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ABSTRACT

Beans are a legume that is widely grown and consumed globally, being the staple food for
humans in developing countries. Nitrogen (N) is the most limiting nutrient for yield and
foliar analysis is crucial to ensure a balanced nitrogen fertilization. However, conventional
methods are time-consuming, requiring new technologies to optimize the supply of N. In
this work, the performance of two deep learning models in the classification of leaf nitrogen
in beans using RGB images was evaluated and compared. The BRS Estilo was used in a
greenhouse in a completely randomized design with 4 doses of nitrogen (0, 25, 50 ¢ 75 kg
N ha-1) and 12 reps. The image bank was composed of 4 subfolders, each containing 500
images of 224x224 pixels obtained from plants grown under different doses of N. Matlab©
R2022b were used for processing of the models. The performance of ResNet-50 was
superior when compared to CNN, with an accuracy test of 84%, while the value observed
for CNN was 82%. The use of images combined with deep learning can be a promising
alternative to slow laboratory analyses, optimizing the estimation of leaf N and providing a
rapid intervention by the producer to achieve higher productivity.

INTRODUCTION

Beans (Phaseolus Vulgaris) are a legume of great
importance, used both for human food and animal feed (Yu
et al., 2023). Grown in different regions around the world,
this crop plays a key role in ensuring food security and
livelihoods for millions of people. Global bean production
reached approximately 28 million tons in 2021 (FAOSTAT,
2023). Brazil is considered the second largest producer in
the world, with the states of Parana, Minas Gerais, Mato
Grosso and Goias standing out as the main producers,
responsible for 64% of national production during the
2020/2021 harvest (CONAB, 2023). In addition to being
rich in protein, both in its seeds and in its straw, beans stand
out for the action of rhizobia in their roots, which are highly
efficient in nitrogen fixation, contributing to the
improvement of soil fertility and erosion control (De Ron &
Rodifio, 2024). These factors make beans an essential
component in agricultural systems around the world (Muoni
etal., 2019).
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Nitrogen is a crucial nutrient to obtain high yields in
bean crops because it is closely linked to the chlorophyll
molecule, acts in photosynthesis and forms proteins. In this
sense, it is necessary to establish a constant monitoring of
the content of this macronutrient in the plants, aiming at a
precise management of nitrogen fertilization in the crop.
Over-fertilization can cause a number of problems,
including increased costs, wasted resources, plant lodging,
and environmental pollution (Sun et al., 2023). As part of
standard practice for monitoring N status in plants, experts
often perform visual inspections of leaves or take laboratory
samples (Ding et al., 2024). However, this process is time-
consuming, expensive, and error-prone, as it requires the
presence of qualified professionals to visit the field and
examine the plants in person, which compromises both the
efficiency and scalability of monitoring, especially on large
agricultural properties. In addition, human visual
observation is subject to variations, resulting in inconsistent
diagnoses and lack of objectivity (Wang et al., 2022).
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In view of this, the need for more efficient and
accurate technologies arises, such as computer vision,
which has stood out in the transformation of the agricultural
industry (Ghazal et al., 2024). With advanced deep learning
algorithms, these tools offer objective, accurate, and
scalable solutions for plant identification, disease diagnosis,
and nutritional deficit analysis, among other applications. In
this scenario, convolutional neural networks (CNNs) have
shown promise, due to their ability to learn complex
patterns in large visual datasets by extracting detailed
features from the training images (Singh et al., 2020).

Over the past few decades, CNNs have played a key
role in the evolution of visual recognition, due to their
increasing accuracy from their initial architectures to the
sophisticated deep learning models we use today (Shin et
al., 2021). CNNs have overcome the limitations of
traditional approaches, excelling in a wide range of tasks,
such as image classification, object detection, and semantic
segmentation (Teng et al., 2019). This process of evolution
makes CNNs essential tools as an opportunity to discover
more detailed information in complex visual data and thus
transforming several industries and changing the way the
visual world is dealt with (Ding et al., 2024).

