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Pests pose a significant threat to global food security, making early detection crucial for maintaining  g.aiable and Efficient Network:
crop health. Traditional pest detection models suffered from inefficiencies such as long processing
time and low accuracy, which hinder effective disease management. In order to overcome these
existing issues, a novel improved efficient channel attention mechanism assisted feature pyramidal ~ Channel Attention Mechanism and Batch
network-based YOLO model (IMpc-PyrYOLO) for rice leaf pest detection. The model integrates an =~ Normalization.

efficient channel attention (ECA) mechanism with the feature pyramidal network (FPN) in the
YOLO network to improve multi-scale feature extraction and pest classification accuracy.
Additionally, an upgraded weighted Gaussian wiener filter (Up-weGaf) is employed for noise
reduction, improving image clarity. The model is evaluated on two benchmark datasets such as
IP_RicePests and IP102. Experimental results demonstrate that I[P_RicePests attains a precision of
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1- Introduction

Rice is one of the most important food crops in the world. Every year, rice pests and diseases cause significant crop
losses, affecting global food security. Precise, real-time monitoring and pest and disease prediction are critical for
efficient treatment and preventing crop reduction [1]. Manual surveys in paddy fields are still used on a modest scale to
monitor pests and diseases on the rice canopy. Before visually estimating the level of damage, agricultural professionals
examine disease and insect lesions on rice leaves and stems in a paddy field [2, 3]. Thus, researchers' experiences
determine the inefficiency and labour intensity of the manual survey approach. Maintaining real-time disease and pest
monitoring on the rice canopy is challenging [4, 5].

The application of deep learning (DL) techniques to picture categorization has shown promising results. In recent
years, tea [6], tomato [7], apple [8], peach, grapevine and pear [9, 10] have been analyzed by using these methods. Five
distinct tea plant diseases were identified from tea leaves using a neural network ensemble (NNE). In order to predict
rice blast diseases, the neural network used by Bhagawati et al. [11] was trained using meteorological variables like
temperature, precipitation, humidity, and wind speed and direction. The above-mentioned research mainly concentrated
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on precise plant disease identification and classification. The experts utilize a variety of convolutional neural network
(CNN) architectures, including LeNet-5, GoogLeNet and AlexNet. Some analyses have used a collection of numerous
neural network architectures. These investigations made a substantial contribution to the automated, precise
identification and categorization of plant diseases. However, they did not focus on enhancing the training approaches
for the model that they had developed and implemented [12, 13].

Among the two-stage techniques, Ren et al. [14] initially proposed the Faster R-CNN. However, it can't provide fast
identification because its detection method involves two stages: feature extraction and region suggestion created by a
neural network. Redmon et al. [15] proposed a one-stage item identification approach known as you only look
once (YOLO). It uses a single CNN feature extraction network to detect object outputs from end to end. This approach
varies from Faster R-CNN in that it combines classification with conventional object identification and target
localization. This combination greatly enhances the processing speed of the model. The algorithm's enhanced processing
speed makes it ideal for detection jobs in complicated agricultural settings.

As data size and quality increase, a big data-based technique called DL shows a greater ability to generalize [16, 17].
The researchers expect an extensive and high-quality data set. In addition, the data will be expected to cover a variety
of scenarios. It is often difficult to collect enough data to cover every situation. Data augmentation is an excellent method
for extending the data set [18-20]. Rice pests and diseases significantly impact global food security by causing
substantial crop losses each year. Traditional monitoring approaches, such as manual field surveys, are labour-
demanding, time-consuming, and rely on specialist knowledge, making real-time pest and disease identification
challenging. While DL models have demonstrated promising outcomes in plant disease identification, current models
frequently focus on classification without optimizing training procedures. Two-stage detection models like Faster R-
CNN suffered from slow processing speeds, making them unsuitable for real-time agricultural applications. Although
one-stage models such as YOLO improve detection efficiency, they require improved feature extraction and noise
reduction mechanisms to attain high accuracy in complex agricultural environments. Furthermore, the need for large,
high-quality datasets remains a significant barrier, necessitating data augmentation strategies to improve model
generalization. To overcome these issues, a novel hybrid DL approach is introduced for rice pest detection. The main
objectives are mentioned below:

e To present an "Upgraded weighted Gaussian wiener filter (Up-weGaf)" for removing noise and contrast
enhancement. Compared to conventional filters, Up-weGaf's weighted Gaussian feature better retains these small
characteristics, enabling the model to distinguish pests from the leaf's background.

e To implement an "Improved efficient channel attention mechanism assisted feature pyramidal network-based
YOLO model (IMpc-PyrYOLO)" for detecting pests in rice leaves.

e To minimize the model weights, channel pruning was performed. Scaling pest detection solutions is made simpler
and less expensive with channel-pruning as they demand less computing infrastructure.

The following is a discussion of the full research workflow: The most pertinent current studies are mentioned in
section 2. Section 3 defines the basic concepts and the suggested methodology. Furthermore, the experimental results
are discussed in section 4. The findings of this study are summed up in Section 5.

2- Related Works

Due to its algorithm's intricacy and the scarcity of available data, pest identification methods in the literature are
comparatively inaccurate in identifying and classifying pests. For identifying pests, Ullah et al. [21] suggested a new
method known as the DeepPestNet framework. The suggested model has eleven learnable layers, including three fully
connected (FC) and eight convolutional layers. The recommended model's generalizability was evaluated using image
augmentation techniques. Deng's crop dataset was used to assess the performance of the suggested model. Inadequate
variance in the dataset or poorly labelled data might result in biases and less generalization.

