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aventura cient́ıfica. Percibir nuevas experiencias, nuevas formas de ver la vida, de hacer

ciencia, de ver el mundo hicieron parte de este trabajo. No fue un camino fácil, pero śı
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Resumen

Una de las enfermedades más relevantes en mango es la antracnosis, causada principalmente

por Colletotrichum sp. La relevancia de la antracnosis se debe a su alta incidencia en los

cultivos de mango, causando alrededor del 60% de las pérdidas de mango en todo el mundo,

aunque, en regiones con periodos de alta pluviosidad y humedad, la incidencia ha llegado a

alcanzar el 100% de la producción de fruta de mango. El control actual de la antracnosis en

mango se realiza de forma visual, lo que significa que la detección se realiza en una fase tard́ıa

(visible) y está sujeta a la pericia, entrenamiento y agudeza visual de un experto humano.

Con el auge de las técnicas de aprendizaje automático, los sistemas de visión hiperespectral

han encontrado el complemento para el desarrollo de aplicaciones robustas de detección y

clasificación de objetos. Esto ha desencadenado una revolución tecnológica en la inspección

y el control de calidad de la fruta, impulsando la investigación y el desarrollo de nuevas

soluciones que aborden retos latentes en la agroindustria como la detección temprana de en-

fermedades en frutas. Aśı pues, el objetivo de esta investigación ha consistido en desarrollar

una metodoloǵıa para la detección de antracnosis en mango (frutos y hojas) en una fase tem-

prana utilizando imágenes hiperespectrales Vis-NIR y técnicas de aprendizaje automático.

Además, esta investigación ha evaluado el potencial de los datos espectrales para caracteri-

zar los śıntomas de antracnosis en mango con el fin de establecer un conjunto de longitudes

de onda relevantes que representen los principales cambios espectrales inducidos por la en-

fermedad. Esta investigación también ha abarcado la selección de muestras representativas

de frutos y hojas de mango de 3 variedades, la inoculación controlada de Colletotrichum

sp. y la adquisición de imágenes hiperespectrales en condiciones de laboratorio. Además,

ha definido un marco para implementar diferentes filtros de preprocesado espectral y mod-

elos de aprendizaje automático para clasificar y detectar muestras enfermas de antracnosis.

También se han implementado varias técnicas de selección de caracteŕısticas para seleccionar

un conjunto representativo de longitudes de onda (10) que representaran las diferentes etapas

de desarrollo de los śıntomas de la enfermedad. Como resultado, se obtuvieron modelos de

clasificación, basados en redes neuronales y análisis discriminante cuadrático, con métricas

superiores al 95%, mostrando ser eficientes en la detección de muestras enfermas de antracno-

sis 48-72 horas antes de que los śıntomas se hicieran distinguibles. Además, se ha encontrado

que existen varias regiones espectrales en el rango Vis-NIR relacionadas con los śıntomas de

antracnosis, permitiendo su caracterización desde los estadios tempranos (no visibles) hasta

los tard́ıos. Los hallazgos reportados en esta investigación han evidenciado el enorme po-

tencial de las imágenes hiperespectrales y los modelos de aprendizaje automático para la

detección temprana de la antracnosis en mango con espectro completo o reducido, pudiendo

servir de base para el desarrollo de novedosos sistemas de detección en frutos de mango con

sistemas de visión multiespectral.
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Abstract

One of the most relevant diseases in mango is anthracnose, mainly caused by Colletotrichum

sp. The relevance of anthracnose is due to its high incidence in mango crops, causing about

60% of mango losses worldwide, although, in regions with periods of high rainfall and hu-

midity, the incidence has reached 100% of mango fruit production. The current control of

anthracnose in mango is done visually, which means that detection is done at a late (visible)

stage and is subject to the expertise, training and visual acuity of a human expert. With the

rise of machine learning techniques, hyperspectral vision systems have found the complement

for developing robust object detection and classification applications. This has triggered a

technological revolution in fruit inspection and quality control, driving the research and

development of new solutions that address latent challenges in agro-industry such as early

detection of fruit diseases. Therefore, this research has aimed to develop a methodology for

detecting anthracnose in mango (fruits and leaves) at an early stage using Vis-NIR hyper-

spectral imaging and machine learning techniques. Furthermore, this research has assessed

the potential of spectral data to characterise anthracnose symptoms in mango to establish a

set of relevant wavelengths representing the main spectral changes induced by the disease.

This research has also defined a methodology that involved selecting representative samples

of mango fruits and leaves of 3 varieties, the controlled inoculation of Colletotrichum sp. and

the acquisition of hyperspectral images under laboratory conditions. Additionally, a frame-

work was defined to implement different spectral pre-processing filters and machine learning

models for classifying and detecting anthracnose-diseased samples. Also, several feature se-

lection techniques to select a representative set of wavelengths (10) representing the different

stages of disease symptom development were implemented. As a result, classification models

based on neural networks and quadratic discriminant analysis were obtained with metrics

above 95% and were shown to be efficient in detecting anthracnose-diseased samples 48-72

hours before visible symptoms became distinguishable. Furthermore, it was found that there

are several spectral regions in the Vis-NIR range related to anthracnose symptoms, allowing

their characterisation from early (non-visible) to late stages. The findings reported in this

research have evidenced the enormous potential of hyperspectral imaging and machine learn-

ing models for early detection of anthracnose disease in mango with full or reduced spectrum

and could serve as a basis for the development of novel detection systems in mango fruits

with multispectral vision systems.
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Resum

Una de les malalties més rellevants del mango és l’ antracnosi, principalment causada per

Colletotrichum sp. La importància de l’antracnosi és deguda a l’alta incidència en el cultiu

de mangos, que causa al voltant del 60% de pèrdues a nivell mundial, tot i que en regions

amb peŕıodes d’alta pluviositat i humitat la incidència pot arribar al 100% de la producció

de fruita. Actualment, el control de l’antracnosi en mango es fa visualment, la qual cosa

implica que la detecció es produeix en una etapa (visual) tardana i que està condicionada

a l’experiència, entrenament i agudesa visual de la persona experta. Amb l’auge de les

tècniques d’aprenentatge automàtic, els sistemes de visió hiperespectral han trobat el com-

plement per al desenvolupament d’aplicacions robustes de detecció i classificació d’objectes.

Aquesta circumstància ha desencadenat una revolució tecnològica en la inspecció de fruita i

el control de qualitat, i ha impulsat la recerca i el desenvolupament de noves solucions que

adrecen reptes latents en la indústria agroalimentària com la detecció primerenca de malal-

ties de la fruita. Aix́ı doncs, aquesta recerca ha consistit a desenrotllar una metodologia per

a la detecció d’antracnosi en mango (fruits i fulles) en una etapa primerenca emprant imatge

hiperespectral Vis-NIR i tècniques d’aprenentatge automàtic. A més, aquesta recerca ha

avaluat el potencial de les dades espectrals per a caracteritzar els śımptomes d’antracnosi en

mango per establir un conjunt rellevant de longituds d’ona que representen els principals can-

vis a nivell espectral introdüıts per la malaltia. Aquesta recerca ha definit una metodologia

que ha inclòs la selecció de mostres representatives de fruits i fulles de mango de 3 vari-

etats, la inoculació controlada de Colletotrichum i l’adquisició d’imatges hiperespectrals en

condicions de laboratori. Addicionalment, s’ha definit un marc de treball per a implementar

diferents filtres de preprocessament espectral i models d’aprenentatge automàtic per a la

detecció i classificació de mostres amb la malaltia d’antracnosi. També s’han implementat

diverses tècniques de selecció de caracteŕıstiques per tal de triar un conjunt representatiu de

longituds d’ona (10) que representen les diferents fases del desenvolupament dels śımptomes

de la malaltia. Com a resultat, s’han obtingut models de classificació basats en xarxes neu-

ronals i anàlisi discriminant quadràtic amb mètriques per damunt del 95% i han mostrat ser

eficients en detectar mostres amb antracnosi 48-72 hores abans que els śımptomes visibles

esdevingueren distingibles. A més, es va trobar que hi ha diverses regions espectrals en el

rang Vis-NIR relacionats amb śımptomes d’antracnosi, cosa que permet la caracterització

des d’etapes primerenques (no visibles) fins a tardanes. Els resultats d’aquesta investigació

evidencien l’enorme potencial de la imatge hiperespectral i els models d’aprenentatge au-

tomàtic per a la detecció primerenca de l’antracnosi en mango amb tot o part de l’espectre

i pot servir de base per al desenvolupament de nous sistemes de detecció en fruit de mango

amb sistemes de visió multiespectral.
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1. Introduction

Using non-invasive tools in inspecting and monitoring fruit crops in pre-harvest and posthar-

vest helps producers improve their management and risk control practices by providing in-

formation to diagnose problems affecting the harvest and fruit marketing. One pathogen

of great interest due to the large damages caused in agricultural products is Colletotrichum

sp. [93, 99, 164], responsible for anthracnose, a severe disease that causes large losses in the

harvest and postharvest of fruits such as [98, 167], mango [19, 120], olive [48], tea [175], and

avocado [141], among others [33, 82, 168]. Mango is a fruit appreciated worldwide [47, 52]

but susceptible to anthracnose, which hinders their exportation as this disease can spread

to healthy fruits during storage and transit. Hence, there is a large interest in developing

methods to control this damaging disease, including early detection, using non-invasive so-

lutions such as those provided by machine vision and artificial intelligence systems.

The current method for anthracnose diagnosis in mango is visual inspection, which implies

that the detection is only possible at advanced disease stages. Moreover, it is subject to the

human expert’s quality, training and visual acuity. Therefore, the infection goes undetected

during quality controls of the harvested fruits, developing the spores that can spread the

disease without control to other fruits throughout the storage, transportation, and market-

ing processes.

That is why there is an urgent need to develop non-invasive diagnostic tools for producers

which allow the detection of anthracnose in its early stages and reduce the incidence of

the human factor in its detection. For this purpose, the use of sensors that capture spe-

cific information from the electromagnetic spectrum, such as cameras sensitive to ultraviolet

(UV), visible (Vis) and near-infrared (NIR), emerges as a potential solution for the early

detection of the disease. Hyperspectral cameras, capable of capturing spatial information

in regions of the spectrum such as Vis and NIR (Vis-NIR), have been used in recent years

to develop automated non-destructive fruit inspection systems [60, 136], the correlation of

abnormal temperature rises with specific diseases [67,177] and early detection of diseases on

crops [166, 169]. Particularly, studies such as [169] demonstrated that detecting diseases in

previsual stages is possible by setting up protocols for acquiring, calibrating and analysing

spectral data.

Therefore, this research addresses the study and use of hyperspectral images (HSI) collected
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on three (3) mango cultivars under laboratory conditions to detect the symptoms associ-

ated with anthracnose in both mango fruits and leaves before they are visible. The study

focuses on three cultivars on mango and was performed using controlled inoculations of Col-

letotrichum gloeosporioides in selected samples to guarantee 1) the development of lesions

compatible with anthracnose; 2) an incidence greater than 90 % of symptomatic samples;

and 3) the repeatability of the procedures applied to allow the spectral study of the disease

over time. Additionally, exploratory analysis and preprocessing of the spectral data were

carried out to correct the hyperspectral images, obtain relative reflectances, detect outliers,

and improve the quality of the spectral signatures extracted from the selected regions of

interest in the hyperspectral images.

A main goal was to test the ability of machine learning (ML) techniques to correlate the

spectral information in the HSI with the relevant anthracnose symptoms in mango. Feature

selection techniques were used to obtain a group of relevant wavelengths to characterise the

anthracnose symptoms in mango samples spectrally. Both the design of the ML models

and the selection of relevant wavelengths were assessed through a descriptive, statistical and

physiological analysis that allowed to determine the best model for detecting symptoms as-

sociated with anthracnose in mango.

Results showed that detecting anthracnose symptoms in the early stage, in fruits and leaves,

in the three cultivars of mango studied was feasible. The disease could be detected between

48 and 72 hours after the pathogen was inoculated and between 24 and 48 hours before the

symptoms were visible. Additionally, a group of relevant wavelengths was found, allowing the

spectral characterisation and detection of disease symptoms in both leaves (10 wavelengths)

and fruits (10 wavelengths).

1.1. General introduction

1.1.1. Mango crop and production

Mango, Mangifera Indica L., also known as the “king of fruits”, is a perennial crop with a

tropical and, recently introduced, subtropical climate, native to India but widely cultivated

in Asia, Latin America, northern and southern Africa and Europe (Spain and Italy), see

Figure 1-1. It is commercially grown at 0 to 1,600 meters above sea level. It has been

determined that for every 120 m of height or 1 degree of temperature variation in northern

or southern latitude, relative to the equator, there is a delay in flowering of 4 days [39],

allowing countries with different thermal floors or territorial extension over the hemispheres

to have extended mango production cycles per year.
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Figure 1-1. Production in tonnes of mango-producing countries worldwide in 2023. Taken from FAO [50]

The mango crop develops and produces in a range of 24 °C to 32 °C, although excessive

temperatures cause a decrease in production because of a higher flower drop at the blossom

stage. The ideal rainfall for this crop ranges between 1,500 – 2,000 millilitres throughout

the year [39]. Above this range, the tree has greater foliage and lower production, while the

fruit-filling stage below this threshold (drought) can reduce its production and quality.

Once the fruits are set, they develop quickly, reaching a commercial size at 7 weeks (depend-

ing on the cultivar) and being ripened after 12 - 13 weeks, the time at which the fruit can

be harvested and consumed for a higher nutritional contribution (Figure 1-2). The mango

fruit is a source of vitamins A, B and C, although it is poor in calcium, phosphorus and

iron [139]. The content of macro- and micronutrients largely depends on the cultivar, of

which more than 1,600 have been listed worldwide [25]. Despite this important number of

cultivars, only 7 have commercial importance due to their nutritional contribution and high

demand in international markets: cv. ‘Kent’, cv. ‘Keitt’, cv. ‘Tommy Atkins’, cv. ‘Haden’,

cv. ‘Ataulfo’, cv. ‘Osteen’ and cv. ‘Palmer’ [25,113].

Mango is one of the most consumed tropical fruits in predominantly local markets [52]. In

the last decade, the cultivated area has increased by 12.46 %, reaching more than 6 million ha

in 2022 with approximately 59.1 million tonnes, see Figure 1-3. In Colombia, mango is the

3rd fruit crop with the highest production after citrus and avocado, reaching an annual pro-

duction of 346 thousand tonnes in a harvested area of 33.6 thousand ha, see Figure 1-4. The



4 1 Introduction

Figure 1-2. Mango fruits of the ’Kent’ (a), ‘Keitt’ (b) and ‘Osteen’ (c) cultivars harvested for consumption

based on the physiological maturity (size and colour) of each cultivar

Figure 1-3. Global mango production in tonnes relative to the total cultivated area (ha) during 2013 -

2023. Taken from [50]
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Figure 1-4. Mango production in Colombia in tonnes relative to the total cultivated area (ha) from 2007 -

2022. Taken from [7]

main export markets for Colombia are concentrated in North America (USA and Canada)

and Europe (Netherlands and Germany). On the other hand, in Spain, mango cultivation

has experienced a large expansion in recent years due to the climate conditions of some re-

gions (mainly Andalusia), its geographical proximity to the European market and the export

potential to supply the demand of countries such as France, Germany and Portugal. By 2022,

mango production in Spain reached 40,000 tonnes [35] in an area greater than 4,800 ha [160].

Despite having a growing international market, which demands more and better fruits, its

export value has been limited to 3.89 % of the world production in 2022 (approximately

2.3 million tonnes) [49]. This is attributed mainly to the high incidence of diseases and

pests, followed by climate changes, production costs, insufficient supply chains and the lack

of technological assistance to support the production. This situation is evident in the yield

(ton/ha) both at world level (Figure 1-3) and in Colombia (Figure 1-4), where it can be

observed that the yield at world level went from 9.91 to 9.84 in the period 2019-2022, while in

Colombia this decrease, for the same period, went from 12.38 to 10.31. Therefore, to achieve

sustainable and efficient production, research and development in mango is mandatory, given

the interest in improving the crop’s yield and quality and increasing its export market.

1.1.2. Anthracnose in mango

The incidence of this disease in tropical and subtropical regions is one of the main reasons for

the export market of mango to be reduced to small production lots, since anthracnose is easy
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Figure 1-5. Symptoms of anthracnose in (a) fruits and (b) mango leaves. (c) Acervuli of Colletotrichum

sp. on mango leaf (salmon-coloured pimples on lesion) and (d) Colletotrichum sp. colony under microscope

(blue tubular structures)

to spread and difficult to detect and control. In Southeast Asia, this disease is the leading

cause of the non-export of mango worldwide, and in producing countries such as India, it

has been reported that 90 % of annual mango production is affected by anthracnose [74]. In

Costa Rica, where periods of high rainfall and humidity have been reported, the incidence

has reached 100 % of the mango fruit production [158]. In other producing countries such as

Thailand, its incidence has been estimated at 62.8 % [40], in China around 30-60 % [90], in

Indonesia 50 % of mango losses [83], in Bangladesh around 25-30 % [158], in Colombia has

up to 40 % of the production [53,54] and globally around 60 % of mango losses [34, 158].

In mango, anthracnose affects leaves, twigs and fruits [40]. It can also be found in the blos-

soms [158]. The most common species of Colletotrichum sp. are Colletotrichum gloeospo-

rioides and Colletotrichum Acutanum [93, 105, 164], although more than 37 species have

been genetically identified and associated with anthracnose disease in mango [24]. Common

symptoms show up as oval or irregular brown to deep brown sunken point-sized spots of

varying sizes spread all over the leaf surface, most prominently in young leaves but also

older leaves [40]. As the leaves age, these spots become larger lesions that are either circular

or irregular and surrounded by a red halo [128]. In fruits, this disease produces sunken

necrotic spot lesions in the mango peel that coalesce until they cover the whole surface, see

Figure 1-5. These visible symptoms affect the visual aspect of fruits, causing rejection by

consumers and, therefore, limiting their commercialisation to local markets.

Figure 1-6 shows the anthracnose infection cycle in mangoes. Firstly, the dissemination of

Colletotrichum sp. conidia reaches a host (tree) through rain or irrigation of water to the

crop. Subsequently, pathogenic spores establish themselves in infection areas such as leaves,

branches, and panicles. After spore germination, the appressorium penetrates the cuticle

and epidermis of immature fruits or young tissue. The infection starts after penetrating
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these structures and remains quiescent (latent infection) until the climacteric fruits begin

to ripen. This means the pathogen remains latent until the host conditions allow its de-

velopment. After the beginning of fruit ripening, characteristic anthracnose lesions appear

on mangoes that quickly expand and join with other anthracnose lesions. On these visible

lesions, conidia masses appear on the symptomatic tissue, especially during rainy or humid

weather. Orange or salmon-coloured pimples characterise these structures, see Figure 1-5.

Currently, anthracnose control methods are based on applying fungicides on the crop through-

out the blossom stage to prevent infection of the growing fruit. This application method

is often extended to postharvest, combined with periods of fruit immersion in hot water,

expensive cold storage chains and visual inspection controls. Likewise, anthracnose detec-

tion methods are focused on visual inspection by experts, which implies that the detection

is carried out at the visible (or late) stage. This method is demanding in terms of time,

costs, and labour (it can cause visual fatigue in the human eye) and is subject to the partic-

ular expertise of the workers, as latent infections are difficult to detect in the early stages.

This disease has aroused the scientific community’s interest, given the challenges involved

in its correct detection and control in postharvest. Studies reported in the literature have

been focused on (1) determining its incidence and severity in different crops [46, 126, 156],

(2) identifying the factors that stimulate its growth [115], (3) developing new treatments

to prevent/control the infection [146,170] or (4) identifying early symptoms associated with

this disease [30,48].

As reference works on anthracnose in mango, Uddin et al. [158] and Dofour et al. [40]

presented a review of the state-of-the-art treatments and trends in anthracnose in mango.

The reproductive cycle of this pathogen is also detailed in depth, and recommendations are

given for the promotion of new research areas in this field.

1.2. Justification

Currently, the productivity and quality of the mango crop are affected by the lack of tech-

nology for disease control in the farming sector. Current mango inspection methods are

carried out visually, resulting in late detection of crop problems and relying on an expert’s

visual acuity and training. This is primarily due to the limited access to and availability

of practical producer assistance tools in the field. In addition, pressure from international

markets, such as the USA, the EU and China, to improve the quality of the fruit has led

to a stagnation of mango exports: in 2022, only 3.89 % of global mango production was

destined for export [50]. The growth potential of this market is high. However, improving

fruit control and production practices remains imperative. Colombia, a privileged tropical

country producing mangoes 10 out of the 12 months of the year, and Spain, a European

country that can supply the European mango market, can benefit economically from this
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Figure 1-6. Anthracnose cycle in mango. Taken from Uddin et al. [158]
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agricultural product if their productive capacity is enhanced.

Therefore, there is a need to develop tools for monitoring and assessing mango crops at the

pre-harvest and postharvest stages that help to improve their production technologically.

One of the phytosanitary problems affecting mango crops throughout their production (pre-

and postharvest stages), and possibly one of the reasons for the stagnation of mango ex-

ports, is anthracnose. This disease is among those of most significant interest and impact in

mango, as it affects the crop in pre-harvest and postharvest and is responsible, according to

estimates presented in [34,158], for 60 % of fruit production losses worldwide.

In the literature, few studies have focused on anthracnose detection in mangoes. Studies

such as those presented in [100, 155] proposed a model for fruit disease detection when the

first symptoms became visible. A study associated with the fruit resistance mechanisms to

anthracnose is presented in [73]. Recently, studies have evaluated the potential of hyperspec-

tral imaging and machine learning-based detection models to detect anthracnose symptoms

on cv. ‘Nam Dok Mai’ and sugar mango fruit were conducted in [149, 150] and [30, 132],

respectively. All these studies contributed to the understanding and characterisation of an-

thracnose symptoms in mango fruits from spectral analysis and have revealed the feasibility

of using ML-based detection models to assist in inspecting and controlling this disease from

the early stages of development. As recommendations, the authors of these studies also

reported the need to extend research in this field to other mango cultivars and foliar an-

thracnose detection. In addition, implementing and comparing different ML techniques to

obtain the most robust and efficient detection model for this phytosanitary problem is also

a latent need.

Likewise, no studies related to the feature selection to spectrally represent the different stages

of anthracnose symptom development in mango have been reported in the literature. Feature

selection is important in spectral analysis and disease detection as it removes non-relevant

information for the detection models and enhances the model training/learning in the spec-

tral ranges of higher contribution. This approach reduces the number of wavelengths needed

to detect those symptoms and, hence, the computational cost of data processing.

Consequently, developing this research is vital to advancing the development of robust and

effective methods for the early diagnosis of anthracnose in mango. Furthermore, it is es-

sential to develop detection models applied to phytosanitary control, as they could help

farmers monitor and prevent the pathogen outbreak in mango production. This thesis ad-

vances to determine non-destructive methods for early anthracnose detection in mango using

hyperspectral image analysis, ML model training and feature selection techniques.
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1.3. Identification and problem statement

Given the advantages of non-destructive inspection systems such as spectroscopy and hyper-

spectral imaging, spectral data is a possible solution to detecting early (pre-symptomatic)

anthracnose symptoms. Studies such as those reported in [30, 149] showed the potential of

this technology and AI-based models to help with post-harvest inspection and control of

this disease. In [30], for example, there was evidence of spectral regions that could be useful

for spectrally characterising anthracnose symptoms, while in [149,150] there was proof that

hyperspectral imaging could contribute to the development of non-destructive spectral vision

solutions. These works also demonstrated the effectiveness of developing experiments with

mango fruits under controlled conditions, given the challenges in monitoring and temporal

assessment of anthracnose-associated symptoms from the initial inoculation stage.

Undoubtedly, these reference works contributed to the understanding of the symptomatolog-

ical development of the disease for its later detection, but the limitation to a few AI models

and the non-application of spectral-level feature selectors to correlate this information with

the physiology of the infection remain latent challenges. Hence, to provide a deep and proper

response to this need, further research in this field is still required as the development of

affordable spectral vision systems, given the current costs of hyperspectral technology, con-

tinues to be a technological barrier for the agro-industrial sector.

Similarly, a study concerning detecting early symptoms of anthracnose in leaves (an organ of

great relevance for disseminating the pathogen) has not been reported to date in the state-

of-the-art. Only studies on detecting leaf anthracnose at the visible (symptomatic) stage

have been reported [74, 126]. Hence, further research in this area continues to be needed to

move the frontier of knowledge that leads to the development of future solutions that help

the diagnosis of anthracnose in the field, i.e. in preharvest stages.

In addition, when the scientific databases Science Direct and Google Scholar were consulted,

with the formula ”anthracnose detection AND hyperspectral imaging AND mango”, it be-

came even more evident that there is a lack of related studies that contribute to providing

a solution to the problem of assisting producers in the early detection of anthracnose in

mango. While in the Science Direct database, only three articles are directly related to the

mentioned formula, the number of articles in Google Scholar increased to seven. From the

articles reported in Science Direct, one corresponded to a publication based on the results

of this research. In contrast, in Google Scholar, three publications come from the results of

this research (see section 1.5 - Contributions). The rest of the studies found [30,132,149,150]

were referenced in the state-of-the-art in section 2.4.2.

Based on the above exposition, the study developed in this doctoral thesis revolved around a
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question concerning the use of hyperspectral information and machine learning-based models

for the early detection of anthracnose in mango. The research question posed for this thesis

was:

• What are the correlations between spectral information and anthracnose-associated

symptomatology in mango?

• Is this correlation(s) strong enough to detect anthracnose at the pre-symptomatic

stage?

1.4. Objectives

1.4.1. General objective:

Develop predictive models for early detection of anthracnose in fruit and leaves of three

mango varieties using hyperspectral imaging and machine learning techniques, and obtaining

a reduced set of important wavelengths.

1.4.2. Specific objectives:

1. Data collection and preparation: Gather representative samples of fruits and

leaves from the three mango cultivars under study from infected and healthy plants.

Preprocess hyperspectral data to remove noise and normalise it for subsequent analysis.

2. Design and train machine learning models: Develop predictive models using ma-

chine learning techniques such as supervised and unsupervised classification to detect

the presence of asymptomatic anthracnose in mango samples.

3. Evaluation of model accuracy: Assess the accuracy and robustness of the developed

models. Compare the performance of different models and select those with the best

performance.

4. Identification of important wavelengths: Employ feature selection techniques

to identify a reduced set of wavelengths most relevant for anthracnose detection in

mangoes.

1.5. Contributions

With the study carried out in this doctoral thesis, several contributions were achieved and re-

ported to each of the objectives, covering a variety of products ranging from student training

(undergraduate and master students), published scientific articles, posters, and attendance
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at international conferences to the funding of research projects.

For the sake of clarity, the main products generated by this doctoral thesis are listed below:

Published articles

• Velásquez, C., Aleixos, N., Gomez-Sanchis, J., Cubero, S., Prieto, F., J. Blasco, 2024.

Enhancing anthracnose detection in mango at early stages using hyperspectral imaging

and machine learning. Postharvest Biology and Technology, vol. 209, p. 112732. DOI:

10.1016/j.postharvbio.2023.112732.

• Velásquez, C., Prieto, F., Palou, L., Cubero, S., Blasco, J., Aleixos, N. 2023. New

model for the automatic detection of anthracnose in mango fruits based on vis/nir

hyperspectral imaging and discriminant analysis. Journal of Food Measurement and

Characterization, pp. 1-11, 2023. DOI: 10.1007/s11694-023-02173-3.

• Rincón-Fonseca, R. I., Velásquez-Hernández, C. A., Prieto-Ortiz, F. A. 2021. Spec-

tral noise reduction in hyperspectral images using the discrete wavelet transform.

Journal of Research, Development and Innovation, vol. 11(3), pp. 601-616. DOI:

10.19053/20278306.v11.n3.2021.13359.

Attendance at congresses

• Velásquez, C. (2022, March 30 - April 1). New spectral model for anthracnose detection

in mango fruits based on hyperspectral analysis and discriminant analysis techniques

[Virtual]. Second Latin American Congress on Precision Agriculture (CLAP 2022),

Manfredi, Córdoba, Argentina.

• Espinel, O. F., Velasquez, C. A., Prieto, F. A. (2021, 15-17 September). Detection

of anthracnose in mango leaves by hyperspectral image analysis. 2021 XXIII Sympo-

sium on Image, Signal Processing and Artificial Vision (STSIVA), pp. 1-6, Popayán

Colombia. DOI: 10.1109/STSIVA53688.2021.9592005.

Posters

• Velásquez, C. (2022, June 29 - July 1). Detection of anthracnose in mango cv ‘Keitt’

using hyperspectral imaging and artificial neural networks. FRUTIC 14th International

Symposium, Valencia, Spain.

• Velásquez, C. (2022, June 29 - July 1). New model for the automatic detection of

anthracnose in mango fruits based on vis/nir hyperspectral imaging and discriminant

analysis. FRUTIC 14th International Symposium, Valencia, Spain.

R&D projects
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• Velasco, A., Velasquez, C., Prieto, F., Argüello, H. 2021. Development of an optical-

computational system to estimate the COS of agricultural soils through spectral images

and artificial intelligence in citrus crops in Santander [Proyecto inversión R&D, sistema

general de regaĺıas - Colombia].

• Velasquez, C., Prieto, F. 2020. Field detection of anthracnose at the foliar level in

mango trees using spectral image analysis and ML techniques [R&D project, Univer-

sidad Nacional de Colombia].

• Velasquez, C., Lizarazo, I., Blasco, J., Aleixos, N., Prieto, F. 2020. Early in situ

detection of leaf-level diseases using spectral imaging. Case studies: anthracnose in

mango and verticillium in potato [R&D project, Universidad Nacional de Colombia].

Student training

• Montenegro, A., Prieto, F. (Tutor). 2021. Detection and classification of anthracnose

in mango using hyperspectral imaging and deep learning techniques [Master thesis,

Universidad Nacional de Colombia].

• Garzón, L., Prieto, F. (Tutor). 2022. Detection of anthracnose in mango leaves using

spectral image analysis and machine learning techniques [Tesis pregrado, universidad

nacional de Colombia].

• Peraza, D., Prieto, F. (Tutor). 2021. Implementation of deep learning models for the

analysis of hyperspectral signatures of agricultural products [Tesis pregrado, universi-

dad nacional de Colombia].

1.6. Thesis structure

This doctoral thesis is divided into eight chapters. The first chapter presents an introduction,

the research problem addressed, the objectives developed and the contributions achieved by

the research development. Chapter 2 exposes the state-of-the-art related to the research

work to point out the current state-of-the-art in the disease detection field with spectral

information, emphasising the studies related to anthracnose in mango. Chapters 3, 4 and

5 develop each of the objectives, showing the materials, methods, and methodology used in

this research; while Chapter 6 presents the results obtained and related to these chapters.

Likewise, Chapter 7 presents a discussion on the central problem addressed in this doctoral

thesis, giving a frame of reference with the related state-of-the-art studies and answering the

research question with the results obtained from this research. Chapter 8 presents the main

conclusions of the development of this study, as well as future work and trends related to

the results obtained to extend further the scope of the findings and results achieved in this
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research.

At the end of this manuscript, the bibliography referenced throughout this doctoral thesis

is presented, and the appendices previously mentioned throughout the eight chapters of this

doctoral thesis are attached.



2. State of the art

Agriculture is a field of great interest for researchers, given the low level of technology associ-

ated with the production processes and selection of agricultural products, and the impact of

this activity on climate change and the world population. Fields of knowledge such as com-

puter vision (CV) [10,57,62,130], robotics [16,28,42] and artificial intelligence (AI) [13,125]

are some of the areas, transversal to agriculture, that have served as tools for the develop-

ment and invention of new processes that improve the quality of agricultural products and

reduce the impact of this activity on the environment.

With the emergence and use of modern and more specialised sensors, such as spectral sen-

sors, considerable progress has been made in the non-destructive inspection and evaluation

of crops and fruits. Such sensors can be grouped depending on the dimensionality of the

spectral data they collect (spectrometers) or the spatial-spectral data they acquire (hyper-

spectral cameras -this term encompasses multispectral cameras-, monochromatic or thermal

cameras). The spectrum these spectral sensors can acquire ranges from the UV, the Vis, and

the NIR to the mid-infrared (MIR). The combination and use of these sensors has allowed,

for example, rapid estimations of fruit properties without destroying them [43, 110, 136],

the detection of temperature increases associated with specific disease symptoms [67, 177]

and the early detection of crop diseases [31, 114, 144, 169]. Reference studies on the use of

hyperspectral images (HSI) are presented in [6, 75], the concepts related to hyperspectral

cameras, types of sensors and their differences, their use in unmanned aerial vehicles (UAV),

HSI processing techniques, software available to date and reference machine learning (ML)

models are referenced in these works. Additionally, trends and applications in various fields

such as agriculture, mining and forestry are presented.

Within agriculture, a field of interest for researchers and producers, given its impact on the

production supply chain, is the inspection and control of diseases. This field has recently

gained interest as phytosanitary control of products is time-consuming, is mainly done by

human visual inspection, restricts the marketing of agricultural products locally and directly

affects the productivity of the crop if proper in-field phytopathological control is not applied.

Specifically, mango crop production has been affected by the lack of technological develop-

ment supporting disease diagnosis and control. Consequently, mango efforts have focused

on the early detection of diseases with a higher incidence in production and greater severity

in the fruit. The disease with the greatest impact on mango, also reported in other tropical
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fruit crops, is anthracnose, caused mainly by the pathogen Colletotrichum gloeosporioides.

Its impact on mango production is such that it is estimated to be responsible for the loss of

up to 60 % of worldwide mango production [34,158] and has even been reported that up to

100 % of the production has been affected in countries like Costa Rica [158].

Given the breadth of ML techniques and HSI analysis applied to disease detection and qual-

ity control in crops, studies in mango have mainly focused on assessing the internal quality

of the fruit and estimating physico-chemical properties of the fruit, relying on chemomet-

ric techniques. Likewise, work related to detecting relevant diseases in the pre- and post-

harvest stages has been reported. Therefore, to provide a comprehensive state-of-the-art

related to mango crops and anthracnose, the following sections detail the work associated

to non-destructive fruit inspection, emphasising mango and the techniques of ML, HSI and

chemometrics. Then, the state-of-the-art concerning detecting crop diseases by HSI tech-

niques is presented, with the studies related to anthracnose and those focused on mango the

most interesting ones.

2.1. Machine learning models applied to spectral analysis

in agriculture

Machine learning, an AI area, has been of interest in spectral analysis and agriculture due

to the ability of these models to process large volumes of data and make predictions from

new data or observations that were not used in the model training. This model training

is performed iteratively and recursively, which implies that at each iteration, the model as-

sesses its performance and redirects its learning towards valuable datasets while discarding

observations considered as outliers. In this way, an ML model learns to abstract the most

relevant features or patterns to characterise the training data and to predict the behaviour

or response of new data whose outcome (the variable that typically is being estimated or

predicted) is unknown.

The relevance of ML models lies in the enormous variety of approaches proposed and im-

plemented in spectral analysis. Some machine learning models are artificial neural networks

(ANN), decision trees (DT), support vector machines (SVM), Bayesian models, and genetic

algorithms (GA). In agriculture, these models have been used in crop disease detection, as

evidenced in [77, 124, 169] where they extracted features from RGB images for detection,

segmentation and classification of field scenes used for aerial crop monitoring and track-

ing [21,64,76,143], or crop reconstruction with RGB-D (red, green, blue - depth) data to esti-

mate plant foliage and volume through temporal changes [41,58]. Other applications include

the design of crop yield estimation models [26,29,163], fruit counting on the tree [131], pes-

ticide bioactivity estimation on maize leaves [112], and fruit damage detection [32,123,173],
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among other applications. The variety of applications and studies reported in the literature

demonstrates the usefulness and versatility of ML models for developing solutions to assist

in agricultural production activities.

Nevertheless, the use of information in the visible spectrum constrains the potential of these

models, which can process large amounts of data, as it restricts their predictive capacity

in applications such as the estimation of internal properties in fruits or the early detection

of phytosanitary problems. For this reason, ML models have been used in spectral anal-

ysis to propose new approaches in the development of disruptive technological solutions:

detecting early disease symptoms in strawberry [69], mango [150], olive [48], rice [172], wal-

nut [15], cotton [9], among others; estimating internal quality parameters such as firmness

(F), itratable acidity (TA), total soluble solids (TSS), dry matter (DM) [104, 110, 135, 153],

among others; and predicting nutritional status [95, 116] in crops are just among the appli-

cations reported in the literature that demonstrate the potential of ML and spectral analysis.

Recent work in this area demonstrates the usefulness and validity of these techniques for

applied research in agriculture. For example, in [174], the detection of chilling injuries in

banana using a multiple linear regression model (MLR) and a flexible in-situ Vis-NIR sensing

system is studied; in [91], the potential of Vis-NIR hyperspectral imaging for early detection

of bruised lesions in peaches using a partial least squares-discriminant analysis (PLS-DA)

classification model is assessed. Regarding fruit quality estimation in [88], the soluble solids

content (SSC) in Tributi citru, an important citrus fruit in China, using hyperspectral imag-

ing (in the ranges 400-1000 nm and 900-1700 nm), the partial least squares regression (PLSR)

and support vector regression (SVR) models and the successive projections algorithm (SPA)

and correlation coefficient analysis (CCA) selectors are studied. Similar to this work, [96]

evaluates the potential of ML models (XGBoost, LightGBM, CatBoost, and Random Forest

-RF-) to estimate SSC and TA in peach, apricot, and cherry. These recent studies showed

the continued usefulness and relevance of ML models for non-destructive solutions for the

estimation/detection of quality parameters or common fruit damage, for example. Although

considered standard AI techniques in other areas, these methods are still considered relevant

in spectral analysis, inspection, and monitoring of crops.

ML, however, has not been the only AI approach successfully implemented in spectral anal-

ysis. Deep learning (DL), an ML variant, has recently emerged as an area of interest because

of the rise of more powerful computational systems and the properties that these techniques

have brought to the estimation and classification tasks of large volumes of data. Instead

of traditional ML techniques, DL can extract high-level features (e.g., evaluating surface

textures), process data in parallel, and transfer learning from one model to another to

enhance and obtain generalisable and robust learning models [85]. Thus, DL techniques

have shown promising results in feature extraction and detection of diseases, faces and vehi-
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cles [22,48,72,85], as they allow unsupervised learning of robust features compared to ad-hoc

features defined in traditional methods. Among the most widely used structures are convo-

lutional neural networks (CNNs), feed-forward neural networks (FFNs), radial-base function

networks (RBFNs), recurrent neural networks (RNNs), or autoencoders, among others [72].

Due to the growth in computing capabilities, it is possible to design deeper networks with

larger parameters, improving detection and classification results. This kind of technique

has recently been used in agriculture. For example, in [97, 106] they used a single-layer

perceptron (SLP) to detect vegetation diseases, while in [108] a multi-layer model to detect

yellow rust in the wheat crop is presented; and in [84] a CNN to detect arctic vegetation was

implemented and described. In [32], 3 CNNs were implemented and compared to detect sur-

face bruises at an invisible (early) stage in plums using the Vis-NIR hyperspectral data and

wavelength selection approach; while in [48] a study related to anthracnose disease detection

in olives was carried out using Vis-NIR hyperspectral images acquired in laboratory condi-

tions and the PCA compression strategy to adapt hyperspectral cubes to standard DL-input

data. Likewise, in [1], the authors used an RBFN to detect avocado laurel wilt disease in the

early and late stages of infection. These reference studies showed remarkable performance in

combining spectral data with DL models and envisaged the potential of AI solutions in the

agroindustry, as more reliable and robust DL models continue to be presented and published

in the literature. As DL is an active and recent line of research in spectral analysis, in [12]

an overview of the challenges to be addressed in this area is exposed, an introduction to

wavelength selection in hyperspectral data with DL techniques is discussed in [176], while

in [79] a comparison between ML and DL methods and an introduction to the challenges in

disease detection in agriculture with DL is done.

