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Abstract

Remote sensing is one of the technologies with the potential for precision agriculture ap-

plications. Remote sensing systems include passive sensors, such as multispectral and hy-

perspectral sensors, which measure the energy reflected or emitted by a surface along the

electromagnetic spectrum. Remote sensing allows monitoring large areas in less time than

regular soil analysis processes. Several studies have demonstrated the potential of spectral

data to crop stress conditions. However, most of these studies are limited to spectral signatu-

res taken in situ. Some works estimate crop conditions from multispectral and hyperspectral

images, but most use vegetation indeces, which do not take full advantage of the spatial and

spectral data captured by spectral cameras. Despite the continuing development of precision

agriculture based on remote sensing, there is still ample scope for further studies to meet the

agricultural sector’s needs. This thesis focuses on the extracting information from spectral

data to detect crop stress conditions. The study was developed in two scales. The first one

seeks the spectral characterization of stressed crops from spectral signatures collected in situ.

The second one studies the capacities and limitations of remotely captured spectral imagery

for stress detection, considering spatial information. This work developed a framework for

water and nutritional stress detection using crop signatures combining the capabilities of

either band ratios, discriminative bands, or the full spectra with supervised classifiers to

detect water and nutritional deficiencies from spectral signatures. In a second approach, this

work studied the capabilities of spectral imaging for crop stress detection. The main objective

of this stage was to integrate the spatial information provided by spectral imagery into the

framework developed in the first stage. The proposed method was evaluated using images

with various spatial and spectral resolutions. The results show that using the full spectral

signature instead of vegetation indices significantly improves stress detection. Support vector

machines or neural networks using complete spectral signatures obtained detection accura-

cies of up to 98% for common bean, 88% for maize, and 75% for avocado crops. These

percentages vary according to type, stress level, and genotype. The main challenge in using

spectral signatures is data collection since it requires extensive fieldwork. As an alternative,

we evaluated a methodology with multispectral images of only ten bands, which facilitates

data acquisition, achieving 88% and 70% stress detection accuracy in common beans and

maize.

Keywords: Remote Sensing, Spectral Response of Vegetation, Machine Learning,

Dimensionality Reduction and Band Selection.
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1 Introduction

The world population is projected to increase by more than a third or 2.3 billion people

between 2009 and 2050. It represents an increasing demand for food production estimated

at 70% [1]. The traditional method to increase agricultural production is to expand cultiva-

tion areas [2, 3]. However, several adverse effects are presented with land-use change, such as

loss of biodiversity, increased sensitivity of crops to disease, and increased use of pesticides,

among others [1].

Spectrometry is increasingly used in precision agriculture for crop monitoring due to its

benefits such as non-destructive test measurements and fast results [4]. Spectrometers, mul-

tispectral, and hyperspectral cameras (all hereafter referred to as spectral sensors) can be

used for agricultural studies. Spectral sensors enable the measurement of radiation emitted

and reflected by a surface across the electromagnetic spectrum. Spectrometers, a type of

spectral sensor, can provide high-resolution measurements of the spectral response of a sur-

face. These measurements are often taken directly on the surface being analyzed, allowing

for precise and accurate data collection [5]. Instead, multispectral and hyperspectral cameras

combined spectrometer capabilities with imagery, collecting spatial and spectral information

[6]. These technologies offer great possibilities for vegetation studies since the plants have

a characteristic spectral response that changes according to the phenological state, health,

and environmental variables [7].

Water and nutritional stress detection from spectral data is usually based on vegetation

indices. Although these have a low computational cost, they do not consider all the informa-

tion the spectral signature provides along the electromagnetic spectrum. In the literature,

parametric and nonparametric approaches are also found for crop stress estimation. Pa-

rametric models seek to estimate physical variables related to crops. However, these are

computationally costly and difficult to validate. Finally, nonparametric techniques such as

linear regression, principal component analysis, and machine learning techniques have been

explored for crop stress detection [8].

Machine learning approaches are of interest for this work. This research evaluates the ca-

pabilities and limitation of spectral data by combining either band indices, discriminative

bands, or the full spectra with machine learning approaches to detect abiotic stress in diffe-

rent crops (e.g., avocado, maize, and beans). Evaluated spectral data included spectrometry
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(close-range spectral signatures) with a high spectral resolution, and spectral imagery with

ten bands; the different kind of data allows to determine the effects of scale in the stress

detection problem.

1.1. Justification

The agricultural sector must face several challenges, including optimizing land use, increa-

sing production, reducing the effects of climate change, and decreasing the adverse effects of

agricultural techniques such as monoculture, overuse of fertilizer, and inadequate irrigation

systems [9]. Therefore, precision farming technologies, which integrate sensor and crop infor-

mation systems, are increasingly used. Precision agriculture seeks to improve productivity

and cost-effectiveness and reduce the environmental impact of excessive chemical use [10].

Crop monitoring allows yield and quality prediction, providing timely information to optimi-

ze crop performance. However, measuring moisture and nutrients has several difficulties due

to the variability of the topography, droughts, floods, air currents, and crop cycles, among

other factors [11]. It has been reported that crop condition detection results may vary from

season to season due to abiotic conditions [12]. The works of [13, 14, 15] presented satisfac-

tory results, above 85% of success, for hydric stress estimation under controlled conditions.

Due to the need to optimize crops [16] and the constant development of technologies, there

is a growing interest in developing and implementing precision agriculture technologies [17].

One of the technologies used in precision agriculture [18] is remote sensing [19]. Remote

sensing includes systems, sensors, and techniques that remotely measure physical variables

from a surface, enabling extensive area coverage and avoiding invasive measurements [5, 4].

Some remote sensing systems are passive sensors, such as multispectral and hyperspectral

sensors, which measure the energy reflected or emitted by a surface along the electromagne-

tic spectrum. Multispectral sensors capture this information in tens of board bands. Instead,

hyperspectral sensors measure radiance in hundreds of narrow bands [5, 4].

Remote sensing allows monitoring large areas in less time than regular soil analysis proces-

ses [11, 20]. Current remote sensing applications in precision agriculture are cover mapping,

vegetation identification, and change detection [21]. It is also used to detect water sources,

leaf color intensity changes, crop temperature changes, estimate nutrient abundance, and

perform plantation mapping [22].

Several studies have demonstrated the potential of spectral data to detect cropscrop stress

conditions [23, 24, 25]. Most of these studies are limited to spectral signatures taken in si-

tu [26, 27], and some works estimate crop conditions from multispectral and hyperspectral

images [28]. However, most use vegetation indices [29, 30, 31, 32], which fail to take full
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advantage of the spatial and spectral data captured by spectral cameras [33, 34]. The ad-

vantages of integrating spatial information from spectral images into the classification and

estimation process have been identified. It be related to texture information with which dis-

criminating features can be added [35].

Despite the continuing development of precision agriculture based on remote sensing, there is

still ample scope for further studies to meet the agricultural sector’s needs. Decision-making

technologies are required to predict and implement corrective actions to optimize crop yield

[36]. Multispectral and hyperspectral imagery can provide helpful information for crop ma-

nagement. Besides, a contribution can be generated to develop new techniques to consider

the spatial and spectral information provided by spectral imagery [33, 34], and establish the

limits of these technologies to detect stress in crops.
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1.2. Objectives

1.2.1. General Objective

To develop a method for detecting water and nutritional stress in crops based on in situ

spectrometry and remote sensing imagery, in the visible to the near-infrared range, conside-

ring spatial-spectral information.

1.2.2. Specific Objectives

1. To characterize the spectral signature of crops under the effect of abiotic limiting fac-

tors, such as water and nutritional deficiency, using spectrometry in the visible to the

near-infrared range and feature selection techniques.

2. To develop a method for detecting water and nutritional stress of crops based on

spectral imagery considering spatial-spectral information using machine learning and

computer vision methods.

3. To evaluate the method for detecting abiotic limiting factors from spectral data using

real data from field crops.

1.3. Contributions

The following is a list of publications related to the development of this thesis, including

publications obtained as part of the research internship:

1. Torres-Madronero, M. C., Goez, M., Guzman, M. A., Rondon, T., Carmona, P., Acevedo-

Correa, C., ... & Casamitjana, M. (2022). Spectral library of maize leaves under nitro-

gen deficiency stress. Data, 8(1), 2. https://doi.org/10.3390/data8010002.

2. Lopez, A. C. C., Goez Mora, M. M., Torres-Madronero, M. C., & Velez-Reyes, M. (2023,

June). Using hyperspectral unmixing for the analysis of very high spatial resolution

hyperspectral imagery. In Algorithms, Technologies, and Applications for Multispec-

tral and Hyperspectral Imaging XXIX (Vol. 12519, pp. 277-284). SPIE.

https://doi.org/10.1117/12.2666074.
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3. Carmona-Zuluaga, P., Torres-Madronero, M.C., Goez, M., Rondon, T., Guzman, M.,

Casamitjana, M. (2023). Abiotic Maize Stress Detection Using Hyperspectral Signa-

tures and Band Selection. In: Narvaez, F.R., Urgiles, F., Bastos-Filho, T.F., Salgado-

Guerrero, J.P. (eds) Smart Technologies, Systems and Applications. SmartTech-IC

2022. Communications in Computer and Information Science, vol 1705. Springer, Cham.

https://doi.org/10.1007/978-3-031-32213-6-35.

The following manuscripts are currently under evaluation:

4. Low-cost clamp for the measurement of vegetation spectral signatures. C. Acevedo-

Correa, M. Goez, M.C. Torres-Madronero, T. Rondon. Sometido a Hardware X (No-

viembre 2023).

5. Characterization of crops under abiotic stress factors using spectral signatures on the

visible to near-infrared. M. Goez, M.C. Torres-Madronero, T. Rondon, M.A. Guzman,

M. Casamitjana, J.M Gonzalez. Sometido a International Journal of Remote Sensing

(Abril 2024).

In addition, the following conferences were presented:

6. Use of normalized difference vegetation index to assess nitrogen status in maize plants

and grain yield prediction. Manuel Guzman, Maria Casamitjana, Tatiana Rondon,

Maria Torres, Carolina Zuluaga, Manuel Goez. VII CBRG Congresso Brasileiro de

Recursos Geneticos. 8-11 Noviembre 2022.
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2.1. Precision Agriculture and Remote Sensing

Precision agriculture refers to using advanced systems and techniques to optimize agricultu-

ral activities. This research area expands the frontiers of agricultural science by integrating

knowledge fields such as engineering, computer science, economics, and social sciences [37],

which aims to address the sector’s current challenges, such as economic pressure, market

behavior, and policies promoting sustainable agriculture [38]. It achieves this by monitoring,

estimating, and controlling agricultural conditions, using spatial data related to crops, soil

properties, and environmental factors to improve agricultural yields [35].

Despite the advantages of precision agriculture, its use in crops is limited. The implementa-

tion of precision agriculture requires high labor costs and the installation and maintenance

of specialized equipment [39]. In this way, remote sensing becomes attractive because it can

acquire spatial data from large crop areas faster and more effectively [40]. Remote sensing

allows for timely decision-making and has enormous potential for application and develop-

ment for precision agriculture [41, 42].

Remote sensing has applications in cartography, climate monitoring, defense and security,

planetary exploration, mining, and agriculture [5, 4]. Remote sensing systems include passive

and active sensors; passive sensors, like hyperspectral and multispectral cameras, measure

the energy reflected and emitted by a surface along the electromagnetic spectrum [5]. Mul-

tispectral systems have tens of spectral board bands. Instead, hyperspectral imagery collects

hundreds of narrow bands. Usually, multispectral systems are less expensive than hypers-

pectral sensors. However, selecting multispectral systems requires knowing relevant spectral

features [43]. On the other hand, hyperspectral image processing involves higher computatio-

nal costs due to the high dimensionality of the data [44].
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2.2. Abiotic Limiting Factors in Crops

Several factors limit the normal development of plants, affecting their growth, productivity,

and even survival [45]. These factors may be evidenced early by altered spectral responses

of the plant [46]. Limiting factors in vegetation are classified as (Figure 2-1) biotic factors,

associated with the adverse effects produced by living beings, such as fungi and pests; and

abiotic factors, related to nutritional deficiencies, and the environmental effects caused by

rain, drought, temperature, and wind [47].

Figure 2-1: Most common abiotic and biotic factors of plant

The most common abiotic limiting factors in plants are water and nutritional deficiencies.

Crop water stress occurs when atmospheric demand exceeds the soil water supply [48]. Water

potential measurement is one indicator used to evaluate water stress [49]. However, hydric

deficiencies are difficult to measure with conventional equipment, as the values can vary ac-

cording to the time of day [49]. Water stress closes the stomata and impedes photosynthesis,
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transpiration, and changes in leaf color and temperature [50]. On the other hand, nutritio-

nal stress is directly related to the photosynthetic process that causes changes in reflection,

temperature, and vitality [51].

Soil moisture and nutrients are essential components for agricultural activities. However, con-

trolling these variables has several difficulties due to many factors that influence the amount

of water and nutrients, such as crop topology, droughts, floods, air currents, and crop cycles,

among others [10]. Therefore, it is necessary to obtain up-to-date data to make decisions on

crop management. The regular soil analysis procedure entails a high labor cost, which requi-

res sampling and laboratory analysis. Therefore, few samples are taken throughout the crop,

losing the level of detail of water and nutritional deficiencies [20]. Exploring new technologies

that allow periodic evaluations is necessary, which will lead to new effective practical and

rapid soil management methods..

