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Abstract: This study focuses on remote sensing and monitoring of asparagus crops in
the provinces of Ica and Trujillo, highlighting their importance in global food security.
Using satellite images and temperature data, productivity was compared using the NDWI,
NDVI, and EVI indices. The Grad-CAM technique was used to analyze the AlexNet
Convolutional Neural Network (CNN) model, seeking to improve productivity. Although
AlexNet validated the satellite images, it showed some confusion in regions of medium and
low productivity. The model, supported by Grad-CAM, will contribute to the monitoring
of optimal climatic conditions.

Keywords: NDVI; NDWI; CNN; Grad-CAM; asparagus; Sentinel 2; Landsat 8; productivity;
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1. Introduction

Agriculture is vital for global food security, and satellite technology and advanced
analysis techniques are crucial for optimizing crop productivity. This is especially relevant
in the case of asparagus, an important export crop in Peru. Currently, yield prediction
is conducted empirically using linear regressions based on previous harvests. As such,
ref. [1] developed the TURION simulation model for the cyclic crop in Peru, employing
a mechanistic approach with 27 physiological parameters based on field and literature
data. Validation was performed on 38 plots with 75 commercial harvests, 3 to 12 years after
establishment, addressing aspects such as the growth rate, stem diameter variation, and
shoot volume. The detection and assessment of asparagus crop health and productivity is
achieved through a multi-faceted approach using satellite imagery analysis. These provide
a panoramic view that allows growers and experts to assess key aspects such as crop
health, shoot size, and water irrigation. Ref. [2] identified the contamination of asparagus
crops by the fungus Stemphylium vesicarium, causing purple blotches and decreasing the
commercial value. A regression model was applied with Pleiades-1st satellite imagery
to identify the contamination by removing edge bands, normalizing moisture data, and
applying atmospheric correction. This effective approach using colorized imagery provides
a valuable tool for pest detection in asparagus crops.

Vegetation indices, such as the NDVI (Normalized Difference Vegetation Index) and
the NDWI (Normalized Difference Water Index), are essential for assessing crop health and
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the presence of water in agricultural management. Generated from satellite imagery, they
provide valuable information. In the Northern Hemisphere, temperature shows a positive
correlation with most areas compared to precipitation, while in the Southern Hemisphere, a
positive correlation is observed with precipitation. Ref. [3] highlights that NDVI variations
provide crucial information regarding changes in global vegetation cover, allowing for
analysis of the ecological environment. Their study examined the spatio-temporal variation
between 1982 and 2014 worldwide using the NDVI and global climatic factors. A positive
correlation between the NDVI and temperature was identified, evidencing the extreme
influence of climatic factors on plant growth. On the other hand, plant diseases affect the
quantity and quality of crops, generating losses. Thus, ref. [4] proposed the use of artificial
intelligence and computer vision, specifically the AlexNet architecture, to classify leaf
diseases. By training with more than 40,000 reference images from the PlanVillage-Dataset,
an accuracy of 98.9% was achieved. This demonstrates the efficiency and speed of disease
detection using these techniques. Furthermore, according to ref. [5], the characterization
of diseases in crops with human intervention has lower efficiency than previously trained
neural networks (CNNs) such as AlexNet or Google Net. Monitoring studies for asparagus
cultivation use models that incorporate in situ data and farmer experience, considering
crucial variables such as temperature changes in areas with inconsistent winters and
summers. They propose a methodology that employs remote sensing observations through
Sentinel 1 satellite dual polarization data, especially VH polarization, to monitor canopy
formation, growth rate, and more. In addition, they present a machine learning regression
algorithm that provides spatiotemporal results of the estimated number of stems at each
phenological stage of the crop, showing improvements after the implementation of the
study [6]. This paper explores the use of satellite imagery and vegetation indices for the
detection and evaluation of asparagus crops using advanced technologies to identify the
efficiency and sustainability of asparagus.

2. Methodology

A comparative study of asparagus production and quality was conducted in two
coastal regions of Peru, considering their different meteorological conditions to optimize
crop productivity. The process consisted of four stages. In the first stage, Sentinel-2
satellite images were acquired through LandViewer to obtain a detailed view of the study
areas. The second stage involved a detailed analysis of the climate, humidity, and wind in
the selected areas using data from recognized meteorological organizations. In the third
stage, the acquired images were processed using advanced analysis techniques to identify
specific crop features, such as their growth and health status. The fourth stage involved the
training and use of a neural network model based on the AlexNet architecture. This model
determines the state of the asparagus harvest based on data and images from the previous
stages. The implementation of this model allowed for the accurate and efficient assessment
of crop status, facilitating productivity optimization.