Li et al. [22] developed a method called the self-attention feature fusion model for rice pest detection (SAFFPest) to
detect pests that look similar to rice. An initial step in improving the feature extraction network's capacity to handle
pests with varying morphologies was the incorporation of a deformable convolution module. Secondly, in order to adjust
the balance feature, the self-attention technique was used to get the balance characteristics of multiple feature maps.
This resulted in more successful restoration of semantic data for some pests with similar phrases. The original model's
batch normalizing strategy was later updated with the group normalization method to reduce the effect of batch size on
the training model. To train and evaluate the model, the IP102 rice pest dataset was evaluated.

Due to its reliance on human abilities, the traditional diagnostic method of visual leaf assessment produces errors
that lead to losses. A vision-based diagnostic tool called OryzaNet was suggested by Mendigoria et al. [23] to assess the
quality of rice leaves. Using feature-based ML techniques like k nearest neighbour (kNN), naive byes (NB), linear
discrimination analysis (LDA), support vector machine (SVM), and decision tree (DT) for classification, the spectro-
textural features of image samples were used to determine the state of health of rice leaves. A total of seventeen
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characteristics were extracted using the hue, saturation, and value (HSV) colour space thresholding method.
Neighborhood-principal component analysis (NCA-PCA) selection was then used to further reduce them, resulting in a
four-vector set named (Cr, a*, homogeneity, and contrast). The illness alterations were further classified using deep
neural networks (DNN) such as ResNet-101, Inceptionv3, GoogLeNet, ResNet-50, and MobileNetv2. In terms of ML
technique classification performance, the testing results demonstrated that the current model achieved better results.
However, these ML techniques were highly dependent on data.

To detect and classify crop pests, Ali et al. [24] developed a lightweight DL framework named Faster-PestNet. A
unique set of sample characteristics was first extracted by utilizing the MobileNet and subsequently identified by using
the 2-step locator of the enhanced Faster-RCNN model. A local crops dataset was collected and tested using the trained
Faster-PestNet approach, further demonstrating the recommended model's ability to generalize. The performance of DL
models can be adversely affected by a small dataset owing to overfitting, which happens when a model does well on
training data but poorly on new, independent test data.

A serious threat to agricultural results, rice hispa disease can significantly reduce crop yield. For classifying rice
hispa diseases, Kukreja et al. [25] developed an enhanced model by combining random forest (RF) and convolutional
neural networks (CNN). A dataset including 10,000 pictures, each depicting a unique intensity level, was assembled and
pre-processed. In the CNN, unique characteristics are retrieved from images, and the RF classifier is responsible for
combining these features in the final classification stage. The model's capacity to distinguish among different disease
phases was enhanced by confusion matrix analysis. However, the existing model requires more computational power.

To minimize such losses, it will be helpful to identify rice leaf diseases early by utilizing thermal imaging cameras.
The main problems with paddy cultivation are diseases and pests, which cause farmers worldwide to lose approximately
20% of their rice crop. Bharanidharan et al. [26] developed an enhanced Lemurs Optimization Algorithm as a filter-
based feature transformation method to improve the precision of diagnosing different paddy diseases using machine
learning approaches by examining the thermal pictures of paddy leaves. The five paddy diseases that were investigated
were brown leaf spot, hispa, rice blast, bacterial leaf blight, and leaf folder. A total of 636 thermal pictures of six paddy
leaves and healthy leaves were analyzed. Four machine learning algorithms, including LDA, RF, kNN, and histogram
gradient boosting (HGB) classifiers, were used to evaluate the performance of the proposed model. When it comes to
large-scale optimization problems, Lemurs optimization might show slow convergence. This is partly due to its balance
between exploration and exploitation, which may not be optimal for speedy problem solving.

It is important to detect insect pest attacks when they are in their early phases so that they do not spread. Conventional
techniques like visual detection are labour-intensive, ineffective, and challenging for growing enormous crops. By using
DL, Ananyasreya et al. [27] had been developed an automated pest classification technique. Histogram equalization was
utilized to pre-process and enhance input data. Common traditional classifiers, including RF, NB, SVM and logistic
regression (LR), employ DL to extract features. However, these existing models had over-fitting and data privacy issues.

Tenriola et al. [28] trained various CNN architectures, namely MobileNet and Efficient NetBO, to detect pest attacks
on rice. Here, the input images are collected from the open-source dataset, which contains 700 images per class taken
directly from the field, where the images depict rice plants that have been peeled or opened to inspect for the presence
of pests. A rigorous selection process was applied to enhance the quality and diversity of the dataset, which ensured
only high-quality images were used. Data augmentation techniques were used to expand the dataset to 2000 images per
class. The suggested model was tested using several metrics, such as accuracy, precision, recall, and f1-score, which
were compared to existing models. Chaurasia et al. [29] suggested an extended YOLOVS model for panicle detection
in rice crops named PanicleDet, which was associated with occlusion, object overlap and varying object sizes. The
model was trained using a dataset of paddy plants grown under controlled conditions, with images taken from different
angles and time stamps before harvesting. In this study, the suggested model was evaluated based on various
performances such as IoU, accuracy, and so on.

