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ARTICLE INFO ABSTRACT

Article History Plant disease detection is essential to ensure the quality of agricultural production.
Received: February 25, 2026 However, manual identification of disease symptoms is often tedious and susceptible to
Reviewed: March 20, 2026 human error. Deep learning techniques have been widely integrated into agricultural
Accepted: May 10, 2026 systems, providing innovative solutions thanks to their robustness. Most of these studies are
Published: June 30, 2026 essentially based on Convolutional Neural Networks (CNNSs) architectures. This paper
Keywords: presents a lightweight and accurate model for the classification of 29 plant leaf classes using
Plant Disease Detection, the PlantVillage dataset. We propose a hybrid learning model called Agriculture Network
Plant Village, (AgriNet). AgriNet consists of only six layers, and integrates the strengths of three CNN
Deep Learning, models : Residual Neural Networks-50 (ResNet-50), Visual Geometry Group-16 (VGG-16)
Hybrid Learning Model, and AlexNet. ResNet-50 is a very deep and powerful network, whereas VGG-16, despite
AgriNet. having a large number of parameters, achieves good accuracy using (3x3) filters. In contrast,

AlexNet presents a relatively simple architecture compared to the other two deep models.
An extensive set of experiments was conducted to evaluate the performance of the proposed
model for plant disease detection. The analysis, based on assessment measures, including
accuracy, precision, recall, and F1-score, demonstrates that our model achieves highly
reliable results, with an accuracy of 97.13%. Furthermore, AgriNet maintains low
complexity due to its lightweight hybrid architecture and reduced parameters count.

Copyright ©2026 by authors and Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is licensed
B under the Creative Commons Attribution International License (CC BY 4.0).

I. INTRODUCTION

Agriculture can be defined as the process of raising animals, cultivating crops, and producing food. It also includes preparing
plants to improve the quality of production. Plant disease is a natural issues that affect plant development and, in severe cases lead to
plant death. It can cause significant damage to agricultural crops [1]. Therefore, plant disease detection is fundamental to preventing
reductions in food production. The use of computer systems has driven a significant transformation in agriculture. This convergence,
referred to as Digital Agriculture, relies on technologies including artificial intelligence (Al) to improve and optimize agricultural yields.
Earlier studies have employed machine learning (ML) and deep learning (DL) techniques for the detection and classification of plant
diseases. Several ML algorithms have been developed, such as K-means clustering [2], Naive Bayes [3], support vector machine[4], and
Random Forest [5], [6].

Deep learning technique is a specialized and swiftly advancing domain of machine learning. Convolutional neural networks
(CNNs) are commonly integrated into this methodology to handle image classification tasks. In [7], the authors have shown that deep
learning outperforms traditional machine learning techniques in identifying diseases in plant leaves. The main advantage of deep learning
is the direct exploitation of image without any intervention from a human expert. In plant disease detection, Convolutional Neural
Networks analyze leaf images by learning discriminative features, including patterns linked to shape, texture, and color and then classify
them into categories that correspond to specific plant diseases. The quantity of features increases as the total number of the layers
increases. Several CNN architectures have been developed for disease classification, such as AlexNet, VGG-16, and ResNet-50.
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The selection of these three models was motivated by their complementary capabilities: while some excel in feature extraction,
others provide greater network depth or improved training stability, making them well-suited for integration in our approach. AlexNet
was developed in 2012 [8]. The AlexNet architecture was relatively straightforward in design, consisted of 8 layers : five convolutional
layers and three dense layers. It utilized ReL.U activation functions and dropout for regularization. The first layers of AlexNet used larger
kernel sizes (11x11 and 5x5). This structure allowed the model to capture low- and mid-level patterns. Deeper layers progressively learned
more abstract and hierarchical representations, which were crucial for achieving high performance in image classification tasks [9], [10].
In 2014, the Visual Geometry Group-16 (VGG-16) was proposed [11]. This model employed 13 convolutional layers with (3x3) filters,
and 3 dense layers. The model demonstrate a strong ability to extract rich and discriminative features from images, which were essential
for accurate classification.

This capability made it particularly well-suited for agricultural applications. VGG-16 is known for its high number of parameters
[12], [13]. Residual Neural Network-50 (ResNet-50) was introduced in 2016 [14]. It featured 50 layers, and has been recognized for its
remarkable depth and performance in plant disease detection. ResNet-50 incorporates residual blocks, which enable it to capture finer
details that may be missed by other models. It has proven effective when applied to datasets with complex patterns and multiple categories
[15], [16]. In this work, we propose AgriNet (Agriculture Network), a novel model that detects plant diseases by fusing the three prominent
deep learning architectures: AlexNet, VGG-16, and ResNet-50. We have two main goals: The first is to detect and categorize 29 types of
plant diseases with the highest possible accuracy. The second is to develop a lightweight model, allowing AgriNet to be used on mobile
or 10T devices, even in environments with limited computational resources.