2.1. Extraction of Satellite Images from Sentinel-2 via LandViewer

The first step in our comparative study involved acquiring high-resolution images
from the Sentinel-2 satellite using the Land Viewer platform. This process was essential for
obtaining a detailed and precise view of the selected study areas, which were the asparagus
fields in two coastal regions of Peru. In this case, the chosen regions or locations were
the Salaverry district in the Trujillo province, La Libertad region (Figure 1a). On the other
hand, we chose the Salas district in the Ica province, Ica region (Figure 1b). Likewise, the
extraction of high-quality images was crucial for our study, as it allowed us to capture fine
and subtle details in the asparagus fields that might go unnoticed in lower-quality images.
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These details can be indicative of the health and productivity of asparagus crops, and their
accurate capture was fundamental to the success of our analysis. For the correct extraction
of images with their respective study index, we used three study indices, namely the
Normalized Difference Vegetation Index (NDVI) (Equation (1)), the Normalized Difference
Water Index (NDWI) (Equation (2)), and the Enhanced Vegetation Index (EVI) (Equation (3)).
These indices were obtained through the following band combinations.

_ (B8A — B04)
NDVI = (BSA T BO4) (1)
_ (B03 — B08)
NDWI = (B0O3 + B08) @
NDWI — (B8A — B04) 3)

(B8A + 6 x B04 — 7.5 x B02) + 1

(a) (b)
Figure 1. Salaverry district, Trujillo, La Libertad (a), and Salas district, Ica, Ica (b).

As shown in Figure 1a,b, dotted lines are used to delineate the boundaries of the study
areas. These lines play a crucial role in ensuring the precise geographical segmentation
required for the analysis. In particular, Figure 1a defines the study area for the La Libertad
region, providing a clear framework for data collection and interpretation within this
specific zone. Similarly, Figure 1b demarcates the boundaries of the Ica region, enabling
focused analysis and preventing overlap or interference with adjacent areas. This segmen-
tation not only facilitates a more structured and systematic approach to the study but also
enhances the accuracy and reliability of the results by isolating the variables specific to
each region.

These extracted images are the result of a specific combination of Sentinel-2 bands, as
shown in the equations. Therefore, each of these images provided valuable information
about the current conditions of the asparagus fields. For example, the RGB images gave
us a visual representation of the fields as they would appear to the naked eye. On the
other hand, vegetation indices such as the NDVI, NDWI, and EVI allowed us to quantify
specific aspects of vegetation, such as vegetation density, soil moisture, and photosynthetic
efficiency. It is important to note that image extraction was carried out systematically and
repeatedly over time. This enabled us to monitor changes in the conditions of the asparagus
fields and correlate these changes with meteorological conditions and crop productivity.

2.2. Study of Climate, Humidity, and Wind in Selected Areas

The second step in our methodology involved a comprehensive analysis of climatic
conditions in the selected areas, namely the Salaverry district in the Trujillo province,
La Libertad region, and Salas, Ica. This analysis was conducted using data and graphs



Eng. Proc. 2025, 83, 14

40f10

provided by the WeatherSpark website, which offers detailed information about the average
weather in various locations around the world. Climatological data include information on
temperature, humidity, wind speed and direction, and other factors that may influence the
productivity of asparagus crops.

In the district of Salaverry, climatological data were collected and analyzed to identify
patterns and trends related to the productivity of asparagus crops. This analysis provided
us with a deeper understanding of how the specific climatic conditions of Salaverry can
influence the production and quality of asparagus.

The temperatures in Salaverry, Trujillo, exhibited an annual variation between 15 °C
and 26 °C, which directly impacts the growth and harvest of asparagus. Additionally,
precipitation varied throughout the year, reaching peaks in February, April, and October,
with the least amount of rainfall recorded in August. On the other hand, wind speed varied
throughout the year, peaking in August at 14.3 km/h, with lower speeds in March and
November at 10.7 km/h and 12.0 km/h, respectively.

Similarly, a detailed climatological analysis was conducted in Salas, Ica, to understand
how the climatic conditions of this region can affect the productivity of asparagus crops.
By comparing climatological data from Salaverry and Salas, differences and similarities
can be identified that will be useful for optimizing crop productivity.

According to climatic data, Salas experienced temperatures ranging from 15 °C to
26 °C throughout the year, with variations in precipitation peaking in February and April,
and the least amount of rain in August. The precipitation peaks in February and April may
have coincided with the beginning of the asparagus harvest season, potentially affecting
the quantity and quality of asparagus shoots. In Salas, the wind speed varied throughout
the year, peaking in November at 9.3 km/h, with lower speeds in February and June at
8.3 km/h and 7.4 km/h, respectively. These variations in wind speed could directly impact
the growth and harvest of asparagus, affecting the productivity of this crop.