Tan et al. [30] suggested a DeepBGS and bilayer LSTM model for pest detection in rice leaves. Here, deep
convolutional networks were used to extract pertinent information, and a sliding window-based technique was used to
transform a one-dimensional spectral band sequence into a more interpretable two-dimensional matrix. Here, local and
global correlations were captured by ensemble bilayer LSTM and convolutional layers of the model. A number of
performance metrics, including accuracy, precision, recall, and fl-score, were used to assess the suggested model and
compare it to other models from recent studies.

Hussain et al. [31] suggested that a novel farmland fertility algorithm with a DL-based automated rice pest detection
and classification (FFADL-ARPDC) mechanism be introduced. This approach aids in the identification of rice pests
from rice plant images. The images are pre-processed with a bilateral filter to eliminate noise and improve contrast.
After the pre-processing technique, image features were retrieved using the NASNetLarge DL architecture. The FFA
mechanism was utilized to tune the hyperparameters, which helps to enhance the model performance of the
NASNetLarge, hence enhancing classification performance. Based on the Elman recurrent neural network (ERNN), the
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model accurately categorizes 14 types of pests. Song et al. [32] suggested a novel YOLOVS-SCS architecture with space-
to-depth convolution (SPD-Conv) for rice pest detection. In addition to that, the suggested model integrates slide loss
and context-guided block (CG block) to improve model performances. The input channel dimensions into spatial
dimensions were reorganized by a convolutional module. This approach enables the model to capture fine-grained pest
features more efficiently while maintaining a lightweight model architecture. In order to improve generalization across
different samples and concentrate the model more on difficult samples during training, the binary cross entropy (BCE)
function was employed.

From this overall analysis, the existing DL-based models such as DeepPestNet, SAFFPest and faster-PestNet struggle
with generalization due to small and imbalanced datasets, which leads to biases and hinders accurate pest identification.
Although deformable convolution and self-attention mechanisms have been introduced to enhance feature extraction,
they failed to achieve robust classification when pests exhibit similar morphological characteristics. In addition to that,
some traditional methods relying on ML-based classification often require extensive handcrafted feature extraction,
making it more computationally expensive and dependent on dataset quality. Additionally, two-stage models, such as
faster R-CNN, suffered from high latency, limiting their real-time applicability in large-scale paddy fields. Conventional
vision-based techniques, including RF and CNN hybrid models, are computationally intensive and unsuitable for real-
time deployment in resource-constrained environments. In contrast, optimization algorithms like Lemurs optimize and
enhance disease diagnosis accuracy but result in slow convergence, which degrades timely detection and intervention.
Furthermore, existing models often lack efficient noise reduction techniques, which makes them more vulnerable to
variations in lighting, background clutter and occlusions in real-world agricultural settings. In addition to that, the
minimum accuracy, efficiency, and time were consumed in these existing models. In order to overcome these gaps, a
novel IMpc-PyrYOLO model is introduced for precise and real-time rice pest detection. Unlike typical CNN-based
models, the proposed framework uses an improved FPN to improve multi-scale feature extraction, allowing for
successful pest detection with a wide range of sizes and morphological variations. The attention mechanism (ECA) is
included in the YOLO architecture to improve feature representation by stressing important spatial and channel-specific
information. Compared to conventional two-stage models, the proposed method achieved end-to-end real-time detection
with much less complexity while keeping excellent precision. The model's lightweight architecture enables effective
deployment on edge devices, making it ideal for large-scale paddy field surveillance. By incorporating these novel
improvements, the proposed method exceeds existing pest detection frameworks in terms of accuracy, speed, and
adaptability to real-world agricultural conditions, contributing to long-term rice production and food security.

3- Proposed Methodology

Detecting and managing pests is essential in modern agriculture for crop health and yield, especially for staple cereals
like rice and maize, which play a critical role in the world's food supply. In the face of obstacles such as complicated
backgrounds and a multitude of parameters, timely and accurate pest identification is crucial for agricultural output. In
this research, a novel advanced YOLO model with a feature pyramidal network for pest detection in rice leaf images.
Gathered from an open-source dataset, the input photos undergo a pre-processing step to improve their quality by
eliminating noise. Upgraded weighted Gaussian wiener filters (Up-weGaf) are used in the pre-processing stage. After
pre-processing, improved efficient channel attention mechanism assisted feature pyramidal network-based YOLO
model (IMpc-PyrYOLO) for pest detection in leaf images. Channel pruning is also performed to reduce the model
weights, which helps to minimize model complexity. The proposed methodology is shown in Figure 1.

" Data Acqusition
TP RicePests Pre-Processing
Input image - d : —
il Up-weGaf
| IP102 dataset |
L §
Classification

improved efficient channel attention

mechanism assisted feature pyramidal

network based YOLO model (IMpc-
PyrYOLO)

A

Output

Figure 1. Block Diagram of Proposed Methodology
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By addressing significant shortcomings in current techniques, the suggested framework provides an innovative
approach to improve insect identification in rice crops. In the pre-processing stage, Up-weGaf were introduced to remove
the noise present in the image. In contrast to conventional filtering techniques, Up-weGaf achieves a compromise
between edge preservation and noise reduction, guaranteeing that the image retains most of the important pest-related
features. In order to maximize feature extraction, this model presents a distinctive pyramid architecture coupled with a
channel attention mechanism. The model generates higher detection accuracy for small, complicated and overlapping
pest patterns by combining multi-scale feature representations and prioritizing critical pest-specific characteristics. In
terms of accuracy and computing efficiency, these two approaches exceed current approaches to provide a reliable,
effective, and scalable pest detection system.