To achieve these goals, we have defined the following secondary objectives:

- Tothoroughly analyze and effectively leverage the strengths of AlexNet, VGG-16, and ResNet-50, enabling AgriNet to combine their
advantages for higher accuracy and better generalization in plant disease classification.

- Todesign a novel, lightweight architecture that is computationally efficient and adept at capturing plant diseases.

- To improve classification accuracy while minimizing error rates.

The rest of this paper is structured as follows : Section 2 provides an overview of related studies. Section 3 describes the dataset
employed and introduces the principles and foundations of the proposed deep learning model for plant disease classification. Section 4
presents the experimental results obtained from the experiments and includes comparisons. Finally, Section 5 reports the conclusion and
perspectives for future research.

Il. RELATED WORK

This section is organized into two main subsections. Section 2.1 reviews notable studies that have used AlexNet, VGG-16, and
ResNet as baseline models to enhance plant-leaf disease recognition. Section 2.2 presents studies aimed at developing lightweight and
less complex deep learning architectures.

11.1 BASELINE MODELS: ALEXNET, VGG-16, AND RESNET

To ensure accurate plant disease detection, numerous methods have been proposed. Notably, in [17] the authors developed a
hybrid CNN model to classify diseases in tomato leaf images. The model was evaluated using two datasets: the Taiwan dataset and the
Tomato Leaf Disease Detection dataset. The authors used AlexNet, ResNet-50, and VGG-16 to extract features. Their last fully connected
layers produced feature vectors. Then, the MRMR algorithm optimized these features by removing redundancy and keeping only the most
relevant ones. The refined features were combined into one set and sent to standard machine learning classifiers. This approach reached
about 96.3% on the Taiwan dataset and 98.3% accuracy on the tomato disease dataset.

Farhat and Chokka [18] proposed a convolutional neural network that combines VGG-16 and ResNet50. Important features are first
extracted from the image using VGG-16, and then more intricate and abstract details are captured using ResNet-50. The outputs from
both models are fused to yield a richer and more complete representation of the image. The performance of the model was assessed on
several datasets : PlantVillage, PlantDoc, FieldPlant, and a rice leaf. The proposed hybrid approach reached about 99% accuracy.

In [19], a fusion at the feature level is used to ensemble the CNNs: features from VGG-16 and ResNet-50 are concatenated before being
fed into a unified model. Based on experiments conducted using a publicly available dataset of 2 152 images of healthy and unhealthy
potato leaves, an accuracy of 98.22% was obtained by the ensemble model, compared to 96.16% for VGG-16 and 95.68% for
ResNet-50.The authors acknowledge that their study is based on a small number of potato leaf images, which may limit the model’s
robustness or generalizability.

Ajra et al. [20] introduced a technique for plant disease detection using the AlexNet and ResNet-50 architectures. The authors used a
Kaggle dataset containing tomato and potato leaf images to investigate various leaf diseases. To enable early disease identification, the
workflow included image preprocessing, data augmentation, feature extraction, and classification, followed by accuracy-based model
evaluation. Experimental findings showed that AlexNet achieved an overall accuracy of 95.9 %, while ResNet-50 reached 97.3 %. The
authors noted that the dataset’s relatively small size (9,473 images) could limit the generalization capacity of the models.

In [21], the authors developed a deep learning fusion approach for classifying plant leaf diseases. Features obtained from ResNet50,
VGG-16, and EfficientNetB0 are combined through concatenation and subsequently passed through a neural network to generate the final
classification results. The experiment involved eight balanced classes. The proposed approach obtained an accuracy of 98.25% and a loss
value of 0.0315.
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In these works, the hybridization of the three models was achieved by concatenating the feature vectors produced individually
by each model. Reported accuracies ranged from 95% to 99%. However, most of these studies considered only ten classes (or fewer),
which restricts their ability to generalize to more diverse scenarios or novel disease types. Such a lack of diversity can result in reduced
robustness.

11.2 LIGHTWEIGHT DEEP LEARNING ARCHITECTURES FOR PLANT DISEASE RECOGNITION

The model discussed in Section 2.1 (as presented in reference [18]) leverages a hybrid architecture by fusing VGG16 and
ResNet50. According to the authors, the hybrid model capitalizes on the strengths of both networks while avoiding the excessive
complexity that each might present in isolation. This fusion effectively reduces redundancy and improves structural efficiency.

Nguyen and Huynh [22] introduced an architecture that integrates ResNet into a modified version of VGG-16, designed to meet the
constraints of low-end hardware. They demonstrate that ResNet-50 performs poorly with small batch sizes due to ineffective BatchNorm,
while the proposed model removes BatchNorm and avoids this issue. Moreover, the original VGG-16’s large fully connected layers create
a memory burden and may worsen vanishing gradient issues. Their model addresses both memory constraints and gradient vanishing, and
achieves an overall accuracy of 85.4%, outperforming ResNet-50’s 75.9%.

