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Chili pepper (Capsicum annuum) is an important crop in many countries,
including Indonesia, which plays an essential role in the local economy and
food production. To meet the high demand, effective agricultural
management, especially the diagnosis and treatment of plant diseases, is
essential. This study aims to improve the accuracy of chili leaf disease
classification while reducing the computational cost so that it can be applied
to low-cost smart farming systems. Through the development of the
MobileChiliNet architecture, which is the result of pruning and fine-tuning
of MobileNetV2, this model achieves the best accuracy, better than other
convolutional neural networks (CNNs) such as residual network (ResNet50)
and visual geometry group (VGG)16. Testing with various optimizers and
learning rate schedulers shows that AdamW with PolynomialDecay provides
the best performance by increasing the validation accuracy to 96.48%. The
reduced model complexity directly translates into faster inference times and
lower hardware requirements, allowing the model to run on edge devices
such as Raspberry Pi or smartphones. This makes MobileChiliNet highly
practical for smallholder farmers and rural agricultural settings, where
computational resources are limited. By balancing high classification
performance with minimal computational demands, MobileChiliNet
supports scalable, affordable, and real-time disease monitoring for precision
agriculture.
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1. INTRODUCTION

All standard paper components have been specified for the sustainable development goals (SDGs)
emphasize the importance of consumption and production in improving the quality of life in society,
particularly in the agricultural sector, which plays a key role in ensuring food security and reducing
poverty. Agriculture also plays an important role in nation-building [1]. One area of focus is the
cultivation and maintenance of chili plants, specifically red chili (Capsicum annuum), which is an
important crop in many countries, including Indonesia [2], [3]. Red chili not only contributes to the local
economy but also to food production, such as sauce production [4], medicine [5], and chili powder [6].
The demand for chili is very high, which requires effective agricultural management, especially in the
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diagnosis and treatment of plant diseases. This is crucial to support sustainable agricultural practices as
targeted by the SDGs [7]. Early detection of diseases in chili leaves can help reduce the risk of crop yield
loss and improve production quality.

If chili leaf diseases are not detected early, the impact can be highly significant on production and
crop quality. Diseased plants will experience stunted growth, which will ultimately affect the quantity and
quality of the fruit produced. Some of the impacts caused by chili leaf diseases include stunted growth,
flower drop, undersized fruits, and even rot [8]. Additionally, undetected disease spread can lead to
widespread infection throughout the entire farming area, drastically increasing the cost of treatment and
disease control, such as the more frequent and intensive use of pesticides. This not only causes financial
losses for farmers but also has the potential to harm the environment.

Failure to detect chili leaf diseases early can also extend the recovery time of the plants, thus
affecting the next planting cycle. As a result, lower crop yields may affect the supply of chili in the market,
driving up prices, and undermining the economic stability of farmers [9]. Therefore, an efficient and accurate
approach to chili leaf disease classification is crucial to maintain agricultural productivity and ensure the
sustainability of chili farming. Accurate classification of chili leaf diseases is essential for early diagnosis,
enabling farmers to take timely action in disease management. Traditional methods of disease detection are
often time-consuming and prone to errors. Therefore, automating the process of chili leaf disease
classification using image-based machine learning methods is highly beneficial. Through classification
techniques, farmers can obtain accurate and reliable information about the condition of their plants, which
will help them make better decisions. Similar approaches have been applied to other crops, such as the
diagnosis of Alternaria disease and Leafminer pest on tomato leaves using image processing techniques,
demonstrating the effectiveness of automated visual analysis in precision agriculture [10].

Deep learning, particularly convolutional neural networks (CNN), has gained a lot of attention due
to its better performance in image classification tasks [11], including plant disease detection [12]. CNN has
been widely used in various agricultural applications because of its ability to automatically extract important
features from images without the need for manual feature engineering. This makes CNN an ideal choice for
chili leaf disease classification, as it can handle complex visual patterns and variations in leaf images,
resulting in more accurate predictions [13].

Recent studies show that CNN model performance can be enhanced through techniques such as
transfer learning [14], fine-tuning [15], and pruning [16]. Transfer learning allows for leveraging pre-trained
models to improve classification performance on new datasets with minimal training time, while fine-tuning
further optimizes the model by adjusting specific layers. On the other hand, pruning helps reduce model size
by eliminating unnecessary parameters, resulting in more efficient computation without sacrificing accuracy.