3-1- Pre-Processing
3-1-1- Upgraded weighted Gaussian Wiener Filter (Up-weGaf)

For image processing applications like pest detection, a number of different pre-processing methods have been
employed. Some of them are bilateral filter, anisotropic diffusion, adaptive histogram equalization (AHE) and non-local
means (NLM) filtering. The bilateral filters are computationally costly and less efficient for complex textures or high
noise levels. Anisotropic diffusion needs precise parameter adjustment and, if done incorrectly, might result in over-
smoothing. NLM filtering is computationally intensive and very sensitive to parameter selection. In order to overcome
these disadvantages, Up-weGaf were introduced for the pre-processing stage. One linear smoothing filter that can be
used to eliminate Gaussian noise is the Gaussian filter. It is frequently employed in image processing. Gaussian filtering
[33] is an overall image-weighted average method. The weighted average of every pixel's value and the outcomes of
other pixels in close proximity determines its value. Every pixel's grayscale value was substituted with the weighted
average of its nearby pixels' grayscale values using a Gaussian filtering template. The mathematical representation for
the Gaussian filter is illustrated in Equation 1.

—(a%+b?)

Go =5 f 27 (1)

Here, the Gaussian function was denoted as G,. The standard deviation of Gaussian distribution was represented aso.
The overall distance within other pixels in the neighbourhood was indicated as a®andb?. The normalization factor of

Gaussian distribution was denoted as ﬁ The exponential component of the Gaussian function was represented as
—(a?+b2)
f 202
The goal of the Wiener filter, a linear filter, is to decrease the mean square error (MSE) in both the original and
filtered pictures. Images that have been impacted by extra noise are expected to be improved [34]. The wiener filter
achieves a balance between reducing noise and maintaining significant visual features by modifying the filter's
characteristics. The mathematical representation for the wiener filter was expressed in Equations 2 to 4.

P(a,b) = U(a,b)Q(a,b) 2)

J*(a,b)Ap(a,b)Ww

Ula,b) = 17(a,b)|2 Ay (a,b)+WAp(a,b) 3)
J*(a,b)

U(a,b) = ———F—— 4

(@ b)2+5HE @

where, the power spectrum of image and noise technique were denoted as A, (a, b) and A,,(a, b). The estimated restored
image in the frequency domain and observed degraded image in the frequency domain is denoted as
P(a, b) and U(a, b). The Wiener filter function is applied to restore the image complex conjugate of the original image
spectrum, and the regularization parameter is denoted as Q(a, b), J * (a, b) and W.

A single filter type cannot properly manage some real-world noise patterns. This hybrid technique, which combines
weighted Wiener and Gaussian filters, can successfully optimize the quality of images.

3-2-Rice Crop Detection by Improved Efficient Channel Attention Mechanism Assisted Feature Pyramidal Network
based YOLO Model (IMpc-PyrYOLO)

Conventional CNNs, Random Forest (RF), and Support Vector Machines (SVMs) are examples of typical machine
learning algorithms that are commonly used in current methods for detecting pests in rice leaves. Small item sizes or
overlapping infestations are difficult for traditional approaches to handle. Conventional networks fail to capture multi-
scale properties. YOLO-based feature pyramidal network has been chosen due to its real-time efficiency, superior
localization, accuracy and ability to detect small and overlapping objects, which makes it well-suited for pest detection
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in complex agricultural environments. Unlike traditional CNN-based models like VGG16, ResNet and DenseNet,
YOLO processes entire images in a single pass, which significantly reduces inference time. FPN architecture has been
integrated into the YOLO model to enhance multi-scale feature representation and help to improve the detection of pests
with varying sizes. Additionally, an ECA mechanism has been incorporated to refine feature selection and improve
precision. Here, IMpc-PyrYOLO was implemented to address the aforementioned drawbacks. The channel attention
method prioritizes key traits, increasing the detection accuracy. Tiny and overlapping elements are more correctly
spotted because of the feature of the pyramidal network. The new YOLO-based technique allows for real-time pest
identification with reduced computing overhead.

One of the most effective single-stage object detection methods is the YOLO. After dividing a picture into many
grids, it uses non-maximum suppressions (NMS) to get rid of boxes that overlap. Then, the bounding boxes and item
categories were predicted to correspond to every grid. YOLOVI is well-known for its fast detection speed; however, it
performs less well on small or closely spaced objects. A scalable and efficient network (E-ELAN) was introduced by
YOLOv7 [35]. This network includes new transition modules. Additionally, YOLOvV7 introduced parameterization
techniques with E-ELAN. These improvements resulted in better detection performance. Furthermore, E-ELAN
enhances feature extraction and semantic expression. YOLO adjusts effectively to visual changes because it uses all the
image information during training. This model retains its excellent identification accuracy even in challenging situations
with shifting illumination or varying object scales. Figure 2 illustrates the structure of IMpc-PyrYOLO.

L]
. Head
Meck

Salf-atention

Saff-atention
P Ny ey N

. 115‘5

Backbone

R et e ettt

Figure 2. Structure of IMpc-PyrYOLO

In order to capture internal relationships inside the sequence, the self-attention mechanism assigns different weights
to various parts and computes attention within the sequence directly. Attention is generated by several "heads" in a
multi-head self-attention mechanism, each of which concentrates on a distinct region of the feature space. By allowing
it to collect data from many representational spaces at various locations, this method improves the model's robustness
and adaptability. To concentrate on globally significant information, the self-attention mechanism calculates
relationships between a queryP, valueRand keyNmatrix. The mathematical representation for scaled dot-product
attention was expressed in Equation 5.