Spectrometry, multispectral and hyperspectral imagery have been explored to detect water

and nutritional stress in several crops. The following is a review of the most common approa-

ches used for abiotic stress detection. Current spectral-based techniques can be classified into

Vegetation indices (VI), which are easy to implement with a low associated computational

cost, parametric methods for which a detailed study is required, and nonparametric methods

for which prior data is necessary to perform the regression optimally.
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2.3. Vegetation Spectral Signature

Information on plant components is obtained by analysis of reflectance spectral signatures

acquired from the reflected solar spectrum. Considerable knowledge is available on the op-

tical signatures of vegetation obtained through extensive field and laboratory spectroscopic

analyses [52, 53]. Vegetation spectral signatures are a function of the optical properties of

biogeochemical constituents, moisture status, and leaf elements’ size, shape, and geometry

[54]. The vegetation spectral signature represents the dynamic in the plants; these are a rela-

tionship among climate, plant structure, and vegetal function. Some intrinsic characteristics

change the spectral response, like leaf anatomy, vascular tissues, photosynthetic processes,

stomal, mesophyll, and canopy conductance. The spectral response of vegetation presents a

complex but characteristic behavior (see Figure 2-2). The visible region of the vegetation

spectral signature has a low reflectance due to pigments, such as chlorophyll a and b, carote-

ne, and xanthophyll. Due to chlorophyll, green vegetation presents absorption peaks around

420, 490, and 660 nm [55].The red border region between 690 and 720 nm is a critical feature

of vegetation’s spectral signature. Within this region, there is a significant increase in low

red reflectance around 800 nm. This behavior is linked to leaves’ internal structure and and

their water content [55]. In the near-infrared region (700 to 1300 nm), plants have a high

reflectance whose intensity depends on the internal leaf structure. The mid-infrared region

(1300 to 2500 nm) is characterized by water absorption and the content of other biochemical

compounds.

Figure 2-2: Vegetation spectral signature
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A plant’s spectral signature can change due to factors like growth stage, stress conditions,

and irradiance. [21]. The spectral response and its relationship with different phenological

and stress states and environmental and geographical conditions have been widely researched

[56, 57, 58]. For example, the advantages and disadvantages of various optical proximal and

remote sensing techniques for vegetation stress detection were evaluated in [58]. This study

included proximal sensors, UAVs, and airborne and spaceborne sensors with different spatial

resolutions. Behalf, [7] estimated irrigation levels with an RMSE closes to =0.015.

The analysis of vegetation spectral signatures is categorized into three approaches: methods

based on vegetation indices [43], parametric models [7, 59, 60], and nonparametric models

[23, 61, 62, 63] There methods Will be described bellow.

2.3.1. Vegetation indices and Band Ratios for Abiotic Stress

Detection

Vegetation indices use limited spectral bands to compute band ratios correlated with pheno-

logical phenomena or stress factors. This approach uses between two and four bands and has

a low computational cost [64]. An extended review is presented in [43]. Vegetation indices

are used to predict leaf area, chlorophyll content, plant water content, biomass, and yield [43].

Using vegetation indices requires careful studies of the strengths and limitations for detec-

ting and estimating plant conditions [35]. For instance, the normalized difference vegetation

index (NDVI ) is widely used in modern agriculture. This index is based on the reflectance

in the near-infrared and part of the red [65]. Other indices commonly used in agriculture

for the study of agronomic traits include: the crop water mass index (CWMI ), which is

highly related to the water content of the maize canopy [66]; the greenness (GRE ) asso-

ciated with plant chlorophyll content [67]; the plant senescence reflectance index (PSRI )

and the photochemical reflectance index PRI ) correlated with irrigation and fertilizer levels

[64]; chlorophyll index (CI ) [68], modified soil adjusted vegetation index(MSAVI ) and op-

timized soil adjusted vegetation index (OSAVI ) [16] are used for the estimation of nitrogen

status; among others. Table 2-1 summarizes vegetation indices and their use in abiotic stress

detection.
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Index Equation
Type

of crop
Data

Abiotic

stress
Ref

Normalized Difference

Vegetation Index [65]

. NDVI =

RNIR −RR

RNIR +RR

Maize Spectrum Water [22]

Wheat Spectrum
Water /

Nitrogen
[25]

Maize UAV Water [29]

Ratio Vegetation

Index [69]

. RVI =

RNIR

RR
Maize UAV Nitrogen [70]

Optimized

Soil-adjusted

Vegetation Index [71]

. OSAVI =

(RNIR −RR) ∗ 1,16
RNIR +RR + 0,16

Maize Spectrum Water [22]

Wheat Spectrum
Water /

Nitrogen
[25]

Modified Chlorophyll

Absorption in

Reflectance Index [72]

. MCARI =

(RNIR −RR) ∗RNIR

RR

−

0,2(RNIR −RG) ∗RNIR

RR

Wheat Spectrum
Water /

Nitrogen
[73]

Land Surface Wetness

Index [74]

. LSWI =

RNIR −RSWIR

RNIR +RSWIR
Wheat Satellite Water [28]

Normalized Difference

Water Index [75]

. NDWI =

R819 −R1243

R819 +R1243
Potato Spectrum Water [7]

Normalized Difference

Infrared Index [76]

. NDII =

R819 −R1649

R819 +R1649
Potato Spectrum Water [7]

Moisture Stress Index

[77]

. MSI =

R1600

R820
Potato Spectrum Water [7]

Red Edge Vegetation

Stress Index [78]

.

RVSI =

R714 −R752 − 2 ∗R733

2
Wheat Spectrum Nitrogen [79]
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Normalized Difference

Red Edge Index [80]

. NDRE =

RNIR −RRE

RNIR +RRE

Maize UAV Nitrogen [70]

Canopy Chlorophyll

Content Index [80]

. CCCI =

NDRE

NDV I

Maize UAV Nitrogen [70]

Green Normalized

Difference Vegetation

Index [81]

. GNDVI =

RNIR −RG

RNIR +RG

Maize Spectrum Water [22]

MERIS Terrestrial

Chlorophyll Index

[82]

. MTCI =

RNIR −RRE

RRE −RR

Beans

/

Maize

Satellite Water [83]

Chlorophyll

Estimation Red Edge

Index [67]

. CI-rededge =

RNIR

RR

− 1
Maize UAV Nitrogen [70]

Chlorophyll

Estimation Green

Index [84]

. CI-green =

RNIR

RG

− 1
Maize UAV Nitrogen [70]

Carotenoid

Reflectance Index [85]

. CRI =

1

RG

+
1

RNIR

Potato Satellite Nitrogen [86]

Table 2-1: Examples of vegetation indices and band ratios for abiotic stress detection. NIR:

Near Infrared; RE: Red Edge; G: Green; R: Red; SWIR: Shortwave Infrared.

Vegetation indices’ main advantage is their low computational cost; they can be easily calcu-

lated from the spectrum and multispectral and hyperspectral data. Despite their extensive

use, vegetation indices use a limited subset of spectral bands [54]. They do not take advan-

tage of all information from the spectral signatures or the spatial information provided by

the spectral images.
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2.3.2. Parametric Models

Parametric models are created by developing a response that describes the crop’s characteris-

tics based on its spectral response, which explores the light interaction with plants regarding

their biophysical characteristics [59]. Biophysical models describe spectral variation as a fun-

ction of land cover, leaf, and soil characteristics [59]. Estimating biophysical characteristics

depends on an inversion process, which minimizes the difference between actual and simula-

ted data.

Among the biophysical models are: the SAIL model [87], for bidirectional reflectance of the

vegetation cover; PROSPECT [59], which models the optical properties of the leaves; and

Hydrus-1D [88], a one-dimensional finite element model for simulating the movement of wa-

ter, heat, and multiple solutes in soil. [60] compared vegetation indices and the PROSPECT

model for estimating leaf chlorophyll content. In [89], a framework based on vegetation

indices and biophysical model inversion is proposed to estimate leaf area index, total chlo-

rophyll content, and water content from Terra and Aqua MODIS multispectral satellite data.

Furthermore, [7] presented a study to assess water stress in potato crops using Hydrus 1-D.

Previous work has shown that the inversion model from spectral data is: (1) computatio-

nally expensive if the complex characteristics of the plants are included, (2) several of the

parameters are interrelated, which makes it difficult to estimate them, and (3) the spatial

resolution of the cameras limits the information available for the inversion model [21].

2.3.3. Nonparametric Models

Unlike parametric models, nonparametric models do not require assuming relationships bet-

ween bands, knowing the data distribution, or including physical parameters. In this sense,

new techniques to characterize crops based on methods such as regression, random forest,

neural networks, k-nearest neighbors, and support vector machines are found in the litera-

ture [61, 63, 90, 91].

Previous studies have used regression models to estimate water stress. For instance, partial

least-square regression is used to estimate water stress in potatoes [92], grapefruit [93, 94],

leafy vegetables [92], wheat [95], and lettuce [96]. Other regression models, such as support

vector [92] and ridge regression [97], are also found in crop monitoring applications. Most of

these studies used spectral signatures [92, 95, 98], and a few spectral images [99]. The random

forest is also explored in the literature to select a set of relevant spectral bands to estimate

water [61] and nitrogen [100] deficiencies. Moreover, principal component analysis obtained a

new representation space where water stress is detected for lettuce crops [101] and grass [23].
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Most stress detection methods use spectral signatures measured in situ. Supervised classifier-

based approaches are found in the literature for crop stress detection using spectral imagery,

mainly for the detection of water deficiencies [90, 91, 102, 94, 103, 104, 105]. These approaches

have two stages: first, a feature extraction/selection technique based on either spectral band

selection or band ratios; second, a classification algorithm is applied to detect crop stress.

Next, a brief review of methods for feature extraction/selection techniques and classification

of spectral data is presented.

2.3.4. Feature Extraction/Selection Approach for Crop Stress

Detection

Figure 2-3 (a) presents a graphical representation of the concept of spectral imagery. A spec-

tral cube has two spatial dimensions (axes x and y) and a third dimension corresponding to

spectral information. Figure 2-3 (c) represents the multispectral sensor bandwidth. Instead,

hyperspectral imagery captures hundreds of narrow bands that obtained signature. as shown

in Figure 2-3 (a). However, the high dimensionality of hyperspectral data involves a strong

correlation among bands, The challenges posed by high-dimensional data, such as hypers-

pectral signatures, are called the Curse of Dimensionality phenomenoon in machine learning

[104]. Usually, band ratios and spectral band selection approaches are used for spectral image

processing to mitigate this phenomenon.

Figure 2-3: Spectral Signature Representation (a) Illustration of a Multispectral Cube.

(b) Spectral Signature. (c) Bandwidth Representation.
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As presented in previous sections, vegetation indices, and band ratios are agricultural appli-

cations’ most common feature extraction approaches. However, subset band selection techni-

ques can extract relevant and discriminative information from spectral data. Usually, these

bands are selected such that changes between wavelengths are most prevalent [105]. Most

subset band selection approaches require specifying the number of bands beforehand, but

these techniques reduce the computational cost of hyperspectral data processing [106].

There are different techniques for band selection; these can be classified into supervised

and unsupervised learning. Unsupervised techniques [106] seek to identify spectral bands

with relevant statistical information and variability from hyperspectral data [107], such as

maximum-variance principal component [108], fast density peak-based clustering [109], and

information divergence [110]. Other techniques are based on iterative band removal, eli-

minating bands with little relevant information, such as Gaussian process regression [111],

partitioned band image correlation, and capacitary discrimination [112].

In agricultural applications, some dimensional reduction techniques have been used for crop

stress detection. For example, [90] used random forest and extreme gradient boosting for

dimensional reduction and classification of hyperspectral imagery from grapefruit crops with

water stress. However, more studies using band selection approaches for spectral characte-

rization of crops are still needed because of spectral differences depending on the type of

crop, season, and environmental conditions [113]; on the other hand, ideal bands should be

selected according to the phenomenon under study (e.g., stress, diseases, phenology). For

example, if the purpose of the study is to identify the presence of stress due to heavy metals,

the ideal band is 1650 nm [114] , but for pigment detection, the outstanding bands are 450,

515, 550, 570, and 650nm for crops such as wheat, maize, rice, barley [115].
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2.4. Spectral Image Classification

Machine learning in precision agriculture helps to detect crop stresses or to quantify their

effects. The most common machine learning techniques used for vegetation spectral analy-

sis are supervised approaches such as support vector machines (SVM) [6], random forest

(RF) [61], neural networks (NN) [116, 117, 118], and deep learning [119]. SVM is widely

used in remote sensing applications since obtains satisfactory results without representing a

high computational cost [6]. The main challenge with applying supervised machine learning

techniques in precision agriculture requires a significant amount of labeled data. Collecting

labeled samples is generally difficult, expensive, and time-consuming [120].

Some supervised classifier examples applied to crop stress detection can be found in the lite-

rature [121, 122]. For example, an NN based on near-infrared reflectance is used in [121] and

[122] for nitrogen stress detection in rice and wheat crops, respectively, and this classifier is

used for water status estimation in vineyards in [123]. An SVM was used in [124] for water

stress detection in wheat crops. Highlights in previous work the combination of machine

learning with vegetation indices [123, 125].

Most of machine learning methods for detecting crop stress from spectral images only utilize

spectral information. Only a few techniques incorporate spatial information into the analy-

sis [104]. Several authors highlighted the importance of integrating spatial information in

spectral image processing [126, 127, 128]. Spatial-spectral image processing takes advantage

of both sources of information (spectral and spatial), improving the classification process

[126, 127, 128] and mitigating isolated false points [16]. Studies have shown that the im-

provement in classification is provided by the pixels’ spatial relationship [126, 127, 128].

Besides, it is essential to note that spatial information inclusion reduces the required labeled

data [127]. Particularly within the scope of this study, to the best of our knowledge, only

in [104] integrated spatial information through gray-level texture features for water content

estimation on grapefruit.

High-performance machine learning techniques have recently been implemented in remote

sensing and are growing steadily[129]. In particular, deep learning has shown promising

results with high-performance indicators [130]. In particular, the detection of limiting factors

in plants has shown increased incursion [131]. However, the need for a significant number of

reliable, low-noise labeled data for proper training limits their practical application [131, 2,

16] so in this particular study they were not included as within the framework of the project

the data acquisition protocols for both the spectrometer and multispectral cameras were

developed, which introduces a level of uncertainty associated with the experimental trials,

limiting the data available to ensure proper use of these techniques.
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Figure 3-1 presents the overall methodology for spectral signature analysis, which looks to

detect stress on the plant using only spectral information (specific objective 1). Spectral

analysis methodology considers the natural variation in the spectral response according to

the species and genotypes [132]. An unsupervised feature selection process uses discrimi-

native bands and vegetation index as input to determine the most relevant characteristics.

Standard supervised classifiers were used for stress detection to generalize the approach to

other studies. This first approach is a processing scheme that identifies stress conditions in

spectral signatures.

Figure 3-1: Spectral signatures processing methodology.