In addition, recent advancements in lightweight CNN architectures have demonstrated strong
potential for agricultural applications on edge devices. A recent study introduced an ultra-lightweight
network with a low number of parameters, yet capable of achieving competitive accuracy in plant disease and
pest detection while maintaining minimal computational complexity [17]. Another study implemented a
MobileNetV3Large-based model for real-time grape leaf disease classification on an edge device (Jetson
Nano), achieving over 99% accuracy along with explainability features using Grad-CAM [18]. These
developments reinforce the practicality of lightweight CNNs in real-world agricultural environments,
particularly in rural or low-resource settings with limited computing power.

In this study, we propose MobileChiliNet, a lightweight and accurate model developed by
combining pruning and fine-tuning techniques on MobileNetV2. The objective is to create a compact model
with fewer parameters and high classification accuracy, suitable for deployment on low-power hardware such
as smartphones or Raspberry Pi. Table 1 summarizes related research on leaf disease classification using
various methods and their accuracies.

The methods listed in Table 1 demonstrate various techniques for chili leaf classification. Fine-
tuning models like ShuffleNet results in high accuracy, but only for two classes. For a larger number of
classes, such as five classes in models like support vector machine+recurrent neural network (SVM+RNN),
extreme inception (Xception), and EfficientLeafNetB4, the accuracy remains relatively low, with a maximum
accuracy of 92.10%. This indicates that there is still a need for improved accuracy in chili leaf disease
classification to ensure its applicability in smart agricultural systems.

This research aims to develop a model that not only improves accuracy but also reduces
computational complexity. By utilizing pruning techniques combined with fine-tuning, we target a compact
and efficient architecture that can achieve higher accuracy with lower computational costs. The ultimate goal
of this research is to produce a model that can be used in real agricultural applications, improving disease
detection in chili plants while minimizing computational costs. The major contributions of this study are
summarized as: 1) proposes MobileChiliNet, a lightweight deep learning model optimized from MobileNetV2
through pruning and fine-tuning for chili leaf disease classification; ii) achieves a validation accuracy of
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96.48%, outperforming several state-of-the-art CNNs across five disease classes; iii) evaluates multiple
optimization algorithms and learning rate schedulers, identifying AdamW with PolynomialDecay as the most
stable and accurate combination; iv) ensures real-time deployment feasibility on low-power edge devices
such as Raspberry Pi and smartphones, promoting accessibility in resource-limited agricultural environments;
and v) contributes to precision farming and SDGs by enabling early disease detection, reducing crop loss, and
supporting smallholder farmers.

The remainder of this paper is organized as: section 2 describes the research methodology, including
dataset preparation, model pruning, and fine-tuning processes. Section 3 presents the results and discussions,
including comparisons with existing CNNs, evaluation of various optimizers, and the effect of different
learning rate schedulers. Section 4 provides the conclusions and implications of the proposed MobileChiliNet
model for smart agricultural systems.

Table 1. Research related to leaves classification

Methods Number of classes  Accuracy (%)
VGGNet [19] 3 97.00
SVM+RNN [20] 5 92.10
GLCM+KNN [21] 2 94.00
Fine tuning ShuffleNet [22] 2 99.30
Inception V3 [23] 4 93.00
Xception [24] 5 79.56
EfficientLeafNetB4 [25] 5 92.00
EfficentNet [26] 4 91.00

2. METHOD

This research aims to develop an optimal CNN model with better accuracy and faster classification
performance. The research is divided into four main steps: dataset preparation, testing existing CNN models,
pruning the best-performing CNN, and fine-tuning the hyperparameters of the pruned CNN model. The
methodology used in this study is illustrated in Figure 1.

Data Splitting

|| Train Existing CNN Existing CNN Pruning

1| Select Existing CNMN
i with the best
Accuracy

Hyper Parameter
Tunning

Best CNN Model

Figure 1. Research methodology

As shown in Figure 1, the dataset is split into 80% for training and 20% for validation. This data is
used to test existing CNN models such as MobileNet [27], ResNet [28], VGGNet [29], Alexnet [30], and
ShuffleNet [31], which have proven effective in classifying leaf diseases. The existing CNN model with the
best accuracy is selected for pruning to create a more compact and faster classification model. The pruned
model is then fine-tuned to further improve accuracy, resulting in a faster and more accurate model for
classifying chili leaf diseases.
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2.1. Datasets

The dataset utilized in this research is comprised of images depicting various diseases that affect red
chili leaves, obtained from Mendeley data. These images are categorized into five distinct disease classes
[24]. The dataset has been processed into two variants: augmented and non-augmented. Initially, the dataset
contained 531 images; however, after applying data augmentation techniques, the dataset expanded
significantly to 2,128 images. Table 2 provides a detailed breakdown of the augmented dataset.