Several studies have shown that convolutional
neural networks offer a promising approach for the
recognition of visual patterns in plants and for the detection
of nutritional deficiencies. In a comparative study, Tran et
al., (2019) evaluated the use of deep CNNs in the prediction
and classification of macronutrient deficiencies in tomato
plants. The results, obtained under real-world conditions,
revealed a significant increase in accuracy rates, reaching
91% with the ensemble average, compared to 87.27% for
the Inception-ResNet v2 model and 79.09% for the
Autoencoder. Similarly, (Ramos-Ospina et al., 2023)
applied deep transfer learning to the classification of
phosphorus nutritional states in corn leaves, achieving an
accuracy of 96% with the DenseNet201 model.

In addition to the various applications of deep
networks, the time spent during training and the total cost
of processing images require the development of more
efficient algorithms, positioning ResNet-50 as a viable
alternative due to its residual learning capability and non-
degrading performance (He et al., 2016). It is framed as a
deep convolutional neural network with various structures
designed for pattern recognition in images and objects
(Arnob et al., 2025). Accordingly, ResNet-50 has been
explored in various fields of knowledge, showing
importance in several segments such as in the agricultural
sector, for example, in the identification of diseases in
plants (Askr et al., 2024), mineral nutrition in strawberry
plants (Regazzo et al.,, 2024), and classification and
detection of the quality of rice cultivars (Razavi et al.,
2024), in the environmental sector such as in the recognition

of waste for sustainable urban development (Zhou et al.,
2024), in the medical sector, with early detection and
classification of Alzheimer's disease (Nithya et al., 2024),
and in the energy sector with identification of faults in
distribution networks (Wang et al., 2025).

This residual network (ResNet) has versions such as
ResNet-18, ResNet-50, and ResNet-101, with 18, 50, and
101 convolutional layers respectively, featuring skip
connections and layer freezing between the residual
connections, allowing important features to bypass some of
them and proceed to the upper layers, thus transferring
important resources in feature extraction and network
learning (Bohlol et al., 2025).

Therefore, the use of neural networks to classify leaf
nitrogen levels in common bean appears as a promising
approach, which can provide rapid quantification of leaf N
from images, resulting in the optimization of fertilization
management, increased productivity and sustainability.

In this sense, the objective of this work was to
evaluate and compare the performance of two deep learning
architectures (CNN and ResNet-50) in the classification of
the nutritional condition of the bean crop submitted to
nitrogen application (0, 25, 50 and 75 kg ha™!) using RGB
digital images.

MATERIAL AND METHODS
Study site and experimental design

The experiment was carried out at the Faculty of
Animal Science and Food Engineering of the University of
Sdo Paulo (Faculdade de Zootecnia e Engenharia de
Alimentos da Universidade de Sdo Paulo - FZEA-USP),
located in the city of Pirassununga/SP - Brazil in a
greenhouse. The facility is geographically located under the
following coordinates: 21°58'39.8" S, 47°2623" W. The
climate in the study area is classified according to Kdppen
as humid subtropical type (Cw) with an average annual
temperature of 20.6°C and average annual rainfall of
1238mm (Alvares et al., 2013).

A completely randomized design was used with four
levels of nitrogen fertilization (0, 25, 75 ¢ 100 kg N ha'!)
and 12 repetitions. The seeds of the BRS Estilo cultivar
were provided by the Brazilian Agricultural Research
Corporation (EMBRAPA), located in Santo Antonio de
Goias, Goias/Brazil, an institution that works with bean
breeding. As substrate, a mixture composed of 43% soil
(Quartzarenic Neosol), 28.5% crushed sugarcane straw and
28.5% tanned cattle manure was used. The combination of
these materials had the purpose of keeping the soil
uncompacted, allowing the correct development of the root
system of the plants. Table 1 contains the physicochemical
properties of each component of the substrate.
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TABLE 1. Physicochemical properties of the materials used in the composition of the substrate.