Finally, given the breadth and variety of techniques and applications reported in the liter-

ature and related to ML and DL, in [20, 81, 138, 154] compiled papers are presented as a

framework for ML and DL techniques to deepen their use in agriculture employing spec-

tral data: [138] focused on ML techniques, [20, 81] on DL models, and [154] on wavelength

selection methods. Similarly, in sections 2.2 and 2.4 of this document, reference works are

presented in the areas of fruit quality parameter estimation and disease detection, respec-

tively, with the studies related to mango crops and anthracnose disease being the ones with

more focus and exposition.

2.2. Non-destructive inspection and evaluation of fruits

The relevance of non-destructive fruit inspection and quality control techniques lies in the

potential use of sensors, such as spectral cameras, to make rapid and reliable estimates of

internal or external parameters of the fruit. In agriculture, numerous studies demonstrate

the viability and potential use of these sensors. In [17], a review of non-destructive inspection
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techniques on thick-skinned fruits (including hyperspectral techniques) is presented. This

work exposes the problem inherent to the low precision achieved in the models regarding

thin-skinned fruits: the inability of current sensors to penetrate the fruit peel without af-

fecting it, and make reliable estimates. However, the authors also advocate a more extensive

analysis to determine new correlations or indices that allow the inspection of this kind of

fruit in a non-destructive manner.

On the other hand, in [63] a review related to the determination of fruit maturity and ripen-

ing indices is exposed, the authors also established some of the advantages of the use of

HSI over spectroscopy systems (point-to-point systems): 1) HSI provide spatial resolution

combined with spectral information; 2) HSI allow the entire surface of the fruit to be in-

spected with a single data capture, which is a fundamental advantage, as fruits do not have

a homogeneous composition and surface.

Likewise, some studies related to predicting and classifying fruits according to their matu-

rity and ripening are [5,111,171]. In [111], a study is conducted with persimmon to classify

ripeness, detect the level of astringency and predict the F of the fruit. Using a PLSR model,

the authors achieved an accuracy of 97.9 % in the classification of the fruit according to its

ripeness. Meanwhile, in [5], a study to classify banana ripening after harvesting is carried

out. As a result, the authors determined high correlations between the banana ripening index

and specific wavelengths (532, 660 and 785 nm). Based on a PLSR model, the classification

model achieved an accuracy of 97.53 %. On the other hand, in [171], a work related to the

prediction of the ripening state of strawberries is presented. Through a hyperspectral image

analysis and predictive models, the authors determined the most representative wavelengths

for the prediction of fruit ripening and, through a model based on an SVM, they achieved

an accuracy higher than 85 % in predicting the ripening state of strawberries.

Nevertheless, not only have maturity and ripening indices been established with hyperspec-

tral techniques. In the literature, studies focused on the detection of other properties of

fruits have been reported. This is the case of melon, where in [153] an evaluation of the

hardness and sweetness indices was made based on the information obtained from hyper-

spectral images. Likewise, studies on the spectral estimation of micro and macronutrients in

Persimmon leaves cv. Rojo Brillante [3, 4] and citrus [2] were carried out. As relevant find-

ings, the authors estimated with a PLSR model nutrients such as nitrogen and phosphorus

in persimmon, and potassium and boron in citrus fruits.

All these works reported in the literature have demonstrated the feasibility and potential

of using spectral technology to estimate or discriminate internal and external properties of

fruits of interest for human consumption. Consequently, to validate the usefulness of this

technology in this research, a review of studies related to the mango crop, both in fruits and
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leaves, was carried out.

2.3. Non-destructive inspection and evaluation of mango

crop

Mango, being a product of great international demand due to its nutritional quality and

organoleptic properties of great value for the human diet [71, 103], has generated great

interest in the scientific community that seeks to improve the processes of planting and pro-

duction in the field and to guarantee the quality of the fruit in postharvest. The demand

for fruit in good condition, with good flavour and visual appearance, is one of the char-

acteristics demanded by the international market and which rewards the entire production

chain with great economic benefits. This is why the non-destructive study of this fruit has

been developed in the last decade using spectral technology and AI-based estimation models.

For this purpose, the rapid and robust estimation of the internal properties of the fruit and

the inspection and control of diseases are seen as fields of interest in mango. In the literature,

most of the studies focus on the study and quality control of the fruit, with the estimation

of properties (titratable acidity, total amount of soluble solids, firmness, among others) and

compounds (flavonoids, mangiferin, among others) being the areas of further development.

In addition, studies related to mangoes include the study of specific compounds in leaves,

given that the intake of these compounds and their use in medical treatments has been shown

to have a positive impact on the treatment of diseases such as cancer, diabetes, obesity and

even hepatocellular protection [80]. Also noteworthy in the literature is the recent interest

in the study of diseases of high prevalence in mango crops, with anthracnose being one of the

most important to the scientific community due to its direct (and widely reported) impact

on the loss of mango production.

Considering the above, this section presents the most relevant studies in these two areas

(estimation of properties and compounds) associated with studying mango by using AI

techniques and spectral analysis (this term includes multi- and hyperspectral analysis). The

idea with this state-of-the-art is to establish the potential of spectral data and AI techniques

for the non-invasive estimation of properties in mango and their potential to be used in

disease detection.

2.3.1. Non-destructive estimation of mango fruit properties

As mango fruits provide great benefits for the diet and human health due to the nutrients

and minerals it contain, the non-invasive estimation of the main fruit properties has been a

constantly evolving field. Internal properties such as TA, DM, F, and TSS, among others, are
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the main parameters studied and reported in the literature, since they allow for establishing

fruit quality indices and knowing the ideal ripeness. By estimating these parameters, the

final consumers can have a fruit with the highest standards of nutritional and taste quality.

Reference studies on the prediction of internal properties (or quality attributes) of mango

fruit to estimate fruit quality are presented in [43, 135, 147, 159], all these studies propose

estimation methods, spectral ranges of higher potential or models capable of predicting one

or more properties, representing an important advance in the study of these new technolo-

gies at the service of the mango industry. [159] evaluated, for example, the potential of NIR

spectroscopy to estimate pH and TSS by calibrating regression models such as kernel partial

least square regression (KPLSR), SVMR, and multi-predictor local polynomial regression

(MLPR) and preprocessing filters. As a result, they determined the feasibility of integrat-

ing in a single model, MLPR, with different preprocessing filters the estimation of both

properties: while for pH they found that the MLPR model with Gaussian smoothing filter

obtained the best performance, for TSS prediction they found that the model fitted best

with the Savitzky-Golay filter (SGF). A similar study on TSS prediction was carried out

by [147], where in addition to studying this fruit attribute, the feasibility of its prediction in

a real inspection line was evaluated. The study consisted of the evaluation of 182 cv. ‘Nam

Dok Mai Sithong’ mangoes arranged on a conveyor and an online diffuse reflectance scan-

ning system using a diode array short-wave Vis-NIR spectrometer. As a result of this work,

the authors were able to obtain a PLSR model combined with moving average smoothing

(MAS) with a correlation coefficient of the calibration set and a prediction set of 0.80 and

0.74, respectively, showing the real potential of bringing these spectral solutions to practical

applications in industry.

Likewise, an extensive study is presented in [135], which assessed for 10 days the attributes

F, TSS, TA, pH and β-carotene content to compute a ripening index using 188 mangoes cv.

‘Nam Dokmai’ subcv. ‘Si Thong’ and analysing the spectral data acquired with a NIR spec-

trometer (800-2500 nm) and Vis-NIR HSI system (450-998 nm). The base model employed

was a PLSR using original and pre-treated spectra from both devices. As results highlight,

the authors found that non-significant differences in all fruit quality attributes were found

between positions at the initial ripening stage, as well as that the NIR spectroscopy provided

only slightly better prediction performances than the HSI system. However, they also urged

that further studies employing new calibration models on other mango cultivars would be

an important advance in this field.

Other studies, such as those reported by [11] and [109], showed the potential of artificial

intelligence-based models for estimating internal properties in mango. [11] demonstrated

that the support vector machine (SVM) obtains better results for estimating Brix degrees

(indicating the sweetness of a fruit) with NIR spectroscopy than a traditional PLSR model:
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the coefficient of determination (R2) obtained from SVM for training/calibration and test-

ing dataset were 0.96 and 0.95, respectively; while for the PLSR model were 0.89 and 0.86

respectively. This study was conducted on 80 mango samples (60 for training and 20 for

testing) of the ’Chokanan’, ’Rainbow’, and ’Kai Te’ cultivars. A similar study was reported

in [109]. In this study, a comparison of PLSR, SVMR and ANN models for estimating TA

in mango with NIR spectroscopy was carried out. As a novel result, it was found that the

neural networks outperformed the other models, ANN>SVMR>PLSR, with the first 4 PCs

(PCA was applied before calibrating the models): the R2 of calibration (R2
cal) and predic-

tion (R2
pred), the root-mean-square error of calibration (RMSEC) and prediction (RMSEP),

and the ratio of prediction to deviation (RPD) were 0.97, 0.89, 25.29 mg*100g−1, 28.42

mg*100g−1 and 4.02, respectively.

Concerning ripening indices (RPI), the works presented by [37, 136, 161] stand out. The

main objective of these studies was to establish a metric that expresses the incidence of the

internal and external parameters that influence the ripening stage of the fruit and thus offer,

in a fast, reliable and non-destructive way, information on fruit quality. In [102] an initial

study was proposed to determine SSC, a parameter closely related to the RPI, of Irwin

mango fruit using a hyperspectral imaging system. The prediction model used was an ANN.

The mango SSC was predictable with a correlation coefficient (R2
cv) of 0.79 and RMSEcv

(root-mean-square cross-validation error) of 0.069. According to the authors, these results

can be improved by considering the quality of the sensor to be used, and the optimal distance

and geometry of the object, as brightness conditions could vary from one measurement to

another and thus bias the data collected. In [161], a similar work was presented, but it

extended the measured internal parameters (F, TSS and TA) and fruit pigmentation to inte-

grate them into a Manila mango ripening classification model. This proposed classification

model consisted of a combination of PCA and MDA (multivariate discriminant analysis)

techniques. As a result, the authors obtained a classification rate of 97.44 % thanks to the

combination of PCA and MDA, which allowed the reduction of the dimensionality of the

spectral data and the calibration of the mathematical discriminant model.

An internal quality index (IQI) and an cv. ‘Osteen’ mango RPI, based on NIR and Vis

spectroscopy, were proposed in [37]. The physical and chemical properties addressed in this

work were F, flesh and peel colour, TA and TSS. As a result, the authors found that predict-

ing RPI and IQI indices from Vis and NIR spectral analysis was possible. In addition, this

work established a strong correlation between F and the other analysed mango properties.

Results of this work were confirmed in [137], where a study of the F, TA and TSS properties

was made with hyperspectral images. As a result, the authors found a strong relationship of

F with specific wavelengths of the captured images, as well as a strong correlation of F with

TA. Furthermore, the authors state that this kind of image has the potential to be used in

non-destructive applications for the detection of mango properties (F, TA and ripeness).
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The previously referenced works emerged with great relevance given that they established

the relationship between the content of internal properties of the fruit with an RPI that

indicates to both producers and consumers the current organoleptic ripeness of the fruit

rapidly and reliably, without the need to destroy the fruit. Additionally, these studies stood

out since the results and findings have allowed, for example, the spectral characterisation of

mango fruit, reducing the number of wavelengths needed to calculate the RPI and, therefore,

reducing the economic costs associated with the use of spectral technology: the establishment

and validation of these indices with groups of wavelengths enables the use of multispectral

sensors, which are more affordable when designing machine vision systems in agricultural

production lines.

Based on the above literature review in the mentioned areas, the enormous potential of

spectral sensors in non-destructive estimation and quality control of fruit is evident. Likewise,

the design and development of estimation or classification models using AI techniques add

value to the growth of knowledge in this field and the technological development of the

agricultural sector, particularly in the mango-producing sector. However, it is also clear

that there is a need to develop further AI spectral solutions for other mango cultivars,

new producing countries/markets and new approaches that improve the performance of the

systems proposed to date and allow their applicability in real production chains (by being

affordable and reliable).

2.3.2. Beneficial compounds estimation from mango fruits and leaves

Another active line of research related to mango crops is the study and evaluation of the

potential of several bioactive compounds in mango fruits and leaves [68,71,133]. Such com-

pounds, as reported in the review presented in [80,122], offer benefits for human health given

the benefits of the biological activity in diseases such as diabetes, obesity, cancer, and liver

damage, among others. In addition, the study of these compounds has also been comple-

mented by the development of predictive models that provide rapid and reliable estimates

of their presence (or absence) and the identification of mango cultivars with the highest

potential to be used in in-depth laboratory studies for the extraction, disposition and use of

these compounds in innovative products.

A comprehensive study on the nutritional composition, pigmentation and arrangement of

phytochemical compounds in mango fruit is presented in [103], while similar work on mango

leaves is reported in [80]. Both studies demonstrate the benefits of consuming mango fruit

and the potential of extracts from mango leaves. A common conclusion and finding from

these studies is that the mango crop is rich in flavonoids and phenolic acids, which are

compounds of great interest to the pharmaceutical and cosmetic industry [119] given their
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correlation with the anti-inflammatory, antifungal and, recently, anticancer activity.

In [178], a comprehensive survey of the techniques for estimating the content of flavonoids is

presented, with spectral analysis through UV-Vis and NIR spectroscopy and hyperspectral

cameras being the most outstanding. The authors demonstrated the feasibility and poten-

tial use of these sensors to determine the presence of these compounds, given that they

have characteristic spectral signatures that are easy to differentiate from other phytochem-

ical compounds. Furthermore, they stated that spectral technology-based systems had a

technological advantage over standard methods as they allowed non-destructive and reliable

estimations. However, they also called for further research to refine the presented estimation

models and exploit the potential of current hyperspectral systems, given the spatial compo-

nent these sensors can capture.

One of the main flavonoids that has recently gained interest is anthocyanin [86, 103, 151].

This pigment, responsible for the reddish pigmentation in fruits and leaves of trees, is widely

present in mango crops [151]. Its relevance lies in the protection against cell damage [86] and

the antifungal activity that serves as a defence mechanism of the tree against infections such

as those caused by Colletotrichum sp., the pathogen responsible for anthracnose in man-

goes [151]. As a main result of the studies related to this pigment, an absorption peak that

determines the presence and accumulation of this pigment was found in the range 520-540

nm [118]. However, neither the presence of this pigment nor the spectral response in the

mentioned range has been correlated with the ripening process of the fruit, since ripening in

mango fruits responds to other physiological changes and processes.

Undoubtedly, the versatility of chemometric techniques, AI and spectral analysis have pro-

vided new opportunities for science to develop new extracts beneficial to human health. The

enhancement of these studies and the validation with new and improved mango cultivars

is also considered a future work to be developed, as new approaches and medicines will be

needed shortly to preserve the good condition (health) of human beings.

2.3.3. Other studies related to non-destructive inspection in mango

However, in mango crop production, research has not only focused on assessing fruit quality

or estimating beneficial compounds. Studies are also reported in the literature evaluating

the potential of spectroscopy, spectral analysis and AI models to estimate, for example, the

quality of the juice produced from mango pulp [55], the internal damage in fruits such as

internal browning [51] and spongy tissue [129], and the feasibility to discriminate the mango

cultivar spectrally [157].

In [162], a classification model for Manila mango fruit based on the induced mechanical

damage and hyperspectral image analysis was proposed. This work studied the selection of
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the most relevant spectral bands (wavelengths) for detecting mechanical damage induced by

a pendulum. Classification models were trained with the selection of wavelengths, and their

results were compared against the full collected spectrum. As a result, the early mechanical

damage detection model was able to classify fruits with an accuracy of 97.72 % when using

the full spectrum and 91.14 % when using specific wavelengths, showing the potential to

spectrally characterise this type of damage in mango fruit, as the metrics obtained (full ver-

sus selected wavelengths) achieved remarkable performances (above 91 % in accuracy) and

did not vary considerably from each other (the difference was less than 7 %).

On the other hand, [65] presented a vegetation classification scheme with UAV over a mango

crop using a hyperspectral system based on a liquid crystal tunable filter (LCTF). The au-

thors presented an SVM classification model that achieved an accuracy of 94.5 %. Among

the results and conclusions presented, the authors expressed the importance for the classifier

of using the shaded areas of the mango trees, as these regions provide valuable information:

81 % was the accuracy achieved with only the illuminated areas, while 94.5 % was the ac-

curacy achieved when the shaded areas were included. In addition to this result, the LCTF

system was presented as an alternative for acquiring hyperspectral images with a UAV, de-

spite requiring considerable acquisition time.

All the studies reported in this section undoubtedly allowed to demonstrate the enormous

potential in the non-destructive estimation of internal parameters in mango fruits, in de-

termining beneficial compounds for human health and non-invasive detection of internal

damage in fruits through spectral sensors, spectral analysis and AI-based models. Hence the

importance of this research in approaching the study of anthracnose detection through these

spectral and AI methods as they emerge as the most promising and potential approach to

detect this disease in mango.

2.4. Anthracnose disease

Anthracnose is a disease characterised by symptoms that mainly cause necrosis of the mate-

rial infected by the pathogen. Its lesions are identified as circular, brownish-black, sunken,

and have a superficial growth that allows them to coalesce with other anthracnose lesions

or other diseases. Benefiting from the climatic conditions of tropical climates (high relative

humidity and temperature), this disease affects many fruit crops such as mango, strawberry,

banana, cassava, avocado, papaya, etc. Additionally, the pathogen has developed an infec-

tion mechanism that allows it to remain latent and inactive (quiescent infection) until the

host conditions are ideal for its development (typically when sugars and starches in fruits

are available). For this reason, to develop effective methods for detecting anthracnose in

fruit crops, approaches have been proposed to seek its early detection through machine vi-

sion, spectral analysis and AI techniques. All studies reported in these fields and related to
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anthracnose have improved the understanding of the anthracnose infectious process (stages)

from the early to the visible stages of the disease.

2.4.1. Anthracnose detection in fruit crops

In this section, works related to anthracnose detection in fruit crops (different from mango)

will be detailed, since their review provides several perspectives to address the problem of

assessing the feasibility of early detection of symptoms associated with anthracnose in mango.

Works related to the detection of anthracnose symptoms with vision systems are reported

in crops such as strawberry [70, 98, 166], aonla [78], cotton [9], walnut [15], tea [38, 175],

pear [89, 94], cucumber [92], among others. From these studies, those related to strawberry

crops stood out, as they were developed in a timeline seeking first to evaluate spectroscopy

to detect anthracnose under controlled conditions [166], then to extend the work to field

detection using spectral vegetation indices and aerial equipment [98] and finally to compare

different AI models to detect foliar anthracnose at an early stage [70]. The importance

of these works lies in the thoroughness and completeness of assessing this disease, given

the challenges in terms of detection and control. On the other hand, the works presented

in [38, 92, 94] addressed the challenge of detecting anthracnose at the foliar level, since it is

in this organ of the plant where the greatest problems of crop affectation and damage occur.

To do so, the authors implemented several machine learning techniques such as SVM, KNN,

RF, ANN, K-means and discriminant models such as LDA, successive projection algorithm

LDA (SPA-LDA), among others. As a main and common result among these studies, SVM-

based models obtained the best performance metrics: for tea, pear and cucumber crops, an

accuracy of over 93 % [38], 93.25 % [94] and 94.7 % [92], respectively, was obtained.

Similarly, novel studies related to anthracnose detection in olive and tea crops are reported

in [48,175]. A model for early detection of olive anthracnose based on deep neural networks

(ResNet101 architecture) with hyperspectral images in the Vis-NIR range (450-1050 nm),

acquired in the laboratory on 250 olives, is presented in [48]. Each hyperspectral image con-

sisted of 61 spectral bands of 1392 × 1040 pixels. These images were spectrally compressed

using a trainable linear transformation and a spatial reduction to allow this type of data

to be coupled with the convolutional networks. As a result, the authors reported that the

ResNet101 network achieved an accuracy = 91.8 %, recall = 96.88 % and specificity = 73.08

%, which represented a promising advance in developing detection systems for anthracnose

in olive trees. On the other hand, [175] exposed a study on the detection and discrimination

of three common phytosanitary problems in tea plants: anthracnose (AH), green leafhopper

(Empoasca spp.) (GL) and sunburn (BU). The work aimed to evaluate the possibility of

detecting these three problems and discriminating them through hyperspectral analysis. As

a result, the authors obtained a KNN model with an accuracy of over 95 % to discriminate
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these phytosanitary problems, while doing an individual detection they achieved average ac-

curacies of 98 % for GL, 86 % for AH and 83 % for BU; however, the authors recommended

further validation or adaptation of their system to ensure adequate performance.

Thanks to these works referenced in the literature, the scientific community’s interest in the

study of this disease was confirmed, given the challenges it represents for its control and

proper detection. It was also clear that research in this field was ongoing, as there was no

universal consensus on the approach to detect this disease at the early stages of develop-

ment. Additionally, it was also evident the potential of AI techniques and hyperspectral

imaging for the characterisation of the symptoms associated with this disease, however, the

development of robust diagnostic solutions requires a thorough study of the crop and the

predominant Colletotrichum sp. strain, as specific studies and technological adaptations

(sensors, methodologies, mathematical models) must be carried out to assure the success of

the proposed approach to the problem of inspection and control of anthracnose.

2.4.2. Anthracnose detection on mangoes

Given the economic interest and the serious effect of anthracnose on the mango crop, af-

fecting up to 100 % of the production [158], over the last years, research works have been

carried out to support the detection of this disease in mango using the technological tools

available to date. One of the first studies on anthracnose in mango was presented in [36].

They implemented a computer vision system (CVS) to quantify anthracnose lesions on cv.

‘Manila’ mango using a spinning image capture system. Among the features of the presented

CVS were the characterisation of the size, number of points and their distribution on the

fruit. Similar to this work, in [155] a methodology for detecting anthracnose in mango using

colour imaging was presented. The authors focused their study on estimating the fruit dam-

age percentage based on the area of the detected lesion, its perimeter and greyscale intensity.

In the same line of evaluating the potential of colour vision systems to detect anthracnose,

in [100], a study was carried out to detect the disease on mango fruits, using colour cameras.

As a result, the authors obtained a classification model of affected fruits based on SVM with

an accuracy of 83.34 %. However, a point in common with these studies is that the study

and analysis was carried out with visible anthracnose lesions, which implied a late detection

and, therefore, a late control of the disease.

Likewise, developing a CNN model (based on the AlexNet architecture) for detecting an-

thracnose in cv. ‘Nam Dok Mai’ mango fruits with RGB images was reported in [165]. As

a result, the CNN model achieved an accuracy of 81.36 % for anthracnose-free (healthy)

mangoes and 79.55 % for diseased fruits, indicating the potential of these deep networks

for the detection of a difficult-to-control disease such as anthracnose. Similar to this work,

studies evaluating the development of anthracnose in mango fruits through AI-based models
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trained with RGB images have been reported [74,100,126,155]. These works have illustrated

the potential of deep neural networks in anthracnose detection; however, their analyses have

focused on detection at a late (visible) stage of the disease.

Few studies have addressed the foliar anthracnose in mango using AI-based models to charac-

terise and detect symptoms [18,74,134,140,148]. One of the first studies on foliar anthracnose

in mango was presented in [74]. This study assessed anthracnose to establish the disease

severity by capturing images from a DSLR camera over 30 mango leaf samples. Preprocess-

ing techniques to enhance image quality were also applied, and an SVM model was trained

to detect anthracnose symptoms and to correlate with leaf pigment. As a result, in this

work was established a potential correlation of the visible spectrum with the degradation of

pigments such as chlorophyll a and b, and carotenoids.

On the other hand, in [148], a multilayer convolutional neural network (MCNN) was pro-

posed for classifying mango samples infected by anthracnose. A total of 2200 RGB images

were acquired in this study from different locations and conditions and separated into train-

ing (80 % of the images) and testing (remaining 20 %) groups. To deal with the size of

the images used in CNN, images were first preprocessed for contrast enhancement and then

rescaled to a 128 × 128 pixel. The trained MCCN model obtained an accuracy = 97.13

%, missing report rate = 2.87 % and false report rate = 0 %, denoting the potential of

the DL methods to detect late-stage anthracnose symptoms. Similar results were obtained

by [18] and [140], which obtained 96.6 % and 95.5 % accurate outcomes with their models.

The difference with these studies lies in the use of a CNN with no preprocessing or feature

extraction in [18], while in [140] the authors presented a vein pattern segmentator with an

SVM classifier to extract and detect symptoms on the main leaf area. Likewise, in [126], a

CNN architecture was used to train a DL model to identify and classify anthracnose, bacte-

rial black spot, and sooty mould in mango. Using 380 images representing the healthy and

diseased classes, different data augmentation techniques were applied to improve generali-

sation and a pre-trained MobileNetV2 model was used for the learning stage. The disease

classification was done via an SVM at the final stage of the MobileNetV2 model. Recently,

in [134], a CNN-based approach, called LeafNet, to detect seven of the most common diseases

of mango using images of the leaves was presented. This model was trained using data from

mango diseases in Bangladesh, where anthracnose, die back, powdery mildew, sooty mould,

among others, were included in their database. As a result, the LeafNet model reached an

average accuracy, F-score, and specificity of 98.55 %, 99.47 %, and 99.88 %, respectively,

allowing them to state that their modelling approach was at the top of the most advanced

classification models.

Although the studies mentioned above have contributed to the characterisation of the an-

thracnose symptoms in mango, the use of information in the visible spectrum implies that
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the models are specialised in detecting symptoms in the late (visible) stage, so their con-

tribution in the inspection and control of this disease is done in a corrective way (not a

predictive form). A novel work merging RGB information with spectra in the UV range

is presented in [132]. In this study, an LDA model to detect anthracnose in sugar mango

fruits was presented. This study was carried out with 108 fruits, half of the samples (54)

were inoculated with Colletotrichum sp. and stored for 8 days to collect daily images and

characterise the disease development through a severity scale from 0 to 4, where 0 was a

healthy fruit, 1 corresponded to early anthracnose lesions, 2 to moderate lesions and 3-4 to

severe lesions. As a result, the UV-LDA-based model achieved an average accuracy of 97 %

when using the severity scale, showing, according to the authors, the feasibility of detecting

anthracnose in early stages with the use of UV-A illumination.

In the same line as [132], the literature reports the study carried out by [30] to evaluate the

potential for predictive detection of anthracnose in mango fruits. This work reported a study

to detect anthracnose on sugar mangoes with spectral signatures collected with a portable

spectroradiometer in the Vis-NIR range (350-1900 nm). The fruit bank comprised 200 fruits

(100 control units and 100 units inoculated with Colletotrichum sp.) stored for 11 days.

During the experiment, 8,400 spectral signatures were collected. The models implemented

in this work were RF and SVM, with the SVM model being the best one: 100 % accuracy

when using the full spectrum and 92 % accuracy when using 29 selected wavelengths. Cer-

tainly, this work represented a reference in the spectral study of anthracnose in mango fruits;

however, the authors proposed the need to extend its study to more robust models (such

as ANN) and the use of hyperspectral images since the characteristic lesions of anthracnose

grow and expand as the infection develops.

On the other hand, a preliminary study merging Vis-NIR hyperspectral imaging, chemomet-

rics and pseudo-colour image processing to evaluate the feasibility of detecting anthracnose

in early-stage cv. ‘Nam Dok Mai’ mango fruits was carried out in [149]. 40 mango fruits

inoculated with Colletotrichum gloeosporioides in the equatorial region of each fruit were

used, and hyperspectral images were acquired every 2 days from day 0 to 10 days after in-

oculation, resulting in 6 classes to be evaluated: 1 healthy and 5 related to the development

of the anthracnose lesion. Using a linear discriminant factor analysis (DFA) model, fused

with a PCA method to choose the PCs of the largest weight for the discrimination of the six

classes, the feasibility of using fused hyperspectral imaging, pseudo-colour image processing

and chemometrics to develop reliable solutions for disease control could be demonstrated.

Similar to this work, in [150], a study that evaluated the potential of Vis-NIR hyperspectral

imaging with the PCA method and SVM model for detecting anthracnose symptoms was

presented. Experimentally, in this study, 60 fruits of the same cultivar and with the same

periodicity described in [149] were used: Nam Dok Mai mango fruits were monitored on days

0, 2, 4, 4, 6 and 8 after pathogen inoculation. As a result of this work, they achieved an SVM
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model capable of discriminating with 98 % of the defined classes (per day of acquisition),

which implies that from the first days of disease development, symptoms could be detectable

through spectral information. As a relevant fact, it should be noted that on day 4 after

inoculation with the pathogen, there was a slight decrease in the accuracy of the model, a

decrease that was corrected from day 6 after inoculation. However, as a common point of

the studies mentioned above, an exhaustive analysis of other classification models, feature

selection or dimensionality reduction methods, and further study with different mango cul-

tivars was not evident.

Undoubtedly, all these works marked a relevant milestone in the study and understanding

of anthracnose in mango since they proposed systems capable of detecting the presence of

anthracnose lesions in mango (both fruit and leaf). The relevance and interest of the initial

efforts that addressed the challenge of characterising the symptoms associated with anthrac-

nose at the spectral level to reduce the number of wavelengths needed to detect the disease

can also be highlighted. However, as reported in those papers, the need to establish a set of

relevant wavelengths physiologically related to the early stages of anthracnose is still latent.

In addition, answering the essential research question on the ability of current AI-based

vision systems to detect early symptoms associated with anthracnose is an urgent matter,

as robust solutions are needed to support the task of phytosanitary control throughout the

harvesting and post-harvesting stages of this prized fruit crop.
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Anthracnose produces a localised infection, which implies that the disease develops in the

organ (or part of the plant) where the pathogen is inoculated without systematically affecting

the individual, i.e. the symptoms associated with anthracnose do not cause a generalised

expression of the symptoms (in the whole individual), but a punctual one where the pathogen

was inoculated. This disease behaviour has allowed the symptomatology of this disease to

be studied in laboratory experiments with samples taken from the tree. Therefore, since

fruits and leaves are the critical points for anthracnose-induced infection, their study under

laboratory conditions was selected since the experimental conditions (inoculation, sample

monitoring and data acquisition) could be controlled. The mango cultivars used for the

study were ‘Keitt’, ’Kent’ and ‘Osteen’ for fruits and ‘Keitt’, ’Kent’ and ‘Tommy Atkins’

for leaves. The cultivars selected in fruit represent those of most significant interest for the

international mango trade, as well as cultivars of great interest for the growing and recent

mango-producing market in Colombia and Spain. On the other hand, the cultivars selected

in leaves corresponded to cultivars with different levels of susceptibility to anthracnose,

being ’Kent’ moderately susceptible, ‘Keitt’ moderately resistant and ‘Tommy Atkins’ low

susceptible [23,45,127].

3.1. Gathering representative mango samples to study the

anthracnose symptom development in laboratory

For this research, mango fruit and leaf samples were collected from producing farms dedicated

to research and commercialisation in Spain during the 2020 - 2021 seasons. The selection and

collection of plant material was carried out following the protocol established in the “Gúıa

para la recolección y preservación de muestras botánicas en campo” document [61] and the

technical assistance from an expert researcher in the crop to choose the best samples of both

fruits and leaves. The sample sets used for the experiments with (and without) inoculum of

the pathogen causing anthracnose on mango are described below.

3.1.1. Fruit selection from 3 mango cultivars

For the mango fruits, a mango-producing farm for local consumption and export located in

the region of Motril (Spain) and the mango germplasm bank of the experimental station
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Figure 3-1. A representative group of selected mango fruits of the (a) ‘Keitt’ and (b) ’Kent’ cultivars for

the experimental development of this research

La Mayora from the Instituto de Hortofruticultura Subtropical y Mediterránea (IHSM) in

Málaga (Spain) were chosen. The mango fruit selection of the ‘Keitt’, ’Kent’ and ‘Osteen’

cultivars was carried out according to the external visual appearance of the fruits: samples

without visible lesions, with proper physiological maturity (fruit size suitable for harvesting)

and similar external pigmentation (dark green colour with reddish regions), see Figure 3-1.

This selection was performed with the guidance of an expert researcher from the IHSM, who

provided the indications to obtain sets of fruits with a similar physiological maturity stage

for each cultivar. In addition, the selected fruits were harvested and sent to the Centro de

Agroingenieŕıa of the Instituto Valenciano de Investigaciones Agrarias (IVIA) in Moncada

(Spain) in less than 48 hours for later inoculation and laboratory monitoring.

Visually, the ’Kent’ and ‘Osteen’ cultivars show similarities during their ripening phase, with

a change from dark green to yellow-orange in the skin of the mango. In contrast, the ‘Keitt’

cultivar starts its ripening phase with a yellowish pigmentation that turns orange-red as the

fruit ripens. Figure 3-2 shows three samples of the cultivars mentioned above, where the

changes in pigmentation can be perceived as a result of the ripening of the fruits once they

have been harvested.

Table 3-1 describes each set of fruits selected, per cultivar, for the laboratory experiments.

The number of samples per cultivar and set was established based on the fruit availability

with the selection criteria described above and the maximum possible number of fruit that

could be acquired daily with the hyperspectral vision system (see section 3.1.4). On the

other hand, the pre-assay reported in Table 3-1 was used exclusively to verify the appropri-

ate inoculation method to obtain the development of anthracnose lesions on mango fruits;

therefore, no spectral analysis was performed because its purpose was purely to test the inoc-

ulation methodology. In addition, these experiments were carried out in two different mango
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Figure 3-2. Mango fruit samples of ’Kent’, ‘Osteen’ and ‘Keitt’ cultivars over 6 days, showing the changes

in pigmentation as the fruit ripens when harvested

Table 3-1. Mango fruit sets for the experimental development of this research work

Type cultivar Samples Weigh (g) Width (mm)

Min Max Mean Dev std Min Max Mean Dev std

Pre-assay ’Kent’ 10 326 491 397 52 65 70 67 3

Assay ’Kent’ 60 350 690 492.4 76 72 93 82 4

Assay ‘Keitt’ 55 603 988 822.7 85.7 82 100 91.1 4

Assay ‘Osteen’ 100 380 732 529 67 76 93 85 3

Assay ‘Keitt’ 100 651 983 849 77 77 93 85 3

seasons: pre-assay, ’Kent’ (60 samples) and ‘Keitt’ (55 samples) assays corresponded to the

2020 season, while ‘Osteen’ (100 samples) and ‘Keitt’ (100 samples) assays corresponded to

the 2021 season.

The data reported in Table 3-1 shows that the cultivar with the highest average weight

was ‘Keitt’, corresponding to the cultivar with the widest width, measured over the fruit’s

equatorial area. Due to space limitations and the maximum load of the automatic lifting

system, which raises the fruit inside the inspection chamber for image acquisition, mango

fruit weighing more than 1,000 g was discarded for this cultivar. On the other hand, the

’Kent’ and ‘Osteen’ cultivars, as previously mentioned, presented similar weight and width

values.

3.1.2. Leaf selection from 3 mango cultivars

The experimental station La Mayora from the IHSM was chosen for the mango leaf samples,

as it has the most complete, controlled and proper mango germplasm bank, and there-

fore the most suitable plant material in Spain and Europe. The mango leaf selection of
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Figure 3-3. A representative group of selected mango leaves of the ’Kent’ (a) and ‘Keitt’ (b) cultivars for

the experimental phase in this research

the ‘Keitt’, ’Kent’ and ‘Tommy Atkins’ cultivars was performed according to their loca-

tion and external visual appearance: leaves without visible lesions, with dark, green-dark

or green pigmentation, of medium age and coming from the second-third of the tree. This

leaf selection was also performed with the guidance of an expert researcher from the IHSM

to ensure the relevance of the sample sets. They were packed, transported and processed

to the laboratory according to the “Gúıa para la recolección y preservación de muestras

botánicas en campo” [61]. Like the fruit sets, the mango leaves were received at the Centro

de Agroingenieŕıa of the IVIA in Moncada (Spain) within 48 hours of being cut from the tree.

Figure 3-3. shows different sets of samples selected for the experimental development of

this research under laboratory conditions. Even though the selected cultivars, according

to [23,45,127], present different susceptibility to the development of anthracnose symptoms,

at a visual level the appearance of the samples does not differ from one cultivar to another,

except for the average size of the selected samples, where the ‘Keitt’ cultivar presented the

largest leaves and the ‘Tommy Atkins’ cultivar the smallest leaves in length and width.

Table 3-2 shows the sample list selected for the pre-assays and experiments fulfilled through-

out this work. As with the fruits, the number of samples was determined by the availability

of suitable plant material on the tree and the technical limitations at the laboratory level

(hyperspectral and colour image acquisition times). Also, experiments were carried out in

the 2020 and 2021 mango seasons: the pre-assays and the first assays of each cultivar cor-

responded to the 2020 season, while the second assays (and the third one for the ‘Keitt’

cultivar) corresponded to the 2021 season. The pre-assays were developed to find the best

method of inoculation of the pathogen on the leaves, as it was mandatory to ensure the plant

material (leaf) quality throughout its storage and the anthracnose development study. More

details on the usefulness of the pre-assays are given in section 3.1.3.
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Table 3-2. Mango leaf sets for the experimental phase of this research

Type cultivar Samples Height (mm) Width (mm)

Min Max Mean Dev std Min Max Mean Dev std

Pre-assay ’Kent’ 20 152 173 160 2 63 76 70 2

Pre-assay Irwin 20 85 131 106 3 55 78 65 3

Pre-assay ‘Keitt’ 30 144 170 155 4 53 61 57 2

Pre-assay Tommy A. 30 86 105 96 3 44 70 56 3

Assay Tommy A. 30 75 132 101 5 50 78 62 4

Assay Tommy A. 20 70 101 77 4 52 75 62 3

Assay ‘Keitt’ 30 139 165 149 4 46 58 62 2

Assay ‘Keitt’ 30 126 170 152 5 49 58 53 2

Assay ’Kent’ 40 146 185 172 3 56 81 69 3

Assay ’Kent’ 40 133 171 153 3 49 75 65 3

Assay ‘Keitt’ 40 130 161 142 4 48 60 55 2

The table above shows that the leaves of the ’Kent’ and ‘Keitt’ cultivars have the greatest

average height (measured from the tip to the petiole of the leaf) of the studied cultivars, being

larger than 142 mm. On the other hand, in the width of the leaves, the cultivars presented a

similar average width, varying between 55 and 70 mm. Additionally, from the three mango

cultivars used in the leaf assays, the ‘Tommy Atkins’ cultivar had limited availability of

leaves, given that the IHSM germplasm bank, for preservation of this particular cultivar,

did not have enough plant material for the second assay (40 samples were required for each

experiment).

3.1.3. Inoculation of Colletotrichum gloeosporioides in a

representative group of mango samples

Before the conduct of the assays with the samples mentioned in Tables 3-1 and 3-2, a so-

lution (inoculum) was prepared with Colletotrichum gloeosporioides in a concentration of

1x106 spores/ml. The inoculum for the assays was prepared by researchers from the Centro

de Poscosecha at IVIA, who guaranteed its concentration and quality for mango samples. In

addition, as a protocol for disinfection of the samples before inoculation, each sample was

immersed in a 0.5 % hypochlorite solution for 30 seconds, then in distilled water for 30 sec-

onds, and finally dried with paper towels, as reported in various related studies [99,128,156].