. pNT
Attention(PNR) = soft max (ﬁ) R (5)

where, the dot products were normalized by the scaling factor /d,,.

This study uses the GD mechanism to enhance YOLOVS8's feature fusion method. This improvement generates
YOLOVS, which is more suitable for small object recognition by reducing information loss in conventional feature
pyramid network (FPN) structures. The original recursive approach was replaced with a new "Gather-and-Distribute"
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(GD) mechanism. By utilizing a single module, this method collects and combines data from all levels before transferring
it to further layers. It has a Low GD branch and a High GD branch to improve the model's object detection capabilities
across a range of sizes. Each of these branches uses different-sized feature maps to extract and combine attributes. By
ensuring that each layer receives input that is both relevant and appropriate for its context, the information distribution
module (Inject) enhances the model's overall detection ability.

Channel attention mechanisms are essential for highlighting or diminishing specific channels according to their
importance in representing the input data [36]. With the efficient channel attention (ECA) mechanism in particular, a
computationally effective approach can be used to quantify its importance without a large computer cost. The input
feature mapY with dimensions H X W X C. The channel descriptor is initially obtained through Global Average Pooling
(GAP). It is expressed in Equation 6.

21:1 szzl Yabc (6)

where, the width, height and total number of channels were represented as W, H, and C.

1
gc =

T Hxw

For the one-dimensional (1D) convolution, the adaptive kernel size was marked as j(C), is then calculated using a
basic linear relationship. It is demonstrated in Equation 7.

ji@)=xC+a (7)
where, the parameters of adaptive kernel size were denoted as y and a.

After the 1D convolution using this kernel is complete, the channel weights are normalized using the softmax
function. The mathematical representation for normalizing channel weights was explained in Equations 8 to 10.

w = Conv1D(g,j(E)) (8)
~ exp(we)

— __&PWe) 9
We Zf’=1e"p(wc') )
Xave = WeYape (10)

where, the output of the 1D convolution operation was represented asw. The convolution function was indicated as
C onle(g, J(E )). The normalized weights were denoted as W,. The input characteristics or value connected within
channel eand spatial positions (a, b) were indicated as X ;..

Through this process, channels that are considered important are amplified while less important ones are suppressed.
The structure of the ECA module is demonstrated in Figure 3.

@—r Element-wise Product

1x1xC 1x1=C

Figure 3. Structure of ECA Module

Global average pooling is applied to the input feature map, resulting in a matrix shift from [A, w, c] to, as seen
in Figure 4. Finally, an important element of ECA is the adaptive re-calibration of feature responses on a channel-
by-channel basis. Because it focuses on inter-channel connections rather than the computational burden of
traditional attention approaches, ECA is able to successfully highlight significant features while suppressing less
important ones. The mid-layer architecture of the YOLOVS series utilizes the conventional FPN structure, which
has many branches for multi-scale feature fusion. The structural architecture of traditional FPN is demonstrated in
Figure 4.
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Figure 4. Structural Architecture of FPN

Through a top-down approach and lateral connections, the FPN is capable of combining low-resolution and
semantically strong characteristics with high resolutions. It is especially useful in situations where target sizes vary
greatly because each level of the pyramid may be utilized to identify objects at various scales. In a conventional FPN
architecture, information from nearby levels is directly combined, allowing features to be integrated progressively across
layers. This technique indirectly enables the network to access data from distant layers through repeated connections
within adjacent levels, creating a flow of information similar to recursive. The fusion within current levels 1, 2, and 3
was generated more easily by FPN, which is ordered from top to bottom. Within the conventional FPN framework, this
transfer mechanism can lead to a substantial loss of information.

By essentially reducing the model's size and parameter count, channel pruning lowers the computational workload.
The B co-efficient of batch normalization (BN) was utilized in channel pruning procedures to evaluate every channel's
contribution score. The computing process in the BN layer is illustrated in Equations 11 to 14.

1
= ;ZZ:lxa (11)
1
0% = —Yg=1 X — T (12)
o _ Xg—T
Xa = Jo24x (13)
Ya = BXq +a = BNgx, (14)

where, the mean and variance of input valuesx, were represented as 7 and o2. The normalized value of input was denoted
as X,. The constant value added to variance was noted as y. The learnable parameters were denoted as 8 and a. After
BN, the output was represented as y,.

The YOLO model's capacity to identify pests of varied sizes and shapes that may be seen at different scales in
images of rice leaves is improved by the FPN structure, which enables the model to efficiently integrate data from
many scales. In order to maintain high processing speed, effective attention mechanisms like ECA are added to
YOLO models, which are intended for real-time pest recognition. By concentrating on the most pertinent channels,
the channel attention method aids the model in differentiating pests from these backgrounds, lowering false positives
and increasing accuracy. In practical applications, an FPN-based YOLO model with ECA support improves
detection accuracy, preserves real-time performance, lowers false detections, and is appropriate for managing
agricultural pests on rice fields.
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4- Results and Discussion

In this study, an improved DL model was proposed to automatically identify and detect pests on rice leaves. The
Python programming language is used to implement the task. IP RicePests and IP102 Datasets are used in the
implementation of the suggested approach. The system configuration is demonstrated in Table 1.