Once spectral signatures are analyzed, this work explores the capabilities of multispectral

imagery. Multispectral cameras collect valuable spatial and spectral information (specific

objective 2). Figure 3-2 presents a flowchart for the proposed approach for spectral image

analysis for stress detection. Note that both methodologies are very similar (Figure 3-1 and

3-2). However, the image analysis approach includes spatial information in the processing.

The following sections present the description of the experiments on maize, bean, and avo-

cado crops, the acquisition of spectral data (signatures and images), their preprocessing

(calibration, filtering, labeling), as well as the methods used for discriminant band selection,

feature selection, and classification for stress detection. The vegetation indices employed in

this study are those described in Table 2-1. The results of the spectral signature analysis are

presented in Chapter 4, and the images in Chapter 5. Then, both approaches are compared,
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Figure 3-2: Spatial-spectral image processing methodology.

identifying potentials and limitations (specific objective 3).

Note: All performance tests were performed on a single computer with Intel(R) Core(TM)

i9-9900K CPU @ 3.60GHz, 64.0 GB RAM HDD,1 TB; operating system: Windows 10 Pro

64-bit, MATLAB R2022b.
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3.1. Crops Description

The datasets used in this project were acquired by the research program Intelligent Systems

for Monitoring Permanent and Transitional Crops (grant RC 475-2020 Minciencias). They

include spectral signatures and multispectral and hyperspectral imagery collected over com-

mon beans, maize, and avocado. The dataset was acquired over crops with some controlled

conditions on trials established in Western Antioquia and North Cordoba (Colombia).For

the experimental development of the crops, this project relied on the knowledge, advice, and

experience of the co-investigators of the program associated with AGROSAVIA.

The first maize, common bean, and avocado trails were in La Selva Research Center of

AGROSAVIA in Rionegro (Antioquia, Colombia) (06◦08’06”N; 75◦25’03”W, 2093 m.a.s.l.).

This area has an average annual temperature of 17 ◦C, precipitation of 1917 mm, relative

humidity of 78%, daylight of 1726 h yr -1, and evapotranspiration of 1202 mm. The study

site is in the Low Montane Humid Forest (bh-MB) ecological life zone, in the Rionegro As-

sociation cartographic unit on a low alluvial terrace of the Rionegro River [133].

The other study site was in the Turipana Agricultural Research Center of AGROSAVIA, lo-

cated in the Sinu Valley (Cerete, Cordoba, Colombia) (08◦51’04”N; 75◦49’05”W, 14 m.a.s.l.).

This area has an average annual temperature of 29.7 ◦C, precipitation of 1280 mm, relative

humidity of 80%, daylight of 2190 h yr -1, and evapotranspiration of 1329 mm. The study

site is essentially flat without significant elevations [134].

3.1.1. Bean under phosphorus-deficiency stress (Cerete 2022)

The bean trial was conducted at the Turipana Agricultural Research Center. Two commer-

cial genotypes of bush beans were studied (Table 3-1). The plants were cultivated under

two phosphorus pentoxide fertilization treatments: 100% (T1) and 50% (T2) of estimated

crop requirements based on genotypes, expected yield, and initial soil conditions. The do-

ses were determined by soil chemistry analysis before the experimental setup, obtaining 180

kg of N, 92 kg of P, and 148 kg of K. This information was used to establish the doses applied.

The studied bush beans include two commercial The soil was previously sterilized and freed

of weed seeds and pathogens. Table 3-2 describes the soil’s physical and chemical characte-

ristics in the experimental trial’s establishment plot under initial conditions before applying

the treatments. Table 3-3 shows the fertilizer sources used for the mixtures and the base

dose from which the restrictions were calculated. The quantity of fertilization applied was

divided into two parts, 50% at planting and 50% 15 days after, due to the fertilization

management recommendations of the crop. Crop fertilization was applied in bands along the

planting row.
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Id Genotype Description

G1 MUNGU Commercial

G2 CAUPI Commercial

Table 3-1: Description of Cerete bean genotypes.

C. TEXTURE pH C.E dS.m-1 MO (%) CO g/100g P mg/kg

Substrate Franco (F) 5.58 0.87 3.0 1.74 19.49

Table 3-2: Soil physical and chemical characteristics E.C.: electrical conductivity; MO: orga-

nic matter content; CO: organic carbon; P: total available phosphorous content.

The experimental design was arranged in a randomized complete block with a split-plot

arrangement and three replications for 12 plots (Figure 3-3(a)). Each plot included 300

plants of the same genotype, considering six furrows per plot of 10 m length spaced 0.2 m

apart. The spacing between each replica was 2 m (Figure 3-3). The distribution of genoty-

pes within each replication was randomly arranged. The crop was established in the field on

October 22, 2022.

Fertilizer Kg/ha

UREA 151

Diammonium Phosphate 58

15-15-15 52

potassium sulfate 120

Table 3-3: Fractional dosage 50% at planting and 50% 15 days after planting.
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Figure 3-3: (a) Distribution (50%, 75%, 125% y 150%) of plots according to genotype,

repetition, and treatment. (b) Bean Crop. (c) Photograph of a row of plants of

the same genotype and treatment.
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Id Genotype Description

G1 V117 Experimental

G2 P121 Experimental

Table 3-4: Description of Cerete maize genotypes.

C. TEXTURE pH C.E dS.m-1 MO (%) CO g/100g NT (%)

Substrate Franco (F) 5.58 0.87 3.0 1.74 0.15

Table 3-5: Soil physical and chemical characteristics E.C.: electrical conductivity; MO: or-

ganic matter content; CO: organic carbon; TN: total nitrogen content.

3.1.2. Maize under nitrogen-deficiency stress (Cerete 2022)

One of maize trials was conducted at the Turipana Agricultural Research Center. Like bean,

the trial included two experimental genotypes (Table 3-4). But the plants were cultivated

under two nitrogen fertilization treatments: 100% (T1) and 50% (T2). The premliminary

soil chemistry analysis established, 193.8 kg of N, 74.6 kg of P, and 178.8 kg of K as the

basis to compute the dosages.

Table 3-5 describes the soil’s physical and chemical characteristics before treatments, and

Table 3-6 shows the fertilizer sources. The quantity of fertilization was divided into two

applications : 70% at planting and 30% 30 days after.

The experimental design was also arranged in a randomized complete block with a split-

plot arrangement and three replications for 12 plots (Figure 3-4(a)). Each plot included

300 plants of the same genotype, considering six furrows per plot of 10 m length spaced

0.2 m apart. The spacing between each replica was 2 m (Figure 3-4). The distribution of

genotypes within each replication was randomly arranged. The crop was established in the

field on September 28, 2022.

Fertilizer Kg/ha

UREA 193.8

Diammonium Phosphate 74.16

Potassium Sulfate 176.6

Table 3-6: Fractional dosage is 70% at planting and 30% 30 days after planting.
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Figure 3-4: (a) Distribution of plots according to genotype, repetition, and treatment. (b)

Maize Crop on 27/10/2022. (c) Maize Crop on 10/11/2022.

3.1.3. Maize under nitrogen-deficiency stress (Rionegro 2022)

The second trial was established at La Selva Research Center (Rionegro) in 2022. This trial

incorporated ten genotypes, including experimental and commercial seeds from several com-

panies, and different grain colors (see Table 3-7). The plants were cultivated under different

nitrogen fertilization treatments: 25% (T1), 50% (T2), 75% (T3), and 100% (T4) of the

optimum level determined by soil analysis [135].

According to the experimental design, the soil used in the study was sterilized and treated

to remove any unwanted weed seeds or pathogens. The physical and chemical properties of

the soil before treatment application are presented in Table 3-8 . Table 3-9 provides infor-

mation on the sources of fertilizer used in the mixtures and the base dose used to calculate

the restrictions. The total amount of fertilizer was divided into two parts, with 70% being

applied at the time of planting and the remaining 30% being applied 30 days.

The experimental design was arranged in a randomized complete block with a split-plot

arrangement and three replications, where nitrogen doses were the main plots and genotypes
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Id Genotype Description

G1 P3041 Commercial

G2 DK415UTPRO Commercial

G3 DK7088 Commercial

G4 FNC8134 Commercial

G5 FNC8502 Commercial

G6 BIOMZn01 Commercial

G7 Synko Commercial

G8 V114/P535 Experimental

G9 V114/P528 Experimental

G10 P535/V114 Experimental

Table 3-7: Description of Rionegro maize genotypes.

C. TEXTURE pH C.E dS.m-1 MO (%) Da g.cm-3 PT (%)

Substrate Franco Limoso(FL) 5.58 0.34 18 0.55 67

Table 3-8: Soil physical and chemical characteristics E.C.: electrical conductivity; MO: or-

ganic matter content; Da: apparent density; PT: total porosity.

were the subplots, for a total of 120 plots (Figure 3-5(a)). Each plot included eight plants

of the same genotype, spaced 0.2 m apart, as shown in Figure 3-5(b). The spacing between

each plot was 0.8 m (Figure 3-5(c)). The distribution of genotypes within each replication

was randomly arranged. The crop was established in the field on April 5, 2022.

Fertilizer Kg/ha

UREA 193.8

Diammonium Phosphate 74.16

Potassium Sulfate 176.6

Table 3-9: Fractional dosage 70% at planting and 30% 30 days after planting.
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Figure 3-5: (a) Distribution of plots according to genotype, repetition, and treatment. (b)

Photograph of a row of plants of the same genotype and treatment. (c) Aerial

photograph of the experimental design area.
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3.1.4. Avocado under water-deficiency stress (Rionegro 2021)

In 2021, the La Selva Research Center (Rionegro) conducted a trial of Avocado using two

genotypes (Table 3-10). The trial involved grafting Hass avocado onto these genotypes at 13

months, which were chosen for their tolerance to climatic conditions and biological irrigation

in the region. The plants were grown under various water treatments, including 50% (T1),

75% (T2), 125% (T3), and 150% (T4) of the optimum level as determined by Dorado-

Guerra [136] for the production zone of the Antioquia department. The optimum level for

water was determined to be 222 ml per tree per day.

To ensure the irrigation levels applied for each experimental unit, the experiment was con-

ducted under controlled conditions in a greenhouse and with the protection of an anti-trips

net. The experimental design utilized in this study was a randomized complete block with

a 23-factorial treatment arrangement consisting of two genotypes and four levels of water

stress treatments (Figure 3-6 (a)). The experiment was replicated nine times, with each

experimental unit consisting of one seedling.

To subject the avocado plants to the water stress treatment, 20-liter plastic plant pots were

used after being disinfected with a 10% hypochlorite solution. The plant pots were filled

to 50% with a commercial inert substrate to ensure their sanitary quality and physical and

chemical properties (Table 3-11). The seedlings were removed from the nursery bags and

placed in the middle of the pots. The pots were finally filled with the same substrate, leaving

approximately 5cm from the edge of the pot. After planting, each plant was fertilized to en-

sure the necessary nutrients for the crop, following the fertilization dose shown in Table 3-12.

The plants were kept inside the greenhouse, separated by genotype, and the treatments were

randomly marked. However, the treatments were applied one month after the plants were

adapted to the greenhouse. During the adaptation period, the substrate moisture and field

capacity were monitored to determine the appropriate water dose for all plants. Before star-

ting the treatment application, the irrigation was stopped, and the soil tensiometers verified

that the substrate had reached the field capacity.

Id Genotype Description

G1 ANSS88 Endemic

G2 ANGUI52 Endemic

Table 3-10: Description of Rionegro avocado genotypes.
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Figure 3-6: (a) Distribution of plots according to genotype and treatment. (b) Aerial pho-

tograph of the experimental design.

C. TEXTURE pH C.E dS.m-1 MO (%) Da g.cm-3 PT (%)

Substrate Franco Limoso(FL) 5.58 0.34 18 0.55 67

Table 3-11: Soil physical and chemical characteristics E.C.: electrical conductivity; MO:

organic matter content; Da: apparent density; PT: total porosity.

Fertilizer Kg/ha

UREA 23.63

Diammonium Phosphate 20n-

15-15-15 26.67

potassium sulfate 1.3

Table 3-12: The fertilization dose was divided into two equal parts: half was applied when

sowing, and the other 20 days after sowing. The remaining fertilizer was used

three months later.
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3.2. Spectral Signature Acquisition

The spectra were collected using a FLAME S VIR NIR spectrometer integrated with 2 m

QP600-2-VIR-NIR optical fibers and an HL-2000-LL light source (all equipment, from Ocean

Insight ®). The spectrometer’s range is between 350 and 1000 nm, and it captures 2049

bands.

Figure 3-7: Spectrometer integration.

We used a customized clamp to integrate the spectrometer and light source (Figure 3-7.).

The tool was a 3D-printed clamp made of PLA material with a handle for easy manipulation.

The clamp fixed the leaf and two optical fibers, with one connected to the light source and

the other to the spectrometer (Figure 3-8). The fiber probes were placed 5 mm from the

surface, with an angle of 45◦ angles between the surface and the light, and the spectrometer

fiber was in a perpendicular position to the surface. The captured spectrum resulted from

an average of 10 measurements to improve the signal-to-noise ratio; the signatures were

measured over the central area of the adaxial face of the upper side of the third leave of

each plant. Black and white calibration spectra were collected before measurements on the

leaves. OceanView 2.0 software (Ocean Insight, Orlando, FL, USA) was used to capture and

calibrate the spectral signatures [135].
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Figure 3-8: Customized clamp (a) design. (b) prototype.

3.2.1. Preprocessing

The acquired signatures presented atypical values along the spectral bands because of the

inherent noise in the acquisition process (see Figure 3-9 ). A graphical analysis helped to

determine the spectral range with low noise levels, selecting only the spectral bands between

450 and 950 nm. Therefore, the high-noise bands were eliminated. In addition, a 10-point

sliding window filter was applied to smooth and maintain the signature waveform improving

the signal-to-noise ratio [137]. For instance, Figure 3-10 shows the effect of the window filter.

Once the signatures are filtered, it can be noted that some spectra have distortions and the

effects of foreign particles; this results in unexpected shapes for vegetation signatures. A two

- step automatic process was employed to remove the outliers. First, the standard deviation

for each group per treatment and genotype are computed. Then, spectral signatures falling

outside three standard deviations were eliminated, as shown in Figure 3-11(a). This process

is repeated, updating the standard deviation with the selected spectra. Figure 3-11(b) shows

the final results.

