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Abstract

Rising global temperatures pose a significant threat to agricultural productivity, making
the early detection of plant stress crucial for minimizing crop losses. While hyperspectral
remote sensing is a powerful tool for monitoring plant health, the precise spectral regions
and most effective machine learning models for detecting thermal stress remain an open
research question. This study presents a robust framework that utilizes eight state-of-the-
art machine learning algorithms to classify the reflectance response of thermal-induced
stress in two cultivars of bean plants. Our controlled experiment measured hyperspectral
data across two growth stages and three stress conditions (pre-stress, during stress, and
post-stress) using a spectroradiometer. The results demonstrate the high performance of
several algorithms, with the Artificial Neural Network (ANN) achieving an impressive
99.4% overall accuracy. A key contribution of this work is the identification of the most con-
tributory spectral ranges for thermal stress discrimination: the green region (530–570 nm)
and the red-edge region (700–710 nm). This framework is a feasible and effective tool for
modelling the hyperspectral response of thermal-stressed bean plants and provides critical
guidance for future research on stress-specific spectral indices.

Keywords: remote sensing; thermal stress; machine learning

1. Introduction
The continuous rise in global temperatures, with average temperatures already ap-

proximately 1 ◦C higher than the pre-industrial era [1], poses significant challenges to
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agriculture. Projections suggest an increase of an additional 2 ◦C by 2050 [2]. This scenario
necessitates new methods for crop management, particularly in regions with limited irriga-
tion resources. Several countries do not have resources available to irrigate crops frequently,
and temperature will be a key factor in their management [3,4]. Therefore, modelling the
thermal stress effects on plants or cultivars is an important and current issue for multiple
research areas [5,6].

Temperature changes can impact plants in their vegetative growth, photosynthesis
performance, water distribution within the xylem, and their reproductive stage [7]. At
elevated temperatures, plants increase their evapotranspiration mechanism, requiring
higher amounts of water to be absorbed [6,8], increasing their demand for irrigation. As
such, thermal stress in plants rapidly increases in response to high temperatures [4,9], and
the early detection of these effects may be a key factor to assist the decision-making process
in agricultural systems, avoiding potential crop losses.

Remote sensing is an important data source for studying vegetation in general.
Datasets can be acquired at different spectral scales, like RGB, multispectral, and hy-
perspectral, using distinct platforms, such as proximal (or terrestrial), aerial, or orbital.
Hyperspectral sensors are being used in a wide range of applications. For example, re-
searchers have used them to detect biotic stresses, like diseases [10] and pests [11], in
various crops. Other studies have focused on quantifying plant constituents, such as nitro-
gen and carbon [12], and chlorophyll content [13], or even predicting the concentration of
heavy metals like cadmium [14]. This technology, in combination with others, is also vital
for characterizing key vegetation parameters and general plant traits [15] and is particularly
effective for modelling abiotic stresses, like water [16,17] and saline stress [18].

Hyperspectral data are complex to analyse, since a huge amount of information is
collected into each experiment, often resulting in high-dimensional data to be evaluated.
As a result, robust and intelligent methods are required to extract information from these
datasets. Principal Components Analysis (PCA) and Partial Least-Squares Regression
(PLSR) represent traditional approaches to process hyperspectral data [6,19] and can deal
with the problem of high-dimensionality. But, to improve estimations and analysis of such
complex data, machine learning algorithms have been proposed as a robust and intelligent
approach in recent years [17,20].

As a subfield of artificial intelligence, machine learning algorithms are generally
classified into supervised, unsupervised, and reinforced learners. Supervised algorithms
require examples of data previously labelled by a human, using it as a reference sample
for learning and validating the algorithm’s performance [21]. Unsupervised algorithms do
not require labelled data and are left to model it with their characteristics [22]. Reinforced
learning algorithms seek to analyse and interpret the dataset and correct themselves
through a process of retro-feed and a reward definition [23].

In remote sensing, machine learning algorithms have been established as a robust
and intelligent approach for analysing complex spectral data. The effectiveness of this
approach has been demonstrated in comprehensive reviews covering both general plant
stress imaging and specific challenges like crop water stress [17]. Specific applications
include using ML models to estimate photosynthetic capacities from leaf reflectance and
to model nutrient content in diverse ecosystems, like alpine grasslands [24] and citrus
plantations [25,26], for instance. However, the effectiveness of machine learning algorithms
for modelling thermal stress on plants with hyperspectral data still is, to the best of our
knowledge, an open research issue.

As a related approach, the investigation of water-deficit response using leaf reflectance
in the Visible (VIS), Near-Infrared (NIR), and Short-Wave Infrared (SWIR) spectral regions
is well-documented. These studies have been conducted across a variety of agricultural
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contexts, including vineyards [27], maize fields [28], soil-less tomato crops [29], and even
urban turfgrass systems [3], often with the goal of developing more sensitive, image-derived
stress indices. For the evaluation of temperature effects, studies were carried out mostly
in the thermal infrared spectral region using methods like PCA and PSLR [30,31]. While
previous studies have shown that physiological responses to thermal stress are significant in
the VIS and NIR regions [6,29], they have not identified the specific wavelengths responsible
for these changes.

