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Abstract: Health monitoring of vegetation can be achieved through the use of hyperspectral
cameras and spectrometers. However, both types of equipment are expensive, and in the case
of spectrometers, the data collection process is time- and resource-consuming. Even though the
information from these instruments is comprehensive, for specific tasks, it is often redundant,
with only a portion of the bands providing useful information for applications such as leaf water
prediction.

In this context, we propose the identification of such bands using the GRAD-CAM algorithm
and 1D convolutional neural networks for predicting leaf water content. The input data consists
of the spectral signatures of avocado, olive, and grape leaves in the range of 350 to 2500 nm
at different drying stages. To evaluate the identified set of bands, various vegetation indices
were predicted using convolutional neural networks and the bands selected by the GRAD-CAM
algorithm. The results demonstrate that the prediction of vegetation indices can achieve a

correlation factor of up to 0.94 in some cases within the testing dataset.

Copyright © 2025 The Authors. This is an open access article under the CC BY-NC-ND license
(https://creativecommons.org/licenses /by-nc-nd /4.0/)
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1. INTRODUCTION

The use of instruments that record the spectral reflectance
of vegetation has helped researchers in phenotyping and
vegetation health monitoring tasks, including yield pre-
diction (Longfei et al., 2023; Teodoro et al., 2021; Messina
et al., 2021), chlorophyll and nitrogen content estimation
(Lu et al., 2021; Eugenio et al., 2023; Narmilan et al.,
2022; Messina et al., 2021), leaf water content assessment
(Villacrés et al., 2019; Villacrés et al., 2021), and pest and
disease identification (Santos et al., 2022; dos Santos et al.,
2022; Simoées and do Amaral, 2023). These studies cover
a wide range of crops, including maize (Lu et al., 2021),
rice (Longfei et al., 2023), wheat (Liu et al., 2022), cotton
(Marang et al., 2021), potato (Tedesco et al., 2021), onion
(Messina et al., 2021), sugarcane (Narmilan et al., 2022),
soybean (Teodoro et al., 2021), almonds (Chakraborty
et al., 2025), grapes (Peanusaha et al., 2024) among others.

From spectral reflectance values, vegetation indices are
derived to maximize their response to biophysical parame-
ters while minimizing external disturbances such as atmo-
spheric interference, variations in lighting, and background
effects (Villacrés et al., 2021). Such indices as used as
features to predict
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For various applications, particularly leaf water content
prediction, regions in the electromagnetic spectrum rang-
ing from 1000 to 2500 nm, also known as the shortwave
infrared (SWIR) region, are the most sensitive to water
content (Estrada et al., 2025). Studies such as those con-
ducted by Arevalo-Ramirez et al. (2020) and Villacrés
et al. (2021) suggest that for tasks like leaf water con-
tent prediction in vegetation, there is a fundamental set
of wavelengths. Identifying these key wavelengths could
facilitate the development of more affordable sensors that
record reflectance at specific wavelengths rather than cap-
turing the entire spectrum (Villacrés et al., 2019).

Furthermore, band or wavelength selection methods have
been widely studied for various reasons. The finer spectral
resolution of hyperspectral devices enhances performance
in tasks such as detection; however, it also results in a
large volume of data, leading to longer processing times.
Additionally, adjacent bands are highly correlated, and
some bands may not contain relevant information for the
desired task (Sun and Du, 2019). Therefore, selecting
only the necessary features for model training becomes
an essential step when working with hyperspectral narrow
bands.

In recent years, artificial intelligence (AI) has become a
valuable tool for assessing the health status of vegetation
(Estrada et al., 2023). However, such models have the
disadvantage of lacking transparency and explainability
(Contreras and Bocklitz, 2024). With the rise of explain-
able AT (xAI), deep learning models can now be better
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understood, revealing which input features are important
for a specific task (Contreras and Bocklitz, 2024).

Gradient-weighted class activation maps (Grad-CAM)
(Selvaraju et al., 2017) offer a way to explain how deep
learning models make decisions by visualizing activation
maps. These models have been extensively used in other
fields, such as medical imaging (Oliveira et al., 2024;
Ayano et al., 2024; Ge et al., 2023) and time series pre-
diction (Choi et al., 2022). However, their application
to spectral data remains relatively unexplored (Contreras
and Bocklitz, 2024).

