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RESUMEN

El conocimiento del estado nutricional de los cultivos permite corregir o ajustar
cualquier exceso o deficiencia nutricional en los mismos, a lo largo de su ciclo
vegetativo, asegurando un alto rendimiento en la produccion y una optima calidad
del fruto. Tradicionalmente, para la realizacion del diagnéstico nutricional se ha
utilizado el analisis de la ionémica de diferentes 6rganos de la planta, especialmente
las hojas, por su facilidad de muestreo y por ser el érgano fotosintético de excelencia
en las plantas. Estos analisis se realizan mediante costosos métodos convencionales
de laboratorio que son destructivos, contaminantes y, ademas consumen mucho
tiempo y dinero. Por ello es necesario implementar estrategias sostenibles que nos
permitan ajustar la dosis de fertilizacién segln las necesidades del cultivo con el
minimo riesgo de contaminacion. El objetivo de esta tesis doctoral es desarrollar
métodos y modelos que permitan el diagndstico nutricional en cultivos mediante
métodos dpticos no destructivos, como la espectroscopia y la imagen hiperespectral
en el rango Vis-NIR, en combinacion con técnicas de quimiometria. Con este fin se
realizaron cuatro ensayos en los que se evalud el potencial de estas tecnologias para
la prediccion del estado nutricional en dos cultivos de gran importancia
socioecondmica en la Comunidad Valenciana, como lo son el caqui, en el cv. 'Rojo
Brillante' y los citricos, en la mandarina cv. 'clementina de Nules '.

De este modo, el primer bloque centrado en el cultivo de caqui cv. 'Rojo Brillante',
comprende los estudios publicados en dos articulos cientificos. En el primero de
estos articulos se estudio el potencial de la espectroscopia Vis-NIR (430-1040 nm),
con el objetivo de predecir macros y micronutrientes utilizando modelos de regresion
PLS. Los resultados mostraron que es posible predecir de forma precisa
macronutrientes como, fésforo (P), calcio (Ca) y magnesio (Mg), con un coeficiente
de determinacion en la prediccion (R%) de 0,78 a 0,63. En los micronutrientes, el
boro (B) y el manganeso (Mn) fueron los que obtuvieron mejores coeficientes de
prediccion, con R% de 0,79 y 0,69, respectivamente. En el segundo articulo se ha
evaluado, para la estimacion de la concentracion de nutrientes, el uso de imagenes
hiperespectrales en el rango entre 500 y 980 nm. Los resultados mostraron la
prediccion de los macronutrientes como N, P, potasio (K), Ca'y Mg con R? de 0,80
a 0,62y, para los micronutrientes, solo en el B se obtuvo un valor aceptable para la
estimacion (R%, = 0,69). Ademas, utilizando el método de reduccién de variables de
influencia en la proyeccion (VIP) se obtuvo una prediccion fiable para los nutrientes
de N (R%»=0,76) y B (R%» =0,61).
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En el segundo bloque, se ha estudiado otro cultivo emblemético en la Comunidad
Valenciana por su importancia social y econémica, como son los citricos. En este
caso, se desarrollaron herramientas de estimacion del cv. 'clementina de Nules',
descritas en otros dos articulos cientificos. En el tercer articulo se ha estudiado la
capacidad de la espectroscopia para determinar la concentracion de nutrientes en las
hojas de los citricos en un ciclo vegetativo completo. Los resultados mostraron una
prediccion con un R?% de 0,70 a 0,65 para el P, K Cay B. Utilizando el coeficiente
de regresion de ponderado (BW) se determiné un subconjunto de bandas importantes
para determinar la concentracién de P, K y B. Los resultados mostraron que las
bandas de mayor relevancia para estos nutrientes se situaron en la region del visible
(430-750 nm), asociada a la absorcion de pigmentos fotosintéticos. Finalmente, en
el cuarto articulo se ha estudiado el potencial de la imagen hiperespectral para
discriminar entre hojas jovenes y hojas de ciclos vegetativos anteriores, lo que
mejoraria el diagnostico dado que las tablas de referencia en este cultivo estan
realizadas en hojas de la brotacién de primavera. Partiendo de esa hipétesis, se
obtuvo que es posible realizar la discriminacion entre ambos tipos de hojas. Se
realiz6 un andlisis exploratorio mediante analisis de componentes principales (PCA)
y se construy6 un modelo de discriminacion basado en la regresién de minimos
cuadrados parciales discriminante (PLS-DA), obteniendo una clasificacion exitosa
del 99,4 %. Posteriormente se realiz6 la prediccion de concentracion de nutrientes
de hojas jovenes, utilizando 49 bandas espectrales, obteniendo mejores resultados
para los nutrientes P, K, Ca, hierro (Fe) y Mn con R?% de 0,69 a 0,60. Ademas, se
realiz6 la prediccion de estos nutrientes minimizando el nimero de bandas a diez,
con el BW y se obtuvo un R?% de 0,67 a 0,57.

La presente tesis doctoral demuestra que la espectroscopia y la imagen hiperespectral
Vis-NIR se potencian como herramientas alternativas a los métodos convencionales
de laboratorio, en el diagndstico nutricional de cultivos, pudiendo ser de gran ayuda
para la correccion de forma rapiday fiable del plan de abonado de diferentes cultivos.
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RESUM

El coneixement de I'estat nutricional dels cultius permet corregir o ajustar qualsevol
excés o deficiencia nutricional en estos, al llarg del seu cicle vegetatiu, assegurant
un alt rendiment en la produccio i una optima qualitat del fruit. Tradicionalment, per
a la realitzaci6 del diagnostic nutricional s'han utilitzat I'analisi de la iondmica de
diferents organs de la planta, especialment les fulles, per la seua facilitat de mostreig
i per ser I'drgan fotosintétic d'excelléncia en les plantes. Estes analisis es realitzen
mitjangant costosos metodes convencionals de laboratori que sén destructius,
contaminant i, a més consumixen molt temps i diners. Per aix0 és necessari
implementar estratégies sostenibles que ens permeten ajustar la dosi de fertilitzacié
segons les necessitats del cultiu amb el minim risc de contaminacio. L'objectiu d'esta
tesi doctoral és desenvolupar métodes i models que permeten la predicci6 del
diagnostic nutricional en cultius mitjancant métodes optics no destructius, com
I'espectroscopia Vis-NIR, en combinacié amb técniques quimio meétriques. A este
efecte es van realitzar quatre assajos en els quals s'avalua el potencial de
I'espectroscopia Vis-NIR per a la prediccio de nutrients, en dos cultius d'importancia
socioeconOdmica a la Comunitat Valenciana, com el caqui, en el cv. 'Rojo Brillante' i
els citrics, en la mandarina cv. 'clementina de Nules .

D'esta manera, el primer capitol de publicacions es centra en el cultiu del caqui cv.
Rojo Brillante, comprés per dos articles (I i I1). En el primer d'estos articles es va
estudiar el potencial de I'espectroscopia Vis-NIR (430-1040 nm), amb I'objectiu de
predir macros i micronutrients utilitzant models de regressio PLS. En este estudi es
van aplicar tractaments diferencials per als nutrients de N (0 %, 33 %, 50 % i 100
%) i per a KoO (0 %, 50 % i 100 %) de la demanda del cultiu. Els resultats van
mostrar que, si que és possible predir de manera precisa macronutrients com, fosfor
(P), calci (Ca)i magnesi (Mg), amb un coeficient de determinaci6 en la prediccio
(R%) de 0,78 a 0,63. En els micronutrients, com el bor (B) i el manganés (Mn) van
ser els que van obtindre millors coeficients de prediccié, amb R? de 0,79 i 0,69,
respectivament. En el segon article s'ha avaluat, per a I'estimacié de la concentracié
de nutrients, I'ds d'imatges hiperespectrales en un rang (500-980 nm). Els resultats
van mostrar la prediccié dels macronutrients com a nitrogen (N), P, potassi (K), Ca
i Mg amb R?de 0,80 a 0,62 i, per als micronutrients, només en el B es va obtindre
un valor acceptable per a l'estimacié (R?% 0,69). A més, utilitzant el métode de
reduccid de variables d'influéncia en la projeccio (VIP) es va obtindre una prediccio
fiable per als nutrients de N (R% 0,76) i B (R% 0,61).

En el segon capitol, s'ha estudiat un altre cultiu emblematic a la Comunitat
Valenciana d'importancia econdmica, com son els citrics. En este cas, es van
desenvolupar ferramentes d'estimacié del cv. ‘clementina de Nules' compreses en dos
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articles (111 i 1V). De tal manera, que en el tercer article s'ha estudiat la capacitat de
les técniques espectrometriques per a determinar la concentracié de nutrients en un
cicle vegetatiu complet. Els resultats van mostrar una prediccié amb un R? de 0,70
a 0,65 per al P, K, Ca i B. Utilitzant el coeficient de regressié de pes (BW) es va
determinar un subconjunt de bandes més influents per als nutrients P, K i B. Els
resultats van mostrar que les bandes de major importancia, per a estos nutrients, es
situen a la regi6 del Vis (430-750 nm), el qual esta associada a I'absorcid de pigments
fotosintétics. Finalment, en el quart article s'ha estudiat el potencial de les HSI per a
discriminar fulles joves de fulles de cicles vegetatius anteriors, la qual cosa milloraria
el diagnostic atés que les taules de referéncia en este cultiu estan realitzades en fulles
de la brotada de primavera. Partint d'eixa hipotesi, es va obtindre que, és possible
discriminar fulles joves de cicles anteriors, fent una analisi exploratoria PCA
previament i utilitzant el model de discriminaci6 (PLS-DA), obtenint una
classificacié exitosa del 99,4 %. Posteriorment es va realitzar la prediccié de
concentracio de nutrients de fulles joves, utilitzant 49 bandes espectrals, obtenint
millors resultats per als nutrients P, K, Ca, ferro (Fe) i Mn amb R? de 0,69 a 0,60.
A més, es va realitzar la prediccid d'estos nutrients minimitzant el nombre de bandes
a deu, amb el BW i es va obtindre un R?% de 0,67 a 0,57.

En resum, la present tesi doctoral demostra que I'espectroscopia Vis-NIR es presenta
com una ferramenta alternativa als meétodes convencionals de laboratori, en el
diagnostic nutricional de cultius, podent-se de gran ajuda per a la correccié del pla
d'adobament de diferents cultius de manera rapida i fiable.
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ABSTRACT

Knowledge of the nutritional status of crops allows for correcting or adjusting any
nutritional excess or deficiency throughout their vegetative cycle, ensuring high
yields in production and optimal fruit quality. Traditionally, the analysis of the
ionomics of different plant organs has been used for nutritional diagnosis, especially
the leaves, due to their ease of sampling and being the photosynthetic organ par
excellence in plants. These analyses are carried out by expensive conventional
laboratory methods that are destructive, polluting, time-consuming and costly.
Therefore, it is necessary to implement sustainable strategies that allow the
fertilisation dose to be adjusted according to the crop's needs with the minimum risk
of contamination. This doctoral thesis aims to develop methods and models for
nutritional diagnosis prediction in crops using non-destructive optical methods, such
as Vis-NIR spectroscopy, combined with chemometric techniques. For this purpose,
four trials have been carried out to evaluate the potential of Vis-NIR spectroscopy
for nutritional prediction in two crops of socioeconomic importance in the Valencian
Community, such as persimmon cv. 'Rojo Brillante ', and citrus cv. 'Clementina de
Nules'.

Thus, the first chapter of the publications focuses on cultivating persimmon cv. 'Rojo
Brillante', comprising two articles (I and Il). In the first of these articles, the potential
of Vis-NIR spectroscopy (430-1040 nm) was studied to predict macronutrients and
micronutrients using PLS regression models. This study applied differential
treatments for N nutrients (0 %, 33 %, 50 % and 100 %) and K20 (0 %, 50 % and
100 %) of crop demand. The results showed that it is possible to accurately predict
macronutrients such as phosphorus (P), calcium (Ca) and magnesium (Mg), with a
coefficient of determination in the prediction (R%) of 0.78 to 0.63. Boron (B) and
manganese (Mn) obtained the best micronutrient prediction coefficients, with R?% of
0.79 and 0.69, respectively. The second article evaluated hyperspectral imaging
(HSI) in the range (500-980 nm) for nutrient concentration estimation. The results
showed the prediction of macronutrients such as nitrogen (N), P, potassium (K), Ca
and Mg with R? from 0.80 to 0.62 and, for micronutrients, only in B, an acceptable
value for the estimation was obtained (R?, 0.69). In addition, using the projection
influence variable reduction (VIP) method, a reliable prediction was obtained for N
(R% 0.76) and B (R? 0.61) nutrients.

In the second chapter, another emblematic crop of economic importance in the
Valencian Community, citrus, was studied. Estimation tools were developed for
citrus cv. 'Clementina de Nules' and the results were published in two articles (111
and V). Thus, in the third article, the capacity of spectrometric technigques to
determine the concentration of nutrients in a complete vegetative cycle was studied.
The results showed prediction with an R% of 0.70 to 0.65 for P, K Ca and B. Using
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the weight regression coefficient (BW), a subset of more influential bands was
determined for P, K and B nutrients. The results showed that the bands of greatest
importance for these nutrients are located in the Vis region (430-750 nm), which is
associated with photosynthetic pigment uptake. Finally, in the fourth article, the
potential of HSI to discriminate young leaves from leaves of previous vegetative
cycles has been studied, which would improve the diagnosis given that the reference
tables in this crop are made on leaves of spring sprouting. Based on this hypothesis,
it was obtained that it is possible to discriminate young leaves from previous cycles,
previously performing an exploratory PCA analysis and using the discrimination
model (PLS-DA), obtaining a successful classification of 99.4%. Subsequently, the
prediction of nutrient concentration of young leaves was carried out using 49 spectral
bands, obtaining better results for the nutrients P, K, Ca, iron (Fe) and Mn with R?%
from 0.69 to 0.60. In addition, these nutrients were predicted by minimizing the
number of bands to ten, with the BW and an R% of 0.67 to 0.57.

In summary, this doctoral thesis demonstrates that Vis-NIR spectroscopy can be used
as an alternative tool to conventional laboratory methods in the nutritional diagnosis
of crops. This can be very helpful in quickly and reliably correcting the fertilization
plans of different crops.
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PREFACIO

Marco de Investigacion

La presente Tesis Doctoral es el resultado de un trabajo de investigacion, realizado
por la autora durante el periodo 2019-2024, como estudiante de Doctorado del
Programa de Recursos y Tecnologias Agricolas de la Universidad Politécnica de
Valencia (UPV). La tesis se ha desarrollado en el Centro para el Desarrollo de la
Agricultura Sostenible (CDAS) y el Centro de Agroingenieria, ambos del Instituto
Valenciano de Investigaciones Agrarias (IVIA).

La tesis esta financiada por los proyectos MICIN - AElI TED2021-130117B-C31,
IVIA-GVA 51920 y 52204, y la Union Europea a través del Fondo Europeo de
Desarrollo Regional (FEDER) de la Generalitat Valenciana 2014 -2020. Los gastos
de alojamiento y manutencién se han financiados por IFARHU-SENACYT
(PANAMA), a través de Becas de Excelencia Profesional de estudios de Doctorado,
contrato n. 270-2021-020.

Estructura de la Tesis Doctoral

La tesis doctoral se ha organizado en cinco apartados: Introduccién, Objetivos,
Publicaciones, Discusion general y Conclusiones

La Introduccion se centra en la situacion actual de la agricultura en el mundo y
especificamente en Espafia, concretamente en el tema de nutricidn vegetal y el buen
uso de una fertilizacion racional y equilibrada. En este apartado se describen métodos
alternativos a los métodos convencionales para el diagnéstico nutricional, como lo
son los métodos Opticos no destructivos, para el cultivo de citricos y caqui, de gran
importancia por su interés comercial, en la Comunitat Valenciana. La seccion
Objetivos presenta los objetivos generales y especificos de la tesis. Los resultados
obtenidos se presentan a través de las cuatro Publicaciones cientificas derivadas de
esta tesis, mientras que la cuarta seccién presenta la Discusion general de la tesis y
la quinta recopila las Conclusiones generales de los articulos de la tesis.
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. INTRODUCCION






1. OPTIMIZACION DEL USO DE LOS RECURSOS
NATURALES

El uso sostenible de los recursos naturales estad ganando importancia a nivel mundial,
debido a que el uso inadecuado de los recursos naturales ocasiona grandes dafios al
medioambiente y afecta al potencial productivo de la agricultura. La agricultura,
entre otras actividades, depende, en gran medida, de la disponibilidad de recursos
para su 6ptimo desarrollo, como son el agua y el suelo (Villalobos, 2008). Si nos
fijamos en los nueve limites de sostenibilidad planetaria identificados por Rockstrom
et al. (2023), destacan como superados la interferencia en el ciclo del nitrogeno (N)
y el fosforo (P), el uso y la contaminacion del agua y el uso y la degradacion de los
suelos. En relacion con los nutrientes de N y P, la produccién agricola convencional,
generalmente, los aplica en exceso provocando impactos negativos en los
ecosistemas, como la lixiviacion de nitratos que origina la contaminacion (Desmit et
al. 2018; Gu et al. 2021). Por tanto, es indispensable desarrollar sistemas productivos
con una menor dependencia de los insumos o que los usen con mayor eficiencia
logrando una mejora de la sostenibilidad en la produccion agricola (Cayuela et al.
2017; Thompson et al. 2019).

1.1. Pacto Verde Europeo

La Unién Europea (UE), en su compromiso con una vida saludable y libre de
contaminacion, ha impulsado el Pacto Verde Europeo (UE 24 de junio de 2021), que
es una estrategia de crecimiento sostenible e integrador para impulsar la economia,
mejorar la salud, la calidad de vida de las personas y cuidar de la naturaleza
(Bélanger & Pilling, 2019b).

Uno de los objetivos de este pacto es la reduccion de las emisiones de gases de efecto
invernadero en un 55 % para el 2030 con compromiso de alcanzar la neutralidad
climética en el afio 2050, siendo vinculante para todos los estados miembros. Para
lograr sus objetivos, la comision europea propuso en el afio 2021, el paquete de
medidas del Objetivo 55, que incluye 13 leyes revisadas y 6 propuestas relacionadas
con el clima y la energia. En este objetivo se plantean medidas referentes a la
creacion de un sistema alimentario sostenible, aprobando la estrategia de la “Granja
a la Mesa” como una de las iniciativas clave en el marco del Pacto Verde Europeo.


https://www.europarl.europa.eu/news/es/headlines/society/20190926STO62270/que-es-la-neutralidad-de-carbono-y-como-alcanzarla-para-2050
https://www.europarl.europa.eu/news/es/headlines/society/20190926STO62270/que-es-la-neutralidad-de-carbono-y-como-alcanzarla-para-2050

1.2. Estrategia de la Granja a la Mesa

La estrategia “de la Granja a la Mesa”, plantea garantizar un sistema alimentario
justo, saludable y respetuoso con el medio ambiente, al tiempo que asegurar los
medios de vida de los agricultores. Su importancia radica en que pretende lograr la
resiliencia ante grandes desafios, como la sostenibilidad de los sistemas
agroalimentarios ante el cambio climético o el aumento de la poblacién. Para que un
sistema agrario sea sostenible es necesario garantizar la seguridad alimentaria y la
nutricion para toda la poblacién, sin comprometer las bases econémicas, sociales y
ambientales para las futuras generaciones. Entre los objetivos incluidos en esta
estrategia se encuentran: i) reducir las pérdidas de nutrientes al menos un 50 %, sin
deteriorar la fertilidad del suelo. Para esto se reducira el uso de fertilizantes al menos
un 20 %,; ii) conseguir que, al menos, un 25 % de las tierras agricolas de la UE se
dediquen a la agricultura ecoldgica y que se incremente significativamente la
acuicultura ecoldgica.
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Figura 1. Zonas Vulnerables por contaminacién de nitrato en a) Espafia y b) Comunidad
Valenciana. Actualizado a Julio 2022.

La aplicacidn de esta estrategia europea se traslada a Espafia en el real decreto sobre
nutricion sostenible 1051/2022, de 27 de noviembre de 2022. Estas normas bésicas
pretenden conseguir un aporte sostenible de nutrientes en los suelos agrarios,
aplicando cddigos de buenas practicas agricolas comunes al territorio nacional para
minimizar uno de los problemas medioambientales mas importantes que genera la
actividad agraria como es la contaminacidn de las aguas por lixiviacion de nitratos.
Segun esto, se aprueba el real decreto 47/2022, en donde se establecen los criterios
a seguir para designar las zonas vulnerables a la contaminacion por nitrato en el



territorio nacional (Ministerio de la Presidencia, 2022). En la Comunitat Valenciana
la designacion de zona vulnerable se extiende a mas del 60 % de su territorio en el
afio 2022 (Decreto 81 de 10 de junio de 2022) (figura 1).

1.3. Situacion actual de los fertilizantes

Los fertilizantes restituyen los elementos nutritivos que las plantas extraen del suelo
0 que se pierden por lavado, retrogradacion y erosién, poniendo a disposicion de los
cultivos los elementos que precisan en cada etapa fenoldgica. EIl aporte de
fertilizantes es indispensable para mejorar las caracteristicas propias del suelo y para
el desarrollo y la produccion de los cultivos agricolas.
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Figura 2. Consumo global de fertilizantes sintéticos por afio. Adaptada de FAOSTAT,2021

De acuerdo con la FAOSTAT (2021), el consumo global de fertilizantes alcanzé los
200 millones de toneladas (Mt) en el afio 2020 (figura 2). Segin el MAPA (2023),
el consumo nacional de fertilizantes en Espafia se situ6 en 3,6 Mt en el afio 2022. La
produccion nacional de fertilizantes descendio el 3,4 % en los ultimos afios, mientras
que el mercado exterior estuvo marcado por subidas de las importaciones en un 25
% (1,6 Mt) y de las exportaciones en un 35 % (2,1 Mt). La figura 3 muestra la
situacion del comercio de fertilizantes en Espafia en la campafia 2021- 2022.

En los ultimos afios, ante el incremento de precios de los fertilizantes y la situacion
de la contaminacion, es necesario realizar manejos racionales del abonado
empleando técnicas que aumenten la eficiencia de uso a la vez que respeten el medio
ambiente. Las practicas actuales estan incorporando la fertilizacion orgénica, de
forma que se mejore la fertilidad del suelo, potenciando su funcion protectora al
incrementar la capacidad de secuestro de carbono del sistema agrario y mejorando
la salud del suelo (Zhang et al. 2020, 2021).



La fertilizacion racional de los cultivos persigue aportar los nutrientes en los
momentos y forma que la planta los necesite, disminuyendo las pérdidas del sistema
e incrementando la eficiencia de uso. De esta forma se lograria una nutricion
equilibrada, capaz de generar un desarrollo adecuado y una produccién 6ptima, con
el minimo riesgo de contaminacion ambiental (Havlin, 2014).
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Figura 3. Mercado de fertilizantes en la agricultura espafiola, expresado en millones de
toneladas) Adaptada de MAPA (2023).

Para optimizar el uso de los fertilizantes se aplica la estrategia de la gestion 4R (Right
source, Right rate, Right time and Right place) (INTAGRI, 2017). Es decir, en el
establecimiento de un plan de abonado se debe decidir cudl es el fertilizante
adecuado, su dosis ajustada, el tiempo de aplicacidon correcta, y el lugar de aplicacion
apropiado. La fuente correcta se refiere al empleo de los fertilizantes més adecuados
en funcidn de las propiedades bioquimicas del suelo de forma que, una vez aplicados,
se encuentren en forma disponible para las plantas. Para conocer la dosis correcta a
aportar, es esencial realizar un diagnostico nutricional preciso del cultivo, que
permita conocer las reservas de nutrientes en la planta, y un analisis de suelo, para
conocer los aportes de nutrientes de este. Ademas, el momento correcto de aporte de
nutrientes es muy importante, siendo aquel que se produce cuando el cultivo lo
requiere en mayor cantidad. Por Ultimo, la localizacion es un aspecto esencial para
lograr un uso eficiente de los fertilizantes y, el empleo del fertirriego nos permitira
aplicarlo cercano a las raices absorbentes.

Por lo tanto, el marco 4R se debe adaptar y permitir al productor una toma de
decisiones informada sobre la gestion de nutrientes en funcién de las condiciones



especificas de la parcela, como el tipo de cultivo, el clima y el historial de cultivo,
entre otros (Flis, 2018, 2019).

2. LANUTRICION DE LAS PLANTAS

La nutricién vegetal se define como los procesos mediante los cuales las plantas
absorben y utilizan los nutrientes necesarios para su crecimiento, desarrollo y
reproduccion (Mengel & Kirkby, 2012). Los nutrientes esenciales son elementos que
las plantas necesitan durante un ciclo vegetativo completo (Marschner, 2012).
Diecisiete elementos son considerados nutrientes esenciales para las plantas (Brown
et al. 1987; Malavolta, 2007). El carbono (C), hidrégeno (H) y oxigeno (O), que
constituyen aproximadamente el 90 % de la biomasa de los éarboles, son
proporcionados por la naturaleza. EI C y el O se absorben por las hojas como dioxido
de carbono (CO,) del aire, y se combinan con el H, que es absorbido por las raices a
través de la absorcion de agua, para producir carbohidratos durante la fotosintesis.
El resto de los elementos esenciales para la planta son los denominados nutrientes
minerales (Rahman et al. 2005).

2.1. Elementos minerales esenciales

Una planta sélo puede completar su ciclo vital si se le suministra, en cantidad
suficiente, todos y cada uno de los elementos minerales esenciales (Malavolta, 2007;
Marschner, 1995). Estos se clasifican en dos grandes grupos: los macronutrientes,
que son elementos que las plantas requieren en grandes cantidades (N, P, K, Ca, Mg,
S), y se encuentran en el tejido de las plantas en concentraciones superiores a 0,1 %,
y los micronutrientes, que solo se necesitan en cantidades pequefias (Fe, Zn, Mn, B,
Cu, Mo, Ni, Cl) y se hallan en concentraciones inferiores a 100 pg/g (Clarkson, 1980;
de Mello Prado & Rozane, 2020). La falta de cualquiera de ellos, o su presencia en
una cantidad o concentracion insuficiente, provoca la reduccién en el crecimiento y
ciclo de vida y alteraciones metabdlicas en la planta, ya que todos los elementos
minerales juegan un papel especifico en la nutricion vegetal (Fageria, 2009). A
continuacion, se describen, someramente, cada uno de ellos:

Nitrogeno (N): forma parte de compuestos basicos del metabolismo vegetal como
aminoécidos, proteinas, clorofila, &cidos nucleicos, enzimas y hormonas. De ahi que
este nutriente se considere como el mas importante en la nutricion mineral de los
cultivos, desempefiando un papel crucial tanto en el desarrollo vegetativo como en
la floracion y en la produccion (rendimiento y calidad de los frutos).



Fdsforo (P): interviene en los procesos metabdlicos de transferencia de energia como
en el metabolismo de los azlcares y en la sintesis de los &cidos nucleicos. Como
consecuencia de estas funciones, el P ejerce una accion estimuladora del desarrollo
radicular, de la floracién y el desarrollo de los frutos.

Potasio (K): desempefia una funcion importante en los procesos del metabolismo
vegetal como la fotosintesis y la sintesis de los hidratos de carbono, ademas de ser
crucial en los intercambios gaseosos de la planta, al controlar la apertura y cierre de
estomas.

Magnesio (Mg): su principal funcion es ser atomo central de la molécula de la
clorofila e interviene en la sintesis de carotenos y xantofilas. Actta, también, como
activador de diferentes enzimas.

Calcio (Ca): este nutriente tiene una gran importancia en algunas funciones
fisiol6gicas como el desarrollo del polen, la senescencia y forma parte de la pared y
la membrana celular. Ademas, participa en la divisién y elongacion celular. Por este
motivo los sintomas de deficiencia son observados en 6rganos en crecimiento
(meristemos apicales y frutos en crecimiento).

Azufre (S): es un constituyente de los aminoacidos azufrados (cisteina y metionina)
y forma parte de algunas enzimas, vitaminas y aceites esenciales.