Some recent studies have succeeded in applying machine learning algorithms for
vegetation analysis. The Random Forest (RF) algorithm was able to model the water-stress
spectral response of a vineyard with an 83.3% accuracy [27]. In a similar study [16], the
water-induced stress in lettuce plants was modelled with an Artificial Neural Network
(ANN) over two weeks, and the ANN was able to detect, with 80% accuracy, spectral
differences from day one, and returned a 92.4% accuracy at the end of the experiment,
when signs of stress were already becoming visible. In this regard, the high accuracy
returned by machine learning algorithms in the reported studies is something to be consid-
ered. Recent advances in computational techniques have demonstrated the effectiveness
of machine learning approaches for thermal stress characterisation in agricultural appli-
cations [32], while comprehensive reviews highlight the growing importance of machine
vision technologies for stress detection in precision agriculture [33].

The evaluation of thermal stress in plants through hyperspectral remote sensing
is little explored in the literature. One example is the Cao et al. (2019) investigation.
These authors [4] analysed different spectral Vegetation Indices (VIs) to detect thermal
stress using their correlation with photosynthetic parameters of plants. Some spectral
indices were able to measure the stress response, but with a low or moderate coefficient of
determination (R2) of 0.54 and 0.71, respectively. This approach’s accuracy is outstandingly
lower compared to the performances returned by machine learning algorithms in other
stress investigations [16,27].

Since machine learning has been the focus of recent publications in the hyperspectral
data domain, it is important to assess its performance in detecting thermal stress. Fur-
thermore, machine learning, when combined with a ranking feature, can return a metric
used as an indication of individual input variables’ contribution, as explained by [34]. This
type of analysis offers some potential in the hyperspectral domain. Here, we propose a
framework to model the reflectance response of thermal-induced stress in bean plants with
multiple machine learning algorithms and combine it with a ranking approach. To address
this research gap, we propose a novel framework that models the hyperspectral reflectance
response of thermal-induced stress in bean plants using a combination of multiple machine
learning algorithms and a ranking feature approach. Our contributions are two-fold: we
first identify the most effective machine learning algorithms for this specific task, and
second, we define the precise spectral regions most sensitive to thermal-stress response,
providing valuable insights for future research and applications.

2. Materials and Methods
The proposed framework is arranged into five main phases (Figure 1). In Phase 1, the

experiment was appropriately designed in controlled conditions (laboratory) to consider
two bean plant species at three soil characteristics. In Phase 2, the spectral data of leaves
at three periods were measured: pre-stress, during stress, and post-stress. This phase was
repeated twice, once in the reproductive stage and once in the vegetative stage of both
species. In Phase 3, the spectral data were processed, converting the radiance signal to leaf
reflectance. The low signal-to-noise ratio was removed from the collected spectral data. In
Phase 4, the dataset (n = 1724) was separated into three parts: training/validation (80%)
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and testing (20%). Finally, in Phase 5, the performance of eight machine learning algorithms
was measured for classifying the spectral wavelengths according to the measured periods
(pre-, during, and post-stress).

Figure 1. The experiment designed to model the hyperspectral reflectance measurements of thermal-
induced stress in bean plants for two growth stages (reproductive and vegetative) through machine
learning algorithms.

2.1. Experimental Setup

The experiments were initially carried out in a plant growth chamber (Fitotron®, Weiss
Technik Limited, Leicestershire, UK) under controlled conditions to evaluate the effects of
the thermal stress on two bean plants’ growth stages: reproductive and vegetative. Two
Carioca-bean (Phaseolus vulgaris) cultivars were used: TAA Dama and IAC Imperador.
Both cultivars were placed in pots (n = 36) with 2 kg of agricultural soil (pH = 5.9, CaCl2
0.01 mol L−1, 43.9 mg·dm−3 of P (Mehlich−1), 2.7 mmol·dm−3 of K, 25.3 mmol·dm−3 of
Ca, 5.3 mmol·dm−3 of Mg, and 14.3 mmol·dm−3 of H + Al). The pots were placed in the
growth chamber, where light, humidity, and temperature were monitored.

The experimental design was the same for both species. The plants were grown
in pots of equal size, with soil from the same area, in controlled and uniform climatic
conditions. These conditions were simulated by the Fitotron® chamber, where temperature,
photoperiod, and humidity were equally shared between them. The following growth
conditions were established within the chamber: temperature of 20/25 degrees Celsius
at night/day and a photoperiod of 8/16 h until the beginning of the reproductive period,
with controlled irrigation in luminous conditions (350 W·m−2). At the beginning of the
reproductive period (R2–R3), thermal stress was established with an increase of 8 degrees at
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night/day (28/33 Celsius degrees), lasting 10 days. After this period, the climatic conditions
of the chamber were restored.