With the inoculum prepared and the samples disinfected, pre-assays were carried out to

establish the best inoculation method that would allow the adequate development of an-

thracnose lesions on mango without significant loss of quality of the plant material under

study. Since the leaves, once detached from the tree, started a senescent process (contrary

to what happens with the fruits), pre-assays of inoculation were carried out to establish if

the disease developed visibly before the death (drying) of the plant material. In addition,
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Table 3-3. Results associated with pre-assays with mango samples and inoculation strategies for Col-

letotrichum gloeosporioides

Type cultivar Samples Inoculation Inoculum Monitoring Monitored Incidence (%)

method points days surface Abaxial Adaxial

Fruit ’Kent’ 10 Injury 6 9 1 surface 100

Leaf ’Kent’ 10 Injury 5 9 Abaxial Adaxial 100 96

10 Deposition 5 13 Abaxial Adaxial 100 66

Leaf Irwin 10 Injury 5 9 Abaxial Adaxial 100 94

10 Deposition 5 13 Abaxial Adaxial 88 28

Leaf ‘Keitt’ 10 Injury 5 10 Abaxial Adaxial 96 90

10 Adaxial deposition 12 20 Abaxial Adaxial 3.75 7.5

10 Abaxial deposition 5 13 Abaxial Adaxial 88 22

Leaf Tommy A. 10 Injury 5 11 Abaxial Adaxial 94 90

10 Adaxial deposition 12 20 Abaxial Adaxial 1.25 2.5

10 Abaxial deposition 5 13 Abaxial Adaxial 84 0

these assays established monitoring and image acquisition times on the samples inoculated

with the pathogen. The following inoculation strategies were tested: 1) adaxial localised

deposition, 2) abaxial localised deposition, and 3) localised deposition on the induced lesion.

Table 3-3 reports the monitoring times of each pre-assay, the inoculation strategy imple-

mented and the final incidence of each pre-assay. As a result of this experimental phase, it

was established that the most rapid (and at the same time effective) method to allow the

development of anthracnose lesions is the localised deposition of the solution on an induced

lesion. In the case of fruits, the induced lesion was made with a surgical punch of 1 mm

diameter and 2 mm deep, while a surgical needle was used for leaves. This strategy allowed

the development of lesions with a diameter greater than 20 mm in at least 90 % of the

samples under study and in an average time of 9 days after inoculation. During the days

of continuous monitoring of the samples, no significant incidence of senescence in the leaves

and overripening in the fruits was reported, since the preservation of the samples under ideal

conditions (relative humidity > 85 % and a temperature of 23°C ± 1°C) allowed the plant

material conservation of more than 15 days in fruits and 20 days in leaves.

On the other hand, from the results obtained from the pre-assays reported in Table 3-3,

it was evident that the strategy of the abaxial localised inoculum deposition on leaves per-

formed better than the method used by the adaxial localised deposition. This finding agrees

with the results reported in [107, 156], which also evaluated the best method of inoculation

on mango leaves and explained that the defence constituent substances in leaves are found in

greater proportion on the adaxial side, as this side is exposed to solar radiation and weath-

ering. Therefore, this defence mechanism on the adaxial side makes infection by external

pathogens more difficult, while on the abaxial side, not having a significant accumulation

of these substances, infection by external agents is easier. However, the times reported for

the abaxial localised deposition were superior to the induced lesion method, making this
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latter method more suitable for developing assays with Colletotrichum gloeosporioides in

both mango fruits and leaves.

As relevant aspects of this inoculation method in induced lesions, and considering that an-

thracnose develops symptoms locally, it was decided to make six lesions on one side of the

mango fruit and five on one side of the leaf. To compare the development of anthracnose

lesions in inoculated samples (hereafter diseased samples) with non-inoculated samples (here-

after sound samples), in the group of sound samples, an equal number of lesions were made

and covered with distilled water. The strategy aimed to replicate the same experimental

conditions between sound and diseased samples, with the only difference being the use of

inoculum in one group and distilled water in the other. This strategy also increases the

number of anthracnose lesions per sample (and thus per assay) as these can be isolated and

analysed individually since the pathogen does not induce a systemic but a localised infection.

Finally, based on the pre-assays, the monitoring time of the experiments was set to a maxi-

mum of 9 days, since above this threshold time, visible anthracnose lesions were achieved in

all pre-assays with the selected inoculation method. However, it was also established that

an assay could be finished earlier than this threshold time if an incidence of more than 90

% of anthracnose lesions was achieved in the samples.

3.1.4. Spectral acquisition system

The hyperspectral acquisition system used consisted of a monochromatic camera (CoolSNAP

ES, Roper Scientific, Inc, AZ, USA) sensitive in the 320 - 1030 nm range and two liquid crys-

tal tunable filters (LCTF) sensitive in the visible (400 - 720 nm) and near-infrared (650 -

1100 nm) ranges (Varispec VIS-07 and NIR-07, Cambridge Research & Instrumentation,

Inc., MA, USA). The image acquired by this vision system corresponded to an image of

1392 × 1040 pixels. In addition, the system was integrated into a dome-shaped inspection

chamber, illuminated by 12 x 25 W halogen lamps equally distributed around the scene.

Figure 3-4 shows the spectral acquisition system used for this research.

For the LCTF working range, the extremes of the filters were delimited to avoid a low signal-

to-noise ratio (SNR) at the sensitive edges of the filters (450 - 720 nm for the Vis filter and

680 - 980 nm for the NIR filter), and the spectral resolution was set to 10 nm. This spectral

resolution was determined based on the absorbance and reflectance peaks in plant material,

which are typically wider than the chosen spectral resolution. Similarly, including lower

resolutions increases the number of spectral images acquired (increasing data acquisition,

processing and analysis times) and the redundancy of these images, given that the spectral

variation between one wavelength and another is usually minimal when studying plant ma-
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Figure 3-4. Hyperspectral acquisition system (description in section 3.1.4) used for spectral mango imaging

terials.

During the acquisition of the hyperspectral images, white (Spectralon 99 %) and black

(LCTF filters covered and light sources turned off) image references were captured with

each filter to correct the images of the samples and obtain the relative reflectance. Equation

3-1 was used to perform this spectral correction, the image of each sample (Iref ) results from

the normalisation of the original image (Iraw) concerning the range established by the white

reference (Wref ) minus the black reference (Bref ). Additionally, as a filtering strategy for the

corrected images, it was established that reflectance values higher than 0.99 or lower than 0

were discarded given the reflectance scale (from 0 to 1) and the fact that the used reflectance

target has a certified reflectivity of 0.99 (nothing could be whiter than this reference panel).

Iref =
Iraw −Bref

Wref −Bref

(3-1)

Since each filter captures an independent hyperspectral image and has different efficiency

curves and positions (within the acquisition system), a merging procedure was performed

to obtain a single hyperspectral image in the 450 - 980 nm range. A point extraction and

matching algorithm was applied in the 700 nm band (of both filters). Figure 3-5 shows two

examples (a fruit and a leaf) of this phase, showing the matched points of interest between the

images (linked by straight coloured lines) and the unmatched points of interest. Following the

interest point matching algorithm, a RANSAC algorithm was applied to find both images’

transformation matrix and correct the LCTF filters’ spatial offset. Additionally, since the

hyperspectral images of the LCTF filters have overlapping spectral ranges (680 - 720 nm),



3.1 Gathering representative mango samples to study the anthracnose
symptom development in laboratory 39

Figure 3-5. Images acquired of the same samples (fruit and leaf) showing the matching points (linked by

a coloured line) that allowed merging both images into one

a median filter, Equation 3-2, was applied between the original bands of this overlapping

range to obtain the resulting band of the hyperspectral Vis-NIR image.

IV is−NIR =
IV is + INIR

2
(3-2)

As a final result of the hyperspectral acquisition system, hyperspectral images were obtained

in the range 450 - 980 nm (Vis-NIR range) with a resolution of 10 nm, i.e., images of 54

wavelengths.

As a complement to this hyperspectral image acquisition activity, daily RGB images were

taken with a Canon EOS 500D camera (F32, f 35 mm, ISO 800) in a light-controlled chamber

to have a visual reference of the mango samples and the surface and visible changes they

showed. Figure 3-6 shows a) the setup of this RGB image acquisition chamber with a mango

fruit and b) the scene captured with the previously mentioned setup.
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Figure 3-6.: Motorised lifting assembly for the positioning of mango samples inside the hyperspectral

image acquisition dome

3.1.5. Hyperspectral imaging conditions

Since the proposed study involved daily monitoring of the same sample for 9 days (or less),

a controlled lifting system was implemented to the spectral acquisition system to ensure

that the acquisition distance (distance from the camera to the sample) was repeatable. This

motorised lifting system consisted of a servomotor that positioned all samples at a distance

of 140 mm × 2 mm, obtaining a spatial resolution of 0.115 mm/pixel, i.e. an image cov-

ering an area of 160 x 120 mm. In this way, the acquisition conditions of the same sample

were respected throughout the experiment since the acquisition plane (at a distance of 140

mm) remained the same. This solution validated the temporal analysis of a sample and

its comparison with the other samples of the same test, since the recorded reflectance was

constrained to the same plane or scene. Considering the above, for the hyperspectral image

acquisition on mango fruits, the length of the fruits was measured before inoculation to

compensate for the distance the motorised system had to travel to maintain the established

acquisition plane. Figure 3-7 shows the motorised lift for positioning mango samples (rep-

resentation) and the real motorised lifting assembly used in this work.

For the hyperspectral image acquisition on leaves, the length of the leaves was not measured

because the thickness of the leaves was less than the resolution of the motorised system (2

mm). However, the leaves had natural folds that made the image acquisition difficult as

the days passed. For this reason, a leaf sample holder was designed to insert leaves and

ensure they remained flat in the acquisition plane. Due to the difference in size between the

mango leaf cultivars, this holder was magnetised and included nylon strings that allowed

positioning of the leaf area to be acquired regardless of the leaf width. Figure 3-8 shows

the leaf sample holder and its assembly (representation) inside the hyperspectral acquisition

system. In addition, given the thickness of the mango leaves, the bottom of this holder was
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Figure 3-7. Motorised lifting assembly for the positioning of mango samples inside the hyperspectral image

acquisition dome

matte black to avoid transmittance effects that would affect the diffuse reflectance acquired

by the hyperspectral camera. This phenomenon is similar to the acquisition process in the

field, where the tree leaves do not have a reflective surface on the back of the leaf, which

affects the recorded data.

3.1.6. Spectral data pre-processing

An essential part of spectral and hyperspectral analysis is data pre-processing. This pro-

cedure aims to improve data quality to reduce the incidence of noise (both internal and

external) in the data, to improve the design and training of AI-based models, and to repre-

sent digitally and without bias the phenomenon or object under study.

In this research, since a spectral characterisation of symptoms associated with anthracnose

was proposed, several filters were applied to remove non-relevant data (scene background

in the images), to reduce spectral noise and eliminate outliers, and to standardise variables

(wavelengths) to avoid bias in the spectral feature selectors. Additionally, the strategy for

selecting the regions of interest (ROIs) and the class definition for the model training was

also established. As an important point, an anthracnose lesion was considered an individual

and temporally differentiated ROI, as each visible lesion was localised and showed changes

over time.
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Figure 3-8. Representation of the motorised lifting assembly for the positioning of mango samples (fruits

and leaves) inside the hyperspectral image acquisition dome

The methods used and assessed in this hyperspectral image pre-processing step are listed

below.

3.1.6.1. Background removal filter

The main function of this technique is to remove data, sections or objects that were not

of interest in an image but had been recorded by the image acquisition system. For this

research, the object of interest was defined as the mango fruits or leaves contained in the

hyperspectral images; therefore, any section or area outside these objects was considered as

background and was removed.

A thresholding filter was used to remove scene background, and the 700 nm wavelength

was selected as image thresholding since this wavelength has a distinctive reflectance peak

associated with plant materials: fruits and leaves increase their reflectance in this region,

which allows them to be easily differentiated and segmented from the background (which is

not related to plant materials).

3.1.6.2. Spectral smoothing filter

The Savitzky-Golay (SG) filter is one of the most widely used smoothing methods in spec-

troscopy and signal analysis, given its features to remove the incidence of noise that causes

deformations (variations) in a portion or a complete one-dimensional signal (as in spectral

signatures). In spectroscopy, this filter minimises spectral noise at specific wavelengths or

portions of the spectrum that do not truly represent the phenomenon or object under study,

thus preserving the most essential spectral features for further analysis. Additionally, this
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method may configure the degree of the polynomial to smooth the signal and combine it

with other methods, such as the 1st or 2nd derivative, to enhance the relevant features in

the spectra further.

To set up an SG filter, the size of the smoothing window (number of variables affecting the

estimate, w), the degree of the polynomial (degree of filter fitting to the signal, m) and the

derivative order, d, need to be established. When d=0, there is no derivative filter, while

d = 1, 2... means the derivative order to be used. To determine the filter parameters, tests

were carried out with different configurations, resulting in the SG filter (w=11, m=3, d=0)

as the best fit without loss or relevant deformation of the appropriate spectral features in

the collected data.

3.1.6.3. Outlier filtering (box plot)

Outlier detection is a strategy to improve the quality of the data or the sets (classes) es-

tablished to ensure the maximum performance of calibrated models. Given the number of

wavelengths that compose a spectral signature, in spectral analysis, techniques for detect-

ing these outliers are usually applied on a global basis, since the individual treatment of a

wavelength does not allow the outlierness of a value to be established: depending on the

phenomenon under study, a value or variation at a specific wavelength may be typical.

Therefore, the spectral signature outlier filter applied in this research was based on the ex-

tended box plot. Since the box plot allows the detection of extreme values (outside the limits

of the plot) of a variable by defined class, for this study, the presence of 6 wavelengths in

the same spectral signature with these extreme values was considered an outlier and thus

removed from the data set. The threshold of 6 wavelengths corresponded to the (rounded)

10 % of the 54 wavelengths that compose a spectral signature. Experimentally, a threshold

higher than the defined threshold did not preserve particular spectral features in the sig-

natures (intra-class spectral diversity was lost), while a lower threshold did not impact the

outlier detection.

3.1.6.4. Data standardisation

Data standardisation, also known as the standard normal variate (SNV) method, is a tech-

nique of standardising variables applied to a dataset to remove external effects and represent

only those changes due to the variation of the measured variable [145]. In spectral analy-

sis, this technique is often applied to correct the light scattering to avoid bias in the feature

(wavelengths) selection and to enhance the learning (and hence the performance) of AI-based

models.
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Figure 3-9. (a) ‘Keitt’ mango fruit sample and (b) ‘Tommy Atkins’ mango leaf sample with selected ROIs

(cyan colour). The internal regions in the samples, coloured in blue, represent the induced lesions with punch

and surgical needle, for fruit and leaf respectively

This method focuses on the mean of each variable, removing the magnitude of one variable

over the others and constraining the data dispersion of each variable to 1 standard deviation.

Thus, it allows the representation of the spectral changes due to the reflectance of the

phenomenon under study (anthracnose symptoms) and not to external factors or noises.

3.1.6.5. ROI selection and data labelling

The ROI selection was made according to the lesions on the samples: six lesions on mango

fruits and five on leaves. Starting from the last day of acquisition of each assay, where

necrotic anthracnose lesions were visible, circular regions with a radius between 1 and 3.45

mm around each lesion were extracted from the fruits, while for the leaves, individual ROI

up to 3 mm were selected. The size of the ROI was chosen to cover the anthracnose lesion

consistently. Additionally, to avoid bias in the spectral analysis of the punch-induced le-

sions on fruits and the surgical needle on leaves, regions over these areas were determined

to remove them from the hyperspectral image and thus from each selected ROI. Figure 3-9

shows two mango samples, a fruit of the ‘Keitt’ cultivar and a ‘Tommy Atkins’ leaf on which

ROIs (cyan colour) were extracted on the last day of acquisition, day 6 for the fruit and day

7 for the leaf. In this figure, the blue-coloured regions represent the induced lesions in the

samples removed from the ROIs as they do not belong to the infection lesions.

After the ROIs were selected on the last day of the assay, they were projected onto the rest of

the images of each sample (previous days of acquisition) to ensure that each ROI represented

the same area of the sample during each acquisition day. In this way, an ROI represents the

temporal development of anthracnose symptoms over a specific sample region. To do the
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ROI projection, a perspective correction algorithm was applied to calculate the transforma-

tion matrix between images to identify and correct the view offset of one image to another.

This procedure was necessary because the position of the same sample photographed on

different days varied, so to project a ROI from one day to another properly, this projection

had to be included in the ROI selection.

On the other hand, since each ROI was composed of at least 500 spectral signatures (pixels

of the hyperspectral image), a subsampling step was performed by calculating the average

spectral signature of a 3×3 pixel window. This window size was selected considering that

the minimum detectable size of a visible anthracnose lesion was 1 mm in diameter. Also, this

subsampling was applied taking into account the benefits of the spectral signature smoothing

in reducing noise and decreasing spectral data (in an order of 9) without losing the quality

and representativeness of the extracted ROIs.

After the ROI selection in the mango samples of each assay, the data (spectral signatures)

were labelled for further analysis and use in the training and testing of the classification mod-

els. For this purpose, the acquisition day was used as the class label for the data. This class

definition was established as this research sought to establish the period of symptom detec-

tion as early as possible after pathogen inoculation, so the daily data analysis was considered

the most appropriate strategy to address this issue. Furthermore, foreseeing that symptom

development from one sample to another may vary, a clustering technique (K-means) was

experimentally tested for class definition, resulting in several clusters (classes) similar to the

number of classes obtained with the days of acquisition. Therefore, including a clustering

step in the anthracnose symptom detection and classification model was unnecessary.

Likewise, for the control class, corresponding to the sound samples, a single class was es-

tablished because this class represented an anthracnose-free mango sample regardless of the

study day. The above definition in a single control class also described the fact that this class

implicitly included the natural process of ripening (in fruits) and senescence (in leaves) in

mango, therefore, the models or feature selectors that were implemented had to differentiate

the spectral variations produced by these natural processes (intraclass variance) from the

anthracnose infection (interclass variance).

3.2. Flowchart for hyperspectral image pre-processing

For pre-processing the hyperspectral images acquired in the experiments, the following

flowchart was proposed to obtain a bank of filtered and labelled spectral signatures to anal-

yse and design a detection model of anthracnose symptoms in mango. Figure 3-10 shows

the defined flowchart.
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Figure 3-10. Flowchart for pre-processing hyperspectral images acquired on mango fruits and leaves in the

laboratory

This diagram was complemented by developing a C++ application to automate several tasks

in image pre-processing, such as reflectance correction with black and white references, the

merge of Vis and NIR images, background removal, and ROI selection and projection. Given

the special approach to the ROI selection, this task was performed manually, as automating

the anthracnose lesion detection was indeed the aim of this research. The results associated

with the assays performed in this research, pre-processing filters and the ROI selection

strategy, are presented and discussed in section 6.1.



4. Design and train machine learning

models

This chapter presents the implementation, assessment and discussion of several machine

learning (ML) models to establish the feasibility of early anthracnose detection in mango

fruits and leaves using the hyperspectral image analysis in the Vis-NIR range (450-980 nm).

To do this, this chapter includes a section where the ML models implemented in this work

are described, as well as the relevant hyperparameters in the design and calibration of each

ML model. This section is complemented by describing the hyperparameter optimisation

strategy to obtain the best version of each model and the performance metrics used to objec-

tively assess and compare the models in the conducted mango assays (described in Chapter

3). Likewise, a flow chart to outline the methodology used for the correct training and val-

idation of the techniques, as well as the metrics used for the selection of the best detection

models for the studied mango cultivars, is included in this chapter.

On the other hand, the results associated with this chapter are presented in section 6.2. The

results of the optimised ML models, both multiclass and biclass versions, are also analysed

and compared to establish the feasibility of the early detection of anthracnose symptoms

in mango. Given that the mango samples correspond to fruits and leaves, the results of

the multiclass and biclass models are presented differently for each sample type. Finally,

throughout the development of the section mentioned above, a discussion about the results

and the best models for each mango cultivar is addressed.

4.1. Machine learning models used in this research

Given the wide variety of models proposed over the years, ML techniques can be divided into

two main areas: standard (or traditional) ML techniques and artificial neural network (ANN)

techniques. Standard ML techniques comprise models widely implemented and used as

benchmarks in the scientific community due to the proven performance of these techniques in

analysing, abstracting and learning features from data. Within these techniques, the models

used in this study were: based on decision trees (classification and regression tree -CART-,

random forest -RF-), Naive Bayes, based on discriminant analysis (LDA, QDA, PLS-DA),

support vector machine (SVM), boosting (BST), gradient boosting machine (GBM) and

extreme gradient boosting (XGB). On the other hand, ML models based on ANN opened
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a new approach in spectral analysis due to the great variety of techniques proposed and

the positive results obtained to date. The ML-ANN techniques used in this study are the

single-layer perceptron (SLP) and the multi-layer perceptron (MLP).

4.1.1. Naive Bayes

Model based on Bayes’ theorem (Eq. 3.1), calculates the conditional probability that an

observation belongs to a class or group based on evidence (predictor values). This model

assumes that all predictors are independent, so the likelihood of data belonging to a class is

not biased by the dependence between predictors. In addition, Naive Bayes has been used

as a classification model given the performance shown in works related to disease detection

and multiclass discrimination, among others. Additionally, being a mathematical model, it

is not affected by training and recursive validation steps like other AI models. Therefore, it

has become a reference model in classification problems with AI models.

P (A|B) =
P (A) ∗ P (B|A)

P (B)
(4-1)

In spectral analysis, the premise of independence among predictors impacts model perfor-

mance since contiguous wavelengths have a high correlation (redundant), thus biasing the

model’s ability to separate the defined classes. Additionally, the correlation among predic-

tors resulting from the phenomenon under study may be affected by the model’s perfor-

mance since the redundancy between wavelengths, in some instances, tends to mask the

changes/correlations produced by the phenomenon under study. For example, in the spec-

tral research of crop diseases, disease symptoms may make changes in pigmentation or plant

material degradation that could be detected in several ranges of the Vis-NIR spectrum, how-

ever, redundancy between predictors could cause the model to concentrate its learning in a

single region of the spectrum, thus reducing the relevance of the studied phenomena (symp-

toms associated with a disease). Therefore, the researcher or developer should consider this

weakness of the Naive Bayes model in their analyses to ensure the reliability and relevance

of their study.

4.1.2. Models based on discriminant analysis

Discriminant analysis (DA) is a supervised classification technique widely used in spectral

analysis due to its robustness to highly variable population data. DA-based methods classify

an observation (new data) according to its features (weights) and how these relate (linearly

or non-linearly) to groups of data whose characteristics are known a priori. DA contrasts

the assumption of class mean equality to determine their potential to be distinguishable

(or not). To do so, DA-based techniques look for separate groups by considering the inter-

and intra-group variance of the classes: the higher the interclass variance and the lower the



4.1 Machine learning models used in this research 49

intraclass variance, the better the model fits the data.

As DA models, LDA, QDA and PLSDA techniques were implemented and compared in this

study. LDA produces linear decision boundaries that maximise the inter-group variance and

minimise the intra-group variance. This method, based on Bayes’ theorem (Eq. 4-1), esti-

mates the probability that an observation, given a certain value of the predictors, belongs

to each class of the response variable, P (Y = k|X = x). Finally, the observation is assigned

to the class k for which the predicted probability was the highest.

LDA is an alternative method to logistic regression when the qualitative variable (response

variable) has more than two levels, as in the assays defined in this research, where there are

five or more categories (classes) per experiment. Also, PLSDA, a variant of LDA, is a robust

algorithm that has proven to be very successful in modelling high-dimensional datasets for

various purposes, such as product validation in food analysis and disease classification in

medical diagnosis [87].

In contrast, when the data have non-linear relationships and classification cannot be done

robustly, due to the lack of flexibility of the LDA model to deal with this drawback, the DA

variant called quadratic discriminant analysis (QDA) produces quadratic (curved) bound-

aries that fit better the data, allowing to separate the groups and overcoming the linear

stiffness of the LDA model. QDA considers that each class k has its covariance matrix (Σk)

and, as a consequence, the discriminant function takes a quadratic form:

log(P (Y = k|X = x)) = −1

2
log |Σk| −

1

2
(x− µk)

TΣ−1
k (x− µk) + log(πk) (4-2)

to calculate the posterior probability from equation 4-2, it is necessary to estimate, for each

class, the covariance matrix (Σk), the mean (µk) and the prior probability (πk) from the

sample. Each new observation (sample) is classified in the class for which the posterior

probability value is larger. Since the data shown in Table 6-4 had no balanced class distri-

bution, the models’ prior class probabilities (πk) were obtained by dividing the number of

samples in each class by the total number of samples.

4.1.3. Decision tree models

The decision tree (DT) is based on hierarchical segmentation to build logical diagrams func-

tional in AI. This class of models does not perform statistical estimation since it does not

construct a formal mathematical model or calculate the parameters or weights associated

with that mathematical model. However, through iterative and sequential evaluation of the

predictors, it seeks to determine the decision boundaries (thresholds) to order the predictors
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(build the decision tree) and thus perform a classification or estimation of a new obser-

vation. According to Parra (2019) [121], the DT “is an explanatory and decompositional

technique that uses a sequential, iterative and descending division process that, starting from

a dependent variable, forms homogeneous groups specifically defined through combinations of

independent variables in which all the cases collected in the sample are included”.

A DT is essentially composed of nodes, branches and leaves. The nodes represent the pre-

dictors (input variables) of greatest relevance to the tree, the branches represent the possible

values of the predictors, and the leaves are the possible values of the response variable (out-

put variable). Every DT is constructed from a root node that represents the predictor of

the highest relevance in the classification or estimation process. The selection of subsequent

nodes (next level in the tree) is developed according to the relevance of the predictor vari-

able, thus recursively building the decision tree.

However, positioning two or more nodes at the same level may cause inconsistencies in

the tree construction since the same node may belong to different levels of the tree, thus

affecting the tree’s predictive ability. This phenomenon is known as overfitting, and to solve

this issue, the tree’s growth is usually limited by the number of nodes or levels. This process

of optimising the DT is known as pruning and is frequently used in training DT-based models

with many predictors.

4.1.4. CART

The standard DT, which employs the abovementioned methodology, is known as Classifi-

cation and Regression Tree (CART). This model generates binary decision trees, meaning

each node is always split into two branches until its final assembly (leaves) is achieved. The

advantages of the CART model include 1) its robustness to outliers, 2) the invariance in the

structure of its classification or regression trees to monotonic transformations of the indepen-

dent variables [44], and its interpretability since it allows for obtaining a representation of

the defined tree. This enables the establishment of the order of importance of the predictors

(nodes) and the defined decision thresholds (branches) to obtain a single prediction (leaves).

4.1.5. Random Forest

This model comprises an ensemble of single decision trees, each trained with a random sample

extracted from the original training data by bootstrapping. Bootstrapping is a resampling

method, widely used in statistics and ML, to extract datasets with replacement (i.e. data

can be selected multiple times) from the original data. This method aims to estimate a

population parameter and train models under different datasets (different from the original,

but with a normal distribution).
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Using bootstrapping in random forest (RF) implies that each tree is trained on slightly dif-

ferent data. Each tree is usually constructed following the rules defined for decision trees or,

in the case of this research, for CART-based trees. For the prediction of a new observation,

RF averages the predictions of each tree (in the case of regression trees) or selects the most

repeated categorical response (class, category or discrete value) among the trees (in the case

of classification).

The selection and creation process of the trees in RF is similar to that used by the bagging

technique, which improves the results as it decorrelates the trees generated in the process.

The fundamental difference between RF and bagging lies in the predictor selection: while

in RF this selection is random, in the bagging process, the construction of the trees can be

influenced by a small set of dominant predictors and thus be biased. As general recommen-

dations for the random selection of the m predictors in RF from the original p predictors,

according to [14], there are:

• The root square of the total number of predictors for classification problems, m ≈=
p−√p.

• One-third of the number of predictors for regression studies, m ≈= p
3
.

• If predictors are highly correlated, smaller values of m achieve better results.

• The best way to find the optimal value of m is to evaluate the out-of-bag error or to

use cross-validation.

By increasing the number of trees created, RF does not face overfitting issues like bagging.

Once a certain number of trees is reached, the reduction in test error stabilises.

4.1.6. Boosting and variants

Boosting is a strategy used in several ML methods, including decision trees. Boosting, unlike

the bagging technique used in RF, bases its operation on the sequential adjustment of simple

decision trees to improve the overall predictive power of the model, i.e., it generates simple

decision trees (with less than 10 nodes) which are connected sequentially in such a way that

the input of one tree is the output of another. Then, it can test and create multiple tree

ensembles, which reduce the error associated with the final prediction of new observations

as the error of one tree is slightly adjusted (reduced) in the next one.

As opposed to the bagging method (random forest), boosting does not use repeated sampling

(bootstrapping), the difference between the trees that form the ensemble arises because the

importance (weight) of the observations changes with each iteration. However, this nested
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strategy is sensitive to overfitting the data as the sequential tree creation process may not

have a defined stopping criterion, leading to the creation of even one decision tree per ob-

servation. Therefore, procedures such as hyperparameter optimisation (see section 4.2) are

important in this class of models and cross-validation strategies are recommended not to

degrade the predictive potential of these techniques.

In this research work, three boosting algorithms were employed, which are the most widely

used in ML: AdaBoost (BST), Gradient Boosting Machine (GBM) and Xtreme Gradient

Boosting (XGB). Adaboost, an acronym for adaptive boosting, was one of the first algo-

rithms to become widespread and widely used in ML, given the significant improvement in

performance in prediction and classification (binary classification) tasks. Its functioning is

based on constructing small decision trees capable of correctly predicting several observa-

tions from the training set. In contrast, the prediction errors (misclassified or estimated

observations) serve as input for designing a subsequent decision tree. In this way, the error

associated with mispredicting observations is reduced with each iteration; however, the lack

of control of this iterative process may trigger high overfitting of the model.

Meanwhile, GBM is a generalisation of the AdaBoost algorithm with the advantage of cal-

culating a sequentially differentiable cost function (usually the difference between the actual

value and the predicted value), so the cost function of one model becomes the updated cost

function of the next one. In this way, the adjustment (always towards reduction) of the

residuals or errors of previous models is performed. However, given the recursive nature

of this process, to control the overfitting caused by this model, the influence of each cost

function on the residual decrease is limited by the λ parameter, also called the learning rate.

With this parameter, and by controlling the number of iterations to train the model, the

overfitting is controlled, yielding a balance of the bias and variance of the model to make

accurate predictions with new data.

Similar to GBM, a boosting-based method is XGB, an enhanced variant of GBM, as it

allows for parallelizable computation that directly impacts the training time of this kind

of model. Additionally, it changed the method of node splitting of a tree based on the

similarity and similarity gain metrics of the new nodes: the node with the highest gain and

similarity to its parent node is the one that continues with the tree construction process.

By introducing these new metrics and parallelising the mathematical computations, it has

become possible to establish the potential of this technique for estimation tasks (regression

problems) compared to standard ML techniques.
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4.1.7. Support vector machine

A support vector machine (SVM) is a set of ML algorithms developed for classification and

regression applications. Although initially designed as a binary classification method, its use

has been extended to multiple classification and regression problems. SVMs have proved to

be one of the best classifiers for a wide range of situations, which is why it is considered one

of the benchmarks in the field of statistical learning and ML.

SVM is based on the computation of a hyperplane capable of separating a dataset of samples

corresponding to different categories or classes (clusters). This is why SVM is often called

a maximum margin classifier [14]. The intuitive idea of SVM is to ensure that the resulting

hyperplane has an optimal separation of the samples closest to it, thus dividing the (train-

ing) dataset into the target classes or clusters. Moreover, after constructing this hyperplane,

SVM expects that in the evaluation of new samples (test cases), it will be possible to classify

them correctly according to their proximity (separation) to this boundary: the greater the

distance from this hyperplane, the greater the certainty of a correct prediction.

The simplest hyperplane for separating sets is a straight line (for two dimensions), a plane

(for three dimensions) or an n-dimensional hyperplane. However, the data distribution is

not often separated, as most classification problems have n predictors whose effective class

separation is done with non-linear curves or hyperplanes. To overcome these restrictions,

SVM uses kernels to project the information in a larger dimensional space, where the data

is adequately separated. The computation of this new space (hyperplane) is done with the

dot product of the support vectors, allowing it to change from the original space to another

easily. In this way, SVM increases its computational capacity and thus its learning. Among

the kernels implemented to perform the hyperplane computation are the linear kernel, radial

kernel, polynomial kernel and Gaussian kernel, with the linear kernel being the one with

the best performance for classification problems in terms of computational efficiency (model

training time) and learning ability. Therefore, this kernel was chosen to be implemented in

this research.

4.1.8. Artificial neural networks

Artificial neural networks (ANNs) are mathematical models inspired by the biological be-

haviour of neurons and how they are organised to form the structure of the brain [121].

Through recursive trials, these networks learn how to organise their internal structure to

abstract the model to map the inputs to the outputs (response variables) of the model and

thus achieve prediction with maximum performance.

An ANN comprises layers and neurons, with the neurons performing simple mathematical

operations to propagate the learning abstracted from the training data between layers and
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neurons. The simplest representation of an ANN is known as a single-layer perceptron

(SLP), which is composed of a hidden layer, an input layer (input variables) and an output

(or response) layer, see Figure 4-1. These layers are composed of neurons (input, hidden and

output neurons), which are interconnected through weights that indicate the relevance of a

neuron in learning a feature or property of the dataset under analysis. The variation in the

number of neurons in the hidden layer, the number of hidden layers and activation functions

(mathematical operations performed by neurons in the hidden layer to learn) makes an ANN

model unique for each problem.

Figure 4-1. Representation of a single-layer perceptron neural network

Given the diversity of existing neural networks, and taking into account their proven useful-

ness in biclass and multi-class classification tasks and signal analysis (one-dimensional data

such as spectral signatures), the single-layer perceptron (SLP) and the multilayer perceptron

(MLP) were chosen in this research as the ANN models for analysis and comparison with

other reference models in ML. SLP has been a benchmark in this field since it performs well

in two-class discrimination and obtains outstanding results in regression applications without

increasing the computational cost of training and designing more complex neural networks.

However, it is only capable of learning simple patterns and can be limited for applications

where the relationships between inputs and outputs are not linear and the weighting of an

input compared to another is not controlled. The learning of the hidden layer could be bi-

ased. To overcome these limitations, it was found that by combining multiple hidden layers,

the network can learn much more complex relationships between predictors and response

variables. This structure is known as a multilayer perceptron (MLP) and can be consid-

ered the first deep learning (DL) model. Thanks to this class of models, which combines

multiple hidden layers and non-linear activation functions, ANN models can learn virtually

any pattern. It has been shown that, with enough neurons, an MLP model is a universal

approximator for any function [121].

On the other hand, deep learning (DL) reference models are not included in this study as

their use is primarily oriented to image analysis (classification), they present significant chal-
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lenges in terms of training with hyperspectral images due to the high dimensionality of these

images and their adaptability is limited to the processing of one-dimensional signals (such

as spectral signatures). DL techniques base their learning on texture analysis, the appli-

cation of filters, encoders, and descriptors (and their combination in multiple layers of the

network), requiring mainly two-dimensional data on which they can operate. In addition,

for these techniques to converge to reliable models, they require a large amount of data (in

the order of thousands), which makes the collection and storage of hyperspectral data the

main problem to be addressed, as the collection, storage and real-time processing of these

hypercubes becomes expensive or limited.

In recent years, this topic has begun to gain relevance with technological advances, and

the literature has reported works such as Fazari et al. [48], which proposed a compressive

model of hyperspectral images to adapt them to standard RGB images and to be able

to classify them with DL models. On the other hand, and as a recommendation to the

reader, [8, 12, 81] present the challenges, research lines and problems that DL researchers

should address to improve the integration of these techniques in hyperspectral analysis (this

term includes spectral analysis). However, since this work’s main objective was to establish

the most relevant wavelengths to detect and characterise anthracnose symptoms in mango,

the spectral signatures (one-dimensional data) analysis was identified as the research area.

In contrast, this work did not consider the spatial component (primary focus of the DL

models). However, it is presented as a future, extensive work of the results and analysis

presented in this manuscript.

4.2. Hyperparameter optimisation

Certain ML models have internal parameters that can be adjusted for a given dataset. A

hyperparameter optimisation procedure was employed using the grid search technique to

obtain the best parameters (and thus the best ML models) for the data and classes defined

in this study. Grid search performs an exhaustive search by evaluating all combinations in

the defined ranges for the hyperparameters. This strategy has the disadvantage that it can

be time-consuming to achieve the best combination of parameters; however, it guarantees

the best model for the training data, especially when evaluating the potential of feature

selection models. Therefore, considering the need to evaluate the feasibility of characterising

and spectrally detecting anthracnose symptoms in mango, this tuning strategy fits the needs

of this research.

On the other hand, since the discriminant analysis models (LDA, QDA and PLSDA) and

Naive Bayes are mathematical models per se and do not require hyperparameter adjustment,

the grid search procedure was not applied to these models. For the rest of the models used in

this research, the hyperparameter optimisation was performed after the calibration (tuning)
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of the following hyperparameters:

• CART: the parameters adjusted were: minsplit = 10, maxdepth = 12, xval = (1:10).

• RF: the tuned parameters for the random forest technique were: ntree = (10, 100)

and mtry = 7 (derived from
√
54, 54 wavelengths).

• SVM: for this technique, a linear kernel was used and cost = (0.001, 0.01, 0.1, 0.5, 1,

10). The parameter cost, or C, defines the penalty applied when the obtained model

performs a misclassification.

• GBM: the parameters to be tuned were: number of iterations, n.trees = (1:100)

and complexity of the tree, called interaction.depth = (1, 2, 3); while the parameters

set were: learning rate, called shrinkage = 0.1, the minimum number of training set

samples in a node to commence, called n.minobsinnode = 10, and the cross-validation

method, being nfolds = 5.

• XGB: the tuned parameters were: eta = 0.01, maxdepth = 8, gamma = 4 and

subsample = 0.75.

• Boosting: only the size of the cross-validation method, nfolds < 5, and the maximum

tree size, mtree < 100, were adjusted for this model.

• SLP: the parameters tuned for this ANN were: epochs = (1, 5, 10, 20, 20, 50, 100,

200, 500), neurons = (1, 5, 10, 20, 50, 100, 200, 500), nfolds = 3.

• MLP: the parameters tuned for this ANN were: layers = (2, 3), neurons = (10, 20,

50, 100, 200, 500), epochs = 100, nfolds = 3.

For models based on ANN and boosting, whose learning rate per cycle is defined by the

hyperparameter learning rate, the learningrate was set at 0.01 as this hyperparameter op-

timisation has a direct impact on model training time and it has been shown that close to

this value the best results are obtained because it handles the over-learning of the models

in a training cycle (when this value is very high) and the slowness in updating the weights

(parameters) when this value is minimal.

4.3. Performance metrics applied to ML models

To establish the performance of the ML models, it is necessary to measure it through stan-

dard metrics or metrics commonly used in the scientific community. The metrics help the

researcher to objectively determine whether the obtained model fits the data analysed and

whether it is possible to generalise the statistical behaviour of the data to make predictions

(or classifications) about new data or observations. Thus, the metrics used for this study

were:
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• Accuracy: represents the percentage of items correctly classified in each class. It

corresponds to the quotient between the sum of the elements of the main diagonal of

the confusion matrix and the total classified data.

• Recall: also called sensitivity or TPR (true positive rate), represents the number

of data correctly classified within the positive class out of the total number of true

positives. As a metric used for binary classification, the positive class corresponds to

the control class for this work. In contrast, the negative class corresponds to all classes

defined for the inoculated group.

• Specificity: also called TNR (true negative rate), represents the number of data

correctly classified within the negative class out of the total number of true negatives.