In [23], the authors proposed an efficient lightweight model for classifying pepper leaf diseases. The dataset included images of healthy
leaves and those exhibiting symptoms, these images were captured with human palms as the background, reflecting real-world field
conditions. The proposed model was based on the GGM-VGG16 architecture, enhanced with Ghost modules, global average pooling
(GAP), and multi-scale convolutions. Experimental results demonstrated that the model achieved 100% accuracy on images with human
palm backgrounds and 87.38% accuracy on images with other backgrounds.

Zhengjie et al. [24] developed 1CS-ResNet, a lightweight version of ResNet-50 that incorporates an improved spatial-channel attention
mechanism and depth-separable residual blocks to reduce parameters and computation. Using cosine annealing for better training stability,
the model achieved 98.87% accuracy on the PlantVillage maize leaf disease dataset while reducing parameters by about 69% compared
to ResNet-50.

In [25], the authors introduced a lightweight architecture for plant disease classification, referred to as the Lightweight Pyramidal Multi-
scale Attention Residual Network (LPMA-ResNet). The framework employs a dual-level pyramid structure combined with an adaptive
attention mechanism to capture informative multi-scale features while suppressing noise. When evaluated on the Soybean Disease and
PlantVillage datasets, LPMA-ResNet consistently outperformed existing leading approaches. Specifically, on the soybean dataset,
LPMA-ResNet (x1.0) achieved 2.12% higher accuracy than ShuffleNet-v2 (x2.0), while requiring only about two-thirds of its parameters.

These studies demonstrate that by combining the VGG-16 and ResNet-50 models, it is possible to create deep learning
architectures that decrease network complexity and enable the model perform effectively on low-end hardware or in resource-limited
environments. In these works, only a limited number of classes were considered (a maximum of eight), achieving accuracies between
85% and 98%.

I11. MATERIALS AND METHODS

The methodology employed in this study is delineated in this section, including data description, pre-processing steps, and the
deep learning models. Each stage is described in detail to provide a comprehensive understanding of the approach taken to develop and
evaluate our plant disease classification system.

111.1 DATA DESCRIPTION

In this work, the leaf images were obtained from the benchmark Plant Village dataset [26] , with a modified version specifically
prepared for the purposes of this study. The dataset contain 67 118 images of diseased and healthy plant leaves from 9 different species.
It is split into 29 classes, each class represents a type of disease. Figure 1 shows a sample of leaves belonging to different classes.

Com (Maize)_Common Rust Grape__Healthy Strawberry_ Leaf Scorch

Tomato__Bacterial Spot

o

Figure 1: Samples of leaf images.
Source: [26].
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111.2 PRE-PROCESSING

Pre-processing is very important step. Within this stage, images are subjected to resizing, normalization, and augmentation.
Then, data set is partitioned into training, validation and test sets.

I11.2.1 Resizing and normalization images

The dataset images are 256x256 pixels, but some deep learning models are built to work with a specific size (224x224). Their
architecture expects inputs of that dimension. The resizing makes the images compatible with the pre-trained models. Next, the pixel
values of an image (input) are adjusted to a standard range, usually between [0, 1]. This stage is the normalization, and it helps the model
train faster and improves its performance [27].

111.2.2 Data augmentation

After collecting the images, data augmentation is utilized during the pre-processing stage. The application of data augmentation
expands the training set in terms of size and variety, thereby helping to reduce overfitting and enhancing the model’s generalization
performance [28]. The transformations used in this pre-processing part are rotation and zooming, which allow minor variations in the
images (see Figure 2).

Figure 2: Data augmentation using rotation and zoom.
Source: Authors, (2026).

111.2.3 Data splitting

To optimize the performance of a model, in most cases it is typically developed and evaluated on three sets of data. The Training
Set (80%) represents the biggest part of the data and it is essential for the model’s ability to learn and generalize. It contains 53 694
distinct images, offering a wide range of examples that enable the model to capture discriminative features across classes. The Validation
Set (10%), consisting of 6 712 images, serves to assess the model’s performance on unseen data during training. It helps detect overfitting
and enables the fine-tuning of hyperparameters, such as batch size and learning rate. The Test Set (10%) also contains of 6 712 images
and is used after training to measure the model’s final effectiveness on independent data not seen during training. The histogram in Figure
3 shows the overall number of images in each category. The x-axis represents the different types of plants (29 classes): some are healthy,
others affected by diseases. The y-axis shows the total number of images, combining the training, validation, and test sets.