Hierro (Fe): sin ser constituyente de la clorofila, desempefia un papel fundamental
en la fotosintesis y respiracion de las plantas al formar parte de algunos compuestos
transportadores de electrones (ferredoxina y citocromos).

Manganeso (Mn): contribuye al funcionamiento de varios procesos bioldgicos
incluyendo la fotosintesis, la respiracién y la asimilacion de nitrégeno. También
interviene en la germinacion del polen, el crecimiento del tubo polinico y el
alargamiento celular en la raiz.

Zinc (Zn): interviene en la sintesis de las hormonas como el &cido indolacético
(AIA), la sintesis de las proteinas y participa en la formacion de clorofila y en la
conversion de almidones en az(lcares.

Boro (B): este nutriente desempefia un papel fundamental en el desarrollo de los
tejidos meristematicos de crecimiento activo como los brotes y la parte apical de las
raices.

Cobre (Cu): participa en los procesos de fotosintesis, el metabolismo de proteinas e
hidratos de carbono y ayuda a formar lignina en las paredes celulares.



Molibdeno (Mo): constituyente esencial de las enzimas que tienen que ver con la
fijacion bioldgica de nitrogeno y con la reduccion de nitrato a amonio.

Cloro (CI): elemento que participa en la transferencia de electrones a la clorofila, por
lo que es clave, aunque en pequefias concentraciones, para la fotosintesis y participa
en la activacion de enzimas como amilasa, asparagina sintetasa y ATPasa del
tonoplasto.

Niguel (Ni): anexado a la lista de nutrientes esenciales en el afio 2004 (Malavolta,
2007). Este elemento juega un papel importante en el metabolismo de la urea y de
los ureidos, la absorcion del hierro, la viabilidad de las semillas, la fijacion del Ny
el desarrollo reproductivo.

2.2. Absorcion y movilizacién de los nutrientes

La asimilacion de los nutrientes por las plantas depende de dos factores
fundamentalmente, de la capacidad de las raices para absorber nutrientes y de la
disponibilidad de estos en el medio. Por lo que, el conocimiento de la forma en que
la planta absorbe los nutrientes ayudara a interpretar correctamente el diagnostico
nutricional y al establecimiento de diferentes formas de manejo de aplicacién de los
fertilizantes (Jones, 2012).

La planta absorbe los nutrientes de forma activa y pasiva. La absorcion activa es el
proceso por el cual un ion es movido en contra de un gradiente de potencial
electroquimico, que se lleva a cabo a través del plasma de la célula més externa
continuando el transporte mediante los plasmodesmos, hasta la endodermis;
posteriormente se lleva a los vasos de conduccion xilema y floema (Havlin, 2014).
Dentro de la planta, algunos nutrientes se movilizan desde la raiz hasta las zonas en
crecimiento. Si la concentracién de un elemento nutriente esencial en el tejido
vegetal estd por debajo del nivel necesario para un 6ptimo crecimiento, la planta es
deficiente en ese elemento, lo que genera una alteracion en la ruta metabdlica en la
que participa dicho elemento, afectando otros procesos involucrados (Mengel &
Kirkby, 2012).

Una vez absorbidos por la planta, los nutrientes segun su translocacion de un 6rgano
a otro se clasifican en elementos mdviles, N, P, K, Mg, Cl, Na, Mo, Zn y los
nutrientes considerados inmoviles Ca, S, Fe, Cuy B (Marschner, 1995). La diferente
movilidad de los nutrientes en la planta afecta al diagnéstico visual de problemas de
fertilizacion. Los sintomas que aparecen en hojas viejas suelen deberse a deficiencias
en elementos moviles, como el N, P, K'y Mg, que se han trasladado hacia los nuevos
organos en desarrollo. Sin embargo, si los sintomas de deficiencia aparecen en un



6rgano de nuevo crecimiento, la carencia sera debida a elementos poco moéviles o
inmoviles como el Ca, Mg, Fe, Zny Mn (Kumar et al. 2021). En especies anuales la
concentracién de nutrientes en hojas, desde una edad temprana hasta la senescencia
de la planta disminuyen a lo largo del ciclo vegetativo, excepto los nutrientes
inmdviles (Smith, 1962). En cultivos perennes la concentracion de nutrientes en
hojas y otros Grganos fluctdan con los rebrotes estacionales, crecimiento y desarrollo
de los frutos y también varian entre hojas de ramas vegetativas y fructiferas
(Barbazan, 1998). Estas caracteristicas influyen en aspectos de la fertilizacion como
dosis, frecuencia y tipo de fertilizante, asi como del método de aplicacién correcto.

2.2. Plan de abonado

Un plan de abonado, obligatorio en plantaciones en regadio de mas de una hectarea
de superficie (RD 1051/22), debe contemplar las necesidades que hay que cubrir de
las plantas y el momento de aplicacién de los fertilizantes. Una vez conocidas las
necesidades nutricionales de las plantas (dosis) hay que corregirlas segun el estado
nutricional de la planta (deficiencia o exceso). Posteriormente el momento adecuado
de aportar los elementos minerales esenciales debe de coincidir con los periodos de
maximas necesidades nutricionales de las plantas (Marschner, 1995).

Las plantas absorben los nutrientes de manera diferencial a lo largo de su ciclo
vegetativo (curva de absorcion), variando la concentracion en el que estos se
encuentran en los diferentes 6rganos (Bertsch, 1995). Estas curvas de absorcién, que
deben coincidir con los momentos de aplicacién de los nutrientes, son diferentes para
cada cultivo y elemento mineral (Bustan & Goldschmidt, 1998). Por este motivo, el
conocimiento de estas curvas (medidas a través de la concentracion foliar, o de
cualquier otro drgano, de nutrientes) en etapas fenoldgicas clave de los cultivos
permite, no sélo definir las eépocas de aplicacion de los fertilizantes, sino conocer el
estado nutricional de las plantaciones. Posteriormente, el diagnostico nutricional es
una herramienta necesaria para la correccion de las dosis de fertilizantes a aplicar
(Quaggio, 2010).

3. DIAGNOSTICO NUTRICIONAL
El diagnostico nutricional informa de la carencia 0 exceso de nutrientes en un
momento determinado del ciclo de cultivo y permite corregir el suministro adecuado

de nutrientes de las plantas (Campisi-Pinto et al. 2017; Parent et al. 2013). Un
correcto diagndstico es la manera de incrementar la eficiencia de uso de los recursos

10



e insumos involucrados en la nutricion de las plantas, objetivo esencial de la
Estrategia de la Granja a la Mesa.

Este diagndstico se puede realizar de forma visual (cualitativa) o a través del analisis
de diferentes 6rganos (cuantitativo), analizando la concentracion de un nutriente
dado (Rozane et al. 2015). La concentracién dependera de diferentes factores que
afectan al desarrollo de las plantas como el suelo, las condiciones climéticas, tiempo,
la produccién, el manejo y, fundamentalmente, la disponibilidad de ese nutriente en
el suelo (Correndo, 2017).

En algunas ocasiones, debido a aportes insuficientes o excesivos o en determinadas
condiciones del suelo, las plantas no logran cubrir de forma adecuada las necesidades
de uno o varios nutrientes. Se produce, por tanto, un desbalance metab6lico dentro
de la planta, asociado con la funcién especifica de un determinado nutriente que
participa como elemento esencial en un proceso fisioldgico, ya sea activando o
regulando la velocidad de un proceso enzimatico, o bien porque el elemento es un
constituyente estructural de un metabolito esencial o de una estructura molecular
(Rehman et al. 2021). Sin embargo, es extremadamente importante poder distinguir
entre deficiencia y toxicidad. Deficiencia indica una absorcion de un nutriente
inferior a la necesaria que causa desviaciones en el desarrollo del cultivo. Por el
contrario, la toxicidad o exceso tiene lugar cuando uno 0 mas nutrientes estan
presentes en la planta, en cantidad superior a lo que necesita, lo cual puede impedir
la absorcion adecuada de otros elementos pudiendo, en algunos casos, ocasionar la
muerte de la planta (Torres-Beltran et al. 2023). Las deficiencias o toxicidades de
cada nutriente se manifiestan mediante diferentes sintomas que pueden llegar a ser
reconocibles.

3.1. Diagnostico por métodos cualitativos no destructivos

La sintomatologia visual es la primera herramienta disponible para conocer el estado
nutricional de los cultivos. Este método de diagnostico se basa en los cambios y en
los rasgos morfolégicos de las plantas causados por una deficiencia o un exceso de
nutrientes. Se suele realizar revisando un gran ndmero de plantas para que sea
representativo y se basa en la experiencia subjetiva del agricultor para interpretar los
sintomas y asociarlos con carencias 0 excesos de nutrientes concretos (Bertoni et al.
1992). En la figura 4 se muestran los sintomas asociados con deficiencias de la mayor
parte de los nutrientes en hojas de citricos cv. ‘clementina de Nules'.

Este método de diagndstico presenta serias desventajas. Entre ellas, que es subjetivo
y distintos observadores pueden interpretar los sintomas de formas diferentes. No
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obstante, el mayor inconveniente es que, cuando un sintoma aparece, ya es tarde para
actuar, impidiendo una correccién del plan de abonado cuando esta es necesaria. La
planta ya ha necesitado el aporte de ese nutriente y, por lo tanto, va a reducir el
rendimiento (Vashisth & Kadyampakeni, 2020).

Figura 4. Deficiencia visual en citricos en hojas de clementina de Nules: a) N, b) P, ¢) K, d) Mg, €)
Ca, f) S, g) Fe, h) Mn, i) Zn, j) Mo, k) Ni, I) Cu, m) B, n) Cl. Fuente propia de muestreo de citricos cv.
clementina de Nules, afio 2020-2021

A continuacion, se describe, de forma somera, la sintomatologia visual en las hojas
de los cultivos en general asociada a las carencias nutricionales. En ocasiones, esta
sintomatologia no resulta decisiva para identificar un Gnico elemento deficiente, ya
que la carencia podria no limitarse a un solo elemento esencial (Almeida et al. 2020;
de Bang et al. 2021; Uchida, 2000). Ademas, la deficiencia o exceso también se
asocia con la modificacion en el crecimiento o desarrollo normal de las plantas, la
produccién y atributos de calidad del fruto que pueden ayudar a diagnosticar el
elemento que se encuentra en concentracion inadecuada.

La deficiencia de N se manifiesta con una decoloracion amarillenta general en la
planta, incluidas los nervios, el envés y las hojas, los cuales toman colores rojizos.
En cuanto al P, las plantas deficientes manifiestan coloracion verde oscuras azuladas,
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moradas y parduscas en las hojas. Con la carencia de K, los margenes de las hojas se
vuelven marrones 0 moteados y se curvan hacia abajo. La clorosis comienza en las
puntas y los margenes de las hojas hasta avanzar al peciolo.

En relacion con los macronutrientes secundarios, las plantas deficientes en Mg
muestran color pélido de las hojas, incluyendo los nervios. En citricos y caquis, la
deficiencia de este elemento forma una V invertida en la hoja, que también puede
observarse en el Ca. Ademaés, las hojas que presentan carencia de este Ultimo
elemento manifiestan clorosis y necrosis de las hojas. El sintoma caracteristico de la
deficiencia de S es la clorosis, sobre todo en hojas jovenes, con las venas mas palidas
que el tejido intervenal, siendo las hojas méas delgadas.

Entre los micronutrientes, la carencia de Fe se observa en los nervios de las hojas
gue permanecen de color verde oscuro mientras que los tejidos se vuelven cloréticos
torndndose de verde claro a amarillo. La deficiencia de Mn se manifiesta con una
aparicion de bandas de color amarillento internerviales. Muy similar a la observada
en Zn, donde el limbo amarillea en las zonas comprendidas entre las nerviaciones
secundarias, las hojas suelen tener menor tamarfio, con una forma mas estrecha y
puntiaguday, ademas, suelen caerse prematuramente. En cuanto al Cu, su deficiencia
provoca la aparicién de manchas amarillas y marrones en las hojas y se vuelven
rigidas y, en el &pice, comienzan a curvarse hacia abajo. Por otro lado, la carencia de
B afecta al crecimiento vegetativo y reproductivo de las plantas, lo que provoca la
inhibicion de la expansion celular, la muerte del meristemo y la reduccion de la
fertilidad. La falta de Mo da lugar a la aparicion de manchas necrdticas en los
margenes de las hojas debido a la acumulacién de nitrato, dado que este nutriente
forma parte de las reacciones redox y actividad enzimatica y su ausencia evita la
correcta transformacion del N en amino&cidos. La deficiencia de Ni reduce el
crecimiento y la produccion de las plantas, presentando las hojas lesiones necréticas
en los apices. Por altimo, la deficiencia de Cl, aunque es dificil de detectar, provoca
clorosis en las hojas mas jovenes y un marchitamiento general en toda la ldamina
foliar (necrosis), bronceado y reduccion de su crecimiento.

3.2. Analisis cuantitativos para el diagndstico nutricional (destructivos)

Para determinar el estado nutricional de las plantas de una manera objetiva y precisa
se realizan analisis de la concentracion de nutrientes en el tejido vegetal mediante
técnicas cuantitativas destructivas (Plaza et al. 2012). Entre las principales ventajas
destacan su precision en la estimacién de deficiencias o excesos nutricionales,
identificar deficiencias asintomaticas e indicar interacciones entre nutrientes (Kalaji
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etal. 2017), por el contrario, requiere un adecuado muestro de los drganos a analizar,
el transporte al laboratorio y ademés es caro y complejo. El 6rgano de la planta a
muestrear debe ser aquel que manifieste mejor la relacion entre el contenido de un
nutriente y el rendimiento de un cultivo (Barbazan, 1998). De entre aquellos que se
pueden utilizar para el diagndstico nutricional de las plantas, los mas utilizados son
la hoja, el tallo (a través del analisis de savia), las flores y los frutos (Siedliska et al.
2021).

3.2.1. Organos adecuados para el diagndstico

Analisis foliar

El anélisis foliar es el método méas adecuado para diagnosticar el estado nutricional
de las plantas, ya que la hoja es el 6rgano con mayor actividad metabdlica y, en la
mayor parte de los cultivos, el que proporciona mas informacion acerca de las
reservas de la planta. Ademas, las variaciones de los nutrientes se pueden observar
con mas facilidad en este érgano, ya que manifiesta con mayor claridad la presencia
de estados carenciales o excesivos e indica la existencia de antagonismos entre
nutrientes (Menino, 2012). Aunque se pueden utilizar otros tejidos vegetales, como
peciolo, flores o frutos, los nutrientes no se acumulan uniformemente en estos,
especialmente los inmdviles o ligeramente méviles (de Mello Prado & Rozane,
2020).

No obstante, este andlisis posee limitaciones ya que el contenido de un elemento
mineral depende de factores como la edad de la hoja, el momento de toma de muestra
y la presencia de elementos beneficiosos o tdxicos, entre otros (Lucena, 2002). Por
otro lado, la aplicabilidad de esta herramienta depende de la existencia de tablas de
referencia realizadas en el mismo tipo de hoja, y a ser posible, en el mismo momento
de muestreo. Por otro lado, por si solo no es suficiente para realizar una correcta
recomendacion de fertilizacion, siendo necesario complementarlo con el historial del
cultivo, incluyendo dosis de fertilizante aplicado, practicas de manejo y rendimientos
obtenidos en campafias anteriores.

Analisis de Savia

El andlisis de savia extraida de los tejidos conductores de la planta (mezcla de
xilema, floema y contenido vacuolar), permite cuantificar la cantidad de nutrientes
existentes en la savia (Rodriguez et al. 2021) e interpretar el estado nutricional de
una planta (Hernando, 1973). La ventaja principal del analisis de savia es su
sensibilidad a los cambios que sufre la planta (Cadahia, 2008). Esta sensibilidad
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facilita la identificacion de deficiencias 0 excesos nutricionales, ya que la savia es
capaz de mostrar valores muy diferentes entre una nutricion por exceso, 6ptima o
deficiente. Ademas, la concentracion de los nutrientes en savia se ve afectada de
forma casi instantanea por las aplicaciones de fertilizantes, como también por una
serie de factores que incluyen la edad de la planta, la posicion de la hoja, las
condiciones climéticas previas al muestreo, las interferencias ionicas, las practicas
de abonado y la concentracion de nitrato en planta, el cual puede también fluctuar a
lo largo del dia. Todos estos factores se deben caracterizar antes de establecer guias
para interpretar los datos cuando se utiliza la savia para el diagndstico nutricional.

Anélisis de flores y frutos

Otros 6rganos utilizados son las flores (Pestana et al. 2001) y los frutos (Lacertosa,
2001). Para este andlisis aln no existen valores de referencia establecidos, ni
consenso sobre cual es la preferencia por uno de esos érganos (flores o frutos) como
base mas adecuada para la correccién de un analisis nutricional (Menino, 2012). Por
ello, son actualmente poco utilizados.

3.2.2. Métodos de analisis de la iondmica

Para cuantificar la concentracién de nutrientes mediante analisis de ion6mica, la
primera fase es extraer los elementos o nutrientes de la muestra. La digestion acida
es uno de los métodos tradicionales mas utilizado para este proceso (Valdés, 2018)
y se puede realizar de dos formas.

a) Digestion o mineralizacion por via himeda, donde se mezcla el material vegetal
con &cido sulfarico, o con una combinacién de acidos nitrico y perclérico. En las
muestras digeridas con &cido sulfdrico se determina el N total. En las muestras
digeridas con la mezcla de &cidos se analiza K, Ca, Mg, S, Na y micronutrientes.

b) Digestion por via seca o cenizas. Este método se utiliza para analizar bases (K,
Mg, Ca, Na) y P. La muestra seca y molida se incinera a cenizas mediante altas
temperaturas en una mufla y luego se disuelven en acido clorhidrico. Por medio
de esta metodologia no se pueden analizar elementos volatiles (N, S, B).

En una segunda fase, la cuantificacion o anélisis de la concentracion de los nutrientes
se realiza mediante técnicas instrumentales de analisis (De La Calle et al. 2013;
Martinez et al. 2008).
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Analisis de espectroscopia de absorcion atomica (AAS)

Esta técnica mide la radiacion electromagnética absorbida o emitida por &tomos
libres del elemento de interés, cuando sus electrodos experimentan transiciones entre
niveles de energia atdbmica. Durante este analisis, el &tomo del elemento o nutriente
a cuantificar absorbe la energia en forma de fotones, provocando que sus electrones
se promuevan a un estado excitado (Herrera, 2013).

Espectrometria de masas con fuente de plasma de acoplamiento inductivo (ICP-
MS)

La espectrometria de masas con fuente plasma de acoplamiento inductivo (ICP-MS),
es una técnica de analisis inorganico elemental e isotépico capaz de determinar y
cuantificar la mayoria de los elementos de la tabla periddica. EI ICP-MS realiza un
analisis simultaneo de los elementos en tiempo real, ademas de poder llevar a cabo
la determinacion de uno o varios elementos a la vez que provee la composicion de
la muestra analizada. Por una parte, obtiene una matriz libre de interferencias debido
a la eficiencia de ionizacion del plasma de argon. Su principal ventaja son sus bajos
limites de deteccidn lo que la hace ideal para el analisis de elementos traza (Matsuoka
et al. 2019; Pepi et al. 2016).

Método de electrodo selectivo de iones (ISE)

Los electrodos selectivos de iones (ISE) son sensibles a la concentracion de un ion
especifico presente en la muestra. Se utilizan junto con un electrodo de referencia
para medir la concentracion de los iones (Rosenberg et al. 2018). Los ISE pueden
medir una amplia gama de iones, lo que permite la deteccion multiplexada de iones
en un analisis. Los ISE se construyen con un electrodo de entrada y un electrodo de
referencia llenos de soluciones electroliticas. Los iones objetivo que se miden con
mayor frecuencia en las pruebas son: nitrato, fosfato, potasio, magnesio y
micronutrientes como cobre y zinc (Cho et al. 2019).

Andlisis por inyeccion en flujo (FIA)

El andlisis por inyeccion en flujo (Flow Injection Analysis, FIA) es una modalidad
avanzada de analisis en flujo continto desarrollado para el analisis automatizado de
muestras. El FIA consiste en un analizador de flujo continuo en el que se introducen
las muestras de forma secuencial en intervalos regulares en una corriente liquida que
las transporta a un detector (Zagatto & Rocha, 2020).
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3.2.3. Herramientas para la interpretacion del analisis foliar

El resultado del diagndstico se utiliza para evaluar el estado nutricional de los
cultivos. Un mismo diagnostico puede resultar en un estado diferente dependiendo
de las caracteristicas del cultivo o la parcela. Existen diferentes herramientas para
evaluar el estado nutricional de los cultivos, como el nivel critico o rango adecuado
o el sistema integrado de diagndstico y recomendacion o DRIS (por sus siglas en
inglés) (de Mello Prado & Rozane, 2020).

Nivel critico

Se define el nivel critico como el contenido de un elemento nutritivo en un tejido
vegetal, por debajo del cual se afecta el crecimiento del cultivo (Gregoire & Fisher,
2004). El diagnostico foliar, basado en el nivel critico, es uno de los criterios mas
difundidos de interpretacion del andlisis de plantas y requiere valores de
concentracion de nutrientes como estandar u 6ptimo para un determinado nutriente,
estado fenoldgico y 6rgano establecido (Bates, 1971). Concretamente, el valor
Optimo o critico para cada elemento es aquel con el cual se obtiene el 90 % del
rendimiento relativo méximo y se compara con el valor determinado en la muestra a
diagnosticar (Gregoire & Fisher, 2004). Las calibraciones de niveles criticos
consideran, como tal, a la concentracion minima del nutriente con la que se logra 90
a 95 % del rendimiento maximo. Una de las desventajas del criterio de niveles
criticos radica en que estos valores pueden variar entre un 25 % o mas en funcion de
diferentes condiciones (estado fenoldgico u 6rgano muestreado) (Lucena, 2002;
Reussi Calvo, 2015).

Rango de suficiencia

El rango de suficiencia se define como el rango de concentracion entre el nivel critico
y una concentracion en exceso que da lugar a una toxicidad (de Mello Prado &
Rozane, 2020). Los rangos se clasifican en: exceso, alto, 6ptimo, bajo y deficiente.
A cada una de estas categorias corresponde un rango de suficiencia. Esta herramienta
se basa en que los valores foliares se deben de encontrar dentro del rango de
suficiencia, para no ser limitante del rendimiento del cultivo (Amissah et al. 2023).
Cuando el valor critico para un nutriente se determina, este suele constituir el limite
inferior del rango de suficiencia (Barker, 2015), mientras que el limite superior se
sitia en un valor correspondiente a un valor alto o toxico (Sumner, 1979). Los
criterios anteriores (nivel critico y rangos de suficiencia), dependen del estado
fisioloégico del muestreo y, por otra parte, no consideran interacciones entre los
nutrientes (Torri, 2015).
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Sistema integrado de recomendacién (DRIS)

El DRIS es el método més utilizado para el diagnostico nutricional mediante el
analisis de tejido (Morales et al. 2022). Esta compuesto de un conjunto de normas
gue hacen el diagnéstico mas completo, clasificando en orden de importancia los
elementos que requiere la planta, tomando en cuenta la interaccién entre nutrientes
y detectando deficiencias y excesos relativos a la planta en cualquier etapa de
desarrollo, enfatizando la importancia del balance de nutrientes (Oliveira et al.
2020).

Un DRIS expone los resultados del diagnéstico nutricional de las plantas mediante
indices, que se expresan por valores positivos o negativos que indican si el nutriente
referido se encuentra en exceso o deficiencia. Cuanto més cercanos a cero sean los
indices de todos los nutrientes, mas cerca estara la planta del equilibrio nutricional
adecuado (Bhaduri, 2013). Los indices negativos indican deficiencias relativas,
mientras que los positivos, excesos respecto a los nutrientes considerados en el
diagnostico (Landriscini, 2001).

3.3. Métodos dpticos para el diagnédstico nutricional en las plantas

Los métodos de laboratorio destructivos descritos son lentos y con un alto coste, que
muchas veces el agricultor no esta dispuesto a pagar. Ademas, la representatividad
del diagnostico depende, en gran medida, de un disefio de muestreo adecuado, ya
que el nimero de muestras que se realizan es reducido por la complejidad y al coste
de los analisis (Malmir et al. 2020a). Como alternativa, se presentan los métodos de
diagnostico basados en las propiedades Opticas de las plantas. Dicho de otro modo,
en la interaccion de las radiacidn electromagnética con los tejidos de la planta.

El espectro electromagnético estd constituido por el conjunto de radiaciones
electromagnéticas que se propagan a través del espacio en forma de ondas. Estas
radiaciones se pueden representar en funcion de la longitud de esas ondas, que es
una magnitud inversamente proporcional a la frecuencia y que define la distancia
entre dos picos consecutivos de la onda (Fontal, 2005). EI espectro, se organiza en
diferentes regiones que cubren un intervalo continuo de longitudes de onda o
frecuencias. En la figura 5, se muestran las diferentes regiones del espectro
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electromagnético.

- = -
< = <

00T
20T
0T
501
0T
10T
60T

- - P
: ] <

S ) >
= il - = [ i = !
Radio Microondas TR NIR uv rayos X Gamma - Y

SWIR

e \/\/\/\/\/\/\/\/\/\/\N\[\M]\NWW

I
-
S
&=

w ot —
wu T |
vyt
y1o-

I
1)
S
=]
3

W 000T —|
W 00T —|
w
wo o1 —
w1 —|
ww T
wri 0001

Visible

| | | |
~ -3 vl s
S S = S
S S S S
= s 3 S
3 3 3 3

Figura 5. Espectro electromagnético (adaptada de Teledeteccion para Agricultura,
https://www.juntadeandalucia.es/agriculturaypesca/ifapa/servifapa/registro-servifapa/bdac6055-
21a9-4dd7-8cha-06a3e9d67873).

La region visible abarca el rango de 400 a 700 nm (Asner, 1998). Los pigmentos,
absorben energia en esta region, por lo que las propiedades de absorcion se pueden
utilizar en la determinacion de los pigmentos foliares (Li et al. 2019). Como se ha
detallado, algunos nutrientes estan fuertemente relacionados con la clorofila, por lo
que las carencias o excesos nutricionales ocasionan sintomas visuales en las plantas.
Los més frecuentes estan relacionados con manchas o decoloraciones formando
patrones caracteristicos. Estas decoloraciones se producen por alteraciones en los
pigmentos, como la clorofila. Por otro lado, la region NIR, que comprende desde
700 a 2500 nm, esté relacionada con la estructura interna de la hoja y se caracteriza
por tener una fuerte absorcion de agua (Petisco et al. 2005). Una fertilizacion
deficiente o excesiva de nutrientes relacionados con la estructura celular del tejido
puede causar deformaciones.

Por ello, una alternativa mas rapida y de menor coste es el uso de sensores Opticos
gue son capaces de determinar la concentracién de algunos nutrientes a través de la
medicion de propiedades dpticas de las plantas (reflectancia, absorbancia y
transmitancia) en los rangos visible y NIR (Ollinger, 2011). Los métodos Opticos
podrian detectar estas carencias antes de que ocasionaran sintomas visibles en la
planta, identificando los nutrientes afectados. Sin embargo, es importante tener en
cuenta que muchos de estos sintomas parecen similares y es comun que las plantas
experimenten una combinacion de deficiencias de varios nutrientes
simultdneamente.
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Los sensores utilizados para este fin, como las camaras de color, multiespectrales,
hiperespectrales y térmicas, pueden medir la energia electromagnética emitida,
reflejada o absorbida por las plantas a diferentes longitudes de onda. La reflectancia
medida estad influenciada por varios componentes, bioquimicos estructurales y
foliares de las plantas, como el area foliar, el contenido de agua, la concentracion de
clorofila y nitrégeno, y otros pigmentos (Asner, 1998). Los pigmentos de las hojas
(principalmente clorofila, caroteno y xantofila) son un factor esencial en la absorcion
de energia visible en la regidn de 400 a 700 nm. Las plantas sanas absorben la energia
en longitudes de onda principalmente relacionadas con los picos de absorcion de la
clorofila (450 nm y 650 nm), mientras que el nivel de absorcidn en la region de 530
a 600 nm es menor (Arnon, 1971). Este hecho es el responsable de la percepcion del
color verde en las hojas (figura 6). A partir de 700 nm se observa una transicion en
la zona de absorcion de clorofila con el aumento progresivo del valor del espectro
hasta las bandas de 740-750 nm. Este fuerte aumento en la curva entre la regién roja
y la NIR se conoce como borde rojo.