Like the recall metric, in this study, the negative class represents the classes of the

inoculated group. Its relevance lies in correctly classifying a true negative, which

implies detecting when data does not correspond to the positive class (control class).

• F1-score: it performs an overall weighting of the model’s performance, implicitly

considering recall, specificity and accuracy metrics. Therefore, in the evaluation of

the performance of a classification model, calculating this metric allows a more global

assessment of the model to be established. Using this metric, a model performs well if

the F1-score is close to 1 as well as the recall and specificity metrics.

• MCC: Mathews correlation coefficient, or phi coefficient, is a performance metric

whose measure is similar to the F1-score with the advantage of being invariant to class

balance. Its use is often recommended for problems with unbalanced classes since F1-

score, recall, and specificity are sensitive to class balancing. Like the F1-score, a model

performs well if MCC is close to 1.

Other metrics that were used in this research to be applied to specific ML models were:

• Classification Error Rate: it is defined as the proportion of observations that do

not belong to the most common class in the node.

Em = 1−maxk(pmk) (4-3)

where pmk represents the proportion of observations at node m that belong to class k.

Despite the simplicity of this measure, it is not sensitive enough to create good trees,

so in practice, other measures are often used.

• Gini Index: measures the total variance in the set of K classes of node m. It is

considered a measure of node purity.
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Gm =
K∑︂
k=1

pmk(1− pmk) (4-4)

When pmk is close to 0 or 1 (the node contains mostly observations of one class), the

term pmk(1− pmk) is very small. As a consequence, the higher the purity of the node,

the lower the value of the Gini index (IGini).

The CART algorithm uses the Gini index as a splitting criterion, while random forest

(RF) and the genetic algorithm (GA) for feature selection use it as a ranking criterion.

4.4. Flowchart for training and validation of classification

models

For the training, validation and selection of the best model for classifying spectral sam-

ples associated with the ROIs extracted from anthracnose lesions in mango, the following

flowchart was defined, see Figure 4-2.

Figure 4-2. Flowchart for training classification models of spectral data collected in the mango sample

essays (fruits and leaves) throughout this research

This scheme was coded in R, a statistical language used in research and development. Each

ML model was programmed following the authors’ guidelines and the recommendations of

the researchers who support each R library to avoid biasing the model performance. Finally,

the results associated with the training and validation of these ML models are presented and

discussed in section 6.2.



5. Identification of important

wavelengths

The main objective of this chapter is to show the implementation and assessment of different

feature selection techniques that allowed the establishment of a set of relevant wavelengths

for anthracnose symptoms in mango. The feasibility of using this set of wavelengths in

designing an AI model for detecting the early anthracnose symptoms in mango was also

established. For this purpose, a section describing the properties of the feature selection

techniques used in this work was included. A flowchart that depicts the stages employed to

assess each feature selection technique with the best classification model obtained in Chapter

4 is also presented. In addition, a result section where the performance metrics of the classi-

fication models trained with the wavelengths selected by the feature selection techniques is

presented. As presented in Chapter 4, this section was divided into the trained models for

mango fruits and leaves.

Finally, an interpretation and discussion based on plant physiology concepts are presented

to establish the selected wavelengths’ relation to anthracnose in mango. This analysis aimed

to support and validate the detection models designed in this research.

5.1. Feature selection techniques applied to spectral

characterisation of anthracnose in mango

Six well-known techniques in data analysis were implemented as feature (variable) selec-

tors: principal component analysis (PCA), RF, SLP, genetic algorithm (GA), stepwise LDA

(SLDA) and stepwise QDA (SQDA). These selectors aimed to find a set of wavelengths that

allows for accurately discriminating the classes defined in this study and, therefore, to char-

acterise the different stages of development of the anthracnose symptoms in mango fruits

and leaves.

As each feature selector technique processes the data differently and has its own parameters,

the configuration of each technique was carried out as follows:
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5.1.1. Principal component analysis for feature selection (PCA4FS)

PCA is one of the most widely used unsupervised learning techniques in AI and data sci-

ence, given the performance demonstrated in various data analysis applications. It allows

the observations used in the model training to be expressed in a new dimensional space

(principal components) to understand their properties better and make their analysis easier.

PCA manages to reduce the initial data dimensionality, thus decreasing the computational

cost of operating on the data. To do this, each principal component (PC) is a combination

of the input variables, ensuring that these (the PCs) explain as much of the variance of the

data as possible. This estimate also means that the latter components contain less predictive

value as they do not considerably represent a portion of the variance, being considered as

noisy components of the model and helping to reduce the incidence of this issue in the new

dimensional space of the data.

However, using PCA as a feature selector (PCA4FS) has been a novel and useful approach,

even though it is not possible to directly estimate the weight or importance of a variable in

the model, given that it may impact one or more PCs. For this purpose, different approaches

have been proposed in the literature. The PCA4FS used in this research was based on the

weight analysis of the most relevant variables for the PCs (the PCs that explain at least 99

% of the variance of the data), see Figure 5-1.a. Then, a variable is considered relevant for a

PC if the weight associated with it corresponds to a peak or valley in the weight function of

the PCs, see Figure 5-1.b, since this variable represents an important portion (in absolute

value) in the composition of the PC to which it belongs to. However, by having several

PCs, there is a set of relevant variables per PC, therefore a variable ranking based on the

frequency and cumulative absolute weight of each variable for all PCs was applied.

Figure 5-1. a) Percentage of variance explained for the first 10 PCs, where the first 6 PCs explain 99 %

of the variance of data under analysis; and b) Weight functions of the six selected PCs, where the absolute

peaks of each function establish the contribution of each wavelength to the composition of PCs
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For a better understanding of the PCA for feature selection applied in this research, the

pseudo-algorithm used is presented below:

Algorithm 1 PCA for feature selection algorithm

1: Compute n− 1 PCs, where n = 54, the number of wavelengths of the spectrum

2: Organise the PCs according to the percentage of explained variance

3: Select the number of PCs that explain 99 % of the data variance

4: From the weight functions, extract the peaks and valleys with the highest absolute

weights in each PC. These weights are directly associated with the wavelengths and

correspond to their contribution to each PC they belong to

5: Organise all wavelengths according to the prevalence in different PCs, as the first crite-

rion, and the weight in each PC

6: Select the wavelengths based on the prevalence criterion (a wavelength must be on at least

half of the PCs). The maximum number of variables was set at 27, half the wavelengths

5.1.2. Random forest for feature selection (RF4FS)

Since random forest estimates from several trees, the direct calculation of the predictor im-

portance is difficult to measure as it may be part of several trees at different nodes (tree

depth). However, strategies have emerged to accurately measure the relevance of a predictor

in the overall performance of RF models. Two of these strategies are the importance of

permutation and the increase in node purity.

The strategy used in this research was the increase in node purity, which is based on estimat-

ing the purity improvement due to splits involving each predictor of all trees. To understand

the node purity related to predictors in RF, it is necessary to comprehend the usefulness

of the Gini index (splitting criterion used in the nodes). The Gini index (IGini), explained

in section 4.3, indicates that a node is pure (IGini = 0) if the groups or classes it generates

(by the divisions) are homogeneous, i.e. they are correctly classified; otherwise, if a node

is impure (IGini = 1) it indicates that the generated classes are not homogeneous and their

splitting is due to chance and not to predictors. Thus, predictors whose nodes are consid-

ered pure (IGini ≈ 0) will be regarded as essential and those whose nodes are impure will be

considered as irrelevant (IGini ≈ 1).

However, since a predictor is part of different trees at different levels, the purity estimation

must be measured in each tree and then averaged to obtain a global metric to quantify

the global relevance of a predictor for the RF model. To do this, the IGini mean decrease

(MeanDecreaseIGini) is used for each predictor. This is measured by calculating in each T
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tree the change in the relative decrease in IGini, ∆i, produced by the i predictor in all the

m node where it is located, see Equation 5-1, thus eliminating the bias of diminishing the

importance of a predictor that is found at different levels of the trees. Hence, predictors with

a higher MeanDecreaseIGini are expected to be the most relevant for the model since their

contribution allows for an increase in the purity of the nodes (IGini ≈ 0) and, therefore, to

improve the classification of the data.

MeanDecreaseIGini i =
∑︂
T

∑︂
m

∆i(m,T ) (5-1)

As a final step, the average MeanDecreaseIGini of all predictors (MeanDecreaseIGini) was

set as the selection threshold since the MeanDecreaseIGini is computed for all predictors

and the final result does not evidence the number of selectors to be chosen. Therefore, a

predictor is considered relevant if its metric MeanDecreaseIGini > MeanDecreaseIGini.

For a better understanding of the selection procedure of relevant predictors in RF, the fol-

lowing pseudo-algorithm was applied:

Algorithm 2 Random forest for feature selection algorithm

1: Create an RF model (optional parametric tuning)

2: Calculate IGini at the nodes of the model

3: For each i predictors, compute the MeanDecreaseIGini i using Equation 5-1

4: Sort the MeanDecreaseIGini vector in descending order

5: Calculate MeanDecreaseIGini

6: Extract predictors such that MeanDecreaseIGini i > MeanDecreaseIGini

5.1.3. Single-layer perceptron for feature selection (SLP4FS)

ANNs have also been studied to understand the weight assignment to each predictor (vari-

able) in the input layer and how this contributes to the final prediction of the model. As

mentioned in section 4.1.8, the single-layer perceptron is one of the simplest and most pow-

erful representations of ANNs. This feature has also allowed SLP to be of interest in the

feature selection field since their interpretability, although not explicit, is simpler than deep

neural networks (MLP or DL) as the analysis focuses on the relation between the hidden

layer weights, the input variables, the activation function and the output layer.

Given that a neuron consists of an activation function, a bias (b) and weights (w) associated

with the previous layer of neurons, the feature selection strategy is based on objectively
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and invariantly pondering the contribution of these weights that link a variable in the input

layer to a neuron in the output layer. Figure 5-2 shows a schematic representation of an

SLP, where the weights w11, w21, w31 and w32 interconnect the input x1 with the output

y of the network. This representation, although simple, denotes the challenge of weighting

the contribution of these four weights in the response generated by the inputs: ideally, they

should only contribute to input x1 to create a reaction while rejecting any signal from input

x2, however, the interconnectedness of neurons in the hidden layer makes this task difficult.

Furthermore, when multiple inputs, multiple outputs and different numbers of neurons are

used, the analysis of the weight matrix becomes challenging, and so does the ranking of

variables by relevance.

To overcome these challenges, Gideon (1997) [56] presented one of the most widely used

metrics, Qik, in ANN to quantify the importance of an input variable i regarding the output

k of the network and the number j of hidden neurons. This metric is based on the estimation

of the matrices Pij and Pjk, which quantify the contribution of the input neurons to the

hidden layer and the contribution of the hidden layer neurons to the output, respectively.

Thus, by the cross product of these matrices, the input variables can be related to the output

variables and the importance of these (the input variables) in the correct classification of

the data (output variables) can be measured. Equation 5-2 mathematically represents the

Gedeon metric,

Qik =
nh∑︂
r=1

(Pir × Prk), (5-2)

where i is the input variable, j is the number of hidden neurons, k is the output variable,

and Pij and Pjk are calculated according to equations Eq. 5-3 and Eq. 5-4.

Pij =
|wij|∑︁ni
p=1 |wpj|

, (5-3)

Pjk =
|wjk|∑︁nh
r=1 |wrk|

. (5-4)

As an advantage of this metric, the magnitude of the total contribution of an input is de-

coupled from the sign of each weight (thanks to the absolute value in Eq. 5-3 and Eq. 5-4).

Likewise, it avoids the recursive evaluation of the input variables to weight the importance

of the input variables in the network (brute force evaluation method), improving analysis

and variable selection times since they are calculated considering the matrices resulting from

Eq. 5-3 and Eq. 5-4.
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Figure 5-2. Schematic representation of an SLP with two inputs, two neurons and one output. Taken

from [27]

Finally, computing the Gedeon metric requires training a neural network to obtain the weight

matrix. To do this, the SLP feature selector implemented in this research starts with train-

ing an optimised neural network (hidden layer neurons from 1 to 500) to obtain the best

neural model that describes the defined classes. Then, from the resulting network weight

matrix, the Gedeon metric is calculated following equations Eq. 5-2 - 5-4. After weighing

the input variables, the average threshold of this metric, Q, is calculated to select variables

with a metric above this average threshold. The pseudo-algorithm representing the selection

procedure of essential features in the SLP model is presented below:

Algorithm 3 Single-layer perceptron for feature selection algorithm

1: Train an SLP model (parametric tuning of neurons in the hidden layer)

2: Extract the weight matrix, W , from the trained model

3: Calculate Gedeon’s Q metric, according to equations Eq. 5-2 - 5-4, for all input variables

i

4: Sort the Qi vector in descending order

5: Calculate Q

6: Extract predictors such that Qi > Q

5.1.4. Genetic algorithm for feature selection (GA4FS)

Genetic algorithms are heuristic optimisation methods used to find the combination of vari-

ables that maximise the predictive capacity of a model, among other applications. Their

operation is inspired by Darwin’s theory of natural selection, indicating that only the best

individuals of a generation are capable of combining to generate new individuals, who have
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the features of their progenitors and are capable of adapting and recombining with other

individuals to improve, generation after generation, the features and properties that allow

them to adapt to the environment. In this context, the features of the individuals are the in-

put variables (predictors) that are combined and then evaluated (fitness function) to measure

the performance of these variables with the objective of the defined application or objective

function (data classification, prediction of the response variable, among others).

Specifically, classification or regression models are used to evaluate the performance of an

individual (combination of input variables), with the RF model being the most widely used

given its predictive capacity in classification or regression tasks and being the learning model

that implicitly allows the importance of the input variables to be measured. Similarly,

once the genetic algorithm gets the individual with the best adaptation (fitness) to the

training data, a ranking of the input variables is done with the IGini calculated implicitly

and following the selection process described for Random Forest (section 5.1.2): with the

MeanDecreaseIGini metric, a selection threshold is calculated (MeanDecreaseIGini) and

the variables with a MeanDecreaseIGini greater than this threshold are selected as variables

of relevance for the genetic algorithm.

Genetic algorithm implementations are available in different platforms, languages and ap-

proaches. However, in [14], the approach chosen in this study to be implemented and eval-

uated as a feature selector is presented and discussed. A pseudo-algorithm describing the

operation of the genetic algorithm implemented in this research is presented in Algorithm 4.

5.1.5. Forward stepwise selection based on DA

Forward stepwise selection (FSS) is a technique that allows, in a computationally efficient

way, the selection of a set of predictors capable of fitting the training data without over-

fitting. It differs from the brute-force selection method (which determines the best set of

variables) because it does not assess all possible combinations of predictors to converge to

a solution (which raises the computational cost). Additionally, it is not over-fitted to a

given training data set, as the FSS does not obtain the best set of variables. Still, it does

obtain the best set of variables to balance out the possible impact of outliers or noise in the

data. On the other hand, it differs from backward stepwise selection (BSS) in the iteration

process to find the set of variables since it does not start by training the model with all the

predictors and then discarding, one by one, the predictors that are less relevant for the model.

FSS starts with the random selection of 1 predictor until the one that provides the best

performance for the data classification (or estimation) is determined. After selecting this

predictor, the iterative process of including predictors that improve the model performance

begins. This process is nested, which means that the predictor comprises the set of variables
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with the previously selected ones. Different metrics can be established as a stopping criterion

to indicate to the technique that the chosen set has achieved its objective. For this research,

as a stopping criterion, it was chosen that the remaining predictors do not increase by 1 %

the model performance. Accuracy was selected as a performance metric as it quantifies the

overall model’s performance to discriminate and correctly separate the defined classes.

Algorithm 4 Genetic algorithm for feature selection

1: Create an initial random population of P individuals (P = 10) with n−1 characteristics

(n is the number of input variables, 54)

2: iteration← 0

3: improveaccuracy ← 10%

4: while iteration < 100 ∧ improveaccuracy > 1% do

5: Calculate the fitness function for each individual in the population P , based on an

RF (ntree = 100)

6: Create a new empty population, Pnew

7: while Pnew has empty individuals do

8: Select two individuals from the existing population, where the probability of se-

lection is proportional to the fitness of the individuals

9: Cross the two selected individuals to generate a new descendant (Pcrossover = 0.8)

10: Apply a random mutation process on the new individual (Pmutation = 0.1)

11: Add the new individual to Pnew

12: end while

13: P ← Pnew

14: end while

15: Compute the MeanDecreaseIGini of the variables that compose the individual of the

last generation with the best fitness

16: Sort the MeanDecreaseIGini vector in descending order

17: Calculate MeanDecreaseIGini

18: Extract predictors such that MeanDecreaseIGini > MeanDecreaseIGini

However, since this process requires a classification model that allows the evaluation of the

performance of the selected predictors, the LDA and QDA models were integrated into this

algorithm since they do not have hyperparameters that affect the overall performance of the

model, eliminating the bias of determining whether the performance of a model is due to the

predictors or to the hyperparameters of the models. Additionally, by not having hyperpa-

rameters, the computational cost of evaluating predictor sets is more efficient than models

that require hyperparameter optimisation.

Consequently, thanks to integrating the FSS technique, the LDA and QDA models and the

accuracy performance metric, the sLDA (stepwise LDA with accuracy metric) and sQDA



5.1 Feature selection techniques applied to spectral characterisation of
anthracnose in mango 67

(stepwise QDA with accuracy metric) feature selectors were defined. A pseudo-algorithm

describing the operation of this feature selector for the two versions established (sLDA and

sQDA) in this research is presented in Algorithm 5.

Algorithm 5 Forward stepwise feature selection algorithm

1: From the n predictors, select the best-performing predictor for the model

2: improveaccuracy ← 0%

3: while (n− 1) > 0 do

4: Randomly select a predictor and calibrate the model

5: Compute the improveaccuracy for the selected predictor

6: if Is improveaccuracy the best value from all n-1 predictors? then

7: if improveaccuracy > 1% then

8: Include the selected predictor in the predictor set

9: n← n−−
10: Go to step 4

11: else

12: n← 0 ▷ End the predictor selection

13: end if

14: else

15: Go to step 4

16: end if

17: end while

18: Extract the set of relevant variables

Finally, once the selectors had established the relevant wavelength sets for each experiment,

the sets were evaluated with the best classification models for each cultivar in Chapter 4 to

verify the best set of wavelengths with the best classification model. This involves including

a further hyperparameter calibration step as the model has to be adjusted to the input in-

formation (the spectral data with the selected wavelengths).

In addition, as each selector is not limited to a defined number of variables, the performance

of the classification model is affected by the number of variables used in the model training.

Therefore, to make an objective comparison among the selectors, the 10 most important

variables for each technique were selected to measure the influence of these selectors on the

performance of one or more classification models. The results related to this selection and

comparison are exposed and explained in section 6.3.
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5.2. Flowchart for selection of relevant wavelengths and

validation with classification models

For the estimation of the feature selectors and their subsequent validation with the classifica-

tion models presented in section 4.1, to define and validate a representative set of wavelengths

characterising anthracnose symptoms in mango fruits and leaves, the following flowchart was

defined (see Figure 5-3).

The feature selectors were coded in R version 4.3.1, given the robustness and reliability of this

statistical language in research and development. Additionally, each feature selector used in

this research was programmed following the authors’ guidelines and the recommendations

of the researchers who support each of the associated R libraries. The results related to the

feature selection and ML model training are presented and discussed in section 6.3.

Figure 5-3. Flowchart for selecting a representative set of wavelengths for characterising anthracnose

symptoms in mango
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This chapter reports the results associated with chapters 3, 4 and 5, evidencing the execu-

tion and achievement of the objectives listed in section 1.4. The first section of this chapter

focuses on showing the results of the methodology used for the selection and inoculation of

mango samples, the hyperspectral image collection, and the image pre-processing to obtain

quality spectral data that guarantees the adequate training of the classification models for

the detection of the symptoms associated with anthracnose in mango.

Then, the results of the design and training of the ML models implemented in this work

for the classification (and hence detection) of the classes defined from the data collected in

the laboratory experiments are presented. This section starts with obtaining the training

and validation groups, passing through the obtaining of the ML models in the two-class

and multi-class configurations for both fruit and leaf samples and the selection of the best

preprocessing filter and the best ML models for the detection of anthracnose in mango fruits

and leaves.

Subsequently, the results associated with selecting the most relevant wavelengths for the

spectral characterisation and detection of the anthracnose symptoms in mango from the

early (pre-visual) to the late (visible) stage are presented. Finally, to conclude this sec-

tion, the ML models with their relevant parameters and the best-fit wavelength sets for the

early anthracnose detection in each mango cultivar, both in fruits and leaves, are formally

described.

6.1. Data collection and preprocessing

6.1.1. Descriptive and visual analysis of the mango samples

Before the cleaning and pre-processing of the hyperspectral images, a characterisation of the

developed lesions in each cultivar and assay was carried out. This assessment supported as

evidence to establish whether the lesions reported in the diseased groups (inoculated with

Colletotrichum gloeosporioides) were compatible with anthracnose on mango and whether

in the control groups, as a result of the induced lesion, anthracnose symptoms due to cross-

contamination occurred during the hyperspectral imaging phase.
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Figures 6-1 to 6-4 present a compilation of the three cultivars used for fruits and leaves in

the control and diseased groups. Firstly, from the control samples, Figures 6-1 and 6-2, it

was observed that there were no symptoms on the fruits, except for the dried edge of the

induced lesion. Similarly, on the leaves of the control groups, necrosis and drying of the

edges of the induced lesions were observed, with no considerable alterations (changes in size,

colouring or shape) during the assays.

On the other hand, from the results obtained with the diseased groups, Figures 6-3 and 6-4,

it was observed that the cultivar ‘Kent’, in fruits and leaves, was the most susceptible culti-

var to anthracnose, since the symptoms were expressed with greater size and incidence than

the rest of the cultivars. Similarly, for the Osteen and ‘Keitt’ cultivars in mango fruits, it

was observed that the development of the reported lesions was compatible with anthracnose,

with the difference that in the cv. ‘Osteen’, the incidence at day 6 of the study was already

over 90% in all the samples. On the other hand, from the leaf assays, the ‘Keitt’ cultivar was

found to be the most resistant cultivar (by the size of the lesions reported) to anthracnose,

followed by ‘Tommy Atkins’. This finding agreed with the state-of-the-art, which indicated

that the cultivars ‘Tommy Atkins’ and ‘Keitt’ had a medium resistance level to anthracnose.

Additionally, it was observed that in the cv. ‘Tommy Atkins’, the recurrence of senescence

symptoms on leaves was higher than in the rest of the cultivars, with symptoms being re-

ported on the tip and edges of the leaf from day 7 of the study (this finding was also reported

in leaf samples of the control group).

As a common point among the symptoms reported in the assays, both in fruits and leaves, it

was evidenced that these become distinguishable from day 5 and so on, while in the ‘Kent’

leaf cultivar, this threshold was reported from day 4. This indicated that, at first sight,

between days 2, 3 and 4, for most of the tests carried out, the anthracnose symptoms were

not recognisable as they had not reached the size and symptoms whereby this disease is

distinguishable. Except for a microscopic or close inspection of the sample, which does not

apply to the current inspection methodology, it could indicate the presence of the disease

between days 3 and 4. Therefore, and considering the findings made from the recording logs

in the assays, day 5 was established as the threshold of visible disease detection for all the

experiments and cultivars studied in this research.

Finally, it is important to mention that throughout the laboratory experiments (years 2020

- 2021) the number of samples, both fruits and leaves, varied due to the availability of qual-

ity plant material in the germplasm bank ‘La Mayora’ that provided the samples for this

research, in Table 6-1 the initial samples per cultivar and assay are listed. Particularly, for

the assay with the cv. ‘Tommy Atkins’ in leaves, there was a limited availability of leaves,

given that the germplasm bank had 2 trees in good condition; therefore, having a greater

number of leaves limited the production and preservation capacity of this mango cultivar in
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Figure 6-1. Mango fruits from the ‘Keitt’, ‘Kent’ and ‘Osteen’ cultivars of the control (sound) group over

9 days of monitoring and acquisition of hyperspectral images

Figure 6-2. Mango leaves from the control group of ‘Keitt’, ‘Kent’ and ‘Tommy Atkins’ cultivars over 9

days of monitoring and hyperspectral imaging
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Figure 6-3. Mango fruit of ‘Keitt’, ‘Kent’ and ‘Osteen’ cultivars from the diseased group over 9 days of

monitoring and hyperspectral image acquisition

Figure 6-4. Mango leaves from the diseased group of ‘Keitt’, ‘Kent’ and ‘Tommy Atkins’ cultivars over 9

days of monitoring and hyperspectral imaging
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the farm. Likewise, the initial number reported in the assays, see Table 6-1, corresponds

to the number of samples that fulfilled the requirements to be considered within the exper-

iments, which implicitly indicates that there were samples discarded, since they presented

superficial alterations that could affect during the inoculation and image acquisition phase.

6.1.2. Filtered hyperspectral image bank

Before the pre-processing of the hyperspectral images acquired from the experiments refer-

enced in Tables 3-1 and 3-2, a filtering of the samples that, after the monitoring days for

each assay, did not develop visible anthracnose symptoms was carried out. Table 6-1 shows

the information on the cleaned samples per assay and the cause associated with the sample

discarding in each assay.

Table 6-1. Filtered sample group of mango assays reported in Tables 3-1 and 3-2 after the experiments

under laboratory conditions. DPM: dried plant material (senescence), NS: no symptoms

Type cultivar Samples Comments

Monitoring Initial Filtered Loss rate (%)

days Control Diseased Control Diseased Control Diseased

Fruit ‘Keitt’ 9 10 45 10 45 0.00 0.00 No comments

Fruit ‘Kent’ 9 10 50 10 50 0.00 0.00 No comments

Fruit ‘Osteen’ 6 10 90 10 90 0.00 0.00 No comments

Fruit ‘Keitt’ 6 10 90 10 90 0.00 0.00 No comments

Leaf Tommy A. 7 10 20 10 20 0.00 0.00 No comments

Leaf Tommy A. 7 6 14 6 12 0.00 14.29 DPM, NS

Leaf ‘Keitt’ 9 10 20 9 16 10.00 20.00 DPM, NS

Leaf ‘Keitt’ 9 10 20 10 18 0.00 10.00 No symptoms

Leaf ‘Kent’ 9 10 30 10 29 0.00 3.33 No symptoms

Leaf ‘Kent’ 9 10 30 7 21 30.00 30.00 No symptoms

Leaf ‘Keitt’ 9 10 30 8 15 20.00 50.00 DPM, NS

From this table, it could be noted that the highest proportion of discarded samples was in

leaf assays. In these experiments, for the established monitoring time, there were samples

(from ‘Keitt’ and ‘Kent’ cultivars) that did not develop visible symptoms of anthracnose in

the diseased group, therefore, they were not included in the subsequent analysis as these

samples were classified as outliers and had to be removed. Similarly, senescent samples were

reported in two trials (‘Tommy Atkins’ and ‘Keitt’), which led to the discarding of these

samples because the visible symptomatology in these samples corresponded to the drying

(death) of the plant material and not strictly to anthracnose symptoms. Therefore, with the

leaf assays, the incidence of anthracnose symptoms above 90 % (established as a metric for

assay stop) was biased by removing the symptomless or senescent samples.

However, it is noteworthy that none of the samples used in the study were removed in

the fruit experiments, indicating that the methodology used for this research on fruit was
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the right one. Similarly, it was found that the inoculation method used in this research

allowed the satisfactory development of anthracnose lesions in all cultivars. Also, the sample

selection, acquisition and monitoring methodology employed during the development of the

assays proved to be an adequate approach for the development of fruit and leaf experiments

on mango as no cross-contamination between the control and diseased groups was reported:

the sample quality was guaranteed in the assays (except the senescent samples) and the

employed storage conditions allowed the proper sample preservation, making anthracnose

lesion development possible.

6.1.3. Geometric and reflectance correction of hyperspectral images

Following the flowchart presented in Figure 3-10, reflectance and geometric correction of

the hyperspectral images were carried out. Figures 6-5 and 6-6 depict the results of the

reflectance correction, showing a circular region with pixels outside the permissible spectral

range (white in the figures), so this region (and spectral signatures with this defect) were

removed from the reflectance-calibrated hyperspectral image.

Figure 6-5. Hyperspectral image of a ‘Keitt’ mango fruit without correction (a) vs. reflectance corrected

image (b) in the 760 nm band

Figures 6-7 and 6-8 show a schematic of applying the RANSAC algorithm for the geometric

correction of the images. The figures show the extracted and matched interest points be-

tween the Vis and NIR images (coloured line), which allowed the transformation matrix to

be obtained that corrected the spatial offset (horizontal displacement) found in the image

acquisition system. Similarly, the incidence of cases where the fruit moved between filters

was reported. However, with the application of the RANSAC algorithm, this movement was

automatically corrected, thus ensuring the quality of the resulting hyperspectral image.
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Figure 6-6. Hyperspectral image of a ‘Tommy Atkins’ mango leaf without correction (a) vs. reflectance

corrected image (b) in the 760 nm band

Figure 6-7. Matching algorithm and RANSAC algorithm for the computation of the transformation matrix

between hyperspectral images of two sample fruits (one control and one diseased) of the cv. ‘Keitt’

After corrections were applied to all hyperspectral images from the assays, the scene’s back-

ground was removed by segmenting the object of interest (fruit and leaves) at the 700 nm

wavelength. Figures 6-9 and 6-10 depict examples of control group samples of both a fruit

and a leaf from the ‘Kent’ and ‘Tommy Atkins’ experiments, respectively, in the 760 nm

spectral band and the RGB reconstruction of the hyperspectral image at 680, 550 and 480

nm.
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Figure 6-8. Matching algorithm and RANSAC algorithm for the computation of the transformation matrix

between hyperspectral images of two sample leaves (one control and one diseased) of the cv. ‘Tommy Atkins’

Figure 6-9. Hyperspectral image resulting from a ‘Kent’ mango fruit after geometric and reflectance

corrections. Image (a) shows the 760 nm band, while image (b) shows an RGB reconstruction of the

hyperspectral image at 680, 550 and 480 nm

Figure 6-9 shows that the resulting image for the fruits matches their characteristic shape

(ellipsoid shape), while for the leaves (Figure 6-10), due to the magnetic holder, their shape

is affected in the resulting hyperspectral image. However, for the study, the spectral analysis

on the induced lesions and the segmentation in the leaf assays were satisfactory and could be

performed automatically. As a result, a reduction in the size of the segmented hyperspectral

image was achieved, allowing a reduction in the computational demand related to storage,

memory loading and processing.



6.1 Data collection and preprocessing 77

Figure 6-10. Hyperspectral image resulting from a ‘Tommy Atkins’ mango leaf after geometric and re-

flectance corrections. Image (a) shows the 760 nm band, while image (b) shows an RGB reconstruction of

the hyperspectral image at 680, 550 and 480 nm

Table 6-2 details the number of hyperspectral images obtained after the acquisition and

correction phase. The table shows the number of days for image acquisition (different from

the number of days for sample monitoring) for each experiment. It also presents the number

of hyperspectral images acquired by each LCTF filter (Vis and NIR filter), which, according

to the geometric correction procedure, resulted in the total number of hyperspectral images

(total HSI).

Table 6-2. Total hyperspectral images acquired and corrected per assay, cultivar and acquisition days

Assay

ID
Type cultivar Hyperspectral image acquisition

Image Samples LCTF Images Total HSI

days Control Diseased Control Diseased Control Diseased

e1-kt Fruit ‘Keitt’ 8 10 45 160 720 80 360

e2-

kn
Fruit ‘Kent’ 8 10 50 160 800 80 400

e3-os Fruit ‘Osteen’ 5 10 90 100 900 50 450

e4-kt Fruit ‘Keitt’ 5 10 90 100 900 50 450

e5-to Leaf
Tommy

A.
5 10 20 100 200 50 100

e6-to Leaf
Tommy

A.
5 6 12 60 120 30 60

e7-kt Leaf ‘Keitt’ 7 9 16 126 224 63 112

e8-kt Leaf ‘Keitt’ 7 10 18 140 252 70 126

e9-

kn
Leaf ‘Kent’ 8 10 29 160 464 80 232

e10-

kn
Leaf ‘Kent’ 8 7 21 112 336 56 168

e11-

kt
Leaf ‘Keitt’ 8 8 15 128 240 64 120

Finally, based on the total number of HSI per assay reported in Table 6-2, the ROI selection

and projection procedure presented in section 3.1.6.5 was performed.
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6.1.4. ROI selection and projection

After the hyperspectral image segmentation, the ROIs on the lesions were manually selected

and marked with a punch and surgical needle on mango samples. This selection, as men-

tioned in section 3.1.6.5, was always performed on the last day of acquisition under the

assumption that on this day the anthracnose lesion was in a visible stage (necrotic lesion)

and had the largest size.

Figures 6-11 and 6-12 show the ROIs selected in two mango samples, one for a fruit of

the cv. ‘Keitt’ and the other for a ‘Tommy Atkins’ mango leaf, respectively. As previously

mentioned, 6 ROIs per fruit and 5 ROIs per leaf were obtained. These regions are denoted

in cyan colour in both images and correspond to areas that comprise the highest percentage

of necrotic lesions (grey-black) produced by anthracnose. Additionally, in this image, the

area of the induced lesions (removed from the ROIs) is shown in blue, while the perspective

points chosen for the ROI projection on all images of the same sample are shown as yellow

asterisks. For fruits, at least 4 perspective points were selected, while for leaves at least 2

points were necessary.

Figures 6-13 and 6-14 depict the projections of the mango fruit and leaf ROIs shown in

Figures 6-11 and 6-12, respectively. These figures also show the correct projection of ROIs

on all images associated with a single sample, validating the approach chosen to automate

extracting the same ROI in different images (corresponding to different days of acquisition).

However, despite having reported a displacement error in the projection of the smaller ROIs

on the leaves, since a smaller number of perspective points were used for these, this error did

not affect the quality of the obtained signatures since the ROIs were always chosen inside

the visible anthracnose lesion and never on its border or boundary.

After the consolidation and validation of the ROI projection on all samples from all ex-

periments, the data were labelled based on the day of image acquisition for the inoculated

groups, while for the control groups, only 1 class was defined as control samples remained

sound during the entire experiment. Table 6-3 presents a compilation of the ROIs, defined

classes and number of spectral signatures per class obtained after selecting, projecting and

labelling the regions of interest in all the assays. An identifier was included to ensure the

traceability of the data and avoid confusion among assays: experiments e1 to e4 correspond

to mango fruits, while experiments e5 to e11 correspond to leaves. It is also important to

mention that these data were used to develop the ML models, the wavelentgh selection and

the spectral analysis, i.e. the study performed in this thesis was applied to the circular ROIs

surrounding the lesions, as they represented (and guaranteed) the proper infectious process

of anthracnose on the mango samples surface.
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Figure 6-11. ROI selection in two mango fruits of the cv. ‘Keitt’ (control and inoculated) on day 6 of

acquisition. The ROIs correspond to the areas delimited in cyan colour, while the blue ones the regions

removed and the yellow asterisks the points selected for perspective correction

Figure 6-12. ROI selection in two mango leaves (control and inoculated) of the cv. ‘Tommy Atkins’ on

day 7. The ROIs correspond to the areas delimited in cyan colour, while the blue ones the regions removed

and the yellow asterisks the points selected for perspective correction
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Figure 6-13. ROI projection on samples (control and inoculated) of ‘Keitt’ mango fruit during all days of

acquisition. The projection for this assay was made on the 6 lesions caused by a surgical punch from day 6

(last day of acquisition) to days 2-5

Figure 6-14. ROI projection on samples (control and inoculated) of ‘Tommy Atkins’ mango leaf during all

days of acquisition. The projection for this experiment was made on the 5 surgical needle lesions from day

7 (last day of acquisition) to days 3-6
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Table 6-3. Number of spectral signatures per class obtained from the ROIs selected in each assay and

mango cultivar

Assay

ID
Type ROI Classes

Control Diseased Labels Spectra per class

e1-kt Fruit 480 2160

ktc, kti d2, kti d3, kti d4, kti

d5, kti d6, kti d7, kti d8, kti

d9

15598, 15070, 15100, 15145,

14967, 15093, 15101, 14974,

15046

e2-

kn
Fruit 480 2400

knc, kni d2, kni d3, kni d4,

kni d5, kni d6, kni d7, kni d8,

kni d9

14351, 14035, 13974, 13965,

13963, 13899, 13320, 14030,

13977

e3-os Fruit 300 2700
osc, osi d2, osi d3, osi d4, osi

d5, osi d6

23405, 24061, 23698, 24169,

24248, 24391

e4-kt Fruit 300 2700
ktc, kti d2, kti d3, kti d4, kti

d5, kti d6

24757, 22796, 22618, 22824,

22457, 22812

e5-to Leaf 250 1875
toc, toi d3, toi d4, toi d5, toi

d6, toi d7

10376, 10328, 10334, 10297,

10331, 10369

e6-to Leaf 150 1440
toc, toi d3, toi d4, toi d5, toi

d6, toi d7

17274, 18545, 18545, 18545,

18546, 18546

e7-kt Leaf 315 3381
ktc, kti d3, kti d4, kti d5, kti

d6, kti d7, kti d8, kti d9

1848, 1805, 1778, 1771, 1776,

1773, 1769, 1799

e8-kt Leaf 350 3388
ktc, kti d3, kti d4, kti d5, kti

d6, kti d7, kti d8, kti d9

14370, 15099, 10420, 15088,

15093, 15093, 15095, 15036

e9-

kn
Leaf 400 6864

knc, kni d2, kni d3, kni d4,

kni d5, kni d6, kni d7, kni d8,

kni d9

24868, 25017, 25044, 24871,

24929, 24481, 24874, 25139,

24990

e10-

kn
Leaf 280 1680

knc, kni d2, kni d3, kni d4,

kni d5, kni d6, kni d7, kni d8,

kni d9

2545, 2488, 2490, 2491, 2500,

2498, 2495, 2341, 2502

e11-

kt
Leaf 320 2400

ktc, kti d2, kti d3, kti d4, kti

d5, kti d6, kti d7, kti d8, kti

d9

569, 536, 541, 543, 541, 555,

553, 447, 572

Table 6-3 shows that the e7-kn, e10-kn and e11-kn assays, despite having many ROIs, did

not obtain many spectral signatures compared to the other leaf assays. Despite reaching

its visible phase, this was because the lesion size development did not generate anthracnose

lesions with a large enough area to extract sufficient spectral signatures. In addition, for the

e7-kt and e11-kt assays, this situation was also because this cultivar is moderately resistant

to anthracnose development. However, comparing the results of these two assays with the

e6-to, it can be observed a considerable difference in the number of spectra per class despite

having less ROIs: for the cv. ‘Tommy Atkins’, the development of anthracnose lesions on

leaves was higher than on the cv. ‘Keitt’. Therefore, the e10-kn and e11-kt experiments were

not used to train classification models, since the number of samples obtained was significantly
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lower than the rest of the assays.

6.1.5. Spectral data pre-processing

Once the classes for each assay were defined, the Savitsky-Golay (SG), outlier and SNV

filters were applied. These methods aimed to improve the quality of the data (with SG and

outlier filters) and to avoid the bias of the feature selectors in the variable (wavelengths)

selection and the bias of the classification models in the internal calibration of their weights.

Figures 6-15 and 6-16 show the spectral signatures resulting from the application of the

outlier filter for a control mango sample (1 class) and a diseased mango sample (2 classes):

Figure 6-15 shows the results for the ‘Keitt’ assay fruit, while Figure 6-16 shows the results

for the ‘Tommy Atkins’ leaf sample. As can be noted, this filter managed to remove spec-

tral signatures that did not correspond to the trend or variation of the class, which could

improve (reduce) the intra-class variance by eliminating spectral signatures that, a priori,

corresponded or fitted to another class. Furthermore, it can be noted the difference in the

spectra variability within the Vis range of the control class of a fruit sample and a leaf: as a

result of pigmentation changes in the fruits due to ripening, there was greater variability in

this region, while the leaf pigmentation remained stable, meaning that spectral variability

was reduced and conserved over time.