Figure 3: Histogram showing the data Split.
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The number of images differs slightly between classes (as shown in the histogram), but overall the dataset is well balanced ,
which is an essential condition for effective learning.

111.3 DEEP LEARNING MODELS

In this work, three CNN architectures —AlexNet, VGG-16, and ResNet-50— were employed as baseline models. These architectures
were chosen due to their demonstrated effectiveness in image classification tasks. A lightweight CNN model, named AgriNet (Agriculture
Network), was developed specifically for plant disease classification.

111.3.1 AlexNet model

AlexNet [8] represents one of the pioneering deep convolutional neural network architectures, designed specifically for image
classification tasks. It incorporates a total of eight layers: five convolutional layers, some succeeded by MaxPooling layers, and three
dense layers. The Rectified Linear Unit (ReLU) is employed as the activation function. It is adopted in this network due to its superior
performance over traditional functions such as tanh and sigmoid. The ReLU function is formulated as:

f(x) = max (0, x) @

It is a non-linear activation that leaves positive values unchanged and replaces all negative values with zero, which results in
sparse activations. This sparsity, helps prevent overfitting, reduces computational cost and acts as a form of implicit regularization.
Convolutional layers extract features from the image. They transform the raw image into a rich and compact representation that can be
utilized by the subsequent layers for classification. By downsampling feature maps, pooling layers minimize spatial dimensions, which
reduces computational cost. This also simplifies the input to the dense layers, where the combined outputs of the convolutional and
pooling stages are used to perform the final classification. Figure 4 presents the structure of the AlexNet model as applied to our dataset.
This modified version of AlexNet incorporates Batch Normalization to enhance the stability and efficiency of deep neural network
training.

MurPooing {1x3),
BatchNormalization —+ sridess(2.2)
. |
| -
Convolution 5: 256 Flatter
filtres {3u3), Retl)
v {
| A
Deme{ HI24), Rell),
{ v
peeapren Convolotion 4: 184 Deesa{S12], Retl,
P o O -mn:suw. mn:aum M‘ fvogout (3.1
BatchNormalization BatchNormalzation Dense [Sortie) : 29, Softman
v : | '
MarPooling (1x3) | Camvehtion 3: 384 "
strides={2.2) filtres {13), Relt) e -

Figure 4: AlexNet model architecture.
Source: Authors, (2026).

AlexNet model takes color images of size (227 x 227 x 3) pixels as input. It is composed of five convolutional layer blocks,
which progressively extract hierarchical characteristics from images.

- Block 1 : In the first block, processing starts with a convolutional layer that applies 96 filters each of size (11 x 11), using a stride of
4. It’s role is the extraction of low-level characteristics.The resulting feature maps are then batch normalized, which normalizes the
activations of a layer within a mini-batch. After that, a max pooling with a (3x3) window and stride 2 is used to reduced size of feature
maps.

- Block 2: This block uses convolutional layer with 256 filters, each of size (5x5), using a stride of 1. Afterwards, a batch normalization
and a max pooling are applied (similar to the first block).

- Blocks 3 and 4: These two blocks are similar and contain a convolutional layer with 384 filters, each of size (3x3), with a stride of 1.
A batch normalization is applied.

- Block 5: 256 filters, each of size (3x3), with a stride of 1 are used in the last convolutional layer, and followed by batch normalization
and max pooling. At this level, feature extraction is complete.

Next, the output produced by the final convolutional block is flattened and represented as a one-dimensional vector. This step
prepares the extracted features for integration into two dense layers that produce the ultimate classification result.

- First dense layer: The first dense layer consists of 1024 neurons using the ReLU activation function, followed by batch normalization
and a dropout of 0.6. A slightly higher dropout rate than in the original AlexNet (0.5) was used to further enhance generalization and
reduce the risk of overfitting, given the model’s complexity and the large number of target classes in the dataset (29 classes).
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- Second dense layer: This dense layer comprises 512 neurons, employs ReL U activation, and is regularized with batch normalization
and a 0.3 dropout rate.The lower dropout rate in this layer helps retain more learned features while still providing regularization to
prevent overfitting.

In the output layer, 29 neurons are employed with a softmax activation to represent the 29 classification categories. The softmax
activation transforms the outputs values into probabilities, approximating how likely each class is correct. The probability is determined
using the following formula:

- esi
Softmax(si)= m (2)
fori=I,....K

The function converts the raw outputs s=[s1,S,...,5«] of the final dense layer into a probability distribution across the K target
classes. Each term s; in the softmax vector denotes the probability attributed to class i for the current input. These probabilities adhere to
specific properties ; All probability values fall within the interval [0,1], with their sum constrained to 1.

Training Details

For multi-class classification, the training procedure used a categorical cross-entropy loss function in conjunction with the Adam
optimizer, which had a learning rate of 0.0005.