Table 1. System Configuration

Installed RAM 16.0 GB
Pen and Touch No pen or Touch Input is available.
Type of System x64-based process, 64-bit operating system,

4-1- Dataset Description

IP_RicePests Dataset: The IP_RicePests dataset is designed for machine learning model training and evaluation,
specifically for rice leaf pest detection and classification. For timely pest control in rice cultivation, the dataset helps
create automated methods for recognizing pests. It serves as a valuable resource for automating pest identification,
aiding in timely pest control strategies crucial for rice evaluation. The dataset comprises multiple pest species that
commonly infest rice crops, covering a broad spectrum of pest types that affect plant health. The dataset was gathered
under different lighting conditions, such as natural vs. artificial light, shadow effects, and diverse backgrounds.

IP102 Dataset: Over 75,000 images from 102 groupings are comprised in the IP102 dataset. It displays a long-tailed
distribution by nature. Furthermore, bounding boxes were added to 19,000 images in order to detect objects. According
to IP102's hierarchical taxonomy, insect pests that mainly affect a single agricultural commodity are grouped together
in a single upper-level category. Figures 5 and 6 shows the visualization results of two datasets. This dataset exhibits a
long-tailed distribution, meaning that certain pest classes contain significantly more samples than others, which reflects
natural occurrences of pests in agricultural settings.

4-2-Visual Comparison of Results of IP102 and IP_RicePests Datasets

Original Pre-processed Detected Images

rice leaf roller

Dacus dorsalis(Hendel)

Figure S. Visualization of Results for IP102 Dataset

Original Pre-Processed Detected Images

Beetle =

Earwig

Figure 6. Visualization of Results for IP_RicePests Dataset
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4-3- Performance Evaluation of IP_RicePests Dataset

After reviewing Figure 7, it is clear that the adaptive optimizer used in this study performs better than the others,
attaining the maximum mean average precision (mAP), Precision, and Recall. This implies that the proposed approach
is more suited for this particular object identification problem than classic optimizers. Adam and AdamW rely on
momentum and adaptive learning rate adjustments, whereas traditional SGD employs a fixed learning rate. Local

minimum, saddle points, and gradient vanishing are only a few of the difficulties that any optimizer may run across in
practical implementations.
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The comparison of various detection techniques for both existing and proposed techniques was demonstrated in
Figures 8a to 8d. The experimental findings demonstrated that the suggested model achieved improved recall, mAP,
frames per second (FPS) and precision of 98.8%, 98.0%, 60 seconds and 97.9%, respectively. In Figure 8(a), the
existing QueryDet achieved an average value of 93%. However, the existing model has over-fitting and
interpretability issues. In Figure 8(c), the existing SSD and QueryDet achieved low mAP values of 90% and 91%.
However, these existing models had high computational costs. The existing Focus-DETR and SSD attained low
FPS scores of 31 and 33 sec in Figure 8(d). However, these existing technique's speeds are very slower and have
high memory issues.

Figures 9(a) to 9(c) shows the comparison of different metrics like intersection over union (IoU), mAP and
computation time. Compared to existing techniques, the proposed model attained higher values for all performance
metrics. In Figure 9(a), the existing ResNet101 and VGGI16 attained average IoU values of 85.3% and 92.5%,
respectively. The existing DensNetl121 and Inception attained high mAP values of 94.4% and 92.7% in Figure 9(b).
However, these existing techniques were highly dependent on data. In Figure 9(c), the existing ResNet50 and ResNet101
achieved high computational times of 13.4 and 10.1 sec. Existing models, such as ResNet50, ResNetl01, and
DenseNet121, have lower IoU and mAP values due to inadequate feature extraction, which restricts object boundary
identification. Furthermore, models such as VGG16 and Inception are prone to overfitting and exhibit a high dependency
on data, which diminishes their ability to generalize effectively. SSD and QueryDet encounter difficulties in identifying
small objects, which results in decreased accuracy and recall rates. Moreover, deep architectures like ResNet152 and
DenseNetl21 incur significant computational costs, rendering them less appropriate for real-time applications. The
absence of sophisticated attention mechanisms further restricts feature prioritizing, resulting in suboptimal detection
performance.
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Figure 9. Comparison Analysis of existing and proposed techniques

The connection between time and performance measure or accuracy percentage is portrayed in Figure 10. It
seems to contrast the convergence rate and long-term performance of two distinct models or approaches. The
yellow curve points to a model that performs marginally better in the end but takes longer to stabilize. The blue
curve shows a model that converges more quickly computationally but gives up some ultimate accuracy in the
process. The training accuracy is represented in the blue curve, and the testing accuracy is shown in the yellow
curve.
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Figure 10. Training and Validation Accuracy Graph

Cross-Entropy Graph: The suggested model has a lower cross-entropy loss than the baseline. Figure 11 shows that
it is superior in terms of both learning speed and ultimate performance. This highlights how the feature pyramidal
network with the channel attention mechanism helps to increase the accuracy of pest identification. In this graph, the
proposed model demonstrates a consistently lower cross-entropy loss compared to the baseline model YOLO, indicating
that it learns the features more effectively. The rapid decline in loss during the initial training epochs signifies faster
convergence, meaning the model quickly adapts to the dataset. The ultimate lower loss value demonstrates its capacity
to generalize better and reduce misclassification errors.
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Figure 11. Cross-Entropy Graph

Current models such as YOLOVS, Focus-DETR, DETR, QueryDet, and SSD present certain limitations that
adversely affect their accuracy, precision, recall, and F-score. Although YOLOVS is known for its speed, it encounters
difficulties in accurately detecting objects within cluttered environments, resulting in misclassifications. Despite their
effectiveness, transformer-based attention mechanisms are a major component of Focus-DETR and DETR, which results
in slower inference times and higher computational demands. QueryDet, while proficient in managing detection queries,
is prone to overfitting and exhibits diminished generalization capabilities, which negatively impacts recall and precision.
Due to its fixed grid-based methodology, SSD is a single-stage detector that sacrifices accuracy, making it less effective
at detecting smaller objects. The proposed model addresses these issues by incorporating a feature pyramidal network
alongside a channel attention mechanism, thereby enhancing feature extraction across various scales. By improving
object localization and classification, this development successfully reduces false positives and negatives. Additionally,
its optimized design maintains real-time performance while striking a balance between computational efficiency, leading
to improved mAP, precision, recall, and F-score.