In this context, we propose the use of a convolutional neu-
ral network to predict leaf water content from spectral re-
flectance values in the range of 350 to 2500 nm. Then, using
the Grad-CAM algorithm, we identify the regions of the
spectrum that contribute to the prediction. Subsequently,
using only these regions as input features, we train several
new models to predict common vegetation indices used in
tasks such as water content estimation and chlorophyll and
nitrogen prediction. The models are evaluated using mean
squared error (MSE), mean average error (MAFE) and
correlation coefficient (R?). This approach was tested in
a dataset composed of leaves of olive, avocado and grape,
which were dehydrated at five different stages (Estrada
et al., 2025).

2. MATERIALS AND METHODS

The general architecture of this work is presented in Fig. 1.
First, we train a simple 1D convolutional neural network
to predict leaf water content. From the trained model, we
extract the most important features using the Grad-CAM
method. Then, using the features identified by the explain-
able model, we train additional 1D convolutional neural
networks to predict several vegetation indices commonly
used for assessing vegetation status.

2.1 Dataset

The dataset is obtained from (Estrada et al., 2025). It
consists of 106 samples of avocado leaves, 111 samples of
olive leaves, and 106 samples of grape leaves. For each
leaf, reflectance values in the range of 350 nm to 2500
nm were recorded. Additionally, each sample underwent a
dehydration process, resulting in five different leaf mois-
ture content levels, each with its corresponding spectral
measurement.

Figure 2 shows the average reflectance values at each band
for the five dehydration stages, while Figure 3 presents the
scatter plot of leaf water content for all samples.

2.2 Conwvolutional neural network for leaf water content
prediction

For the initial task of leaf water content prediction using
the full spectral signature, a 1D convolutional neural
network is designed. 1D convolutional neural networks are
suitable for this task and datatype due to their ability
to capture features in sequential data (Kiranyaz et al.,
2021). The proposed architecture is shown in Table 1.
The model follows a common architecture, consisting of
convolutional layers with a ReLU activation function,

followed by pooling layers. Afterward, a flatten layer is
applied, followed by a dense layer for final data processing.
The output layer consists of a single neuron with a linear
activation function, as this is a regression task.

Table 1. Layers and parameters of the pro-
posed 1-D convolutional neural network for the
leaf water prediction task

Layer Parameters

Input Size: (2151,1)

Kernel Size: 3

1-D convolution Filters: 32
Activation: ReLU
Max Pooling Stride: 2
kernel Size: 3
1-D convolution Filters: 64
Activation: ReLU
Max Pooling Stride: 2
kernel Size: 3
1-D convolution Filters: 64
Activation: ReLU
Flatten N/A
Neurons: 128
Dense

Activation: ReLU
Neurons: 1
Activation: Linear

Dense (output)

2.8 Identification of important wavelengths through tAI

The interpretation of results from deep convolutional mod-
els can be challenging due to the black-box nature of the
model (Ayano et al., 2024). Grad-CAM is an interpretation
method based on the gradients of the network at the last
convolutional layer. It is capable of generating localization
maps that highlight the contribution of each band to the
final prediction result (Selvaraju et al., 2017; Ayano et al.,
2024).

In our case, we propose using the most important bands
or sets of bands identified by the Grad-CAM algorithm
as input features for the general assessment of vegetation
health. These wavelengths can be used to predict other
vegetation parameters, not just leaf water content. The
other vegetation parameters are represented by common
vegetation indices.

2.4 Vegetation Indices

In this study, we selected three different vegetation indices
used for various purposes in agriculture: Leaf water index
(LWT) is used to asses the water content of leaves and
canopy (Villacrés et al., 2019; Arevalo-Ramirez et al.,
2020), Shortwave Infrared Water Stress Index (SIWSI) is
used to assess water stress in canopy (Villacrés et al., 2019)
and Chlorophyll Absorption Reflectance index (TCARI)
which is used to assess chlorophyll status in vegetation
(Estrada et al., 2023). Table 2 shows the equations for the
selected indices.

