AT + RTIn “j:, Fig. 2. Phenomer:élogical coefficient

" Time nin) e o T Gy (L, *) with regard to water flux (1,).

o d w o aw Ay | g )

- 1\. a b N Therefore, we can obtain the phenomenological coefficient: L, :—;ﬂ
".:_. ® e A | INFRARED TERMOGRAPHY: EMISSIVITY AND TEMPERATURE

. It was possible to obtain the surface temperature of the golden gooseberry
by means of a thermographic camera (pyroelectric sensor). However, the
energy emitted by the golden gooseberry must be calculated through an
energy flow balance, in order to subtract the intervention of the
environment and the absorption of energy by the air.

oo
M 0ED e LD L L0 S Lo 34D M0 439

d 7]
) - ) o Ep = Foump0 Ty + (1= Eourr J0T gy — (1 = Tair )P Esmr"TfAmp
Fig. 1.a). Variation of mass and volume during dehydration of golden gooseberry.
b). Drying speed. To obtain the net emissivity of ¢ |. o
To understand the variation in water transport during the drying of the the golden gooseberr.y, it is
golden berry, it is necessary to estimate the water flux. Previously, necessary to determine the

starting from a thermodynamic approach such as the variation of the energy  emitted by  the

Gibbs free energy. environment, for which a -
reference material of known .
dG = —SdT + VdP+ Fdl + fde + Z #ydn; emissivity was used (Fig. 3). E )
i -,
If we express the variation of the Gibbs free energy per mole of water, E;ff —095.0- Trqu 4 B .
then we can define the extended chemical potential of water B T — e e
AM — AG Fig. 3. evolution of el ity and surface
w Any, temperature of golden gooseberry during drying.

Conclusions * A thermodynamic model has been developed that allows to efficiently observe the changes of the phenomenological coefficient in relation to
— the flow of water during the dehydration process of the golden berry.
« It has been shown that the thermographic camera is a promising tool for monitoring the golden gooseberry drying process, which provides
valuable information on heat transfer in a tissue of plant origin, allowing to observe the evolution of emissivity and surface temperature.
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