Figure 3-12 compares the original signatures and the resulting spectra after the prepro-

cessing. Atypical acquisitions and overexposed signatures are successfully eliminated to ob-

tain signatures without anomalies the main characteristics expected in vegetation signatures

[132].
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Figure 3-9: Highly noisy regions.
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Figure 3-10: ( a) Raw data (b) Filter data

Figure 3-11: (a) Results after the first selection using the standard deviation (b) Results

after the second step of selection using the standard deviation; the red lines

indicate the signatures filtered by each stage.
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Figure 3-12: Comparison between (a) original signatures and (b) pre-processed signatures

.
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3.3. Multispectral Image Acquisition

The multispectral images were collected using a MicaSense Dual Camera System (RedEdge-

MX and RedEdge-MX Blue sensors). The acquired images have 1280 x 960 pixels (1.2 MP per

band) and a radiometric resolution of 12 bits; these are stored as TIFF files. The MicaSense

system captures ten spectral bands between 430 to 813 nm (Table 3-13). The cameras were

mounted on a tripod at a height of 2.10 meters with an image resolution of 1.4 mm/Pixel

(Figure 3-14) , integrating both cameras to capture the images simultaneously.

Bands B1 B2 B3 B4 B5

RedEdge-MX red sensor [nm] 459-591 546-573 661-675 813-870 711-723

RedEdge-MX blue sensor [nm] 430-458 524-538 642-658 700-710 731-749

Table 3-13: RedEdge-Mx dual camera imaging system bands.

Figure 3-13: PLA-designed to integrate the tripod and cameras.

3.3.1. Image calibration

The MicaSense system includes a gray panel for image calibration. Before each image ac-

quisition, a multispectral image is collected over the panel; this image is used to calibrate

and transform raw values to reflectance. The image calibration includes building the spectral

cube, calculating calibration factors using the panel, and changing it to reflectance. First,

the ten images (one for each band) are sorted according to their wavelength (Table 3-14);

Then, the MicaSense radiometric calibration converts the raw values to radiance.
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Figure 3-14: Setting up the tripod for image capture.

Chanel 1 2 3 4 5 6 7 8 9 10

Wavelength [nm] 440 475 531 560 650 668 705 717 740 842

Camera type B A B A B A B A B A

Band 1 1 2 2 3 3 4 5 5 4

Table 3-14: Multispectral cube bands organization (Camera type A: RedEdge-MX B:

RedEdge-MX Blue).

The manufacturer recommends the employed procedure. Both steps (sorting bands and ra-

diometric calibration) are applied to the image with and without a panel. Once the images

are in radiance units, the panel is manually segmented, and the average radiance value is

computed for each spectral band. The calibration factor is obtained by dividing MicaSense’s

average reflectance provided in the panel by MicaSense and the average value obtained from

the panel in the captured image. Finally, the reflectance cube is obtained by multiplying the

reflectance factor and the radiance images.
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3.3.2. Band Registration

Due to the array configuration in the MicaSense sensors, the captured images have different

fields of view for each spectral band. Then, it is necessary to perform a band registration.

The manufacturer recommends capturing images from 30 meters away from the sensor, i.e.,

from drones. However, in the experimental design of this work, we explored the acquisition

of images at close range, at a distance of 2 meters, using the tripod. This results in a more

significant displacement effect in the field of view of the images. To remedy this effect, we first

decided to acquire multispectral images of leaves arranged on a flat surface, decreasing the

effects of a three-dimensional scene; and secondly, we performed the registration of all bands

at the center band of the red sensor (band 5, 711-723 nm) using Matlab and its computer

vision library. The registration process is based on the SURF technique for feature extrac-

tion in grayscale images, using Matlab functions detectSURFFeatures and extractFeatures.

This procedure extracted features from both the image to be registered and the reference

image, selected common points, calculated valid points using the matchFeatures function,

estimated geometric transformation using the estimateGeometricTransform2D function, and

performed image projection using the estimated transformation with the warp function. This

automated process can be applied to the nine bands (excluding the fixed band) to register

the complete cube see Figure 3-15.

Figure 3-15: The preprocessed image of a leaf on a mesh for reference.



36 3 Methodology

3.4. Hyperspectral Image Acquisition

The hyperspectral images were collected using a Dual HySpex Mjolnir VS-620 (Figure 3-16).

The system includes a V1240 sensor with a spectral range of 400-1000 nm, 200 bands with

a bandwidth of 3.0 nm, and 12 bits of radiometric resolution. In addition, the hyperspec-

tral system has the V620 sensor with a spectral range of 970-2500 nm, 300 bands with a

bandwidth of 5.1nm, and a 16-bits resolution. The drone captured the image to 2140 m.a.s.l,

approximately 40 m from the surface. The obtained pixel size was 0.02 m (Figure 3-17).

®PARGE software was used for the orthorectification and DROACOR for atmospheric co-

rrection and reflectance retrieval.

Figure 3-16: Drone equipped with HySpex Mjolnir hyperspectral camera.

Figure 3-17: Arrangement for drone image acquisition.
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3.5. Datasets Description

3.5.1. Bean Cerete

For this work, spectral signatures and multispectral MicaSense images from the experiments

of beans in Cerete are used. This experiment allows a simple framework for assessing the

algorithms; since the experimental setup only includes two genotypes and two treatments.

Twelve individuals were randomly selected from each plot with the same genotype, treat-

ment, and repetition to acquire the spectra data. The signatures were measured over the

central area of the adaxial face of each plant’s upper third leaf, and ten spectral signatures

were collected per leaf on 28 November 2022. The spectral library is obtained after applying

the preprocessing procedure described in Section 3.2.1. Table 3-15 summarizes the spectra

obtained by treatment and genotype after preprocessing.

Genotype 1 Genotype 2

Treatment 1 310 301

Treatment 2 339 324

Total 649 625

Total Spectral DiammoniSignatureum 1274

Table 3-15: Number of spectra after pre-processing.

To capture the multispectral images, twelve leaves per repetition and treatment were arran-

ged in a 3 x 4 matrix on the floor to use the tripod. Once each image is captured, calibrated,

and the bands recorded, the data is labeled manually, identifying the treatment and ge-

notype. Finally, the images are cropped and organized into four photos, two corresponding

to genotype one and two corresponding to genotype 2. Twelve training leaves and twelve

evaluation leaves are selected for each genotype for each treatment. Table 3-16 summarizes

the pixels obtained for each treatment and genotype.Figures 3-18 & 3-19 show an example

of the segmented and rearranged images of the corresponding training and test sets.

Genotype 1 Genotype 2

Train Test Train Test

Treatment 1 23957 31222 25076 24914

Treatment 2 24082 29095 28786 27802

Total 108356 106578

Total pixel 214934

Table 3-16: Number of pixels per treatment and genotype.
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Figure 3-18: Training dataset genotype 1. Figure 3-19: Testing dataset genotype 1.

3.5.2. Maize Cerete

For maize, this work used spectral data (signatures and multispectral image) from Cerete

and Rionegro. For maize from the Cerete experiment, the spectral signatures were collected

from twelve individuals randomly selected from each plot with the same genotype, treatment,

and repetition on 11 November 2022 (see Table 3-15).

Genotype 1 Genotype 2

Treatment 1 309 318

Treatment 2 318 325

Subtotal 627 643

Total Spectral DiammoniSignatureum 1274

Table 3-17: Number of spectra acquired from maize plants after pre-processing.

The multispectral images were captured on October 24, 2022 at the end of the experiment

in Cerete, since the third leaf of each plant had to be removed. Twelve leaves were arranged

in a 4 x 3 array on the ground to use the tripod for data capture. Once the images were

preprocessed, the data were cropped to organize a mosaic for each genotype. The data were

divided to form a training dataset and an evaluation dataset. Each dataset includes 18 leaves

per treatment. Table 3-18 shows the summary of collected data. Figure 3-20 displays the

segmented and rearranged images of genotype one.
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Genotype 1 Genotype 2

Train Test Train Test

Treatment 1 41732 41587 42178 44765

Treatment 2 42145 40808 43547 44214

Total 166272 174704

Total pixel 340976

Table 3-18: Number of pixels per treatment and genotype.

Figure 3-20: Dataset genotype 1.

3.5.3. Maiz Rionegro

The maize experiment in Rionegro allowed the evaluation of the proposed methodology

with different stress levels and a more significant number of genotypes. experimentThis

experiment used both spectral signatures and multispectral images. The spectral signatures

were collected at 20 spectral signatures per leaf on 23 June 2022 (see Table 3-19) when the

maize was in stages V10 and V12 before flowering [138, 139, 135].

G1 G2 G3 G4 G5 G6 G7 G8 G9 G10

Treatment 1 52 52 51 51 48 54 51 43 52 52

Treatment 2 48 50 48 53 49 53 51 51 48 50

Treatment 3 51 51 51 51 53 48 50 54 54 53

Treatment 4 50 52 50 53 50 49 54 51 50 51

Subtotal 201 205 200 208 200 204 206 199 204 206

Total Spectral DiammoniSignatureum 2033

Table 3-19: Number of spectra acquired from Maize plants after pre-processing

floorLeave samples were arranged in a grid pattern on the floor for image collection. This

work shows that images from genotype 1 are only present to avoid an unnecessary extension

on the document. Information for the four treatments and a summary of the data is provided

in Table 3-20.
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Genotype 1

Train Test

Treatment 1 47013 50674

Treatment 2 54353 46334

Treatment 3 38024 29268

Treatment 4 46055 37622

Total pixel 349343

Table 3-20: Number of pixels for treatment and genotype.

Figure 3-21: Training dataset for ge-

notype 1.

Figure 3-22: Testing dataset for ge-

notype 1.

3.5.4. Avocado Rionegro

In the case of the avocado crop, only the spectral analysis is presented, based on the sig-

natures acquired with the hyperspectral system described in section 3.4. The analysis of

multispectral images is omitted because this was one of the first experiments performed. The

procedure for data acquisition with spectrometers and tripod cameras was not perfected at

the time of the avocado trials. The avocado plants were relocated outside the greenhouse to

capture the hyperspectral image (Figure 3-6 (b)). The flight was performed on November

18, 2021. Once the images were calibrated and orthorectified, the data were subsampled

to the same wavelengths as the spectral data from the maize and bean experiments. The

selection of pixels corresponding to avocado leaves and their corresponding labeling between

genotypes and treatments was performed manually. The data summary is presented in Table
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3-21 after segmentation.

Genotype 1 Genotype 2

Treatment1 1138 933

Treatment2 860 1244

Treatment3 1166 1003

Treatment4 1208 1225

Subtotal 4372 4405

Total 8777

Table 3-21: Number of pixels acquired from avocado plants
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3.6. Stress Detection using Machine Learning

3.6.1. Classification Methods

Although, as explored in the theoretical framework, there are several stress detection techni-

ques, this work used classical supervised classifiers and evaluation metrics to assess the pro-

posed methodologies for stress detection using spectral signatures and multispectral imagery.

Classification techniques included in this work are: (1) Support Vector Machines (SVM),

a robust method with acceptable overall performance on data with high dimensions [140];

(2) Random Forest (RF) that is widely used in nonlinear problems with multiple variables,

characteristics present in the case study, with low sensitivity to variance in the training data

and overfitting [141]; and, (3) the Fully connected Neural Networks (NN) specifically the

multi-layer perceptron, which obtains the desired classification results with high dimensio-

nality datasets [142]. The implementations of MATLAB 2022a were employed for the three

classifiers. In the case of SVM, a 5th-degree polynomial was used as kernel, with an offset

equal to 0.1, and the optimization routine of iterative single data algorithm (all included in

the function template SVM). The RF parameters were set to 40 for the minimum leaf size,

PCA as the categorial predictor, a maximum tree depth of 50, and a maximum number of

splits of 9. Finally, the function fitness for the NN was used, with 25 fully connected layers

and the optimized bayesopt.

3.6.2. Characterization of Crops Under Stress Factors Using

Spectrometry

This study developed an algorithm to identify specific points of vegetation signatures by

using local maxima and minima of the spectral signature and its first derivative. These

points include the red edge change, chlorophyll absorption, green peak, and NIR Plateau.

The results of this characterization are depicted in Figure 2-2. The average of samples co-

llected from healthy plants (on control crops) was computed for each type to determine the

relevant points in the signature. The first derivative was then calculated from this average

signature. For the points of maximum chlorophyll uptake, the points in the blue and red re-

gions with the derivative closest to zero were chosen. The start and end of the red edge were

also selected. The first band where the derivative is close to zero in the 750 to 950 nm range

for the Plateau NIR was selected. These points may vary depending on the crop, genotype,

nutritional health, and other factors, as stated in the literature [55]. This characterization

aims to establish an initial set of relevant bands based on the expected behavior of a spectral

signature.

In a second approach, automatic band selection methods were used to characterize the spec-

tral signatures, band selection allow reducing the amount of data to process, mitigating the
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curse of dimensionality effects. Also, selected bands will enable the design of specific spectral

systems datafor a field of action, reducing instrument costs and making precision agricultu-

re feasible without decreasing the data’s classification potential. Band selection techniques

can currently be classified into six groups considering the methods used: ranking, sparsity,

search, clustering, learning, and hybrids [143].

In this work, the method used is a Similarity-Based Unsupervised Band [144] of the cluste-

ring group. It has shown a desired behavior, even without a priori information. The selected

method identifies the most distinctive and informative bands based on the measurement of

band similarity, showing a better performance in terms of information preservation and class

separability than other widely used algorithms [144]. The algorithm modifies the normalized

cut criterion technique and the maximum-variance principal component analysis, limiting

highly correlated features and minimizing the sensitivity to noise bands. This process has

a low computational consumption [145]. The procedure is performed by iterating the algo-

rithm, until the total number of bands is reached. The incidence results of the selected bands

are presented in a histogram, showing the frequency that each band is selected as represen-

tative (an example of a histogram is presented in Figure 3-23). The histogram identifies

relevant bands and spectral regions for each dataset.

Figure 3-23: Region of relevant bands.