Figure 6-15. Group of spectral signatures of a control sample (control) and a diseased sample (days 2 and

6) of the ‘Keitt’ mango fruit experiment (mean spectra in red)

However, once the results of applying this filter for all experiments were obtained, it was

found that the incidence of outliers did not exceed 10.25 % of the data. Table 6-4 shows the
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Figure 6-16. Group of spectral signatures of a control sample (Control) and a diseased sample (days 2 and

7) of the ‘Tommy Atkins’ mango leaf experiment (mean spectra in red)

number of outliers per class for all the analysed assays. It can be observed that, globally,

the fruit assays had a lower outlier incidence (the highest reported in these assays was 5.09

%) compared to the leaf ones, which had an incidence between 7.34 % and 10.25 %. This

finding can be explained by considering the changes induced by the pathogen according to

the sample type (fruit or leaf) while it develops and the ROI selection strategy. The first

element (changes due to the pathogen) is explained by the development of symptomatic le-

sions in fruits, which is gradual and homogeneous in the infected peel, while in leaves, given

the low availability of nutrients, necrotic lesions develop from the first days of infection.

Therefore, using this outlier detection strategy fixes this drawback, which, a priori, allowed

for obtaining classes with less intraclass variability and greater inter-class variability. Nev-

ertheless, the importance of this filter was compared against the raw dataset (without the

application of filters) to establish whether this outlier filter, like the SG filter, improved the

performance metrics of the AI-based detection models.

On the other hand, Figures 6-17 and 6-18 present a comparison between the mean signatures

of the classes presented in Figures 6-15 and 6-16, respectively, the SG filter and the SNV

method. As can be observed, the SG filter (Figures 6-17.b and 6-18.b) achieved the objective

of smoothing the spectral signatures of each class, thus allowing the reduction of spectral

level variations that could be associated with spectral noise. However, it was also considered

that the cause of these small spectral variations could be related to the phenomenon under

study (anthracnose infection). Therefore, the performance of the classification models with

this SG filter was also compared against the raw data (without any filter) (Figures 6-17.a

and 6-18.a), since the raw data were taken as a baseline reference to measure and quantify
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the usefulness (and impact) of the implemented filters.

Table 6-4. Spectral signatures obtained using the outlier filter (W/O) versus the raw data

Assay

ID
Classes Resume

e1-

kt
knc

kni

d2

kni

d3

kni

d4

kni

d5

kni

d6

kni

d7

kni

d8

kni

d9
# spectra Data

15598 15070 15100 15145 14967 15093 15101 14974 15046 136094 Raw

15021 14602 14578 14498 14401 14251 14731 14614 14481 131177 W/O

e2-

kn
ktc

kti

d2

kti

d3

kti

d4

kti

d5

kti

d6

kti

d7

kti

d8

kti

d9

14351 14035 13974 13965 13963 13899 13320 14030 13977 125514 Raw

13403 13305 13321 13324 13383 13419 12702 13151 13117 119125 W/O

e3-

os
osc

osi

d2

osi

d3

osi

d4

osi

d5

osi

d6

23405 24061 23698 24169 24248 24391 143972 Raw

22717 23354 23331 23965 23093 23390 139850 W/O

e4-

kt
ktc

kti

d2

kti

d3

kti

d4

kti

d5

kti

d6

24757 22796 22618 22824 22457 22812 138264 Raw

24122 21820 22141 22150 21606 21522 133361 W/O

e5-

to
toc

toi

d3

toi

d4

toi

d5

toi

d6

toi

d7

10376 10328 10334 10297 10331 10369 62035 Raw

9620 9055 9399 9875 9960 9407 57316 W/O

e6-

to
toc

toi

d3

toi

d4

toi

d5

toi

d6

toi

d7

17274 18545 18545 18545 18546 18546 110001 Raw

16356 16214 15830 18166 17942 17421 101929 W/O

e7-

kt
ktc

kti

d3

kti

d4

kti

d5

kti

d6

kti

d7

kti

d8

kti

d9

1848 1805 1778 1771 1776 1773 1769 1799 14319 Raw

1687 1541 1581 1673 1709 1682 1612 1567 13052 W/O

e8-

kt
ktc

kti

d3

kti

d4

kti

d5

kti

d6

kti

d7

kti

d8

kti

d9

14370 15099 10420 15088 15093 15093 15095 15036 115294 Raw

13021 13438 9231 13170 14383 14438 13902 13010 104593 W/O

e9-

kn
knc

kni

d2

kni

d3

kni

d4

kni

d5

kni

d6

kni

d7

kni

d8

kni

d9

24868 25017 25044 24871 24929 24481 24874 25139 24990 224213 Raw

22339 22224 21981 21176 19706 22058 23722 23991 24034 201231 W/O
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Figure 6-17. Comparison of the mean spectral signature of each defined class (Raw), the implemented

pre-processing filters (the Savitzky-Golay and the outlier filter) and the SNV method for the ‘Keitt’ fruit

mango data

Figure 6-18. Comparison of the mean spectral signature of each defined class (Raw), the implemented pre-

processing filters (the Savitzky-Golay and the outlier filter) and the SNV method for the ‘Tommy Atkins’

leaf mango data

Similarly, when applying the data standardisation to the spectral signatures (bottom line
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graphs of Figures 6-17 and 6-18, it was noticeable that the characteristic shape of the sig-

natures changed and the features that were not noticeable in the original scale (reflectance)

were enhanced. These features are indeed the ones that contribute to the spectral charac-

terisation of the classes and allow the unbiased calibration of AI-based models or feature

selectors, since the information represented on this scale is mainly associated with differ-

ences induced by the object or material under study (anthracnose lesions on mango in this

research). As can also be observed in these figures, the spectral signatures associated with

the fruits presented a clear separation among the defined classes, which could allow the

models to learn from the data and generalise the behaviour of the classes under study. In

contrast, for the leaf assay classes, these differences were not appreciable (except in specific

regions of the spectrum), so it was expected to be more difficult for the models to learn to

differentiate them at the spectral level.

Finally, sections 3.3 and 4.3 present the performance metrics associated with applying SG

and outlier filters in more detail, as their usefulness concerning their contribution to the

performance of the AI-based classification models was quantified. In the sections mentioned

above, the usefulness of these filters and their combinations is analysed and compared in

depth.

6.2. Design and train machine learning models

6.2.1. Training and test dataset definition

Before the design and training of the AI models presented in section 4.1, a selection of the

training (model calibration) and test (external validation) groups was made taking into ac-

count 1) the class balance, as this greatly affects the bias of the models; 2) the 70 % - 30 %

ratio for group selection, where 70 % corresponds to training and 30 % to test; and 3) the

selection is done on mango samples and not on spectral signatures.

The 70 % - 30 % ratio applied to the data collected in the tests was based on a standard,

commonly applied in AI. It has been found that this ratio allows for the generalisability and

validity of the results for the data used in the AI model training. Commonly, an 80 % - 20

% ratio is also applied in this field, being more used to perform internal validations of the

models, i.e. the training group, with 80 % of the data, is divided into training and validation

(internal) groups with a ratio of 70 % training - 10 % internal validation. This subdivision

performs an internal measurement of the trained model before testing (or external valida-

tion). However, since in this research, it was chosen to perform a 3-fold cross-validation in

the training group, the internal validation of the models was carried out.

On the other hand, sample selection was done on mango samples and not on the spectral



6.2 Design and train machine learning models 87

signatures, since in this research it was assumed that the spectral signatures of the single

mango sample had the same experimental conditions and were subject to the same pathogen

development conditions even when inoculation was carried out in 6 different locations. This

consideration removed any eventual bias that might be presumed in the data, as the crossover

of spectral signatures in the training and test groups was avoided. However, since the ROIs

of a mango sample were not the same, as the development of lesions was unique to each

sample, the number of spectral signatures per sample varied, causing a class imbalance that

also affected the performance of the models.

Class balance is an impact factor in the training of AI models since a higher number of

one class compared to the others biases the learning of the model to discriminate better

between the large class over the rest. This can lead to overfitting to one class (whichever has

more data) and reduce the discriminatory power of the other classes. The class imbalance

was more intense in the leaf assays than in the fruit ones: the anthracnose lesions in leaves

corresponded to ROIs scattered on the leaf, while in fruits it was focused on a single circular

region, making the number of signatures per class more disparate in leaves. Therefore, a

random sub-sampling of the control class (corresponding to the average of the inoculated

classes) was carried out to improve the balance of classes, especially the control class for the

inoculated classes. This sub-sampling was not considered for the inoculated classes, as the

main interest was to assess as much data as possible related to anthracnose symptoms at

different phases.

Finally, it is also important to mention that the selection of the training and test groups

was randomised. Once these groups were obtained, they were digitally stored to guarantee

that all the models in all their training, test or validation phases were subjected to the same

data, allowing their comparison according to the obtained performance metrics.

6.2.2. Experimental conditions before model implementation and

assessment

To establish the contribution of the outlier and the SG filter, 4 datasets using the training

and test groups defined in section 6.2.1 were established per assay:

• Raw+noSG: meaning the data has no filters (nor SG filter nor outlier filter) and

corresponds to the Raw data in Table 6-4

• Raw+SG: meaning the data has only been preprocessed with the SG filter

• Fil+noSG: meaning the data has only been preprocessed with the outlier filter, cor-

responding to the without outliers data in Table 6-4

• Fil+SG: meaning the data has been preprocessed with the outlier and SG filters
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Also, models were evaluated using the biclass and multiclass classification approaches. The

biclass approach (first approach) was intended to evaluate class by class the discriminatory

power of the classification models, allowing for understanding and establishing more reliably

the stage of development of anthracnose symptoms that can be detected. In contrast, the

multiclass approach was included in this research to measure the discriminatory ability of

a single model to discriminate all defined classes, i.e. the different stages of development of

anthracnose symptoms in mango, ranging from the sound to the symptomatic stage of the

disease. Both methods have advantages and disadvantages; however, their implementation

in this study was based on the need to establish the day on which it is feasible to begin

detecting anthracnose symptoms in mango and if it is possible to do so in a single detection

model.

On the other hand, the recall, specificity and F1 metrics, which are calculated for 2 classes,

in the multiclass approach express the average result obtained from all the possible two-class

combinations. Likewise, as the ROC metric is more related to the discrimination between

sound and disease data, this metric is only reported and discussed in the biclass classification

approach.

Finally, each model was implemented in R, using the IDE RStudio v. 2022.02.3+492 on

Ubuntu Bionic 20.04.5 LTS x64 with AMD® Ryzen 7 5800h processor, 64 Gb RAM +

64 Gb swap RAM and NVIDIA GeForce RTX 3050i 4Gb GPU, and following the official

distributions and guidelines of each author.

6.2.3. Best fit dataset for AI-based models in mango fruit assays for

anthracnose symptom detection

This study compared the control class (sound, healthy or anthracnose-free) against each

disease class of an assay, leading to a classification model for each diseased class that was

assessed. The models presented in section 4.1 were trained with the data presented in Table

6-4 for the mango fruit assays, i.e. assays e1-kt, e2-kn, e3-os and e4-kt. The model train-

ing followed the flowchart defined in Figure 4-2. Then, the results were consolidated for

individual and global analysis to determine the potential of the AI models and the filters

implemented for the early anthracnose detection in mango fruits. Accordingly, Figures 6-19

to 6-22 present the results of the accuracy, F1 and MCC metrics per dataset of the classifi-

cation models implemented for the e1-kt, e4-kt, e2-kn and e3-os assays, respectively.

From the first cv. ‘Keitt’ assay results (Figure 6-19), it can be noted that the models

achieved better performance when they were trained with diseased classes with more distin-

guishable anthracnose symptoms: from day 4 onwards, the models incrementally improved

their performance in class discrimination, which meant the models could detect anthrac-
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nose samples. However, on day 3, an outstanding performance of the models was observed,

achieving similar performance metrics as on day 7. This finding was also reported in the

e4-kt assay, where similar results were obtained. Figure 6-20 depicts the results of the e4-kt

assay for the established datasets. Despite this experiment having fewer study days, it was

reported that from day 4 onwards, the models managed to obtain remarkable performance

metrics.

Figure 6-19. Performance metrics (a. Accuracy, b. F1, c. MCC) of the classification models implemented

by dataset for the cv. ‘Keitt’ (e1-kt assay)

Figure 6-20. Performance metrics (a. Accuracy, b. F1, c. MCC) of the classification models implemented

by dataset for the cv. ‘Keitt’ (e4-kt assay)

Focusing on the datasets, models trained with the outlier filter (Fil+noSG and Fil+SG)

obtained better performance from initial days than the raw datasets (Raw+noSG and

Raw+SG), see Appendix A.1.1 with full model metrics. Moreover, these datasets (Fil+noSG

and Fil+SG) reduced their variance among the trained models, indicating a trend of better

fit of the models to the data when outliers were removed. Likewise, when comparing the
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Fil+noSG and Fil+SG datasets, there were no relevant variations in model performance

when using or not the SG filter, so, from a practical point of view, there was no need to use

the SG filter to improve model predictions.

As a difference between these assays (e-1kt and e4-kt), it was observed the magnitude of the

scores obtained by the models within the first days of the study (days 3 to 4): while for the

e1-kt assay, the minimum metrics were weighted above 0.8 for the outlier filter datasets, for

the e4-kt experiment this minimum weighting was above 0.9.

Figure 6-21. Performance metrics (a. Accuracy, b. F1, c. MCC) of the classification models implemented

by dataset for the e2-kn assay (cv. ‘Kent’)

On the other hand, Figures 6-21 and 6-22 present the results associated with the e2-kn

and e3-os assays, respectively. From the e2-kn experiment (cv. ‘Kent’), it was observed

that in the first 2 days of the study, the datasets without the SG filter (Raw+noSG and

Fil+noSG) showed the best scores. During days 4 to 7, the Raw+noSG dataset reported the

best performance, followed by the Fil+noSG dataset, marking a difference with the results

reported for the cv. ‘Keitt’.

Opposed to the e2-kn assay, the best datasets for the e3-os experiment (cv. ‘Osteen’) were

Fil+noSG and Fil+SG, although the difference between the scores with the raw datasets

was minimal. Additionally, the incremental behaviour in the model performance was not

observed in this assay since the scores obtained from the first day of the study were higher

than 0.95 and similar to the other days of the study. This result indicates that it is possible

to discriminate between sound and diseased samples from the first days of infection, allowing

the establishment of an early detection model of anthracnose in ‘Osteen’ mango fruits.

Finally, as the best-fit dataset for mango fruit cultivars, the Fil+noSG dataset was selected

based on its regularity in 3 of the 4 assays (e1-kn, e3-os and e4-kn) and its outstanding

performance in the e2-kn experiment (despite not being the best in this cultivar). Therefore,
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Figure 6-22. Performance metrics (a. Accuracy, b. F1, c. MCC) of the classification models implemented

by dataset for the e3-os assay (cv. ‘Osteen’)

the following sections detail the assessment and selection of the best classification models

for the mango experiments according to the results obtained with this dataset.

6.2.4. Biclass models to discriminate the anthracnose diseased classes

in mango fruits

This section presents the results of the classification models trained with the Fil+noSG

dataset. Given the number of models trained per class and assay, the figures and tables

listed in this section present the results associated with the 6 best classification models

(QDA, LDA, SLP, MLP, SVM and RF), while the remaining models (PLSDA, CART, Naive

Bayes, GBM, XGB and BST) are presented in Appendix A.1.2. In addition, the results

related to these 6 models, given the high volume of information, are presented per cultivar

(e1-kt, e4-kt, e2-kn and e3-os). As a conclusion and discussion of this section, the best

classification model for all the studied cultivars was selected.

AI-based biclass models applied to ‘Keitt’ assays

Figures 6-23 and 6-24 present the performance metrics of the biclass models (QDA, LDA,

SLP, MLP, SVM and RF) for the e1-kt and e4-kt assays, respectively. From these figures,

it is noted that on the first day of the study (day 2) the best models in both assays barely

reached values close to 0.9 in the accuracy, F1 and MCC metrics. However, from day 3

onwards, the classification models started their upward trend of improving the class discrim-

ination performance.

From the models trained for the e1-kt assay, the best model throughout this study was

QDA . This model stood out with the best in accuracy, F1, MCC and recall metrics, indi-

cating that its overall performance in discriminating between sound and diseased samples
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Figure 6-23. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented for the cv. ‘Keitt’ (e1-kt assay) and the Fil+noSG dataset

Figure 6-24. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented for the e4-kt assay (cv. ‘Keitt’) and the Fil+noSG dataset

(regardless of the day of symptom development) was preserved. This model (with the LDA

model) stood out as the one with the best recall metric, indicating its ability to detect when

a mango fruit sample was anthracnose-free (positive class). Conversely, for the specificity

metric, which measures the model’s ability to detect the negative class (diseased class), the

QDA model reduced its classification performance compared to the neural models (SLP and

MLP) and SVM. However, the recall metric of these last three models during the first 6 days

of the study was above 0.8, indicating a weakness in maintaining their discriminatory ability

against mango fruit samples that temporarily evolve.

On the other hand, from the models trained with the e4-kt assay dataset, the neural tech-

niques (SLP and MLP) stood out, followed by the QDA and SVM models. Specifically, the

SLP model stood out from the first day of study in most metrics. This model obtained

scores above 0.9 in accuracy, F1, precision, recall and specificity, while in the MCC metric,

it obtained a score of 0.8 on day 2. However, from day 3 onwards, the SLP metrics remained
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above 0.95, indicating that from this point onwards the model could discriminate between

sound and diseased samples with high reliability. Following this model, with slightly lower

metrics, was MLP, a model that showed the same behaviour as the SLP model, indicating

that for this experiment the neural models had a good fit to the data.

The third-best model in the e4-kt assay was QDA. This model stood out in the specificity

and precision metrics, surpassing the neural models and showing stability in the diseased

class (negative class) detection during all days of this study. Conversely, the recall and MCC

metrics on day 2 showed a slight issue in the correct classification of the positive (sound)

class, as reported in the neural models. This slight issue, present in both assays, is explained

by the fact that in the early stages of anthracnose development, the spectral variations are

not considerable enough to be generalised (learned) by the models, which is why they had

difficulties in discriminating between healthy and diseased samples. However, in the follow-

ing days of the study (from day 3 onwards), as pathogen-induced physicochemical changes

cause large spectral variations, the detection models could learn to detect these changes.

Therefore, and taking into account the behaviour reported in these assays, the QDA and

SLP models are considered to be the best classification techniques applied to the problem of

spectral detection of anthracnose diseased samples from the first days of disease development

on fruits of the ‘Keitt’ mango cultivar. The hyperparameters selected for the SLP in the

e4-kt assay were: neurons = 200, epochs = 502 on day 2, neurons = 100, epochs = 182 on

day 3, neurons = 500, epochs = 176 on day 4, neurons = 50, epochs = 256 on day 5 and

neurons = 5, epochs = 501 on day 6.

AI-based biclass models applied to ‘Kent’ assay

Figure 6-25 presents the performance metrics of the biclass models (QDA, LDA, SLP, MLP,

SVM and RF) for the e2-kn experiment. The results obtained with this cultivar demon-

strated the feasibility of discriminating against anthracnose diseased samples from the first

days of infection, i.e., from day 2 after the pathogen inoculation. The models obtained,

except RF, managed to obtain scores above 0.9 in the accuracy, F1, precision and specificity

metrics, while for the recall and MCC metrics, this minimum threshold was lowered to 0.85

and 0.78, respectively. Despite the results obtained by the RF model in the first days, it

showed a progressive improvement in its metrics, indicating that its predictive ability en-

hanced as anthracnose symptoms developed.

From the models with the best performance and stability during this experiment, the SVM

model was the best performing, followed by the SLP and QDA models, see Appendix A.1.2.

Particularly, SVM and SLP stood out for their stable and high performance in the precision

and specificity metrics, which suggests that they have a greater ability to detect the presence

of diseased samples regardless of the stage (day) of development. In contrast, for the recall
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Figure 6-25. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented for the e2-kn test of the ‘Kent’ mango cultivar and the Fil+noSG

dataset

metric, the QDA model (with LDA) obtained the best score during the study, followed by

the SLP and SVM models. Nevertheless, all the above-mentioned models achieved metrics

above 0.9, demonstrating a high ability to discriminate between sound and diseased fruit

samples.

Therefore, and considering that this study focused on the design of a classification model

capable of detecting anthracnose-diseased samples, the SVM model was selected as the best

classification model for this particular assay and cultivar. Finally, as a particularity of this

model, it was reported that the hyperparameters reported per study day did not vary consid-

erably. Therefore, the hyperparameter cost = 0.1 was chosen for this model in this cultivar.

AI-based biclass models applied to ‘Osteen’ assay

Figure 6-26 presents the performance metrics of the biclass models (QDA, LDA, SLP, MLP,

SVM and RF) for the e3-os assay. From this figure, it was observed that for this cultivar,

the classification models, except RF, achieved outstanding performance metrics during all

days of study: for all 6 performance metrics, scores above 0.92 were achieved. This result

demonstrated that for the cv. ‘Osteen’, the spectral changes induced by the infection from

the first days were distinguishable by most of the classification models. Moreover, it also

showed stability in the models, with variations in metrics less than 8 % (the range of the

metrics varied between 0.92 and 1).

The best biclass classification models obtained for this cultivar were QDA, MLP and SLP,

see Appendix A.1.2. In the accuracy, F1 and MCC metrics, which give an idea of the global

behaviour of the model, scores higher than 0.95 were obtained, which is a sign of the dis-

criminatory potential of these three models to distinguish healthy and diseased samples for

this cultivar. For the accuracy, recall and specificity metrics, these models reported a slight
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Figure 6-26. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented for the e3-os assay (cv. ‘Osteen’) and the Fil+noSG dataset

decrease on some specific days which, in general, did not affect the overall performance of

the models: on day 5, the values of these models showed a slight decrease of less than 2 %;

while on day 3, the neural models showed a decline of 4 %.

Nonetheless, based on the results obtained and, particularly, the performance obtained by

the QDA model, the best classification model, and therefore the best detection model, for the

‘Osteen’ mango cultivar in fruits was QDA. This model showed, one more time, its enormous

potential and ability to differentiate sound samples from anthracnose-diseased samples from

the first days of symptom development. The scores obtained on the 6 performance metrics

showed that this model was close to the ideal classification model for this cultivar.

Best biclass model to detect anthracnose symptoms in mango fruit assays

In the previous sections, the analysis by cultivar of the best classification models was pre-

sented, with the QDA, SVM, QDA and SLP models being the most outstanding in the

e1-kt, e2-kn, e3-os and e4-kt experiments, respectively. However, in this section, the area

under the curve (AUC) metric, calculated from the ROC curve, is presented to establish the

model with the best discriminatory power for the 3 cultivars and to evaluate the feasibility

of having a unique model for the anthracnose detection in mango fruits.

The AUC metric allows a more concise but effective interpretation of the predictive ability of

a model as it can readjust the decision threshold to improve the balance between recall and

specificity metrics, i.e. to enhance the detection of sound and diseased samples. Table 6-5

reports the AUC metric scores for the QDA, SVM and SLP models in the mango fruit assays

of the three cultivars. . From these results, the positive performance of the selected models

was evidenced by the scores for this metric being above 0.8 for all experiments and days of

study. In addition, it was validated that the QDA model presented the best performance in

the e3-os assay, making it the best classification model for the cv. ‘Osteen’. Similarly, the
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SLP model in the e4-kt assay was the best-fitting model, although the QDA model reports

scores similar to those of the SLP model from day 3 of the study (the difference was less

than 0.001).

On the other hand, for the e2-kn assay, where the SVM model had reported the best per-

formance, for the AUC metric it was found that the QDA and SLP models obtained better

results, indicating that if the decision threshold of these models were adjusted, the perfor-

mance could be improved more than the SVMmodel. The differences between the QDA/SLP

and SVM models varied on average by 0.014, while the differences between the QDA and

SLP models varied by 0.001. Thus, the SVM model in this metric ranked substantially below

the QDA and SLP models.

Similarly, for the e1-kt experiment, where the QDA model was reported to be the best

in terms of performance, it was observed that between days 2 and 4 (considered the pre-

symptomatic phase) the QDA model obtained the best AUC result, while on the remaining

days (days 5 to 9) it was the SLP model. However, it was also observed that the difference

in the AUC metric of these two models was greater on the first days (days 2 to 4) than on

the rest (days 5 to 9). Therefore, for the objective of finding a model for early detection of

anthracnose symptoms in mango fruits, the QDA model fits better for this purpose.

Table 6-5. Area under the ROC curve (AUC) of the QDA, SVM and SLP models for the e1-kt, e2-kn,

e3-os and e4-kt fruit assays, and by day of study

Diseased class Assay e1-kt Assay e2-kn Assay e3-os Assay e4-kt

QDA SVM SLP QDA SVM SLP QDA SVM SLP QDA SVM SLP

Day 2 0.907 0.809 0.869 0.956 0.936 0.955 0.998 0.970 0.995 0.951 0.829 0.966

Day 3 0.951 0.917 0.944 0.975 0.956 0.979 0.999 0.987 0.998 0.998 0.979 0.999

Day 4 0.931 0.867 0.867 0.990 0.979 0.996 1.000 0.982 0.999 0.999 0.996 1.000

Day 5 0.909 0.825 0.936 0.990 0.967 0.990 1.000 0.988 0.999 0.998 0.995 1.000

Day 6 0.933 0.899 0.951 0.998 0.992 0.998 1.000 0.998 1.000 1.000 1.000 1.000

Day 7 0.940 0.866 0.979 0.995 0.977 0.999

Day 8 0.952 0.913 0.993 1.000 0.988 0.999

Day 9 0.964 0.942 0.999 1.000 0.994 1.000

Based on the above, it was determined that there were 2 classification models with high

performance for the anthracnose symptom detection at different stages (days) for the mango

cultivars ‘Kent’, ‘Keitt’ and ‘Osteen’: the QDA and SLP models combined with the outlier

filter. As a special feature of these classification models, QDA has the computational ad-

vantage of being a technique that can be calibrated and readjusted in a shorter time than

the SLP model, which allows its use and deployment in real-time applications that require

constant updating of the training and calibration database. Consequently, this discriminant

model, QDA, is the best fitting anthracnose detection model for the three mango cultivars.
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6.2.5. Multiclass models for detection of anthracnose symptoms in

mango fruit

The models presented in section 4.1 were trained with the Fil+noSG dataset selected in

section 6.2.3 for the e1-kt, e2-kn, e3-os, and e4-kt assays. Following the flowchart shown in

Figure 4-2, model training was carried out and test results were analysed to determine the

potential of multi-class AI models for the early detection of anthracnose symptoms in mango

fruit.

In addition, the models reported in this section corresponded to the neural models (SLP

and MLP), SVM and QDA since they achieved the best performance metrics in all fruit

experiments, metrics above 0.9. The other models can be consulted in Appendix A.2.

AI-based multiclass models applied to ‘Keitt’ assays

Tables 6-6 and 6-7 report the results associated with the calibrated and trained classification

models for the e1-kt and e4-kt experiments of the cv. ‘Keitt’ in mango fruit. From these

tables, it can be observed that the reported models stood out in this cultivar. Among the

metrics of these models, specificity was the most remarkable, with scores above 0.98. This

metric, which expresses the ability of the model to detect a negative class, indicated the

correct detection of anthracnose-diseased samples regardless of their stage of development.

In contrast, the recall metric, which measures the ability of the model to detect the positive

class, differed from the specificity scores, as this metric was around 0.91. However, having

both metrics above 0.9, it can be stated that the four models could adequately discriminate

between both sound and diseased samples (regardless of the stage of the infection).

Table 6-6. Performance metrics of the classification models for the cv. ‘Keitt’ e1-kt assay

Model Accuracy Recall Specificity F1 MCC Precision

MLP 0.966 0.967 0.996 0.966 0.963 0.968

SLP 0.952 0.952 0.994 0.952 0.947 0.957

SVM 0.940 0.941 0.993 0.940 0.933 0.940

QDA 0.926 0.926 0.991 0.923 0.916 0.927

Specifically, the best models obtained for the e1-kt assay were MLP with neurons = 200,

layers = 2, and epochs = 100, and SLP with neurons = 200 and epochs = 382, while in

the e4-kt were MLP with neurons = 200, layers = 2 and epochs = 100, and SVM with

cost = 0.1. However, it is noteworthy that the difference between the SLP and SVM models

in the e4-kt assay was smaller than the same models for the e1-kt one: for the first assay,

the difference in performance was close to 2 %, while for the e4-kt assay was less than 0.7
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%. Therefore, the SLP model with neurons = 200 and epochs = 382 was selected as the

second-best classification model for this cultivar.

Table 6-7. Performance metrics of the classification models for the cv. ‘Keitt’ e4-kt assay

Model Accuracy Recall Specificity F1 MCC Precision

MLP 0.952 0.951 0.990 0.951 0.943 0.955

SVM 0.924 0.925 0.985 0.925 0.910 0.925

SLP 0.921 0.919 0.984 0.918 0.909 0.935

QDA 0.910 0.910 0.982 0.910 0.892 0.911

The results obtained with the neural models demonstrate the stability and great poten-

tial of the ANNs (especially the MLP) to spectrally characterise the classes obtained from

this mango cultivar, which similarly indicates its capacity to detect anthracnose symptoms

from stage 0 (anthracnose-free symptoms) to a late stage (visible anthracnose symptoms).

Likewise, the results obtained with the SVM model showed that it fulfilled the features to

discriminate the classes established in these experiments, showing this model as an alterna-

tive detection model.

The fourth model in the experiments was the QDA model, which achieved performance met-

rics above 0.91 in most of them. This discriminant model was proposed as an alternative to

neural and SVM models due to its fast implementation in real-time applications. This result

differs from the results obtained in the biclass implementation where QDA was the best

model, however, given the initial objective of this research to design and calibrate a classifi-

cation model with the best performance for detecting anthracnose symptoms in mango, the

model that outperformed the rest of the techniques for its outstanding performance in both

assays for the cv. ‘Keitt’ was MLP with neurons = 200, layers = 2, and epochs = 100,

obtaining performance metrics higher than 0.943 in both experiments.

AI-based multiclass model applied to ‘Kent’ assay

Table 6-8 reports the results associated with the classification models for the e2-kn experi-

ment, while Figure 6-27 presents the confusion matrices of the 2 best models. When selecting

the best models for this cultivar, the neural models were once again the best classifier, with

the MLP model being the best performing, although the SLP model was very close. As

a particularity, for this assay, these models obtained different hyperparameters from those

reported for the cv. ‘Keitt’: for the MLP model, the hyperparameters were neurons = 200,

layers = 3 and epochs = 100, and SLP with neurons = 100 and epochs = 477.
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Table 6-8. Performance metrics of the cv. ‘Kent’ e2-kn assay detection models

Model Accuracy Recall Specificity F1 MCC Precision

MLP 0.982 0.982 0.998 0.982 0.980 0.982

SLP 0.971 0.972 0.996 0.971 0.968 0.972

SVM 0.951 0.951 0.994 0.951 0.945 0.951

QDA 0.935 0.936 0.992 0.934 0.928 0.937

On the other hand, when comparing the confusion matrices of these two models (Figure

6-27), the SLP model accumulated a higher number of misclassified samples in the first

row (multi-class false negatives -MFN-) and first column (multi-class false positives -MFP-),

even though the performance metrics reported in Table 6-8 indicate that its performance is

similar to the MLP model. Adding the MFN and MFP values of the confusion matrix from

day 2 to day 9, MLP accumulated 149 misclassified samples compared to the 300 reported by

SLP, which notably differentiates the performance between these neural models. The above

finding indicated that the SLP model confused healthy with diseased samples (or MFP) and

diseased with healthy samples (or MFN) with greater recurrence than the MLP model, being

the MFN error the most critical as it implies the non-detection of the disease in any of its

infection stages.

Figure 6-27. Confusion matrices of the MLP and SLP classification models for the e2-kn test

Consequently, as the best multiclass detection model for the cv. ‘Kent’ (e2-kn assay), the

MLP model with neurons = 200, layers = 3, and epochs = 100 and the outlier filter was

chosen as the best classification and fitting model for the data collected for this cultivar.

This result, similar to the cv. ‘Keitt’, differs in the best model selection from the biclass im-
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plementation, where the QDA model showed better performance in the biclass classification

of sound and diseased samples by day of acquisition.

AI-based multiclass model applied to ‘Osteen’ assay

Table 6-9 reports the results associated with the classification models for the e3-os exper-

iment. From this table, it was observed that the neural models did not manage to place

themselves in the top positions since, particularly, SVM and the discriminant models (QDA

and LDA) obtained better results than the neural models: QDA outperformed the SLP

model, LDA outperformed MLP and even PLSDA obtained performance metrics similar to

MLP (differences in their metrics were less than 0.5 %). The best classifier was SVM, ob-

taining in all its metrics scores above 0.96 with the hyperparameters cost = 10, gamma =

0.18.

Table 6-9. Performance metrics of the ‘Osteen’ e3-os assay

Model Accuracy Recall Specificity F1 MCC Precision

SVM 0.969 0.969 0.994 0.969 0.963 0.969

QDA 0.955 0.955 0.991 0.955 0.946 0.955

SLP 0.948 0.947 0.990 0.947 0.940 0.955

MLP 0.931 0.929 0.986 0.928 0.921 0.946

Comparing the confusion matrices of the SVM and QDA models, see Figure 6-28, the MFP

and MFN for both models were 122 vs 142 and 129 vs 209, respectively. This result con-

firmed the remarkable multiclass performance of the SVM model compared to the QDA

model, since in the MFN measure, which quantifies the misclassification of diseased samples

as healthy, the difference between the models was more than 35 %. On the MFP measure,

which measures the misclassification of healthy samples as diseased, this difference was re-

duced (122 vs 142 for SVM and QDA, respectively); however, the SVM model demonstrated

its effectiveness in correctly classifying the data from this assay.

Therefore, as the best multiclass detection model for the cv. ‘Osteen’ (e3-os assay), SVM

with the hyperparameters cost = 10, and gamma= 0.18 was chosen as the best classifier.

However, as a disadvantage of this model, its training time was longer than that required

by neural and discriminant models. This issue could be overcome with the implementation

of QDA, which, despite its limitations compared to SVM, also had remarkable metrics and

could be quickly deployed and calibrated in real-time applications.
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Figure 6-28. Confusion matrices of the SVM and QDA classification models for the e3-os test

6.2.6. Best fit dataset for AI-based models in mango leaf assays for

anthracnose symptom detection

As presented in section 6.2.3, this study compared the control class (sound, healthy or

anthracnose-free) against each diseased class of the leaf assays, obtaining a classification

model for each assessed diseased class. The models presented in section 4.1 were trained

with the data presented in Table 6-4 for the mango leaf experiments, i.e. the e5-to, e6-to,

e7-kt, e8-kt, e9-kn, e10-kn assays. Following the flowchart defined in Figure 4-2, the train-

ing of the models was performed, and then the results were consolidated for individual and

global analysis to determine the potential of AI models for early detection of anthracnose

symptoms in leaves of the three mango cultivars. Figures 6-29 to 6-33 present the results

of the accuracy, F1 and MCC metrics per dataset of the classification models implemented

for the tests e5-to, e6-to, e7-kt, e8-kt and e9-kn.

From the cv. ‘Tommy Atkins’ results (Figures 6-29 and 6-30), it can be noted that the

models achieved better performance when they were trained with diseased classes with more

distinguishable anthracnose symptoms, i.e. metrics reduced their variance among the models

(metrics were more concentrated) while increasing their scores when late classes were used.

Moreover, from day 3, models achieved a remarkable performance in discriminating between

diseased and sound samples.

Focusing on the datasets, models trained with the outlier filter (Fil+noSG and Fil+SG) ob-

tained the best performance from the initial days (days 3 and 4) in both assays, although the

Raw datasets (Raw+noSG and Raw+SG) achieved good metrics. In addition, as the days

passed, the variance among model metrics decreased, indicating the usefulness of this strat-
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Figure 6-29. Performance metrics (a. Accuracy, b. F1, c. MCC) of the classification models implemented

by dataset for the ‘Tommy Atkins’ e5-to experiment

Figure 6-30. Performance metrics (a. Accuracy, b. F1, c. MCC) of the classification models implemented

by dataset for the ‘Tommy Atkins’ e6-to experiment

egy in allowing classification models to fit the data. However, when comparing the Fil+noSG

and Fil+SG datasets, there were no relevant variations in model performance when using or

not using the SG filter, so there was no need to use the SG filter to improve model predictions.

Likewise, for both ‘Keitt’ assays (e7-kt and e8-kt), Figures 6-31 and 6-32, from the first

day of study (day 3) models achieved remarkable metrics, with outcomes greater than 0.95.

Also, it can be noted that the models achieved a better performance when they were trained

with diseased classes with more distinguishable anthracnose symptoms (as was reported in

the ‘Tommy Atkins’ experiments -e5-to and e6-to-). However, in the e7-kt assay models

decreased their overall performance on day 4, being the most notable difference among the

leaf assays carried out in this research (this behaviour was not reported in the e8-kt assay,

for instance).

Contrary to the ‘Tommy Atkins’ experiments, in the ‘Keitt’ assays, the usefulness of the out-
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Figure 6-31. Performance metrics (a. Accuracy, b. F1, c. MCC) of the classification models implemented

by dataset for the cv. ‘Keitt’ e7-kt experiment

Figure 6-32. Performance metrics (a. Accuracy, b. F1, c. MCC) of the classification models implemented

by dataset for the cv. ‘Keitt’ e8-kt experiment

lier filter (Fil+noSG and Fil+SG) was not overwhelming: while in the e7-kt assay datasets

without this filter (Raw+noSG and Raw+SG) stood out in the initial days, in the e8-kt

experiment the outlier datasets showed a slight score improvement when comparing against

the raw datasets, see Appendix B.1.1 with full model metrics.

On the other hand, in the ‘Kent’ assay (e9-kn), Figure 6-33, remarkable performance metrics

were achieved since day 2 (several models reported metrics above 0.95 in accuracy, F1 and

MCC), showing the existence of classification models that fitted well the data from the first

initial symptoms of anthracnose. However, the increasing trend in performance (reported in

the ‘Tommy Atkins’ and ‘Keitt’ cultivars) when evaluating late diseased classes against the

sound class was not observed since on days 4 and 5 it was reported a decrease in the metric

scores.

Also, in this assay, a unique dataset that showed the best behaviour in performance during
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Figure 6-33. Performance metrics (a. Accuracy, b. F1, c. MCC) of the classification models implemented

by dataset for the cv. ‘Kent’ e9-kn experiment

all days was not found since all datasets showed similar results on top of the best mod-

els, see Appendix B.1.1 for details. However, the only notable difference was found in the

variance of the metrics of the models, where the datasets with the outliers filter obtained

a lower variance, which meant that all models fitted the data better, as the difference be-

tween the best and worst model (in performance) was smaller in these datasets. Hence, the

Fil+noSG dataset could be selected for this cultivar, considering that the use of the SG filter

(Fil+noSG) did not substantially improve the overall performance compared to Fil+noSG.

Despite the Savitzky-Golay filter (SG) being a good method to improve the spectral quality

of the samples, it did not report the best performance when combined with the outlier

filter. Only when comparing the datasets Raw+noSG and Raw+SG, their contribution to

developing better classification models was noted. Consequently, the Fil+noSG dataset was

selected to continue with the analysis of the classification model metrics to detect foliar

anthracnose symptoms in the three mango cultivars (‘Tommy Atkins’, ‘Keitt’ and ‘Kent’)

based on the results reported in all the experiments.