Table 2. Augmented dataset

Class name Image Training  Validation  Total
Powdery mildew 486 122 608
Healthy leaf I 221 55 276

Murda complex (mites, thrips) 342 86 428
Leaf spot (Cercospora) 326 82 408
Nutrient deficiency 327 81 408
Total 1,702 426 2,128

Table 2 outlines the distribution of the augmented dataset used in this study to classify diseases
affecting red chili leaves. The dataset encompasses five distinct disease categories: powdery mildew, healthy
leaf, murda complex (mites and thrips), leaf spot (Cercospora), and nutrient deficiency. Each disease class is
represented by a set of images, which have been further divided into training and validation subsets. After
augmentation, the dataset totals 2,128 images, with 1,702 designated for training and 426 for validation. The
original images, which have undergone augmentation, are depicted in Figure 2.

Original Image Horizontal Flip

Figure 2. Data augmentation

2.2. MobileNetV2 architecture
The MobileNetV2 architecture utilizes depthwise separable convolutions and inverted residual
blocks with a linear bottleneck, designed to improve computational efficiency and performance on devices
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with limited resources. In the initial stage, a standard convolutional layer with 32 filters and a stride of 2 is
used to extract initial features from the input image. The network then progresses through a series of
bottleneck blocks, starting with an expansion factor of 1, resulting in 16 filters without changing the output
size. After that, a bottleneck block with an expansion factor of 6 is repeatedly applied, where the feature size
is temporarily expanded before being compressed again. This process results in changes in output dimensions
from 112%112 to 56x56, 28x28, 14x14, and finally 7%7, with the number of filters gradually increasing from
24, 32, 64, 96, 160, to 320. After passing through the final convolutional layer with 1,280 filters, average
pooling is applied to reduce the feature dimensions to 1x1. The final layer is a fully connected layer with
5 neurons, which is used to classify the 5 classes of chili leaf diseases. The detailed architecture of
MobileNetV?2 for chili leaf disease classification is shown in Table 3.

Table 3. MobileNetV?2 architecture

Layer type t C n_s Input size Output size
Conv2D - 32 1 2 224x224x3  112x112%32
Bottleneck 1 16 I 1 112x112x32  112x112x16
Bottleneck 6 24 2 2 112x112x16 56x56%24
Bottleneck 6 32 3 2 56x56x24 28x28x32
Bottleneck 6 64 4 2 28x28%32 14x14x64
Bottleneck 6 96 3 1 14x14x64 14x14%96
Bottleneck 6 160 3 2 14x14x96 7x7x160
Bottleneck 6 320 1 1 7x7x160 7x7%320
Conv2D - 1280 1 1 7x7%320 7x7%x1280
Avg pooling - - 1 - 7x7%x1280 1x1x1280
Fully connected (FC) - 5 1 1x1x1280 1x1x5

In Table 3, several important parameters explain the configuration of each layer: t (expansion factor)
indicates how much the number of channels will be expanded before performing the depthwise convolution;
¢ (output channels) represents the number of output channels from each layer or block; n (number of repeats)
shows how many times the bottleneck block is repeated to increase complexity and feature extraction
capability; and s (stride) indicates the shift step of the kernel during the convolution, which affects the spatial
size of the output. A stride value greater than 1 (e.g., s=2) will result in a reduction of the resolution
(downsampling) in the output, whereas a stride of 1 keeps the output size the same as the input. These
parameter combinations help to understand the structure and functionality of each layer in the MobileNetV2
architecture. The bottleneck in MobileNetV2 is illustrated as shown in Figure 3.

|mages
Conv
Bottleneck Residual
Block 1
Bottleneck Residual
Block 2
Bottlenack Residual
Block 3
Bottlenack Residual
Bottleneck Residual
Block 17
Conv
Fully Connected
Layer