44 3 Methodology

Once the histogram has been analyzed, the number of bands is chosen for each dataset using

the overall accuracy obtained by (SVM), (RF), and (NN). These results will be plotted

on a coordinate scale depicting the classification percentage, as shown in Figure 3-24.

Figure 3-24: Classification overall accuracy per classifier and number of bands.

3.6.3. Feature Selection Techniques

A new representation space is built using the relevant bands and the vegetation indexes

(see Table 2-1) for spectral signature - for multispectral images, spatial-derived features are

included. In this new representation space, irrelevant features may persist in the data, and

these need to be removed. In addition, many mining algorithms must work better with fewy

features or attributes. Consequently, this work explores feature selection techniques before

using the classification algorithm. The main objectives of feature selection are to impro-

ve model performance and to provide faster and more cost-effective models while avoiding

overfitting or overtraining [146]. Three techniques were chosen and evaluated to enhance

the process of selecting features based on their effectiveness and suitability for use in data

classification.

The first technique used for feature selection was the rank features for classification using

minimum redundancy maximum relevance (MRMR) [147]. This algorithm determines an
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optimal feature set that is mutually and maximally dissimilar and can effectively represent

the classification variable. It minimizes edundancy and maximizes a feature set’s relevance

using the variables’ mutual information. This information between two variables measures

how much uncertainty can be reduced by knowing the other variable [148].

A second feature selection technique explored was the univariate feature ranking for regres-

sion using F-Tests (FSRF). This technique uses statistical data to determine the importan-

ce of each predictor; a small p-value of the individual test indicates that the corresponding

predictor is relevant [149]. Previously, this approach was applied in identification and classi-

fication processes with a low computational cost and provided pertinent information [150].

Finally, this work used the univariate feature ranking for classification using chi-square tests

(FSCC). The chi-square test helps solve feature selection problems by testing the rela-

tionship between different features. It is typically used when the feature and target variables

are both categorical. The chi-square test measures the degree of association between two

categorical variables and can help determine how strongly they are related.

A bar graph visually represents the importance score. The results are normalized and stan-

dardized to present a relevant diagram according to the methods previously shown in Figure

3-25. After analyzing the available data, a list of relevant characteristics is obtained and

optimized for classification.

Figure 3-25: Weighted Feature Score.
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3.6.4. Spatial Features

Texture features are employed to use spatial information in images effectively. These features

have traditionally been used in spatial-spectral classification processes. We will incorporate

this field’s typical spatial texture features, such as energy, entropy, contrast, and correlation

[151].

The energy was computed using equation 3-1 where P represents the grayscale level, and u

and v represent the coordinates. The Energy or Second Angular Momentum measures image

homogeneity. Its value is high when an image is uniform or has similar pixels. It is likewise

sensitive to edges and noise [151].

Energy =
∑
u

∑
v

(Puv)
2 (3-1)

On other hand, the entropy is related to how much information is required to compress an

image [151]. It quantifies the loss of information or message in a transmitted signal and

the amount of information contained within an image to compute the entropy was used the

following Equation 3-2.

Entropy = −
∑
u

∑
v

(Puv) log (Puv) (3-2)

The contrast feature measures the change of intensity between a pixel and its neighborhood,

as defined by the window size in the image (Equation 3-3). [152]

Contrast =
∑
u

∑
v

(Puv)(u− v)2 (3-3)

Finally, the correlation computed by Equation 3-4 refers to the degree of linear dependence

between the gray levels of adjacent pixels [152]. Digital image correlation, on the other

hand, is an optical technique that quantifies image variations by utilizing image tracking

and registration methods.

Correlation =

∑
u

∑
v(uv)(Puv)− (µu − µv)

σuσv

(3-4)

We standardized the image dataset by normalizing the results using a 3 x 3-pixel sliding

window. This was done to assist in the classification of data. It was excluded if a neighboring

pixel had no information or did not belong to a vegetation signature.



4 Spectral signature analysis

This chapter presents stress detection using only spectral signatures, according to the metho-

dology of Figure 3-1. First, the spectral characterization of each crop is presented, followed

by the selection of discriminant bands, the feature extraction process combining bands as

vegetation indices, and finally, stress detection using classification methods

4.1. Signature characterization

The signature characterization was performed by establishing spectral bands and ranges

where a particular behavior is expected for vegetation. For instance, the maximum absorption

band for the red and blue regions, the green area peak, the Red Edge's beginning and

end, and the beginning of the near-infrared (NIR) plateau. These bands and ranges can

change according to the vegetation type, genotype, state of health, and other factors [153].

The first derivative of the average of captured signatures from healthy plants was used

to establish the characteristic bands and ranges. Figure 4-1 presents the first derivative

from the average signature obtained from each crop. The last local minimum occurs in blue

range wavelengths (the blue point in the figure) is one of the maximum absorption points of

chlorophyll. Similarly, the last local minimum of the visible range is defined as the maximum

absorption point of chlorophyll in the red range. The first local maximum after the Red Edge

is the NIR plateau, and the green peak is the local maximum obtained at wavelengths in the

visible range. Due to the lack of a restrictive mathematical formalism for identifying the Red

Edge's start and end points, an algorithm facilitated the detection of the maximum slope in

the first derivative of the spectral signature's visible range from 450 nm to 680 nm. Figure

4-1 considers the wavelength at which this magnitude is exceeded as the starting point of

the Red Edge and the wavelength where the derivative returns to less than that magnitude

at the endpoint.
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(a) (b)

(c) (d)

Figure 4-1: First derivative of average signature for healthy (control) plants of (a) Bean

Cerete, (b) Maize Cerete, (c) Maize Rionegro, and (d) Avocado Rionegro.

Figure 4-2 highlights the identified local minima and maxima over the mean spectral signa-

tures for each crop, and Table 4-1 summarizes these characteristic points. Near the points of

maximum chlorophyll absorption, a considerable standard deviation, about 50% of the obtai-

ned reflectance value, is deteced. Table 4-1 listed the characteristic values of the wavelengths,

which were similar among the crops. However, the maize crops evidenced an increment of the

reflectance compared to the spectral response of beans and avocados. These findings suggest

that these crops can be accurately distinguished. In addition, the similarity observed between

Figures 4-2 (b) and (c) is noteworthy. Despite differences in time, location, and genotype,

the mean spectral signature of the optimal treatments displays similar amplitude, waveform,

and range for the maize crops. This indicates that the data collection technique employed

can produce reproducible information. Despite that, the data collected in Rionegro showed

a lower standard deviation. In the avocado study, there is a noticeable change in the spectral

signature, with a decay in the plateau of the near-infrared around 900 nm and irregular

curves at the end of the Red Edge. The amplitude values are also significantly lower in the
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signature, which may indicate changes in the calibration (Table 4-1). The spectral signature

was created using multispectral cameras, but there were some differences due to the changes

in light caused by slight cloudiness during the picture-taking process. As a result, a smoothed

spectral signature can be observed, which is evident in its derivative Figure 4-1.

(a) (b)

(c) (d)

Figure 4-2: Representative points over average signature for healthy (control) plants of (a)

Bean Cerete, (b) Maize Cerete, (c) Maize Rionegro, and (d) Avocado Rionegro.
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Feature Wavelengths [nm] Reflectance STD

Bean Cerete

MAC Blue 496 16.11e− 3 7.56e− 3

Green Peak 554 92.54e− 3 21.94e− 3

MAC Red 664 16.88e− 3 8.58e− 3

Red Edge Change [694 744] - -

NIR Plateau [761 950] - -

Maize Cerete

MAC Blue 493 47.74e− 3 14.22e− 3

Green Peak 556 112.29e− 3 23.26e− 3

MAC Red 671 45.98e− 3 13.35e− 3

Red Edge Change [696 748] - -

NIR Plateau [765 950] - -

Maize Rionegro

MAC Blue 500 50.68e− 3 12.07e− 3

Green Peak 554 125.93e− 3 22.75e− 3

MAC Red 673 46.19e− 3 13.35e− 3

Red Edge Change [693 748] - -

NIR Plateau [763 950] - -

Avocado Rionegro

MAC Blue 492 12.16e− 3 3.53e− 3

Green Peak 553 43.36e− 3 14.11e− 3

MAC Red 669 12.60e− 3 3.31e− 3

Red Edge Change [693 753] - -

NIR Plateau [788 900] - -

Table 4-1: Representative bands and spectral regions for Bean, Maize, and Avocado crops.

(MAC: Maximum absorption of light by chlorophyll) Representative bands and

spectral regions for Bean, Maize, and Avocado crops. (MAC: Maximum absor-

ption of light by chlorophyll).
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Finally, to understand the spectral behavior of each crop, mean and standard deviation sig-

natures are calculated for each dataset. Figure 4-3 shows the mean and standard deviation

(STD) for common bean crops for each genotype and treatment. A visual difference can be

appreciated between both treatments, mainly at the end of Red Edge and the wavelengths

corresponding to the red color, where the effect of stress generated by phosphorus deficiency

in this variety is appreciated in the non-visible range but not a significant impact on the

pigmentation of the leaf. Although the difference in the mean values presented between the

treatments of genotype 2 (b) was lower compared to genotype 1 (a), an evident segmentation

prevailed between the treatments with the same characteristics in both genotypes at the end

of Red Edge. The wavelengths corresponding to the red color allowed us to conclude that

the effect of phosphorus deficiency is equivalent to the genotypes evaluated in the experiment.

Figure 4-4 illustrates the mean and standard deviation behavior for maize Cerete under

nutritional stress. The spectral signature across the entire wavelength spectrum analyzed

for both genotypes showed a slight attenuation. However, despite this effect, the treatments

displayed a low level of dispersion, except in the near-infrared range, where a slightly wi-

der spread between treatments is observed. Unfortunately, this statistical dispersion poses

significant challenges in differentiating the treatments from the currently available data.
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(a)

(b)

Figure 4-3: Comparison of the average spectral signatures for treatments (T1:Red,

T2:Blue) on Bean Cerete (a) Genotype 1 and (b) Genotype 2.
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(a)

(b)

Figure 4-4: Comparison of the average spectral signatures for treatments (T1:Red,

T2:Blue) on Maize Cerete (a) Genotype 1 and (b) Genotype 2.
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For Rionegro maize, of the ten genotypes studied, the discussion will focus on three genotypes

that showed different characteristics in the classification of stress levels. The analysis was

performed using all treatment levels, as well as a comparison using the extreme treatments,

assimilating a binary comparison on the presence of the stress factor. Figure 4-5 illustrates

the average signature of genotype one treatment, where treatment two significantly reduced

amplitude across the entire spectrum. Meanwhile, treatments 1, 2, and 3 overlap in the

visible range but differ in the near-infrared range. The signatures for genotype 3 show a

higher amplitude in treatment 1 in the visible range Figure 4-6. Despite overlapping standard

deviation data, there is a different order of signatures from high to low amplitude compared

to the near-infrared region. For genotype 10, the signatures'mean and standard deviation

values are visually displayed with low dispersion and overlapping statistical values. The

treatments with the lowest amplitude in the visible range have the highest amplitude in the

near-infrared range, as shown in Figure 4-7.

Figure 4-5: Comparison of average spectral signatures for treatments (T1:Red, T2:Blue,

T3:Green, T4:Black.) on Maize Rionegro Genotype 1.
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Figure 4-6: Comparison of average spectral signatures for each treatments (T1:Red ,

T2:Blue, T3:Green, T4:Black.) on Maize Rionegro Genotype 3.

Figure 4-7: Comparison of average spectral signatures for each treatments (T1:Red ,

T2:Blue, T3:Green, T4:Black.) on Maize Rionegro Genotype 10.
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Figure 4-8 display the average signatures for the four treatments in genotypes 1 and 2,

the data shows low dispersion, which might be due to the constant change of leaves in the

seedlings, making it challenging to identify the effect of water stress on the leaves. Since

this test is more demanding due to the low variance of the signatures before the effects of

stress, the study decided to include the response obtained by evaluating only the treatment

of higher water deficit and overdosing of water, such as treatment 1 and treatment 4. Figure

4-9 demonstrates the outcome of this decision and shows if the proposed procedure produces

similar results. There was a notable difference in amplitude values in both genotypes in the

spectrum, particularly in genotype 2. There was a clear separation between the signatures

in the visible spectrum.
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(a)

(b)

Figure 4-8: Compares the average spectral signatures for treatments (T1:Red, T2:Blue,

T3:Green, T4:Black) on Avocado Rionegro (a) Genotype 1, (b) Genotype 2.
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(a)

(b)

Figure 4-9: Compares the average spectral signatures for treatments (T1:Red, T4:Black)

on Avocado Rionegro (a) Genotype 1, (b) Genotype 2.
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4.2. Band Selection

Figure 4-10 illustrates the wavelength ranges of zones of interest. These ranges were determi-

ned based on the band selection criteria outlined in Table 4-2. The selection process involves

identifying wavelength regions with the highest concentration of relevant bands. These re-

gions were categorized as appropriate if they exceeded 40% of the maximum normalized

value, had a width no greater than 30 nm, and were tabulated based on their impact. For

the Bean Cerete (a), the wavelength ranges are short, and the regions of most significant

impact are found in the Red Edge, NIR plateau start, and the 895-950 nm range, where

there is a substantial increase in the noise level. For Maize Cerete (b), bands with significant

relevance are generally observed in 720 and 770 nm wavelengths, with a low dispersion of

relevant bands in these regions. The chosen bands present a low range of wavelengths, with

most of the pertinent information concentrated in the 930-950 nm range. It’s important to

note that the regions corresponding to the green color don’t add any discriminating infor-

mation. Regarding the Maize Rionegro (c), the bands of interest are highly variable and

distributed throughout the spectrum studied. It’s worth mentioning that this crop had the

greatest participation in the zone close to the green color, and there is a continuity of poten-

tially relevant information in the range of the Red Edge. For Avocado crop (d), similarities

are observed in both distributions for evaluating all treatments and in the case of extreme

treatments. It’s noteworthy that for this crop, a different behavior was presented compared

to others, as there is a significant concentration of bands of interest after 700 nm.