A menudo, las plantas sanas y aguellas con exceso o deficiencia de nutrientes, tienen
diferentes firmas espectrales, 1o que permite la deteccion de los efectos fisioldgicos
y bioquimicos de estas anomalias. La figura 7 muestra el espectro tipico de una
vegetacion sana, junto con los picos de absorcion mas importantes. Las alteraciones
causadas por desequilibrios nutricionales influyen en la absorcién de la energia por
los pigmentos, afectando a regiones del visible.

VISIBLE NIR GREEN NIR

HAZ
EPIDERMIS

ESTOMA PARENQUIMA = FLOEMA

LAGUNAR

Figura 6. Estructura interna de la hoja.

Por otra parte, las deformaciones relacionadas con la estructura celular pueden
afectar a la region del NIR. Ademas, la pendiente del espectro y la posicion del borde
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rojo (zona entre el visible y el NIR) se han correlacionado con las concentraciones
de clorofilayy, por lo tanto, la posicion y la pendiente del borde rojo también cambian
en las hojas dafiadas porgue las sanas contintan teniendo la fotosintesis activa (Rock
et al. 1986).

Espectro tipico de la vegetacion
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Figura 7. Comportamiento espectral de la vegetacion, adaptada de (Hoffer, 1978).

Los sensores dpticos pueden proporcionar una alternativa eficaz para el analisis
nutricional de las plantas, de forma no invasiva y no destructiva (Shi et al. 2019).
Con el desarrollo y la mejora de las técnicas empleadas en los medidores de clorofila
y el empleo de técnicas de espectroscopia Vis-NIR, se ha vuelto factible el uso de
esta tecnologia para determinar varios componentes bioquimicos de plantas de
manera rapida (Luo, 2011; Stenberg et al. 2005). A continuacién, se describen
diferentes sensores para la medicion o estimacion de nutrientes.

3.3.1. Medidores de clorofila

Los medidores de clorofila son dispositivos portatiles que miden la concentracion de
la clorofila en las hojas. La clorofila es un compuesto que estd fuertemente
relacionado con la concentracion de N de la hoja (Schepers et al. 1996). Uno de los
medidores mas empleados es el Konica Minolta, modelo SPAD-502 (Konica
Minolta Sensing, Inc. Sakai, Osaka, Japon) que mide en dos longitudes de onda de
radiacion a través de las hojas de las plantas: el rojo a aproximadamente 650 nm, e
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infrarrojo cercano (NIR) a aproximadamente 940 nm (Parry et al. 2014). Entre sus
ventajas se destaca su sencilla movilidad a campo y precio accesible. Estudios
previos han utilizado estos medidores para diagnosticar la concentracion de N en
cultivos como tomate fresco (Padilla et al. 2015), melén (Padilla et al. 2014),
pimiento dulce (Parry et al. 2014), patata (Gianquinto et al. 2004; Olivier et al. 2006),
maiz (Dong et al. 2019), uvas (Callejas et al. 2013; Castafieda et al. 2018), y citricos
(Jifon et al. 2005).

3.3.2. Espectroscopia Vis-NIR

El principio de la espectroscopia para analizar vegetacion se basa en la deteccién de
los cambios bioguimicos, que resultan de la actividad fotosintética, la estructura
celular y la estabilidad de las variaciones de enlaces quimicos, y su influencia en el
comportamiento espectral las hojas (Ling et al. 2019). La espectroscopia engloba un
conjunto de herramientas de analisis que se basan en la interaccion de la radiacion
electromagnética con la materia. Esta radiacion es emitida, absorbida o reflejada por
atomos o moléculas (Walsh et al. 2020). La proporcion de radiacion incidente
reflejada por una muestra para distintas longitudes de onda se denomina reflectancia,
y puede ser difusa o especular. Por otra parte, la cantidad de radiacion que absorbe
una muestra (figura 8) se denomina absorbancia y la fraccion de radiacién incidente
que atraviesa una muestra para determinadas longitudes de onda se denomina
transmitancia (Diaz et al. 2010).

La espectroscopia Vis-NIR tiene numerosas ventajas frente a los anélisis
convencionales: es rapida, eficaz, no destructiva, de bajo coste, requiere tiempo
minimo de andlisis por muestra, es sencilla y es un método no dafiino al medio
ambiente e incluso es un procedimiento sustituto a los métodos clasicos de
laboratorio (Menesatti et al. 2010).
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Figura 8. Modos de adquisicion de espectros. Adaptada de (Shenk, 1992).

A la hora de obtener el espectro de las muestras, los equipos se deben calibrar para
evitar la influencia del espectro de emision de la luz empleada o de la propia
sensibilidad del equipo empleado. Esta calibracion se realiza corrigiendo la
reflectancia de la muestra frente a patrones de reflectancia conocida. Por otra parte,
los espectros se analizan mediante técnicas estadisticas multivariantes, normalmente
basadas en quimiometria, especialmente eficaces para el analisis de sefiales
espectrales (Cortés et al. 2017).

Los espectrdmetros empleados para obtener los espectros son dispositivos opticos
gue miden la intensidad de la luz en las diferentes longitudes de onda del rango
espectral de trabajo del equipo. Un espectrometro tipico consta de: a) Fuentes de luz,
comunmente de halégeno de tungsteno, deuterio, arcos de xenén, LED, argén de
mercurio, zinc o laser, b) rendija de entrada de la luz, desde 5 um hasta 800 um con
una altura de 1 a 2 mm c) espejos, planos o esféricos, para dispersar la luz en sus
longitudes de onda, d) detectores para recoger la intensidad de las diferentes
longitudes de onda, e) interfaz y software (Siesler, 2008). La ventaja de los
espectrometros dpticos es que son sencillos de utilizar y facilmente portables. Entre
sus limitaciones se pueden mencionar que sélo se puede tomar un punto espectral de
la muestra.

3.3.3. Sistema Hiperespectral (HSI)

Los sistemas de imagen hiperespectral capturan un gran nimero de imagenes
monocromaticas consecutivas de una misma escena a diferentes longitudes de onda,
permitiendo, el analisis simultaneo de la informacidon espacial y espectral. La firma
espectral que caracteriza un pixel se puede utilizar para obtener informacion sobre
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compuestos internos que pueden estar relacionados con la bioquimica de la muestra,
pero, a la vez, la informacion espacial permite diferencias en zonas de muestras
heterogéneas. Al estar formadas por una gran coleccion de imagenes, constituyen
una fuente de informacién mucho mas extensa que la proporcionada por una Unica
imagen monocromatica o una imagen RGB convencional. EI nimero de imégenes
depende de la resolucién espectral del sistema utilizado y se combinan formando un
cubo tridimensional en el que dos dimensiones son espaciales (pixeles) y la tercera
es el espectro de cada pixel (Lorente et al. 2012).

Los elementos esenciales de un sistema de imagen hiperespectral incluyen fuentes
de luz, dispositivos de seleccion de longitud de onda y detectores 6pticos de area
(Lorente et al. 2012). Dependiendo de la tecnologia utilizada, la seleccion de las
longitudes de onda se puede realizar dispersando la radiacion incidente en su
longitud de onda individual o bloqueando la radiacion de tal manera que solo la
longitud de onda deseada llegue al detector. Los méas utilizados suelen ser los
espectrografos de iméagenes, los filtros sintonizables de cristal liquido (LCTF) y, en
menor medida, los filtros sintonizables acustico-Opticos (AOTF). Algunos
dispositivos para adquirir imagenes hiperespectrales incluso comparten tecnologia
con la espectrometria, aunque no deben confundirse ambas técnicas. Las imagenes
hiperespectrales proporcionan informacion sobre la distribucion espectral y espacial
de la muestra, mientras que la espectroscopia proporciona informacién espectral
capturada en un punto particular de la muestra. Esto no indica que una tecnologia
sea mejor que otra, ya que esto depende de la heterogeneidad de la muestra y la
finalidad del estudio.

4. TECNICAS ESTADISTICAS

La elevada cantidad de informacion contenida en los espectros e imagenes
hiperespectrales requiere de una serie de estadisticas multivariantes para desarrollar
ecuaciones de calibracion que relacionen los datos espectrales con los pardmetros de
referencia medidos a través de un método estandar de laboratorio (Abdi, 2010). En
la actualidad, las técnicas mas empleadas para el anélisis de datos espectrales se han
agrupado bajo una disciplina denominada quimiometria (Walsh et al. 2020), que
aplica conocimientos matematicos, especialmente estadisticos, a procesos quimicos
para extraer de los datos experimentales la mayor cantidad posible de informacion y
extender el conocimiento del sistema quimico. En esta tesis se han utilizado técnicas
de quimiometria para preprocesar y analizar los datos, asi como para encontrar las
longitudes de onda mas importantes asociadas a cada problema estudiado. Por lo
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tanto, a continuacion se repasan sucintamente las técnicas y procesos mas usados en
la literatura cientifica para analizar la informacion espectral.

4.1. Pretratamientos

Para extraer informacién util, a partir de espectros, es muy importante que los datos
sean correctos, libres de interferencias debidas a los equipos de medida, a las
condiciones de adquisicion o a la presencia de datos andmalos. Estés interferencias
negativas se deben a ruido electromagnético del equipo, la deficiencia o dispersion
de la luz, las diferencias en la geometria de las muestras, etc. Cuando ocurren, es
necesario realizar pretratamientos con el objetivo de corregir las anomalias. Estos
pretratamientos consisten en transformaciones matematicas que se aplican antes de
cualquier otro tipo de analisis y tratan de anular o reducir fuentes de variabilidad en
la sefial. Dependiendo de la anomalia a corregir, se deben emplear diferentes
técnicas. Los pretratamientos tradicionalmente utilizados son: deteccion de valores
atipicos, centrado medio y escalado, suavizado, correccion de linea base, derivacion
(D1, D2), correccion multiplicativa del efecto de dispersion (MSC) y variable normal
standard (SNV) (Naes, 2002).

4.1.1. Deteccidn y eliminacién de valores atipicos

Por definicion, un valor atipico (outlier) es un valor extremadamente alto o bajo en
comparacién con el resto de los valores de la muestra. Los valores atipicos son
facilmente reconocibles por un crecimiento en la distancia y en el residuo espectral
y causan importantes problemas en la modelizacién, ya que afectan a la estimacion
de los parametros del modelo y, en consecuencia, alteran los tamafios de los
intervalos de prediccion, que estan directamente relacionados con la varianza
(Everitt, 1991).

4.1.2. Centrado y autoescalado

El centrado y autoescalado de los espectros asegura que el modelo resultante sea
interpretado en términos de variacion alrededor de la media, de forma que todas las
variables tengan la misma influencia en el célculo (Nicolar et al. 2007). El centrado
resta el valor medio ({k) de cada variable k (longitud de onda) del conjunto de
calibracion al valor (X;;) de cada observacion i. De esta forma, todas las
observaciones se convierten en relativas al promedio mediante la ecuacion (1).

k=X —Xx (1)
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El autoescalado divide los valores centrados por la desviacion estandar, de forma

gue la varianza sera igual a 1 (ecuacion 2).

KXik—=Xk
k== @

Este método, se suele utilizar porque facilita detectar las diferencias entre las
observaciones en términos de la concentracién y la respuesta espectral, lo cual
proporciona una mayor exactitud en las predicciones (Moros et al. 2010).

4.1.3. Suavizado

El suavizado es necesario aplicarlo cuando la relacion sefial/ruido es relativamente
pequefia y aparece un espectro irregular, especialmente cuando el promediado de
espectros no es suficiente para corregir este efecto (Agelet et al. 2010). En estos
casos existen algunos algoritmos matematicos que, aplicados al espectro, reducen el
ruido suavizando la sefial (Cozzolino et al. 2011). El método de suavizado mas
habitual es el basado en filtros de Savitzky-Golay (SG) (Savitzky et al. 1964). El
método clasico de SG es una funcion de suavizado que ajusta un polinomio de orden
a cada punto de la sefial y a sus k vecinos.

4.1.4. Correccién de linea base

La correccion de la linea base corrige determinadas tendencias que aportan ruido a
la sefial. Segun el efecto que se desea conseguir, hay distintos tipos de correccion de
la linea base. Uno de los mas utilizados es el llamado ajuste de linea base DeTrending
(DT), que ajusta el espectro original a una funcion cuadratica, sustrayéndola
posteriormente del espectro original, eliminando la caracteristica curvatura
ascendente a medida que aumenta la longitud de onda (Rinnan et al. 2009).

4.1.5. Derivadas

Las derivadas espectrales sirven para eliminar la deriva constante de la linea de base
y resolver el solapamiento de picos en los espectros (Brown, 2000). La 1D y 2D
mantienen la suavidad de los datos espectrales que desvian la sefial de los datos. Por
tanto, las ventajas de utilizar métodos de derivadas son su capacidad para separar
dos 0 mas componentes en los espectros y eliminar las interferencias de los
elementos de las bandas anchas (Brown, 2000). A una mayor relacién sefial/ruido
podria proporcionar una mejor calidad de la sefial en el analisis de datos, ya que
indica un mayor nivel de sefial en comparacion con el nivel de ruido.
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4.1.6. Normalizacién

La normalizacion es una familia de transformaciones en la cual se obtienen todos los
datos aproximadamente en la misma escala. Estos pretratamientos eliminan
compensaciones de la linea base y variaciones en la intensidad (Teixeira Dos Santos
et al. 2013). Las transformaciones mas utilizadas son: correccion multiplicativa de
la dispersion (MSC) y variante normal estdndar (SNV). MSC elimina cualquier
efecto indeseable de dispersion antes de modelar los datos. Su principal
inconveniente es que, si el conjunto de espectros originales es modificado, el
espectro de referencia cambia, por lo que los parametros de la recta obtenida se deben
recalcular de nuevo (Rinnan et al. 2009). Por otro lado, SNV se utiliza con frecuencia
para corregir los datos espectrales, como también corregir los efectos lineales y
aditivos de los espectros medidos mediante el calculo de la media y la desviacion
estandar (Barnes et al. 1989). A diferencia de MSC, SNV se aplica individualmente
a cada espectro, sin depender de ningun espectro de referencia (Dhanoa et al. 1994).

4.1.7. Reduccién de la dimensionalidad

La reduccion de dimensionalidad tiene como objetivo eliminar caracteristicas
redundantes, asi como datos irrelevantes, para mejorar la precisiéon de los modelos y
reducir el tiempo de entrenamiento (Velliangiri et al. 2019). Las técnicas utilizadas
se pueden dividir en métodos de seleccion y métodos de extraccion de caracteristicas
(Khalid et al. 2014). La eleccion de la técnica mas adecuada depende de las
caracteristicas especificas de los datos, el objetivo del andlisis y los recursos
computacionales disponibles. Los métodos de seleccion tienen como objetivo elegir
un subconjunto de las caracteristicas mas influyentes del conjunto de variables
originales, mientras que los métodos de extraccion transforman los datos originales
en un espacio de menor dimensionalidad, que mantiene la informacion mas
importante. En este trabajo, uno de los objetivos principales es obtener subconjuntos
de longitudes de onda relacionadas con la concentracion de nutrientes, por lo que se
ha utilizado la seleccion de caracteristicas. Entre los métodos mas utilizados de
seleccion de caracteristicas en datos espectrales, los siguientes:

Informacion mutua (IM): método que mide cuanto nos dice una variable aleatoria
sobre otra. Es una cantidad adimensional, generalmente con unidades de bits, y se
puede considerar como un indicador para medir la correlacién entre dos variables
aleatorias. Una IM elevada indica una mayor correlacion mientras que el caso
contrario, significa que las variables son independientes. De esta forma, es posible
seleccionar aquellas variables con mayor correlacion y menor redundancia con la
variable bajo estudio (Cover, 1991).
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Variable de importancia en la proyeccion (VIP): uno de los métodos de seleccion
de variables més populares en la actualidad es el método de proyeccion de
importancia de las variables en PLS como medida de la influencia de cada una en la
proyeccion. Las puntuaciones VIP (VIP scores) son (tiles para conocer las variables
predictivas del espacio X que mejor explican la varianza, seleccionando aguellas
variables que méas contribuyen a la variacion subyacente en las variables X (Chong
et al. 2005; Mehmood et al. 2012).

Vector de coeficiente ponderado (BW): cada longitud de onda tiene un peso, en
donde los datos espectrales se ajustan a una misma escala, en el cual el BW indica
la importancia relativa de las bandas en relacion con el peso y el de mayor peso,
indica mayor influencia relativa para esa muestra (Mehmood et al. 2012).

Algoritmo de proyecciones sucesivas (SPA): es un método de seleccion de
variables que emplea operaciones de proyeccion simples sobre longitudes de onda
para seleccionar subconjuntos de variables con minima redundancia y colinealidad
(Araujo et al. 2001). SPA selecciona aleatoriamente una variable inicial y la proyecta
sobre las variables restantes.

4.2. Métodos de exploracion

Los métodos de exploracion de datos son generalmente aplicados en primer lugar
para tener una imagen visual global de la distribucion de las muestras, observar
agrupamientos, relacionar aquellas de similar procedencia y ayudar en la seleccion
de los métodos apropiados para su tratamiento. Entre los mas utilizados, destacan el
analisis de componentes principales (PCA), el analisis jerarquico de grupos (HCA)
y el anélisis de componentes independientes (ICA).

Analisis de componentes principales (PCA): es un método para el analisis
exploratorio de datos que considera todas las variables y ordena la estructura total de
datos (Varmuza, 2009). Es un algoritmo de “machine learning” no supervisado que
reduce el conjunto original de variables que forman un conjunto de datos en un
menor numero de variables relacionadas entre si e identificando sus caracteristicas
fundamentales conocidas como componentes principales. Estos componentes
principales son combinaciones lineales de las variables originales que retienen la
informacion clave y maximizan la explicacion de la varianza en todas las variables,
lo que lo convierte en un método muy usado de reduccion de la dimensionalidad
(Jolliffe & Cadima, 2016; Zhang et al. 2018).

Anélisis jerarquico de grupos (HCA): identifica grupos relativamente
homogéneos de casos (0 de variables) mediante un algoritmo que comienza con cada
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variable en un clUster diferente y combina los clUsteres hasta que s6lo queda uno. El
objetivo es obtener grupos de objetos de forma que, por un lado, los objetos
pertenecientes a un mismo grupo sean muy semejantes entre si, y por el otro, los
objetos pertenecientes a grupos diferentes tengan un comportamiento distinto entre
si con respecto a las variables analizadas (Beebe, 1998).

Analisis de componentes independientes (ICA): es una generalizacion del PCA.
En ambos casos se realiza una transformacion lineal de los datos originales, aunque
la diferencia bésica es que ICA no requiere que las variables originales tengan una
distribucion gaussiana (si la curva representa una distribucion de probabilidad, se
debe cumplir que el area entre ellay el eje de las x debe ser 1) (Hyvarinen, 2001). El
modelo ICA representa un nimero de variables aleatorias observadas como una
combinacion lineal de n variables ocultas, y asume la independencia estadistica de
estas Ultimas, denominadas componentes independientes (CI). Asi pues, los
algoritmos ICA hallaran las Cl, asi como los coeficientes de su combinacién lineal,
partiendo Unicamente de las observaciones disponibles. ICA puede utilizarse para
investigar la estructura de los datos cuando no se dispone de hip6tesis adecuadas, 0
éstas se consideran demasiado restringidas.

4.3. Métodos de regresion

La regresion es un enfoque estadistico que busca establecer la intensidad y la
naturaleza de la relacién entre una variable dependiente (cominmente representada
como Y) y un conjunto de otras variables (llamadas variables independientes,
normalmente presentadas como X). Entre los mas utilizados destacan la regresién
lineal mdltiple (MLR), la regresion por componentes principales (PCR) y la
regresién por minimos cuadrados parciales (PLS-R) que es el método que se ha
utilizado principalmente en esta tesis.

Regresion lineal multiple (MLR): la regresion lineal multiple ajusta modelos
lineales entre las variables independiente (explicativas) y la variable dependiente
(respuesta). EI modelo crea una relacion en forma de linea recta (lineal) que se
aproxima mejor a todos los puntos de datos individuales (Torkashvand et al. 2017).
En este modelo méas de una variable tiene influencia o esta correlacionada con el
valor de una tercera variable. La funcion se define a continuacion:

y] :bO + blxlj +b2x2]’+"' +u]

donde y es la variable dependiente, x las variables independientes, u los residuos y b
representa los coeficientes estimados del efecto marginal entre cada x e y.
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Regresion por componentes principales (PCR): es un método que combina la
regresion de minimos cuadrados con el andlisis de componentes principales. Es un
método que, en lugar de utilizar todas las caracteristicas originales para la regresion,
s6lo se utiliza un subconjunto de los componentes principales. A través del PCA, se
puede construir la ecuacion de regresidn con un conjunto de componentes principales
no correlacionados y se obtiene mediante la mejor ecuacion segin el maximo R?2y
el minimo error de estimacion (RMSE) (Keithley et al. 2009; Liu et al. 2014).

Regresion por minimos cuadrados parciales (PLS-R): es una técnica que reduce
los predictores a un conjunto méas pequefio de componentes no correlacionados y
realiza una regresion de minimos cuadrados en estos componentes, en lugar de en
los datos originales (Boulesteix & Strimmer, 2006). PLS-R es especialmente util
cuando los predictores son altamente colineales, o cuando se tiene mas predictores
gue observaciones. Una aplicacion comin es modelar la relacién entre mediciones
espectrales, que incluyen muchas variables espectrales que a menudo estan
correlacionadas entre si, y la composicion quimica u otras propiedades
fisicoquimicas.

4.4. Métodos de clasificacion
4.4.1. Supervisados

Los modelos de aprendizaje supervisado abarcan una amplia gama de algoritmos y
técnicas que se utilizan para resolver problemas de clasificacién y regresion
(Alpaydin, 2020). El aprendizaje supervisado abarca aquellas técnicas que permiten
deducir una funcion a partir de datos previamente conocidos. La salida de la funcién
puede ser un valor numérico (regresién) o una etiqueta de clase (clasificacién),
obtenida mediante a partir del entrenamiento de un modelo partiendo de los datos de
partida y el conocimiento que se tiene sobre ellos. Estos modelos varian en
complejidad, interpretabilidad y rendimiento, y es esencial compararlos para
seleccionar el modelo mas adecuado para un problema especifico. Los métodos de
clasificacion supervisados mas utilizados son: analisis discriminante lineal, software
de analisis de modelado independiente de analogias de clases (SIMCA), analisis
discriminantes de minimo de cuadrados parciales, maquinas de vectores de soporte,
vecino mas cercano, random forest (RF) y redes neuronales (ANN).

Analisis Discriminante Lineal (LDA): es unatécnica de aprendizaje para clasificar
datos. Como su nombre lo indica, el analisis discriminante ayuda a identificar las
caracteristicas que discriminan a dos 0 méas grupos y crea funciones de probabilidad
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capaces de distinguir con la mayor precision posible a los miembros de un grupo u
otro (Henry et al. 2023).

Modelado independiente de analogias de clases (SIMCA): es un método de
reconocimiento de modelos cuyo objetivo es encontrar la semejanza entre las
muestras que pertenecen a un mismo conjunto y emplea las puntuaciones
determinadas mediante PCA para el calculo de las distancias entre los objetos (Otto,
2016).

Maquinas de vectores de soporte (SVM): es un clasificador que tiene el objetivo
de encontrar un hiperplano lineal que separe dos poblaciones de datos, con el margen
mas amplio entre ellas. EI margen del limite de decision debe ser el maximo y se
calcula como la distancia entre estos dos hiperplanos (Cervantes et al. 2015).

Clasificacion mediante el vecino mas cercano (k-NN): es un algoritmo de
clasificacién que se basa en la asignacion de una medida de distancia (la euclidea),
entre la muestra a clasificar y sus k muestras mas cercanas (vecinos). La muestra se
clasifica atendiendo a la clase de la mayoria de esos vecinos (Moujahid, 2019).

Random Forest (RF): crea muchos arboles de decision sobre un conjunto de datos
de entrenamiento (Breiman, 2001). La finalidad es obtener un modelo mas fuerte o
robusto en comparacién con los resultados de cada arbol obtenido por separado
(Espinosa, 2020). Entre sus caracteristicas se puede mencionar que es un modelo
simple de entrenar con un desempefio muy eficiente y que maneja cientos de
predictores, logrando determinar los predictores mas importantes, lo que permite, a
su vez, reducir la dimensionalidad (Canovas-Garcia et al. 2017).

Las redes neuronales artificiales (ANN): consisten en multiples capas de neuronas,
gue contienen una capa de entrada, una o varias capas ocultas y una capa de salida,
conectadas entre si, para transmitir sefiales (Haykin, 2009). Las ANN presentan
caracteristicas propias del cerebro humano, en donde se procesa la informacion con
la facultad de aprender y crear nuevas situaciones en procesos de entrenamiento
(Olabe, 1998; Rojas, 1996). Las ANN tienen una gran capacidad para aprender
caracteristicas de alto nivel y adaptarse a problemas no lineales, pero pueden ser
dificiles de entrenar y de interpretar debido a su estructura de "caja negra". Ademas,
suelen requerir una gran cantidad de datos y recursos computacionales para su
entrenamiento, lo que puede limitar su aplicabilidad en algunos escenarios
(Goodfellow et al. 2016).
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4.4.2. No supervisados

El aprendizaje no supervisado se caracteriza por no requerir un entrenamiento, ni un
conocimiento previo de los datos. Es decir, realiza su trabajo directamente con los
datos a su disposicion. Estos algoritmos operan con datos no etiquetados y su
objetivo es la exploracion, intentando encontrar patrones existentes pero
desconocidos en los datos. A continuacién, se describen algunos de los algoritmos
no supervisados como como el k-medias y el de agrupamientos jerarquicos.

Algoritmo k-medias: separa los datos en distintos clusteres. El agrupamiento se
realiza minimizando la suma de distancias entre cada objeto y el centroide de su
grupo o cluster, siendo k el namero de clUsteres deseados. Los datos se agrupan de
tal manera que los puntos en el mismo clister sean mas similares entre si,
acercandose mas al centroide de ese grupo, que a los centroides de los otros grupos
(Kodinariya, 2013). El objetivo de este método de agrupamiento es agrupar
observaciones similares para descubrir patrones que a simple vista se desconocen.

Agrupamientos jerarquicos: es una técnica que permite construir estructuras de
arbol a partir de similitudes de datos, basandose en la distancia entre cada uno y
buscando que los datos dentro de un clUster sean los méas similares entre si. Para la
realizacion de esta jerarquia de grupos se utiliza un dendrograma (Berzal, 2017;
Villardon, 2007).

4.4.3. Métricas mas utilizadas para evaluar la robustez de los modelos

Las métricas relacionadas con el analisis de regresion que se emplean con mas
frecuencia son el error absoluto medio (MAE), el error cuadratico medio (MSE), la
raiz del error cuadratico medio (RMSE), el coeficiente de determinacion (R?),
diferencia de porcentaje relativa (RPD) (Hyndman et al. 2006). El MAE es la media
de los valores absolutos de los errores entre las predicciones y los valores
observados. Es una medida fcil de interpretar y menos sensible a los valores atipicos
que otras métricas. EI MSE es la media de los errores al cuadrado entre las
predicciones y los valores observados. Es mas sensible a los valores atipicos que el
MAE. El RMSE es la raiz cuadrada del MSE. Es una métrica que se encuentra en la
misma escala que los datos originales y por lo tanto es util para comparar el
rendimiento de diferentes modelos.