2.3. Image Processing and Attainment of Desired Classification

Image processing was pivotal in our study for extracting valuable information from
satellite images. MATLAB, a high-level programming environment, was employed for this
purpose. Initially, we standardized the image sizes using MATLAB functions to ensure
uniformity before inputting them into the neural network for classification. Following
image scaling, we combined five distinct images: RGB, the NDVI, the classic NDVI, the
NWD], and the EVI [7]. Each image offered a unique perspective on field vegetation,
providing a comprehensive view of productivity. Despite varying measurement scales for
indices such as the NDVI, the classic NDVI, the NWDI, and the EVI (Table 1), understanding
these scales was crucial for interpreting classification results and making informed decisions
about field productivity.

Based on these indices, we classified the field into three categories: high, medium, and
low productivity. This classification allowed us to identify areas of the field that may need
additional attention or that are particularly productive.

As shown in Figure 2a, this is the training image of the La Libertad region, which will
be input into the neural network for analysis. The various colors in the image represent
different indices, namely the Natural Index, NDVI, NDWI, and EV], as outlined in Table 1.
These indices are crucial for understanding vegetation health, water content, and overall
environmental conditions. Similarly, Figure 2b presents the corresponding data for the Ica
region, illustrating the application of the same indices for comparison and analysis.
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Table 1. A description of the index ranges.

Index Range Detailed Interpretation
—1 to 0: non-vegetated surface, 0 to 1:
NDVI ~ltol healthy vegetation and increasing density.
NDWI o1 —1 to 0: non-water or non-aqueous surfaces,
0 to 1: areas with water presence.
EVI tol —1 to 0: non-vegetated surface, 0 to 1:

healthy vegetation and increasing density.

Note: Own elaboration.

(b)

Figure 2. Images ready to enter the Salaverry-Trujillo (a) and Salas-Ica networks (b).

2.4. Training and Use of the Neural Network Model (AlexNet)

This study utilized AlexNet, a proven Convolutional Neural Network (CNN) architec-
ture renowned for its efficacy in image classification [8]. Consisting of five convolutional
layers, three fully connected layers, and a softmax output layer, AlexNet enables the ex-
traction of high-level features crucial for accurate harvest state classification. MATLAB
was employed for training using a pre-trained AlexNet on ImageNet with an input image
size of 227 by 227 pixels. The model was trained on labeled Sentinel-2 satellite images
representing various harvest states, adjusting its weights and biases during training to min-
imize prediction differences [9]. Post-training, AlexNet classified new images, determining
harvest states by analyzing softmax output probabilities.

In terms of accuracy and efficiency, AlexNet demonstrates effectiveness in image
classification tasks. This study anticipated the model’s ability to accurately assess asparagus
crop states based on Sentinel-2 satellite images. However, the final accuracy depended
on factors like image quality, training set representativeness, and network architecture
suitability. Despite these challenges, confidence remained in the methodological approach’s
ability to yield accurate and beneficial results for optimizing asparagus crop productivity.

3. Results

In this section, we present the results obtained during the training and evaluation
of Grad-CAM in the framework of the study entitled “Comparative Study of Aspara-
gus Production and Quality in Two Coastal Regions of Peru Based on Their Different
Meteorological Conditions for Crop Productivity Optimization”.

Figure 3 illustrates the results of the neural network training used to predict crops in
the La Libertad region [10]. The network demonstrated a notable accuracy of 96.30% in data
validation, indicating a substantially effective training process relevant to our research ob-
jectives. However, a more detailed analysis reveals certain limitations. During training, the
neural network encountered difficulties recognizing two images, incorrectly categorizing
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them as medium or low quality. This observation is reflected in the associated confusion
matrix (Figure 4).
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Figure 4. Confusion matrices: La Libertad.
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In the validation phase, a similar challenge was identified with an image misclassified
as being between low or medium quality. In comparison, the neural network based on
the AlexNet architecture demonstrated general classification capability, but these specific
instances of confusion highlight potential areas for model improvement. This analysis is
further corroborated by the examination of Grad-CAM (Figure 5), providing a detailed
perspective on the network’s focus areas during classification.

Figure 5. Grad-CAM of La Libertad.
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While our neural network exhibited overall strong performance in classifying images
from the La Libertad region, province of Trujillo, Salaverry district, it is important to note
that the network assists in accurately categorizing the entered image for the evaluation of
the climate of the month corresponding to the image.