6.2.7. Biclass models to discriminate the anthracnose diseased classes

in mango leaves

Considering the best fitting dataset for the assays conducted with leaves of the three mango

cultivars was Fil+noSG, this section presents the results associated with the classification

models trained with this dataset. Similarly, given the number of models trained per class and

assay, the figures and tables listed in this section present the results associated with the 6 best

classification models (QDA, LDA, SLP, MLP, SVM and BST), while the remaining model

results (RF, CART, Naive Bayes, GBM, XGB and PLSDA) are presented in Appendix B.1.2.

During the analysis of the performance metrics, the positive class will be referred to as the
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sound class and the negative class as the diseased class. Furthermore, it is clarified that

the recall metric directly measures the ability of the model to correctly classify the positive

class, while the specificity metric measures the negative class. Hence, this section will omit

these concepts to improve readability, as they were previously introduced.

AI-based models applied to ‘Tommy Atkins’ assays

Figures 6-34 and 6-35 present the performance metrics of the QDA, LDA, SLP, MLP, SVM

and BST biclass models, per day, for the e5-to and e6-to experiments, respectively. From

these figures, it can be noted that from day 5, the classification models presented outstanding

performance metrics, allowing for the verification of their efficacy in the spectral differen-

tiation of the classes: metrics were higher than 0.975. Furthermore, on day 3, the models

also reported remarkable performance in discriminating the sound and diseased classes in

both assays. However, on day 4, a 5 % decrease in the scores of the SLP, MLP and LDA

models was evidenced in the e5-to assay. This decrease was noticeable in the specificity and

precision metrics of the SLP and MLP models and the recall metric of the LDA model.

Figure 6-34. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented for the ‘Tommy Atkins’ e5-to experiment and the Fil+noSG dataset

Comparing the performance of the models on a day-by-day basis, it was observed that the

best fitting models were, in order, LDA, QDA, and SVM for the e5-to assay, while the SLP,

QDA, and MLP models for the e6-to assay. From the first day of study (day 3), these models

achieved scores above 0.94 on all metrics, excluding the recall metric on day 4 for the LDA

model. In addition, it is also noteworthy that they did not present considerable differences

in performance from day 5 onwards, indicating that any of the listed models could perform

the foliar detection of anthracnose-diseased samples without difficulty.

On the one hand, in the e6-to assay, the SLP model with neurons = 200, and epochs =

150 was the best classifier from the first day of the study, indicating an enormous potential
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Figure 6-35. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented for the ‘Tommy Atkins’ e6-to experiment and the Fil+noSG dataset

to detect diseased samples from early stages of anthracnose development. The QDA model

was also highlighted as it obtained metrics similar to those of SLP and MLP, demonstrat-

ing the usefulness of this model for the discrimination of sound and diseased spectral samples.

Therefore, although in the e6-to experiment, the best model was SLP (neurons = 200,

epochs = 150), the classification model with the best fit and potential for the cv. ‘Tommy

Atkins’ in mango leaves was QDA, reporting scores above 0.969 in all performance metrics.

Additionally, because this technique was, per se, a mathematical model, it offers the ad-

vantage of being calibrated, validated and readjusted in a shorter computational time, as

opposed to the training time employed by an SVM model or a neural network (such as SLP).

AI-based models applied to ‘Keitt’ assays

Figures 6-36 and 6-37 present the performance metrics of the QDA, LDA, SLP, MLP, SVM

and BST biclass models, per day, for the e7-kt and e8-kt experiments, respectively. For

this cultivar, a considerable decrease in the accuracy, specificity and precision metrics of the

implemented models was found on day 4 in the e7-kt assay (around 12 %) and day 5 in the

e8-kt assay (around 1.5 %). However, from the following days for each assay (day 5 in e7-kt

and day 6 in e8-kt), the models managed to fit the data and increase their performance

with subsequent days, showing that this drawback has been overcome. In fact, from day 7

onwards, the models achieved outstanding and similar performance metrics to each other, so

any model used from this day onwards was able to perform well the task of distinguishing

healthy samples from anthracnose-infected ones.

On the other hand, when analysing the behaviour of the metrics day by day, it was found

that the best models per assay were: QDA, LDA and SVM for the e7-kt and QDA, SLP and

MLP for the e8-kt assay. From Figures 6-36 and 6-37, it is observed that the discriminant

models (QDA and LDA) stood out on days 3 and 4, showing their ability in the detection
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Figure 6-36. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented for the e7-kt ‘Keitt’ assay and the Fil+noSG dataset

Figure 6-37. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented for the e8-kt ‘Keitt’ assay and the Fil+noSG dataset

(discrimination) of anthracnose diseased samples. In addition, it can be noted that from day

6 onwards, any of the models mentioned above could detect diseased samples without major

difficulty, demonstrating the potential and ability of the models trained in this research.

Based on the results outlined above, the best classification model, and therefore the best

foliar detection model, for the cv. ‘Keitt’ was QDA. This model once showed the enormous

potential and the discriminant ability to differentiate healthy samples from anthracnose-

diseased samples from the first days of infection. This feature was an important point as one

of the objectives of this research was to determine the feasibility of detecting anthracnose in

mango, so the possibility of carrying out this task with spectral data with a fast-calibrating

mathematical model was a relevant finding of this study.

AI-based models applied to ‘Kent’ essay

Figure 6-38 presents the performance metrics of the QDA, LDA, SLP, MLP, SVM and BST
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biclass models, per day, for the e9-kn assay. The results for the cv. ‘Kent’ showed consider-

able changes compared to the other cultivars. Firstly, all models obtained good performance

metrics from the first day of the study (day 2) with scores above 0.9. Secondly, despite the

slight decrease in the performance of the models on day 4, this differs from the decreases

reported for the ‘Tommy Atkins’ and ‘Keitt’ cultivars, as the amplitude of the decrease was

less than 0.07 in the metrics, while in the other cultivars it was higher.

Figure 6-38. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented for the e9-kn experiment of the cv. ‘Kent’ and the Fil+noSG dataset

Regarding the best classification models for this cultivar, it was possible to determine that

the models with the best performance throughout the experiment were SLP, MLP and SVM,

with the SLP model standing out mainly on days 3, 5 and 6. The SLP model was trained

with the hyperparameters neurons = 200, epochs = 100, while the MLP model with neurons

= 200, epochs = 100 and layers = 3. As a particular finding for this cultivar, the e9-kn assay

was one of all the mango leaf assays that evidenced the supremacy of neural networks in

classifying sound and anthracnose-diseased samples. As the second-best model was ranked

the MLP model, although it reported a slight drop in its metrics on day 5. However, from

day 7 onwards the differences between the best models were minimal (less than 1 %) so that

the use of any of the neural models could perform the foliar detection task robustly and

reliably at late stages of anthracnose infection.

On the other hand, it should be noted that the discriminant models (QDA and LDA) did

stand out in the first days of the experiment (days 2, 3 and 4), which is why these models

(especially QDA) could be taken as a reference in case a robust and fast calibrated (training)

model for the early foliar anthracnose detection in the cv. ‘Kent’ is required: the metrics of

these models did not fall below 0.9, so these models qualify as outstanding classifiers.

However, as this study was based on the design of a classification model whose performance

was the best fit to the data regardless of the day of study, the SLP model (neurons = 200,
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epochs = 100) was the best-performing technique for this particular cultivar. Finally, it was

reported that the hyperparameters per day of the study did not vary considerably. There-

fore, the configuration mentioned above was chosen for the selected model.

Best biclass model to detect anthracnose symptoms in mango leaf assays

In the previous sections, the analysis per assay and cultivar of the best classification models

was presented, with the QDA, SLP, SVM and MLP models being the most outstanding. In

addition, the QDA model was established as the best classifier for the ‘Tommy Atkins’ and

‘Keitt’ cultivars, while SLP(neurons = 200, epochs = 100) was chosen for the cv. ‘Kent’.

Nonetheless, in this section, the AUC metric, calculated from the ROC curve, of the QDA

and SLP models is analysed to establish which model has the best discriminatory power,

i.e., which was closer to the ideal classifier (AUC = 1).

Table 6-10 presents the AUC metric for the QDA and SLP models in the mango leaf exper-

iments. From these results, the potential of the selected models in these experiments was

evidenced since the AUC metric obtained scores higher than 0.970, excluding the SLP model

in the e7-kt assay that on day 4 obtained 0.880 (score equally representative). Furthermore,

the AUC metric and the ROC curve indicate that the QDA model had the potential to

discriminate the defined classes in the e9-kn assay, even though it was not among the three

best models according to the results presented in section 6.2.7. Thus, the potential of the

calibrated QDA model and the possibility of improving its performance by adjusting the

decision threshold based on the ROC curve cannot be ignored.

Table 6-10. Area under the ROC curve (AUC) of the QDA and SLP models for the e5-to, e6-to, e7-kt,

e8-kt and e9-kn leaf assays, and by day of study

Diseased Assay e5-to Assay e6-to Assay e7-kt Assay e8-kt Assay e9-kn

class QDA SLP QDA SLP QDA SLP QDA SLP QDA SLP

Day 2 0.984 0.995

Day 3 0.999 0.998 1.000 1.000 0.995 0.999 0.995 0.998 1.000 1.000

Day 4 0.999 0.986 1.000 1.000 0.972 0.880 1.000 0.999 0.994 1.000

Day 5 1.000 1.000 0.999 1.000 0.992 0.972 0.994 1.000 0.996 0.999

Day 6 1.000 1.000 1.000 1.000 0.998 0.992 1.000 1.000 0.995 0.998

Day 7 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.999 1.000

Day 8 1.000 1.000 1.000 1.000 1.000 0.996

Day 9 0.998 0.989 1.000 1.000 1.000 1.000

Similarly, the metrics obtained by the SLP model showed that it has done a remarkable task

in all the experiments, despite not being the best model in the ‘Tommy Atkins’ and ‘Keitt’

cultivars. However, a weakness of this neural model was that the training and validation
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time compared to the QDA model was considerably longer: the learning process of neural

networks is iterative, layer by layer and proportional (in computational time) to the volume

of data.

Consequently, as a result of the analysis of the performance of the filters and models im-

plemented for the foliar detection of anthracnose in the ‘Tommy Atkins’, ‘Keitt’ and ‘Kent’

mango cultivars, it was determined that the QDA model with the outlier filter - Fil+noSG-

was the best option for the development of a robust solution to support the diagnosis of this

disease. The main advantage of this model is that its calibration can be done in real-time.

Likewise, as an alternative option, it was determined that the SLP model (neurons = 200,

epochs = 100) presented an outstanding performance that also supported the diagnostic task

of anthracnose in mango leaves; however, its limitation lies in the training and calibration

times, as it requires more time than the discriminant model.

6.2.8. Multiclass models for detection of anthracnose symptoms in

mango leaves

12 classification models, presented in section 4.1, were trained with the data presented in

Table 6-4 for the Fil+noSG dataset and the mango leaf assays e5-to, e6-to, e7-kt, e8-kt and

e9-kn. Following the flowchart defined in Figure 4-2, the model training was performed and

the results were consolidated to determine the potential of multiclass AI models for early

detection of foliar anthracnose symptoms in 3 mango cultivars.

In addition, the models reported in this section corresponded to the neural models (SLP and

MLP), discriminant models (LDA and QDA) and SVM since they achieved the best perfor-

mance metrics in most leaf experiments, metrics above 0.9 (except for the e7-kt assay). The

other models can be consulted in Appendix B.2.

AI-based multiclass model applied to ‘Tommy Atkins’ assays

Tables 6-11 and 6-12 present the results of the classification models implemented for the

‘Tommy Atkins’ assays on mango leaves (e5-to and e6-to). From these tables, it can be noted

that the models obtained metrics above 0.9 for all metrics in both assays. This indicated

their overall performance in discriminating the defined classes was outstanding, especially in

the recall metric.

Likewise, the accuracy, F1, and MCC metrics showed that the models managed to fit the

data even when there were imbalances between their classes, which is very recurrent in

multi-class models since they do not usually have the same number of samples per class. In

addition, the specificity metric showed that the QDA, SVM, SLP, MLP and LDA models

obtained higher scores than the rest of the metrics, with 0.98 being the lower limit in this
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metric for both experiments. This result indicated that for the classification of the negative

class (which mostly corresponds to the diseased class), the model could detect the presence

of a diseased sample regardless of its stage of development.

The most prominent models for this cultivar were QDA and SVM, which performed best in

the e5-to and e6-to assays, respectively, and preserved their performance metrics regardless

of the assay. However, the SLP model with hyperparameters neurons = 50 and epochs =

450 also stood out as an outstanding classification method in this cultivar.

Table 6-11. Performance metrics of the classification models for the ‘Tommy Atkins’ e5-to experiment

Model Accuracy Recall Specificity F1 MCC Precision

QDA 0.985 0.985 0.997 0.985 0.982 0.986

SVM 0.985 0.984 0.997 0.984 0.981 0.985

SLP 0.962 0.961 0.992 0.961 0.954 0.962

LDA 0.957 0.957 0.991 0.956 0.949 0.959

MLP 0.952 0.950 0.990 0.950 0.941 0.953

Table 6-12. Performance metrics of the classification models for the ‘Tommy Atkins’ e6-to experiment

Model Accuracy Recall Specificity F1 MCC Precision

SVM 0.948 0.947 0.990 0.947 0.938 0.950

SLP 0.947 0.947 0.990 0.945 0.937 0.949

QDA 0.940 0.939 0.988 0.938 0.927 0.940

MLP 0.932 0.931 0.987 0.928 0.919 0.938

LDA 0.927 0.927 0.986 0.926 0.912 0.928

On the other hand, when analysing the confusion matrices of the QDA and SVM models

(Figure 6-39), it was observed that the QDA model presented lower classification error than

the SVM model in both experiments. For this study, the presence of data classified in the

first row and first column of the confusion matrices between days 3 and 7 meant that the

model misclassified a datum, being the data in the first row (error type II) the most critical

as the model classified diseased samples as sound (error type I is located in the first column).

Therefore, when comparing the total number of misclassified samples in the e5-to and e6-to

assays, the QDA model obtained 165 and 100, respectively, while the SVM model obtained

200 and 161.
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Figure 6-39. Confusion matrices of the QDA and SVM classification models for the e5-to and e6-to assays

Consequently, and also considering the results obtained for this cultivar in the biclass model

(section 6.2.6), the QDA model was chosen as the foliar anthracnose detection model of the

cv. ‘Tommy Atkins’. This model showed the best performance in the biclass and multiclass

classification and has the advantage of being readjusted and calibrated in less time than

SVM or neural models.

Multiclass AI-based models applied to ‘Keitt’ assays

Tables 6-13 and 6-14 present the results of the classification models implemented for the e7-

kt and e8-kt experiments, respectively. From these tables, notable differences were observed

in the performance metrics of the best models between the e7-kt and e8-kt experiments:

while for the e7-kt assay models, all models were below 0.9, for the e8-kt they were posi-

tioned above this threshold. This situation can be explained by the limited data availability

in the e7-kt assay, which suggested that multiclass models require a large amount of data to

achieve good results, especially the ANNs. This drawback can be contrasted with the metrics

in the e8-kt assay, which resulted in better model scores since more data were available.
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Furthermore, as reported in the analysis of the biclass models of this cultivar (section 6.2.7),

for the e7-kt assay there was a drop in the performance of the models on day 4, so it was

foreseeable that in the calibration of the multiclass models (which integrate all the defined

classes), there was a performance degradation of the models as the classification error of the

class on day 4 was transferred to the rest of the classes.

A particular result of these experiments was that the neural models (SLP and MLP) were

sensitive to limited data availability (e7-kt assay), which revealed a weakness compared to

the discriminant models, e.g. for use in detection systems where data recording is limited.

Additionally, for the e8-kt assay, it was clear that the discriminant models outperformed the

neural models, as the QDA model outperformed the neural models, the LDA model obtained

similar performance metrics to the SLP model and outperformed the MLP model.

Table 6-13. Performance metrics of the classification models for the cv. ‘Keitt’ e7-kt assay

Model Accuracy Recall Specificity F1 MCC Precision

SVM 0.861 0.863 0.980 0.862 0.845 0.869

QDA 0.831 0.831 0.976 0.835 0.815 0.851

LDA 0.806 0.810 0.972 0.805 0.791 0.841

SLP 0.751 0.751 0.964 0.744 0.735 0.819

MLP 0.726 0.728 0.961 0.718 0.696 0.760

Table 6-14. Performance metrics of the cv. ‘Keitt’ e8-kt assay classification models

Model Accuracy Recall Specificity F1 MCC Precision

SVM 0.949 0.941 0.993 0.943 0.937 0.946

QDA 0.944 0.934 0.992 0.937 0.930 0.943

SLP 0.935 0.933 0.991 0.931 0.923 0.933

LDA 0.920 0.914 0.989 0.914 0.904 0.919

MLP 0.900 0.895 0.986 0.893 0.885 0.910

When analysing the performance metrics of the two best models (SVM and QDA) it was

observed that their performance in the e7-kt assay was good (metrics below 0.9) and out-

standing in the e8-kt experiment (metrics above 0.9). These models presented good accuracy,

F1, MCC, precision and recall metrics, indicating their potential to adapt to data sets with

class imbalances and a reduced number of data (as reported in the e7-kt assay). The speci-

ficity metric showed that these models obtained scores above 0.975, indicating that for the
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negative class classification (which mostly corresponds to the diseased class), models could

detect when a sample was infected regardless of the stage of anthracnose development.

However, when analysing the confusion matrices of the QDA and SVM models, see Figure

6-40, a similar behaviour to that reported for the cv. ‘Tommy Atkins’ (section 6.2.8) was

observed: the QDA model achieved a lower type I and type II classification error in the e8-kt

assay compared to the SVM model (124 vs 138 misclassified data, respectively), while for

the e7-kt assay both models obtained similar results (127 vs 126 misclassified data, respec-

tively). This result highlighted that, despite SVM having higher performance metrics, the

QDA model performed better in correctly detecting sound and diseased samples with foliar

anthracnose.

Figure 6-40. Confusion matrices of the QDA and SVM classification models for the e7-kt and e8-kt

experiments

Therefore, the QDA model with the outlier filter (Fil+noSG) was selected as the most suit-

able model for the multiclass detection of anthracnose foliar symptoms in the ‘Keitt’ mango
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cultivar. This result confirms the analysis and selection of the biclass model in section 6.2.7,

where the QDA model was chosen as the best-fitting model. Also, this result revealed the

potential of discriminant models for developing solutions to support the diagnosis of anthrac-

nose in mango.

Multiclass AI-based models applied to ‘Kent’ assay

Table 6-15 reports the results associated with the classifiers for the e9-kn assay. Unlike the

rest of the cultivars, where the discriminant models dominated, it was evident that the neural

networks and SVM were the three best classification models in this cultivar. Specifically,

the best model for this cultivar was SLP with accuracy = 0.981, recall = 0.981, specificity

= 0.998, F1 = 0.981, MCC = 0.979, precision = 0.981 and hyperparameters epochs = 455,

neurons = 50. The scores obtained with this model indicate that the simple perceptron

perfectly fits the classes defined for this cultivar. This result suggests that this model could

robustly detect anthracnose-diseased samples on ‘Kent’ mango leaves from the early stages

of development.

Table 6-15. Performance metrics of the cv. ‘Kent’ e9-kn assay classification models

Model Accuracy Recall Specificity F1 MCC Precision

SLP 0.981 0.981 0.998 0.981 0.979 0.981

SVM 0.963 0.962 0.995 0.962 0.958 0.962

MLP 0.933 0.931 0.992 0.933 0.928 0.946

QDA 0.920 0.921 0.990 0.920 0.912 0.923

LDA 0.903 0.903 0.988 0.900 0.889 0.902

Furthermore, when comparing the confusion matrices of the SLP and SVM models, see Fig-

ure 6-41, it was found that the SLP model obtained considerably lower classification errors

than the SVM model: for the type I error (first column) SLP obtained 182 errors vs. 268 for

the SVM model; while for the type II error (first row), the most severe error for the model,

SLP obtained 49 vs. 330 for the SVM model.

On the other hand, it is worth mentioning that for this cultivar the QDA model, which had

been selected for the ‘Tommy Atkins’ and ‘Keitt’ cultivars, failed to overcome the goodness

of fit of the neural networks and was positioned in 4th place with accuracy = 0.920, recall

= 0.921, specificity = 0.990, F1 = 0.920, MCC = 0.912 and precision = 0.923. This result,

although far from the metrics obtained by the SLP model in this cultivar, also evidenced

the potential of the QDA model in the detection of anthracnose symptoms independently of

the cultivar, as this model obtained remarkable results for all 3 mango leaf cultivars.
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Figure 6-41. Confusion matrices of the SVM and SLP classification models for the e9-kn assay

Nevertheless, considering the main objective of designing the best classification model for

each cultivar, with the cv. ‘Kent’ it was found that the best classification model was SLP

with epochs = 100, neurons = 200, nfolds = 3 and the outlier filter (Fil+noSG). This

result agrees with the analysis done in the biclass variant, thus confirming the potential of

the simple perceptron trained and calibrated in this assay for this particular mango cultivar.

6.2.9. Validation of early detection models of anthracnose in mango

samples at surface level

In sections 6.2.5 and 6.2.8, it was established the feasibility of designing a classification model

based on ML and hyperspectral analysis, able to discriminate different stages of anthracnose

development in mango fruits and leaves, respectively. As a main result, it was possible to

establish the early detection from day 2 after inoculation on fruits, while from day 3 after in-

oculation on leaves with a confidence level over 90 % in all performance metrics. Considering

that the point of visible detection of lesions compatible with anthracnose was between day

4 and 5 post-inoculation (when the lesions exceeded 1 mm radius), a pre-visual detection

window of about 2 days (48 hours) and 1 day (24 hours) for mango fruit and leaf samples,

respectively, was achieved.

However, these models were trained with spectral signatures, which implied that the detec-

tion was performed at a punctual level, limiting their use in the spatial component when

hyperspectral imaging is used. Therefore, in addition to the development of the spectral

model for early anthracnose detection in mango, the models obtained for each cultivar were

tested at the surface level of mango samples to verify their performance and to determine

whether this pre-visual detection window of symptoms was extensible to a complete mango

fruit or leaf. In this way, this experiment aimed to verify the shape and size of the detected
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lesions (as a human would do when inspecting the whole fruit) and whether they corre-

sponded to the day of inoculation as defined in the labelling data.

Considering the early detection window found in the assays (days 2 and 3 after inoculation),

the trained models were applied on all the hyperspectral images of the test group samples

of each assay in the first 3 acquisition days (days 2, 3 and 4 for fruits and days 3, 4 and

5 for leaves). The preprocessing and filtering procedure established for the spectral data

in each assay and mango cultivar was applied to all the hyperspectral images, given that a

hyperspectral image is a composition, or arrangement, of spectral signatures. Additionally,

in the final prediction stage of the models, a mean filter with a 3 × 3 window (or in some

cases 5 × 5) was used to reduce noise and improve the accuracy and quality of the models

when predicting the size and shape of the lesions on the samples. Larger windows than those

mentioned above, while reducing the incidence of noise on the surface of the samples, proved

to be very restrictive with the final model prediction in the first days of the assays, thus

reducing the overall performance in detecting early anthracnose lesions.

Figures 6-42 and 6-43 show the results of a control sample from the test group for the

fruit and leaf assays, respectively, while Figures 6-44 to 6-47 show an inoculated sample

from the test group for the fruit and leaf assays. Each figure includes a pseudo-RGB image

and a prediction image resulting from the selected classification model for each cultivar. In

addition, each image provides the scale in cm and the colour scale used to represent the

prediction results of the detection model, being the black colour used for the background

and deleted pixels, the green colour to represent the sound condition and the other colours

to represent the different developmental stages of anthracnose.

From the results obtained with the control samples, Figures 6-42 and 6-43, the remarkable

performance of the detection models in correctly classifying anthracnose-free samples can be

observed: the green colour predominates over the induced lesions in the fruits, while in the

leaves the induced lesions passed unnoticed by the detection model (their size and spectral

variation were so small that the model did not perceive them). Likewise, these results veri-

fied the assumption that the spectral signature of control samples is invariant to the day of

acquisition, as the samples of this group presented similar prediction results throughout the

study days.

However, false anthracnose symptoms were also detected on the borders of fruits and leaves.

This behaviour can be explained by the fact that the diffuse reflectance in these regions

is different from that recorded in the central region of the fruits and the equatorial region

of the leaves because of the hemispherical surface of the fruits and the folds of the leaves

when they were placed in the hyperspectral acquisition dome. This meant that the surface

of the samples was neither flat nor equidistant from the hyperspectral camera lens. Hence,
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Figure 6-42. Model prediction result of the control samples for the a) ‘Keitt’, b) ‘Kent’, c) ‘Osteen’ and

d) ‘Keitt’ fruit assays

the angles of the light reflection on the surface varied, causing distortions in the regions

described above. Furthermore, due to the structure of the hyperspectral acquisition dome

and the size and shape of the calibration white panel, the region of interest, corresponding to

the localised inoculation points of the anthracnose on the samples, was established to allow

the spectral analysis of the symptoms associated with the disease.

As a potential solution to correct this deficiency, the integration of a 3D model of the surface

to correct the reflectance or the three-dimensional spectral scanning of the samples could be

a good approach to explore to improve the results of the detection models in the described

regions. However, for the objectives of this research (early detection and spectral charac-

terisation of anthracnose symptoms in mango), this drawback did not affect the results and

findings obtained since no analysis was performed on these regions.

On the other hand, the prediction in the inoculated samples, Figures 6-44 and 6-45, showed

a remarkable result in all the detection models of the fruit assays. In these figures, for more

clarity, an amplified comparison of 3 ROIs (anthracnose lesions) per sample on each of the

days of acquisition is presented; each of these ROIs represents an area of 1cm2.

Firstly, the anthracnose lesions detected on day 4, the day they are completely distinguish-
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Figure 6-43. Model prediction result of the control samples for the ‘Keitt’ (a and b), ‘Tommy Atkins’ (c

and d) and ‘Kent’ (d) leaf assays

able by the human eye, are consistent in size and classification (according to the colour

scale) with the pseudo-RGB image. Secondly, in fruit assays, it is notable that from day

2 onward, the models completely detect anthracnose lesions, while in the RGB image, no

visible symptoms were reported except for surgical punch lesions. This demonstrated the

potential of these models to assist in the automatic detection of anthracnose symptoms in

mango and the feasibility of early (previsual) detection of this disease. As a third point, it

was found that on all days the lesions detected by the models cover a larger area than the

necrotic lesion visible in the RGB image, therefore, it can be deduced that this model can

predict in advance the growth (shape, size and location) of anthracnose lesions on fruits. In

the 3 zoomed ROIs, it can be seen that the size of the anthracnose lesions covered a larger

area than the lesion visible in the RGB image.
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Figure 6-44. Model prediction result of the inoculated samples for the a) ‘Keitt’ and b) ‘Kent’ fruit assays

Figure 6-45. Model prediction result of the inoculated samples for the a) ‘Osteen’ and b) ‘Keitt’ fruit

assays

Despite the limited predicted lesion size in the cv. ‘Osteen’ for day 2 was similar to those

defined by the surgical punch. At the spectral level, the detection model could differentiate

the different stages of anthracnose development (see section 6.2.5). From day 3 onwards, the

predictive power of the selected model can be evidenced, as it was reported for the other

two cultivars. Therefore, in the cv. ‘Osteen’, the window of time to detect early anthracnose

symptoms was 36-24 hours before the symptoms were completely distinguishable.

For the leaf assays, Figures 6-46 and 6-47, the patterns and results reported for the fruit

assays were also observed, although the anthracnose lesions in the pseudo-RGB image were

visible from the first day of study. However, the small size of these visible lesions makes their

adequate detection or discrimination difficult for the human eye. Hence, to confirm the diag-
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Figure 6-46. Model prediction result of the inoculated samples for the ‘Tommy Atkins’ and ‘Kent’ leaf

assays: a) a5-to, b) a6-to and c) a9-kn

nosis of anthracnose symptoms, taking into account this small stage, it is necessary to rely on

its evolution (temporal growth), which implies time and disease spread. This drawback could

be overcome by the detection model designed for each cultivar, as they showed temporal and

spectral consistency in correctly classifying these small lesions from the first days of infection.

Furthermore, as can be seen in the RGB images, the nylon strings used to flatten and ma-

nipulate the leaves did not considerably impact the model prediction, as no alterations in

the model prediction were observed in these regions (both in control and inoculated sam-

ples). Therefore, using this magnetised holder to acquire hyperspectral images was a valid

and useful tool. In addition, as a noteworthy result, the anthracnose lesions detected by the

models were slightly larger than those visible in the RGB image. Hence, the detection from

an early stage (on leaves and from the 2nd or 3rd day of inoculation) stood out as a valuable

feature of the models designed and trained in this research.

As a shortcoming reported in the leaf experiments, the models performed detections on the

main vein of the leaves, which turned out to be an inaccurate result because at the stage

of disease development, no visible symptoms of the disease were visible on this area. In a

later stage of anthracnose growth (stage beyond the hyperspectral imaging window) it was

reported that the pathogen colonised this portion of the leaf (as it has the most abundant

nutrients), however, for the days detailed in the figures this pattern was still not visible, so

this was the reason to consider it as an inaccurate result. Besides, it is worth mentioning
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Figure 6-47. Model prediction result of the inoculated samples for the ‘Keitt’ leaf assays: a) a7-kt and b)

a8-kt

that for the control samples (see Figure 6-43) this shortcoming was not observed, thus, this

result could be considered consistent and relevant for the foliar detection of anthracnose in

mango leaves, but further experiments should be carried out to check the validity of this

hypothesis or to explain with certainty the origin of this result.

6.3. Identification of relevant wavelengths

As it was analysed in sections 6.2.5 and 6.2.8 with the full spectrum and the classification

models, some models did not show acceptable performance (metrics below 0.7) with the

datasets and full-spectrum: PLSDA, CART, Naive Bayes, BST, GBM and XGB. Then,

their performance with fewer input variables (selected wavelengths) was not considered in

this study, as less data for the models directly impacts their results, and only the remaining

6 models were analysed to design and select the best-fitted detection model with a reduced

group of wavelengths. Likewise, as filters influence classification model performance, they

may also affect the feature selection techniques. Therefore, the assessment of the 4 datasets

was also included in this study to determine which combination (filter + feature selector +

classification model) provides the best results and performance.

Also, the feature selection methods were evaluated using the training and test groups de-

fined in section 6.2.1 as they were used to train and compare the full-spectrum classification
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models. Additionally, the approach implemented in this feature selection study was the

multiclass variant as it found it was possible to detect anthracnose symptoms from early to

late stages spectrally. Hence, the study was focused on verifying the existence of relevant

wavelengths closely related to anthracnose symptoms in mango and had no relation with the

feature selector or the classification models.

Finally, as it was mentioned in section 5.2, feature selectors were implemented in R, using

the IDE RStudio v. 2022.02.3+492 on Ubuntu Bionic 20.04.5 LTS x64 with AMD® Ryzen

7 5800h processor, 64 Gb RAM + 64 Gb swap RAM and NVIDIA GeForce RTX 3050i 4Gb

GPU, and following the official distributions and guidelines of each author.

6.3.1. Feature selectors applied to the spectral characterisation of

anthracnose on mango fruit

The feature selectors in section 5.1 were trained with the data in Table 6-4 for the mango

fruit assays. Following the flowchart defined in Figure 5-3, the selectors were calibrated, and

then the wavelength groups extracted by each technique were consolidated and analysed.

Feature selectors applied to ‘Keitt’ fruit assays

Figures 6-48 and 6-49 present the selected wavelengths in the e1-kt and e4-kt experiments

from the 6 feature selectors (FS) and the 4 defined datasets. As a first insight, most selectors’

tendency to extract wavelengths in the NIR region, 750 - 970 nm: while in the e1-kt exper-

iment, the wavelength distribution was in this whole range, in the e4-kt assay, the regions

750 - 810 nm (NIR1) and 910 - 970 nm (NIR2) were highlighted. The NIR1 region has

been reported in the literature as a region with a high correlation with carbohydrate, TSS

and cellulose content [43, 117, 152], while the NIR2 region correlates with the presence of

sugars (910 - 940 nm) [136,142,152] and a water absorption peak (950 - 980 nm) [43,59,162].

Therefore, the presence of these regions in the sets extracted by the selectors was related

to biochemical changes induced by the infection: the pathogen produces a cell membrane

rupture that causes water release and degradation of carbohydrates, cellulose and sugars.

Secondly, the SLP4FS and PCA4FS selectors showed 2 regions of the visible spectrum

that correlate with anthracnose development as they produce changes in fruit pigmenta-

tion (necrotic lesions) in late stages. The regions 450 - 460 nm (V IS1) and 670 - 690 nm

(V IS2) correlate with the pigments chlorophyll b and chlorophyll a, respectively, showing

that the degradation of these pigments represents a spectral change of interest to characterise

anthracnose symptoms. However, for this mango cultivar, the degradation of other pigments

in the fruit, such as carotenes or anthocyanins, did not mean a considerable change to spec-

trally characterise the defined classes (and thus the different stages of anthracnose infection).
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Figure 6-48. Group of wavelengths selected by the feature selectors, per defined dataset, for the e1-kt assay

of the ‘Keitt’ mango fruit cultivar

When evaluating the influence of the filters (datasets) on the wavelength selection, using the

SG filter induced the greatest variation in the results among the selectors. In the wavelength

groups selected with (Raw+SG and Fil+SG) and without (Raw+noSG and Fil+noSG) the

SG filter varied considerably in most selectors of the e1-kt assay. In contrast, when the

outlier filter was applied in this assay, the variation in these sets was not considerable, being

the PCA4FS selector the only exception.

Likewise, when evaluating the influence of the filters in the e4-kt assay, most of the selec-

tors had stable behaviour, showing stability in their estimations despite the application of

preprocessing filters. In this experiment, the RF4FS, SLP4FS and GA4FS selectors showed

the least variation of the selected sets, obtaining more than 50 % of the same wavelengths

in their sets.

Feature selectors applied to ‘Kent’ fruit assay

Figure 6-50 shows the wavelength sets extracted by the 6 FS in the 4 datasets defined for

the e2-kn assay of the ‘Kent’ mango fruit cultivar. From the results, the effect of the SG

filter in the wavelength selection was again denoted: their use produced a marked differ-

entiation in the resulting spectral band sets. In contrast, the outlier filter produced the

opposite effect (stability in the performance of the selectors). Similar to the cv. ‘Keitt’,

the RF4FS and GA4FS selectors showed the least variation in wavelength selection, while

the SQDA selector showed the greatest variation in wavelength selection. Additionally, the
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Figure 6-49. Group of wavelengths selected by the feature selectors, per defined dataset, for the e4-kt assay

of the ‘Keitt’ mango fruit cultivar

PCA4FS selector had the largest wavelength distribution across the Vis-NIR range under

study, while the rest of the selectors were concentrated in the red-edge (RE) and NIR regions.

As a common point with the cv. ‘Keitt’, the NIR1 and NIR2 regions were relevant for the

characterisation of the classes defined for this assay, indicating the strong spectral correla-

tion with the degradation of carbohydrates (starches and sugars), cell membrane rupture

and water release under the epicarp of the fruit. As a difference of this cultivar, the degra-

dation of chlorophyll a (V IS2 region) was a relevant region for most of the selectors, while

the V IS1 region (related to chlorophyll b degradation) presented a punctual relevance for

the selectors PCA4FS and SQDA.

Additionally, for the SLP4FS, SLDA and PCA4FS selectors, the region related to carotenes,

specifically β-carotene, was listed between 470-480 nm (V IS3), which revealed the impor-

tance of the degradation of this pigment in mango fruits for these selectors. As a particular-

ity of the PCA4FS selector, the anthocyanin pigment was chosen within the 4 implemented

datasets, region between 520 - 530 nm (V IS4), indicating that for this particular selector,

the degradation of the 4 pigments (chlorophyll a, chlorophyll b, β-carotene and anthocyanin)

were relevant.

As it could be observed, for the cv. ‘Kent’, there was a tendency to characterise anthracnose

symptoms through the degradation of pigments in the fruit, however, the internal biochemi-
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Figure 6-50. Groups of wavelengths selected by the feature selectors, per defined dataset, for the e2-kn

assay of the ‘Kent’ mango fruit cultivar

cal changes induced by the pathogen (and correlated with the NIR region) were also relevant.

Feature selectors applied to ‘Osteen’ fruit assay

Figure 6-51 shows the wavelength groups selected by the 6 FS in the 4 datasets defined

for the e3-os assay of the cv. ‘Osteen’ on mango fruits. The FS extracted relevant wave-

lengths from the NIR spectral range, specifically in the NIR1 (740 - 810 nm) and NIR2

(910 - 970 nm) regions. Similar to the cv. ‘Keitt’, it was observed that the selectors found

major interest in the NIR range over the visible range to characterise the classes defined in

this assay, thus showing a clear tendency to spectrally distinguish the internal biochemical

changes produced by the infection over the external changes (fruit pigment degradation).

The biochemical changes induced by the infection in the fruit are the carbohydrate degrada-

tion (mainly starches and sugars), the cellulose degradation and the cell membrane rupture

leading to water release under the epicarp of the fruit.

However, in the SLP4FS, GA4FS and RF4FS selectors, the V IS1 region (450 - 460 nm) was

shown to be important as it was extracted by these selectors in all 4 datasets, evidencing

the relevance of chlorophyll b degradation in the anthracnose symptom characterisation in

fruits of this mango cultivar.

A peculiarity of the feature selectors in the cv. ‘Osteen’ was the stability of the results with

the use of preprocessing filters: the SLP4FS, GA4FS and RF4FS selectors maintained more
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Figure 6-51. Group of wavelengths selected by the feature selectors, per defined dataset, for the e3-os assay

of the ‘Osteen’ mango fruit cultivar

than 50 % of the selected wavelengths, while the SQDA and SLDA selectors preserved about

40 % of these wavelengths. The result obtained in this analysis, and validated on the other

mango cultivars, shows that the use or not of the preprocessing filters did not have a direct

and relevant influence on the feature selection. Therefore, to validate the use or not of a

filter in the feature selection step, the performance of the best-fit classification model with

the relevant wavelength group extracted by each dataset (filter) was computed.

6.3.2. Multiclass models for anthracnose detection on mango fruits

The results associated with the performance metrics of the 10 best classification models with

the feature selectors (FS) and filters (4 datasets) are presented in Tables 6-16 - 6-19 for the

e1-kt, e2-kn, e3-os and e4-kt assays, respectively. Hereinafter, the model trained with the

selected wavelengths will be referred to as a “selected wavelength model” when comparisons

are introduced with full-spectrum models. The rest of the models trained and calibrated

with the datasets and feature selectors implemented in this research can be consulted in

Appendix A.3.

Tables 6-16 - 6-19 show, firstly, the dominance of the neural models among the best-

performing techniques for the discrimination of the classes defined in the assay e1-kt for the

‘Keitt’ mango fruit cultivar. These models obtained outstanding performance metrics (scores

above 0.8) for all experiments. Within these metrics, specificity stood out with scores above
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0.96, which evidenced that all these models had an outstanding ability to discriminate the

negative class, which for this research corresponded to the classes representing the different

developmental stages (symptoms) of anthracnose in mango.