El coeficiente de determinacién, también conocido como R?, es una medida que
indica la proporcion de la varianza en la variable dependiente que es predecible a
partir de las variables independientes. R? varia entre 0 y 1, donde un valor cercano a
1 indica que el modelo explica una gran proporcién de la variabilidad en los datos,
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mientras que un valor cercano a 0 sugiere que el modelo no explica adecuadamente
la variabilidad (Nagelkerke, 1991). EI RPD (Desviacion residual predictiva), es otra
medida del rendimiento que se define como la relacion entre la desviacion estandar
de la variable respuesta y el RMSEP. Valores de RPD por debajo de 3 corresponden
a ecuaciones poco confiables para propoésitos de prediccion y para valores de 3-5 la
calidad de la ecuacion es aceptable, valores superiores a 5 indican una muy buena
ecuacion para fines de prediccion.

5. IMPORTANCIA ECONOMICA DE LOS CULTIVOS

Este trabajo se ha realizado en dos cultivos de interés en la Comunidad Valenciana.
En citricos, cultivo emblemaético del este peninsular, concretamente en mandarinas
cv. 'clementina de Nules' y en caqui cv. 'Rojo Brillante', cultivo clave de la Ribera
del Xuquer.

5.1. Cultivo de caqui (Diospyros kaki) cv. '‘Rojo Brillante’

El caqui se encuentra muy extendido en el &rea mediterranea donde las condiciones
agroclimaticas le son muy favorables. A nivel global, Asia es el principal productor
de caquis siendo China, Corea del Sur y Japon los principales productores con 2,10,
0,30y 0,25 Mt, respectivamente, que suponen casi el 75 % de la produccién mundial.
Espafia es actualmente el segundo productor mundial, con el 10,4 % del volumen
total de caqui producido y el principal pais europeo en superficie cultivada con
18,601 ha y en produccion con 0,42 Mt (FAOSTAT, 2021). Cerca del 85 % de la
superficie nacional dedicada a este cultivo se concentra en la Comunitat Valenciana,
donde el cultivo estd mayoritariamente basado en la variedad astringente 'Rojo
Brillante' (figura 9).

La Ribera del Xaquer es el tnico lugar del mundo donde se cultiva el caqui, bajo la
marca comercial “Persimon”, propiedad de la Denominacién de Origen Kaki Ribera
del Xuquer. En 1996 se creo el Consejo Regulador de la Denominacién de Origen
(CRDO) "Kaki Ribera del Xuquer", cuya misién principal es garantizar la calidad de
la produccién. En la actualidad, la produccion de Persimon en la Ribera del Xuquer
representa el 96 % de la produccion total en la Comunidad Valenciana y el 83 % de
la produccién espafiola.
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Figura 9. Produccién de caqui fresco en Espafia. Fuente adaptada de FAOSTAT (2021).

El valor de exportacién de esta fruta ha aumentado continuamente en Espafia,
alcanzando 244,2 millones de euros, y un volumen de 0,19 Mt de producto fresco
para la exportacién en el afio 2022 (MAPA, 2022). En los Gltimos 20 afios se ha
convertido en uno de los cultivos mas relevantes a nivel comercial, debido
fundamentalmente a la introduccion de métodos de desastringencia desarrollados en
el Instituto Valenciano de Investigaciones Agrarias (IVIA), que permitieron su
comercializacion como fruto no astringente con elevada firmeza. Sin embargo, las
Gltimas campafas de caqui se han visto afectadas por las sucesivas adversidades
climéaticas en primavera, su sistema de fertilizacion y los ataques de plagas y
enfermedades. Por lo cual, es recomendable establecer un sistema racional de
fertilizacion, que logre maximizar sus rendimientos haciendo un buen uso de
practicas agricolas.

5.2. Citricos: mandarinas cv. ‘clementina de Nules *

La produccion mundial de citricos se cifra en 152 Mt (MAPA, 2023). Espafia, con
una superficie de cultivo de citricos de mas de 300 mil ha, en 2022 y una produccion
media de 6,85 Mt en las campafias 2016 a 2020 (figura 10), se configura como el
primer pais productor de la UE con el 60 % y el sexto del mundo con el 5 % de la
produccidn. En cuanto a la exportacion citricola, Espafia es el principal exportador
mundial de citricos frescos, representando el 25 % del total mundial. Casi el 60 %
de la produccién citricola espafiola se destina al mercado exterior, siendo del 65 %
en el caso de los pequefios citricos y superando al 80 % en el pomelo (MAPA, 2022).
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La Comunidad Valenciana es la principal region citricola a nivel nacional con una
superficie dedicada a este cultivo de 154,157 ha, que suponen cerca del 60 % del
total nacional, segun la campafia 2022/2023. En pequefios citricos, la mandarina cv.
‘clementina de Nules ', es la variedad con una mayor produccién con 2,09 Mt en la
camparfia 2022-2023 (MAPA, 2023).

2021/2022 |

€ 202012021 |

i

@

o

£

S 2019/2020 |

(<5}

©

o

== 2018/2019 |

()

£

o

& 2017/2018 |
2016/2017 |

o
=
N

3 4 5
Millones de toneladas (Mt)

[e)]
~
o

Figura 10. Produccidn de citricos en Espafia. Fuente adaptada de MAPA (2022).
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Il. OBJETIVOS






2.1. Objetivo general

Desarrollo de métodos y modelos que permitan la estimacion de la concentracion
foliar de nutrientes para el diagndstico nutricional de plantaciones de citricos cv.
‘clementina de Nules' y caqui cv. 'Rojo Brillante' mediante mediciones dpticas no
destructivas en diferentes estados fenolégicos del cultivo.

2.2. Objetivos Especificos

Desarrollar modelos predictivos utilizando técnicas de quimiometria para
estimar el estado nutricional en cultivos de citricos y caquis a partir de datos
espectrales.

Estudiar el potencial de las imagenes hiperespectrales (500-980 nm) para
determinar la concentracién foliar de macro y micronutrientes en hojas de
citricos y caqui.

Estimar la concentracion de nutrientes en citricos y caquis mediante un
espectrometro (430-1040 nm), como herramienta de diagnéstico rapido para
el establecimiento de programas racionales de fertilizacion.

Estudiar la importancia de las imagenes hiperespectrales para la
discriminacion de hojas de diferentes ciclos vegetativos.

Predecir las bandas de mayor importancia para los nutrientes, utilizando
métodos de reduccion de variables.
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CAPITULO 1

Estimation of macro and micronutrients in persimmon
(Diospyros kaki L.) cv. '‘Rojo Brillante' leaves through Vis-NIR
reflectance spectroscopy
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Abstract: The nutritional diagnosis of crops is carried out through costly elemental analyses
of different plant organs, particularly leaves, in the laboratory. However, visible and near-
infrared (Vis-NIR) spectroscopy of unprocessed plant samples has a high potential as a faster,
non-destructive, environmental-friendly alternative to elemental analyses. In this work, the
potential of this technique to estimate the concentrations of macronutrients such as nitrogen
(N), phosphorus (P), potassium (K), calcium (Ca), and magnesium (Mg), and micronutrients
such as iron (Fe), manganese (Mn) and boron (B), in persimmon (Diospyros kaki L.) cv.
'Rojo Brillante' leaves has been investigated. Throughout the crop cycle, variable rates of N
and K were applied to obtain six nutritional status levels in persimmon trees in an
experimental orchard. Then, leaves were systematically sampled throughout the cropping
season from the different nutritional levels and spectral reflectance measurements were
acquired in the 430-1040 nm wavelength range. The concentrations of nutrients were
determined by inductively coupled plasma optical emission spectrometry (ICP-OES) for P,
K, Ca, Mg, Fe, Mn and B after microwave digestion, while the Kjeldahl method was used
for N. Then, partial least squares regression (PLS-R) was used to model the concentrations
of these nutrients from the reflectance measurements of the leaves. The model was calibrated
using 75 % of the samples, while the remaining 25 % were left as the independent test set for
external validation. The results of the test set indicated an acceptable validation for most of
the nutrients, with determination coefficients (R?) of 0.74 for N and P, 0.54 for K, 0.77 for
Ca, 0.60 for Mg, 0.39 for Fe, 0.69 for Mn and 0.83 for B. These findings support the potential
use of Vis-NIR spectrometric techniques as an alternative to conventional laboratory methods
for persimmon nutritional status diagnosis. However, more research is needed to know how
the models developed one year perform in ensuing years.
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1. Introduction

Persimmon (Diospyros kaki L.) cv. 'Rojo Brillante' is the most common variety
cultivated in Spain, with 95% of the Spanish production. The Valencian Community
cultivated around 429,000 tons of this fruit in 2021 under a Protected Designation of
Origin (PDO) certified by the Regulatory Council of PDO ‘Kaki Ribera del Xuquer’.
Additionally, for this variety Diagnosis and Recommendation Integrated System
(DRIS) norms and standardized tables for Nutritional Optimal Ranges (NOR) have
been established (Morales et al. 2022).

Accurately determining the nutritional status of plants in different phenological
stages is necessary to achieve adequate fertilization and to tailor fertilizer
applications to match their exact needs. A foliar analysis is the most suitable method
for assessing nutrient status because it provides precise information about the amount
of nutrients absorbed and assimilated by plants (Menino, 2012). Quantifying macro
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and micronutrients in leaves is essential for any farmer because they are the primary
organ of plant metabolism and the easiest to collect and analyse (Embleton &
Reuther, 1973; Gusewell, 2004). Nitrogen (N) is the nutrient that most significantly
affects the vegetative development of plants; it is a crucial element for the
physiological processes of plants and is required in large amounts (Bondada &
Oosterhuis, 2001). N deficiency leads to smaller leaves and noticeable yellowing.
Phosphorus (P) is essential for some macromolecules such as nucleic acids,
phospholipids and sugar phosphates used by plants to develop new roots, fruits, and
flowers (George et al. 2005; Raghothama & Karthikeyan, 2005). Potassium (K) is
the element that most influences production and is necessary for enzymatic reactions,
maintaining osmotic potential, and water uptake during plant development (Dong et
al. 2010). Calcium (Ca) is a secondary macronutrient that promotes the growth and
development of roots, driving the absorption of nutrients and water present in the
soil. Ca deficiency first appears on young leaves, showing a typical deformation and
chlorosis. The primary role of magnesium (Mg) is as a constituent of chlorophyill,
involved in the synthesis of carotenoids and xanthophylls. Mg deficiency is
characterized by chlorosis on the leaf borders. Micronutrients, such as iron (Fe),
manganese (Mn) and boron (B), are essential for plant growth and development as
they participate in numerous enzymatic and metabolic processes, as well as in the
synthesis of chlorophyll (Das & Avasthe, 2018).

The most appropriate method for determining the nutrient concentration in leaves is
through ionomic analysis, which provides important information about plant
nutritional status and helps to identify nutrient disorders that can guide balanced
fertilization programs (Alva et al. 2006; Intrigliolo & Canali, 1998; Obreza et al.
1992). However, reference methods such as inductively coupled plasma optical
emission spectroscopy (ICP-OES), atomic absorption spectroscopy (AAS) and X-
ray fluorescence spectroscopy (XRFS) require many leaf samples and expensive
reagents, and they also have negative environmental impacts (Jones, 2012; Shenk et
al. 1979). These characteristics often make it difficult to achieve optimal nutrition
for deciduous plants, such as persimmon.

To overcome these drawbacks, visible and near-infrared (Vis-NIR) spectroscopy is
a promising alternative for determining leaf nutrient concentration. Vis-NIR
spectroscopy is commonly used as a remote, non-destructive method for rapid
analysis of many attributes of fresh leaves. The visible region is where
photosynthetic pigments, such as carotenoids, chlorophylls, and xanthophyll,
strongly absorb energy. However, the reflection in NIR is dominated by the
structural reflection of turgid plant cells of the mesophyll (Pandey et al. 2017).
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In nutritional deficiency, the plant may be affected by the loss of vegetative,
structural, photosynthetic, and enzymatic compounds essential for plant
development (Da Fonseca et al. 2010). N is one of the elements associated with
chlorophyll, which is why it interacts with electromagnetic radiation (Ge et al. 2017).
Other elements, such as P, may not be directly detected when irradiated with Vis-
NIR frequencies, but organic compounds and other complex plant components
containing these elements can be detected (Zhang et al. 2013). Concerning Mg, this
nutrient is part of the structure of the chlorophyll molecule, which presents a strong
interaction with electromagnetic radiation (Ferwerda & Skidmore, 2007). The rest
of the nutrients, such as K, Ca, Fe, Mn, Zn and Cu, do not present specific spectral
absorption characteristics in the Vis-NIR region but can bind electrostatically or act
as binders for larger compounds containing carbon (Pandey et al. 2017).

Previous studies have demonstrated the potential of Vis-NIR based technologies to
estimate the concentration of several elements in the leaves of different crops. The
best predictive model was obtained for potassium (K) in citrus (R? = 0.982), and the
analysed elements showed coefficients of determination ranging from R? = 0.883 for
magnesium (Mg) to R? = 0.481 for phosphorus (P). The calibration curves for all
nutrients in sugarcane showed high correlations (CV > 0.9) and low standard
deviations (< 0.15) in all cases with an R? = 0.90.

Menesatti et al. (2012) used Vis-NIR spectroscopy (400-1000 nm) to evaluate the
concentration of N, P, K, Ca, Mg, Fe, Zn, and Mn in citrus. To increase variability,
they applied five different nitrogen input levels (0, 200, 400, 600 and 800 g N tree -
1 year 1) while all treatments received the same amount of P and K. The best
predictive model for a single nutrient was achieved for K with an R? of 0.982. When
all chemical parameters were considered together, coefficients of determination
ranged from R? = 0.883 for Mg to R? = 0.481 for P. Another study performed by
Ordonez et al. (2013) used a functional linear regression and non-parametric
methods to predict chemical characteristics such as moisture, dry mass, and
concentrations of N, P, K, Ca, Fe and Mg in vine leaves from spectral reflectance
measurements taken from 350-2500 nm. In sugarcane, Yarce and Rojas (2012) used
NIR spectroscopy (NIRS) to study the concentrations of macro and micronutrients.
They obtained high correlations (>0.9) and low standard deviation (<0.15) with an
R? of 0.90 for all nutrients. Regarding persimmon, Visconti and de Paz (2019)
developed a regression model to estimate ClI- from foliar reflectance, achieving the
best results with an R? of 0.78 and a root mean square error (RMSE) of 0.34% for
ClI- concentrations above 1.5 %, and finding that the most important wavelengths for
CI- estimation were between 390-472 nm and 690-692 nm.
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Due to the importance of the persimmon cv. 'Rojo Brillante' cropping in Spain is
crucial to developing fast, environmentally friendly, non-destructive, and accurate
enough nutritional status estimation tools. However, to our knowledge, only one
study has been found related to estimating nutrient contents in persimmon leaves
using Vis-NIR spectroscopy (Visconti & de Paz, 2019) but focused only on chloride
(CI"). Therefore, this work aimed to develop models able to estimate the most
relevant macro and micronutrients by Vis-NIR spectroscopy in conjunction with
PLS-R, which may be an alternative to the conventional laboratory foliar analyses
for the assessment of persimmon nutritional status.

2. Materials and Methods

2.1. Experimental Design

The experiment was conducted on an experimental persimmon cv. 'Rojo Brillante'
orchard located at the Instituto Valenciano de Investigaciones Agrarias (IVIA),
Moncada, Valencia, Spain; 39°32°0 N, 0°23"W). To increase the range of foliar
nutrient concentrations and build more accurate models, an experiment was
conducted on persimmon trees using six treatments with varying N and K dosage
rates (table 1). These treatments included four levels of N (0 %, 33 %, 50 %, and 100
%) and three levels of K (0 %, 50 %, and 100 %). The control doses (100%) were
set considering the tree requirements, which were 106 kg-ha for N and 110 kgha'*
for K. Each treatment was replicated twice with two trees per replicate, resulting in
four trees per treatment and a total of 24 trees.

Table 1. Doses of nitrogen and potassium fertilization units applied in the treatments of the
persimmon tree nutrient experiment.

Treatment N (kg/ha) K20 (Kg/ha)
T1 (N-0%) 0 110

T2 (N-33%) 35 110

T3 (N-50%) 53 110

T4 (K20-0%) 106 0

T5 (K20-50%) 106 55
Control (N and K,0-100%) 106 110

Leaf samples were taken monthly throughout a complete vegetative cycle in April
(after flowering), June (fruit enlargement), July (70% fruit size), September (colour
break), October and (fruit at harvest) November (lethargy) 2020. Six leaves from

48



each tree, which were the third or fourth one from the axilla of reproductive
sproutings, were collected per treatment, resulting in 144 leaves per sampled month
(864 total leaves sampled). Once collected, the leaves were washed with phosphate-
free soap and rinsed with milliQ water to remove any remaining dust or
contamination. Figure 1 shows four leaves of persimmon in different phenological
stages. As they are deciduous leaves, they show slight colour changes.

2.2. Vis-NIR Spectral Measurements

Leaf reflectance measurements were performed in the laboratory, employing a
portable CI-710 Miniature Leaf Spectrometer (CID Bio-Science, Inc. Camas, WA,
USA), which is shown in figure 2 (left panel).

Two spectral recordings were performed per leaf, one near the tip of the midrib and
the other near the petiole, but always at an inter-nervation point. Spectral
measurements were taken in the Vis-NIR range from 430 to 1040 nm in steps of 2.6
nm (232 values). Both spectra were averaged to obtain a single representative
reflectance spectrum per leaf. Figure 2 shows the arrangement for the spectral
recording, highlighting the points of measurement on the leaf.

Y
oe

Figure 1. Persimmon leaves collected in (a) April (after flowering), (b) July (70% fruit
size), (c) October (fruit at harvest) and (d) November (lethargy).

The reflectance data were acquired using the software Spectra Snap! v1.1.3.150
(CID Bio-Science, Inc. Camas, WA, USA).
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Figure 2. (Left): Vis-NIR spectral measurements on persimmon leaves, reflectance mode.
(Right): measurement points

2.3. Chemical Analysis

After the spectral measurements, the leaves were dried in an air-forced oven at 65
°C for at least 72 h until constant weight. Then, they were crushed in a grinder (IKA
M 20, IKA Labortechnik, and Staufen, Germany) and stored until analysis. Organic
digestion was performed first, using microwave-assisted wet extraction in a
microwave digestion system (ETHOS UP, Milestone Inc. Santa Clara, CA, USA).
Subsequently, the macro (P, K, Ca, and Mg) and micronutrients (Fe, Mn and B) were
measured using inductively coupled plasma optical emission spectroscopy (ICP-
OES 7000; Thermo Scientific, Cambridge, UK) (Cassap, 2016; McQuaker et al.
1979; Romanov, 2014; Steckenmesser et al. 2022). The Kjeldahl method (Kjeltec
8200, Foss Tecator AB, Sweden) was used to determine N contents (Bremner, 2016).
Six leaves were necessary to obtain the minimum dry matter weight required for a
single ionomic analysis.

2.4. Chemometric Analysis

Spectral data were obtained by measuring at two points on the leaf that were
averaged to obtain a single value per leaf. However, the accuracy of these
measurements can be adversely affected by noise (Bertrand & Dufour, 2006), which
can be caused by factors such as electrical currents in the instrument, temperature
and humidity changes during measurements, and variations due to the nature of the
sample, like texture, size, or geometry. This noise causes unwanted variations in the
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spectral data that must be corrected (Grassi et al. 2021). To address these issues, five
data pretreatments were used: mean centre (MC) (Ulissi et al. 2011), Savitzky-Golay
(SG) (Savitzky & Golay, 1964b), standard normal variate (SNV) (Barnes et al.
1989), first (1D) and second derivatives (2D) (Alchanatis et al. 2005; Li et al. 2019).

These pretreatments helped to reduce random noise and dispersion, eliminate
constant baseline offsets, and highlight the variations among individual samples
instead of using the absolute signal level. Once the corrections were made, a table
was created for each macro and microelement, with rows representing the leaf
samples and columns representing the wavelengths (predictor variables X). An
additional column containing the reference values obtained through ionomic analysis
(response variable Y) was added to each table. This table was the input for building
partial least squares regression (PLS-R) models.

PLS-R is a soft modelling method for constructing predictive models when there are
many factors that are highly collinear (Tobias, 1995). Different models were created
for each nutrient, and the samples were randomly split into a calibration set (75 %)
for model building and an independent test set (25 %) for external validation. In PLS,
one goal is to find a reduced number of latent variables (LV) that capture the
maximum variation in the data (Wold et al. 2001). A method based on 20-fold cross-
validation (CV) was used for internal validation (Cawley & Talbot, 2003; Cheng &
Sun, 2017) and to determine the number of LV that balances model complexity and
predictive performance.

The performance of the PLS-R models was evaluated using the root mean square
error of prediction (RMSEP), which expresses the uncertainty that can be expected
when predicting new samples, and the coefficient of determination (R?) that indicates
the proportion of the variance of ionomic values (variable Y) that is predicted or
explained by linear regression and the spectral measurements (variables X) (Johnson
et al. 2021). The lower the RMSEP and the higher the R?, the better a model fits a
dataset. The models were built using the statistical program Unscrambler version 9.7
(Camo Software, Oslo, Norway).

3. Results

Descriptive statistics of each element identified from destructive ionomic analysis
through the sampling period are shown in table 2. The nutrient concentrations for the
samples collected in July are also shown, as this month is considered one of the most
suitable months for foliar sampling for persimmon in Spain (Albiach et al. 2012).
All values are within the expected ranges.
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Table 2. Descriptive statistics of the leaf macro and micronutrient concentration determined
in the vegetative cycle (April-November 2020) by conventional analytical methods.
Macronutrients (N, P, K, Ca, and Mg) are expressed in (%) of dry matter. Micronutrients
(Fe, Zn and B) are expressed in (ppm).

Coefficient

Vi e S Rege subiss Ko
N 1.06-2.82 1.74 0.39 0.22 1.62-2.30 1.75 2.48 1.09
P 0.04-0.30 0.11 0.06 0.55 0.13-0.30 0.26 8.87 5.60
K 0.83-2.96 1.94 0.53 0.28 1.08-2.30 2.13 0.71 2.53
Ca 0.30-6.52 2.70 141 0.52 0.30-2.11 6.22 0.81 0.17
Mg  0.17-0.95 0.50 0.20 0.39 0.17-0.58 0.78 0.68 1.26
Fe 13.22-81.77 39.52 15.45 0.39 31.00-69.00 68.54 3.36 1.36
Mn  32.81-295.0 181.07 72.92 0.40 32.00-118.0 262.21 2.66 2.27
B 12.18-102.1 48.76 22.89 0.47 12.00-26.00 89.92 0.06 2.49

Table 3 shows the RMSEP, the R2 and the number of LV achieved for the
macronutrients. Based on the independent test set (external validation), the best
results for N were obtained using the MC + 1D with R?=0.78 and RMSEP = 0.18.

The better model for P was obtained with the raw data, achieving an R? of 0.75 and
RMSEP = 0.02. The best performance for K was achieved using MC + SG with R?
=0.52 and RMSEP = 0.34. Ca achieved R? = 0.77 and RMSEP = 0.60, while for Mg,
the best model had an R? = 0.63 and RMSEP = 0.11 in these two cases using MC +
1D.

Table 3. Comparative statistics on reflectance for the test sets of the model generated by
PLS-R for prediction of macronutrients (N, P, K, Ca and Mg). Mean centre (MC), Savitzky-
Golay (SG), Standard Normal Variate (SNV), First Derivative (1D) and Second Derivative
(2D).

Pretreatment LV N LV i LV K LV ca \% Mg
RMSEP R? RMSEP R? RMSEP R? RMSEP R? RMSEP R?

Rawdata 12 019 071 12 0.02 075 10 034 052 12 070 072 11 011 0.0
MC 12 020 070 12 002 071 11 035 050 12 070 070 11 012 057
MC+SG 12 020 069 12 002 074 12 034 054 12 070 071 12 012 056
MC+SNV 12 019 072 12 002 074 12 035 051 12 070 072 12 011 0.63
MC+1D 10 018 0.78 8 002 072 6 035 051 10 060 077 9 0.11 0.63
MC + 2D 9 020 069 8 002 072 6 035 050 12 070 072 9 0.12 0.53
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The results for micronutrients are shown in table 4. In this case, the best model for
Fe was based on using MC + 1D, reaching a low R? = 0.39 and high RMSEP = 11.56.
Concerning Mn, the best model was obtained with the raw data with a determination
coefficient of R? = 0.69 and RMSEP = 40.75. Finally, B achieved an R?=0.83 and
RMSEP = 8.59 using MC + 1D.

Table 4. Comparative statistics and uncertainty indices (R2 and RMSEP) on reflectance for
the test sets of the model generated by PLS-R for micronutrients (Fe, Mn and B). Mean center
(MC), Savitzky- Golay (SG), Standard Normal Variate (SNV), First Derivative (1D) and
Second Derivative (2D).

Fe Mn B
Pretreatment
LV RMSEP R? LV RMSEP RZ LV RMSEP R?
Raw data 12 11.75 0.37 12 40.75 0.69 12 9.51 0.79
MC 12 11.96 0.35 12 4384 064 12 9.48 0.79

MC + SG 12 1215 033 12 43.09 065 12 10.11 0.76
MC+ SNV 12 1202 035 12 41.00 0.68 12 9.53 0.79
MC + 1D 8 11.56 0.39 9 4111 0.68 10 8.59 0.83
MC + 2D 6 11.88 0.36 9 4400 0.63 9 9.98 0.77

4. Discussion

The R? values for the macronutrients (N, P, K, Ca and Mg) prediction model ranged
from 0.50 to 0.78, with N having the highest R2. For the micronutrients (Fe, Mn, and
B), the R? values ranged from 0.39 to 0.83, with B having the highest R2. Previous
studies on predicting nutrients in persimmon leaves using spectroscopy have not
been reported, but similar studies on other crops can be found. The strength of this
study lies in two factors: the variability introduced in the models due to natural
concentration variations during a vegetative cycle and the direct correlation between
the spectra measured and the concentration of the crop leaves.

The PLS-R model developed to predict foliar N concentration using Vis-NIR
spectroscopy achieved high accuracy with an R? of 0.78 and low uncertainty
indicated by an RMSEP of 0.18 in the external validation set. In previous studies for
citrus leaves, better outcomes were obtained in trees fertilized with very different N
doses, resulting in a similar R? of 0.91 and RMSE of 1.06 using a spectral range of
380-1100 nm (Ferwerda & Skidmore, 2007; Osco et al. 2020). In tomato leaves,
Ulissi et al. (2011) achieved an R? of 0.88 with RMSEP = 0.40 for N. In olive,
Rotbart et al. (2013) reported an R? of 0.91 with RMSEP = 0.07 for N in a spectral
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range from 1100 to 1700 nm. However, they obtained results similar to those
presented in this work using the 450 to 1000 nm range, which suggests that NIR can
be better than Vis-NIR in predicting N concentration. In pear leaves, Wang et al.
(2017; 2020) obtained similar R? values of 0.85 with RMSEP = 0.15 and 4.48, but
in the range of 350-2500 nm, which requires more expensive and complex equipment
than other studies. In eucalyptus, de Oliveira & Santana (2020) predicted the N leaf
concentration with an R? of 0.95, using leave-one-out cross-validation and leaves of
different colours, from dark green to yellow.