Datasets R1[nm] R2[nm] R3[nm] R4[nm] R5[nm] R6[nm] R7[nm]

Bean Cerete 770-775 700-720 470-485 895-950 550-555 — —

Maize Cerete 930-950 710-735 460-470 685-690 785-790 — —

Maize Rionegro 780-800 750-770 450-465 705-725 940-950 620-645 555-560

Avocado All Treatments 880-915 805-840 740-770 715-725 520-540 — —

Avocado T1 & T4 880-915 820-865 760-775 720-725 540-545 — —

Table 4-2: Spectral regions of interest for Bean, Maize, and Avocado crops.
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(a) (b)

(c) (d)

(e)

Figure 4-10: Spectral regions of interest according to band selection algorithms of (a) Bean

Cerete, (b) Maize Cerete, (c) Maize Rionegro, (d) Avocado Rionegro and (d)

Avocado Rionegro extreme treatments.
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The supervised classification of the bean and corn crops used 30% of the available data for

training to evaluate the impact of increasing the number of bands. Due to the complexity of

the avocado trial to stress levels, training data increased to 40%. In the Bean Cerete Figure

4-11 , the classification accuracy was high, indicating that the data was easily classifiable.

Genotype 1 (a) exhibited a local maximum with four bands, while genotype 2 required seven

bands to reach a stabilized accuracy value. The results show that the classification process is

more accurate for genotype 1 (a), while genotype 2 requires more bands. Nonetheless, both

genotypes achieved an appropriate accuracy rate.

Figure 4-12 shows the results for Maize Cerete. For genotype 1, it was a clear inflection

point in accuracy when 13 bands were used; as well as, it genotype shows slightly more

favorable behavior with a lower number of bands. RF classifier has presented an unfavorable

behavior for both genotypes. Unlike the previous crop, we can see a low accuracy, which

could be due to the soft effect of stress on this kind of crop. The results suggest that stress

has a minimal impact on the spectral signatures in the visible spectrum. However, other

effects that are not discernible in the evaluated spectrum may occur at the biophysical level.

These effects may have an impact on plant growth or yield. For Maize Rionegro, Figure

4-13 illustrates a classification process that displays a significant and constant increase in

accuracy around four bands to genotype 3 (b), suggesting a minimum number of bands to

consider, with a gradual increase in accuracy as more bands are added, eventually achieving

results close to 80% accuracy. The difference between the SVM and NN classifiers was

less pronounced than in genotype 1 (a). For genotype 10 (c), higher accuracy was achieved

compared to previous cases despite the treatments not having the lowest dispersion visually.

Interestingly, the NN classifier performed better for this dataset, although all genotypes had

a persistent oscillation.

Figures 4-14 and 4-15 indicate that the classification accuracy for Avocado dataset with all

treatments is low, even using a 40% of the labeled data for training; these is due to the low

variability of the spectral signatures obtained. However, the information from the extreme

treatments, which are highly differentiable even with a restricted number of bands, results

in Figure 4-15 showing over 70% accuracy. Interestingly, compared to the previous case

studies, a significant difference emerged when comparing the performance of the random

forest classifier in the analysis with all and extreme treatments.
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(a)

(b)

Figure 4-11: Overall classification accuracy according to number of bands for Bean Cerete

(a) Genotype 1, (b) Genotype 2.
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(a)

(b)

Figure 4-12: Overall classification accuracy according to number of bands for Maize Cerete

(a) Genotype 1, (b) Genotype 2.
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(a)

(b)

(c)

Figure 4-13: Overall classification accuracy according to number of bands for Maize Rio-

negro (a) Genotype 1, (b) Genotype 3 , (b) Genotype 10.
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(a)

(b)

Figure 4-14: Overall classification accuracy according to number of bands for Avocado All

Treatments (a) Genotype 1, (b) Genotype 2.
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(a)

(b)

Figure 4-15: Overall classification accuracy according to number of bands for Avocado T1

& T4 (a) Genotype 1, (b) Genotype 2.
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After selecting the number of bands, Table 4-3 was made to identify the corresponding

wavelengths. Both genotypes showed satisfactory results for the Cerete bean. The relevant

band of 551 nm was added for genotype 2, where the green peak is found. In the case of

Cerete maiz, band 946 nm was the most relevant in both genotypes. It can be seen that the

increase in the classification percentage over 10% to NN and SVM of genotype 1 was due

to the inclusion of band 563, a band very close to Green Peak (Table 4-3). Thus, the band

946 is the most pertinent in both genotypes. Additionally, it is observed that the inclusion

of band 563 nm, increased the classification accuracy.

Table 4-3 displays the bands chosen for the ten genotypes of Maize Rionegro. There is a

higher concentration of bands in the 700 nm to 900 nm range, which includes the Red Edge

and NIR plateau. This is quite different from the Maize Cerete, where the presence of bands

near 950 nm had a greater impact. However, the selected bands are spread out across the en-

tire spectrum that has been studied, with a relatively low number of bands in the green peak.

Table 4-3 presents the selected bands for avocado in both cases, using all treatments and

only the extreme ones. Results showed a consistent concentration of influential bands between

710 and 913 nm. For genotype 1, 24 bands were considered relevant for all treatments, while

the extreme cases could be represented with only 19 bands. For genotype 2, the number of

essential bands differed, with 23 bands selected for all treatments and only 8 for the extreme

cases. However, in the representation obtained in Table 4-3, we can see a relationship among

the selected bands for all and only extreme treatments.
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Band [nm] B1 B2 B3 B4 B5 B6 B7 B8 B9 B10 B11 B12 B13

Bean Cerete

Genotype 1 766 714 472 943 - - - - - - - - -

Genotype 2 769 714 467 945 898 936 551 - - - - - -

Maize Cerete

Genotype 1 946 706 457 732 827 925 948 685 937 905 921 913 563

Genotype 2 946 730 467 785 902 685 942 604 934 931 - - -

Maize Rionegro

Genotype 1 886 720 483 793 808 946 767 863 738 555 459 450 474

Genotype 2 927 474 946 783 798 767 450 847 751 731 706 460 808

Genotype 3 450 711 792 779 798 767 912 751 729 705 458 482 859

Genotype 4 751 713 456 783 802 888 858 767 792 723 556 450 927

Genotype 5 927 718 450 780 798 768 863 909 738 557 462 501 912

Genotype 6 783 710 450 785 798 768 941 847 751 731 705 459 863

Genotype 7 927 450 721 782 802 768 847 877 751 731 705 497 555

Genotype 8 784 573 751 779 805 767 847 879 450 731 705 461 456

Genotype 9 927 715 450 784 808 767 859 905 751 731 553 497 705

Genotype 10 722 927 765 784 806 946 450 847 738 704 555 458 767

Avocado All Treatments

Genotype 1 876 724 913 899 768 887 469 835 745 710 538 803 716

Genotype 2 864 716 768 913 902 887 518 879 736 812 788 899 538

Avocado T1 & T4

Genotype 1 915 756 716 913 876 893 844 902 463 803 864 541 826

Genotype 2 815 716 915 899 879 759 544 913 - - - - -

Table 4-3: Selected bands from spectral signatures for Bean, Maize; highlighted in cyan

are the bands contained between 700 nm to 900 nm for Maize Rionegro, and

Avocado crops; highlighted in green are the bands considered relevant to the

avocado studies shared by all treatments with respect to the extreme treatments



4.3 Feature Selection 69

4.3. Feature Selection

After selecting the appropriate wavelength bands, a new feature cube is created by integra-

ting various vegetation indices, such as NDVI , MTCI , CI Green , CI Rededge , RVI ,

NDRE , CCCI , and CRI . These indices were chosen for their consistent relevance in the

studied cases. Figure 4-16 displays the graphs of bean and maize Cerete crops, which show

the significance of the predictors in a normalized manner. The graph demonstrates that for

bean crop genotypes (a, b), the CI Green indicator is predominant, and vegetation index

features are usually highly involved in the most relevant characteristics. On the other hand,

for Maize Cerete (c, d), the relevant characteristics show behavior that is very distinct when

comparing genotypes. This indicates that the bands can provide more relevant discriminant

information in some specific cases than the vegetation indices.

(a) (b)

(c) (d)

Figure 4-16: Rank for features extracted from spectral signatures of (a) Bean Cerete ge-

notype 1, (b) Bean Cerete genotype 2, (c) Maize Rionegro genotype 1 , (d)

Maize Rionegro genotype 2.
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Table 4-4 presents the results of the feature selection conducted for different crops, each

having eight main characteristics. The analysis of bean crops suggested that vegetation in-

dices played a crucial role in determining the most essential features, with CI Green being

the most significant impact factor. This observation indicates that the plant’s green color

could be an essential feature that needs to be considered while analyzing the crop. On the

other hand, for genotype 2, individual bands made a more significant contribution, and pre-

dominant characteristics were highlighted in green. However, for Cerete maize, the results

were more dispersed, making it difficult to define any relevant characteristics common to all

studied genotypes.

Moving on to maize Rionegro, vegetation indices were highly present, but some cases indica-

ted no significant genetic differences, such as in genotype 4 and genotype 6. This observation

suggests that certain vegetation indices cannot be generalized as having predominant im-

portance for all plant species because genetic variability results in specific characteristics.

However, some characteristics were reported to have a high incidence in cyan color.

Finally, in the avocado study, the incidence of some bands and the prevalence of vegetation

indices, particularly CI Red Edge and MTCI, were observed in all treatments. This indica-

tes that each crop will have unique properties and physicochemical responses in the visible

spectrum; these characteristics are highlighted in magenta.

A correlation matrix/plot has been created using a color scale to represent the correlation

values. Each cell of the matrix will have a circle with a color corresponding to the lateral

scale. The correlation was established between pairs of vegetation indices. The circle’s size

represents the correlation’s magnitude, with larger circles indicating a more substantial rela-

tionship (positive or negative). Figure 5-7 illustrates some cases studied where it is indicated

that their behavior is variable depending on the bands that make up the vegetation index,

so it will also be susceptible to the spectral response of each genetic material to the levels

of stress evaluated, also seen in cases such as MTCI - CI redegde andNDRE -CCI , the

latter being a relationship of dependence.



4.3 Feature Selection 71

Features F1 F2 F3 F4 F5 F6 F7 F8

Bean Cerete

G1 CI Green CCCI NDRE 714nm RVI NDVI 766nm 943nm

G2 CI Green 769nm 936nm 945nm 898nm CCCI RVI NDRE

Maize Cerete

G1 946nm 457nm 732nm CRI 827nm 706nm RVI NDVI

G2 NDRE CCCI CI Rededge MTCI 785 nm 931nm 946nm 467nm

Maize Rionegro

G1 CCCI NDRE 751 nm 738nm 863nm 739nm 450 nm 793nm

G2 NDRE CCCI 751nm 731nm 767nm 783nm 798nm MTCI

G3 CCCI NDRE CI Green 705nm 711nm CRI 912nm 450nm

G4 CI Green 450nm 459nm NDRE 556nm 713nm MTCI 792nm

G5 CCCI NDRE 798nm 780nm 768nm CI Green 459nm MTCI

G6 CI Green NDRE CCCI NDVI 705nm 710nm 459nm 452nm

G7 NDRE CCCI MTCI 751nm 768nm CRI 721nm 877nm

G8 NDRE CCCI 450nm 779nm 847nm 767nm 751nm 805nm

G9 NDRE CCCI 905nm 784nm 767nm 808nm CI Green 450nm

G10 CCCI NDRE 704nm 555nm CRI CI Green 765nm 806nm

Avocado All Treatments

G1 CI Rededge MTCI 724nm 736nm NDRE 710nm CCCI 538nm

G2 CI Rededge MTCI CI Green 576nm CRI 716nm 518nm 727nm

Avocado T1 & T4

G1 CI Rededge MTCI 716nm 541nm CRI CCCI 739nm NDRE

G2 CI Green CI Rededge MTCI 544nm CRI 716nm 915nm 759nm

Table 4-4: Selected features from spectral signatures for Bean, Maize, and Avocado crops.
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(a) (b)

(c) (d)

(e) (e)

Figure 4-17: Correlation of vegetation indeces calculated from spectral signatures of (a)

Bean Cerete genotype 1,(b) Bean Cerete genotype 2 (c) Maize Cerete genotype

1,(d) Maize Cerete genotype 2, (e) Maize Rionegro genotype 4, (f) Maize

Rionegro genotype 6.
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4.4. Stress detection

This section displays the stress detection results obtained through machine learning tech-

niques. Bean Cerete showed a mean value accuracy of 95% using the full spectra among

the classifiers. However, the vegetation indices NDVI , CCI and CI Green , which dis-

played an average accuracy of 69%, with a maximum of 85%, presented a low response.

Both genotypes showed an increase in computational cost when using the complete spectra,

as seen in Tables 4-5 and 4-6. The discriminative bands, regions of interest, or selected

features produced results that were very close to those obtained with the full spectra Where

the results were over 88%. It is noteworthy that the nutritional stress case study in beans

showed a high level of accuracy, and the features obtained through the procedures produced

comparable evaluation results, with no significant differences in the selected classification

techniques’ performance.

Accuracy Computation Time [µSeg]

SVM RF NN SVM RF NN

Selected Bands 0.96 0.88 0.95 1208 355 642

Selected Features 0.95 0.92 0.95 1270 358 590

Region Bands 0.96 0.89 0.97 1197 363 578

Region Bands & CI-Green 0.96 0.91 0.95 1169 348 587

NDVI 0.72 0.68 0.74 1165 492 543

CCI 0.53 0.54 0.52 1139 428 591

CI-Green 0.85 0.79 0.84 1109 372 571

All bands 0.98 0.90 0.97 7535 1929 4226

Table 4-5: Overall accuracy classification and computational cost for stress detection usign

SVM, RF, and NN with spectral signatures for Bean Cerete Genotype 1.
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Accuracy Computation Time [µSeg]

SVM RF NN SVM RF NN

Selected Bands 0.94 0.88 0.95 1748 744 758

Selected Features 0.92 0.89 0.94 1409 426 650

Region Bands 0.95 0.90 0.94 1312 420 668

Region Bands & CI-Green 0.95 0.90 0.93 1271 373 701

NDVI 0.72 0.66 0.70 1664 645 846

CCI 0.55 0.55 0.53 1190 401 651

CI-Green 0.78 0.75 0.79 1200 416 638

All bands 0.96 0.89 0.95 7078 1890 4208

Table 4-6: Overall accuracy classification and computational cost for stress detection usign

SVM, RF, and NN with spectral signatures for Bean Cerete 2.