Eottleneck Residual Block,
Stride =1

Dwise Cony 3% 3,
RELUG
Com 1x1

Input

Conv 11, RELUB

Figure 3. Illustration of the bottleneck in MobileNetV2

The bottleneck residual block in MobileNetV2 has different characteristics depending on the stride
value. At stride=1, as shown in Figure 3, there is a branching process where the first branch simply passes the
original input without any changes, while the second branch performs several operations. The second branch
consists of a 1x1 convolution with a ReLU6 activation function, followed by a 3x3 depthwise convolution
with a ReLU®6 activation function, and then another 1x1 convolution without any activation function. These
two branches are then summed to produce the final output of the block. On the other hand, at stride=2, the
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process is slightly different as it aims to downsample the features. At this stride value, the initial convolution
layer in the second branch remains the same, but the 3x3 depthwise convolution with stride 2 is applied to
reduce the spatial size of the output features. Additionally, the first branch does not merely pass the input but
also undergoes adjustments to match the dimensions of the second branch. The outputs of both branches are
not directly summed but are combined at the final stage to produce more compact and dense features.

2.3. Proposed convolutional neural network architecture

The proposed CNN architecture is the result of pruning the MobileNetV2 model, which previously
showed the best accuracy in classifying chili leaf diseases. The pruning process was carried out by reducing
the number of bottleneck layers in MobileNetV2, from seven layers to only three bottleneck layers with
different output channels. This step aims to decrease computational costs without sacrificing model
performance. After the layer reduction, the parameters t, ¢, n, and s were reconfigured to determine the
optimal architecture setup. An illustration of the MobileNetV2 pruning process is shown in Figure 4.

Get model with best validation
accuracy

l

Train model for 50 Epoch

l

Set Botlleneck layer=3

Sett values=[1,8]
Set c_values=[16,24 32 G4,96]
Setn_values=[1,2,3,4]
Sets_values=[1.2]

Set Configuration of Bottleneck

layer=possible combination Best Model Comparison with
if(t_values, c_values, n_values, Existing CHMN
s values)

v

Train model for 10 epochs
{Configuration}

Figure 4. Illustration of the MobileNetV2 pruning process

As shown in Figure 4, each parameter combination was tested and trained over 10 epochs. The
combination with the best validation accuracy was then retrained for up to 50 epochs to evaluate the final
performance of the resulting CNN model. Based on these experiments, we successfully identified the best
combination, which produced an optimal CNN architecture for chili leaf disease classification, which we
named MobileChiliNet. The complete structure of the MobileChiliNet architecture is presented in Table 4.

Table 4. MobileChiliNet architecture

Layer type t C n_s Input size Output size
Conv2D - 32 1 2 3x128x128 32x64%64
Bottleneck 1 24 1 1 32x64x64 24x64%64
Bottleneck 6 32 3 2 24x64%64 32x32%32
Bottleneck 6 96 4 2 32x32x32 96x16x16
Conv2D - 1,280 1 1 96x16x16 1280x16x16
AdaptiveAvgPool2D - - 1 - 1280x16x16 1280x1x1
Fully connected (linear) - 5 1 - 1280 5

The MobileChiliNet architecture, shown in Table 4, consists of several key layers designed to
extract important features from chili leaf images. The first layer is a Conv2D layer with 32 output channels
and a stride of 2, serving as the initial layer to reduce the input image size from 128x128 to 64x64 and
extract basic features. Next, bottleneck layers are used to optimize the number of parameters by utilizing
the configuration of the expansion factor (t), the number of output filters (C), the number of repeats (n), and
the stride (s).

Initially, a bottleneck with an expansion factor of 1 and 24 filters is applied without changing the
output size. Then, a bottleneck with an expansion factor of 6 and 32 filters is used three times with a stride of
2, reducing the feature size to 32x32. A similar process is applied in the next layer with 96 filters and 4
repeats, further reducing the spatial size to 16x16.
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Afterward, a Conv2D layer with 1,280 output channels is applied to enrich the feature
representation, followed by average pooling using AdaptiveAvgPool2D, reducing the feature size to 1x1.
Finally, a fully connected layer with 5 neurons is used as the classification layer to determine the chili leaf
disease classes. The number of neurons in this layer corresponds to the number of classes to be classified,
which is 5 types of chili leaf diseases.

With this combination of layers, MobileChiliNet achieves optimal performance in chili leaf disease
classification while maintaining a lower number of parameters compared to the standard MobileNetV?2
architecture, making it more efficient in computation and memory usage. Several reasons why a model with
fewer layers can be more accurate include: i) reduced overfitting: CNNs with deeper layers are prone to
overfitting as they tend to learn too many patterns from the training data, including noise. A simpler model
can capture more general and important patterns, often leading to better accuracy [32]; and ii) more optimal
parameter tuning: this allows for more efficient parameter optimization, as the smaller parameter space is
easier for optimization algorithms to explore [33].