Soil (Quartzarenic Neosol): 0—20 cm

pH P(res) S K (res)
(CaCly)  mg.dm>  (PPM) mmolc . dm Ca Mg Al H+Al M.0.
4.5 8 4 0,3 16 4 4,1 30 16
C.T. SB CTC \% m
mmolc . dm> = e % -------
9,3 20 50 41 17
Tanned Cattle Manure
pH MS total M.O Gray total Corg N P»0s K,O
ota
6.6 % g/kg
’ 63.5 17,6 80 10.2 6.8 10.2 5.9 3.8
S CaO MgO B Zn Mn Relation C/N
g/kg mg/kg 10:1
0.4 7.7 9.6 3.1 230 217.2 1100 '
Crushed Sugarcane Straw
pH MS total M.O Gray total Corg N P,0s KO
49 % gkg
’ 7.6 50.6 28.4 29.4 12.8 9.1 4.8 2
S CaO MgO B Zn Mn Relation C/N
g/kg mg/kg 32:1
0.3 5.9 6.2 2.1 77.8 121 454.5 '

As starter fertilization, 40, 140 and 140 kg ha™! of N,
P»0s and kO, respectively. Nitrogen topdressing was based
on the technical recommendations of the fertilization
manual of the Agronomic Institute of Campinas (Instituto
Agronomico de Campinas - IAC) for an expected yield
greater than five tons per hectare (Cantarella et al., 2022).
Urea (46% N) was used as nitrogen fertilizer. The plants
were subjected to doses at the phenological stage V4,
characterized by the full development of the first trifoliate
leaf and the development of the first secondary branches.

Sowing was done in 5L plastic containers fully filled
with the substrate, in which four seeds were deposited for

germination. After 15 days, the two smaller plants were
removed, leaving only the two plants with the highest
vegetative vigor in each pot. Inside each pot, the two plants
were spaced 10cm apart and each row of pots was spaced
0.4m apart, equivalent to a field density of 250,000 plants
per hectare. Throughout the experimental period, the water
supply of the plants was carried out with the application of
a daily water depth of Smm. Temperature and humidity
data (average, daily maximums and minimums) were
collected daily using a digital thermo-hygrometer, as shown
in Figure 1.
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FIGURE 1. Temperature and humidity data collected during the trial period.
Note. Tmax(°C) - Maximum temperature; Tmin(°C) - Minimum temperature; Umax(%) - Maximum humidity; Umin(%) - Minimum humidity.

Leaf collection, assembly of the image bank and quantification of leaf nitrogen

At 32 days after sowing, 36 leaflets from 12 plants
were sampled for each treatment. Immediately after
collection, the material was packed in sealed plastic bags,
kept in a 20L thermal box containing ice and transported to
the Laboratory of Machinery and Precision Agriculture
(Laboratorio de Maquinas e Agricultura de Precisdo -
LAMAP) for image acquisition. To this end, sheets of paper
towels were used to remove excess water or dust, keeping

them clean. The acquisition of the initial images was done
with a high-resolution HP Scanjet 3800 scanner, used in the
RGB scanning of the images, with a resolution of 1200 DPI
(dots per inch) and JPG format (Joint Photographic Experts
Group). Using a script developed in the Matlab® R2022b
software, the scanned images of the bean leaves were cut
into blocks of 224 x 224 pixels, thus generating an image
bank (Figure 2).