The second experiment (vegetative stage) was implemented under the same conditions
as the first one (reproductive stage), only with the difference that the period of thermal stress
was established at the vegetative stage of plants (V3–V4). Both experiments lasted with
plant conduction ending at 55 days. Each plant had its spectral readings evaluated before,
during, and after stress. This experimental design allowed us to create an heterogeneous
dataset, which is important to evaluate the machine learning algorithms’ performance in
real-life scenarios, building up robust models.

2.2. Spectral Measurement and Data Pre-Processing

The spectral measurements of the leaves were performed by an ASD FieldSpec® HandHeld
2 spectroradiometer (Analytical Spectral Devices, Inc., Boulder, CO, USA) with a 1-degree
aperture Field of View (FoV), recording wavelengths from 325 to 1075 nm with a spectral
resolution of 1.6 nm. The spectral responses of the plants were measured in a dark room
covered by dark surfaces, minimizing light interference. Before plant measurement, a
Lambertian calibration plate (Spectralon® plate) (Labsphere, Inc., North Sutton, NH, USA)
was recorded with the ASD equipment. The plants were removed from the chamber
and immediately moved to the darkroom. Leaf spectral behaviour was measured at a
consecutive number of times for each plant in different leaves. The leaves at an intermediate
phase, i.e., neither young nor old, were selected from the middle third of the plant.

Since the experiment was conducted in a dark room with minimal light interference,
the reflectance values measured by the equipment were registered at lower than normal
levels. The light source used to illuminate the leaves was positioned at a fixed distance
between the vases, and the spectroradiometer was also fixed at a variable distance of 12
to 14 cm from the leaves. This variation happened mostly to accommodate differences
between plants and leaf distribution, even though most of the plants were similar in
structure. The calibration plaque was used multiple times during the experiment, within
half an hour between measurements, as specified by its manufacturer. The plaque was also
placed upon the same pedestal as the plants, and the distance between the light source
(halogen lamp) and the spectroradiometer was adjusted to simulate the distance from
the leaves.

A halogen lamp was prepared to illuminate the target, at a 45◦ angle, while the
spectroradiometer was placed on the opposite side, also at a 45◦ angle. The measurement
was repeated during pre-stress, during stress, and post-stress periods, and in two plant
stages: reproductive and vegetative. The data were manually divided based on the moment
of the measurement, being classified into pre-stress, during stress, and post-stress. This
was performed for both species and growth stages (vegetative and reproductive stages).
The spectroradiometer recorded the radiance from the leaf that reaches the sensor. To
transform this measurement into the leaf reflectance factor, the leaf (i.e., target) radiance
was divided by the calibration plate (i.e., reference) radiance. The equipment has a known
calibration factor K, which must be multiplied by the result of the first operation [35]. In total,
1724 wavelengths were recorded and used to compile the models. Each of those spectrums
was labelled according to its analysis period: pre-stress, during stress, and post-stress.

The experiment was conducted at different stages and periods, which could lead to
potential differences between spectra measurements. To remove possible artefacts, the
equipment conducted multiple observations and calculated the average of 10 spectra before
returning the given values for each leaf. After this, a smoothing technique is applied with a
7-by-7 filter to reduce noise between wavelengths. Lastly, to compensate for changes in the
optical path length and reduce scattering issues, the Standard Normal Variate (SNV) was
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performed to normalise the data by subtracting each spectrum from its mean and dividing
it by its standard deviation. Such procedures were necessary for preparing the data before
additional analysis.

2.3. Machine Learning Analysis

From a machine learning perspective, our goal is to solve a supervised multi-class
classification problem. Let our dataset be D = {(xi, yi)}N

i=1, where N is the total number of
spectral measurements (N = 1724). Each input sample xi is a feature vector representing
a single hyperspectral measurement. This vector is defined as xi = (r1, r2, . . . , rD) ∈ RD,
where rj is the leaf reflectance value at the j-th spectral band, and D is the total number of
spectral bands (wavelengths) recorded by the spectroradiometer from 325 to 1075 nm. Each
corresponding label yi belongs to a discrete set of three thermal stress conditions, such that
Y = {Pre-Stress, During-Stress, Post-Stress}. The primary objective is to learn a mapping
function, or classifier, f : X → Y. This function is trained on a subset of the data, Dtrain,
and its purpose is to accurately predict the stress label ynew for any new, previously unseen
hyperspectral sample xnew. The effectiveness of the learned function f is then evaluated on
a separate test set, Dtest, to estimate its generalisation performance.