111.3.2 VGG-16 model

The VGG-16 model [11] employs 13 convolutional layers that utilize small (3x3) kernels, followed by three dense layers for
classification. Stacking several convolutional layers enables the network to capture progressively more detailed features from an image.
AlexNet uses larger kernel sizes (11x11), while VGG-16 adopts (3x3) filters, allowing it to capture fine local details with greater accuracy.
The network takes as input an RGB image of dimensions (224x224x3). This image is processed through convolutional layers with a
stride of 1 pixel. Downsampling is performed using five max-pooling layers, each applied after specific convolutional layers, though not
every convolution layer is followed by pooling. Max-pooling is applied on a 2x2 pixel window, with a stride of 2. In this section, the core
convolutional architecture of VGG-16 was retained and initialized with weights pre-trained on ImageNet. The parameter
include_top=False was used to exclude the original fully connected classification layers. Only the last three layers were set as trainable,
while the rest of the network remained frozen. Figure 5 illustrates the VGG-16 architecture as applied to our dataset.

The core architecture of VGG16 (consolutional layers):
-Pretramed on ImogeNet

-include_top=False

(to exchude the fully connected classification layers.)
“Only the tast 3 layers are tralnabie,

— .

Oropout (0.5}
:
input_img
(224 x224x3) Dense (128), Mﬁm :;Mnm
:
Dense(29, activation="Sottmax’)
|
Final prediction

Figure 5: VGG-16 model architecture.
Source: Authors, (2026).
The added layers are:

- A GlobalAveragePooling layer (GAP), which summarizes the extracted features into a vector. GAP calculates the average of all values
in the feature map. The output size produced by Global Average Pooling (GAP) is minimal compared to Flatten. This decreases the
trainable parameter count and gives better the model’s generalization ability.

- Two dense layers: the first one comprises 256 neurons activated with ReL U, followed by bath normalization and a 0.5 dropout rate
to limit overfitting. The second dense layer is composed of 128 neurons, also using ReLU activation, combined with bath
normalization, and a 0.3 dropout rate.

The output layer contains 29 neurons, with each neuron representing a specific disease class, in accordance with the dataset’s
class count.
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Training Details

The training of the VGG-16 model employed the Adam optimizer configured with a 0.001 learning rate. The loss function
selected was categorical cross-entropy, as it is widely used for multi-class classification tasks.

111.3.3 ResNet-50 model

ResNet-50 [14] is composed of residual blocks, each made up of several convolutional layers, along with a skip connection that
directly adds the block’s input to its output. The primary distinction between VGG-16 and ResNet-50 is the use of these skip (residual)
connections. This design preserves gradient magnitudes during backpropagation, facilitating more effective training of deep neural
networks. The structure of the ResNet-50 residual block is illustrated in Figure 6.

Input : x

! 1x1 Conv

3x3 Conv F(x)
|  Rav
|

| 1x1Conv

Figure 6: ResNet-50 residual block.
Source: [14].

- The first convolutional layer uses (1x1) filter to decrease the number of input channels.
- The second convolutional layer employs a (3%3 ) filter to capture spatial features from the input data.

- The third convolutional layer also employs a (1x1) filter to revert to the original number of channels prior to merging the output with
the shortcut connection.

The ReLU function is applied following each convolutional layer and and its ensuing batch normalization layer. Skip connection
essentially skips convolutional layers, and allows the original input to be added directly to the convolutional layer output immediately
prior to ReLU activation. A skip connection preserves important information and maintains performance. Formally, it is defined as:

y = F(x) +X ®)

Here, x denotes the original input, F(X) represents the transformation performed by the convolutional layers, and y corresponds
to the layer’s output. In this part, we retained the core architecture of ResNet-50, training only the final ten layers while freezing the
remaining ones. The architecture of ResNet-50, adapted for our dataset, is illustrated in Figure 7.

The core architecture of ResNet-50 (convolutional layers)y:
-Pre-trained on ImageNet

-nchude top=False

(to exclude the fully connected classification kayers.)

-Only the last 10 layers are trainable,

l

GlobalAveragePooling2D

|

. Dense (512), Activation: RelU, BatchNormalization,
input_img Dropout (0.5)
(224 x 224 x3) 1

Dense(29, activation="Softmax’)

l

Final prediction

Figure 7: ResNet-50 model architecture.
Source: Authors, (2026).
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Next, we added a GlobalAveragePooling layer to to reduce the learned feature representations into a compact vector
representation. Following the GAP, a dense layer with 512 neurons is applied, incorporating ReLU activation, batch normalization, and
a 0.5 dropout to enhance generalization. The output layer comprises 29 neurons with a softmax activation, corresponding to the different
diseases to be identified.

Training Details

For training the ResNet-50 model, the Adam optimizer was used with a 0.0001 learning rate, along with categorical cross-
entropy as the loss function.