3.  RESULTS AND DISCUSSION

This section presents the results from testing the MobileChiliNet model, which has undergone
several stages of optimization. The research began by testing various existing CNN architectures, followed
by the pruning process on MobileNetV2, and concluded with fine-tuning the parameters. The accuracy
comparison results of each optimizer used during the training of MobileChiliNet, as well as the
implementation of various learning rate schedulers, are outlined in the relevant tables. The discussion focuses
on the impact of each method on improving accuracy and the stability of the model in chili leaf
disease classification.

3.1. Comparison of existing convolutional neural networks

The first step in this research was utilizing existing CNN architectures to classify chili leaf diseases.
The chili leaf discase dataset, which consists of five classes, was used as training and validation data for the
existing CNN models. All existing CNNs used in this study were retrained on the dataset without using
weights from transfer learning. This was done to identify the best architecture that could be further
developed. Training was conducted using the SGD optimization function with a momentum of 0.9, a learning
rate of 0.01, and a batch size of 64. The training results of the existing CNN models are shown in Table 5.

Table 5. Accuracy comparison of existing CNNs

Methods Train accuracy (%)  Validation accuracy (%)
MobileNetV2 85.01 89.43
ResNet50 84.13 86.61
VGG16 74.32 76.29
AlexNet 67.21 68.30
ShuffleNet 77.02 77.46

Table 5 shows that the MobileNetV2 architecture achieved the highest accuracy among the
evaluated models, with 85.01% training accuracy and 89.43% validation accuracy. Beyond its better
performance, MobileNetV2 was selected as the base architecture due to its lightweight design and
computational efficiency, which are critical for deployment in resource-limited environments. The model
utilizes depthwise separable convolutions and inverted residual blocks with linear bottlenecks, significantly
reducing the number of parameters and computational cost without compromising representational capacity.
These characteristics make it well-suited for real-time applications on low-power devices such as Raspberry
Pi or smartphones, aligning with the objective of this research. The pruning process, combined with
hyperparameter tuning, led to the development of a more compact and efficient architecture named
MobileChiliNet. The comparison between MobileChiliNet and existing CNNs is presented in Table 6.

Table 6. Accuracy comparison of MobileChiliNet and existing CNNs

Methods Train accuracy (%)  Validation accuracy (%)
MobileNetV2 85.01 89.43
ResNet50 84.13 86.61
VGG16 74.32 76.29
AlexNet 67.21 68.30
ShuffleNet 77.02 77.46
MobileChiliNet 95.35 94.13

MobileChiliNet: convolutional neural network for chili leaves classification (Marischa Elveny)
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Table 6 shows that after the pruning and fine-tuning process on MobileNetV2, the resulting
architecture, MobileChiliNet, achieved a training accuracy of 95.35% and a validation accuracy of 94.13%.
This is significantly better than the other CNN architectures tested, such as ResNet50, VGG16, AlexNet, and
ShuffleNet. MobileChiliNet demonstrated a substantial performance improvement, particularly in terms of
validation accuracy, which indicates better model generalization for classifying chili leaf diseases.

3.2. Results of optimizer tuning on MobileChiliNet

One approach to improving CNN accuracy is tuning the optimizer function [33], [34]. In this
research, we tested various optimization functions to enhance the performance of MobileChiliNet. Several
optimizers tested include AdaGrad, Adam, AdamW, SDGM, and RMSprop, all of which are commonly used
in CNN optimization. Each optimizer has a unique mechanism for updating weights, aiming to find the
optimal solution during training. The graph in Figure 5 shows the performance of AdaGrad on
MobileChiliNet, providing a visual overview of its impact on model accuracy.

Training Accuracy vs Epochs for MobileChiliNet with Adagrad Optimizer Validation Accuracy vs Epochs for MobileChiliNet with Adagrad Optimizer
100} X |

Figure 5. Training and validation accuracy of MobileChiliNet with AdaGrad optimizer

As shown in Figure 5, the use of the AdaGrad optimizer successfully improved the accuracy of
MobileChiliNet, both in training and validation data. With a learning rate of 0.01, the training accuracy
reached 99.18%, while the validation accuracy reached 95.31%. However, it can be seen that the validation
accuracy experienced fluctuations, indicating performance instability. This suggests that high training
accuracy does not always guarantee optimal validation accuracy. Next, an experiment was conducted using
the Adam optimizer to compare performance, as shown in Figure 6.