To ensure a robust evaluation of the models’ generalisation capabilities and to prevent
data leakage, the dataset partitioning was performed at the pot level. The 36 pots used
in the experiment were randomly divided into two independent groups: a training set
comprising 80% of the pots (29 pots) and a testing set with the remaining 20% (7 pots).
This pot-level split resulted in a training dataset containing 1380 spectral measurements
and a testing dataset containing 344 measurements. All spectral samples from the training
pots were used exclusively for model training and validation, while all samples from the
testing pots were reserved for the final performance evaluation. This pot-level splitting
strategy guarantees that the models were tested on entirely new plants that they had
not been exposed to during the training phase. This approach provides a more realistic
and conservative estimate of the models’ performance in a real-world scenario, as it tests
their ability to generalize to unseen individuals rather than simply recognising the unique
spectral characteristics of plants seen during training.

The cross-validation method, with 10 k-folders, was adopted to train and validate each
algorithm. In this method, one of the folders is separated and used as a validation dataset,
while the other folders are used to train the model. This is repeated 10 times until all the
folders have been used once. The validation dataset is used to calculate the performance
of the classifiers during the hyperparametrisation process of the algorithms. For each
algorithm, we repeated this procedure 10 times, resulting in a total of 100 repetitions. The
open-source software Weka 3.9.5 was used in our analysis, which runs in its Java library.

The hyperparametrisation process considered the individual characteristics of the
algorithms, like the number of trees and nodes, the number of neurons, interactions, and
function degree, among others. The criteria were defined, but they did not return any
practical gains for the Overall Accuracy (OA) since they only increased the processing time
needed. The parameters of the methods applied here have been set to their respective
library default values, except those described below (Table 1). Details of the parameters
and criteria defined by the hyperparametrisation of the eight evaluated algorithms are
summarised in Table 1. The machine learning algorithms used were as follows: CN2 Rule
Induction (CN2), k-Nearest Neighbors (kNN), Logistic Regression (LR), Naive Bayes (NB),
ANN, RF, SVM, and Decision Tree (DT), as they represent the state-of-the-art machine
learning algorithms and are available on Weka 3.9.5 software.
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Table 1. Algorithms evaluated in this study and their hyperparameter and criteria values.

Algorithm Hyperparameter Criteria

CN2
Rule Ordered

Measurement: Laplace Accuracy

Beam = 4
Rule Coverage (minimum) = 5
Rule Length (maximum) = 10

kNN Euclidean Distance k-Neighbours = 5

LR
Regularisation

Strength
Ridge (L2)

C = 1

NB None None

ANN
Activation Linear

Adam Solver
Regularisation a = 0.0001

Neurons (Hidden Layer) = 512
Number of Hidden Layers = 2

Epochs = 200

SVM

Radial Basis Function (RBF) Kernel exp(−g |x−y|2)
g = automatic

SVM Type Cost = 1
Regression Loss = 50.00

Tolerance = 0.0010
Interaction (limit) = 500

RF
Number of Trees

Nodes
Trees = 200

Nodes (maximum) = 5

DT
Number of Leaves

Trees depth
Leaves (minimal) = 2

Tree-depth (maximum) = 100

The CN2 classifier is an algorithm designed to classify a set of conditions that has
been is established. This algorithm is based on the same function as the AQ and the ID3
algorithms, and it uses a rule set similar to AQ, but can handle noisy data like the ID3 [36,37].
The kNN verifies how closely a given data point is in a feature space. In classification
tasks, it uses a set of weights and distance metrics to classify an object by a plurality vote
of its neighbours [38]. The LR algorithm is based on a sigmoid function, where it handles
classification problems with the concept of probability. Although it has been most used
for binary classification, LR can be modified to run in an all-against-one approach and
evaluate differences among more classes [39]. NB is also a probabilistic approach based on
Bayes’ theorem. Since it uses a naïve approach, it can completely disregard the correlation
between the input variables [39,40].

The ANN machine learning algorithm is inspired by biological neurons and works
in multiple connections capable of learning linear and non-linear models. It uses hidden
layers to perform the classification task in a feed-forward manner and depends on an
activation function for the hidden layer and a solver for weight optimisation [40,41]. In this
study, two hidden layers were implemented, while the linear activation function was used
for the final layer, since once this function is used, no additional layers are necessary for
the network. The SVM is a method that separates an attribute space within a hyperplane.
It then calculates a linear function while maximising the margins between instances of
different classes [42]. RF and DT both rely on the idea that accuracy can be improved when
implementing the results of combined independent predictions. While DT is based on
an individual tree with different numbers of nodes and leaves, the RF model is based on
multiple DTs [43].

Regarding testing, for which we used 20% of the whole dataset, this set had not been
“seen” before by the learners. This ensured the measurement of the actual performance
of each machine learning algorithm in the proposed task. The classification result of each
algorithm was evaluated with traditional metrics like overall accuracy, F1-score, precision,
recall, and specificity. The Receiver Operating Characteristics (ROC) curve and its respective
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Area Under the Curve (AUC) values for each class (pre-stress, during stress, and post-stress)
were also calculated to compare algorithms’ performance.