The Cerete Maize study revealed that detecting stress in genotype 1 was challenging as

the classification efficiency was low, with levels below 76% Table 4-7. Vegetation indices

demonstrated similar behavior to the full spectrum when using the RF model. However,

there was a slight difference between the proposed and conventional methods, especially when

only selected bands were used, which may be due to the exclusion of the 563 nm Table ??.

In genotype 2 Table 4-8, despite not being selected by the relevant feature algorithms, the

NDVI vegetation index achieved the highest classification percentage in RF . In general,

the crop showed low levels in the classification.

Accuracy Computation Time [µSeg]

SVM RF NN SVM RF NN

Select Bands 0.70 0.52 0.70 1311 454 678

Features 0.67 0.60 0.67 1313 424 659

Region Bands 0.59 0.55 0.66 1362 476 662

Region Bands & NDRE 0.68 0.60 0.66 1349 444 649

NDVI 0.49 0.48 0.50 1227 467 656

NDRE 0.65 0.57 0.65 1214 421 617

CCCI 0.66 0.57 0.66 1210 430 626

All bands 0.74 0.55 0.76 9268 2354 4721

Table 4-7: Overall accuracy classification and computational cost for stress detection usign

SVM, RF, and NN with spectral signatures for Maize Cerete Genotype 1.
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Accuracy Computation Time [µSeg]

SVM RF NN SVM RF NN

Select Bands 0.64 0.56 0.67 1730 553 793

Features 0.66 0.58 0.68 1310 432 688

Region Bands 0.56 0.54 0.54 1376 483 702

Region Bands & NDRE 0.56 0.55 0.55 1329 430 681

NDVI 0.53 0.60 0.61 1733 700 914

NDRE 0.51 0.55 0.53 1240 427 668

CCCI 0.51 0.52 0.59 1231 542 669

All bands 0.71 0.54 0.69 7292 2121 4507

Table 4-8: Overall accuracy classification and computational cost for stress detection usign

SVM, RF, and NN with spectral signatures for Maize Cerete Genotype 2.

The results for Maize Rionegro genotype 1 in which 37 bands were selected Table 4-9. Due

to the complexity of the classification process, the use of reduced dimension methods showed

slightly better results than the vegetation indices, with similar computational times. Notably,

the selected feature set presented an accuracy rate with the NN model of 68%, below the

result obtained with all spectral information. The RF and NN methods were negatively

affected when the whole spectrum was used, resulting in lower accuracy and more than

three times the processing time required by the selected methods, as shown in Table 4-9.

The reduced datasets that provided the best performance were Regional Bands & NDRE

and Selected Bands.

Accuracy Computation Time [µSeg]

SVM RF NN SVM RF NN

Select Bands 0.65 0.48 0.66 2815 369 634

Features 0.59 0.53 0.54 2791 386 564

Region Bands 0.47 0.39 0.59 2672 380 557

Region Bands & NDRE 0.65 0.51 0.59 2581 354 587

NDVI 0.35 0.37 0.37 2500 347 674

NDRE 0.51 0.49 0.52 2664 351 598

CCCI 0.50 0.50 0.51 2425 349 660

All bands 0.71 0.45 0.57 17137 1267 2363

Table 4-9: Overall accuracy classification and computational cost for stress detection usign

SVM, RF, and NN with spectral signatures for Maize Rionegro Genotype 1.

According to the results presented in Table 4-10, using reduced dimension methods on

genotype 3 decreased the accuracy compared to the SVM classifier. However, it was more

efficient than using the full spectrum for RF and NN methods. For genotype 3, the regional
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banding and NDRE method performed well. In general, there is an apparent difficulty in

classifying the data in the particular conditions of the study. Genotype 10 presented the

best classification rates with a total of 38 selected bands Table 4-11, particularly for this

genotype, the worst performance of the vegetation indices in comparison, particularly the

NDVI index, which in the literature is expected to be a discriminant feature presented the

worst results for all three cases.

Accuracy Computation Time [µSeg]

SVM RF NN SVM RF NN

Select Bands 0.70 0.59 0.72 3628 555 656

Features 0.71 0.57 0.75 2964 540 473

Region Bands 0.69 0.50 0.71 3008 401 495

Region Bands & NDRE 0.75 0.60 0.70 3036 440 481

NDVI 0.35 0.32 0.34 3132 531 579

NDRE 0.48 0.47 0.47 3223 936 683

CCCI 0.47 0.45 0.47 2957 421 456

All bands 0.81 0.48 0.77 7704 972 1362

Table 4-10: Overall accuracy classification and computational cost for stress detection usign

SVM, RF, and NN with spectral signatures for Maize Rionegro Genotype 3.

Accuracy Computation Time [µSeg]

SVM RF NN SVM RF NN

Select Bands 0.72 0.50 0.81 3811 591 679

Features 0.69 0.62 0.70 2990 646 511

Region Bands 0.71 0.49 0.75 2950 400 464

Region Bands & NDRE 0.81 0.62 0.76 2956 407 470

NDVI 0.37 0.30 0.35 3368 561 596

NDRE 0.49 0.48 0.50 3478 921 645

CCCI 0.52 0.43 0.52 2921 401 483

All bands 0.88 0.59 0.79 7653 1890 1296

Table 4-11: Overall accuracy classification and computational cost for stress detection usign

SVM, RF, and NN with spectral signatures for Maize Rionegro Genotype 10.

The Tables 4-12 and 4-13 illustrate the results of the avocado classification analysis. There

is difficulty in ranking the data even with complete spectrum information when attempting

to rank stress levels, highlighting that, as with the maize crop, the NDVI indices could have

been a better performer. However, when the effect of water deficit versus excess on the crop

is assessed discretely between the extreme cases, there is a significant increase in the ranking
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performance. Consistently for both genotypes, the results show a significant improvement

of about 20% in the accuracy obtained for the reduced feature spaces relative to using all

bands in the cases considered, especially with the selected bands and the top features accor-

ding to the feature extraction methods. On this dataset, all classification models presented

comparable results.

Accuracy All Accuracy T1&T4

SVM RF NN SVM RF NN

Select Bands 0.48 0.51 0.49 0.71 0.71 0.73

Features 0.46 0.50 0.49 0.72 0.70 0.73

Region Bands 0.40 0.46 0.46 0.67 0.66 0.72

Region Bands & CI-Green 0.41 0.48 0.47 0.69 0.67 0.70

NDVI 0.27 0.29 0.32 0.51 0.51 0.53

CCI 0.31 0.33 0.36 0.54 0.57 0.65

CI-Green 0.33 0.75 0.33 0.55 0.59 0.65

All bands 0.53 0.51 0.50 0.73 0.72 0.75

Table 4-12: Overall accuracy classification for stress detection using SVM, RF, and NN

with spectral signatures of Avocado Rionegro Genotype 1.

Accuracy All Accuracy T1&T4

SVM RF NN SVM RF NN

Select Bands 0.52 0.50 0.51 0.63 0.71 0.74

Features 0.44 0.49 0.40 0.68 0.73 0.71

Region Bands 0.40 0.44 0.45 0.60 0.67 0.72

Region Bands & CI-Green 0.41 0.45 0.46 0.60 0.67 0.72

NDVI 0.30 0.27 0.32 0.57 0.52 0.57

CCI 0.37 0.34 0.40 0.57 0.62 0.67

CI-Green 0.38 0.33 0.41 0.57 0.61 0.66

All bands 0.54 0.50 0.57 0.73 0.72 0.74

Table 4-13: Overall accuracy classification for stress detection using SVM, RF, and NN

with spectral signatures of Avocado Rionegro Genotype 2.
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4.5. Discussion

This section describes the results obtained for stress detection using the proposed methodo-

logy (Figure 3-1 ). The results compared the overall accuracy and computational time for

stress detection using (a) selected bands, (b) selected features, (d) regions bands, (e) regions

bands combined with the most relevant vegetation index, (f) most relevant index for each

crop (according to the results in section 4.3), and (g) the results using the full spectra. Table

4-5 presents the results obtained for Bean Cerete. The best accuracy was obtained using

the full spectra with the SVM classifier as the stress detector, with an accuracy of 98%

for Genotype 1 and 96% for Genotype 2. However, the computational cost to use the full

spectrum is the highest. The closest results obtained with the full spectra can be obtained

using one of the feature selections (selected bands, selected features, or regions of interest),

with accuracies up to 97% for Genotype 1 and 95% for Genotype 2 using the NN , which

significantly reduces the computational cost. It can be noted in Table Table 4-5 that the lo-

west performance was obtained when a vegetation index was used with either genotype 1 or 2.

For Maize Cerete, a lower performance was obtained than the bean trail. Again, the best

overall accuracy was obtained using the full spectrum, but for Genotype 1, this result was

obtained using NN with 76%, and for Genotype 2, by SVM with 71%. One more time,

using the full spectrum increases the computational cost. For Genotype 1, the SVM or NN

using selected bands obtained the closest results to the best, with a 70% overall accuracy.

For Genotype 2, the same classifiers achieve 66% and 68% of overall accuracy, respectively.

The results for Maize Rionegro were very similar to those of the trial in Cerete. The best de-

tector was the SVM using the full spectrum, obtaining accuracies up to 71% for Genotype

1, 81% for Genotype 3, and 88% for Genotype 10. This evidences the dependence of results

on the genotypes because there is a significant difference between the overall accuracies ob-

tained. For the experiment of Maize Riongero, the results obtained with any subset of bands

are very low. Similar to the result with beans, using vegetation indexes provided bad stress

detection results.

Finally, Tables 4-12 and 4-13 present the results for Avocado Rionegro. These results include

the use of all treatments ( “All“ columns in Tables 4-12 and 4-13 ) and the use of only the

extreme treatments. For all treatments, it can be noted that lower performance is obtained

with either detector: SVM , RF , or NN . For Genotype 1, the best results were lower than

53% using the full spectrum and SVM . For Genotype 2, the best results were 58% using

the full spectrum but NN . However, for the extreme treatments, the overall accuracies were

up to 75% and 74% by using NN and the full spectrum. Close results can be obtained using

selected relevant bands and NN . The lower results obtained using all levels of treatment

can be related to the need for more labeled data to train the models. For all crops, the best

detection results were obtained using the full spectra. In most cases, SVM outperformed
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the other classifier. The lowest performances were obtained using the RF classifier or by

using only the vegetation index. The result provided good support for considering the need

to use the full information of spectral signatures or to use lower bands (reducing the overall

accuracies a little) to improve computational cost.
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Data was collected using two Micasense cameras to measure the impact of stress on crop

leaves. To classify the images of individual leaves, they were divided into a grid. The images

obtained were used to create mosaics for both the training and test data. The training data

were presented first, with 40% of the data being used to train the models. The results were

then validated using the test set. To identify the spatial characteristics of different crops and

treatments, textural descriptors such as energy, contrast, entropy, and correlation were used

based on spectral signature analysis. During the training process, the most relevant textural

features were evaluated.

5.1. Training Process

Overall accuracy for the crops included in this analysis (i.e., Bean Cerete, Maize Cerete,

and Maize Rionegro) are presented in Figure 5-1. For Cerete bean, Figure 5-1 (a,b) shows

that accuracies higher than 95% can be obtained using 8 features for Genotype 1 and 4 for

Genotype 2 with any of the classifiers. On the other hand, for Maize Cerete, Figures 5-1 (c,

d) show lower performance than bean trails. Using 6 features can achieve 95% of accuracy

for both genotypes. Finally, in Figure 5-1 (e), the results were included with Rionegro

Maize Genotype 1 under the four treatments. For this crop, more features were required to

obtain accuracies higher than 90%. The RF classifier was the detector with the best results,

particularly for maize trails. They have employed feature extractors to obtain various data

sets, including band information, vegetation indices, and spatial textures. We then integrated

all the spatial-spectral information and selected the main features using feature extractor

relevance projectors.
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(a) (b)

(c) (d)

(e)

Figure 5-1: Overall classification accuracy according to number of features (a) Bean Cerete

genotype 1,(b) Bean Cerete genotype 2 (c) Maize Cerete genotype 1,(d) Maize

Cerete genotype 2, (e) Maize Rionegro genotype 1.
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The classification results using bands from Micasense cameras, vegetation indices, selected

textures, all textures, and the main features chosen from the feature extractors are presented

in the Table 5-1. Generally, good classification indices are observed, although it is noted that

the ratings are lower compared to other methods and vegetation indices. It is worth highligh-

ting that the data sets that include spatial features, which can be obtained from the image,

stand out. The SVM classifier applied to the primary features is graphically presented in

the Figures 5-2 and 5-3 . The left figure shows the training data, differentiated by the colors

yellow and cyan for treatments 1 and 2, respectively. In contrast, the correct figure indicates

the model’s estimation, where atypical pixels can be observed in the classification within the

leaf.

In particular, for Rionegro maize Figure 5-4 , the four treatments are presented in color

yellow, golden , cyan, and blue, corresponding to treatments 1, 2, 3, and 4, respectively.

Difficulties are observed in the classification process, particularly to treatments 2 and 3.

Crop Bean C.G1 Bean C. G2 Maize C.G1 Maize C.G2 Maize R.G1

Band

SVM 0.81 0.97 0.80 0.84 0.75

RF 0.97 0.98 0.83 0.82 0.88

NN 0.87 0.94 0.68 0.83 0.60

VI

SVM 0.75 0.79 0.70 0.70 0.78

RF 0.98 0.98 0.84 0.75 0.92

NN 0.86 0.87 0.73 0.71 0.61

Textures

SVM 0.99 0.97 0.96 0.95 0.93

RF 0.99 0.99 0.95 0.98 0.99

NN 0.99 0.99 0.95 0.94 0.95

All

Features

SVM 0.99 0.99 0.95 0.96 0.93

RF 0.99 0.99 0.95 0.97 0.99

NN 0.99 0.99 0.95 0.95 0.94

Principal

Features

SVM 0.89 0.99 0.94 0.95 0.80

RF 0.99 0.99 0.95 0.98 0.98

NN 0.98 0.99 0.92 0.93 0.94

Table 5-1: Results Train Data for Bean and Maize crop.