111.3.4 AgriNet: The Proposed model

The objective of this study is to propose a lightweight and performant model, designed for mobile, 10T, or other resource-
constrained devices. The proposed model AgriNet (Agriculture Network), combines: the simplicity of AlexNet, the efficiency of VGG-
16, and the power of residual connection from ResNet-50. AgriNet avoids the complexity of ResNet-50. AgriNet consists of three
convolutional blocks, followed by a Global Average Pooling layer (GAP) and two dense layers for the final classification, as illustrated
in the figure 8. The reduced number of layers (a total of six) is inspired from the Alexnet model, which consists of only eight layers and
has demonstrated high efficiency in image classification tasks. VGG-16 is known for its strong ability to extract fine-grained features
through its simple convolutional layers with 3x3 filters. In AgriNet, we preserve this strength in both the first and second blocks. The
number of filters increases with network depth, allowing for more complex feature extraction. The first block is designed to capture initial
features while incorporating batch normalization and dimensionality reduction through max pooling. Next, a dropout layer with a 0.25
rate is used.

The value is set at 0.25 to provide moderate regularization. Given the number of layers, the size of the dataset, and the number
of classes (29 classes), this rate will avoid overfitting while preserving sufficient feature information for effective learning. The second
block focuses on extracting more complex features while maintaining regularization. The convolutional layer applies 64 filters each of
size (3 x 3). ResNet-50’s strength lies in its use of residual (skip) connections, which facilitate the learning of deep representations. In
AgriNet, we introduce a skip connection in the third block (mid-network), where features transition from local, detailed information to
more abstract representations. Without this skip connection, this block risks over-transforming features, potentially leading to the loss of
fine-grained details. By adding the skip connection at this stage, we reintroduce the original input features into the deeper, more latent
representations, preserving a balance between fine details and the overall context. In a skip connection, the dimensions of x may be
different from F(x) due to the convolution, which can reduce its size. A convolutional layer with 128 filters of size (1x1) is applied to x
to match the channel required dimensions for the addition, ensuring a direct linear path for information flow.

Block 3 deepens the extraction of complex features while gradually reducing the dimensionality of the feature maps, ensuring
that essential information is preserved for classification. The ReLU activation is applied after the addition, allowing the skip connection
to transmit useful negative values, thereby improving the overall information flow.

The GAP layer performs dimensionality reduction, while preserving the essential information through the computation of the
mean value across each feature map, producing a compact, low-dimensional vector (GAP is lighter than Flatten). The use of GAP layer
followed by a dense layer greatly reduces the count of trainable parameters relative to the traditional Flatten—Dense approach. This design
choice lowers memory consumption and further supports the model’s suitability for lightweight deployments on mobile and embedded
systems. The first Dense layer (512 neurons) learns abstract representations from the vectors produced by the previous layers. Dropout
regularization is employed to mitigate the risk of overfitting by preventing this layer from excessively memorizing the training data. Batch
normalization, applied after each convolutional layer, ensures better regularization and more stable convergence. The final layer is
composed of 29 neurons, activated through a softmax function, corresponding to the set of diseases to be classified.
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Training Details

The proposed model was developed using the Keras Functional API, although the architecture is relatively simple. Functional
API was chosen because it allows the inclusion of a skip connection between blocks, which cannot be implemented directly with the
Sequential API. Once the architecture was defined, the training process employed the Adam optimizer, initialized at a learning rate of
0.001, which was automatically reduced to 0.00001 through the ReduceLRONPIlateau strategy. For this 29-class classification task, the
model uses categorical cross-entropy as the loss function.

Performance Evaluation

The assessment of the model is essential for validating its classification performance, and several evaluation metrics are
employed for this purpose [29].

- Accuracy represents the overall proportion of predictions that were correct (whether positive or negative), as shown in equation (4):

TP+TN

Accuracy = g v vrnrin )
- Precision measures the proportion of positive predictions that are actually correct, it is mathematically defined as follows:
.. TP
precision = ——— (5)
- Recall reflects the model’s capacity to correctly detect all actual positive instances, as defined in equation (6):
Recall = —= (6)
TP+FN
- Fl1-score isa metric that combines Precision and Recall into a single value, as shown in equation (7):
F1 — score = 2xprecisionxrecall 7)

precision+recall

Here, TP, TN, FP, and FN stand for True Positives, True Negatives, False Positives, and False Negatives, respectively. These
metrics provide a clear and comprehensive assessment of each model, both at the global and class-specific levels.

IV. RESULTS AND DISCUSSIONS

In deep learning, the last stage in classification is to identify the category of the input. In this work, after processing the image
with a deep neural model (AlexNet, VGG-16, ResNet-50, or our proposed model *AgriNet’), the system predicts its category. The
probability for each class was calculated, and the final result is the class with the highest probability. In this way, the image is automatically
categorized into one of the listed disease classes. Unlike binary models that output only ‘diseased’ or ‘healthy’, our approach provides a
more detailed diagnosis.