The evaluation of these metrics allowed the construction of a rank-based approach [34]
with the most suitable algorithms for modelling the thermal-stress response of the hyper-
spectral data. Thus, the contribution of each wavelength to the classification task performed
by the algorithms was calculated. This contribution was obtained from the wavelength
gain ratio used by the most suitable models (which returned a higher metric than 90%
in overall accuracy). For that, values of the gain ratio were plotted and were used to
define the spectral regions more responsible for indicating the thermal-stress effect of the
induced stress.

A qualitative approach was used to compare the mean spectral wavelengths of each
period (pre-, during, and post-stress) in the spectral regions returned by the gain ratio.
This comparison was important to ascertain the spectral behaviour of each period and its
differences. Aiming to deal with the high dimensionality of the spectral data, a dimension
reduction analysis based on PCA was implemented as a pre-processing step. However,
during this experimental phase, no satisfactory results were observed, mainly because it has a
low impact on most algorithms’ performances. This approach could also impact the ranking
analysis implemented in the latter stage, and so the full reflectance data was preferred.

3. Results
3.1. Impact of Thermal Stress into Reflectance Measurements

The performance of multiple machine learning algorithms was evaluated for modelling
the hyperspectral reflectance measurement of two bean plant cultivars under three periods
of thermal-induced (pre-stress, during stress, and post-stress). This experimental variation
was important to produce different spectral behaviours, resulting in a heterogeneous
dataset. Our results demonstrated the high effectiveness of a selective group (ANN, CN2,
DT, and SVM) of the tested algorithms to classify the wavelengths at their different stress
moments (pre-stress, during stress, and post-stress), reaching an overall accuracy of 99.4%
in some cases.

The algorithms ANN, CN2, DT, and SVM achieved higher overall accuracies in sep-
arating spectral measurements from the pre-, during, and post-thermal-induced stress
periods, which reached 99.4%, 94.7%, 93.6%, and 90.1%, respectively (Table 2). The NB, LR,
and RF performed worse, returning almost a random guess type of analysis (i.e., chances
next to 50%). These algorithms operated in different ways, with the advantage of being
non-parametric [44] The combinations and logical operations executed by the algorithms
of ANN and CN2 are appropriate to evaluate imperfect and noisy data [37].

Table 2. Results of the classification task performed by the algorithms.

Algorithm
OA
(%)

F1-Score
(%)

Precision
(%)

Recall
(%)

Specificity
(%)

CN2 94.77 94.78 94.90 94.70 97.20

kNN 87.20 87.01 88.20 87.20 93.30

LR 59.30 55.16 61.40 59.30 80.90

NB 63.37 61.46 66.70 63.40 81.60

ANN 99.42 99.42 99.40 99.40 99.70

RF 65.70 63.21 73.30 65.70 83.10

SVM 90.11 90.01 91.70 90.10 95.60

DT 93.60 93.64 93.80 93.60 97.00
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Although the DT algorithm may be unstable in some classification tasks [43], it showed
high performance in classifying the three periods evaluated in this study. The SVM al-
gorithm, although presenting high overall accuracy (90.3%) (Table 2), performed worse
in discriminating the “post-stress” phase (Figure 2) and presented errors in classifying
the post-stressed bean plant spectral wavelengths. The ANN algorithm presented the
best performance, being able to classify both “pre-stress” and “during-stress” classes with
almost complete accuracy (Figure 2).

Figure 2. Per-class classification accuracy for the four best-performing models. Each bar represents
the accuracy for correctly classifying samples belonging to the pre-stress, during stress, or post-stress
conditions.

The performance analysis of the ANN, CN2, DT, and SVM algorithms through the
ROC graphic and AUC values demonstrated that, in general, they presented better results
for the “pre-stress” condition (Figure 3). ANN’s ROC graphic shows how this algorithm
was able to differentiate all classes with an AUC of 0.999. The algorithms of CN2 and
DT presented lower true-positive rates with “during-stress” and “post-stress” classes,
respectively. The SVM, however, was worse, returning higher false-positive rates for these
two classes.

The ANN had a great performance even in comparison with the other algorithms.
It was able to classify with almost complete accuracy the spectral wavelengths of the
“pre-stress” and “during-stress” phases and returned approximately 98% accuracy in the
“post-stress” phase (Figure 2). It also demonstrated almost no false-positive rates for these
classes in any momentum, unlike the other algorithms. The ANN algorithm, based on a
multi-layer perceptron, proved to be sufficient to model the spectral response, not requiring
deeper networks. Recently, deep neural networks have been highly capable of performing
improved estimates than shallow networks. However, the amount of labelled data required
far surpasses the needs of a machine learning model.