= =
500 image 500 image
224x224p 224x224p
T1-OkgN  T2-25kgN
__’ = [
500 image 500 image
224x224p 224x224p
<= e B=E T T3-50kgN  T4- 75kgN
Common bean plant Digitized leaflets Blocks 224 x 224 pixels Dataset
i i|}| i|§
Dataset - EI E
Rnsm 5IJ nmhhscture
Training Test et =P  Model
[t
£ o T 5 ome
Training “‘::;;n Test . = [ —f- %_.E
CNN Architecture
Y i I~ Accuracy o P G 1 4 1 , 0 b Pt i T3 L0 0 o P s T
o s Sensitivity ‘
i Specificity ; fu !
LI S I —> Precision —> o
Recall
- Fl-score
G-mean S it e
Confusion matrix Performance Metrics AUC Chart

FIGURE 2. Detailed flowchart showing from image acquisition to performance evaluation of the models.
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Other work also applied image resizing to reduce the
size from 2048 x 1536 and 2736 % 1824 pixels to 224 x 224
pixels (Kawasaki et al., 2015; Oppenheim & Shani, 2017).
In this work, 500 images of size 224 x 224 pixels were
manually selected per treatment and stored in folders
labeled with the names of the treatments (T1: 0 kg ha™! N;
T2: 25kg ha' N; T3: 50 kg ha! N; T4: 75 kg ha! N). This
procedure aimed to obtain images that would provide an
ideal visualization of the patterns generated by the doses in
the leaves. Soon after reading, the leaflets of each treatment
were joined, placed in labeled paper bags and dried in an
oven with forced ventilation under constant temperature of
65°C to constant weight. A mill was used to grind the dried
material into a fine powder. After being crushed, the

Layers

2D Convolutional
Batch Normalization
2D MaxPooling

2D Convolutional
Batch Normalization
2D MaxPooling

2D Convolutional
Batch Normalization

2D Convolutional
Batch Normalization
Fully Connected

CNN

—
—|
—|

—

material was sent to the laboratory for quantification of the
nitrogen content. The Kjeldahl method was used as a
procedure to measure the leaf content of N (Lynch &
Barbano, 1999).

Description of the models and performance analysis

The models were implemented using scripts in the
Matlab® R2022b software. As hardware for processing, a
Dell G15 5530 nootebook was used, equipped with an 13%
Gen Intel(R) Core(TM) i5-13450HX processor at
approximately 2.4Ghz and 16Gb of RAM, using the GPU
NVIDIA GeForce RTX 3050 GPU (6GB VRAM). The
basic configurations of the CNN and ResNet-50 are
described, respectively, in Figure 3.

Settings

256 filters with size 5 x 5, activation by ReLU
Default
Size pooling = 2 x 2, stride = 2

128 filters with size 3 x 7, activation by ReLU
Default
Size pooling = 2 x 2, stride = 2

128 filters with size 7 x 3, activation by RelLU

Default

32 filters with size 3 x 3, activation by ReLU

Default
3 neurons, activation by softmax

ResNet-50
Layer Name Output Size 50 Layers
convil 112x112 7 x 7, 64, stride 2
3 x 3 max pool, stride 2
conv2_x 56 x 56 WP
3x3,64 | X3
L_1x 1, 256,
[~ 1x1,64
conv3_x 28 x 28 3x3,64 | x4
|_1x 1, 256
[1x1,64
conv4_x 14x14 3x3,64 |[x6
L 1x 1, 256
[1x1,64
conv5 7x7 3x3,64 |x3
L1x 1, 256
convi 1x1 Average pool, 3-d fc,

softmax

FIGURE 3. Configuration of the two architectures used for nitrogen prediction.

The CNN is designed as a sequential model, with
four two-dimensional layers of convolution (2D
convolutional), each with distinct sizes and numbers of
filters. These layers are considered as basic for a CNN
model, used in the extraction of characteristics from the
input images, allowing the learning of visual patterns (such
as colors, shapes and textures), from the simplest to the most

complex, successively (Yamashita et al., 2018). Using the
Rectified Linear Unit activation function on convolution
layers allows you to better handle nonlinearity problems at
a lower computational cost (Taye, 2023). The rectangular
filters (3 x 7 and 7 x 3) situated, respectively, in the second
and third convolution layers were intended to capture
possible vertical and horizontal patterns. Batch
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Normalization improves CNN training speed and prevents
gradient explosion or disappearance (Luo et al., 2023). Then
there is a subsampling layer (2D MaxPooling), used to
reduce the dimensionality of the activation maps, saving
computational resources and preserving the most relevant
data (Taye, 2023). Finally, there is the output (Fully
Connected), or classification layer. The softmax activation
function used in this layer turns your neurons into
probabilities assigned to each class, effectively turning the
model into a classifier.