IV.1 PERFORMANCE ANALYSIS OF THE ALEXNET MODEL

The AlexNet model was trained for 40 epochs on our dataset. The figure below illustrates the evolution of training and validation
accuracy and loss during this process.

Training and Valdation Accuracy Traming and Vakdation Loss
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Figure 9: AlexNet model performance.
Source: Authors, (2026).

The training accuracy increases rapidly during the initial epochs and stabilizes above 95%. This indicates that the model
successfully learns the training data. In parallel, the training loss significantly decreases toward zero, confirming a stable convergence
process. The validation accuracy shows strong fluctuations across epochs, which reflects instability in the model’s ability to generalize,
despite the use of batch normalization. The validation loss is high and highly variable, and present several significant peaks, confirming
a tendency toward overfitting.
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The instability in the validation loss point to possible improvements, such as incorporating additional data augmentation. Overall,
the model learns the training data effectively, but it has trouble generalizing to unseen data. The obtained test accuracy is 98.15%, with a
loss of 0,0846.

IVV.2 PERFORMANCE ANALYSIS OF THE VGG-16 MODEL

The VGG-16 network was trained on our dataset for 30 epochs, and its training and validation performance is illustrated in the
following figure.

Traireng and Validation Accuracy Trairung and Validston Loss
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Figure 10: VGG-16 model performance.
Source: Authors, (2026).

Training accuracy rises quickly in the first few epochs and reaches around 92%, while validation accuracy exceeds 95%, showing
excellent generalization capability. This is largely due to the application of data augmentation and dropout. The training and validation
loss curves gradually decrease and stabilize at low values, without any noticeable divergence between them. It means that the model
effectively minimizes error on the training data. The absence of overfitting further confirms that the model converges well, with stable
and reliable behavior. The results obtained on the test data are: an accuracy of 95.87% with a low loss of 0.1241.

IVV.3 PERFORMANCE ANALYSIS OF THE RESNET-50 MODEL

The ResNet-50 architecture was trained the on our dataset for 30 epochs. Figure 11 illustrates its training and validation evolution.

Taining and Valdation Accuracy Training and Validation Loss
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Figure 11: ResNet-50 model performance.
Source: Authors, (2026).

During training, the accuracy curve increases quickly in the first few epochs. It show the strong learning capacity of the ResNet-
50 model. In parallel, the training loss decreases steadily and converges quickly towards zero, confirming stable and efficient convergence.
For validation, the accuracy curve indicates that the model experienced slight overfitting at the 4th epoch, but stabilizing around 99%,
which indicates good generalization ability. The validation loss shows some initial instability with noticeable peaks, but overall it
decreases and remains at low values, demonstrating a satisfactory fit of the model. Once training was completed, the model was evaluated
on the test set, obtaining an accuracy of 99.73% with a corresponding low loss of 0.0118.

IV.4 PERFORMANCE ANALYSIS OF THE AGRINET MODEL

The proposed model ‘AgriNet” was trained on our dataset for 25 epochs. The following figure shows the results obtained.
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Figure 12: AgriNet model performance.
Source: Authors, (2026).

The results demonstrate strong performance and stability of AgriNet. As illustrated in the training and validation curves, the
model achieves a rapid increase in training accuracy during the initial epochs and stabilizes above 98%, while the training loss steadily
decreases toward very low values. It indicaties a robust convergence process. Similarly, the accuracy on the validation data remains
consistently elevated, and stabilizing at 97%, which confirms the model’s capacity to perform well on unseen data. Although the
validation loss exhibits slight fluctuations compared to the training loss, it remains relatively low and stable at 0.2, without signs of
divergence (no significant overfitting). The proposed model achieves excellent convergence, and maintains a good balance between
training and validation performance. The obtained test accuracy is 97.13%, with a corresponding loss of 0.1579. Figure 13 illustrates the
model’s performance for a subset of classes, showing clearly that the model performs very well across most categories, with recall,
precision, and F1-scores generally within the 90-100% range.

Figure 13: Precision, recall and f1-score analysis.
Source: Authors, (2026).

The number of epochs for each model was chosen empirically, based on their depth and the behavior of the learning curves.
AlexNet is relatively shallow (but fairly wide), it required about 40 epochs to stabilize its performance on training set. However, the
validation curves reveal persistent instability. VGG-16 and ResNet-50, being more complex, converged in roughly 30 epochs, while our
proposed 6-layer model reached its best performance in just 25 epochs. According to these results, AgriNet appears to be the best suited
to the size and complexity of the data.