Training Accuracy vs Epochs for MobileChiliNet with Adam Optimizer Validation Accuracy vs Epochs for MobileChiliNet with Adam Optimizer
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Figure 6. Training and validation accuracy of MobileChiliNet with Adam optimizer

The Adam optimizer also successfully improved the accuracy of MobileChiliNet. As shown in
Figure 6, with a learning rate of 0.0001, Adam achieved a highest training accuracy of 96.30% and a highest
validation accuracy of 94.84%. Although the graph shows slight fluctuations, the accuracy consistently
increased with each epoch. Overall, Adam demonstrated stable performance during training. Next, an
experiment was conducted using the SGD optimizer with Momentum 0.9 to compare performance, as shown
in Figure 7.
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Training Accuracy vs Epochs for MobileChiliNet with SGDM Optimizer (Momentum 0.9) Validation Accuracy vs Epochs for MobileChiliNet with SGDM Optimizer (Momentum 0.9)

Training Accuracy
validation Accuracy
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Figure 7. Training and validation accuracy of MobileChiliNet with SGD momentum 0.9

When MobileChiliNet used the SGD optimizer with momentum 0.9, the accuracy results were lower

compared to using AdaGrad and Adam. As shown in Figure 7, with a learning rate of 0.01, SGD achieved a
highest training accuracy of 95.36% and a highest validation accuracy of 94.13%. Although its performance
was good, the accuracy remained lower than the previous optimizers. After changing the momentum to 0.99,
as shown in Figure 8, the accuracy fluctuated with each epoch, but the results did not show improvement and
even experienced a decline compared to the initial momentum.

Training Accuracy vs Epochs for MobileChiliNet with SGD Optimizer (Momentum 0.99) Validation Accuracy vs Epochs for MobileChiliNet with SGD Optimizer (Momentum 0.99)

3

3

Tralning Accuracy

Figure 8. Training and validation accuracy of MobileChiliNet with SGD momentum 0.99

Figure 8 shows that changing the momentum in SGD from 0.9 to 0.99 did not significantly impact

the accuracy improvement. With a learning rate of 0.001, the model achieved a highest training accuracy of
95.83% and a highest validation accuracy of 93.43%. The momentum change did not significantly enhance
the model's performance and even resulted in a slight decrease in validation accuracy. Afterward, the
experiment continued by switching the optimizer to AdamW, and the training results for this optimizer are
shown in Figure 9.

Training Accuracy
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Figure 9. Training and validation accuracy of MobileChiliNet with AdamW
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In Figure 9, the graph shows that using a learning rate of 0.001 with the AdamW optimizer provided
more stable results and higher accuracy compared to other learning rate values. The highest training accuracy
reached 97.30%, while the highest validation accuracy was 95.31%. Although the validation accuracy is
comparable to the results obtained using AdaGrad, the performance with AdamW was more stable
throughout the training process. Next, the experiment was continued by switching the optimizer to RMSProp,
and the accuracy results for each epoch using RMSProp are shown in Figure 10.

Training Accuracy vs Epochs for MobileChiliNet with RMSProp Optimizer Validation Accuracy vs Epochs for MobileChiliNet with RMSProp Optimizer
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Figure 10. Training and validation accuracy of MobileChiliNet with RMSProp

As shown in Figure 10, the training and validation accuracy of MobileChiliNet when optimized
using RMSProp was very low. The highest accuracy achieved with a learning rate of 0.0001 was 88.08% for
training accuracy and 87.32% for validation accuracy. This indicates that RMSProp is not suitable for chili
leaf disease classification. The results of all optimizer experiments, including AdaGrad, Adam, SGD,
AdamW, and RMSProp, are presented in Table 7.