Another deep learning architecture adopted was
ResNet-50. This model is a Deep Neural Network (DNN)
commonly used for image classification tasks. It was
designed to address the problem of vanishing gradients in
deep networks by incorporating skip connections, which
allow gradients to flow directly from earlier to later layers.
ResNet-50 consists of 50 layers and uses residual blocks to
efficiently propagate information across the network
(Hassan et al., 2024).

Both models were used with 30 epochs, batch size
64, initial learning rate of 0.001, ValidationFrequency 50,
and cross-entropy loss function. Transfer learning was
applied to the pre-trained ResNet-50 using the ImageNet
dataset, while the custom CNN was trained using the dataset
from this study itself, with the same hyperparameters as
ResNet-50. To mitigate overfitting, batch normalization
was adopted as the main measure. For each model, 1,600
blocks of 224x224 pixels was used for training (80%), 200
for validation (10%) and 200 (10%) for testing.

The performance of each model was evaluated and
the performance of one compared to the other was
performed using the following metrics: Confusion matrix,
area under the curve, accuracy, sensitivity or recall,
specificity, precision, recall, Fl-score, and g-mean. The
basic concept of each of them was presented as described
by (Shaheed et al., 2023). During the training process, the
metrics used as a basis for optimizing the models were
accuracy and error.

A confusion matrix is a size table n x n which is used
to record the predictions made by a classifier with n classes.
It provides information about classifier performance by
comparing the predicted classes with the actual classes. The
confusion matrix includes elements such as True Positive
(TP), True Negative (TN), False Positive (FP), and False
Negative (FN).

The curve under the curve (AUC) is a score that
quantifies a test's ability to accurately classify positive and
negative events, with an AUC value of 0.5 corresponding to a
random classifier, while AUC values close to 1 indicate that
the test is highly sensitive and specific (Iacovacci et al., 2023).

Accuracy (4¢) is useful for measuring the overall
performance of the classifier, taking into account the
proportion of properly identified samples in relation to the
total number of samples.

4= TP +TN
“ " TP+TN+FP+FN

Precision (P) is a metric that measures the proportion
of samples predicted to be in the positive category that are
actually in the positive category.

TP

P= T ¥Fp

The fraction of samples that actually belong to the
positive class and are correctly recognized as positive by the
classifier is measured by recall (R), also known as
sensitivity or true positive rate. It evaluates the classifier's
ability to identify all positive samples.

TP

R= TprFN

Specificity (Sp) provides an indication of the
classifier's ability to correctly identify positive samples. It
is an important metric for tasks where the focus is on
minimizing false positives and ensuring the correctness of
positive predictions.

TN

SP= TN T FP

F1-score combines recall and accuracy to provide a
single assessment of classifier effectiveness. It provides a
comprehensive assessment by taking into account both
accuracy (ability to accurately identify positive samples)
and recall (ability to include all positive samples). It is
especially useful when accuracy and recall can contradict
each other, such as in unbalanced data sets, or when
there is a trade-off between minimizing false positives and
false negatives.

2 * Pre x Se

Flscore = Pre + Se

GMean is a metric that can reasonably assess the
overall performance of the classification of unbalanced
datasets (Yan et al., 2024).

Gmean = +JTecall = specificity

According to Everitt & Dunn (2001), the Kappa
coefficient (K) is used in this study to measure the
confidence of classification. The values generated by the
Kappa range up to 1.0 and the image classification was
evaluated as follows: 0 - 0.20 = not trust; 0.21 - 0.40 = low;
0.41 - 0.60 = moderate; 0.61 - 0.80 = trust and 0.81 - 1.0 =
worthy trust.