4-4- Performance Evaluation of IP102 Dataset

Figures 12(a) to 12(e) shows the performance analysis of the suggested and current approaches in terms of precision,
recall, mAP, IoU, and calculation time. In Figure 12(a), the existing C3M-YOLO and SSD300 attained average precision
values of 93.4% and 92.5% respectively. The existing YOLOv3-Tiny and C3M-YOLO attained low recall values of
86.4% and 78.8% in Figure 12(b). However, these existing techniques had a high computational load and required large
datasets. In Figure 12(c), the existing YOLOvVSs and YOLOvV3-tiny achieved high mAP values of 93.0% and 86.9%.
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But, these models are computationally expensive. The existing SSD300 attained a lower IoU value of 90.2% in Figure
12(d). The existing YOLOVS5s attained a high computational time of 8.8 sec in Figure 12(e). Comparing to other existing
techniques, the proposed method outperformed better, and it can detect pests accurately. The comparison of existing and
proposed methods for the IP102 dataset is illustrated in Table 2.

Table 2. Performance Analysis of existing and proposed methods for IP102 dataset

Model Precision (%) mAP (%) IoU (%) Computation Time (s)
C3M-YOLO 93.4 78.8 89.4 6.8
YOLOVSs 94.3 89.3 85.8 8.8
SSD300 92.5 914 90.2 59
YOLOV3-tiny 94.1 86.9 93.8 4.6
Proposed 97.8 95.9 97 2.5
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Figure 12. Performance analysis of precision, recall, mAP, IoU and computation time

Existing models, including C3M-YOLO, YOLOv5s, SSD300, and YOLOv3-tiny, exhibit lower mAP, ToU,
precision, and recall, alongside increased computational times. This is primarily due to their insufficient feature
extraction capabilities and inadequate multi-scale representation. These models face challenges in detecting small,
overlapping, and intricate objects, which results in diminished IoU and lower precision-recall metrics. The high
computational demands of models such as YOLOvSs and C3M-YOLO lead to extended processing durations, adversely
impacting their real-time performance. Furthermore, the lack of attention processes and feature pyramid networks limits

Page | 1743



Emerging Science Journal | Vol. 9, No. 3

their ability to focus on relevant object regions. The proposed model overcomes these limitations by combining feature
pyramidal networks and channel attention, resulting in improved localization, detection accuracy, and computing
efficiency. It delivers higher mAP, IoU, precision, and recall while also reducing computational time, making it more
robust and efficient.

The outcomes of the model's training process were also recorded and stored in a file. Tensorboard documentation of
the training's accuracy scalar graph is displayed in Figure 13. The validation accuracy is shown by the blue-coloured
line, while the training accuracy is represented by the orange-coloured line. After 400 training cycles, the model had
already achieved 100% accuracy for both the training and validation data. This suggests that neither overfitting nor
underfitting is present in the trained model.
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Figure 13. Training and Validation Accuracy Graph

Cross-Entropy Graph: The training cross-entropy graph is shown in Figure 14. The variance between probability
distributions is measured using cross-entropy. It calculates the deviation of the prediction from the actual distribution.
The yellow line displays the cross entropy of the training data, whereas the blue line represents the validation data. The
comparison of different parameters and memory usage is shown in Table 3. Table 4 depicts the performance analysis
for various pre-processing techniques.

0.40

Proposed

0.35 1 Yolo

0.30
0.25 1

ent

2 0.20

L

-9
0.15 1
0.10 1
0.05 1

0.00

0 200 400 600 800 1000
Time

Figure 14. Training cross-entropy graph for existing and proposed

Table 3. Comparison of various parameters

Model Memory (MB) Parameters (kB)
FPN 45 224.5
TOOD 322 159.8
SSD300 37.2 185.6
YOLOV3-tiny 17.9 890
YOLOVS 14.5 728.5
Proposed 4 100
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Table 4. Performance analysis of various pre-processing models

Filtering models Noise reduction SSIM PSNR
Gaussian filter Moderate 0.82 28.5
Median filter Low 0.78 27.6
Bilateral filter Low 0.87 30.12
Up-weGaf High 0.91 34.56

The proposed IMpc-PyrYOLO model achieves a computation time of 2.5 seconds on the IP102 dataset, significantly
outperforming existing models such as YOLOvV3-tiny (4.6s), SSD300 (5.9s), YOLOVS5s (8.8s), and C3M-YOLO (6.8s).
This 60% reduction in processing time compared to YOLOv5s and 46% improvement over YOLOv3-tiny demonstrates
its efficiency. Additionally, the model maintains superior performance in 97.8% precision, 95.9% mAP, and 97% IoU
despite using the lowest memory of 4MB and parameters of 100kB.