The remaining algorithms also returned satisfactory classification metrics, being,
alongside the ANN, CN2 rule, DT, and SVM, the most prominent ones (Figure 2). As for
the other algorithms, the performance varied. While this may not be a common outcome
with traditional shallow learners, it was observed in previous studies conducted with
hyperspectral data for different types of vegetation-related classification tasks [16,45–47].
As aforementioned in the Method section, we conducted a PCA as a pre-processing step in
an experimental phase, and while it did help return similar performances for the LR, NB,
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and RF models, the impact was not sufficient to surpass the top four algorithms (ANN,
CN2 rule, DT, and SVM). Another important observation is that SVM, which is considered
a powerful method in shallow learning comparison, should theoretically benefit from a
dimension reduction analysis like PCA. However, the performance was not impacted by its
usage, maintaining the overall values observed with the original reflectance data.

Figure 3. ROC and AUC curves of the most suitable algorithms indicating their performance in
each class.

In this analysis, the four best learners (Figure 2) were considered as the most prominent
methods to model the hyperspectral response of the investigated thermal stress. It is also
important to note the difference between the accuracies of the methods since some of them
were not able to properly understand the patterns demonstrated by the different classes.
The ANN, which achieved the highest evaluation metrics, has already presented potential
in previous research for evaluating water-stress effects on hyperspectral measurements [16].
Regardless, as mentioned, some of the remaining algorithms were also feasible for the given
task. In this sense, it is still early to determine which algorithm may perform better given
a more complete and generative dataset, and future research could focus on observing
those issues.

3.2. Ranking the Contribution of Spectral Wavelengths

Another investigation of our framework proposal regards the identification of spectral
regions and wavelengths that had the highest contribution to model the thermal-stress
response. Overall, the induced stress increased the reflectance, especially in the green,
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red-edge, and NIR regions (Figure 4). This pattern continued even after returning the
temperature to the pre-existing conditions. This demonstrates how the effects of thermal
stress can occur in the spectral behaviour of the plant even after the stress period. The green
region is often linked to foliar pigmentation [4,48,49], while red-edge changes are associated
with plant stress [49,50]. The NIR region is related to the structuring and organisation of
molecules in the mesophyll [49,51]. During the induced thermal stress, the plants showed
wilting signals and chlorosis symptoms, which may explain the differences observed here.

Figure 4. Average spectral wavelengths of each condition: pre-stress, during stress, and post-stress.

To indicate the most constitutive spectral wavelengths to the overall best-chosen
models’ performance, the gain ratio metric was used. The gain ratio is calculated concerning
the accuracy returned by the spectral wavelength alone and in combination with others
when used as input for the given model. The proposed approach resulted in different gain
ratios for the analysed wavelengths (Figure 5). In the visible spectral region, the major
contribution to the algorithms came from wavelengths in the green region, between 530
and 570 nm. In the red edge, a smaller region, ranging from 700 to 710 nm, had a similar
contribution. This indicates how important both spectral regions were in differentiating
the measurements before, during, and after the thermal stress for both cultivar types. The
blue (and ultra-blue) and red regions (375–500 nm and 600–700 nm, respectively) presented
a lower and noisier gain ratio than the others.

Furthermore, a qualitative evaluation of the mean reflectance value of each thermal-
stress period highlighted differences in the leaf reflectance measurements (Figure 6). The
amplitude between spectral wavelengths in the green region shows an increase in the
reflectance factor as the thermal stress was applied. This effect continues to persist even
afterwards in the stress phase. In the red-edge region, the amplitude between wavelengths
was also high. However, it also increases even after the 710 nm range. This region, despite
not achieving the same contribution as a range of 700–710 nm, still presented a more stable
behaviour than other wavelengths, forming a “plateau” in terms of gain ratio (Figure 6).

The best contribution to the algorithm’s classification originated from the spectral
regions of 530 to 570 nm and 700 to 710 nm. These regions presented a high amplitude
among themselves when their mean curves were evaluated (Figure 6). Machine learn-
ing possesses the advantage of working non-linearly and non-parametrically. Also, the
models are capable of performing various calculations and combinations in a matter of
seconds [37,40]. These combinations indicated that the green and red-edge regions showed
here can explain the phenomenon observed with better sensitivity than others, constituting
a more correlated indicator (Figure 5). This information is important as it can be used for
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the creation of simpler models or spectral indices able to model the response of thermal
stress by focusing on these wavelengths.

Figure 5. Gain ratio per wavelength in the classification returned by the machine learning algorithms.
The shaded areas highlight the most contributory spectral regions: green (530–570 nm) and red-edge
(700–710 nm).