_ nYl Ny — XL, Nip Ny

K
n? — Z?:l Niy Ny

x 100

Where:
q is the number of classes;
n represents the total number of considered pixels;

Nii are the diagonal elements of the confusion
matrix;

Ni-+ represents the marginal sum of the rows in the
confusion matrix, and

Nii is the marginal sum of the columns in the
confusion matrix.
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FIGURE 4. Boxplot of the leaf nitrogen content of the cultivar BRS Fstilo submitted to nitrogen application.

RESULTS AND DISCUSSION

The quantitative results of the leaf nitrogen analysis
of the BRS Estilo cultivar submitted to four nitrogen doses
are graphically represented in Figure 4. Mean values of
37.75, 46.68 and 51.48 g kg'! by applying of 0, 25 and 50
kg ha’!, respectively. The value of 52.25 g kg N was
observed when it was applied 75 kg ha! of nitrogen
fertilization to plants, with a very small difference in
relation to the immediately lower dose of 50 kg ha™'.

Data published by (Nunes et al., 2021) presented
values similar to those obtained in this study; in the absence
of nitrogen fertilization application (0 kg ha™), a leaf content
of 34.3 g kg™ was observed for the bean cultivar IAC Sintonia.

The classification rate using CNN was 82%, with
comission errors ranging from 2.5 to 33.8% (Figure 5),
showing a reliable performance of this model working with
the tested hyperparameters, making it attractive for this
task. ResNet-50 expressed higher performance with a
classification rate of 84% and comission errors between 7
and 29.5%, promoting a more effective classification of leaf
nitrogen levels of the common bean crop (Figure 6). Its high
superiority is related to the extraction of patterns from more
complex spectral features (Reddy et al., 2023). For both
models, lower comission errors were found for the T4 class,
probably due to the more intense green color typical of
leaves with high nitrogen content.

Confusion Matrix

o 39 1 0 0 97.5%
19.5% 0.5% 0.0% 0.0% 2 5%
5 3 34 0 4 82.9%
1.5% 17.0% 0.0% 2.0% 17.1%
w
7]
S
& T3 8 13 49 4 66.2%
5 4.0% 6.5% 24.5% 2.0% 33.8%
2
=]
o
- 0 ) 1 42 93.3%
0.0% 1.0% 0.5% 21.0% 6.7%
78.0% 68.0% 98.0% 84.0% 82.0%
22.0% 32.0% 2.0% 16.0% 18.0%
QD g <O <>

Target Class

FIGURE 5. Confusion matrix of the CNN model used to classify the leaf N content of bean crop.
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In the work carried out by Kou et al., (2022) aiming to quantify N levels from RGB images collected with UAVs combined
with the use of CNN, despite having achieved good results, they detected the need for improvements in the model when applied

to this task.

Confusion Matrix

o 42 2 2 0 91.3%

21.0% 1.0% 1.0% 0.0% 8.7%

5 1 43 3 3 86.0%

0.5% 21.5% 1.5% 1.5% 14.0%
w
7]
S

& T3 7 4 43 7 70.5%

5 3.5% 2.0% 21.5% 3.5% 29 5%
2
=]
o

- 0 1 2 40 93.0%

0.0% 0.5% 1.0% 20.0% 7.0%

84.0% 86.0% 86.0% 80.0% 84.0%

16.0% 14.0% 14.0% 20.0% 16.0%

QD g <O <>

Target Class

FIGURE 6. Confusion matrix of the ResNet-50 model used to classify the leaf N content of the bean crop.

Yi et al., (2020) investigated the potential of five
convolutional neural networks (AlexNet, VGG-16, ResNet-
101, DenseNet-161 and SqueezeNetl 1) in the
classification of N, P and K in the potato crop, starting from
a set of 5648 RGB images and concluded that all trained
models achieve an accuracy above 87%, with the best
performance being achieved by DenseNet-161 (98.4%) and
ResNet-50 in second position with 94.9% accuracy.