In this work, P was well predicted with an R2 of 0.75 and an RMSEP of 0.02. Another
study on citrus leaves achieved a similar R? of 0.77(Osco et al. 2020). In contrast,
other work predicted P concentration for sugarcane with an R? of 0.98 and an
RMSEP of 0.008, using a broader spectral range of 780-2500 nm based on Fourier
Transform NIRS (FT-NIRS) (Ordonez et al. 2013), which required very complex
equipment. The spectral data did not show a strong correlation with K concentration,
with an R? of 0.54 and an RMSEP of 0.34. Other studies have achieved higher R?
values in experiments designed to create extreme variability (Ferwerda & Skidmore,
2007). Furthermore, de Oliveira & Santana (2020) achieved an R? of 0.76 with an
RMSEP of 1.30 when examining eucalyptus leaves of varying colours and
conditions, including healthy leaves and those showing symptoms of the damage.
The PLS-R model developed to predict Ca showed good accuracy, as evidenced by
an R? value of 0.77 and a low RMSEP of 0.60. Comparable results have been found
for citrus (Ferwerda & Skidmore, 2007). In citrus, Osco et al. (2020) determined four
spectral ranges between 545 and 1020 nm and predicted Ca levels with an R? value
of 0.62 and an RMSEP of 9.40. Furthermore, de Oliveira & Santana (2020) used
logarithmic transformation preprocessing and iterative predictor weighting PLS to
predict Ca concentrations in eucalyptus with an R? value of 0.81 but a higher RMSEP
of 1.80. Ca concentration was predicted in grapevine with a higher R? of 0.88 using
NIRS with a spectral range of 908-1676 nm (Cuq et al. 2020). Mg was predicted
with acceptable R? = 0.63 and a low RMSEP = 0.11. Other researchers could predict
the Mg of leaves with a better value in other crops, as in citrus (Ferwerda & Skidmore
2007; Osco et al. 2020) with R? = 0.83-0.94 but a relatively high error of
RMSEP=0.40-0.34 under laboratory conditions. Furthermore, in sugarcane, Yarce
and Rojas (2012) predicted Mg with an R2 = 0.97 and an RMSEP = 0.005, using
multiple linear regression (MLR) and PLS-R in the 780-2500 nm spectral range. On
the contrary, de Oliveira and Santana (2020) could not predict Mg in eucalyptus.

Concerning micronutrients, a relatively low correlation was found for Fe (R? = 0.39,
RMSEP = 11.56). Other researchers could also not predict Fe successfully, as in
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eucaliptus (de Oliveira & Santana, 2020) or citrus (Osco et al. 2020). The Mn
concentration was predicted to a reasonably satisfactory extent (R? = 0.69, RMSEP
= 40.75). Other studies predicted Mn with reasonable accuracy, as for Valencia
oranges (Osco et al. 2020). However, as stated, this work has misconceptions, was
based on few samples, and the sampling method was unreliable since the reflectance
of the leaves indicated leaves with very different conditions, including reflectance
that apparently corresponded to dead leaves. Additionally, for citrus, Pandey et al.
(2017) reported higher results, but with a particular experimental design favouring
extreme variability that was not found in nature. B could be predicted with a high
level of estimation with an R? = 0.83 and an RMSEP = 8.59, which surpasses other
works as in eucalyptus (de Oliveira & Santana, 2020), in which the predicted values
were less accurate (R? = 0.68 and RMSEP = 22.66).

The positive results of this study indicate that Vis-NIR spectroscopy has excellent
potential as a non-destructive diagnostic tool for estimating nutrients in persimmon
leaves and improving fertilizer recommendations. The results confirmed that a
portable computer-based system, such as the Vis-NIR spectrometer, can provide
good predictions for the nutritional status of micro and macronutrients in
persimmons. Due to its speed, affordability, and non-destructive nature, the
technology can be used in precision agriculture applications requiring many samples.
Despite other studies reporting the use of the NIRS range for predicting nutrients in
plants, this research shows that using the Vis-NIR range (430 to 1040 nm) has the
potential to develop satisfactory prediction models for nutrient prediction, especially
for N, P, Ca, Mn, and B.

5. Conclusions

The results showed that Vis-NIR reflectance spectroscopy is a feasible technique to
estimate the concentrations of macro and micronutrients in persimmon leaves
throughout a complete vegetative cycle. Results achieved using spectral reflectance
in the range 430-1040 nm to predict the concentration of N, P, Ca, Mn, and B were
satisfactory, with a coefficient of determination greater than 0.70. Lower scores were
obtained for K, Mg and Fe. Moreover, the RMSEP in all cases was relatively low,
which indicates a high degree of accuracy. Notwithstanding, more research is needed
to know how these models, developed with data for only one year, perform in
succeeding years.
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Abstract: Visible and near-infrared (Vis-NIR) hyperspectral imaging (HSI) was
used to rapidly and non-destructively determine macro- and micronutrient contents
in persimmon leaves. Hyperspectral images of 687 leaves were acquired in the 500—
980 nm range over 6 months, covering a complete vegetative cycle. The average
reflectance spectrum of each leaf was extracted, and foliar ionomic analysis was used
as a reference method to determine the actual concentration of the nutrients in the
leaves. Analyses were performed via emission spectrometry (ICP-OES) for macro-
and micronutrients after microwave digestion, and the Kjeldahl method was used to
quantify nitrogen. Partial least square regression (PLS-R) was used to predict the
nutrient concentration based on spectral data from the leaf using actual values of
each element as predictor variables. Several methods were used to pre-process the
spectra, including Savitzky-Golay (SG) smoothing, standard normal variate (SNV)
and first (1D) and second derivatives (2D). Seventy-five per cent of the samples were
used to calibrate and validate the model by cross-validation, whereas the remaining
twenty-five % were used as an independent test set. The best performance of the
models for the test set achieved an R? = 0.80 for nitrogen. Results were also
satisfactory for phosphorus, calcium, magnesium, and boron, with determination
coefficient R2 values of 0.63, 0.66, 0.58 and 0.69, respectively. The other nutrients
had lower prediction rates (R? = 0.48 for potassium, R? = 0.38 for iron, R? = 0.24 for
copper, R? =0.23 for zinc and R? = 0.22 for manganese). The variable importance in
projection (VIP) was used to extract the most influential bands for the best-predicted
nutrients: N, K and B.

Keywords: hyperspectral imaging; Vis-NIR; spectroscopy; chemometrics; variable
selection

1. Introduction

Persimmon (Diospyros kaki Thunberg) is a crop native to China, which grows in
tropical and subtropical areas and has adapted well to the Mediterranean climate
(Albiach et al. 2012). Cultivation of the cultivar cv. 'Rojo Brillante' has grown
exponentially in recent years in Spain, which is currently ranked second for the world
production of this fruit (FAOSTAT, 2023). It is essential to ensure fair handling
practices during the growing period to produce good quality persimmons, including
implementing optimum nutrient management according to the nutritional status of
the trees at each phenological stage. However, only a little research has been carried
out on the nutritional requirements of persimmon. Moreover, the previous studies
were conducted mainly in Japan, Australia, and New Zealand for local varieties other
than 'Rojo Brillante', the predominant variety in Spain.
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Plant nutrients can be divided into two broad categories: macronutrients and
micronutrients. Both types are essential for plant growth and yield since they are
constituents of several structures involved in storing energy or in numerous
enzymatic and metabolic processes. Research into the beneficial effects of the
nutrient fertilisation of crops was pioneered by von Liebig in the 19th century when
he described the essential roles of nutrients in plant development (Kirkby, 2011).
Macronutrients such as nitrogen (N), phosphorous (P), potassium (K), sulphur (S),
manganese (Mg) and calcium (Ca) are major constituents of cell structures and
organic compounds and are therefore required in large amounts (Hawkesford et al.
2011). In contrast, micronutrients are involved in multiple metabolic and enzymatic
processes, as well as in the synthesis of chlorophyll, and typically are needed in small
amounts (Broadley et al. 2011). Micronutrients such as zinc (Zn), manganese (Mn),
copper (Cu) and boron (B) are involved in chlorophyll formation (photosynthesis),
as well as root cell division and elongation. At the same time, iron (Fe) is a critical
component of photosynthesis, respiratory electron transport and a cofactor of
multiple redox enzymes.

The capacity of the soil to supply the nutrients required to achieve good crop
development and production is usually insufficient. Hence, rational fertilisation
plans need to be applied at regular intervals. In Spain, Malagon and Monzé (2015)
proposed three fertiliser applications for persimmon. The first application in mid-
March comprised an N-P-K or N-P-K-Mg complex, the second included a
nitrogenous fertiliser (nitric-ammoniacal) and magnesium, and a third application
was based on potassium nitrate. These proposed doses are only indicative since any

fertilisation plan must be adjusted to the nutritional status of the plants, the
agronomic conditions, the soil composition, and the irrigation water.

The ionomic analysis of leaves is a traditional method used to determine the
nutritional status of plants, which is costly, laborious, and time-consuming, resulting
in delays between field sampling and ionomic diagnosis. Therefore, the need for fast,
non-destructive and high-throughput alternative technologies for crop monitoring
has led to the use or development of new sensors (Cubero et al. 2020). In agriculture,
the potential of visible and near-infrared (Vis-NIR) spectral reflectance has already
been studied for different purposes (Walsh et al. 2020), including the assessment of
nutrient concentration. These developments have enabled the estimation of a wide
variety of plant chemical properties and physiological processes based on leaf optical
properties of living tissue. Estimating these features from sheet reflectance is based
on variations in the absorption of organic molecular bonds, mainly C-H, N-H and O-
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H bonds, resulting in vibrational excitation at specific electromagnetic spectrum
wavelengths. Exploiting the relationships of light to organic bonds allows plant
spectroscopy to characterise the chemical and physiological state of plants (Pandey
etal. 2017).

Hyperspectral imaging (HSI) is a novel and emerging technology adapted for several
applications in agriculture. HSI is a combination of spectroscopic and imaging
techniques that identifies chemical components and their spatial distribution in a
sample (Lorente et al. 2012). Due to these characteristics, it is becoming an important
tool in precision agriculture for rapid assessment of crop nutrition (Peron-Danaher
et al. 2021). Gomez-Casero et al. (2007) estimated K deficiencies through the
hyperspectral imaging of leaves in the 400-900 nm range and found changes in the
NIR region in olive orchards. They stated that the normalised difference vegetation
index (NDVI) could be used to estimate the K concentration in olive trees with high
precision.

Jinetal. (2022) detected N, P and K deficiencies in pear tree leaves using a handheld
miniature spectrometer operating from 900 to 1700 nm in reflectance mode. They
used 42 recognition models based on random forest, support vector machine (SVM),
gradient boosting decision tree and extreme gradient boosting (XGBoost). The
highest accuracy was achieved using SVM via pre-processing based on SNV and
genetic algorithm feature extraction, which enabled them to reach correct
classification rates of 82.06 % and 80.25 %, respectively. N, P and K contents in
oilseed rape leaves were investigated by Zhang et al. (2013), using Vis-NIR

hyperspectral imaging and least-squares support vector machines (LS-SVM). The
results were an R? of 0.88 for N and an R? of 0.71 for P, while using partial least
square regression (PLS-R) resulted in an R? of 0.75 for K. In barley plants,
Christensen et al. (2004) used hyperspectral imaging (400-750 nm) to predict the P
content in barley plants from the canopy spectral reflectance, with an accuracy rate
of 74 %.

Yanli et al. (2015) estimated N and P concentrations in citrus leaves from
hyperspectral images of the adaxial and abaxial sides of each leaf. The performances
of five pre-processing methods, i.e. Savitzky-Golay smoothing (SG), standard
normal variate (SNV), multiplicative scatter correction (MSC) and first derivative
(1D) and second derivative (2D), were tested using linear partial least squares (PLS-
R) and nonlinear LS SVM models. The results showed that PLS and SG-PLS
performed best in predicting N (R =0.90, RMSEP =0.104) and P (R =0.92, RMSEP
= 0.051) concentrations, respectively. Additionally, Li et al. (2018) explored the
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ability of this technology to predict P content in litchi leaves using canopy
reflectance. The results using cross-validation showed that optimal spectral indices
selected by correlation analyses achieved the highest accuracy in retrieving P content
at each growth stage (R? = 0.54-0.98, RMSECV = 0.02-0.03). In contrast, only one
study related to persimmons was found by Visconti and de Paz (2019), who obtained
a regression model to predict chloride (CI) in persimmon leaves, with an R? of 0.78,
an RMSE of 0.34 % Cl and a ratio performance deviation (RPD) of 2.18. Moreover,
they stated that wavelengths between 390 and 472 nm and 690 and 692 nm correlated
positively with the CI content. While the estimation of macronutrients, especially N,
P, and K, has been previously studied using hyperspectral imaging in some species,
micronutrients have been studied to a lesser extent. Moreover, no studies have been
found on determining nutrient concentration using spectral data for persimmons.
Developing a tool to perform a rapid nutritional diagnosis at a lower cost would
allow the efficient fertiliser management of crops, leading to earlier decisions on
fertilisation while also reducing costs and the potential risk of contamination.
Therefore, this work advances in the study of the potential of Vis-NIR hyperspectral
imaging to determine the foliar concentration of macro (N, P, K, Ca, Mg, S and Na)
and micronutrients (Fe, Cu, Mn, Zn and B) in persimmon leaves as a new tool
alternative to conventional slow and complex laboratory analyses.

2. Materials and Methods
2.1. Field Experiment

Leaves were sampled from an experimental plot of 48 six-year-old persimmon
(Diospyros kaki) trees cv. 'Rojo Brillante', located at the Instituto Valenciano de
Investigaciones Agrarias (IVIA) in Moncada (Valencia), Spain. Six treatments (table
1) involving four nitrogen levels in combination with three doses of potassium were
applied to create variability in the foliar nutrient status. The six fertilisation
treatments combined N doses of 0 %, 33 % and 50 % fertilisation units (FU) of total
crop requirement with K doses of 0 % and 50 % FU as per crop requirements, and
the control included 100 % of the N and K crop requirements. The doses of N and K
were assessed based on the characteristics of the plantation, such as age, variety,
rootstock, and framework (5 x 5 m). Fertilisation treatments were applied from April
to September.
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Table 1. Fertiliser doses (kg/ha) for each treatment.

Treatment N K:0 P203 CaO MgO
T1 (N-0%) 0 110 38.8 62.5 25.3
T2 (N-33%) 35 110 38.8 62.5 25.3
T3 (N-50%) 53 110 38.8 62.5 25.3
T4 (K20-0%) 106 0 38.8 62.5 25.3
T5 (K20-50%) 106 55 38.8 62.5 25.3
Control (N and K»0-100%) 106 110 38.8 62.5 25.3

Foliar sampling was carried out monthly (June, July, September, October,
November, and December 2020) by taking six leaves from the summer flush leaves
of each tree, and the third or fourth leaves from the axilla of reproductive sprouting
were placed at the four orientations. Hence, 24 leaves were collected per treatment
and month, totalling 144. Once collected, the leaves were immediately sealed in
plastic bags and taken to the laboratory at air temperature. The leaves were washed
with phosphate-free soap and rinsed with MilliQ water to remove any remaining dust
or contamination. After drying, leaves were labelled and attached to a white surface
to flatten them during image acquisition.

2.2. Spectral Measurements of the Leaves

The hyperspectral images were acquired with an industrial camera (CoolSNAP ES,
Photometrics, AZ, USA) coupled with two tuneable liquid crystal filters (Varispec
VI1S-07 and NIR-07, Cambridge Research & Instrumentation, Inc. Hopkinton, MA,
USA). The camera was configured to acquire images with a size of 1392-1040 pixels
and a spatial resolution of 0.14 mm/pixel in the operating spectral range of 500-980
nm in steps of 10 nm (49 bands). Each hyperspectral image acquisition captured with
this configuration required 40 s. To optimise the dynamic range of the camera, avoid
saturated images and correct the spectral sensitivity of the different elements of the
system, a calibration of the integration time of each band was performed, capturing
the average grey level of a reference White (Spectralon 99 %, Labsphere, Inc. North
Sutton, NH, and USA). Calibration was performed with a threshold of 1%.
Hyperspectral images were taken of these 6 leaves (one image per leaf), resulting in
144 images of leaves. The scene was illuminated with indirect light from twelve
halogen bulbs (37 W) (Eurostar IR Halogen MR16. Ushio America, Inc. CA, USA)
arranged inside a hemispherical aluminium diffuser (figure 1).
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Figure 1. Acquisition of the hyperspectral imaging of the leaves

Images were corrected using white and dark references. Dark was captured by
switching off the lamps and covering the lens with a cap to prevent light from
infiltrating the camera. The correction was performed using Equation (1):

I - lo- ldark/ lwhite — ldark @

Where lo is the raw image that was acquired of the leaf, lunite is the image of the
standard white reference, and lqak is the image of the dark reference.

2.3. lonomic leaf analysis

The leaves were dried in an oven (Selecta, Dry big, Spain) at 65 °C for a minimum
of 72 h until a constant weight was reached. They were then crushed with a
refrigerated grinder (IKA M20, Germany) and stored at 4 C until later analysis to
guantify the concentration of the nutrients. For foliar ionomic analysis, the nutrients
were extracted from the solid samples using microwave-assisted acid digestion
(ETHOS UP, Milestone Srl, Sorisole, Italy). To this end, 0.200 g of the crushed
samples were weighed with a precision of 0.003 g, and 4 mL of MilliQ water plus 4
mL of nitric acid (HNO3) and 2 mL of hydrogen peroxide (H2O;) were added to each
sample. The samples with the added reagents were allowed to stand for 15 to 20 min.
In the extracted solution, macro- and micronutrients were determined using an
atomic emission spectrometer with inductively coupled plasma (iCAP 7000, Thermo
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Scientific, Barcelona, Spain). The Kjeldahl method (Kjeltec 8200, FOSS Iberia, S.A.
Barcelona, Spain) was used for organic N (Bremner, 1965).

2.4. Data Analysis

Leaf nutrient concentrations determined using the conventional laboratory analyses
were taken as the reference for building the nutrient estimation models based on
spectral information. Descriptive statistics (mean, standard deviation, minimum and
maximum, median, first and third quartiles, skewness, kurtosis, and coefficient of
variation) were obtained from the samples used in the experiments.

During the acquisition of hyperspectral images, undesired effects caused by
electromagnetic noise, equipment sensitivity and changes in temperature and
illumination may occur. Another aspect that adversely affects the measurements is
the scattering of the incident radiation due to the texture of the sample or changes in
the refractive index of the material, causing unwanted variations in spectral
reflection (Walsh et al. 2020). These effects can be minimised using pre-processing
operations. Five pre-processing procedures were used in this study: mean centring
(MC), which consists of centring each variable by subtracting the mean of all the
elements, SG smoothing (Savitzky & Golay, 1964b) to reduce random noise and
increase the signal-to-noise ratio and SNV, which corrects the spectra for changes in
optical path length and light scattering. After SNV correction, all spectra have a
mean of 0 and a standard deviation of 1 (Barnes et al. 1989). First and second
derivatives were used to eliminate constant baseline shifts and shifts that vary in a
linear manner with wavelength, respectively (Li et al. 2019).

A table was created for each nutrient studied, in which each sample was arranged in
rows, and the columns showed the reflectance value at each wavelength (X
variables). A final column was added with the reference value of the nutrient
obtained from the ionomic analysis. These tables were used to build the predictive
models. Data were split into two sets: a training set composed of 75% (515) of the
samples used for calibration and cross-validation (CV) and a testing set consisting
of the remaining 25% (172) of the samples used for independent external validation.

Partial least square (PLS-R) is a classical linear modelling method applied to many
fields, including nutrient estimation from spectral data (Burnett et al. 2021). Its
primary role is to extract the principal components from independent variables with
synthetic consideration of the dependent variables and establish a regression model
between the optimal principal components and the dependent variables (Geladi &
Kowalski, 1986). In this work, the predictor variables were the wavelengths, while
the response variables were the concentrations given by the ionomic analysis. CV
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was applied to determine the optimum number of factors in the PLS-R model and
estimate the uncertainty in the training set (Stone & Brooks, 1990).

To avoid possible overfitting of the PLSR model, the number of PLS-R factors
retained in each final model was chosen to maximise the R? and to minimise the root
mean square error prediction (RMSE). R? is a measure of goodness-of-fit that
represents the level of explained variability of the model, the remaining variation
being attributed to random error. In contrast, RMSE measures the differences
between the predicted and measured values and quantifies the accuracy by
comparing the prediction errors of different models. Therefore, the performance of
the models was evaluated in terms of the R? and the RMSE in the independent test
set. Statistical tests were performed using The Unscrambler X V9.7 (Camo Software,
Oslo, Norway).

Several methods can be combined with PLS to obtain the most relevant subset of
bands that retain the most valuable information and with the smallest errors. Among
them is the competitive adaptive reweighted sampling method (CARS), which can
select the variables with large coefficients in a multivariate linear regression model
(MLR), and the successive projections algorithm (SPA) employs simple projection
to select variables with a minimum of collinearity. On the other hand, Uninformative
Variable Elimination (UVE) is a variable elimination method that is repeated as long
as the RMSE of cross-validation (RMSECV) decreases (Tang et al. 2014). However,
UVE removes uninformative variables, not necessarily the most important ones, and
may eliminate important variables if they are highly correlated with other variables.

VIP (Variable Importance in Projection) is a popular method for variable selection
in multivariate statistical models and detects small changes in the data. VIP measures
both correlation and contribution of variables to the model based on the scores
achieved and provides a variable importance ranking for model interpretation
(Chong & Jun, 2005). Therefore, the wavelengths of highest importance were
selected using this method. VIP scores are calculated as the weighted sum of squares
as a product of the variance explained by the model and give an estimate of the
importance of each variable (i.e. wavelength) in the latent variable model (Sorochan
et al. 2022). A VIP score higher than 1 was set to indicate essential bands (Stoessel
et al. 2018). This step was performed using the statistical software ParLeS (Viscarra
Rossel, 2008). To obtain the minimum number of bands that maximises the result,
the evolution of the prediction success rate was studied as a function of the number
of selected bands. First, R? was obtained using the band with the highest VIP score
on the independent test set. Then, models based on PLS-R were created iteratively,
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with one more band being included in the model based on its VIP score and the R?
being obtained until a maximum of 20 bands were acquired.

3. Results and Discussion

3.1. Foliar Nutrient Concentration

Table 2 shows the basic statistics obtained from ionomic analyses of all nutrients for
the leaves sampled during all the experiments. In addition, the results are highlighted
for the samples collected in July, as this month is stated as being one of the most
suitable ones for the foliar sampling of 'Rojo Brillante' persimmons for nutritional
diagnosis. The values obtained can be considered within the normal ranges for this
crop in Valencia (Spain), except for the values of the concentrations of Zn and B,
which showed values below the reference values (Albiach et al. 2012).

Table 2. lonomic analysis of the persimmon leaves. Concentrations are expressed in g/100
g for macronutrients (N, P, K, Ca, Mg, S and Na) and mg/kg for micronutrients (Fe, Zn,
Mn, B and Cu) based on the weight of dry matter.

v A S Cotioen b Ol R Bl oross
N 1.74 0.39 0.22 1.62-2.30 1.06-2.82 1.75 2.48 1.09
P 0.11 0.06 0.55 0.13-0.30 0.04-0.30 0.26 8.87 5.60
K 1.94 0.53 0.28 1.08-2.30 0.83-2.96 2.13 0.71 2.53
Ca 2.70 141 0.52 0.30-2.11 0.30-6.52 6.22 0.81 0.17
Mg 0.50 0.2 0.39 0.17-0.58 0.17-0.95 0.78 0.68 1.26
S 0.18 0.04 0.21 0.20-0.25 0.11-0.29 0.18 1.94 141
Na 0.01 0.01 0.79 0.01-0.06  0.005-0.06 0.07 5.73 4.16
Fe 39.52 15.45 0.39 31.0-69.0 13.22-81.77 68.54 3.36 1.36
Zn 6.62 291 0.44 4.00-14.0 2.02-15.68 13.66 3.79 0.32
Mn 181.07 72.92 0.40 32.0-118.0 32.81-295.0 262.21 2.66 2.27
B 48.76 22.89 0.47 12.0-26.0 12.18-102.1 89.92 0.06 2.49
Cu 3.48 153 0.44 4.00-9.00 1.33-8.97 7.64 5.07 1.80

3.2. Predictive Analyses

Table 3 shows the results of the PLS-R models acquired for each nutrient using the
best pre-processing technique. The best result for the test set was achieved for the
prediction of N (R? = 0.80) using MC + 1D pre-treatments, with an RMSEP of 0.16.
Additionally, for K (R? = 0.66) and P (R? = 0.62), relatively good values were
obtained with low RMSEP values. The best prediction for P was achieved using raw
spectra, while the best performance for K was achieved using MC.
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Table 3. Comparative statistics for the calibration, cross-validation and test sets of the
model generated by PLS-R for essential nutrients using all wavelengths
Nutrient Pre- LV Calibration Cross-Validation Test
Treatment RMSEC R?> RMSECV R? RMSEP R?
N MC + 1D 6 0.14 0.84 0.14 0.83 0.16 0.80
P Raw spectra 5 0.01 0.69 0.01 0.68 0.01 0.62
K Mean centre 10 0.88 0.68 0.90 0.64 0.83 0.67
Ca Raw spectra 12 0.68 0.65 0.73 0.60 0.77 0.54
Mg Raw spectra 11 0.11 0.65 0.11 0.60 0.12 0.58
S Raw spectra 12 0.03 0.45 0.03 0.37 0.03 0.37
Na Raw spectra 3 0.01 0.28 0.01 0.20 0.01 0.27
Fe Raw spectra 12 9.43 0.44 9.91 0.38 10.32 0.34

Zn Raw spectra 12 2.58 0.5 2.82 0.40 3.37 0.20
Mn MC + SNV 9 48.81 0.24 51.45 0.16 49.85 0.22
B MC 11 8.69 0.72 9.34 0.70 9.59 0.69

Cu MC +1D 6 0.84 0.31 0.89 0.23 0.93 0.24

For micronutrients, B showed an R? of 0.69, with a relatively low RMSEP. Other
nutrients, especially micronutrients, achieved poorer results, as was the case of Cu,
Mn, Zn and Na.

3.3. Selection of Optimal Wavelengths

The most important bands were selected for those nutrients with the highest results
(R%? > 0.65) in table 3, which were N, K and B. A method based on the VIP scores
was used to select the most important bands to predict the concentration of these
nutrients. Figure 2 shows the bands with a VVIP score higher than 1 for N (40 bands),
K (32 bands) and B (36 bands). To select the minimum number of important bands
capable of predicting the concentration of each nutrient, successive models were
created, starting with the single band with the highest VIP score and increasing the
number of bands iteratively. Figure 3 shows the R? achieved for each number of
bands used in the model. Considering the evolution of the R?, the number of bands
selected for N was set to 8, the number of bands for B was 11, while for K, 17 bands
were selected.

Table 4 shows the results achieved using only the selected variables. In general, the
results for N and B were slightly lower than those obtained using the entire spectrum,
which indicates that using only a small set of variables is enough to make accurate
estimations. The estimation of N using 8 bands out of 49 achieved an R?of 0.76 and
an RMSE of 0.18 for the test set using MC as the pre-treatment, which is similar to
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that obtained using the entire spectrum. Furthermore, B could also be modelled with
the 11 wavelengths selected, with an R? of 0.61 and an RMSE of 10.42, which were
achieved using MC. However, for K, an R? of only 0.43 was reached with the bands
chosen, which is lower than that when the whole spectrum is used, and therefore, it
was considered that a reduced number of bands could not be selected to make a
relatively accurate prediction.
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Figure 2. Wavelengths VIP scores higher than 1 for N (top), K (middle) and B (bottom).
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Table 4. Results of PLS-R using the selected bands for N and B.

. . Cross-
Nutrient Wavelengths . Pie- t Calibration validation Test
(nm) reament eMSEC R2 RMSECV R2 RMSEP  R?
620, 720, 760,
N 780, 880, 940, MC 0.16 0.79 0.17 0.77 0.18 0.76
950, 960
730, 700, 670,
720, 740, 660,
B 850. 760, 570, MC 10.12 0.62 10.27 0.62 1042 0.61
800, 910

LV: latent variables
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Figure 3. Coefficient R? obtained by the models as a function of the number of bands used
for N, K and B.

3.4. Discussion

In this study, we tested the potential of reflectance spectroscopy to characterise
nutrient prediction in plants non-destructively. Specifically, the relevant points of
this study were to assess the use of hyperspectral images to detect and predict the
concentration of nutrients in persimmon leaves by developing models based on PLS-
R. Macro- and micronutrients of persimmon leaves were assessed using Vis-NIR
hyperspectral imaging using PLS-R to obtain correlations with the concentrations
determined by destructive ionomic analyses. The best prediction was achieved for
macronutrients. Specifically, this was achieved using the MC + 1D pre-treatment for
N, with R? = 0.80 in the test set. These results are consistent with those of other
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studies that achieved similar coefficients of determination for estimating N content
in other woody crops (Petisco et al. 2005) using PLS-R. In apple leaves, Ye et al.
(2020) obtained an R? 0of0.77 for predicting the N content in apple leaves using
hyperspectral imaging and PLS-R. Additionally, Malmir et al. (2020b), obtained an
R? of 0.76 for predicting N and P contents in cacao leaves, while Zhang et al. (2013),
reported an R20f 0.71 for rapeseed in the 380-1030 nm range.