5.1 Training Process 83

(a) (b)

(c) (d)

Figure 5-2: Model train accuracy Bean Certe (a) Test Data Label genotype 1,(b) Model

Estimation genotype 1 (c) Test Data Label genotype 2 (d) Model Estimation

genotype 2.
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(a) (b)

(c) (d)

Figure 5-3: Model train accuracy Maize Certe (a) Test Data Label genotype 1,(b) Model

Estimation genotype 1 (c) Test Data Label genotype 2 (d) Model Estimation

genotype 2.



5.2 Testing Process 85

(a) (b)

Figure 5-4: Model train accuracy Maize Rionegro (a) Test Data Label genotype 1,(b)

Model Estimation genotype 1.

5.2. Testing Process

Table 5-2 presents the classification results obtained using bands provided by Micasense

cameras, applying vegetation indices and selected textures. The training model was created

using the training set and then applied to the test data. Additionally, Table 5-3 shows the

time taken for each data set and their respective classifiers. It is worth noting that the results

for Cerete beans remained similar to those obtained in the previous chapter. Similarly, low

results were observed for Cerete Maize, which was consistent with previous findings. In the

case of Rionegro Maize, an improvement was observed when texture analysis data was inclu-

ded, indicating the importance of status features. This is particularly significant considering

that the band information was obtained from only eight channels available on the sensors

used for data capture.

Based on the evaluation of the datasets, it has been found that the RF classifier is highly

efficient in terms of computational cost and produces generally good results. On the other

hand, although practical, the SVM classifier can be computationally expensive for the same

datasets. This information can help select the appropriate classifier for future data analysis

and classification tasks.

The results of NN model simulation are displayed in Figure 5-5. It seems that for genotype

1, the results are satisfactory, with only a few pixels showing anomalies. However, regarding

genotype 2, significant challenges exist in identifying treatment 2. The graph in Figure 5-6

shows the results obtained at various stress levels. Although the extreme treatment produced

a higher identification rate, identifying was more challenging than treating 2. In treatment 2,

only isolated pixels were correctly identified, and most of them were estimated to be objects
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from treatment 3.

Crop Bean C.G1 Bean C. G2 Maize C.G1 Maize C.G2 Maize R.G1

Band

SVM 0.61 0.76 0.58 0.51 0.45

RF 0.57 0.77 0.55 0.61 0.38

NN 0.63 0.89 0.59 0.59 0.46

VI

SVM 0.70 0.69 0.62 0.64 0.27

RF 0.62 0.66 0.59 0.56 0.38

NN 0.76 0.54 0.58 0.65 0.29

Textures

SVM 0.77 0.75 0.64 0.63 0.74

RF 0.88 0.78 0.65 0.62 0.56

NN 0.83 0.70 0.59 0.66 0.70

All

Features

SVM 0.79 0.62 0.63 0.68 0.72

RF 0.85 0.77 0.67 0.70 0.57

NN 0.82 0.70 0.65 0.66 0.68

Principal

Features

SVM 0.78 0.74 0.64 0.66 0.74

RF 0.79 0.78 0.63 0.69 0.56

NN 0.80 0.72 0.65 0.68 0.62

Table 5-2: Results Test Data for Bean and Maize crop, highlighted in green the best results

for Bean Cerete, highlighted in cyan the best results for Maize Cerete, highlighted

in magenta the best results for Maize Rionegro.

Crop Bean C.G1 Bean C. G2 Maize C.G1 Maize C.G2 Maize R.G1

Band

SVM 306.52 52.32 143.98 280.85 173.45

RF 0.93 0.22 0.42 1.18 238.35

NN 70.61 47.62 68.33 255.62 143.37

VI

SVM 122.55 26.60 71.12 203.35 806.89

RF 0.69 0.18 0.48 43.43 172.32

NN 72.56 41.38 110.64 38.42 152.45

Textures

SVM 220.03 3.01 89.93 479.28 960.99

RF 1.04 0.33 4.51 52.54 296.691

NN 82.09 13.59 14.54 216.39 155.39

All

Features

SVM 843 130.73 1124.04 968.47 1428.80

RF 1.78 0.51 5.31 345.76 510.11

NN 97.21 57.46 419.36 123.29 181.89

Principal

Features

SVM 147.95 3.22 92.36 462.87 659.50

RF 0.43 0.14 0.27 636.06 170.60

NN 70.21 48.43 43.83 382.60 170.94

Table 5-3: Results Time Test Data for Bean and Maize crop.



5.2 Testing Process 87

(a) (b)

(c) (d)

Figure 5-5: NN Model test using Principal Feactures data Bean Certe (a) Test Data Label

genotype 1,(b) Model Estimation genotype 1 (c) Test Data Label genotype 2

(d) Model Estimation genotype 2.
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(a) (b)

Figure 5-6: NN Model test using Principal Feactures data Maize Rionegro (a) Test Data

Label genotype 1,(b) Model Estimation genotype 1.

A confusion matrix Figure 5-7 is used to abstract the numerical information in correspon-

dence with the above figures. It is a tool used to evaluate the performance of classification

models. It is a table that visualizes the number of correct and incorrect predictions made by

the model compared to the actual observations. The diagonal cells correspond to correctly

classified observations, while the off-diagonal cells correspond to incorrectly classified obser-

vations. The positive predictive value and false discovery rate are shown at the right and

bottom of the plot, respectively, and the actual positive rate and false negative rate are

shown at the bottom right of the plot. Identifying the pixels corresponding to treatment 3

of Maize Rionegro is notoriously difficult, with only a lower rate of 19% of samples properly

identified.
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(a) (b)

(e)

Figure 5-7: Confusion Matriz using NN Model test with Principal Feactures set (a) Bean

Cerete genotype 1,(b) Bean Cerete genotype 2 (c) Maize Rionegro genotype 1.

classes 1, 2, 3, 4 correspond to treatments 1, 2, 3 and 4.
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5.3. Discussion

The approach allows the incorporation of the spatial relationship between pixels, completing

spectral information. The spatial information was based on texture metrics, which obtained

a new representation space. The findings presented in this section demonstrate the benefits of

incorporating spatial information. However, the multispectral camera’s capabilities limited

the spectral data to ten channels. There were instances where this limitation adversely affec-

ted the identification process, such as Cerete bean. Nonetheless, the genotypes consistently

scored classifications over 78% (Table 5-2). In the case study of Rionegro maize, genotype

1 represents a higher classification rate than the results obtained from the spectrometer.

The results evidence that more than relying solely on conventional methods, such as those

based on vegetation indices, are needed to detect stress levels. This underscores the limi-

tations of utilizing a restricted amount of information from samples and the challenges of

applying generalized indices to all crops without considering where the most pertinent in-

formation is. It is easier to identify stress in vegetation by considering this aspect.

It has been observed that incorporating spatial information of images through texture charac-

teristics significantly improves classification accuracy for both training and testing datasets.

This is especially true for multi-spectral images where the spectral information is limited.

Without incorporating spatial information, the classification measures are substantially lo-

wer when compared to the methods that consider it.

In this thesis project, classifying sets containing spatial and spectral information posed diffi-

culties, such as identifying the selection of spatially relevant information, the limitations and

characteristics of the sensors, the variability between leaves in shape and size, and external

agents such as tears, malformations, or biotic agents. However, the proposed methodology

showed a favorable impact when validated quantitatively. This opens up opportunities to

further develop the methodology into a general framework that can be applied to any data-

set.
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The process standardization under stress conditions in vegetation crops has posed a formi-

dable challenge owing to each case’s distinctive impact on the crop’s spectral signatures and

the stress factor. Despite certain statistical similarities in some cases, the spectral response

of the plant can vary significantly in each instance. Regrettably, no process suggested thus

far, including customized vegetation indexes or those seeking specific effects, can be gene-

ralized due to the variable outcomes based on the unique characteristics of the object of

study. As discussed in Chapter 4, the statistical data presented in the case studies indicate

that genetic variability is a crucial factor in stress arrest. This is because the response in

the spectral signature varies according to the type and level of stress the crop is exposed

to and the particular response of each genotype to these effects. In addition, environmental

factors such as dew or impurities in the samples and changes in illumination can also affect

the distribution of the signature characteristics. Therefore, developing agile methodologies,

like the one presented in this work, is crucial for breaking down knowledge barriers and

equipping us with the necessary technological tools to tackle this issue.

The proposed method enables the characterization of the spectral signature of crops under

the influence of abiotic limiting factors. It identifies the zones and bands of interest where

the most relevant information is preserved. The proposed method aims to characterize the

spectral signature of crops that are under the influence of abiotic limiting factors. It iden-

tifies the areas and bands of interest that preserve the most relevant information. Despite

increasing noise intensity due to limitations of the applied sensor, the literature highlights

that NIR bands provide important information for the detection processes. This information

is discussed in chapter 4. However, some limitations of the method need to be considered.

Firstly, there is high variability within individuals, which may affect the accuracy of the re-

sults. Secondly, the effect of biotic stress on the spectrum is low. For example, in the case of

maize, the regions of interest were similar in both experiments, although in one experiment,

there was a classification.

The results indicate that the developed method outperforms the evaluated vegetation indi-

ces. This is accomplished through a thorough band selection process based on consistently

superior spectral signature characterization. The full spectrum helps significantly enhance

the indices’ stress estimation performance. When it comes to images, having fewer bands

necessitates the inclusion of spatial information. Each crop exhibits distinct behavior, and
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pre-processing the images is more challenging due to illumination variations that must be

considered. In some cases, even with well-characterized signatures, sufficient heterogeneity

must be required to enable an adequate classification. The integration of spatial information

is effective in enhancing the classification process, especially in cases where spectral informa-

tion alone cannot detect stress in crops under stress levels. The integration of spatial-spectral

information provides a clear advantage in detecting stress. However, spatial information is

susceptible and can be affected by other crop affectations, and the texture can vary depending

on the climatic conditions in which the samples are obtained. The proposed methodology

provides a robust and comprehensive approach for classifying crops under abiotic stress and

can significantly benefit the agricultural industry.

Even though the technification and industrialization of agriculture are areas of interest for

the scientific community, there still needs to be a significant gap when providing access to

these technologies, mainly due to the high cost and the difficulty of acquiring expert staff.

This is where the methodological work done in this project can positively impact by helping

to select suitable sensors for particular crops. It is essential to consider that agriculture pro-

cesses today focus on genotypes with optimal conditions for productivity and geographical

conditions of the environment, so if optimization of technologies and sensors can be esta-

blished for a particular crop, the proposed scheme can serve as a valuable tool for selecting

the appropriate bands and regions of interest. This, in turn, can aid in developing new, cost-

effective devices and reduce implementation costs by targeting the spectrum to the specific

regions of interest in each crop.

Multispectral sensors can be designed for specific crops by examining the spectral signature,

selecting regions and bands of interest, and exploring the potential of vegetation indices.

These sensors can be tailored with defined bandwidths and directed towards the particular

study case, streamlining information acquisition and integrating spatial information where

the most pertinent data is concentrated to classify the data under particular conditions.

However, there are risks associated with designing sensors for specific genotypes. This is be-

cause of the low heterogeneity that the crop may have in biotic stress and the geographical

difficulties that may arise. It is not desirable to lose enough generality to identify risk factors

that may compromise crop productivity and the excellent use of the soil. Therefore, it is

necessary to evaluate whether obtaining a set of sensors with specific bands is feasible before

establishing sensor ranges. This requires submitting the genotype evaluated to the different

stresses that may arise.

The following contributions were made in the implementation of this project: (I) develop-

ment of a data collection protocol and a low-cost clamp for measuring vegetation spectral

signatures, these were presented in the paper ”Low-cost clamp for the measurement of ve-

getation spectral signatures”; (II) a spectral library database presented in ”Spectral Library
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of Maize Leaves under Nitrogen Deficiency Stress”, which details the preprocessing steps to

remove noise and outliers. The library includes three datasets captured at different growth

stages of 10 tropical maize genotypes. The spectral signatures collected were in the visi-

ble to near-infrared range (450-950 nm), which is a significant contribution as one of the

shortcomings identified is the lack of comprehensive libraries to test classification systems.

The preliminary results of the characterization section identification signatures of the same

under-stress effects are submitted in paper Characterization of crops under abiotic stress

factors using spectral signatures in the visible to near infrared. The research conducted in

this study has opened up a substantial opportunity for further exploration and discourse on

the obtained results. This could entail formalizing and modifying the proposed methodology

to cater to a broader range of circumstances and developing a tool to examine the characte-

rization of main features. Such measures would enable the identification of bands of interest

and create streamlined methods for their identification.

Reliable data capture is necessary. Even though semi-controlled conditions are considered,

environmental changes or biotic risk factors may affect the process execution. This difficulty

generated the need to statistically validate the labeled data beforehand, which limited its

availability and affected the possibility of exploring other types of machine learning approa-

ches, such as deep learning, which have proven to have the potential for this type of task

[154, 152]. The study started with the assumption that the values of nitrogen, phosphorus,

and water were controlled in the nutritional treatment. Soil measurements were performed,

but the high cost of actual quantification of N and P in the plant did not temporarily com-

pare the exact values that the plant was absorbing for each individual.

A future stage of deepening in a specific crop can be planned to guarantee adequate ra-

tes of training data with a broader scenario and meticulous control of external variables.

Within the framework of the implementation of the project, future work can be carried out

in the following areas: construction of other spectral libraries with signatures and images

that allow the study to be extended to other ML techniques, development of customized

devices based on the relevant spectral regions selected, extension of the methodology to dif-

ferent types of crops, and inclusion of novel selection techniques that can take advantage

of the proposed scheme, Overall, the results of this study suggest ample room for further

research and analysis, which could significantly advance how data is analyzed and utilized

in various applications. The proposed measures can increase accuracy, efficiency, and repea-

tability, making them essential to the field of study. They also promote the application of

precision agriculture on a cost-benefit basis.
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quia. Instituto Geográfico Agust́ın Codazzi (IGAC); Imprenta Nacional de Colombia,

2007.



106 Bibliography

[134] C. Sánchez, D. Jaraba, J. Medina, J. Mart́ınez, and A. Mart́ınez, “Requerimientos

hidricos del aj́ı dulce (capsicum annum l.) bajo riego por goteo en el valle del sinú
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