For a detailed understanding of the use of the two

models in the task of classifying the images obtained from
the application of different doses of N (T1 =0 kg hal; T2 =
25 kg ha'l; T3 = 50 kg hal; T4 = 75 kg ha!) in the
phenological stage V4, the metrics contained in Table 2
demonstrate the performance of the architectures used.

Based on the Kappa metric, both models were
considered good in the task of classifying common beans
leaf nitrogen, with ResNet-50 being moderately more
efficient (0.787) when compared to CNN (0.761).

TABLE 2. Performance of CNN and ResNet-50 models in the classification of images of bean leaves submitted to nitrogen

fertilization.
CNN ResNet-50
Metrics
Tl T2 T3 T4 T1 T2 T3 T4
AUC 0.984 0.932 0.963 0.971 0.984 0.976 0.951 0.977
Accuracy 0.940 0.885 0.870 0.945 0.940 0.930 0.875 0.935
Specificity 0.993 0.953 0.833 0.980 0.973 0.953 0.880 0.980
Precision 0.975 0.829 0.662 0.933 0.913 0.860 0.705 0.930
Recall 0.780 0.680 0.980 0.840 0.840 0.860 0.860 0.800
Fl-score 0.867 0.747 0.790 0.884 0.875 0.860 0.775 0.860
G-mean 0.880 0.805 0.904 0.907 0.904 0.905 0.870 0.885
Kappa 0.761 0.787

Overall, both models exhibited comparable values of
AUC, Accuracy, and specificity across the four classes. By
taking into account the Fl-score - which integrates both
precision and recall - a more comprehensive assessment of
model performance can be achieved (Chen et al., 2024). In
this study, the Fl-scores for all four classes using the
ResNet-50 architecture were trust (>0.775), demonstrating

the model’s strong ability to identify and differentiate
between classes. The recall metric for class T2 (0.680) in
the CNN model was considerably lower compared to the
other classes (T1, T3, and T4), indicating greater difficulty
in the classification task. This discrepancy can be attributed
to potential noise introduced during the image acquisition
process. Various types of noise can be introduced during
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image capture, which can affect several characteristics of
the model's performance (Bezabh et al., 2023).

The training process was displayed for CNN and
ResNet-50 in figures 7 and 8, respectively, considering
accuracy and error as evaluation metrics. Overall, it was
observed that in the first four epochs of training, the CNN
showed variations in accuracy (validation) between 25%

gradually decreasing after the third epoch. During the
training process, the final validation accuracy for CNN
model was 76.5%.

For ResNet-50, the training value increased linearly
between the first and third epochs, rising from 28% to 79%,
and the error (training) dropped from 1.5 (first epoch) to
0.62 in the third epoch. During the training process, the final

and 72%; the error was higher in the first two epochs,

Training Progress (20-Aug-2025 10:16:11)

validation accuracy for ResNet-50 was 91%.
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FIGURE 7. Training progress of the CNN considering accuracy and error.
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CONCLUSIONS

This study evaluated the potential of two Deep
Learning architectures using 2D RGB digital images for
classification of leaf nitrogen concentration of bean crop.
The experiment was carried out with a total of 2000 images
and the results revealed superiority in the overall accuracy
test of 2 points more of ResNet-50 (84%) when compared
to CNN (82%). The superiority of Resnet50 was even more
highlighted in the validation of accuracy in the training
process (91%), while the CNN architecture reached 76.5%.
It was found that the use of images combined with deep
learning can be a promising alternative to slow laboratory
analyses, optimizing the estimation of leaf N and providing
a quick intervention by the producer to achieve higher
productivity and less fertilizer waste. Future approaches are
encouraged to develop mobile devices capable of handling
images using deep learning to classify the nutritional
condition of plants in the field.
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