A good estimation model was obtained in the test set with an R? = 0.68 and a
relatively low RMSE, similar to Abenina et al. (2022), who obtained an R? = 0.67
for peach leaves. In rapeseed leaves, Zhang et al. (2013), predicted the K content
with an R? = 0.75. In addition, the results are superior to those obtained by Malmir
etal. (2020b) in cacao leaves, only reaching an R?=0.35 in CV using both the whole
spectrum and selected wavelengths. The PLS-R model developed for Ca only
reached an R?of 0.54 and RMSE = 0.77. However, they obtained a better result for
cacao leaves with a higher accuracy of R? = 0.76 using CV. The PLS-R performed
worse for S and Na, with R? =0.37 and 0.27, respectively.

Regarding micronutrients, the B content was the best predicted, with R?=0.69 and
RMSE of 9.59. Similar results were found by de Oliveira & Santana (2020), who
achieved an R? of 0.68 in the 500-790 nm range for eucalyptus leaves. For the other
micronutrients, the predictive capacity was lower (R? < 0.34). This could be due to
several reasons, such as the relatively low concentration of micronutrients that could
be due to the sensitivity of the equipment used, the low variation range of some
micronutrients such as Cu or Zn, or that other spectral ranges must be used to detect
these elements. In the range from 550 to 1700 nm Pandey et al. (2017), obtained
better results. However, the results were lower than for macronutrients.

De Silva et al. (2023), reported better results for Cu, Mn and Zn, while they were
similar for Na. However, their results are very different between CV and P sets. In
some cases, especially for micronutrients, the results achieved using leave-one-out
(LOO) CV were much lower than those achieved using the prediction set, and this
fact is not explained considering that LOO-CV uses the whole dataset for model
fitting, so the expected results should be, at least, similar. Moreover, this work was
conducted on macadamia, where the concentration of some micronutrients is very
different from that of persimmons. For instance, the concentrations found for Cu in
our study varied from 3 to 9 mg/kg, while in the study on macadamia, the
concentrations varied from 3 to 62 mg/kg, which could explain better correlations.
The same happens with the other micronutrients. Moreover, the RMSE values were
relatively large, while the RPD was relatively low. In eucalyptus leaves, de Oliveira
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and Santana (2020) achieved better results with R? values of 0.78, 0.79, and 0.31 for
Cu, Mn and Zn, respectively. However, only results using CV and not any
independent test set were provided, and the RMSE is not shown. As in the case of
(de Oliveira & Santana, 2020), the concentrations found for micronutrients were
much larger in eucalyptus than in persimmons. For example, in the case of Mn, the
values of the eucalyptus leaves ranged from 288 to 4096 mg/kg, while in
persimmons, they were between 32 and 295 mg/kg. The selection of the important
bands performed for the nutrients with the highest R? gave similar results for N and
B. However, no selection was possible for K. So, in general, the entire spectrum is
needed to achieve the best performance of this technique.

Hyperspectral imaging has limitations for its use in the open field regarding other
spectral methods, such as portable spectrophotometers or specific devices, such as
chlorophyll meters. However, they also have several advantages, such as the
possibility of being transported on agricultural vehicles or robots to collect images
from entire plants and give precise diagnostics of the plot. Therefore, further work
is needed to transfer the proposed approach from the laboratory settings to protected
agrosystems and open field conditions, which is essential for the practical application
of this technology (Cotrozzi et al. 2020; Cotrozzi & Couture, 2020).

4. Conclusions

The nutrient concentration in persimmon leaves was estimated by Vis-NIR
hyperspectral imaging in the 500 to 980 nm range using partial least squares
regression. The macronutrients studied included N, P, K, Ca, Mg, Na and S, while
the microelements were Fe, Cu, Mn, Zn and B. The elements that achieved a
satisfactory level of prediction were N, P, K and B in all cases with an R? higher than
0.62.

Using a method based on the VIP scores, a selection of essential wavelengths was
carried out for the nutrients that achieved predictions with an R? higher than 0.65,
which were N, K and B. Initially, bands with a VIP score greater than one were
selected. However, this resulted in the selection of too many bands. So, models were
made to calculate the R?, starting with only the wavelength with the highest VIP
score and successively adding the rest of the bands with the highest VIP scores.
Based on the R? achieved, a total of 8, 11 and 17 bands were selected for N, B and
K, respectively. However, in the case of K, the results indicated that the entire
spectrum was necessary to make more accurate predictions.
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The results indicate that a non-destructive technique such as Vis-NIR hyperspectral
imaging is a promising alternative for nutritional diagnostics of persimmon leaves
under laboratory conditions as a preliminary step to performing nutritional
diagnostics in the field. This would be the first work on persimmon cultivation using
hyperspectral imaging technology to predict nutrients. It is confirmed that
reflectance spectroscopy can successfully characterize nutrient determination and
provide detailed information on each nutrient of interest for plant performance.
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Abstract: The nutritional diagnosis of crops is carried out through costly foliar ionomic
analysis in laboratories. However, spectroscopy is a sensing technique that could replace
these destructive analyses for monitoring nutritional status. This work aimed to develop a
calibration model to predict the foliar concentrations of macro and micronutrients in citrus
plantations based on rapid non-destructive spectral measurements. To this end, 592 cv.
‘clementina de Nules ' citrus leaves were collected during several months of growth. In these
foliar samples, the spectral absorbance (430-1040 nm) was measured using a portable
spectrometer, and the foliar ionomics was determined by emission spectrometry (ICP-OES)
for macro and micronutrients, and the Kjeldahl method to quantify N. Models based on partial
least squares regression (PLS-R) were calibrated to predict the content of macro and
micronutrients in the leaves. The determination coefficients obtained in the model test were
between 0.31 and 0.69, the highest values being found for P, K, and B (0.60, 0.63, and 0.69,
respectively). Furthermore, the important P, K, and B wavelengths were evaluated using the
weighted regression coefficients (BW) obtained from the PLS-R model. The results showed
that the selected wavelengths were all in the visible region (430-750 nm) related to foliage
pigments. The results indicate that this technique is promising for rapid and non-destructive
foliar macro and micronutrient prediction.

Keywords: citrus nutrition; agricultural sensors; fertilization; ionomics; chemometrics

1. Introduction

Citrus is one of the most popular and widespread fruit crops worldwide. According
to FAO, the world production of citrus fruits was estimated at 152 million tons in
2020. Oranges are the most widely produced citrus fruit worldwide (50.5 % of the
total), followed by mandarins (33.7 %), lemons (8.4 %), and grapefruit (7.4 %)
(FAO, 2020). The leading citrus producer is China (32.7 million tons), followed by
Brazil (16.6 million tons), India (9.8 million tons), and the United States (7.8 million
tons). Spain, with a cultivated surface area of 300.504 ha, reaches a production of
6.8 million tons and is the first producer country in the EU, followed by Italy (USDA,
2020). Moreover, Spain is the foremost global provider of fresh citrus fruits,
commanding approximately 25 % of the export market worldwide (CITRUS-USDA,
2020).

This high level of production requires optimal handling of resources. Among the
primary agricultural inputs are those related to fertilisation management, such as
nutrients. Nutrients are essential elements for the growth and productivity of crops
and can be categorized as macronutrients and micronutrients based on the relative
amounts required by plants (Marschner, 2012). Reducing unnecessary fertilizer use
helps to reduce costs, improve fruit quality, and minimize the risk of contamination.
Excess or nutritional deficiency can affect vegetative development and crop yield.
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Sixteen elements are considered essential nutrients for the optimum development of
crops. These nutrients include carbon (C), oxygen (O), hydrogen (H), nitrogen (N),
phosphorus (P), potassium (K), calcium (Ca), magnesium (Mg), sulphur (S), iron
(Fe), manganese (Mn), zinc (Zn), copper (Cu), boron (B), molybdenum (Mo),
chlorine (CI), and nickel (Ni). Plants absorb C and O from the air through the leaves
as carbon dioxide (CO). The photosynthesis process transforms CO; and water into
H, C, and O. The other nutrients are absorbed through the root system or foliar
surface and must be supplied during the growth cycle following fertilization plans
(Millard, 1996).

Macronutrients are essential elements for plants and are required in relatively large
amounts. Nitrogen is a major factor in photosynthesis since chlorophyll molecules
contain this nutrient (Bassi et al. 2018; Payne et al. 2017), and it is the nutrient that
affects, to a greater extent, the vegetative development of the plant. Phosphorus
intervenes in the transport, storage, and transfer of energy, stimulating root
development and favouring the flowering and fruit set. Potassium is the element that
influences production the most since the fruit is the main sink of this nutrient.
Calcium is crucial in activating and regulating various cellular processes, including
cell division and elongation. It also influences the organization of cells, particularly
concerning the specialization of cell organelles and the translocation of
carbohydrates. Magnesium is part of the chlorophyll molecule (photosynthesis), a
constituent of cell walls, and plays a vital role in P translocation and N assimilation.
Regarding micronutrients, S is the key to protein synthesis, a component of sulphur
containing AA (cysteine and methionine) and is part of vitamins and coenzymes.
Iron deficiency is common in calcareous soils. It is an essential element for the
growth and development of plants since it participates in numerous enzymatic and
metabolic processes and the synthesis of chlorophyll. Zinc is part of the chlorophyll
molecule (photosynthesis), and Mn is bound to Fe for chlorophyll formation
(photosynthesis). Cooper is involved in photosynthesis and carbohydrate
metabolism. Boron is necessary for lignin biosynthesis, involving cell division and
root elongation (Quifiones et al. 2010). Molybdenum is a key component in two
enzymes that convert nitrate to nitrite and ammonia. Its absence prevents the correct
transformation of N into amino acids. Chloride is essential for plant growth but is
absorbed by plants in minimal quantities. Finally, Ni is necessary for N metabolism
and plant germination.

Therefore, nutritional diagnosis is essential for efficient fertilisation management,
especially at the early stages of crop development when it influences the production
quality. Traditionally, the nutritional status of plants is determined via a leaf ionomic

84



analysis carried out in a laboratory to know the concentration of nutrients (Shenk et
al. 1979). The results of these laboratory analyses are compared with the published
reference levels at different phenological stages to make sustainable and efficient
recommendations on fertilization. However, leaf ionomic analyses are complex,
expensive, and time-consuming and involve high reagent costs and negative
environmental impact. Optical sensors are emerging as a faster, more economical
alternative to nutritional diagnosis. These sensors can measure the electromagnetic
energy reflected, absorbed, or transmitted by vegetation (spectral signature) at
different wavelengths. Biotic or abiotic stresses, diseases or nutritional deficiencies
affect this energy and the spectral signature. It can, therefore, be related to crop
nutritional status (Carter, 1998; Mcvicar et al. 2003). Visible and near-infrared (Vis-
NIR) spectroscopy is the most used technology to obtain these measurements (Walsh
etal. 2020). In this context, Vis-NIR spectroscopy has shown potential as a fast, non-
destructive method for analysing several plant features (dos Santos et al. 2023; Guo
et al. 2019; Ling et al. 2019; Rodrigues et al. 2020). The principle is based on
biochemical changes that result in photosynthetic activity, cell structure, and stability
of chemical bond variations, promoting changes in reflectance (Ling et al. 2019).

Several studies have confirmed the potential of spectroscopy to obtain the
concentration of nutrients in different crops. In citrus leaves, Menessatti et al. (2012),
predicted K and N with high accuracy using Vis-NIR spectroscopy and leaves from
trees with different N treatments. In different species of citrus leaves, Galvez-Sola
et al. (2015) determined N, K, Ca, Mg, B, Fe, Cu, Mn, and Zn concentrations using
Fourier Transform NIR (FT-NIR) spectroscopy. In other fruit trees, Phanomsophon
et al. (2022) calibrated models based on partial least squares (PLS-R) to predict N
and K concentration levels in durian leaves with higher accuracy. In vine leaves, Cuq
et al. (2020) studied the nutritional status of P, K, Ca, Mg, Mn, Fe, Cu, Zn, and B
contents in different vine organs (leaf blades, petioles and berries) using PLS models.
The best prediction model was shown for Ca and Mg with R? =0.88, 0.70, 0.72 and
0.60, 0.72, and 0.80 for limbs, petioles, and berries, respectively. In wheat and oats,
N and Mg deficiencies were found to cause a great increase in reflectance in both
Vis and NIR spectral ranges, and deficiencies of P and K resulted in a decrease in
the 412 to 770 nm range. Additionally, Johnson et al. (2021) found that the
combination of NIR and mid-infrared (MIR) ranges showed good potential for the
determination of both macronutrient (N, P, K, Ca, Mg, and S) and micronutrient (Na,
Fe, Mn, B, Cu, Mo, and Zn) concentrations in rice plants (straw and paddy) using
PLS. In sugarcane, Yarce et al. (2012) found high correlations using the NIR region
to predict macro and micronutrients (Ca, Mg, N, P, K, Cu, Zn, Mn, and Fe) and Chen
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et al. (2002) used the same spectral region to predict P. More recent work has been
carried out to study the nutrient concentration in persimmon leaves, achieving better
results using spectroscopy (Acosta et al. 2023a) than hyperspectral imaging (Acosta
et al. 2023b).

The European Union (EU) is committed to promoting sustainable agriculture and
reducing the use of fertilizers by 50 % by 2030 as part of its European Green Deal
and Farm to Fork strategy. To achieve this goal, developing tools and robust
predictive models for nutrient assessment is essential to further developing rational
fertilization plans. Each plant species and variety has its own nutritional needs.
Therefore, it is essential to understand the specific nutritional requirements of the
variety to ensure optimal plant health and productivity. Few studies conducted to
determine nutrients in citrus leaves using Vis-NIR spectroscopy have been found.
This work advances the development of a non-destructive tool for the prediction of
the foliar concentrations of macro (N, P, K, Ca, and Mg) and micronutrients (Na, S,
Fe, Cu, Mn, Zn, B) in citrus leaves based on Vis-NIR spectroscopy, using a portable
field spectrometer. This tool would boost the establishment of rational fertilisation
programmes.

2. Materials and Methods
2.1. Samples

The study was carried out on an eight-year-old trees commercial plot of clementine
mandarins (Citrus clementina Hort. Ex Tan.) grafted on two rootstocks, Citrus
macrophylla and Citrange carrizo. The plot was located in Almenara (Castelldn),
Spain (39°44'59.75” N and 0°13'39.76" W), on a loam-clay soil with good drainage
and a depth greater than 1.5 m with a total area of 72.2 ha. Table 1 shows the amount
of nutrients applied in the experimental plot. These doses are recommended for citrus
cultivation in Mediterranean growing conditions (Quifiones et al. 2010).

Leaf samplings were carried out in June, July, September, October, November 2020,
and January 2021 to enhance the variability of foliar nutrient concentrations. Each
month, 12 samples of eight spring flush leaves from the non-fruiting shoots were
randomly collected and separately bagged. The eight leaves in the same bag were
later used for every ionomic analysis. A total of 592 leaves were collected because
the last sampling included 16 more leaves. The samples were transported to

The laboratory was washed with deionised water and placed on a paper towel to dry
the moisture.
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Table 1. Fertiliser units (kg/ha) applied to the experimental plot.

Annual Dose Chemical Compound (Kg/ha)
N 240
P20s 80
K20 140
MgO 180
Fe 1

2.2. Spectral Acquisition

The CI-710 Miniature Leaf Spectrometer (CID Bio-Science, Inc. Camas,
Washington, USA) was used to record the spectra of the leaves. This fully portable
spectrometer can measure Vis-NIR transmittance, absorbance or reflectance
spectrum between 345 and 1050 nm. The radiation source emitted consists of a
combination of a blue LED and an incandescent lamp, and a clip system protects the
measurement area from interference from the environmental light. Measurements
were taken in 232 bands in the spectral range 430-1040 nm at intervals of 2.6 nm.
The spectral measurements were performed in absorbance mode at two leaf points,
one near the apex and the other near the petiole. The average spectrum of these two
points was obtained. Figure 1 shows the acquisition of the spectrum of the citrus leaf
at a point on the leaf, specifically at the apex, in absorbance mode, with the CI1-710
spectrometer.

Figure 1. Spectral acquisition of citrus leaves in absorbance mode.

2.3. Foliar lonomic Analysis

After the spectral measurements, the leaves were dried in a forced air oven at 65 °C
for a minimum of 72 h and ground to 1 mm with a water-cooled mill (IKA M 20,
IKA Labortechnik, and Staufen, Germany). lonomic analyses were then performed
using eight leaves for every single analysis. The Kjeldahl method (Bodenkunde,
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1982) was used for organic N analysis using a Tecator Kijeltec 8200
TM Digestor (FOSS, Denmark). The other macro and microelements were
determined by an inductively coupled plasma optical emission spectrometry iCAP
7000 (Thermo Fisher Scientific, Waltham, MA USA). Nutrient extraction was
performed by wet digestion using a microwave (Milestone ETHOS UP, Sorisole,
and BG. Italy). 0.2 g of the crushed dry samples were weighed, and 4 mL of MilliQ,
4 mL of nitric acid (HNOs) and 2 mL of hydrogen peroxide (H.0;) were added to
each sample. The tubes were kept at 200 °C for 15 to 20 min. Once digestion had
finished, the extracts were diluted in 25 mL tubes and micronutrient concentrations
were analysed in the ICP. The concentration was calculated through Equation (1).

Micronutrient concentration = ((a — b) x V) /P @

where a was the concentration of Fe, Zn, Mn, Cu, and B in the solution of the
digestion of the foliar sample (mg-L™1); b was the concentration of these nutrients in
the blank (mg-L™?); V was the final volume of digestion (25 mL); and P was the dry
weight of the sample digested. An aliquot of 0.5 mL was taken from the extraction
solution to determine the macronutrients, and it was made up to 10 mL with milliQ
water. The concentration was calculated using Equation (2).

Macronutrient concentration = ((a — b) x vd) / (P x 1000) 2

where a was the concentration of P, K, Mg, Ca, and S in the aliquot from the
digestion of the sample (mg L™1); b was the concentration of these nutrients in the
blank (mg L™); V was the final volume of digestion (25 mL); P was the dry weight
of the sample digested; and d was the dilution factor.

Mo, CI, and Ni were not included in the analysis since these nutrients were recently
considered essential elements in plants (Marschner, 1985), and, hence, the focus was
placed on the nutrients with reference values for nutritional diagnosis that had
already been established.

2.4. Chemometric Analysis

The two spectra obtained from each sample were averaged to obtain a single value
per leaf and correlated with the nutrient concentrations determined by ionomic
analysis. Five pre-treatments were applied to the spectra. Mean centre (MC) was
used to centre each variable by subtracting the mean of all the elements of that
variable (Ulissi et al. 2011). Savitzky-Golay (SG) smoothing (Savitzky & Golay,
1964) was applied to reduce random noise and increase the signal-to-noise ratio. A
reduction in dispersion was performed through Standard Normal Variate (SNV)
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(Barnes et al. 1989), while the first (1D) and the second derivatives (2D) were used
to eliminate constant baseline offsets and offsets that vary linearly with wavelength
(Alchanatis et al. 2005). Models combining MC with the other techniques were
trained and tested.

PLS-regression (PLS-R) is a common technique to establish a correlation between
sample spectra and the properties of interest, such as nutrient concentration
(Furlanetto et al. 2020). In this work, PLS-R models were trained to predict the
nutrient content in citrus leaves (Lindgren et al. 1993). A separate model was
developed for each nutrient by creating a table with the leaf samples as rows and pre-
treated spectra (X-variables) as columns. An additional column was added to each
table to include the actual nutrient concentration values obtained from ionomic
analyses, which served as the variable to be predicted (Y -variable). Samples were
randomly divided into a training set (75 %) for calibration and an independent test
set (25 %) for external validation. We checked that there were no statistical
differences in the nutrient concentrations of both tests. The training set was used for
calibration and cross-validation (CV), while the test set was for external validation.
Parameter optimisation is essential to improve the efficiency and accuracy in the
development of models (Dimov et al. 2015; Todorov & Dimov, 2020). CV was
employed to determine the optimal number of PLS-R latent variables (LV) and
estimate the model uncertainty in the training set (Cawley & Talbot, 2003). The
model with the lowest root-mean-square error (RMSE) and the highest coefficient
of determination (R?) in the test of the model was selected, along with the LV used
to calibrate a robust model. LV refers to a series of factors used to build a reliable
model, and a smaller number of components with a lower error indicate a higher
level of prediction accuracy (Wold et al. 2001).

In addition, a study was also conducted to determine whether a subset of wavelengths
is important for predicting nutrients. In this work, the weighted regression
coefficients (BW) of the PLS-R model were used to determine the wavelengths of
interest for the prediction of micro and macro elements. This method measures the
association between each wavelength and the content of the element under study,
where wavelengths with large absolute BW coefficient values are the most important
in the model (Mehmood et al. 2012). The BW coefficients were calculated directly
from the PLS loadings corresponding to the model with the optimum number of LV
(Frenich et al. 1995). This selection was only applied to the PLS-R models with an
R? higher than 0.60.
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3. Results and Discussion

3.1. Descriptive Statistics of the Foliar Macro and Micronutrient
Concentrations

Table 2 shows the descriptive statistical values of foliar macro and micronutrient
concentrations of the leaves taken throughout the crop cycle, as determined by
ionomic procedures. This table summarises the values found for all samples, but the
calibration and validation sets had very similar values and distribution for the
concentrations. The values obtained for the sampling carried out in November are
shown in brackets since it is considered the optimal date for the nutritional diagnosis
of citrus. N and Cu nutrients were found to be deficient. The value obtained for P
was low. Nutrients such as K, Na, S, Fe, Mn, Zn, and B yielded an optimum value.
The results obtained for Ca and Mg were high. The classification was developed
according to the reference parameters described in Quifiones et al. (2010).

Table 2. lonomic analysis of the citrus leaves. Concentrations are expressed in % for
macronutrients (N, P, K, Ca, Mg, Na, S) and mg/kg for micronutrients (Fe, Cu, Mn, Zn, B)
based on the dry matter weight.

N P K Ca Mg Na S Fe Cu Mn Zn B

November 194 0.11 0.83 565 0.52 0.03 0.33 83.13 3.03 251 26.7 46.61

21 013 1.00 401 041 0.03 0.28 7226 3.95 22.32 28.51 41.88

Mean

@) L © H) H © © @© > © © (©
Max 278 0.22 1.71 6.57 0.68 0.06 0.37 1499 14.8 5493 57.64 94.9
Min 1.48 0.05 0.36 1.05 0.12 0.01 0.16 289 0.75 6.34 348 2157
SD 0.29 0.04 035 1.36 0.13 0.01 0.05 27.65 2.77 11.44 14.25 12.12

Median 206 0.14 096 4.18 0.41 0.03 0.29 65.75 3.19 20.98 27.48 41.13

SD: standard deviation; D = deficient; L = low; O = optimum; H = high. The values obtained
in November are shown in brackets.

3.2. PLS-R Models for Macro and Micronutrients Estimation

Table 3 presents the predictive results for each element using PLS-R with the optimal
spectra pre-treatment. The macronutrients P, K, and Ca showed the highest accuracy
for calibrating the models using CV. The P model was calibrated using 10 LVs and
MC, with an R? of 0.66 being obtained. The K model was calibrated using 12 LVs
and MC + SNV, with an R? of 0.58, while Ca was calibrated using 7 LVs and MC +
1D, an R? of 0.63 being obtained. Using the test set, an R? of 0.60 was achieved for
P, and the K model obtained an R? of 0.63. However, the R? for Ca was lower (0.53).
In the case of N, the performance of the model was lower, with an R? of 0.57 being
obtained. Regarding the micronutrients, the model for B was the most accurate in
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calibration and testing. This model was calibrated using 7 LV and MC + 1D, an R?
of 0.64 being obtained in the CV and an R2 of 0.69 in the test. In all cases, a relatively
low RMSE was achieved.

Table 3. Results for calibration, cross-validation, and test sets using PLS-R.

Cross-

Nutrient TreZ;?r;ent LVs Calibration Validation Test Set
RMSE R? RMSE R? RMSE R?
N MC 10 0.18 0.58 0.18 0.55 0.19 0.57
P MC 10 0.02 0.69 0.02 0.66 0.02 0.60
K MC + SNV 12 0.21 0.65 023 0.58 0.22 0.63
Ca MC + 1D 7 0.65 0.67 069 0.63 0.73 0.53
Mg Raw 9 0.08 0.52 0.08 047 0.08 0.47
S MC 11 0.02 0.52 003 048 0.03 0.44
Fe MC 7 2493 0.48 2493 046 2439 048
Cu Raw 9 0.93 0.33 095 0.29 0.93 0.31
Mn MC + SNV 12 7.73 0.53 8.42 0.44 8.07 0.49
Zn MC + 1D 7 9.94 0.50 1052 044 1025 0.46
B MC + 1D 7 5.26 0.70 575 0.64 5.83 0.69

LV: Latent variables; RMSE: Root mean square error; MC: mean centre; SNV: standard
normal variate; 1D: first derivative.

The results for macronutrient prediction were particularly noteworthy for P and K:
R?=0.60 using MC and R?=0.63 using MC + SNV, respectively. B had the highest
prediction accuracy for micronutrients, with an R? = 0.69 obtained using an MC +
1D pre-treatment. The models were less accurate for the rest of the micro and
macronutrients (R? < 0.60). Comparable results were achieved in previous scientific
literature, but this study has unique features that make the outcomes closer to natural
crop stages. In citrus Osco et al. (2020), predicted the concentration of macro and
micronutrients in ‘Valencia’ orange leaves using a handheld spectroradiometer in
the spectral range of 380 to 1020 nm. For the macronutrients, the R? range was
between 0.62 and 0.90. However, the study was based on a limited test set of 32
leaves and had several misconceptions. The methods used were primarily for
classification rather than regression, making it unclear how the coefficients of
determination were obtained.

Additionally, the number of leaves required for chemical analysis was not stated, and
only one leaf might not suffice to obtain the minimum amount required as with
traditional methods. In six different citrus tree species Galvez-Sola et al. (2015) used
FT-NIR (830-2600 nm) to predict macronutrients, achieving R? values ranging from
0.88 to 0.99. However, the spectral measurements were conducted on powdered leaf
samples, thus forfeiting some of the primary advantages of these methods, such as
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simplicity and non-destructiveness, and avoiding the need to process the samples.
Since the different citrus species exhibit varying nutrient concentrations, the results
could be influenced by intrinsic species-specific factors. Obtaining practical results
would, therefore, require independent knowledge of the predictions for each species.
In citrus, Menesatti et al. (2012) employed Vis-NIR spectroscopy to determine
macronutrient levels in 20 Tarocco leaves. They observed high R? for all nutrients
except for P. However, the experimental setup involved using a randomised block
design with five rates of N input at varying levels, ranging from 0 to 800 g N per tree
per year, from no N to twice the typical recommendations. As a result, the models
could predict extreme cases of nutrient deficiency or excess, but their ability to
accurately predict or differentiate nutrient concentrations under more typical
fertilisation rates was not demonstrated. On the contrary, the present study
successfully captured the natural variability of nutrient values observed in the field
throughout the season under commercial recommendations.