By analyzing Table 1, it can be observed that our proposed model ‘AgriNet’ achieves slightly lower accuracy compared to ResNet-50.
However, ResNet-50 incurs higher computational cost due to its deeper structure and greater parameter count. In contrast, each parameter
represents a weight stored in memory. A model with fewer parameters requires less RAM and can be loaded and executed more efficiently.
With only 323 165 parameters and a depth of six layers, AgriNet is the most compact model among those evaluated.

This compact design makes AgriNet especially useful in environments with limited resources, such as mobile or embedded devices,
characterized by constrained memory and processing power. In addition, AgriNet demonstrates that reducing model complexity does not
necessarily lead to a dramatic loss in predictive performance.

The baseline models AlexNet and VGG-16 use more parameters and require more epochs to converge, whereas AgriNet converges in
just 25. This shows that older or deeper networks are not always optimal and highlights the need to design models that fit the computational
resources, instead of relying solely on accuracy.
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Table 1: Comparison of the models based on their architecture and performance.

AlexNet[8] VGG-16 [11] ResNet-50 [14] AgriNet
Depth 8 layers 16 layers 50 layers 6 layers
Number of Parameters 10,8 M 149M 23.6 M 323 165
Pretrained Weights ImageNet ImageNet ImageNet None
Dropout rate 0.6, 0.3 (Dense) 0.5, 0.3 (Dense) 0.5 (Dense) 0.25(Conv), 0.5 (Dense)
Batch size 32 32 32 32
Optimizer Adam Adam Adam Adam
Learning rate 0.0005 0.001 0.0001 0.001,0.0001, 0.00001
Epochs 40 30 30 25
Accuracy (%) 98.15% 95.87% 99.73% 97.13%

Source: Authors, (2026).

Importantly, these results are consistent with recent advances in lightweight architectures [22], [23], [24], [25], as previously
discussed in the second section, which also emphasize balancing accuracy with efficiency (see Table 2). Notably, our model addresses
29 classes, in contrast to these studies where the number was limited to a maximum of eight. Moreover, AgriNet is the most compact,
with only eight layers.

Table 2: Comparison of the proposed model with recent works on lightweight deep learning architectures.

Ref.No Nbr. Of classes Dataset Methodologys used Layers Accuracy %
5 blocks, each -% 75,9 for ResNet-
containing 2 to 3 50
Nguyen and Huynh [22] 5 Flowers dataset VGG-16 + ResNet-50 convolutional layers, -85.4%, for VGG-
plus 2 FC layers. 16 + ResNet-50
Images of
pepper leaves ) 87.38%
Fu and Huang [23] 4 collected by the GGM+VGG-16 16
authors
0
Jietal. [24] 5 PlantVillage ResNet-50+ISA 50 98,87 %
Soybean
Liu et al. [25] 8 diseases, Figfr']\l'gg Eeg?' ] 50 98,10 %
PlantVillage PY! 9
; - Alexnet+VGG-16 + o
AgriNet 29 PlantVillage ResNet-50 6 97.13%

Source: Authors, (2026).

Abbreviations: FC, fully connected; GGM, Ghost modules, Global average pooling, Multi-scale convolution; ISA: Improved Spatial
Attention.

To evaluate the generalization of the model under real-world conditions, an additional validation was carried out on the PlantSeg
dataset [30]. This dataset contains 115 disease classes across 34 plant species. Since PlantSeg does not exactly cover the 29 diseases of
PlantVillage, the evaluation was performed only on the classes common to both datasets (partial validation). The results show an accuracy
of 95,87%, this slight decrease reflects the increased complexity of field images. Nevertheless, these results confirm that the model
maintains robustness and significant generalization capability under real-world conditions.

V. CONCLUSIONS

In this paper, we have proposed a novel model, AgriNet, which fuses the strengths of three Deep Learning architectures : Alexnet,
VGG-16, and ResNet. The design of AgriNet was motivated by the need for accurate yet computationally efficient models for agricultural
applications, especially in the domain of plant disease detection. The proposed network is lightweight, consisting of only six layers : three
convolutional blocks, one Global Average Pooling layer, and two dense layers. Experimental evaluation is conducted on the Plant Village
dataset (29 classes), and it demonstrates that AgriNet achieves a high recognition accuracy of 97.13% with a corresponding loss of
0.1579. These results confirm that the model can accurately detect plant diseases while also generalizing well to unseen data. Furthermore,
the model maintains low complexity, with fewer layers and fewer parameters than the other three state-of-the-art models. In the future,
we aim to evaluate AgriNet on additional datasets to provide stronger evidence of its robustness. We also plan to explore its practical
deployment on loT and mobile devices. These intelligent agricultural systems will provide farmers with accessible and cost-effective tool
to monitor plant health, reduce crop losses, and ultimately improve food security.
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