For the prediction of the vegetation indices in this study,
we again used the architecture presented in section 2.2, and
trained different models to predict the selected VI’s, using
as input the identified regions by Grad-CAM. We evalu-
ated model performance using common metrics for regres-
sion tasks, including root mean squared error (RMSE),
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Fig. 1. General overview of the implemented methods, starting from the dataset, the leaf water content prediction using
1D CNN, the generation of importance score maps, the selection of the most important regions of the spectrum

and finally the prediction of vegetation indices.
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Fig. 3. Leaf water content of the samples in the dataset

Table 2. Vegetation indices used in this study

Name Equation
LWI R1300/R1450
R — R,
SIWSI 1640 858
Ri640 + Rses R
TCARI  3(R700 — Re70) — 0.2 (R700 — Rs50 Rggg)

mean absolute error (MAE), and correlation coefficient
(R?).

3. RESULTS

This section presents the results of training the 1D convo-
lutional neural network, the identification of most impor-
tant regions in the spectrum and the prediction of vegeta-
tion indices using as input the reduced set of wavelengths.

3.1 Leaf water content prediction using 1D convolutional
neural networks

The model was implemented in a Python 3.10.9 environ-
ment, using the TensorFlow-Keras framework. The train-
ing was conducted on a computer with an Intel Core Ultra
9 Processor CPU, an NVIDIA GeForce GTX 4080 Ti 8
GB GPU, and 32 GB of RAM, running the Windows
11 operating system. Other software tools utilized include
CUDA 11.7 and cuDNN 4.0.

The dataset was partitioned with 70% of the samples
for training, and 20% for validation and 10% for testing
purposes. The model was trained using the ’Adam’ opti-
mizer for 100 epochs. The loss function used was the mean
squared error (MSE) function.

The training results can be seen in Fig. 4. It is observed
that the model did not overfit and converged around 30
epochs. Additionally, Fig. 5 shows the regression results
compared with the leaf moisture content ground truth.
The training results achieved a loss of 0.0013, a MAE of
0.02, and a correlation factor of 0.979.

3.2 Grad-CAM results
The Grad-CAM algorithm was applied to the trained

model from the previous section to identify which re-
flectance bands or groups of bands are most important for
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Fig. 4. Training history of the 1D convolutional model used
for water content prediction.
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Fig. 5. Results for the prediction of leaf water content in
the testing dataset.

the task of leaf water prediction. Figure 6 shows the aver-
age importance score for the dataset. The figure indicates
that the most important regions are between 350 to 688
nm, 1886 to 2180 nm, and 2260 to 2500 nm. Additionally,
we present the importance map for the completely dry
stage in Fig. 7, as this stage has a leaf water content value
of 0, and it presents a new completely different region from
the maps for other stages. This map highlights a region
with a high importance score, ranging from 1000 to 1450
nm.
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Fig. 6. Average importance score of the reflectance values
for all the data in the testing dataset

From the average importance score, we selected three
different regions to train the models used to predict the
various vegetation indices. We chose the regions that
presented an importance score above 0.7. These regions
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Fig. 7. Average importance score of the reflectance values
for the samples in the completely dry stage.

are the reflectance values between 350 to 688 nm, 1886 to
2180 nm, and 2260 to 2500 nm.

8.8 Vegetation index prediction using the selected regions

For the vegetation index (VI) prediction, we trained sev-
eral models using the regions identified by the Grad-CAM
algorithm. First, three models were trained using a single
region. Then, additional models were trained using the
combined regions. The training resulted in a total of seven
models per vegetation index: three for each individual
region and four for all possible combinations of the regions.

The architecture of the model is the same as for the leaf
water content prediction task (see Section 2.2), with the
same hyperparameters as in Section 3.1. The evaluation
metrics are shown in Table 3. The naming convention for
the results is as follows: Region RO ranges from 350 to
688 nm, Region R1 ranges from 1886 to 2180 nm, and
Region R2 ranges from 2260 to 2500 nm. Regions RO1
is the combination of regions 0 and 1, Region R02 is
the combination of regions 0 and 2, Region R12 is the
combination of regions 1 and 2, and Region R012 is the
combination of regions 0, 1, and 2.