3.3. Evaluation of Relevant Wavelengths for Prediction

Figure 2 shows the BW coefficients with the associated wavelengths for the most
accurate models (P, K and B). The important wavelengths selected for P, K, and B
were close to 440-530 nm and 560-690 nm. For P, the selected wavelengths, in order
of importance, were 483, 554, 689, 538,454, 475, 520, and 612 nm. For K, they were
457, 538, 596, 688, 475, 560, and 499 nm, and for B, they were 472, 659, 506, 596,
443,649, 683,480, 562, 498, and 699 nm. The selected wavelengths were all situated
in the visible region (430-750 nm), related to photosynthetic pigments that absorb
about 90% or more of the incoming light (Gates, 1965). In contrast, there are no
strongly absorbing molecules in the NIR, so plants refract or transmit all but about
10% of the incoming radiation in this region (Jacquemoud, 2008). This is also
compatible with the fact that deficiency or excess of some nutrients can affect
pigment accumulation in leaves, which influences the absorption or refraction of
specific wavelengths of visible light. These photosynthetic pigments in the leaves
are mainly chlorophylls (Sonobe et al. 2018) and carotenoids (Gitelson et al. 2002),
which play a crucial role in plant photosynthesis. In this process, the plant forms
sugars from the energy received from sunlight and CO, that the plant absorbs.
Chlorophylls are divided into chlorophyll a and chlorophyll b, which are responsible
for the characteristic green colour of leaves with an absorption of carotene b and
xanthophylls and exhibit strong light absorption in the blue region of the spectrum
(450-500 nm) (Demmig-Adams et al. 1996).
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Few studies have identified which individual wavelengths are the most important in
predicting macro and micronutrients in citrus leaves. Osco et al. (2020) used a Vis-
NIR spectroradiometer to identify the optimal wavelengths and observed that all
bands selected to predict P were found in the visible region, while for K, they were
located only in the NIR region. In apple leaves, Azadnia et al. (2023) used Vis-NIR
spectroscopy and variable importance in projection (VIP) scores to select the most
important wavelengths for P and K.
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Wavelength ( nm)

Potassium (%)

Regression Coefficient (B

457 Wavelength (nm)

Boron (ppm)
659

T

Regression Coefficient (8)
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Figure 2. BW coefficients from PLS-R models of P, K, and B.

For P, all the selected bands were also located mainly in the visible region (between
575 and 700 nm), except for one that was selected around 970 nm. In the case of K,
they found six spectral regions in the visible (between 505 and 700 nm) and NIR
(between 920 and 965 nm).
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This technology provides a detailed analytical view of nutrient content in plants for
rapid non-destructive estimates of macro and micronutrients in leaves, which will
pave the way to the planning of better and more efficient fertilisation systems under
a precision agriculture strategy. However, little research has been performed on
alternative techniques, such as Vis-NIR spectroscopy, for macro and micronutrient
prediction in orchard crops. The results indicated that it is possible to perform
relatively accurate predictions for some nutrients, such as P, K, and B, while it is
necessary to continue working to achieve better models for others. Important
wavelengths have been found only in the visible part of the spectrum, which can
guide future work to advance in this direction. Chemometric methods are possibly
the primary approach to analyse spectral data. However, algorithms based on deep
learning approaches could be further trained and optimized to achieve robust results
capturing the variability found in the samples throughout the entire season.
Moreover, this work also advances the achievement of future field measurements for
macro and micronutrient prediction. Currently, there are no portable spectral devices
aimed at estimating nutrient concentration, and the closest solutions come from
chlorophyll meters used to estimate N, with limited success.

4. Conclusions

This work has studied the potential of Vis-NIR spectroscopy to predict the
concentration of nutrients in cv. 'Clementina de Nules' citrus leaves through a
vegetative cycle as a faster and non-destructive alternative to foliar ionomic
analyses. The results showed a good ability (R?> 0.60) to estimate the concentrations
of P, K, and B with relatively low RMSE for the independent prediction set. The
other nutrients studied were estimated with relatively lower performance. Effective
wavelengths were found in the visible region for P, K, and B using the BW
coefficients, which suggest that this region contains the most relevant information
for nutrient prediction. Hence, future works should focus on it.
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Abstract: Accurately fertilising citrus trees requires a precise understanding of the
plant's nutritional status. Traditionally, complex, and expensive ionic analyses of
leaves have been used for this purpose. An alternative approach to ionomic analyses
involves hyperspectral imaging (HSI), which has been successfully applied to other
crops. Moreover, carefully selecting leaves, which act as nutrient reserves for other
developing organs, is crucial for obtaining accurate results in nutritional diagnosis.
This work aimed to estimate the concentrations of macro and micronutrients of
'Clementina de Nules' citrus trees using visible and near-infrared HSI, discriminating
in advance the young leaves (from spring sprouting) from old leaves (previous
cycles). Leaf samples were collected during two consecutive seasons in a
commercial orchard: in the first season, 480 (including both young and old leaves)
were collected in May, and in the subsequent season, 640 spring flush leaves were
gathered from May to December. Discrimination between young and old leaves
using the spectral information was done by principal component analysis (PCA) and
partial least square-discriminant analysis (PLS-DA), while the potential to predict
nutritional concentrations was performed using PLS regression (PLS-R). Young and
old leaves were correctly discriminated with an accuracy of 99.4 % using optimal
wavelengths. The highest prediction of nutrients was achieved for P, K, Ca, Fe, and
Cu, with R? values around 0.60-0.69 using the whole spectrum. When the optimal
wavelengths were selected, the models predicting those nutrients showed accuracies
with R? values around 0.57-0.67.

Keywords: hyperspectral imaging; non-destructive; plant nutrition; leaves; precision
agriculture

1. Introduction

Citrus fruits rank among the most widely consumed fruits globally. In 2020, global
citrus production reached an estimated 152 million tons, according to the Food and
Agriculture Organization (FAO). China leads the global production, yielding over
44.6 million tons, followed by Brazil with 19.4 million tons, India with 13.9 million
tons, Mexico with 8.8 million tons, and Spain in sixth place with over 6.8 million
tons (FAOSTAT, 2020). For the 2022/2023 season, total world production is
forecasted at 47.5 million tons of oranges, followed by tangerines with 36.6 million
tons, lemons with 9.3 million tons, and grapefruit with 6.8 million tons (USDA,
2023). Mediterranean citrus production accounts for approximately 20 % of global
output (FAOSTAT, 2020), led by Spain, with 60 % of the production and a cultivated
area of 330.504 ha (MAPA, 2023).
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The extensive cultivation of citrus worldwide demands economically and
environmentally sustainable practices, with fertilisation as a key factor influencing
production costs, environmental impact, fruit quality, and overall crop yields. Hence,
nutrients are crucial in crop growth and productivity (Campisi-Pinto et al. 2017). An
optimal fertilisation program entails monitoring the plant's nutritional dynamics
throughout its vegetative cycle and adjusting fertiliser application doses according
to the requirements of the trees at different crop stages (Kadyampakeni et al. 2015).

An excess of nutrients can lead to plant toxicity, elevate soil salinity, and hinder
water absorption by roots, causing osmotic imbalances. Furthermore, surplus
fertilisers can contaminate surface and subsurface water through lixiviation (Rehman
et al. 2021). Excessive fertiliser usage can present economic challenges for farmers
and endanger short- and long-term sustainability of agricultural production. Thus, it
is crucial to develop production systems with reduced reliance on inputs to enhance
the sustainability of farming practices (Thompson et al. 2019).

Within the actions of the United Nations (UN) for global sustainable development
and promoting a pollution-free, healthy life and food safety, Europe has implemented
the Green Deal, which is legally binding for all European Union member states, to
make Europe the first climate-neutral continent by 2050. The European Commission
is acting to reduce nutrient losses by at least 50 % while ensuring no deterioration in
soil fertility. It is expected that the use of fertilisers will be reduced by at least 20 %
by 2030, by applying balanced fertilisation and sustainable nutrient management
throughout the lifecycle.

Effective resource management is essential to achieve these goals. Reducing the use
of fertilisers reduces expenses, enhances fruit quality, and minimises the risk of
contamination (Kremsa, 2021; Ruan et al. 2024). Nevertheless, insufficient essential
nutrients can result in plant deficiencies, manifesting symptoms like leaf yellowing,
inhibited growth, foliar abnormalities, and diminished flowering, leading to
decreased yields (Marschner, 2012). To prevent these issues, applying fertilisers at
appropriate rates corresponding to the phenological stage is imperative, following
recommended nutrient management practices.

Essential nutrients can be classified into macronutrients and micronutrients based on
the quantity required by plants. Macronutrients, including nitrogen (N), phosphorus
(P), potassium (K), calcium (Ca), magnesium (Mg) and sulphur (S), are essential in
substantial for their physiological functions in plant metabolism and enzymatic
processes (Menino, 2012). Micronutrients such as iron (Fe), copper (Cu), manganese
(Mn), zinc (Zn), boron (B), molybdenum (Mo), chlorine (CI) and nickel (Ni) are
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involved in the process of photosynthesis, cell division, and elongation requiring
smaller quantities for optimal plant health (Jones, 2012; Marschner, 1995).

Currently, used nutrient diagnostic methods encompass subjective visual
assessments in the field, which rely on growers' expertise, and destructive ionomic
analysis, known for its time-consuming, costly, labour-intensive, and complex
procedures (Acosta et al. 2023a). Conversely, modern non-destructive optical
techniques have emerged as practical and feasible means of plant nutritional
diagnosis (Nadafzadeh et al. 2024; Silva et al. 2023). Among these technigues,
spectral-based sensors, such as hyperspectral imaging (HSI), stand out since they
capture spectral and spatial information relevant to plant nutritional status (Du et al.,
2023; Siedliska et al. 2021). Several studies have tested the potential of this
technology in assessing nutrient concentrations across various crops (Chen et al.
2024). For instance, in persimmon, Acosta et al. (2023b) used HSI within the range
of 500 to 980 nm combined with partial least squares regression (PLS-R) to predict
leaf nutrient content. Satisfactory accuracy was achieved for elements such as N, P,
K, and B, with R2 values exceeding 0.62. In olive trees, Gémez-Casero et al. (2007)
discriminated different N and K treatments within the 400-900 nm range using
several spectral indices, including the NDVI, attaining accuracies of 99.2 % for N
and 94.4 % for K. Debnath et al. (2021) conducted a comparative experimental study
on grapevine leaves, discriminating healthy leaves from those with nutritional
deficiencies using HSI in the range of 380 nm to 1000 nm. Healthy leaves were
discernible using the first derivative (1D) between 675 and 775 nm. De Silva et al.
(2023) determined macro and micronutrient concentrations in leaves across the 400
to 1000 nm spectral range in macadamia trees. Employing PLSR, the best models
achieved an R2of 0.55 for N, R? of 0.77 for P, R2 of 0.77 for K, and R2 of 0.75 for
Ca as the best results.

These studies have been conducted by manually sampling selected leaves from
specific sprouts and analysing them in the laboratory. However, the nutritional status
of the crop should ideally be diagnosed in the field using sensors onboard ground or
aerial vehicles, such as agricultural robots, tractors or drones.

In citrus plants, the ideal timeframe for conducting a nutritional diagnosis falls in
November, coinciding with the age of 7 to 9 months of the spring-flush leaves, since
these leaves maintain a stable concentration of mineral elements during this period,
unlike other moments of the vegetative cycle (Menino, 2012). Therefore, the
reference tables have been developed for these leaves (Quifiones et al. 2012). A
problem arises when images captured by sensors on these vehicles capture leaves of
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different ages and sprouts, which can lead to inaccurate diagnoses. Therefore,
developing methods to discriminate the appropriate leaves in the images is
imperative to perform a reliable nutrient diagnostic.

In this regard, no previous research has discriminated leaves from different sprouts
in images to accurately assess the nutrient concentration in citrus or any other crop.
Therefore, the objectives of this study are to evaluate the potential of a Vis-NIR HSI
system in distinguishing citrus leaves from different vegetative moments and use the
spectral information of these leaves to determine the nutrient concentrations of
macro (N, P, K, Ca, Mg, S and Na) and micronutrients (Fe, Cu, Mn, Zn and B).

2. Material and methods

2.1. Experimental design and citrus leaves samples

The study was conducted in a commercial plot of adult citrus cv. 'Clementina de
Nules' (Citrus clementina Hort. Ex Tan.) mandarin grafted on Carrizo Citrange
rootstock (C. sinensis (L.) Osbeck. x Poncirus trifoliata (L.) located in Almenara
(Castellon) Spain (39° 44' 59.75" N and 0° 13' 39.76" W), with a total area of 72.2
ha in a loam-clay soil under drip irrigation system. Trees were fertilised according
to the annual dose established for adult trees (table 1).

Table 1. Fertiliser doses applied to the experimental plot.

Nutrient Dose (Kg/h)
N 240
P20s 80
K20 140
MgO 180
Fe 1

Two leaf samplings were performed during two vegetative seasons, S1 and S2. The
S1 collection was completed in May 2021. Sixty samples of eight leaves each were
randomly selected around the tree canopy, separately bagged, and carried to the
laboratory for further processing. In total, 480 leaves were collected, of which 240
were spring sprouting leaves, considered young leaves, and 240 were from older
vegetative cycles, considered old leaves. In the S2 collection, 80 leaves were
collected monthly from May to December 2022, for a total of 640 leaves. Each
month, ten samples of eight leaves from non-fruiting branches of spring flush leaves
were randomly selected, individually bagged, and carried to the laboratory. All the
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collected samples were cleaned with deionised water and placed on paper towels to
air dry when arriving at the laboratory.

2.2. Hyperspectral imaging acquisition and processing

The HSI system, capable of capturing images in the spectral range of 500 to 980 nm,
was composed of an industrial camera (CoolSNAP ES, Photometrics, AZ, USA),
two liquid crystal tuneable filters (Varispec VIS-07 and NIR-07, Cambridge
Research & Instrumentation, Inc. MA, USA), and a lens (Xenoplan 1.4/23,
Schneider Optics, Hauppauge, NY, USA) with the ability to cover the entire spectral
range without losing focus. The system was configured to acquire images with a
resolution of 1392 x 1040 pixels, featuring a spatial resolution of 0.14 mm/pixel and
a spectral resolution of 10 nm. An integration time calibration for each spectral band
was carried out to optimise the dynamic range of the camera, prevent image
saturation, and correct the spectral sensitivity of the various components of the
system. This step was done by capturing the average reflectance from a white
reference target (Spectralon 99 %, Labsphere, Inc. NH, USA) at 90 % of the dynamic
range of the camera.

The scene was illuminated using 12 halogen spotlights, each with a power of 37 W
(Eurostar IR Halogen MR16, Ushio America, Inc. CA, USA), operated with direct
current (12 V). These spotlights indirectly illuminated the scene within a
hemispherical dome. The interior surface of the aluminium dome was painted white
and given a rough texture to minimise directional reflections that could lead to bright
spots, ensuring highly uniform lighting. A holder was employed to position the leaf
samples inside the dome. Equation (1) Gat, (2000) was used to obtain the reflectance,
pxy (X,¥,A), using the white and a dark reference:

R(xryvﬂ')_RblaCk(xvyrA) (1)

pxy (x’ y’ A) - pREf (A) RWhitE (xryvl)_RblaCk (xvyvl)

where prei(2) represents the standard reflectance of the white target (99 %), R(x,y,4)
is the radiance of the leaf as captured by the camera sensor, Runie(x,),4) corresponds
to the radiance of the white reference target, and Roiack(x, 3, 4) is the radiance obtained
when avoiding any light source to measure the electronic noise of the sensor. Each
hyperspectral image was composed of eight leaves. The procedure proposed by
(Munera Picazo et al. 2021) was followed to obtain the mean spectrum of each leaf
(figure 1). First, a principal component analysis (PCA) was used to obtain the PC
images that better contrasted the leaves and the background. The selected image of
PC 1 was first min-max normalised to scale the intensity values in [0, 1], then
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binarised by the Otsu method (Otsu, 1979). Finally, a morphological opening
operation was applied to remove noisy pixels or objects.

VIS & NIR

Figure 1. Segmentation of the leaves in the hyperspectral images.

2.3. lonomic analysis

After the image acquisition, the eight leaves in each hyperspectral image were used
for the ionomic analysis as a single sample, as they were necessary to obtain the
minimum dry matter weight required by ionomic analysis. All leaves were dried in
a hot-air oven (Selecta, Barcelona, Spain) at 60 °C until constant weight. Then,
leaves were grounded to 1 mm with a water-cooled mill (IKA M 20, IKA
Labortechnik, Staufen, Germany) and stored at 4 °C until later analysis to quantify
the concentration of the nutrients. The determination of organic N was performed
through a Tecator Kjeltec 8200 TM Digestor (Kjeltec 8200, FOSS Iberia SA,
Barcelona, Spain) using the Kjeldahl method (Bremner, 2016). The other macro and
micronutrients were determined by an inductively coupled plasma optical emission
spectrometry iCAP 7000 Plus Series ICP-OES (Thermo Scientific, Waltham, MA
USA). The extraction from the solid samples was previously performed by wet
digestion using a microwave (Milestone ETHOS UP, Sorisole, BG. Italy). For this,
0.20 g of the crushed samples were weighed, and 4 mL of MilliQ, 4 mL of nitric acid
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(HNOs) and 2 mL of hydrogen peroxide (H20,) were added to each sample. The
tubes were kept at 200 °C for 15 to 20 min. After digestion, the extracts were diluted
in 25 mL tubes, and the nutrient concentrations were subsequently analysed using
the ICP.

2.4. Data analysis

The reference data obtained by the ionomic analysis was first tested for normal
distribution using the Kolmogorov-Smirnov test to evaluate the statistical
differences between both vegetative cycles of the leaves. The non-parametric
Kruskal-Wallis test was carried out as the data did not follow a normal distribution.
Significance was defined at p < 0.05. These analyses were conducted using
StatGraphics software (Manugistics, Inc. Rockville, USA).

Before the discrimination of young and old leaves, an exploratory analysis of the
spectral data using PCA was performed to identify patterns and essential
wavelengths. This unsupervised projection method condenses data by creating new
variables as uncorrelated and linear combinations of the original variables (Lorente
et al. 2012). The predictive models were constructed using the Partial Least Squares
(PLS) method. This approach tries to find a linear regression model of latent
variables (LVs) by projecting the X and Y variables into a new latent space, where
the covariance between these LVs is maximised (Lorente et al. 2012). PLS
discriminant analysis (PLS-DA) models were employed to discriminate leaves from
different seasons, using the mean spectra as X variables and the leaves classes
(young =1; old =0) as Y variables. PLS regression (PLS-R) models were developed
to predict the nutrient content in the young leaves, using the mean spectra as X
variables and nutrient concentrations as Y variables.

For the model calibration and test of the discrimination of young and old leaves, the
mean spectra of the 480 leaves collected in S1 were randomly divided into two data
sets: 320 samples (66.7 %) were selected for model calibration, and the remaining
160 samples (33.3 %) were used for testing. The spectra were pre-treated using
standard normal variate (SNV) to reduce the scatter due to the irregular surface of
the leaves (Rinnan et al. 2009). First, an exploratory spectral data analysis was
performed using PCA to identify hidden patterns and essential wavelengths that
could help discriminate both classes of leaves. This unsupervised projection method
condenses data by creating new variables as uncorrelated and linear combinations of
the original variables (Lorente et al. 2012). Then, a PLS-DA model was performed
to classify young and old leaves in a supervised manner.
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For the prediction of the nutrient concentration, the young leaves obtained monthly
in the S2 collection plus the 240 young leaves from the collection of S1 were used.
Similarly to the previous PLS-DA model, the 880 individual spectra were randomly
separated into two datasets: 590 samples (67.0 %) were chosen for model calibration
and validation, and the remaining 290 samples (33.0 %) were used for testing. In this
case, no pre-treatments were applied to the raw spectra, considering our previous
study on persimmon leaves Acosta et al. (2023), where several pre-treatments were
tested, obtaining the best results using the raw spectra. The mean value of the nutrient
concentration determined by ionomic analysis of the set of eight leaves in each
hyperspectral image was correlated with the mean spectrum obtained from each leaf
of this set in the PLS-R models.

The essential wavelengths for predicting each nutrient were selected using the
weighted regression coefficients (BW) extracted from the PLS-R models with the
optimum number of LV (Frenich et al. 1995). Although PLS-R is not explicitly
designed as a feature selection method, fitting a PLS-R model yields regression
coefficients that indicate the relative contribution of each original variable to the
components. These coefficients serve as weights of the importance of each predictor
variable (in this case, wavelengths) concerning the response variable (nutrient
concentration). Variables with large regression coefficients (positive or negative)
wield more influence on the construction of these components, so they were regarded
as contributing significantly to explaining the variability in the response variable
(Mehmood et al. 2012).

Some methods involve a threshold to decide whether a variable is relevant, as in the
case of Variable Importance in Prediction (VIP). Since the average of the squared
VIP scores equals 1, it is generally accepted that the variable is relevant if the score
exceeds 1 (Chong & Jung, 2005). However, the BW does not give any potential
threshold, so it was empirically decided to select the ten variables with the highest
BW.

The selection of the optimal number of LVs and the estimation of the error rate in
both types of PLS models were performed using a 10-fold cross-validation (CV) on
the training set (Hastie, 2017). The performance of the models was evaluated by the
accuracy of classification (the correct sample predicted divided by the total number
of samples) in the case of the discrimination between young and old leaves and by
using the coefficient of determination (R?) and the root mean square error (RMSE)
for nutrient prediction, in the calibration and test sets.
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. All spectral analyses were performed using The Unscrambler X 10.3 (CAMO
Software, Oslo, Norway).

3. Results and discussion
3.1. Assessment of the vegetative cycles

3.1.1. lonomics of young (spring sprouting) and old leaves (previous cycles)

Table 2 shows the concentrations of macro and micronutrients found in the leaves of
two vegetative cycles from the S1 collection, determined by ionomic procedures.
Mobile nutrients, translocated from the leaves to other plant organs during
development, showed lower concentrations in old leaves, while their accumulation
was significantly higher in the young leaves (Obreza, 2008). Thus, the concentration
of N, P and K in young leaves were higher than in old leaves, while the contrary
pattern occurs in immobile nutrients, like the other macronutrients and all
micronutrients (Mengel, 2000).

Table 2. Macro and microelements concentration in the young and old leave samples in the
S1 collection.

Macronutrients (%) Micronutrients (ppm)

N P K Ca Mg Na S Fe Cu Mn Zn B

* * * * * * * * * * * *

Mean 254 025 209 229 029 0.04 022 515 11.00 1756 20.10 35.10
Young Max 297 036 296 496 036 0.14 0.33 165.0 34.70 48.00 51.60 58.10
leaves Min 189 0.09 060 1.28 0.17 002 001 222 568 853 6.67 12.00
SD 0.16 0.05 044 048 0.05 0.01 009 223 322 546 831 991

Mean 197 0.09 071 515 0.34 0.04 030 624 3780 266 304 40.80

old Max 247 012 106 6.09 044 010 0.38 188.0 63.30 54.10 81.20 60.40
leaves  Min 158 0.07 043 334 022 0.02 018 224 1400 1320 1230 4.85
SD 014 002 015 0.74 0.06 002 0.05 250 1310 7.24 13.80 10.30

* statistical differences (p < 0.05) according to the vegetative cycle.
3.1.2. Exploratory analysis of citrus leaves spectra

The mean spectrum of young and old leaves is plotted in figure 2. The leaves of
citrus trees evolve throughout development, undergoing chemical, morphological
and structural changes. These changes make the spectral fingerprint different
depending on the moment of the vegetative stage, and these differences are reflected
in the measurements of the average spectrum. (Mediavilla & Escudero, 2009). In
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both cases, the mean spectrum presented a greater absorption in the Vis region (500-
750 nm), where electron transmission between pigment compounds occurs (Zhang
et al. 2007), due mainly to the chlorophyll content associated with absorbance peaks
around 500 and 670 nm (Homolova et al. 2013). The 510-520 nm region is also
associated with carotenoids (Ustin et al. 2009), and Feret et al. (2008) demonstrated
that the ratio of chlorophylls to carotenoids is informative to reflect the plant
phenology and nutrition status. These absorbance peaks were higher in the young
leaves since they present a higher photosynthetic activity. In contrast, both types of
leaves showed a lower absorbance in the NIR region, where internal structure and
organic compounds have a higher contribution (Prananto et al. 2020). Still, the young
leaves showed lower reflectance, around 950 nm, probably due to higher tissue water
content (Jacquemoud, 2008).
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Figure 2. Mean spectra of the young and old leaves.

A PCA was performed to explore the spectral data of the citrus leaves in the
calibration set. The scores were projected in the space defined by the two first PCs,
explaining 92.3 % of the total variance (88.0 % and 4.3 %). Two groups of scores
were found, corresponding clearly to the age of the leaves. Using only the PC1, the
two types of leaves could be better separated (figure 3a).
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Figure 3a. Scores of the first two PCs of PCA.
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Figure 3b. Loadings of the first PC of the PCA.

Therefore, the loadings of each wavelength for the PC1 are shown in figure 3b. The
wavelengths that contributed the most to this separation were found mainly in the
Vis region, around 500, 550, 680 and 710 nm. These wavelengths are related to
strong absorption peaks of pigments related to nutrients, primarily chlorophyll and
carotenoids (Feret et al. 2008; Homolova et al. 2013).

3.1.3. Classification models

PLS-DA models were calibrated to discriminate young leaves from old leaves, and
the results are shown in table 3. In the calibration, 99.7 % of the samples were
correctly classified, and similar results were obtained in the test set (99.4 %). This
high accuracy is related to the large separation of scores in the first PC of the PCA.
Considering the loadings of the first PC of the PCA (figure 3b), a new model was
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calibrated using the wavelengths with the highest contribution to score separation in
the PCA. The new model was calibrated using ten wavelengths, 500, 550, 560, 660,
670, 680, 700, 710, 720, and 730 nm, obtaining the same performance in classifying
the leaves as the model using all wavelengths, 99.4 %. These results indicate that the
age of the leaves is mainly related to the visible region.

Table 3. Results of the discrimination of young and old leaves.

Calibration (CV) Test
w LV Class
Young Old CC(%) Young Old AC((:;J;ICy
49 Young leaves 160 0 997 80 0 99.4
Old leaves 1 159 ' 1 79 '
10 Young leaves 160 0 99.4 80 0 99.4
Old leaves 2 158 ' 1 79 '

W = wavelengths; LV = latent variable; CV = cross-validation
3.2. Prediction of macro and micronutrient content in spring citrus leaves

3.2.1. lonomics of spring flush leaves

Once the young leaves of the S1 collection were discriminated, these were merged
with the leaves of the S2 collection (all spring-sprout leaves). The statistical
description of the nutrients of the leaves is shown in table 4. The values obtained for
the sampling carried out in November are shown since it is considered the optimal
date for the nutritional diagnosis of citrus. Nutrients such as K, Na, S, Fe, Mn, Zn,
and B yielded an optimum value as described by (Quifiones et al. 2012). However,
the concentrations of N and Cu were deficient. The P was low, while Ca and Mg
were present in higher concentrations.

Table 4. Macro and microelements content in all spring sprouting citrus leaves.

Macronutrients (%) Micronutrients (ppm)
N P K Ca Mg Na S Fe Cu Mn Zn B

194 011 083 565 052 003 033 831 303 251 267 46.6
G L © H ¢H © © © O © (© ©

Nov

Mean 223 016 128 361 04 0.03 027 6740 568 21.20 26.50 40.10
Max 297 036 296 657 9.26 0.14 0.37 165.00 34.70 54.90 57.60 70.40
Min 148 005 036 1.05 012 0.01 0.01 2220 0.75 6.34 3.48 12.00
SD 032 007 061 141 032 0.01 007 2820 4.18 1040 134 10.70

D: deficient, L: low, O: optimum, H: High (Quifiones et al. 2012); SD: Standard deviation
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3.2.2. Prediction models

PLS-R models were calibrated to predict the content of each macro and
micronutrient in all those spring sprouting leaves using 49 wavelengths from 500 nm
to 980 nm, and the results are shown in table 5. The macronutrients P, K, and Ca
showed the highest accuracy with similar results in the calibration of the models.
The P model was calibrated using 5 LVs, obtaining an R? of 0.70 and an RMSE_, of
0.04 %. The K and Ca models were also calibrated using 5 LVs with an R? of 0.68
and an RMSE_, of 0.37 % and 0.78 %, respectively. When the models were tested,
Ca model presented the highest value of R?, 0.69, while P and K presented R2values
of 0.61 and 0.62, respectively. The performance of N and Mg models was lower,
with an R? of 0.56 and an RMSE,, of 0.21 % and 0.08 %, respectively, in the
calibration, and R? of 0.52 and 0.54 and RMSEr 0.23 % and 0.09 %, respectively, in
the test. In the case of S and Na, the models presented the lowest R? values in both
calibration and test.