Figure 6. Mean leaf reflectance in the green- and red-edge regions between the analysed periods.
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Studies have shown that, under certain stresses, leaf reflectance can be increased
in the visible and NIR regions [11,19,28,29,31]. This shows how these spectral regions
are linked with stress response in plants. The present study indicated how much of
this contribution is attainable since the proposed approach to multiple machine learning
algorithms returned overall accuracies up to 99.4%. This is important as it allows future
research to model the spectral behaviour of plants that have experienced this type of stress.
This behaviour continued as the amount of energy reflected by the leaf increased in the last
phases, exceeding values measured before and during stress induction.

Machine learning algorithms are important tools in the analysis of plant spectral be-
haviour. From the dataset constructed here, it was possible to estimate with feasible overall
accuracy the spectral behaviour of the measurements. Although limited to the visible to
NIR regions, this study demonstrates the potential of these algorithms to classify whether
the plant is under stress or has suffered thermal stress. However, other studies may use the
framework proposed here for different plant species. In bean plants, it is recommended that
future research focus on the green (530–570 nm) and red-edge (700–710 nm) wavelengths
or vegetation indices that adopt both spectral regions to improve methods and operations
that model the thermal-stress response in plants.

4. Discussion
The high-performance results of our machine learning framework for detecting ther-

mal stress in bean plants offer significant insights into the capabilities of these models and
the physiological changes captured by hyperspectral data. The superior performance of the
Artificial Neural Network (ANN), CN2 Rule Induction, Decision Tree (DT), and Support
Vector Machine (SVM) algorithms, with overall accuracies ranging from 90.1% to 99.4%,
stands as a crucial finding. The ANN’s accuracy in separating the different stress periods
underscores its exceptional ability to identify complex, non-linear patterns within high-
dimensional hyperspectral data. A key practical implication of this is that for this specific
application, a sophisticated, multi-layer perceptron architecture is sufficient, negating the
need for more computationally intensive deep learning networks that typically require
much larger datasets.

The strong performance of the rule-based (CN2) and tree-based (DT) algorithms is
also noteworthy. Their ability to achieve high accuracies (94.7% and 93.6%, respectively)
suggests that the relationship between thermal stress and spectral response can be effec-
tively modelled through logical rules and hierarchical decisions. This characteristic makes
these models highly interpretable, a significant advantage in agricultural applications
where understanding the underlying factors driving the classification is important for
decision-making. However, the ANN’s slight edge over these well-performing models
likely stems from its capacity to model highly complex, non-linear relationships inherent in
hyperspectral data. Unlike rule-based (CN2) or tree-based (DT) approaches that rely on
hierarchical partitioning or explicit rule generation based on specific feature thresholds, the
ANN’s multi-layer architecture allows it to learn subtle patterns and interactions across a
wide range of wavelengths simultaneously through weighted connections. This implicit
feature weighting mechanism could have been particularly advantageous for our data,
where the relevant stress signal could be encoded in nuanced variations across multiple
correlated bands rather than being dependent on a few discrete wavelengths, allowing
the ANN to capture the subtle signature of thermal stress with slightly higher fidelity. In
contrast, the SVM, while generally a powerful shallow learner, showed a specific weakness
in discriminating the “post-stress” phase, resulting in higher false-positive rates. This
may be attributed to the more subtle and variable spectral changes that occur after the
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stress period has ended, which could make it difficult for the SVM’s hyperplane-based
classification to consistently separate this class from the others.

A noteworthy result was the contrast in performance between the ANN (99.4% ac-
curacy) and Random Forest (RF) (65.7% accuracy). While RF is often highly effective for
high-dimensional, collinear data like hyperspectral measurements, precisely because its
ensemble nature and feature subsampling can mitigate overfitting and handle redundancy,
its suboptimal performance in this specific instance warrants consideration. One strong
possibility lies in hyperparameter sensitivity. Achieving optimal RF performance with
over 1700 spectral features often requires extensive tuning of parameters like the number
of features considered at each split, tree depth, and the number of estimators. While our
tuning was systematic, it is possible that the chosen parameters, representing a relatively
standard configuration, were not ideal for capturing the specific nuances differentiating
the thermal stress classes in this particular dataset. Given that our goal was primarily to
compare the baseline effectiveness of various algorithms and other models that had already
achieved high accuracy, we did not pursue more computationally intensive hyperparam-
eter optimisation techniques, such as grid search or random search, which might have
potentially improved the RF results.

The ranking of spectral wavelengths via the gain-ratio metric provided a key contri-
bution to our study. The consistent importance of the green- (530–570 nm) and red-edge
(700–710 nm) regions confirms their physiological significance as indicators of thermal
stress. The observed increase in leaf reflectance within the green region during and after
stress induction is directly linked to the breakdown of chlorophyll pigments, a common
physiological response to high temperatures. Similarly, the changes in the red-edge region,
a well-established indicator of plant stress, are consistent with alterations in the plants’
photosynthetic efficiency and overall health. Our findings provide a much more specific
wavelength range (700–710 nm) than previous studies, which often broadly identified the
VIS and NIR regions. This precision is invaluable for future research aimed at developing
targeted spectral indices or simpler models for thermal stress detection.