The best classification model for the 4 experiments was SLP, with metrics above 0.85 (except

for MCC in the e4-kt study), stating its ability to learn from datasets with a limited number

of input variables (wavelengths). The hyperparameters for the SLP models trained with the

10 most relevant wavelengths were: neurons = 200, epochs = 382 for the e1-kt, neurons

= 200, epochs = 452 for the e2-kn, neurons = 50, epochs = 500 for the e3-os, neurons

= 200, epochs = 309 for the e4-kt. From these results, it can be deduced that, as there

were no significant variations in the parameters that most affected the model, SLP proved

to be a robust and stable technique against variations in the input datasets. Therefore,

this technique can guarantee anthracnose symptom detection in mango fruits for developing

neuro-spectral detection models with a limited number of spectral bands.

Table 6-16. Performance metrics of the 10 best classification models with the most fitting feature selector

and dataset for the e1-kt assay of the cv. ‘Keitt’ on mango fruit

Model Accuracy Recall Specificity F1 MCC Precision Dataset Feature selector

SLP 0.866 0.867 0.983 0.866 0.851 0.869 Raw+noSG SLP4FS

MLP 0.866 0.866 0.983 0.866 0.850 0.870 Raw+noSG SLP4FS

MLP 0.865 0.865 0.983 0.865 0.848 0.866 Raw+SG SLP4FS

MLP 0.847 0.848 0.981 0.848 0.831 0.853 Raw+SG SLDA

MLP 0.846 0.847 0.981 0.847 0.829 0.850 Raw+SG SQDA

SLP 0.843 0.844 0.980 0.843 0.825 0.847 Raw+SG SQDA

MLP 0.832 0.835 0.979 0.828 0.815 0.848 Raw+noSG SLDA

MLP 0.831 0.833 0.979 0.829 0.814 0.843 Raw+noSG GA4FS

SLP 0.830 0.831 0.979 0.828 0.811 0.838 Raw+noSG GA4FS

MLP 0.825 0.826 0.978 0.824 0.805 0.829 Raw+SG GA4FS

Table 6-17. Performance metrics of the 10 best classification models with the most fitting feature selector

and dataset for the e2-kn assay of the cv. ‘Kent’ on mango fruit

Model Accuracy Recall Specificity F1 MCC Precision Dataset Feature selector

SLP 0.884 0.884 0.985 0.885 0.871 0.887 Raw+SG SQDA

SLP 0.872 0.873 0.984 0.873 0.859 0.878 Raw+noSG SQDA

MLP 0.871 0.872 0.984 0.871 0.857 0.877 Raw+noSG SQDA

MLP 0.858 0.857 0.982 0.856 0.845 0.875 Raw+noSG SLP4FS

SLP 0.842 0.844 0.980 0.837 0.825 0.854 Raw+noSG SLP4FS

MLP 0.839 0.840 0.980 0.837 0.822 0.850 Raw+SG SLP4FS

SVM 0.839 0.840 0.980 0.840 0.820 0.841 Fil+SG SQDA

SLP 0.832 0.832 0.979 0.829 0.814 0.844 Raw+noSG GA4FS

SVM 0.831 0.832 0.979 0.832 0.811 0.833 Fil+noSG SLP4FS

MLP 0.828 0.829 0.979 0.815 0.815 0.872 Fil+noSG SLP4FS
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Furthermore, when comparing these models with the full-spectrum version for each experi-

ment (presented in section 6.2.5), it was observed that the reduction in performance metrics

did not exceed 10 %, while the reduction in wavelengths exceeded 80 % (going from 54

to 10 wavelengths). This result also validated the premise of the existence of redundant

wavelengths (which did not contribute to the characterisation of classes), so the use of FS is

necessary 1) to reduce computational cost in model training and calibration to avoid possi-

ble overfitting, 2) to reduce costs in the design of AI-based solutions and 3) to enhance the

abilities of AI-based models to adapt to data with a limited number of input variables.

Table 6-18. Performance metrics of the 10 best classification models with the most fitting feature selector

and dataset for the e3-os assay of the cv. ‘Osteen’ on mango fruit

Model Accuracy Recall Specificity F1 MCC Precision Dataset Feature selector

SLP 0.895 0.895 0.979 0.895 0.875 0.897 Raw+SG SLP4FS

MLP 0.884 0.884 0.977 0.884 0.862 0.888 Raw+SG SLP4FS

QDA 0.855 0.855 0.971 0.855 0.826 0.855 Fil+SG SLP4FS

MLP 0.852 0.852 0.970 0.852 0.823 0.854 Raw+SG SQDA

SLP 0.850 0.850 0.970 0.850 0.820 0.850 Raw+SG SQDA

SVM 0.846 0.847 0.969 0.847 0.816 0.847 Fil+SG SLP4FS

QDA 0.845 0.845 0.969 0.845 0.814 0.845 Raw+SG SLP4FS

SVM 0.844 0.844 0.969 0.844 0.813 0.844 Raw+noSG GA4FS

QDA 0.842 0.842 0.968 0.842 0.811 0.843 Raw+noSG GA4FS

SVM 0.837 0.837 0.967 0.837 0.805 0.837 Raw+SG SLP4FS

Similarly, from the results reported in the mentioned tables, it was observed that the raw

datasets allowed the highest score of the classification models, which indicated that for the

reduced version (in wavelengths) the non-use of preprocessing filters allowed better spectral

characterisation of the classes defined for each experiment. This finding contrasts with the

result obtained for the full-spectrum version, where the outlier filter (Fil+noSG dataset)

allowed the best model performance.

Table 6-19. Performance metrics of the 10 best classification models with the most fitting feature selector

and dataset for the e4-kt assay of the cv. ‘Keitt’ on mango fruit

Model Accuracy Recall Specificity F1 MCC Precision Dataset Feature selector

SLP 0.865 0.865 0.973 0.864 0.839 0.867 Raw+noSG SLP4FS

SLP 0.847 0.848 0.969 0.849 0.821 0.858 Raw+noSG SQDA

SLP 0.839 0.840 0.968 0.840 0.810 0.846 Raw+SG SLDA

MLP 0.837 0.839 0.967 0.839 0.811 0.851 Raw+noSG SLDA

MLP 0.835 0.836 0.967 0.835 0.804 0.840 Raw+SG SLDA

MLP 0.829 0.832 0.966 0.831 0.802 0.844 Raw+noSG SQDA

MLP 0.824 0.824 0.965 0.823 0.789 0.826 Raw+SG SLP4FS

SVM 0.816 0.817 0.963 0.817 0.780 0.817 Fil+noSG SQDA

RF 0.813 0.813 0.963 0.813 0.776 0.814 Fil+noSG SQDA

SVM 0.812 0.812 0.962 0.812 0.775 0.813 Fil+SG SQDA
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On the other hand, the feature selectors with the best ranking models were SLP4FS and

SQDA, with SLP4FS being ranked in the top positions for the e1-kn, e3-os and e4-kn as-

says, while SQDA dominated in the e2-kn study. The GA4FS technique was found in all

experiments as a third feature selector, while the SLDA selector was found as an alternative

in the cv. ‘Keitt’. This dominance of the neural selector is partly explained by the ability

of neural networks to adapt to the data and their combination with neural classification

models. Therefore, the combination of the neural feature selector + neural classification

model was expected to give the best results in this research.

However, this combination was not the best performing for all cultivars, as in the e2-kn assay,

it was evident that the selector that enhanced the neural model performance was SQDA. This

result also revealed the usefulness of discriminant models for data prediction/classification

and class characterisation with a reduced set of variables. Even for the cv. ‘Keitt’, e1-kt

and e4-kt assays, the SQDA and SLDA selectors were also found to be alternatives to the

neural selector.

Finally, since this study addressed the relationship of spectral information with anthracnose

symptomatology in mango fruit, selecting the best set of wavelengths and classification model

per assay is presented in detail in section 6.3.3. This section discusses the physiological and

biological aspects of the pathogen-induced infectious process in mango fruit that enrich and

validate the choice of one set and classification model over another.

6.3.3. Relevant wavelength selection for spectral characterisation of

anthracnose on mango fruit

The wavelength sets of the most prominent feature selectors per test are shown in Table

6-20. This table shows the wavelengths in order of importance, with #1 being the most

relevant and 10 being the least important within each set. Additionally, the datasets selected

for each selector were made according to their position and prevalence in Tables 6-16 - 6-19.

Table 6-20. Sets of the 10 most representative wavelengths by best-performing feature selector in each

assay conducted for the three mango fruit cultivars

e1-kt e2-kn e3-os e4-kt

Rank SLP4FS SQDA SLDA SLP4FS SQDA GA4FS SLP4FS SQDA GA4FS SLP4FS SQDA SLDA

1 950 810 760 950 800 950 770 710 770 450 760 770

2 460 880 790 720 950 920 790 750 890 760 920 920

3 900 890 770 710 970 900 800 770 810 950 860 940

4 450 910 910 900 920 770 890 780 790 930 950 970

5 930 970 920 470 930 790 750 790 780 700 960 930

6 940 960 890 700 910 720 820 800 730 710 930 910

7 480 930 880 690 760 970 930 830 830 920 790 780

8 890 950 940 760 680 820 950 860 950 940 940 790

9 970 760 970 770 740 980 970 890 740 810 740 800

10 720 830 960 670 450 730 940 900 930 460 970 980
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As a first finding, the most prevalent range within the sets was between 730 - 910 nm,

which, as reported in studies [117, 152], correlates with the TSS that predicts the presence

of carbohydrates (mainly starches and sugars). In [136], a ripening index in mango with

15 wavelengths was established, which was mostly composed of this spectral range. Partic-

ularly, for the cv. ‘Osteen’, assay e3-os, this range occupied the first 6 positions of the 3

selectors and obtained more than 60 % of the relevant variables per selector. Similarly, this

range concentrated most of the relevant wavelengths for the selectors based on discriminant

analysis (SLDA and SQDA). For instance, the SLDA and SQDA selectors of the e1-kt test

shared 6 of the 10 most important wavelengths.

Similarly, a spectral range in most selectors, related to the quantification of sugars in fruits,

was 920 - 940 nm. Although sugars fall into the carbohydrate group, they can be detected

more easily by the water accumulation (or release) [136,152]. Therefore, water accumulation

in the fruit will highlight the spectral range 920 - 940 nm to indicate the presence (or degra-

dation) of sugars. As seen, in all the selectors of the cv. ‘Keitt’ (e1-kt and e4-kt assays),

this spectral range was found, while in the ‘Kent’ and ‘Osteen’ cultivars, it was only present

in 2 of the 3 selectors with 1 or 2 wavelengths.

On the other hand, symptoms closely related to anthracnose in mango are water release

under the fruit peel and pigment degradation such as chlorophyll (a and b), carotenes (β-

carotene) and anthocyanins. The spectral range characterising the water absorption peak

is 950 - 980 nm. This range was located in the first positions of the 3 selectors of the cv.

‘Kent’ (e2-kn test), while in all the selectors of the cv. ‘Keitt’, it was present with at least

1 representative wavelength. For the cv. ‘Osteen’, this range was only listed in 2 of the 3

selected selectors, SLP4FS and GA4FS.

Concerning pigment degradation, it was observed that the spectral ranges associated with

chlorophyll and carotenes were only found in the SLP4FS selectors of the ‘Keitt’ and ‘Kent’

cultivars, and the SQDA selector of the cv. ‘Kent’. For the cv. ‘Keitt’, e1-kt and e4-kt

assays, the SLP4FS selector included wavelengths related to pigments chlorophyll b, 460 nm,

and carotenes, 450 and 480 nm. For the cv. ‘Kent’, the SLP4FS and SQDA selectors indi-

cated the relevance of spectral changes (degradation) of pigments chlorophyll a (670 - 690

nm) and b (470 nm), and chlorophyll a (680 nm) and carotenes (450 nm), respectively. How-

ever, for the cv. ‘Osteen’, no wavelengths related to these pigments were reported. These

results revealed the dependence on fruit cultivar for the anthracnose symptoms character-

isation because not all fruits ripen in the same way, and not all mango cultivars have the

same pigment composition in their peel.

Therefore, and considering the previous exposition of spectral ranges related to anthracnose

symptoms in mango fruits, the selection of the best set of wavelengths per cultivar was
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carried out considering the highest presence of symptoms within the sets, i.e. the highest

presence of the aforementioned spectral ranges within the 10 wavelengths of each selector:

• For the cv. ‘Kent’, the selected wavelength group corresponded to the one extracted

by the SQDA selector. All 10 wavelengths were related to symptoms produced by

anthracnose, with water release and carbohydrate degradation (starches and sugars)

being the most relevant symptoms. Additionally, this selector included within its set

the changes produced by the degradation of chlorophyll a and carotenes, which evi-

denced the importance of these pigments in the spectral characterisation of anthracnose

in this cultivar. Therefore, the best detection model with this selector was SLP with

neurons = 200, epochs = 452, nfolds = 3 and Raw+SG dataset. As mentioned

in section 6.3.2, this detection model obtained the best performance among all the

implemented classification models, reaffirming the importance and robustness of the

wavelength set extracted by the SQDA selector.

• For the cv. ‘Keitt’, it was found that the SLP4FS selector adequately represented the

most representative anthracnose symptoms for this cultivar: 5 spectral ranges related

to peak water absorption, carbohydrate degradation (starches and sugars) and pig-

ment degradation (chlorophyll b and carotenes) were represented within its sets. Even

though the sets of both assays differed, it is evident that the feature selector extracted

the wavelengths 460, 460, 930, 940 and 950 nm from both experiments, indicating

that 50% of relevant wavelengths for the cv. ‘Keitt’ assays were common, while the

rest were distributed in other regions also related to spectral ranges associated with

anthracnose symptoms.

Therefore, the best-performing classification model with this selector was SLP, com-

bined with the Raw+noSG dataset and the hyperparameters neurons = 200, epochs

= 382 or 309, nfolds = 3. Similar to the cv. ‘Kent’, these models corresponded to

the best-performing models according to Tables 6-16 and 6-19 and demonstrated the

feasibility of characterizing the anthracnose symptomatology in mango fruits no matter

the experimental conditions: both assays differed in the number of days under study (9

vs. 7), the number of samples (55 vs. 100) and harvesting season. Therefore, the find-

ings reported in this research were relevant since they showed the non-dependence on

the seasonality or fruit quantity to perform the anthracnose diagnosis with an AI-based

model and a group of relevant spectral bands.

• For the cv. ‘Osteen’, experiment e3-os, given the focus of the feature selectors in

the NIR region, the selector that best represented the anthracnose symptoms for this

cultivar was SLP4FS. All wavelengths of this selector were related to spectral ranges

of interest for anthracnose, with the symptoms of carbohydrate degradation (mainly

starches and sugars) and water release being the most present in this set. The latter
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also had the particularity that all these symptoms were not visible because they were in

a range of the spectrum not visible to the human eye. The other selectors (SQDA and

GA4FS), although they stood out with the classification models implemented, focused

their attention on the range 730 - 910 nm, minimising the anthracnose symptoms, such

as sugar degradation and water release.

Like the other cultivars, the best-performing classification model with this selector

was SLP, combined with the Raw+SG dataset and the hyperparameters neurons =

50, epochs = 500, nfolds = 3. This result confirmed the connection between the

anthracnose symptoms represented in the relevant wavelength set and the detection

models’ performance, as the selectors that performed a better spectral characterisation

of the symptoms enhanced the predictive ability of the classifiers with remarkable

performance metrics.

6.3.4. Feature selectors applied to the spectral characterisation of

foliar anthracnose on mango leaves

The feature selectors in section 5.1 were trained with the data in Table 6-4 for the mango leaf

experiments. Following the flowchart defined in Figure 5-3, the selectors were calibrated,

and then the wavelength groups extracted by each technique were consolidated and analysed.

Feature selectors applied to ‘Tommy Atkins’ leaf assays

Figures 6-52 and 6-53 show the wavelength groups selected in the e5-to and e6-to tests,

respectively. These figures compile the results obtained by the 6 FS in the 4 defined datasets.

From these figures, there were 2 spectral ranges of interest for the selectors: a region located

in the visible spectrum, 450 - 470 nm, and a region located in the NIR spectrum, 940 - 980

nm. The first region, 450 - 480 nm, is related to the presence of pigments chlorophyll b

(with a peak reflectance at 450 - 460 nm) and carotenes (with a peak reflectance at 470 -

480 nm). These pigments are responsible for giving the greenish and yellowish tones to the

leaves and fruits, although in mango cultivars, carotenes are more present in the fruits than

in the leaves. The 940 - 980 nm region is mainly related to the presence of water, which

corresponds to the water release under the leaf cuticle due to the cell membrane rupture that

causes the infectious process induced by Colletotrichum sp. These regions were also reported

in the ‘Keitt’ and ‘Kent’ cultivars, so it can be stated that foliar anthracnose at the spectral

level is closely related to pigment degradation and surface water release (accumulation).

In addition, the 520 - 540 nm, 720 nm and 900 - 920 nm spectral ranges were also relevant for

specific selectors in the two assays for this cultivar. These regions are related to the presence

of anthocyanins, carbohydrates and sugars, respectively. However, given the limited avail-

ability of nutrients in mango leaves, their relevance at the spectral level is limited, therefore,
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the importance in the spectral characterisation of foliar anthracnose in this cultivar will de-

pend on their contribution to the calibration and training of the implemented classification

models: if these sets enhance the class discrimination (detection of the different stages of

anthracnose), the relevance of these regions will be the differential over other selectors that

did not include them.

Figure 6-52. Group of wavelengths selected by the feature selectors, per defined dataset, for the ‘Tommy

Atkins’ e5-to assay on mango leaves

Among the selectors that reported less variation in their results when using the preprocess-

ing filters were RF4FS and GA4FS, as these techniques preserved more than 50 % of their

variables regardless of the 4 datasets tested. Likewise, SLP4FS and SQDA presented an

intermediate variation, i.e., these techniques managed to keep about 40 % of the variables

unaltered.

Feature selectors applied to ‘Keitt’ leaf assays

Figures 6-54 and 6-55 present the selected wavelength groups in the e7-kt and e8-kt tests,

respectively. These figures compile the results obtained by the 6 FS in the 4 defined datasets.

For both ‘Keitt’ assays, the NIR spectral region, 900 - 980 nm, was highlighted as the most

relevant range for the class characterisation in this cultivar. Indeed, more than 50 % of the

selected wavelengths by the selectors were located in this portion of the spectrum. Moreover,

the 450 - 460 nm range was denoted by its intermediate relevance, as half of the selectors

included it in their sets. These two regions, as reported for the other cultivars, are closely
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Figure 6-53. Group of wavelengths selected by the feature selectors, per defined dataset, for the ‘Tommy

Atkins’ e6-to assay on mango leaves

related to the sugar degradation (limited in leaves), the water release due to the cell mem-

brane rupture in the leaf and the degradation of chlorophyll b (pigment also responsible for

the photosynthetic activity in leaves).

Similarly, there were regions related to other pigments and compounds in leaves, such as the

470 - 480 nm, 670 - 680 nm and 760 - 780 nm ranges; however, their incidence was lower,

as no strong selection pattern was reported. Therefore, when the implemented classification

models in this study are evaluated, the usefulness and relevance of these regions for the

spectral characterisation of foliar anthracnose on ‘Keitt’ mango will be confirmed.

On the other hand, when evaluating the individual performance of the selectors, the RF4FS

and GA4FS techniques were the most stable in the wavelength selection regardless of the

filter (dataset) used: more than 50 % of their variables were preserved in the 4 datasets

evaluated. SLP4FS showed this behaviour in the e7-kt assay, while for the e8-kt one, this

percentage was reduced to about 40 %.

Feature selectors applied to ‘Kent’ leaf assay

Figure 6-56 shows the wavelength groups selected by the 6 FS in the 4 datasets defined for

the e9-kn test of the cv. ‘Kent’ on mango leaves. From this figure, it was observed that

the RF4FS, GA4FS and SLP4FS selectors were the most stable in the wavelength selection

regardless of the filter (dataset) used: more than 50 % of their variables were maintained in
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Figure 6-54. Group of wavelengths selected by the feature selectors, per defined dataset, for the e7-kt

‘Keitt’ mango leaf assay

the 4 datasets evaluated. However, for SQDA, SLDA and PCA4FS, this same behaviour was

not reported, which did not allow a conclusive result on the influence of the preprocessing

filters. In fact, contrary to the fruit and other cultivar assays, where the SG filter induced

changes in selection, for the cv. ‘Kent’ in the DA-based selectors, there was an association of

the outlier filter (Fil+noSG and Fil+SG) with wavelength selection: wavelengths with this

filter varied compared to the datasets that did not use it (Raw+noSG and Raw+SG) while

remaining stable (equal) in the datasets that used it.

On the other hand, when analysing the extracted wavelength sets, it was found that the

region with the highest relevance for the selectors was located between 920 - 970 nm (called

NIR2 in section 6.3.1). This region, as mentioned above, is directly related to the pres-

ence of sugars and water accumulation. The next most relevant region is the 450 - 460 nm

region (called V IS1 in section 6.3.1), which was present in the RF4FS, GA4FS PCA4FS

and SLP4FS selectors. This region is closely related to the degradation of chlorophyll b, the

pigment responsible for giving the greenish hue to leaves and for most of the photosynthetic

activity in the tree, so it is understood that the infectious process limits the capacity of the

infected leaf for the production of energy and nutrients needed by the tree.

Similarly, within the sets reported for this cultivar, there was a wavelength, 720 nm, and a

spectral range, 760 - 770 nm, of medium importance for the selectors. As reported in section

6.3.1, this region is related to cellulose and carbohydrate degradation in plant material.
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Figure 6-55. Group of wavelengths selected by the feature selectors, per defined dataset, for the e8-kt

‘Keitt’ mango leaf assay

Therefore, its relevance will be determined purely by its influence on the performance of the

classification models to discriminate the classes defined for this cultivar: as these regions

were only found in particular sets, the combination of these with the classification model

may result in a unique and reliable foliar anthracnose detection model for the ‘Kent’ mango

cultivar.

6.3.5. Multiclass models for foliar anthracnose detection on mango

The models presented in section 4.1 were trained with the data presented in Table 6-4 for

the mango leaf assays. Following the flowchart defined in Figure 5-3, the model training

was carried out, and the results were consolidated and analysed to determine the potential

of AI models for early detection of anthracnose symptoms in leaves of the 3 mango cultivars.

Furthermore, in this section only the 10 best classification models are presented (see Tables

6-21 - 6-25), while the rest of the models can be consulted in Appendix B.3

Selected wavelength multiclass models for anthracnose symptom detection on

‘Tommy Atkins’ mango leaves

Tables 6-21 and 6-22 present the results associated with the performance metrics of the

10 best classification models for the e5-to and e6-to tests of the cv. ‘Tommy Atkins’ on

mango leaves. From these tables, models with outstanding performance were obtained in

the e5-to assay, with metrics above 0.9, and notable performance in the e6-to assay, with
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Figure 6-56. Group of wavelengths selected by the feature selectors, per defined dataset, for the e9-kn test

of the ‘Kent’ mango leaf cultivar

metrics between 0.83 and 0.9. Specifically, the best models for this cultivar were the neural

models, with MLP (neurons = 200, layers = 3) being the best classifier for the e5-to assay

and SLP (neurons = 100, epochs = 500) for the e6-to one.

Table 6-21. Performance metrics of the 10 best classification models with the most fitting feature selector

and dataset for the e5-to cv. ‘Tommy Atkins’ experiment on mango leaves

Model Accuracy Recall Specificity F1 MCC Precision Dataset Feature selector

MLP 0.945 0.944 0.989 0.945 0.934 0.947 Fil+noSG SLP4FS

QDA 0.942 0.940 0.988 0.941 0.929 0.942 Fil+noSG SLP4FS

SVM 0.941 0.940 0.988 0.940 0.928 0.941 Fil+SG SLDA

QDA 0.933 0.931 0.987 0.932 0.919 0.934 Fil+noSG SLDA

MLP 0.933 0.933 0.987 0.932 0.919 0.933 Fil+SG SLDA

SVM 0.932 0.931 0.987 0.931 0.919 0.934 Fil+noSG SLP4FS

QDA 0.930 0.929 0.986 0.930 0.917 0.933 Fil+noSG SQDA

QDA 0.927 0.926 0.985 0.927 0.912 0.928 Fil+SG SQDA

SLP 0.925 0.923 0.985 0.924 0.911 0.931 Fil+noSG SQDA

QDA 0.923 0.922 0.985 0.923 0.908 0.924 Fil+SG SLDA

Following the neural models was the QDA model, with scores of accuracy = 0.942, recall =

0.940 and specificity = 0.988 in the e5-to assay and accuracy = 0.875, recall = 0.875 and

specificity = 0.975 in the e6-to one. The result of this discriminant model stood out since

the metrics obtained were similar (difference less than 1 %) to the neural model metrics and
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validated the great performance obtained by this model in the full-spectrum version. On the

other hand, the SVM model, which presented outstanding behaviour with the full-spectrum,

did not appear among the top positions for this study, revealing a possible weakness of this

technique when classifying data with reduced inputs (wavelengths).

When analysing the feature selectors, it was evident that the best techniques were SLP4FS

and SQDA for the e5-to and e6-to assays, respectively, showing the disparity in the results

obtained. However, the same cultivar of mango leaves was being evaluated under the same

experimental conditions. However, as alternative selectors to those mentioned above, the

SLDA technique was able to position classification models within the first positions for both

assays, revealing the potential of discriminant models (SQDA and SLDA) for the wavelength

selection.

Table 6-22. Performance metrics of the 10 best classification models with the most fitting feature selector

and dataset for the e6-to cv. ‘Tommy Atkins’ experiment on mango leaves

Model Accuracy Recall Specificity F1 MCC Precision Dataset Feature selector

SLP 0.887 0.887 0.977 0.888 0.868 0.895 Raw+noSG SQDA

QDA 0.875 0.875 0.975 0.874 0.851 0.878 Raw+noSG SQDA

SLP 0.875 0.875 0.975 0.875 0.854 0.885 Raw+SG SLDA

SLP 0.873 0.873 0.975 0.874 0.851 0.882 Raw+SG SQDA

SVM 0.871 0.872 0.974 0.870 0.846 0.873 Fil+noSG SLP4FS

MLP 0.865 0.865 0.973 0.867 0.841 0.873 Raw+noSG SLDA

SLP 0.865 0.865 0.973 0.863 0.839 0.869 Raw+noSG SLDA

SLP 0.865 0.868 0.973 0.864 0.846 0.885 Fil+noSG SQDA

QDA 0.864 0.864 0.973 0.862 0.837 0.865 Fil+noSG SLDA

SVM 0.863 0.861 0.973 0.858 0.835 0.867 Fil+noSG SLDA

Given the above explanation, and taking into account the diversity of selectors (SLP4FS,

SQDA and SLDA) and datasets (Raw+noSG and Fil+noSG) with the potential to discrim-

inate the classes defined for the cv. ‘Tommy Atkins’, the choice of the best selector, and

hence the best set of wavelengths, is presented and discussed in section 6.3.6.

Selected wavelength multiclass models for anthracnose symptom detection on

‘Keitt’ mango leaves

The results associated with the performance metrics of the 10 best classification models are

presented in Tables 6-23 and 6-24 for the e7-kt and e8-kt experiments, respectively, of the

‘Keitt’ mango cultivar. Contrary to the cv. ‘Tommy Atkins’, for the cv. ‘Keitt’ assays,

models obtained a notable performance in the e8-kt study (metrics¿0.83) and an acceptable

performance in the e7-kt experiment, with only two models exceeding the 0.8 threshold. This

result revealed a clear difference in the foliar anthracnose spectral characterisation with a set

of relevant wavelengths, as classification models did not meet the requirements for a good

detection model in the e7-kt assay. This issue may be due to the limited data availability for
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this assay, since this drawback was also reported in its full-spectrum analysis, section 6.2.8.

Table 6-23. Performance metrics of the 10 best classification models with the most fitting feature selector

and dataset for the e7-kt assay of the cv. ‘Keitt’ on mango leaves

Model Accuracy Recall Specificity F1 MCC Precision Dataset Feature selector

SVM 0.807 0.805 0.972 0.803 0.782 0.820 Raw+noSG SLDA

QDA 0.805 0.804 0.972 0.805 0.780 0.816 Raw+noSG SLDA

QDA 0.802 0.802 0.972 0.799 0.775 0.808 Fil+SG SQDA

SVM 0.797 0.798 0.971 0.791 0.771 0.811 Fil+SG SQDA

QDA 0.795 0.793 0.971 0.793 0.767 0.805 Raw+SG SQDA

SVM 0.791 0.789 0.970 0.785 0.761 0.798 Raw+SG SQDA

SVM 0.780 0.778 0.969 0.773 0.748 0.788 Raw+SG SLDA

SVM 0.770 0.769 0.967 0.765 0.740 0.786 Raw+noSG SQDA

QDA 0.769 0.767 0.967 0.766 0.737 0.775 Raw+SG SLDA

SVM 0.767 0.767 0.967 0.764 0.742 0.795 Fil+noSG SLDA

When comparing the full-spectrum versus the selected wavelength models, the reduction in

performance metrics in the latter did not exceed 6 %: for the e7-kt assay, the full-spectrum

QDA model obtained an accuracy = 0.831, recall = 0.831 and specificity = 0.976, versus the

selected wavelength SVM model with an accuracy = 0.807, recall = 0.805 and specificity =

0.972; for the e8-kt assay, the full-spectrum QDA model obtained an accuracy = 0.944, recall

= 0.934 and specificity = 0.992, versus the selected wavelength SLP model with an accuracy

= 0.891, recall = 0.871 and specificity = 0.984. Therefore, the variations in performance

metrics resulting from the wavelength reduction were considered to be within the expected

result for this study (reductions in performance metrics below 6 %).

Table 6-24. Performance metrics of the 10 best classification models with the most fitting feature selector

and dataset for the e8-kt assay of the cv. ‘Keitt’ on mango leaves

Model Accuracy Recall Specificity F1 MCC Precision Dataset Feature selector

SLP 0.891 0.871 0.984 0.874 0.861 0.884 Raw+noSG GA4FS

SVM 0.887 0.877 0.984 0.873 0.858 0.871 Fil+noSG SQDA

MLP 0.875 0.863 0.982 0.861 0.845 0.863 Raw+noSG SQDA

MLP 0.874 0.858 0.982 0.859 0.841 0.861 Raw+noSG GA4FS

SVM 0.873 0.851 0.982 0.854 0.836 0.859 Fil+noSG GA4FS

SLP 0.873 0.866 0.982 0.861 0.846 0.868 Raw+noSG SQDA

SLP 0.872 0.865 0.982 0.861 0.850 0.878 Raw+SG SQDA

QDA 0.870 0.863 0.982 0.859 0.841 0.857 Fil+noSG SQDA

SVM 0.863 0.842 0.981 0.843 0.823 0.844 Fil+SG SQDA

SVM 0.863 0.843 0.980 0.844 0.825 0.847 Fil+noSG RF4FS

On the other hand, within the feature selectors, it was evident that the best techniques were

SLDA and GA4FS for the e7-kt and e8-kt assays, respectively. However, the discriminant

models (SLDA and SQDA) were the dominant ones for both studies: while in the e7-kt all



6.3 Identification of relevant wavelengths 141

the selectors listed corresponded to discriminant models, for the e8-kt assay, 6 of the 10

selectors were discriminant models. The result obtained in the e7-kt assay demonstrated the

usefulness of discriminant models for characterising data with a small number of data and

variables, which makes them useful when data availability is a constraint, but descriptions

and analyses are required. However, the GA4FS selector reported a good performance in

the e8-kt experiment, being the first study in which this class of algorithms stood out for its

potential in variable selection.

Consequently, the GA4FS selector would be evaluated with the discriminant selectors to

establish the best set of wavelengths to spectrally characterise the anthracnose symptoms

represented in the classes defined in both ‘Keitt’ mango leaf experiments. This analysis is

presented in section 6.3.6, where the relation of the wavelengths of these selectors with the

anthracnose symptomatology of ‘Keitt’ mango leaves is discussed.

Selected wavelength multiclass models for anthracnose symptom detection on

‘Kent’ mango leaves

The results associated with the performance metrics of the 10 best classification models for

the cv. ‘Kent’, test e9-kn, are presented in Table 6-25. It was observed that the neural

models were in the top positions with performance metrics above 0.84 for the first 3 listed

models. In addition, it was evident that the best model was SLP with the Fil+noSG dataset,

being the same result for this study in the full-spectrum version.

Table 6-25. Performance metrics of the top 10 classification models with the best fitting feature selector

and dataset for the e9-kn test of the ‘Kent’ mango leaf cultivar

Model Accuracy Recall Specificity F1 MCC Precision Dataset Feature selector

SLP 0.865 0.860 0.983 0.860 0.851 0.887 Fil+noSG SLP4FS

MLP 0.857 0.856 0.982 0.858 0.842 0.864 Raw+noSG GA4FS

SLP 0.853 0.854 0.982 0.857 0.845 0.879 Raw+noSG SLDA

SVM 0.851 0.849 0.981 0.850 0.833 0.857 Fil+noSG GA4FS

SLP 0.851 0.850 0.981 0.847 0.836 0.868 Raw+noSG SLP4FS

SLP 0.850 0.847 0.981 0.846 0.836 0.871 Fil+noSG GA4FS

SVM 0.850 0.848 0.981 0.848 0.830 0.851 Fil+noSG SLDA

SVM 0.847 0.846 0.981 0.846 0.829 0.853 Fil+noSG SLP4FS

SVM 0.845 0.845 0.981 0.844 0.826 0.847 Fil+noSG SQDA

SVM 0.844 0.842 0.981 0.843 0.826 0.851 Fil+noSG RF4FS

As a difference between the full and selected wavelength models, the disparity in the metrics

did not exceed 12 %: the full-spectrum SLP model obtained an accuracy = 0.981, recall =

0.981, specificity = 0.998, while the selected wavelength SLP model achieved an accuracy

= 0.865, recall = 0.860, specificity = 0.983. Therefore, it can be stated that the reduction

in input variables led to a decrease in performance metrics. However, the proportionality of

these was not equivalent: more than 80 % in variables versus 12 % in metrics.
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Consequently, and given that the SLP4FS and GA4FS selectors were placed in the first 2

positions with neural models with less than 1 % difference in the metrics, the selection of the

best wavelength set (extracted by the selectors) will be done considering their association

with the anthracnose symptomatology. As mentioned in previous sections, this analysis is

presented in section 6.3.6.

6.3.6. Relevant wavelength selection for spectral characterisation of

anthracnose on mango leaves

The list of relevant wavelengths for the feature selectors per test is shown in Table 6-26. In

this table, the wavelengths were listed in order of importance from 1 to 10, with position 1

being the wavelength of highest relevance and 10 being the wavelength of lowest importance

within each set. Additionally, the datasets selected for each selector were made according to

their position and prevalence in Tables 6-21-6-25. For the cv. ‘Keitt’ assays only 2 selectors

were listed as these were the most dominant, see section 6.3.5.

Table 6-26. Sets of the 10 most representative wavelengths by best-performing feature selector in each

assay conducted for the 3 mango leaf cultivars
e5-to e6-to e7-kt e8-kt e9-kn

Rank SLP4FS SLDA SQDA SLP4FS SLDA SQDA SLDA SQDA SQDA GA4FS SLP4FS SLDA GA4FS

1 950 960 950 950 970 530 980 980 770 950 950 550 950

2 460 970 940 450 960 450 940 950 950 450 720 950 720

3 470 900 970 710 920 470 950 900 920 920 460 970 930

4 710 730 870 770 790 950 910 970 970 910 760 920 970

5 900 750 860 940 780 940 900 920 910 900 930 930 920

6 720 700 900 460 940 900 970 790 900 970 670 720 460

7 450 940 710 470 770 920 920 930 860 720 450 710 450

8 860 450 720 760 450 670 630 840 790 980 690 760 770

9 760 460 840 670 470 650 800 770 980 890 580 690 760

10 970 470 450 800 680 970 840 860 800 940 920 670 980

The most recurrent spectral ranges in all experiments were 730 - 910 nm and 950 - 980 nm.

These ranges are related to carbohydrate and cellulose degradation and water accumula-

tion/release, respectively. These spectral ranges have already been reported in the literature

as regions of interest to quantify changes in TSS content and water absorption [117,152,161],

so their relation with anthracnose is that the pathogen induces the cell membrane rupture

in leaves to initiate its infectious cycle (see section 1.1.2), resulting in the degradation of cel-

lulose/available nutrients (carbohydrates), the release of surface water and the appearance

of the characteristic necrotic lesions of anthracnose.

As a particularity, from the sets listed in Table 6-26, it was observed that the spectral range

950 - 980 nm, related to the water absorption peak, was located within the first positions in

the sets (in 10 of the 13 selectors), indicating that this region was the most important for
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the foliar anthracnose characterisation.

A symptom closely related to anthracnose in mango is the degradation of chlorophyll pig-

ments (a and b), carotenes (β-carotene) and, rarer on leaves, anthocyanins. The regions of

the spectrum that characterise these ranges were located at: 460 - 470 nm and 630 - 640

nm for chlorophyll b; 430 nm and 670 - 690 nm for chlorophyll a; 450 nm and 480 nm for

β-carotene; and 510 - 530 nm for anthocyanins. Chlorophyll was the most prevalent in leaves

among these pigments, since it was listed in 9 of the 13 selectors and was the most important

in the ‘Kent’ and ‘Tommy Atkins’ cultivars. Similarly, the reflectance peak associated with

carotenes was also present in 9 of the 13 selectors, being recurrent in the cv. ‘Tommy Atkins’,

followed by the ‘Kent’ and ‘Keitt’ cultivars. In addition, as a particular finding, carotenes

reported changes at the spectral level along with chlorophyll b: their reflectance peaks are

closely linked and, due to the pigment degradation produced by the pathogen, their changes

were reported simultaneously on leaves.

On the other hand, in the cv. ‘Tommy Atkins’, the SQDA technique selected the 530 nm

wavelength as the most important, indicating that the change in anthocyanin content was a

symptom of relevance for this selector in the e6-to assay; however, the individual presence

of this pigment in this single selector also indicated that the reported symptom may not be

relevant for the overall symptom characterisation of this cultivar.

In addition, the spectral region 700 - 720 nm, which is usually associated with chlorophyll

a content and cellulose degradation [59, 74], was also of interest for the selectors and was

present in 6 of the 13 selectors. However, the spectral profile of this pigment presents a

peak reflectance in the range 670 - 690 nm and this region is located in the red-edge range;

therefore, in this research, it was not considered as part of any degradation symptom or

pigment as the characterisation of this region, due to the pronounced change in reflectance,

makes its association or correlation with physiological processes in the plant material difficult.

In consequence, and considering the previous exposition of spectral ranges related to anthrac-

nose symptoms in mango leaves, the selection of the best set of wavelengths per cultivar was

made according to the highest presence of symptoms within the sets, i.e. the highest presence

of spectral ranges within the 10 wavelengths of each selector:

• For the cv. ‘Tommy Atkins’, the selector that best characterised the classes defined in

both studies of this cultivar was SLP4FS. In combination with the Fil+noSG dataset,

the sets of this selector shared 60 % of the selected variables, while all the selected

wavelengths belonged to spectral regions of interest. Moreover, as a particularity of

this selector, the variable extraction focused on two of the most relevant foliar anthrac-

nose symptoms: water accumulation caused by cell membrane rupture and pigment
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degradation. While for the e5-to assay, the regions related to chlorophyll b and carotene

pigments were reported; in the e6-to assay, chlorophyll b, chlorophyll a and carotenes

were reported.

Similarly, the result achieved by this selector in combination with the classification

models ranked first for each assay (see Tables 6-21 and 6-22) and agreed with the

dataset selected for the full-spectrum version, Fil+noSG: MLP (neurons = 200, layers

= 3) for the first assay and SVM (cost = 1) for the second assay.