Expanding our analysis to the Ica region, Figure 6 illustrates a remarkable 100% accu-
racy achieved during neural network training [11]. This implies that the training model
and neural network exhibited exceptional precision during the validation phase. However,
a nuanced observation reveals potential intricacies in the training set, as evidenced by
discrepancies in image classification within the confusion matrix (Figure 7). It is noteworthy
that while the overall accuracy is perfect, delving into the details exposes areas where the
model may benefit from further refinement. The retained intricacies in the training set
underscore the importance of scrutinizing both successful and erroneous classifications.
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Figure 6. Neural network training: Ica.
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Figure 7. Confusion matrices: Ica.

Now we can see that in the Grand Cam evaluation, the fields are recognized by
different patterns, which validates that the network can identify any field, indicating that
for the high productivity field, more image quantity is required to recognize that it is of a
certain category (Figure 8) [12]. This feeds what the confusion matrix says, as at the time
of training the network may make a mistake in choosing whether it is high or medium
productivity because the patterns of these two productivity levels are very similar [10].
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Figure 8. Grad-CAM of Ica.

4. Discussion

According to our results, the AlexNet neural network was trained with a small number
of images (225), 45 images for each class (RGB, the NDVI, the classical NDVI, the NDWI,
and the EVI) after preprocessing, as described by ref. [5], where the higher the number of
training images, a response accuracy of 99.80% response accuracy with a total of 800 im-
ages was obtained, while for a range of images from 71 to 297, a maximum accuracy of
93.79% was obtained. Although the results showed a high percentage of image validation
by the neural network in both regions, it does not mean that the response accuracy will
be high.

On the other hand, training was conducted with the five classes mentioned above, and
this may have interfered with the responses, ref. [13] only analyzed the NDVI which can
obtain the data of two bands and obtained results of an accuracy up to 99.78%. It must be
considered that there must be a balance between the data entered in each class because an
imbalance can be a counterproductive factor due to overfitting and incorrect training, and
because the latter process can entail many hours on a computer with a high-performance
GPU, which limits the results [4].

The AlexNet neural network is a good alternative for agribusiness use; however, it
is more often used to identify diseases in specific crops due to its potential capacity as a
limited learning system [13], as seen in the study conducted by ref. [5] where 148,428 images
of leaves infected with nine diseases were taken and the classifier was trained with a
Convolutional Neural Network (CNN) by evaluating a dataset for disease identification,
which focused on manual classification features of the type of pathology present on the
leaf, in order to be able to establish parameters related to plant health. The accuracy
performances of AlexNet are low compared to other neural networks such as GoogLeNet,
InceptionV3, and Xception ref. [6].

On the other hand, the network was given three analysis alternatives (high, medium,
and low), resulting in a high learning result, but with errors at the time of testing. This
may be due to the number of alternatives proposed, since in works such as that of [8] only
two alternatives were used in order not to incur the error, which was achieved since the
network had an accuracy of 99.83%, but this also influences the amount of data entered, as
mentioned above. As such, a mixture of fewer alternatives and a larger entered set of data
gave us as a result with a higher accuracy compared to other combinations of parameters.

In addition, it was taken into consideration that there may be a misreading by the
neural network due to the fact that images were used where the crops are very variable,
such that in the study area, the asparagus could have been at different seasonal stages,
giving greater margin of error to the system. On the other hand, another reason that may
have affected the accuracy of the model used may be the mixed pixels in the same scanned
plane, as well as an insufficient spatial resolution for the crop, i.e., an inability to distinguish
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between two continuous pixels, which generates erroneous readings, as may have been the
case of confusion between the medium and low productivity levels [2].

5. Conclusions

The AlexNet neural network, implemented with the GradCAM method, proved to be
successful in the validation of satellite images, achieving remarkable accuracy percentages,
such as 100% in the Salas classification and 96.30% in the Salaverry classification. Despite
the high accuracy percentages, confusion was observed in the neural network, especially
between the medium and low parameters. This suggests a possible limitation in the learning
capacity of the network to deal with the complexity required by the satellite images.

The importance of proper data preprocessing is emphasized, as misinterpretation of
pixels in the image could lead to errors. This critical step must be approached carefully
to ensure the quality of the input data. The inclusion of five proposed classes (RGB, the
NDVI, the NDWI, the original NDVI, and the EVI) shows the diversity of analyses carried
out. This comprehensive approach allowed for a deeper understanding of the images and
may be crucial for the development of more accurate models in the future.

Future analyses using neural networks with a higher learning capability are suggested.
This could help overcome the current limitations and improve the accuracy of the responses,
especially in addressing the observed confusion between the medium and low parameters.
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