High PSNR and SSIM values indicate better noise suppression with minimum distortion. Up-weGaf is selected for
pre-processing due to its superior ability to balance noise reduction and feature preservation, which is crucial for accurate
pest detection. Unlike traditional Gaussian and median filters that can blur fine details or distort texture, the Up-weGaf
approach improves image clarity while retaining critical edge information, which helps to enhance the model's ability
to differentiate pest features. Compared to computationally expensive methods such as non-local means (NLM) and
wavelet denoising, the filter utilized in the proposed approach provides efficient noise suppression with minimal
processing overhead, making real-time agricultural applications more effective. Table 5 represents a comparative
analysis of some other existing models with the proposed approach [37] for the IP_Rice pest dataset. Table 6 represents
the comparative analysis of the existing and proposed model for the IP_102 dataset [37]. Table 7 represents the ablation
study of the proposed model.

Table 5. Comparative analysis of existing and proposed for IP_Rice pest dataset

Models Precision (%) Recall (%) F1-Score (%) Accuracy (%)
ResNet 50 83.41 82.95 83.02 83.17

VGG16 84.70 83.69 84.09 84.39
MobileNet 83.19 82.43 82.62 82.89
Ensemble 83.41 82.95 83.02 83.17
Proposed 97.9 98.8 98.0 98.23

Table 6. Comparative analysis of existing and proposed for IP_102 dataset

Models Precision (%) Recall (%) F1-Score (%) Accuracy (%)
Ensemble 65.83 64.85 65.10 65.35
Proposed 97.8 96 98.12 98.56
Table 7. Ablation study of the proposed model
Models/Dataset IP_RicePests IP_102
Performances Accuracy (%)  Precision (%)  Recall (%) Accuracy (%)  Precision (%) Recall (%)
Baseline YOLO 90.4 91.2 90.8 96.32 95.12 94.87
YOLO+ESA 92.2 94.0 93.9 96.99 96.65 95.12
YOLO+FPN 95.4 94.7 94.6 97.21 97.0 95.62
Proposed 98.2 95.8 96 98.56 97.8 96

4-5-Discussion

In natural environments, identifying pests in rice leaves is essential for automated ecological monitoring systems and
smart agriculture. Real-world situations involving plant leaves result in complex foreground fluctuations, loud
background clutter, and an uneven distribution of classes. The experimental findings indicate that the proposed model
significantly surpasses current detection models in metrics such as mAP, IoU, precision, recall, and computational
efficiency. Existing models, including C3M-YOLO, YOLOvSs, SSD300, and YOLOv3-tiny, demonstrate deficiencies
in object localization, suboptimal feature representation, and elevated computational demands, which adversely affect
their accuracy and efficiency. In particular, models like ResNet50, ResNet101, and DenseNet121 are characterized by
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longer computational times, rendering them inadequate for real-time applications. The proposed model employs feature
pyramidal networks combined with channel attention, enabling it to proficiently extract and enhance features across
various scales. The mAP and IoU metrics reveal that the proposed model attains superior detection accuracy while
imposing a reduced computational load. Furthermore, the cross-entropy graph illustrates a quicker convergence rate and
lower loss values, signifying enhanced learning efficiency. These advancements render the proposed model particularly
suitable for real-time and large-scale object detection tasks, effectively addressing the shortcomings of existing
approaches. The proposed method IMpc-PyrYOLO can achieve higher precision and recall performances with the help
of the transformer structure's ability to capture long-range dependence information. Despite the lack of non-maximal
suppression and a manually constructed anchor, IMpc-PyrYOLO outperforms traditional networks such as YOLOVS
and YOLOvV7. In order to better suit real-world application circumstances, the model's detection capabilities will be
improved for tiny target pests in intricate backdrop environments in the future.

5- Conclusion

In this paper, a novel IMpc-PyrYOLO model is introduced with an FPN network-based YOLO framework enhanced
by an ECA mechanism for pest detection in rice leaf images. The proposed model addressed the limitations of existing
DL models by enhancing feature representation and reducing computational complexity. The proposed model is
evaluated using various performance factors such as precision, recall, fl-score, computational time, IoU, and mAP.
Experimental results demonstrate that IP_RicePests attains a precision of 95.8%, recall of 96% and F1-score of 95.9%,
whereas IP102 attains a higher precision of 97.8%, recall of 96%, mean Average Precision (mAP) of 95.9% and
Intersection over Union (IoU) of 97% with processing time of 2.5 seconds. These results indicate that the proposed
model significantly outperforms the conventional approach in both efficiency and computational time. Furthermore, the
integration of attention processes improved the model's capacity to distinguish between visually identical pest species,
contributing to better detection performance. The model's real-time efficiency makes it a promising solution for smart
agricultural applications that require real-time monitoring and early intervention to avoid pest outbreaks. Despite being
optimized, the suggested model has certain drawbacks, such as a complexity that makes it difficult to deploy on less
sophisticated devices in agricultural environments. The dependence solely on RGB imaging restricts detection
capabilities in difficult situations, indicating that multimodal fusion techniques, such as thermal, hyperspectral, or
acoustic sensing, may improve detection reliability. Future research will prioritize model compression, transfer learning,
and transformer-based architectures to enhance both efficiency and accuracy. Additionally, the integration of IoT-based
cloud platforms for extensive deployment and real-time pest monitoring will be investigated. These innovations will aid
in the creation of an intelligent pest detection system, promoting precision agriculture and sustainable crop protection
methods.
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