Table 7. Accuracy comparison of optimizer usage

Optimizer Learning rate  Training accuracy (%)  Validation accuracy (%)
Adagrad 0.0001 64.28 63.85
0.001 91.77 87.09
0.01 99.18 95.31
Adam 0.0001 96.30 94.84
0.001 97.12 94.37
0.01 89.60 85.45
SGD Momentum=0.9 0.0001 92.89 89.91
0.001 94.42 91.08
0.01 95.36 94.13
SGD Momentum=0.99 0.0001 94.42 90.85
0.001 95.83 93.43
0.01 84.96 83.10
AdamW 0.0001 97.36 95.07
0.001 97.30 95.31
0.01 90.64 89.80
RMSProp 0.0001 88.08 87.32
0.001 76.33 72.54
0.01 38.37 43.43

From Table 7, it can be seen that the AdaGrad optimizer provided the best results for
MobileChiliNet with a learning rate of 0.01, achieving a training accuracy of 99.18% and a validation
accuracy of 95.31%. However, fluctuations caused instability during training. In contrast, AdamW offered
better stability with the same validation result of 95.31%. On the other hand, RMSProp yielded much lower
results, with unsatisfactory training and validation accuracy, indicating that this optimizer is less suitable for
chili leaf disease classification in this model.

The observed fluctuations in optimizer performance can be attributed to differences in how each
algorithm handles gradient updates. SGD relies on a fixed learning rate and simple momentum, which can
lead to unstable convergence, especially when navigating noisy or complex loss surfaces. In contrast,
AdamW combines adaptive learning rates with weight decay regularization, allowing it to adjust learning
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rates individually for each parameter and prevent overfitting through effective regularization. This makes
AdamW more resilient to oscillations during training and better suited for deep architectures like
MobileChiliNet. The stable performance of AdamW across epochs, as shown in the training curves,
highlights its ability to converge more smoothly than SGD, which tends to be sensitive to learning rate and
momentum settings.

3.2. Comparison of learning rate schedules

After testing MobileChiliNet with several optimizers, AdamW was selected as the more stable
optimizer. To further improve the performance of MobileChiliNet, we implemented several learning rate
schedules such as PolynomialDecay, CosineAnnealingl R, ExponentialLR, ReduceLROnPlateau, and
CyclicLR [35], [36]. These schedules dynamically adjust the learning rate during training to enhance the
accuracy and stability of the model. The accuracy results of MobileChiliNet using AdamW in combination
with these learning rate schedulers are presented in Table 8, showing the performance variation of
each approach.

Table 8. Comparison of learning rate scheduler usage
Learning rate scheduler  Training accuracy  Validation accuracy

PolynomialDecay 99.76 96.48
CosineAnnealingLR 99.65 96.24
Exponential LR 98.82 95.30
StepLR 94.71 92.25
ReduceLROnPlateau 99.29 95.07
CyclicLR 80.55 81.45

Table 8 shows a comparison of the accuracy of MobileChiliNet with various learning rate
schedulers. PolynomialDecay achieved the best accuracy with a training accuracy of 99.765% and a
validation accuracy of 96.4789%, followed by CosineAnnealingL.R with a validation accuracy of 96.2441%.
ExponentialLR and ReduceLROnPlateau also performed well, but with slightly lower validation accuracy, at
95.3052% and 95.0704% respectively. StepLR produced lower accuracy compared to the other schedules,
while CyclicLR gave the lowest result, showing unstable performance with a validation accuracy of
only 81.4554%.

4. CONCLUSION

This research focuses on the urgent need for a more accurate and computationally efficient model
for chili leaf disease classification. Existing models, such as ResNet50 and VGG16, have limitations in both
accuracy and complexity, particularly in multi-class classification tasks in agriculture. MobileChiliNet is
designed to address these issues by reducing computational load through pruning techniques and
hyperparameter optimization, making it suitable for implementation in low-cost smart agricultural systems.
With a significant accuracy improvement of up to 96.48% and better generalization capabilities,
MobileChiliNet successfully addresses the challenges of achieving high classification performance in
resource-constrained agricultural environments. This model can assist farmers in detecting diseases early,
preventing disease spread, and minimizing crop losses. The implementation of MobileChiliNet also supports
the achievement of sustainable agricultural practices in line with the SDGs. For future research, several
directions are recommended to enhance the practical adoption and scientific contribution of this work: 1)
investigate the scalability and robustness of MobileChiliNet across different field conditions, crop sizes, and
deployment environments; ii) extend the model for real-time deployment on edge devices, such as
smartphones or IoT modules, to enable direct use in farming operations; iii) incorporate additional
environmental factors into the dataset (e.g., lighting variation, leaf maturity, and camera resolution) to
improve the model’s robustness and generalizability; and iv) explore the applicability of MobileChiliNet
to other crops or mixed-class datasets, which would validate its utility for broader agricultural disease
diagnosis tasks.
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