Table 3. Evaluation metrics of the models for

predicting vegetation indices, using as input

the most important regions identified by the
Grad-CAM algorithm

Region LWI SIWSI TCARI
R? RMSE R? RMSE R? RMSE
RO 0.710 0.123 0.867  0.078 0.795 0.077
R1 0.978 0.038 0.660 0.117  -0.824 0.180
R2 0.973 0.042 0.956 0.047  -0.264 0.160
RO1 0.973 0.042 0.943 0.053 0.930 0.049
R02 0.961 0.050 0.956 0.047 0.842 0.068
R12 0.978 0.038 0.718 0.109 0.160 0.145
RO12 0.977 0.039 0.946 0.051 0.847 0.070

4. DISCUSSION

In this study, we first predicted the leaf water content at
five different dehydration stages using a 1-D convolutional
neural network. This type of network is useful when deal-
ing with sequential data, as it can detect features without
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prior pre-processing (Contreras and Bocklitz, 2024; Ki-
ranyaz et al., 2021). The water content prediction task was
completed with an MSE of 0.001, an MAE of 0.020, and an
R? of 0.979. These results are comparable to other meth-
ods that use only vegetation indices (VIs), such as those
presented by (Estrada et al., 2025) and (Villacrés et al.,
2019), which used samples from eucalyptus globulus and
pinus radiata . Our model achieved better metrics than
Estrada et al. (2025) and results comparable to Villacrés
et al. (2019); however, this study tested a more complete
dataset including more vegetation species.

The main objective of this study is to identify which
regions of the electromagnetic spectrum contribute most to
the task of leaf water content prediction. Then, using these
regions, we aim to predict other vegetation indices related
to different vegetation parameters. The most important
regions were identified through the use of Grad-CAM, an
explainable AT algorithm that allows for the exploration
of convolutional neural networks.

Using Grad-CAM, we were able to identify three regions
that are most important for leaf water content predic-
tion. These regions range from 350 to 688 nm, 1886 to
2180 nm, and 2260 to 2500 nm. It is important to note
that the region from 350 to 688 nm corresponds to the
visible spectrum, which aligns with the study presented
by Arevalo-Ramirez et al. (2020), which predicted other
bands in the spectrum using the visible and near-infrared
regions at different dehydration levels.

Using the three individual regions and their combination,
various models were trained to predict vegetation indices.
In this case, the indices were: LWI, SIWSI, and TCARI.
These indices were chosen due to their various applications
in vegetation phenotyping. Additionally, to compute these
indices, the reflectance values span a large region of the
spectrum, showcasing the capabilities of the models to
predict features even if the selected wavelengths are not
a part of the identified regions.

The evaluation metrics of the models are shown in Table
3. This table demonstrates that predicting different VIs
is possible using only a portion of the spectrum. It is
important to note that the models using the first region,
ranging from 350 to 688 nm, were able to retrieve all
the indices with correlation factors over 0.7. This result
suggests that it is possible to predict vegetation traits most
sensitive to the infrared spectrum using only equipment
capable of measuring in the visible spectrum, such as a
regular camera.

By combining different regions, it was possible to retrieve
all the vegetation indices with correlation factors over
0.9, suggesting that it is not necessary to employ the full
spectrum from 350 to 2500 nm, but only a few selected
regions; which may lead to the development of devices
focused only in specific regions of the electromagnetic
spectra.

5. CONCLUSION

In this study we proposed the use of important regions
identified by xAI algorithms, namely Grad-CAM, to pre-
dict vegetation indices related to the health status of
vegetation. For this purpose we trained a 1D convolutional

network to predict the leaf water content. Then, using
Grad-CAM, we identify the most important regions in
the 1D convolutional network. Finally, using these regions
as inputs we trained models for predicting the vegetation
indices.

The results show that there are mainly three different
regions that contribute the most to the task of leaf water
content prediction, and that these regions can be used
to predict other vegetation traits through the use of
vegetation indices.
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