A critical question arising from these findings is whether the response in the green-
and red-edge regions is specific to thermal stress or represents a more generalised plant
stress response. Physiologically, the increased reflectance in the green region is directly
linked to chlorophyll degradation, while shifts in the red-edge are tied to changes in both
chlorophyll content and leaf cellular structure. These are common physiological reactions
to a wide array of stressors, including water deficit, nutrient deficiency, and disease.

While the underlying biological response may be general, the exceptional accuracy
of our framework suggests that the machine learning models were able to capture subtle,
high-dimensional patterns within these bands that are characteristic of thermal stress. It is
plausible that the specific magnitude, rate of change, and the combined pattern across the
green- and red-edge regions provided a unique signature for the thermal stress conditions
in our experiment. For example, the rapid onset of thermal stress might induce a spectral
shift with a different dynamic than the slower progression of nutrient deficiency. To
definitively isolate the unique spectral signature of thermal stress, future research should
include controlled experiments that directly compare it against other common agricultural
stresses on the same crop.

Our results demonstrate a marked improvement over traditional methods for thermal
stress detection, which have shown low to moderate coefficients of determination (R2)
of 0.54 and 0.71. The ability of our machine learning framework to achieve accuracies
up to 99.4% highlights its feasibility and potential for practical applications in precision
agriculture. The framework can model and classify the spectral behaviour of plants that
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have undergone thermal stress, even after the stress period has ended, when the reflected
energy continues to increase.

Despite the promising results, this study was conducted under controlled laboratory
conditions, and scaling this approach to real-world agricultural fields presents several
significant challenges. Beyond the influence of soil background and mixed canopy signals,
transitioning to a field environment introduces critical complexities. First, the variability in
illumination is a primary obstacle. Our controlled setup used a stable, fixed light source,
whereas field measurements are subject to changes in sun angle, cloud cover, and atmo-
spheric conditions like haze, all of which alter the spectral signal. Second, the target itself is
far more complex; a sensor captures an integrated signal from a 3D canopy with varying
leaf angles, wind-induced movement, and intricate self-shadowing. Finally, biological
factors are rarely isolated in the field, as plants may experience a combination of thermal,
water, and nutrient stress simultaneously, creating confounding spectral signatures.

Therefore, a critical next step is to validate this framework using data from Unmanned
Aerial Vehicles (UAVs). UAVs offer a practical balance, providing the high spatial resolution
needed to mitigate some of these challenges while still allowing for field-scale analysis.
The integration of UAV-based hyperspectral imaging with machine learning, as demon-
strated for applications like early yield prediction [52] and disease/pest detection using
deep learning [53], highlights the potential and trajectory of this technology in intelligent
agriculture. However, for monitoring very large and potentially arid regions, where UAV
deployment can be inefficient, satellite remote sensing becomes necessary. This approach is
not without its own limitations, such as lower image resolution and frequent obstruction by
cloud cover. In such large-scale contexts, integrating multiple data sources may be required.
For example, methodologies using radar data, such as those explored by [54], offer a robust
alternative for crop monitoring because they are unaffected by clouds. Future research
could explore a multi-sensor approach, combining the detailed biochemical information
from UAV-based hyperspectral data with the broad, all-weather coverage of satellite radar
for a comprehensive stress monitoring system.

5. Conclusions
This study demonstrates a framework using machine learning to model the hyper-

spectral leaf reflectance of thermal-stressed bean plants. Data from two species of bean
plants, at two plant stages, and three stress conditions (before, during, and after said stress),
were used to compose our dataset. The Artificial Neural Network (ANN) proved to be the
most effective algorithm, achieving an overall accuracy of over 99%. Furthermore, the high
performance of other models such as CN2 rule induction, decision tree, and support vector
machine, confirms the viability of various machine learning approaches for this critical
task. A key outcome of our study is the definitive identification of the green- (530–570 nm)
and red-edge (700–710 nm) spectral regions as the most suitable ranges for discriminating
thermal-induced stress in bean plants.

In summary, our work provides a robust data-driven methodology for the early and
accurate detection of thermal stress in bean plants. The specific spectral ranges identified
can serve as a foundation for developing new, targeted spectral indices and portable
sensing devices. Specifically, future work should focus on formulating and testing a novel
vegetation index based on the 530–570 nm (green-edge) and 700–710 nm (red-edge) regions,
designed for enhanced sensitivity to thermal stress compared to existing broadband indices.
Validating such an index in field conditions could provide a cost-effective tool for practical
stress monitoring, bridging the gap between high-dimensional hyperspectral analysis and
more accessible multispectral sensors. We recommend that this framework be applied to
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other crop species and validated in real-world field conditions to fully assess its potential
for large-scale agricultural monitoring and management.
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