• For the cv. ‘Keitt’, the selectors that reported the best spectral description of foliar

anthracnose symptoms were SLDA and GA4FS, reporting 4 regions of interest for each

selector and sharing 50 % of the extracted wavelengths: 900, 920, 950, 970 and 980

nm. As in this cultivar, the spectral range of greatest presence was the NIR region,

the anthracnose symptoms related to the carbohydrate and cellulose degradation and

water accumulation stood out; however, these selectors also managed to include within

their sets regions of the spectrum related to pigment degradation (chlorophyll b and

carotenes).

As with the cv. ‘Tommy Atkins’, the classification models trained with these selectors

obtained the best model performance in combination with the dataset Raw+noSG,

thus confirming the importance of including changes related to leaf pigments in the

group of relevant wavelengths. The best classification models were SVM with cost =

10, gamma = 0.1 and SLP with neurons = 100, epochs = 468 for the e7-kt and e8-kt

tests, respectively.

• For the cv. ‘Kent’, the wavelength set corresponded to that extracted by the SLP4FS

selector. All 10 wavelengths were related to foliar anthracnose, with water accumula-

tion being the most relevant. Moreover, this selector was the only one that included

in a single set all pigments related to chlorophyll (a and b) and carotenes, indicating

their importance in the spectral characterisation of foliar anthracnose on ‘Kent’ mango

(pigment degradation).

Therefore, the detection model that performed best with this selector was SLP with

neurons = 100, epochs = 370 and dataset Fil+noSG, reaffirming the performance of

this model and dataset that also figured in the design of the full-spectrum detection

model (see section 6.2.8). As mentioned in section 6.3.5, this detection model obtained

the best performance among all the classification models implemented, confirming the

importance and robustness of the wavelength set extracted by the SLP4FS selector.
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The main objective of this research was to answer the question about the existence of a

relationship (or connection) between spectral information and anthracnose-associated symp-

toms in mango. Also, to evaluate the feasibility of detecting these anthracnose symptoms

early and establish a set of wavelengths that could characterise anthracnose symptoms in

mango through feature selection techniques and machine learning models. The primary mo-

tivation was based on 1) generating new knowledge to enable the development of

new detection systems using state-of-the-art technological tools at the service of

the agricultural sector and 2) assisting in the reliable and effective diagnosis of

anthracnose early to support on-site decision-making. Early diagnosis, understood

as detection at the previsual stage (not visible to the human eye) on fruits or reliable detec-

tion on the tree (mainly leaves), can help to stop or contain the spread of anthracnose on

harvested or unharvested fruits, allowing the control of the disease in mango crops.

In the literature, studies have reported advances in the characterisation, control and detec-

tion of this disease in mango and other fruit crops. In mango, these works have addressed

the assessment of virulence and prevalence of the disease [24], the characterisation of an-

thracnose symptoms in mango [66], the development of CV systems using UV-RGB images

for its detection [123, 132], the use of ML and DL techniques [126, 165] and, recently, the

assessment of symptoms through spectral data (spectroscopy) [30]. All these studies have

allowed a better understanding of disease development in this climacteric fruit; however,

their focus has been mainly on the development of late-stage inspection systems, emulating

the expert human eye in the detection of visible symptoms of anthracnose, and not on as-

sessing the feasibility of technological tools capable of detecting the presence of symptoms

in early stages. Only the works reported by [30,149,150] evaluated the potential of spectral

information to determine the feasibility of early detection in mango fruits. However, being

subject to the use of spot spectral signatures, as in the case of Cabrera et al. [30], the results

do not allow for establishing with precision the stage of development of spectrally detectable

anthracnose symptoms, nor select a group of wavelengths to characterise the early anthrac-

nose symptoms in mango.

Anthracnose remains latent until the environmental and nutritional conditions of the host

are suitable for its development. This behaviour implies that the changes caused at the

physiological level when developing are not perceptible to the naked eye. Therefore, by fo-
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cusing on the study of anthracnose from inoculation to visual development, it was possible

to establish the feasibility of detecting anthracnose symptoms in the pre-visual stage in the

studied mango cultivars. With the classes defined in this study (one class per day after

inoculation) and the ROI selection strategy, it was possible to detect the infection from 48

and 72 hours (the second and third day) after inoculation on fruits and leaves, respectively,

see Figures 7-1-7-2 and 7-3-7-4.

Figures 7-1 and 7-2 depict fruits of the ‘Osteen’ and ‘Keitt’ cultivars, respectively, with an

RGB image and the 3 main wavelengths extracted for each cultivar on days 2, 3 and 4, while

Figures 7-4 and 7-3 show leaves of the ’Kent’ and ‘Tommy Atkins’ cultivars with the same

image layout. In these figures, the 6 inoculation points are shown in black for the fruits,

while in the leaves, the 5 inoculation points are demarcated on one side of the leaves.

Figure 7-1. Temporal evolution (from day 2 to day 4) of ‘Osteen’ mango fruits in colour image (RGB) and

the 3 most relevant wavelengths (770, 790 and 800 nm)

From Figures 7-1 and 7-2, it can be observed that in the control fruits of the mentioned

cultivars, there are no differences in the colour image as well as in the monochrome images

of the relevant wavelengths, despite the pigment variations in the RGB image. In contrast,

the anthracnose lesions progress on the diseased fruits and become fully visible on day 4.

In the ‘Keitt’ cultivar, there are dark halos around the inoculation points, indicating the

presence of the disease. In contrast, in the ‘Osteen’ cultivar, there are changes in texture in
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Figure 7-2. Temporal evolution (from day 2 to day 4) of ‘Keitt’ mango fruits in colour image (RGB) and

the 3 most relevant wavelengths (450, 760 and 950 nm)

the exposed area and more noticeable dark halos from day 3 onwards. These halos, initial

symptoms of anthracnose, are not visible in the RGB image of the ‘Osteen’ cultivar, while

in the ‘Keitt’ cultivar, they are denoted with a reddish hue. However, for this cultivar, a

reddish pigmentation present in the control fruit is not visible in the monochromatic images

at wavelengths 450, 760 and 950 nm, indicating the difference at the spectral level that the

model chosen for this cultivar can detect. On the other hand, for day 4, where symptoms

tend to start to be distinguishable, it was observed that not all fruits have distinguishable

anthracnose lesions; therefore, day 5 (after inoculation) was defined as the day when the

lesion becomes distinguishable by the human eye (by size and colour).

On the other hand, from Figures 7-4 and 7-3, it is observed that in the control leaves of

both cultivars, there is no change in colouring or changes in the spectra of the 3 selected

wavelengths. Likewise, it is observed that in the ’Kent’ cultivar,y the anthracnose symp-

toms appear as necrotic lesions from day 2 of inoculation; however, due to the size reported,

these lesions are not recognisable to the naked eye. From day 4 onwards, symptoms can be

verified when these lesions reach a larger size on the leaf. In the same way, in the ‘Tommy

Atkins’ cultivar, this temporal development of symptoms is present with the difference that

in this cultivar, in the selected wavelengths, a larger damage area is detected (in the 950 nm
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Figure 7-3. Temporal evolution (from day 2 to day 4) of ‘Tommy Atkins’ mango leaves in colour image

(RGB) and the 3 most relevant wavelengths (950, 460 and 470 nm)

Figure 7-4. Temporal evolution (from day 2 to day 4) of ’Kent’ mango leaves in colour image (RGB) and

the 3 most relevant wavelengths (950, 720 and 460 nm)

wavelength) and a halo that contrasts with the anthracnose lesion in the 460 and 450 nm

wavelengths, which indicates in a pre-visual way where the anthracnose lesions will continue

to grow. In leaves, anthracnose lesions become distinguishable from day 5 onwards.

Since the fruit quality is evaluated after harvesting, potential applications to implement

AI-based spectral solutions are feasible. Considering that the conditions of fruit inspection

can be controlled, the correct acquisition of the spectral information to diagnose this disease

early can be assured. However, for a practical application of the results obtained in this

research on leaves, developing a system (or protocol) that adapts the spectral sensor to field

conditions is required to guarantee the quality of the spectral data collected. In [101], this

challenge of transferring spectral analysis from the laboratory to field conditions is presented.

Authors consider the physical limitations of the environment (type of crop, type of terrain)

and the data acquisition methods (drone, guided vehicle, expert personnel), among other

aspects. Additionally, a description of adjustments, potential differences in the collected

spectral data, and recommendations for making the transition in data collection optimally

to outdoor conditions are also discussed.
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Based on the remarkable results obtained with the full-spectrum detection models (450 -

980 nm), it was also possible to analyse and determine a set of 10 relevant wavelengths for

each mango cultivar and design a detection model that allowed the discrimination of the

classes (representing symptoms at different stages of development) with outstanding perfor-

mance: in all cultivars a detection model with metrics above 0.85, and even above 0.98 for

the specificity metric, was obtained. The difference in performance of the models between

full-spectrum (54 wavelengths) and selected bands (10 wavelengths) detection models was

less than 12% in all tests. However, the reduction in wavelengths was around 81 %, so it can

be stated that with these relevant wavelength sets, the detection models adequately fit the

collected spectral data. Furthermore, the results reported with these models also indicated

the existence of spectral regions irrelevant to the model performance since they were not

related to the spectral changes induced by the pathogen (for instance, the region 570 - 640

nm). These results confirmed the need for the inclusion of two or more wavelengths from the

same region of the spectrum to maintain good model performance, since anthracnose symp-

toms, as discussed in sections 6.3.3 and 6.3.6, induce changes in considerably large portions

of the spectrum (especially the NIR region related to carbohydrate degradation).

The wavelengths selected for each cultivar, although related to physiological and biochemical

changes referenced in the literature [59,74,117,152,162], presented variations that were spe-

cific to each cultivar since the order of importance of the wavelengths changed. Figures 7-5

and 7-6 depict the mean spectra of the classes defined for the cultivars ‘Osteen’ and ‘Keitt’

in fruits and ’Kent’ and ‘Tommy Atkins’ in leaves of mango, with the sets of wavelengths se-

lected for these cultivars. In these figures it is possible to detail the different ranges extracted

for each cultivar and the remarkable differences in the characterisation of anthracnose both

in fruits and leaves: while in fruits there is a higher concentration in the NIR region, for

leaves these sets are distributed along the range 450 - 980 nm as pigments (chlorophyll a and

b and anthocyanins), cellulose degradation and water release have different reflectance peaks.

Among the most important symptoms for the spectral characterisation of anthracnose, the

following were reported:

• Pigment degradation: Chlorophyll a and b, carotenoids (mainly β-carotene), and

anthocyanins. The spectral changes reported in the mango fruit assays due to the

degradation of these pigments were notable for all cultivars. However, it was evident

that this symptom depends on both the cultivar and the physiological maturity of the

fruit.

The leaf assays found that the pigments with the most considerable spectral variations

were chlorophyll a and chlorophyll b. These pigments, which are responsible for pho-

tosynthetic activity in the tree and for giving the leaves a greenish hue, were the most
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affected from an early stage of anthracnose. The degradation of this vital pigment

slows down the photosynthetic activity in the leaf, thus affecting the production of en-

ergy and nutrients for the tree. Consequently, the pathogen causing anthracnose can

grow and spread quickly through the infected plant material, as the defence constituent

substances for the tree are limited.

• Water release/accumulation: Due to the cell membrane rupture in both leaves

and fruits, water is released under the surface, which can be detected on a spectral

level from an early stage of anthracnose development. With the rupture of the cell

membrane, there is also the release of phenolic acids, which spread quickly due to

water accumulation. This event produces the characteristic symptoms of anthracnose:

circular necrotic lesions.

The experiments found that this symptom was the most important for the leaf tests,

indicating that the spectral changes related to the water absorption peak (due to its

accumulation) can be used to determine if the leaf is subjected to an early infectious

process. The fruit tests found that this symptom is also relevant for characterising

anthracnose symptoms, as it also allows detecting the sugar degradation due to the

infection induced by Colletotrichum sp..

• Carbohydrate degradation: The degradation of nutrients (starches and cellulose) is

an important indicator of anthracnose development in mango. In all assays, both fruit

and leaf, it was reported that the spectral range 730 - 910 nm was of importance to

characterise all classes defined in all assays, which indicates that the spectral changes

induced by the disease can be detected early (previsual) since this range is located in

a portion of the spectrum not visible to the human eye and allows the designed detec-

tion models to make reliable estimates from the fi day of study of the disease after its

inoculation.

The main difference found between the leaf and fruit assays was on the portion of the

spectrum located between 720 - 800 nm, which showed a strong degradation of cellu-

lose and carbohydrates (mainly starches). In contrast, the wavelength distribution is

present in the fruit throughout this range.

Sugars, one type of carbohydrate, are also related in the bands selected for each cul-

tivar, being more relevant for the fruits than for the leaves, given that the transfor-

mation of starches into sugars takes place with greater emphasis when the fruit begins

its organoleptic maturation phase (after harvesting). As a peculiarity, the region that

characterises these nutrients is located between 920 - 940 nm, close to the water ab-

sorption peak (950 - 980 nm). As reported in the literature, this enhances the detection
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and non-destructive estimation of sugar content in mango fruit since water helps the

dissolution (and, therefore, quantification) of these nutrients.

Figure 7-5. Mean spectra of a) ‘Osteen’ and b) ‘Keitt’ mango classes and the 10 most relevant wavelengths

for the anthracnose spectral characterisation

Figure 7-6. Mean spectra of a) ’Kent’ and b) ‘Tommy Atkins’ mango classes and the 10 most relevant

wavelengths for the foliar anthracnose spectral characterisation

On the other hand, since the most relevant symptoms for anthracnose were characterisable

in the NIR region, according to the set of wavelengths selected in this research, there was the

possibility of confusing spectral variations in this region with other problems of interest in

the fruit, such as mechanical damage. Mechanical damage to the fruit leads to fibre breakage

and thus to water release, although it differs from anthracnose as it does not lead to the

degradation of sugars and starches. Vélez-Rivera et al. [162] studied this issue and found

that mechanical damage can be distinguished in the NIR region (700 - 780 nm, 890 - 900
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nm and 1070 - 1080 nm). However, these regions showed a slight decrease in the spectrum

when mechanical damage occurs, so the shape and amplitude of this variation differ from

that caused by anthracnose (7-7).

From 7-7, it can be observed that in the spectral region between 730 and 820 nm, the

spectral variations reported for mechanical damage (7-7.a) are similar in amplitude to those

obtained with the classes day 2 and 3 of the ’Kent’ cultivar (7-7.c). In contrast, for the

‘Keitt’ cultivar (7-7.b), the reported spectral variation was notably higher between the con-

trol and diseased classes, indicating that the expression of early anthracnose symptoms was

distinguishable from mechanically induced fruit damage. Moreover, as evidenced in this re-

search, anthracnose caused a pigment degradation in mango fruits and leaves (related to the

spectral range located between 450 - 700 nm), so this particular symptom also contributed

to the differentiation of anthracnose-induced damage (lesion) from mechanical damage in

fruits: from Figure 7-7.a, it can be observed that in the 650 - 700 nm range, there was no

spectral variation induced by mechanical damage.

Another important point was that the wavelength sets found in this research’s fruit tests

differed from those reported in [136] for identifying the ripening stage of mango fruits. Al-

though a relation between anthracnose development and the organoleptic ripening of mango

has been established, the spectral variations found to differentiate an infected fruit from a

naturally ripening fruit were notable. The authors in [136] established a ripening index with

a set of 15 wavelengths in the NIR region (730, 756, 778, 794, 800, 844, 884, 894, 918, 940,

976, 984, 992, 1040 and 1046 nm). These wavelengths are closely related to the functional

groups -CH (sugars) and -OH (water) [43, 117, 136,152], components highly correlated with

anthracnose symptoms. However, the spectral variation produced by the ripening process is

minimal as the moisture content, reflected in the water absorption peak, remains constant

in the absence of an abrupt water loss such as that caused by anthracnose-induced cell mem-

brane rupture.

Additionally, depending on the fruit cultivar, there is a transformation of starches into sugars

that may be reflected in a slight decrease in reflectance in the range 730 - 850 nm, while in

the 920 - 940 nm region, there is no considerable change in reflectance as there is no sugar

degradation or increase in water content under the peel that would make the presence of

these nutrients distinguishable. Figure 7-8 shows the mean signatures of the control and

inoculated classes per day of acquisition of the ‘Keitt’, ’Kent’ and ‘Osteen’ cultivars. In this

figure, it can be observed that the control classes (per acquisition day) showed minimal vari-

ations in the range of 730 - 850 nm, which corresponded to what is reported in the literature

concerning the ripening process of mango fruits. However, it was evident that the inoculated

classes showed a higher spectral variation from day 2 onwards (except the ‘Osteen’ cultivar,

Figure 7-8.c), indicating that the infectious process of anthracnose develops and induces a
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Figure 7-7. Mean spectral signature of the classes defined for mango fruit assays with a) mechanical

damage (taken from [162]); b) Colletotrichum gloeosporioides inoculation on the ‘Keitt’ cultivar; and c)

Colletotrichum gloeosporioides inoculation on the ’Kent’ cultivar

strong decay in the reflectance of the NIR region. Likewise, it is noted that in the visible

region related to chlorophyll and carotenoid pigments, ranges 600 - 690 nm and 450 - 460

nm, the spectral behaviour explained above was also present: the spectral variation among

control classes was minimal, but between control and diseased classes, it was higher and

more distinguishable.

From the foliar assays on the ‘Tommy Atkins’, ‘Keitt’, and ’Kent’ mango cultivars, it is

important to note that the findings validated the study presented in [69], which focused

on the spectral detection of anthracnose symptoms on strawberries. The development of

leaf symptoms and the spectral characterisation of these symptoms were similar to those

obtained in the mango assays of this research. Likewise, the hypothesis proposed in [74] that

established a possible correlation of the visible spectrum with the degradation of photosyn-

thetic pigments was also proved: the degradation of chlorophyll a and b, carotenoids and,

more limited, anthocyanins are anthracnose symptoms that can be detected at an early stage
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and characterised at spectral level since the reflectance decreases as the induced infection

evolves in the leaf, see Figures 7-4 and 7-3.

Figure 7-8. Mean spectral signature of the control and inoculated classes per day of acquisition for the

‘Keitt’ (a), ’Kent’ (b) and ‘Osteen’ (c) assays with mango fruits

The leaf assays also tested the susceptibility (or resistance) to anthracnose development

described in [23, 45, 127]. The ’Kent’ cultivar was shown to be the most susceptible by the

incidence reached and the size of the lesions at the end of each experiment, while the ‘Tommy

Atkins’ and ‘Keitt’ cultivars reported a significantly smaller lesion size, indicating that these

cultivars showed moderate resistance by delaying the infectious process (the ‘Keitt’ culti-

var reported a slightly higher resistance than ‘Tommy Atkins’). However, at the spectral

level, this variation in the susceptibility of the cultivars was not evident, as common spectral

regions were found in all three mango leaf cultivars, allowing the characterisation of foliar

anthracnose in mango. These foliar symptoms, both with the full spectrum and the 10 most

relevant wavelengths, could be detected from early stages with a good level of accuracy,

sensitivity and specificity, according to the performance metrics achieved by the detection

models (see sections 6.2 and 6.3). Hence, their use in real monitoring applications would

help in the intervention and decision-making in situ quickly and reliably.
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Despite the results and advances reported in the literature, the problem of spectral and tem-

poral detection of anthracnose has not been previously addressed, as it was in this research.

Works related to the spectral assessment of leaf anthracnose on mango have not been re-

ported. Therefore, the results presented in this research make an essential contribution to

the understanding, characterisation and early detection of anthracnose in mango by using

spectral technology and machine learning modelling as:

• It demonstrated the feasibility of the identification and spectral characterisation of

symptoms associated with anthracnose in mango, making possible the non-destructive

and non-invasive assessment of this disease: the developed detection models were able

to discriminate the defi classes with performance metrics above 0.95 (95 %) in all

cultivars.

• It demonstrated the potential of AI-based models, particularly neural networks and

discriminant models, for the discrimination and early detection of anthracnose symp-

toms in both fruits and leaves of 3 commercially desirable mango cultivars: it was

possible to detect anthracnose symptoms between 48 and 72 hours (depending on the

cultivar) before they are visible to the human eye.

• It identified wavelengths closely related to anthracnose symptoms in mango. Although

the spectral regions related to anthracnose varied between cultivars (both in fruits and

leaves), it was found that these regions always appeared among the most important for

the spectral characterisation of anthracnose: the regions 450 - 480 nm, 650 - 680 nm,

730 - 810, 890 - 940 and 950 - 970 nm were chosen for all cultivars and assays conducted

in this research. All these regions are associated with anthracnose symptoms, including

pigment degradation, degradation of starches and sugars (the major carbohydrates),

and water release or accumulation.

• It assessed different mango cultivars with various physiological and visual features

(fruits and leaves), showing the existence of common and particular anthracnose symp-

tom patterns for each cultivar. For mango leaf cultivars, the ‘Keitt’ and ‘Tommy

Atkins’ cultivars showed moderate resistance to developing foliar symptoms, whereas

the ’Kent’ cultivar exhibited higher susceptibility. No difference in the anthracnose

symptoms was reported for the fruit cultivars (’Kent’, ‘Keitt’ and ‘Osteen’), showing

that the defence against the disease lies in the mango cultivar.

Finally, the combination of the spectral regions and wavelengths found in this study allows us

to detect anthracnose symptoms in mango fruits and to differentiate them from mechanical

damage, the fruit ripening stage and other common problems in mango fruits. As evidenced

throughout this dissertation, physiological and biochemical changes in both fruits and leaves

occur as anthracnose infection develops; however, these changes (symptoms) can be detected
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spectrally in an early or predictive manner, allowing for early intervention in the crop to

control this disease. Even though there are differences in the development of anthracnose

depending on the mango cultivar, with the detection models developed and the wavelength

sets developed, a diagnosis of the disease can be made with a high level of accuracy and

reliability, demonstrating the potential of the results derived from this research.



8. Conclusion

8.1. Conclusions

The results generated by this doctoral thesis demonstrated the feasibility of the early de-

tection of anthracnose-associated symptoms in three cultivars of mango fruits and leaves.

The classification models designed, both with the full Vis-NIR spectrum and with the rel-

evant wavelength sets, obtained outstanding performance metrics, allowing us to state that

anthracnose symptom detection in mangoes from the early stages of development is possible.

With the implementation of AI-based classification models, it was possible to establish that

neural networks (mainly the single-layer perceptron -SLP-) and discriminant models (QDA)

were the best-fitting models for the spectral data from the mango samples collected and

studied in this research. This result revealed the potential of this class of models, currently

considered standard techniques, for discriminating spectral data to detect crop diseases.

Hence, the approach adopted in this work demonstrated the validity and potential applica-

tion of these techniques for addressing latent problems and needs in the agricultural sector.

All the designed full-spectrum models for all the mango cultivars obtained an average per-

formance metric above 0.95, indicating an outstanding performance level and allowing the

detection of anthracnose symptoms from the first 48-72 hours after the inoculation of the

pathogen in the samples. Furthermore, with the tests carried out in this research, it could

be determined that under established experimental conditions, the first visible anthracnose

lesions appear from the fifth day after the pathogen inoculation, so with these models, there

is a disease prediction time between 48-72 hours before the human eye can see the symptoms.

These findings allow us to state that it is possible to make an early diagnosis of anthracnose

disease with the Vis-NIR spectral information and the AI models implemented in this re-

search and, therefore, to intervene or make early decisions to contain and control the spread

of the disease to batches of anthracnose-free mango fruits.

Two resulting approaches from the designed detection models equally allow for disease de-

tection: the biclass and multi-class models. For the biclass models, which compare the

control class with each diseased class, QDA models performed best regardless of the mango

cultivar. In contrast, for the multi-class models, neural networks were the best classifiers.

However, it should be mentioned that in this variant (multi-class models), the discriminant
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models always obtained scores close to those obtained by the neural networks. The value

of finding the enormous potential of discriminant models for detecting anthracnose symp-

toms in mango trees lies in the fact that these mathematical models allow a fast calibration

and deployment to model the hyperspectral data collected in real-time applications robustly.

In contrast, neural networks require extensive training and validation times, limiting their

adoption in applications where constant updating of the training database or recalibration of

the models is required. For end solutions, where the data collection and training stages have

been completed, neural networks emerge as potential solutions to design detection models.

Therefore, the neural models obtained in this research allow for the detection of anthracnose

in mango, as the spectral database used to train these networks was composed of more than

230,000 spectral signatures on average.

On the other hand, for the models based on the selected bands, the average performance met-

rics remained above 0.85, indicating that the suitability of the selected sets (10 wavelengths

per cultivar) for the spectral characterisation of the defined classes and, therefore, the symp-

toms associated with anthracnose from the early stages of disease development. As demon-

strated in this research, the selected wavelengths are closely related to disease symptoms

that are not distinguishable by the human eye: the biochemical changes produced (degra-

dation of carbohydrates, degradation of photosynthetic pigments and release/accumulation

of water) in the inner layers of fruits and leaves are anthracnose symptoms that become vis-

ible only when the degradation of plant material produces the well-known circular necrotic

lesions (symptoms by which the disease is recognisable by an expert). Therefore, it can be

affirmed that there are spectral regions closely related to anthracnose symptoms in mango,

being the wavelength sets established in this research representative and relevant for the se-

lected mango cultivars (‘Keitt’, ‘Kent’ and ‘Osteen’ in fruits and ‘Keitt’, ‘Kent’ and ‘Tommy

Atkins’ in leaves). Also, it can be stated that spectral sensors are required for the correct and

early diagnosis of anthracnose in mango since they provide suitable information to detect

the early anthracnose symptoms.

The results obtained at the spectral level and the early detection of anthracnose in mango

(mentioned in previous paragraphs) were possible thanks to the methodological approach

applied during the laboratory experimentation since the selection of mango cultivars and

samples, the inoculation strategy and the acquisition of hyperspectral images allowed the

success of the objectives proposed in this research. Likewise, the spectral analysis carried

out, the preprocessing of the collected data and the ROI extraction strategy allowed for the

obtaining of quality spectral data that adequately represented the symptoms of anthracnose

in its different stages of development (early and late stages).

Similarly, the AI design and modelling established in this research allowed the design, cali-
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bration, and objective comparison of the different classification models to select the best-fit

models for the data collected for each mango cultivar. Furthermore, the implementation

and evaluation of feature selectors were presented as a relevant tool for selecting wavelength

sets closely related to anthracnose symptoms in mangoes. Therefore, their use in spectral

studies is necessary to establish potential correlations between the spectral information and

the physiological (or biochemical) phenomenon under study.

8.2. Planned work

Given that this research determined the possibility of early anthracnose detection in mango

and the existence of relevant wavelengths for the characterisation of the symptoms of this

disease, as a future work, the extension and validation of these results to other mango culti-

vars is proposed, potentially to the 10 most commercialised mango cultivars to establish the

feasibility of a general anthracnose detection in mango (independent of the cultivar used).

Similarly, the inclusion of 3D models for fruit reconstruction and improved reflectance cor-

rection over the entire fruit surface is a further work proposed to assess the whole captured

fruit surface in a single hyperspectral image. The 3D reconstruction integrated with the

anthracnose detection model would set a benchmark for the non-destructive spectral assess-

ment of fruit with irregular surfaces. With this, deploying compact and reliable technological

solutions will improve current fruit inspection and quality control systems.

Furthermore, the experimentation in field conditions with the mango cultivars studied in

this research should be carried out, as some technological limitations and challenges should

be explored to ensure that the quality of the hyperspectral images will be similar to those

obtained in the laboratory, thus allowing the extension and validation of the results of the

classification models obtained in this research to field conditions. Research lines related to

the spectral image collection strategy (hyperspectral or multispectral) on mango trees, the

radiometric correction of field spectral images (correction of reflectance by angle of light

incidence of light and of the leaf concerning the sensor) and the assessment of anthracnose

symptoms on trees (leaves not detached) are topics of interest that are raised as relevant

future work to overcome the challenges related to real field conditions.

On the other hand, as future work, classification models based on deep learning and mor-

phological analysis are proposed to determine the best approach for the spectral detection of

anthracnose in mango. Also, exploring the electromagnetic spectrum, beyond 1000 nm, is a

work to be done as the NIR and mid-infrared ranges have also proven to be of interest for the

characterisation of plant material and the quantification of e.g. water, minerals. However,

to date, the detection models obtained in this study set a benchmark in the state of the art,

as the performance metrics reported for both full-spectrum and selected wavelength models

were outstanding for all assessed cultivars.
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A.1. Biclass results for the mango fruit assays

A.1.1. Performance metrics results per dataset

Figure A-1. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented by dataset for the Keitt variety (e1-kt assay)
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Figure A-2. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented by dataset for the Kent variety (e2-kn assay)
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Figure A-3. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented by dataset for the Osteen variety (e3-os assay)



164 A Appendix: Results of mango fruit assays

Figure A-4. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented by dataset for the Keitt variety (e4-kt assay)
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A.1.2. Performance metrics results by classification model

Figure A-5. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented with the Fil+noSG dataset for the Keitt variety (e1-kt assay)
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Figure A-6. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented with the Fil+noSG dataset for the Kent variety (e2-kn assay)
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Figure A-7. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented with the Fil+noSG dataset for the Osteen variety (e3-os assay)
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Figure A-8. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented with the Fil+noSG dataset for the Keitt variety (e4-kt assay)
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A.2. Multiclass results for the mango fruit assays

Table A-1. Performance metrics of the dataset classification models for the Keitt variety e1-kt assay.

Model Accuracy Recall Specificity F1 MCC Precision

LDA 0.871 0.872 0.984 0.862 0.850 0.867

PLSDA 0.868 0.868 0.983 0.860 0.847 0.864

RF 0.838 0.838 0.980 0.838 0.818 0.840

GBM 0.748 0.748 0.969 0.749 0.719 0.755

XGB 0.743 0.757 0.968 0.744 0.716 0.744

BST 0.409 0.409 0.926 0.389 0.000 0.000

CART 0.390 0.390 0.924 0.367 0.000 0.000

NAI 0.277 0.277 0.910 0.226 0.159 0.235

Table A-2. Performance metrics of the dataset classification models for the Keitt variety e4-kt assay.

Model Accuracy Recall Specificity F1 MCC Precision

LDA 0.856 0.858 0.971 0.856 0.830 0.861

RF 0.842 0.840 0.968 0.840 0.809 0.841

PLSDA 0.825 0.827 0.965 0.823 0.791 0.827

GBM 0.782 0.781 0.957 0.781 0.738 0.782

XGB 0.766 0.765 0.954 0.762 0.717 0.764

BST 0.531 0.529 0.906 0.514 0.431 0.524

CART 0.527 0.525 0.906 0.510 0.426 0.520

NAI 0.443 0.439 0.889 0.412 0.313 0.412

Table A-3. Performance metrics of the detection models for the Kent variety e2-kn assay.

Model Accuracy Recall Specificity F1 MCC Precision

RF 0.884 0.884 0.985 0.884 0.869 0.884

LDA 0.873 0.875 0.984 0.866 0.856 0.877

PLSDA 0.864 0.866 0.983 0.860 0.848 0.868

XGB 0.807 0.809 0.976 0.808 0.784 0.808

GBM 0.798 0.798 0.975 0.798 0.774 0.800

BST 0.395 0.393 0.924 0.338 0.000 0.000

CART 0.392 0.390 0.924 0.332 0.000 0.000

NAI 0.339 0.338 0.917 0.311 0.247 0.338
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Table A-4. Performance metrics of the classification models for the Osteen e3-os assay.

Model Accuracy Recall Specificity F1 MCC Precision

RF 0.884 0.884 0.985 0.884 0.869 0.884

LDA 0.873 0.875 0.984 0.866 0.856 0.877

PLSDA 0.864 0.866 0.983 0.860 0.848 0.868

XGB 0.807 0.809 0.976 0.808 0.784 0.808

GBM 0.798 0.798 0.975 0.798 0.774 0.800

BST 0.395 0.393 0.924 0.338 0.000 0.000

CART 0.392 0.390 0.924 0.332 0.000 0.000

NAI 0.339 0.338 0.917 0.311 0.247 0.338

A.3. Multiclass results for the mango fruit assays with

selected bands

Due to the number of classification models and results obtained per dataset and feature

selector, the complete list of classification models obtained per assay is provided as comple-

mentary material. It can be requested by emailing cvelasquez@unal.edu.co or consulted at

Complementary material.

https://drive.google.com/drive/folders/1tFVS_yAXbx3a19sg3Et7fahDi_fTaxsM?usp=drive_link
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B.1. Biclass results for the mango leaf assays

B.1.1. Performance metrics results per dataset

Figure B-1. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented by dataset for the Tommy Atkins variety (e5-to assay)
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Figure B-2. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented by dataset for the Tommy Atkins variety (e6-to assay)
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Figure B-3. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented by dataset for the Keitt variety (e7-kt assay)
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Figure B-4. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented by dataset for the Keitt variety (e8-kt assay)
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Figure B-5. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented by dataset for the Kent variety (e9-kn assay)
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B.1.2. Performance metrics results by classification model

Figure B-6. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented with the Fil+noSG dataset for the Tommy Atkins variety (e5-to

assay)
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Figure B-7. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented with the Fil+noSG dataset for the Tommy Atkins variety (e6-to

assay)
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Figure B-8. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented with the Fil+noSG dataset for the Keitt variety (e7-kt assay)
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Figure B-9. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented with the Fil+noSG dataset for the Keitt variety (e8-kt assay)
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Figure B-10. Performance metrics (a. Accuracy, b. F1, c. MCC, d. Precision, e. Recall and f. Specificity)

of the classification models implemented with the Fil+noSG dataset for the Kent variety (e9-kn assay)
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B.2. Multiclass results for the mango leaf assays

Table B-1. Performance metrics of the classification models for the Tommy Atkins e5-to experiment.

Model Accuracy Recall Specificity F1 MCC Precision

PLSDA 0.924 0.922 0.985 0.922 0.908 0.926

GBM 0.883 0.881 0.977 0.882 0.859 0.884

XGB 0.866 0.869 0.973 0.865 0.839 0.863

RF 0.843 0.838 0.968 0.841 0.813 0.854

BST 0.643 0.639 0.929 0.643 0.574 0.654

CART 0.517 0.515 0.903 0.510 0.434 0.563

NAI 0.402 0.400 0.880 0.363 0.276 0.405

Table B-2. Performance metrics of the classification models for the Tommy Atkins e6-to experiment.

Model Accuracy Recall Specificity F1 MCC Precision

PLSDA 0.898 0.897 0.980 0.895 0.877 0.899

GBM 0.802 0.801 0.961 0.800 0.762 0.803

RF 0.800 0.798 0.960 0.798 0.760 0.803

XGB 0.785 0.785 0.957 0.782 0.740 0.783

BST 0.629 0.630 0.926 0.610 0.551 0.629

CART 0.532 0.538 0.907 0.506 0.439 0.540

NAI 0.390 0.397 0.878 0.341 0.262 0.393

Table B-3. Performance metrics of the classification models for the Keitt variety e7-kt assay.

Model Accuracy Recall Specificity F1 MCC Precision

PLSDA 0.781 0.788 0.969 0.775 0.753 0.789

GBM 0.545 0.551 0.935 0.539 0.490 0.577

XGB 0.478 0.515 0.926 0.469 0.415 0.486

RF 0.411 0.417 0.916 0.399 0.333 0.438

BST 0.300 0.298 0.900 0.260 0.210 0.371

CART 0.287 0.286 0.898 0.241 0.187 0.329

NAI 0.235 0.231 0.891 0.214 0.130 0.264
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Table B-4. Performance metrics of the Keitt variety e8-kt assay classification models.

Model Accuracy Recall Specificity F1 MCC Precision

PLSDA 0.908 0.897 0.987 0.900 0.888 0.907

RF 0.794 0.776 0.970 0.780 0.756 0.802

GBM 0.784 0.764 0.969 0.765 0.742 0.791

XGB 0.783 0.789 0.969 0.768 0.743 0.765

BST 0.534 0.515 0.933 0.494 0.463 0.573

CART 0.500 0.476 0.928 0.449 0.414 0.523

NAI 0.399 0.382 0.914 0.324 0.280 0.388

Table B-5. Performance metrics of the Kent variety e9-kn assay classification models.

Model Accuracy Recall Specificity F1 MCC Precision

PLSDA 0.892 0.891 0.987 0.887 0.875 0.888

GBM 0.821 0.823 0.978 0.820 0.800 0.826

XGB 0.815 0.823 0.977 0.815 0.794 0.815

RF 0.814 0.814 0.977 0.813 0.793 0.820

BST 0.400 0.395 0.925 0.355 0.000 0.000

CART 0.379 0.375 0.922 0.334 0.000 0.000

NAI 0.278 0.275 0.910 0.238 0.176 0.278

B.3. Multiclass results for the mango fruit assays with

selected bands

Due to the number of classification models and results obtained per dataset and feature

selector, the complete list of classification models obtained per assay is provided as comple-

mentary material. It can be requested by emailing cvelasquez@unal.edu.co or consulted at

Complementary material.

https://drive.google.com/drive/folders/1tFVS_yAXbx3a19sg3Et7fahDi_fTaxsM?usp=drive_link
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[14] Amat Rodrigo, Joaqúın: Machine Learning con R [online]. 2017. – Accessed on

August 3rd, 2024

[15] Anagnostis, A.; Tagarakis, A.C.; Asiminari, G.; Papageorgiou, E.; Kateris,

D.; Moshou, D. ; Bochtis, D.: A deep learning approach for anthracnose infected

trees classification in walnut orchards. In: Computers and Electronics in Agriculture

182 (2021), S. 105998

[16] Arakeri, Megha. P.; Kumar, B. P. V.; Barsaiya, Shubham ; Sairam, H. V.:

Computer vision based robotic weed control system for precision agriculture. In: 2017

International Conference on Advances in Computing, Communications and Informat-

ics (ICACCI), 2017, S. 1201–1205

[17] Arendse, Ebrahiema; Fawole, Olaniyi A.; Magwaza, Lembe S. ; Opara, Umezu-

ruike L.: Non-destructive prediction of internal and external quality attributes of fruit

with thick rind: A review. In: Journal of Food Engineering 217 (2018), S. 11–23

[18] Arivazhagan, S.; Ligi, S.V.: Mango leaf diseases identification using convolutional

neural network. In: International Journal of Pure and Applied Mathematics 120

(2018), S. 11067–11079

[19] Ashraful, A.; Kumar, A. S. ; Mahtalat, A.: Morphological characterization of

Colletotrichum gloeosporioiedes identified from anthracnose of mangifera indica L. In:

Asian Journal of Plant Pathology 11 (2017), Nr. 3, S. 102–117



186 Bibliography

[20] Attri, Ishana; Awasthi, Lalit K.; Sharma, Teek P. ; Rathee, Priyanka: A review

of deep learning techniques used in agriculture. In: Ecological Informatics 77 (2023),

S. 102217

[21] Avendano, J.; Ramos, P.J. ; Prieto, F.A.: A system for classifying vegetative

structures on coffee branches based on videos recorded in the field by a mobile device.

In: Expert Systems with Applications 88 (2017), S. 178–192. – ISSN 0957–4174
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[59] Gómez-Sanchis, J.; Blasco, J.; Soria-Olivas, E.; Lorente, D.; Escandell-

Montero, P.; Mart́ınez-Mart́ınez, J.M.; Mart́ınez-Sober, M. ; Aleixos, N.:

Hyperspectral LCTF-based system for classification of decay in mandarins caused by

Penicillium digitatum and Penicillium italicum using the most relevant bands and

non-linear classifiers. In: Postharvest Biology and Technology 82 (2013), S. 76–86

[60] Hamuda, Esmael; Glavin, Martin ; Jones, Edward: A survey of image processing

techniques for plant extraction and segmentation in the field. In: Computers and

Electronics in Agriculture 125 (2016), S. 184–199

[61] Herbario Universidad Distrital, UDBC. Gúıa para la Recolección y Preser-
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