Concerning micronutrients, Fe and Cu models demonstrated the highest accuracy for
calibration and testing sets. The Fe model underwent validation using 9 latent
variables (LVs), resulting in an R? of 0.66 and an RMSE,, of 16.4 ppm. Similarly,
the Cu model, calibrated with 5 LVs, achieved an R? of 0.66 and an RMSE,, of 5.53
ppm. During testing, the Cu model maintained an R? of 0.66 and an RMSEp of 5.53
ppm, while the Fe model exhibited an R? of 0.60 and an RMSEp of 17.10 ppm. In
contrast, the performance of the B model was comparatively lower, yielding an R?
of 0.52 and an RMSEp of 7.30 ppm during calibration and 0.56 and 7.14 ppm,
respectively, in the test. Models for Zn and Mn displayed the least favourable R? and
RMSE values in both calibration and test.

Table 5. Results of prediction of macro and micronutrient content in the spring sprouting
leaves using all wavelengths.

Nutrient LV Calibration (CV) Test
R? RMSEcy R? RMSEp

N (%) 10 0.56 0.21 0.52 0.23
P (%) 5 0.70 0.04 0.61 0.04
K (%) 5 0.68 0.35 0.62 0.37
Ca (%) 5 0.68 0.81 0.69 0.78
Mg (%) 6 0.56 0.08 0.54 0.09
Na (%) 4 0.13 0.01 0.18 0.01
S (%) 5 0.36 0.05 0.33 0.05

Fe (ppm) 9 0.66 16.4 0.60 17.1
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Cu (ppm) 5 0.66 221 0.66 2.53
Mn (ppm) 6 0.28 8.85 0.29 8.80
Zn (ppm) 6 0.31 11.20 0.33 10.80
B (ppm) 7 0.52 7.30 0.56 7.14

LV = latent variable; CV = cross-validation; RMSE: root mean square error in cross-
validation (CV) and test (P, prediction).

Although the prediction results for P, K, Ca, Fe, and Cu did not achieve R? values
higher than 0.70, these models could still discriminate between high and low
contents of these nutrients. It should be considered that, to enhance the robustness of
the models, leaves from two seasons selected at different times (one day and
throughout the entire season) have been used to calibrate these models.

Few studies have been performed using HSI technology to predict nutrients in citrus.
Osco et al. (2020) obtained R? values of 0.62-0.90 for macronutrients in 'Valencia'
orange leaves. They used the spectral range of 380-1020 nm and machine learning
algorithms, but from the 320 samples used in that study, only 10 % (32 leaves) were
used to validate the models. However, the analyses presented some weaknesses. The
methods used mixed classifiers and regressors, and it is unclear how the
determination coefficients were obtained. In 'Navel' oranges, Yanli et al. (2015)
estimated N and P concentrations using images of both sides of leaves collected in a
single day through PLS-R and nonlinear least square support vector machine models
(LS-SVM). The results showed a high RZzof 0.90 and an RMSE of 0.10 for N. For P,
the R? was 0.92, and the RMSE was 0.05. regarding other crops, Acosta et al. (2023)
predicted macro and micronutrients using Vis-NIR HSI and variable dose
fertilisation of N and K in persimmon. The best results were obtained for the
nutrients N, P, K and B, with an R? of 0.62-0.80. In leaves of oilseed rape, N, P and
K nutrients were investigated by Zhang et al. (2013) using HSI in the region 380-
1030 nm HSI and variable dose fertilisation, obtaining values of R? around 0.71 to
0.88 also using PLS-R. In olive leaves, Gomez-Casero et al. (2007) discriminated
among leaves treated with different K doses using HSI in the 400-900 nm range and
NDVI indices, achieving a success rate of 94.4 %.

3.2.3. Wavelength selection

Ten optimal wavelengths for each nutrient were selected. Figure 4 shows the
wavelengths selected to predict P, K, Ca, Fe, and Cu using the BW from the PLS-R
models. The optimal wavelengths to predict P, K and Cu concentration were
primarily located in the Vis region (from 500 nm to 750 nm). In contrast, a similar
number of wavelengths were found to be important in the Vis and the NIR regions
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in the estimation of Ca and Cu, while for Fe, the essential wavelengths were mostly
seen in the NIR region. In general, regions can be observed corresponding to the
absorbance of the chlorophyll (around 500 and 670 nm), the red edge (around 770
nm) and the NIR (950 nm). In leaves, the Vis region is close to the absorption of leaf
pigments, such as chlorophyll, carotenoids, anthocyanins and polyphenols (Khdery,
2021), in which K and P are involved. On the other hand, the NIR region is primarily
associated with moisture content and cellular structure. Ca is a constituent of this
structure and is responsible for maintaining the cell walls of plants bound together
(Prananto et al. 2020), while Cu helps form lignin in cell walls, which provide
structural support to keep plants upright. These findings agree with Ling et al.
(2019), who examined relationships between leaf photosynthetic pigments and
nutritional elements, finding that the leaf photosynthetic pigments significantly
correlate with some nutritional elements.

Previous studies also noted that the optimal wavelengths for the prediction in citrus
(Osco et al. 2020), persimmon (Acosta et al. 2023) and apple (Azadnia et al. 2023)
leaves were also located mainly in the Vis region or between both Vis and NIR
regions. This is due to the relationship of some nutrients with the photosynthetic
activity of plants (Feret et al. 2008; Mutanga et al. 2004). HSI using Vis-NIR
wavelengths can predict P indirectly because it is associated with organic acids,
which form part of the nucleotides in cell walls, which is related to the functioning
of the internal structure of the leaf and with the absorption peaks of the visible (da
Silva et al. 2021). K plays a vital role in plant water uptake and in the regulation of
osmotic potential and accumulates as a mineral element in the vacuole, so these
changes in the internal structure of the leaf have their maximum water absorption in
the NIR spectrum and are therefore related to this element (Malmir et al. 2020). The
estimation of Ca is possible when it binds with molecules with covalent bonds such
as N-H, S-H, O-H, C-H, C-O or C=C, which is important in developing cell structure
(Manley, 2014). These bonds are usually present in the main biochemicals in plants,
such as water, sugar, proteins, and lipids. Since K is soluble in water and exists in
plants in the form of ions, it can be found in the following forms, so this element is
related to the spectral regions of the NIR. The same occurs with S, a component of
amino acids, and B, which forms a complex with sugars facilitating their transport
by the plant, which is related to the NIR (Mishra et al. 2021). Other elements such
as Mg, Fe, Cu and Mn are part of electron transporters and enzyme activators
important in chlorophyll synthesis. So, changes in these plant nutritional elements
can directly cause changes in spectral reflectance (Abukmeil et al. 2022).
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Figure 4. Optimal wavelengths selected for the prediction of each nutrient using the BW from
the PLS-R models.

After selecting the optimal wavelengths, PLS-R models for P, K, Ca, Fe, and Cu
were calibrated using these wavelengths, and the results are presented in table 6. All
models maintained the values of R? above 0.60, with the P model exhibiting the
highest accuracy in the calibration, an R? of 0.68 and an RMSEcy of 0.04 %. In the
test, only the Ca and Cu models demonstrated R? values higher than 0.60, with R?
values of 0.67 and 0.62, while RMSEp values of 0.80 % and 2.54 ppm, respectively.

Table 6. Results of prediction of macro and micronutrient content in all spring sprouting
leaves using ten optimal selected wavelengths.

Nutrient LV cv Test
R? RMSECV R? RMSEP
P (%) 3 0.68 0.04 0.59 0.04
K (%) 4 0.65 0.37 0.57 0.39
Ca (%) 4 0.65 0.84 0.67 0.80
Fe (ppm) 6 0.61 17.40 0.57 17.70
Cu (ppm) 4 0.66 2.21 0.62 2.54

LV = latent variable; CV = cross-validation; RMSE: root mean square error.

4. Conclusions

This study evaluated the potential of Vis-NIR HSI to differentiate young or spring
flush leaves from old leaves (leaves of previous vegetative cycles) and to estimate
macro- and micronutrient concentrations in 'Clementina de Nules' citrus spring
leaves. The results demonstrated a high level of accuracy of 99.4 % in distinguishing
young leaves using PLS-DA, which is essential to make more accurate predictions
when leaves of different shoots are mixed in an image (e.g. in the image of a tree).
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Moreover, the prediction of macro (N, P, K, Ca, Mg, Na and S) and micronutrients
(Fe, Cu, Mn, Zn and B) in all spring leaves was performed using PLS-R, achieving
satisfactory prediction results (R? > 0.60) for P, K, Ca, Fe and Cu. For each of these
nutrients, ten optimal wavelengths were identified on the BW coefficient vector from
the PLS-R models, maintaining predictive accuracy comparable to that obtained
using all wavelengths. These results indicate that Vis-NIR HSI could be a promising
alternative tool to conventional ionomic analysis of nutrients in citrus leaves, thus
facilitating the nutritional diagnosis of the plantation. More research is needed on
other varieties to generalize HSI for this task, while using more sophisticated
algorithms, including those based on deep learning, could lead to improved results.
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El objetivo de esta tesis doctoral es evaluar la aplicacién de la tecnologia
espectrométrica como herramienta para el diagnoéstico nutricional de los cultivos,
gue facilite un manejo eficiente de la fertilizacion. Conocer y monitorizar el estado
nutricional durante el desarrollo del cultivo es crucial para llevar a cabo los ajustes
necesarios en el plan de abonado que garanticen una produccién 6ptima y un uso
eficiente de los recursos. Tradicionalmente, el estado nutricional de las plantas se
determina a partir de un andlisis ionémico de las hojas, realizado en un laboratorio.
Estos analisis son destructivos, complejos, requieren mucho tiempo e implican altos
costes derivados de los reactivos, gases y equipos necesarios, asi como, un impacto
negativo en el medioambiente. Como alternativa, en esta tesis se han evaluado dos
técnicas Opticas no destructivas, la espectroscopia y la imagen hiperespectral, para
estimar la concentracion de nutrientes en hojas de dos cultivos de gran importancia
econdmica e implantacion en la Comunidad Valenciana. Los cultivos seleccionados
fueron citricos, mandarina cv. 'clementina de Nules' y un frutal, caqui cv. 'Rojo
Brillante'.

Los resultados se han publicado a través de cuatro articulos, dos en cada uno de los
cultivos evaluados con ambas técnicas estudiadas. En el estudio publicado en el
primer articulo se aplico la técnica espectrométrica para la estimacion de la
concentracion de macro y micronutrientes en hojas de caqui cv. 'Rojo Brillante'. La
importancia de este trabajo reside en ser el primer trabajo publicado sobre la
determinacién de ionémica foliar en caqui mediante tecnologias no destructivas. En
este estudio se aplicaron tratamientos diferenciales para el N (0 %, 33 %, 50 % y 100
% de la demanda en N del cultivo) y el K (0%, 50 % y 100 % de la demanda de K,0O
del cultivo).

Para la construccion de los modelos que pudieran estimar la concentracion a partir
de los datos espectrales, se utilizd el método PLS-R, obteniendo resultados de
coeficiente de determinacion (R?) entre 0,50 y 0,78 para los macronutrientes de N,
P, K, Ca'y Mg; siendo el N el nutriente con una mayor precision en la estimacion
(R%» =0,78 y RMSEP=0.18 %), aplicando la combinacion de pretratamientos
espectrales MC-1D. En cuanto a los micronutrientes, Fe, Mn and B, los resultados
se sitdan en valores de R?pentre 0,39 y 0,83. El B fue el micronutriente que obtuvo
una mayor precision en la prediccion, R?p = 0,83 y RMSEP = 9,98 ppm utilizando
la combinacion de pretratamientos espectrales MC-1D. No existen estudios previos
sobre estimacion de la concentracion nutricional en caqui mediante técnicas no
destructivas, lo que dificulta la comparacion del método con otros trabajos resaltando
la novedad del estudio realizado.
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Existen pocos estudios que hayan abordado la estimacion de la concentracién de
todos los nutrientes esenciales como es el caso de esta tesis. La mayoria se limitan a
algln nutriente en concreto que generalmente es el N. En cultivos de frutales se han
obtenido, previamente, resultados mejores en citricos (Menesatti et al. 2010; Osco et
al. 2020) utilizando tratamientos diferenciales. La realidad es que algunos de los
resultados obtenidos, con R? cercanos a uno, se han podido alcanzar provocando
artificialmente concentraciones extremas que no reflejan la realidad del campo.
Otros estudios que han obtenido mejores resultados en peral (Jie et al. 2014; Wang
etal. 2017) y olivo (Rotbart et al. 2013) han utilizado rangos espectrales mas amplios
(hasta 2500 nm). Por ejemplo, en olivo consiguieron un R? de 0,91 utilizando un
rango espectral en el NIR entre 1100 y 1700 nm, mientras que usando Vis-NIR sus
resultados fueron similares a los alcanzados en este estudio. Existen pocos ensayos
para la estimacion de otros nutrientes. Asi, el P y el Ca han sido estimados con
relativo éxito en citricos (Menesatti et al. 2010; Osco et al. 2020) con un resultado
cercano al encontrado en esta tesis; mientras que para el Mg obtuvieron mejores
coeficientes de estimacién bajo condiciones de laboratorio disefiadas para obtener
una variabilidad extrema, lo que facilita la obtencién de R? mayores, aunque alejadas
de las condiciones de campo. En cuanto a los micronutrientes, se encontré una
correlacion relativamente baja para el Fe y satisfactoria para el Mn, que coincide con
otros trabajos realizados, aunque en citricos (Osco et al. 2020). Por lo tanto, los
resultados muestran que un sistema basado en un espectrémetro portatil puede ser
una herramienta Gtil para estimar de manera no destructiva el estado nutricional de
las plantas de caqui, especialmente para los macronutrientes N, P, Ca, Mn y el B,
mejorando asi las recomendaciones posteriores de fertilizacion.

La segunda publicacion presenta un estudio similar, pero utilizando imagenes
hiperespectrales (HSI). Se utilizaron las muestras y datos del estudio anterior para
evaluar la imagen hiperespectral como herramienta alternativa a los anéalisis de
laboratorio, ya que combina la informacion espectral con la distribucién espacial,
permitiendo asi capturar posibles variaciones de los nutrientes en las hojas. Los
mejores resultados de prediccion se obtuvieron para N, P, K, Ca, Mgy B con un R?%
entre 0,65 y 0,84 y un RMSEP bajo en todos los casos. EI N y el B fueron los
nutrientes estimados con mayor precision, con R? de 0,72 y 0,84, respectivamente.
Los nutrientes S, Na, Fe, Zn, Mny Cu, no se pudieron predecir con fiabilidad debido
a que los R? obtenidos oscilaron entre 0,24 y 0,50, respectivamente. Ademas, se
realizé un estudio para identificar las bandas espectrales mas importantes en la
estimacion de los nutrientes. Para el N, K y B se obtuvo el mejor resultado de
prediccion. Esta seleccion se realizé mediante el método de variable de importancia
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en la proyeccion (VIP), eligiendo aquellas variables que méas contribuyen. En este
caso, aquellas que presentaban la puntuacién VIP superior a 1 indican longitudes de
onda de gran importancia(Alchanatis et al. 2005; Gates, 1965; Ulissi et al. 2011).
Considerando la evolucion del R?, el nimero de longitudes de onda seleccionadas
para N se fijo en 8, para B fue 11, mientras que para K se escogieron 17 longitudes
de onda. En general, los resultados para N y B fueron ligeramente inferiores a los
obtenidos utilizando todo el espectro, lo que indica que utilizar sélo un conjunto de
variables importantes es suficiente para realizar estimaciones razonablemente
buenas. Sin embargo, para el K se alcanzé un R? de 0,43 con las bandas elegidas,
que es inferior al que se obtuvo cuando se utilizé todo el espectro, por lo que se
considerd que no era suficiente un numero reducido de bandas para hacer una
estimacion precisa. Al igual que en el caso anterior, no existen trabajos previos que
utilicen imagen hiperespectral para estimar concentraciones de nutriente en caqui,
siendo este el primer estudio en hacerlo. Ademas, hay pocos trabajos realizados
sobre frutales. En hojas de manzano, Ye et al. (2020) obtuvieron resultados similares,
con un R? de 0,77 para la predicciéon de N en un rango espectral de entre 400-1000
nm. Este estudio empled técnicas de seleccion de bandas ademas del VIP, como los
coeficientes de correlacion de Pearson, ponderaciones del PLS con las que identificar
las longitudes de onda clave para el desarrollo de modelos mediante métodos de
regresion lineal (MLR). Abenina et al. (2022) utilizaron diferentes pretratamientos
espectrales para reducir la dispersion y eliminar los valores atipicos en las hojas del
cultivo de melocotdn. Estos autores obtuvieron los mejores resultados con la
aplicacion del pretratamiento MSC con un R? de 0,81 y SNV con un R?de 0,85 para
la estimacion del K.

La tercera publicacién de esta tesis estudié la posibilidad de determinar la
concentracion de nutrientes en hojas de citricos cv. 'clementina de Nules', mediante
espectroscopia Vis-NIR, a lo largo de un ciclo vegetativo completo. Se crearon
modelos de estimacién para macro (N, P, K, Ca, Mg y S) y micronutrientes (Fe, Cu,
Mn, Zn y B) mediante PLSR. Los macronutrientes P y K se estimaron de manera
mas precisa con un R? de 0,60 y 0,63, usando el pretratamiento de MC + SNV,
respectivamente. En los micronutrientes, el B se ha estimado con una mayor
fiabilidad obteniendo un R? de 0,69, aplicando la combinacién de los pretratamientos
de MC + 1D.

En citricos, existen dos trabajos previos que destacan por haber obtenido resultados
relevantes. El primer trabajo fue publicado por Menesatti et al. (2010) y obtuvo unos
coeficientes de correlacion superiores a 0.90 para N, K, Ca, Fe, Mg, Mn y Zn
utilizando el rango espectral entre 400 y 1000 nm. En este estudio se realizé un
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tratamiento diferencial de N, que no explica los resultados obtenidos ya que son
extraordinariamente superiores a cualquier otro estudio en cualquier cultivo. El
segundo trabajo, publicado por Osco et al. (2020) contiene errores conceptuales
graves y presenta serias dudas en cuanto a la metodologia. Los resultados se
obtuvieron solamente con el andlisis de 32 hojas, se utilizaron métodos de
clasificacién en vez de métodos de regresién, sin explicar cémo se obtuvieron los
coeficientes de determinacion y, los 6rganos muestreados parecen incluir desde hojas
sanas a hojas practicamente muertas, lo que pudo influir en la reflectancia mas que
la propia concentracion nutricional. Ademas de predecir la concentracion de
nutrientes, se realiz6 una evaluacion de las longitudes de onda mas relevantes, con
los modelos maés precisos, utilizando los coeficientes de regresion ponderados (BW)
del modelo PLS-R, para conocer las bandas de mayor interés para la prediccién de
esos elementos y, aparte, encontrar una relacion de cada elemento con el
funcionamiento de la fisiologia vegetal del cultivo. Asi, las longitudes de onda mas
importantes para la prediccién del P, Ky B se hallaron en los rangos 440-530 nm y
560-690 nm. Para P, las longitudes de onda seleccionadas, en orden de importancia,
fueron 483, 554, 689, 538, 454, 475, 520 y 612 nm. Para K fueron 457, 538, 596,
688, 475, 560 y 499 nm, y, para B 472, 659, 506, 596, 443, 649, 683, 480, 562, 498
y 699 nm. Un hallazgo importante de este estudio radica en que las longitudes de
onda seleccionadas para los nutrientes que se relacionan mas con la estructura o
funcionalidad de la clorofila, estaban situadas en la region visible (430-750 nm), que
se corresponden con pigmentos fotosintéticos (Alchanatis et al. 2005; Gates, 1965).

En la cuarta publicacion, al igual que en el caso del caqui, se ha estudiado el potencial
de las imagenes hiperespectrales en el rango espectral entre 500 y 980 nm, para medir
la concentracion de macro (N, P, K, Ca, Mg, Sy Na) y micronutrientes (Fe, Cu, Mn,
Zny B) en hojas de citricos, en ciclos vegetativos distintos. A diferencia del estudio
anterior en el que se utilizd espectroscopia, este trabajo incluye hojas muestreadas
de dos campafias consecutivas: en la primera se recogieron 480 hojas (incluyendo
jovenes y viejas) en el mes de mayo, y en la campafia siguiente, se muestrearon 640
hojas de brotacion de la primavera entre los meses de mayo a diciembre.

En una primera parte, se calibraron modelos PLS-DA para discriminar entre hojas
jévenes y viejas obteniendo un resultado superior al 99 % de clasificacion correcta,
lo que nos indica que es posible la discriminacion de las hojas de primavera con una
gran precisién. La importancia de este resultado radica en que las tablas de
recomendacion actuales se obtuvieron para valores de concentracién de nutrientes
de hojas de la brotacién de primaveray, dada la gran variabilidad existente en cuanto
a concentracion nutricional en hojas de diferentes brotaciones, es necesario realizar
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los analisis sobre estas mismas hojas de primavera para obtener diagndsticos reales
del estado nutricional de una parcela. Un sistema hiperespectrales que capture una
imagen del arbol podra aplicar esta discriminacion previa para realizar la estimacion
Unicamente sobre las hojas adecuadas, facilitando el muestreo para los agricultores
gue encuentran una gran dificultad en seleccionar las hojas a muestrear, aumentando,
por tanto, la precision del analisis realizado.

Utilizando todo el rango espectral, se obtuvo la mejor prediccion para los
macronutrientes de P, K'y Ca, con R%entre 0,61 y 0,69. Los micronutrientes mejores
estimados fueron el Fe y el Cu con R?p 0,60 y 0,63 respectivamente. Para el resto de
los nutrientes (N, Mg, Na, S, Mn, Zn y B), se obtuvieron R? entre 0,56 y 0,18.
Ademas, se realiz6 una seleccion de bandas de mayor importancia para los nutrientes
gue mejor resultados dieron en la estimacion anterior (P, K, Ca, Fe y Cu), utilizando
el BW de los modelos PLS-R. Para el P, Ky Cu, las longitudes de onda dptimas se
situaron principalmente en la regién visible (de 500 nm a 750 nm), mientras que,
para el Cay Fe, un nimero similar de longitudes de onda de la region Vis y NIR (de
760 nm a 980 nm) resultaron importantes en su estimacién. Estos resultados
coinciden con los obtenidos mediante espectroscopia, lo que confirma la importancia
del rango visible para la mayoria de los nutrientes. De hecho, en la medicién del
espectro medio de las hojas de citricos presenta una mayor absorcion en la region
visible, donde se produce la transmision de electrones relacionada con los pigmentos
fotosintéticos en las plantas (Zhang et al. 2007), debido principalmente al contenido
en clorofila asociado a los picos de absorbancia en torno a 500 y 670 nm (Cochrane,
2000; Fu et al. 2022). La region de 510-520 nm también esta asociada a los
carotenoides (Ustin et al. 2009). La region NIR, esta relacionada con la parte
estructural de la hoja y los compuestos organicos (Prananto et al. 2020). El Ca es un
constituyente de esta estructura y es responsable de mantener unidas las paredes
celulares de las plantas (Prananto et al. 2020), mientras que el Cu ayuda a la sintesis
de lignina en las paredes celulares, que proporciona soporte estructural para
mantener las plantas.

Por otro lado, se construyeron modelos utilizando las bandas seleccionadas para
estimar los nutrientes de P, K, Ca, Fe y Cu. Los mejores resultados se han mostrado
para los nutrientes de Ca y Cu con un R? de 0,67 y 0,62, respectivamente,
corroborando los resultados obtenidos en otros trabajos previos que, en hojas de
citricos, caqui y manzana, relacionan los picos de absorcion o cambios de
reflectancia del espectro del cultivo con la funcidn gue realiza cada elemento en su
fisiologia vegetal (Azadnia et al. 2023; Osco et al. 2020).
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V. CONCLUSIONES GENERALES






Esta seccion presenta las principales conclusiones derivadas de las investigaciones
realizadas en esta tesis. Estas conclusiones destacan la importancia y necesidad de
avanzar en el desarrollo de técnicas no destructivas para estimar la concentracién
nutricional en hojas de caqui y citricos, en sustitucion de los analisis convencionales.
Ademas, remarcan las principales ventajas de la espectroscopia y la imagen
hiperespectral como alternativa y la necesidad de seguir investigando en esta linea
para superar los inconvenientes encontrados.

Se han utilizado técnicas de preprocesamiento para mejorar la sefial e
imagenes espectrales obtenidas, como SNV, MC, SNV y derivadas 1D y 2D.
No se observa ninguna combinacién de técnicas de que haya permitido
mejorar los resultados para todos los nutrientes.

La espectroscopia de reflectancia (430-1040 nm) es una técnica fiable para
estimar las concentraciones de la mayor parte de macro y micronutrientes en
hojas de caqui y citricos a lo largo de un ciclo vegetativo completo. La
concentracion de todos los nutrientes se ha estimado con coeficientes de
determinacion superiores a 0,40 para ambos cultivos.

Utilizando imagenes hiperespectrales (500-980 nm) se obtienen buenos
resultados para la prediccion de todos los macronutrientes, destacando N, P
y K en el caso del caqui y P, K y Ca en los citricos. En cuanto a los
micronutrientes, sobresalen los resultados en la prediccion de la
concentracion de B en ambos cultivos, mientras que, en el caso de los
citricos, Zn y Fe también muestran resultados relativamente satisfactorios.

Se alcanzan mejores resultados en caqui que en citricos. Entre los
macronutrientes con mejores predicciones destacan el N, P, Ca 'y Mg en
cagui y el P y K en citricos. Entro los micros destacan el Mn vy,
especialmente, el B.

Mediante la espectroscopia se obtienen mejores predicciones que la imagen
hiperespectral, por lo que seria la técnica mas recomendable, especialmente
en el caqui. Para citricos, las diferencias entre ambas tecnologias son
menores, aunque la espectroscopia destaca por sus mejores resultados para
estimar micronutrientes.

Los macronutrientes se estiman mejor que los micronutrientes con ambas
tecnologias. Algunos elementos, como el S, el Na o el Cu fueron imposibles
de estimar con coeficientes de determinacién aceptables, mientras que otros
como el N, P, K, Ca o B logran estimaciones satisfactorias en ambos
cultivos.
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e Enel caso de los citricos, se ha creado un modelo capaz de diferenciar entre
hojas jovenes y viejas, lo que resulta de gran utilidad para obtener
diagnosticos mas ajustados a las tablas de referencia actuales.

e Se han utilizado técnicas de extraccion de caracteristicas para obtener
predicciones con un conjunto reducido de longitudes de onda. Esta seleccion
se ha aplicado para los nutrientes con mejores coeficientes de determinacién.
Los resultados son ligeramente inferiores a los obtenidos con todo el
espectro.

e En general, las longitudes de onda seleccionadas corresponden a la
absorbancia de la clorofila (alrededor de 500 y 670 nm), el borde rojo
(alrededor de 770 nm) y un pico de absorcién de agua (950 nm), lo que se
ha relacionado con la composicién quimica y estructural de la hoja.

Esta tesis confirma la validez de las técnicas espectrales estudiadas para estimar la
concentracion de nutrientes en los cultivos de citricos y caqui, permitiendo realizar
un diagndstico nutricional de forma rapida y no destructiva. Es recomendable utilizar
un rango espectral mayor en ambas tecnologias (al menos de 400 a 1800 nm) y
buscar indices espectrales especificos que permitan la implementacién de estas
tecnologias en camaras multiespectrales o dispositivos electrénicos, como
alternativa a indices genéricos como el NDVI, el TCARI o el OSAVI. Finalmente,
seria importante analizar los datos con nuevos algoritmos de inteligencia artificial
(1A).
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