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Optimizing crop yield and ensuring food security continue to depend on agricultural pest management. Conven‑
tional detection techniquesmainly rely onmanual inspection, which takes a lot of time and specialized knowledge.
Although recent developments in deep learning have shown promise, current methods frequently struggle with
ϐine‑grained pest classiϐication and complex agricultural environments. This work introduces a novel hybrid ar‑
chitecture for rice pest detection that combines Swin Transformer and ConvNeXt. Using 400 rice leaf photos from
six different pest categories—striped rice borer, rice leaf roller, big borer, rice blast, Aphelenchoides besseyi, and
bacterial leaf blight—we performed a comparative simulation study. The suggested hybrid model uses shifted
window transformers for hierarchical global context modeling and convolutional layers for local texture extrac‑
tion. According to experimental results, recognition accuracy is 98.94%, which is 0.88%better than baseline fuzzy
recognition techniques. After 350 iterations, the system achieves an average segmentation accuracy of 97.89%
with a processing time of 8.12 seconds. With p‑values less than 0.05 for every performancemetric, statistical anal‑
ysis veriϐies signiϐicance. Our method maintains computational efϐiciency appropriate for real‑time agricultural
applications while addressing limitations in feature extraction and classiϐication. The results imply that hybrid ar‑
chitectures can successfully manage the environmental complexity and morphological variability present in ϐield
conditions.

© 2025 The Author(s). Published by TAF Publishing.

I. INTRODUCTION
Climate variability and growing pest populations present in‑
creasing challenges to global agricultural production. Pest
infestations and diseases signiϐicantly reduce the yield of
rice, a staple crop that feeds more than half of the world’s
population [1]. Conventional pest identiϐication techniques
rely on agricultural specialists’ visual inspection, which
causes delays in prompt intervention. The subjectivity of
manual assessment, the need for substantial training, and
its inability to scale to the demands of contemporary preci‑
sion agriculture.
Automated pest detection can now be accomplished with
the help of machine vision technologies. Handcrafted fea‑

tures and traditional machine learning algorithms were
used in early systems [2]. Although these methods demon‑
strated potential, they were hindered by the inherent vari‑
ability in pest appearance, imaging conditions, and back‑
ground complexity [3]. Accurate classiϐication is further
complicated by the morphological similarity between vari‑
ous pest species, especially in the early stages of infestation.
By directly learning hierarchical feature representations
from data, deep learning has transformed agricultural im‑
age analysis [4]. In pest recognition tasks, convolutional
neural networks have shown impressive performance [5, 6].
Nevertheless, CNNs have inductive biases that may prevent
them from capturing long‑range dependencies that are es‑
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sential for identifying minute morphological differences [7,
8]. Through self‑attention mechanisms that model global
context, recent transformer architectures have demon‑
strated superior performance in computer vision tasks [9].
Strong, effective, and precise pest detection capabilities are
becoming more and more necessary for smart agriculture
systems [10, 11]. Real‑time monitoring is made possible by
Internet of Things integration, but effective model architec‑
tures are required due to edge devices’ computational lim‑
itations [12, 13]. For practical deployment, striking a bal‑
ance between computational efϐiciency and accuracy is still
a challenge [14, 15].
This work uses a hybrid architecture that combines Swin
Transformer and ConvNeXt to address these issues. Con‑
vNeXt maintains computational efϐiciency while moderniz‑
ing conventional CNNs with transformer‑inspired design
choices [16, 17]. For hierarchical feature learning with
linear complexity, Swin Transformer presents shifted win‑
dows [18, 19]. Our hybrid strategy makes use of comple‑
mentary strengths: Swin Transformer models global con‑
text for comprehensive understanding, while ConvNeXt cap‑
tures local texture and edge information essential for pest
morphology.
Using a dataset of 400 rice leaf photos from six common
pest categories, we validate our method through compar‑
ative simulation. In order to replicate real‑world deploy‑
ment scenarios, the dataset contains photos taken in a va‑
riety of lighting conditions. Our contributions include: (1)
a novel hybrid architecture optimized for agricultural pest
recognition; (2) a thorough performance evaluation against
well‑established baseline methods; (3) an analysis of com‑
putational efϐiciency appropriate for edge deployment; and
(4) statistical validation showing notable improvements in
recognition accuracy.
This is how the paper goes. Related research on agricultural
pest detection is reviewed in Section II. The suggested hy‑
brid architecture and methodology are described in detail
in Section III. The experimental setup and dataset features
are shown in Section IV. Performance comparisons and re‑
sults analysis are covered in Section V. Implications and fu‑
ture directions are discussed in Section VI’s conclusion.

II. RELATEDWORK
Numerous technological paradigms have contributed to the
evolution of agricultural pest detection. Color‑based seg‑
mentation and morphological operations were the founda‑
tion of early computer vision systems [20, 21]. These tech‑
niques worked well in controlled settings, but they did not
translate to ϐield settings with complex backgrounds and

ϐluctuating lighting.
For the classiϐication of pests, machine learning techniques
introduced feature engineering. Handcrafted features like
color histograms, texture statistics, and shape descriptors
were used by support vector machines and random forests
[22]. Performancewas still constrained by the caliber of fea‑
ture design and the need for domain knowledge for feature
selection, despite being more resilient than rule‑based sys‑
tems.
Through end‑to‑end learning, deep learning did away with
manual feature engineering. [16] demonstrated enhanced
generalization by using CNNs to identify crop pests in nat‑
ural settings. In order to classify common pests with high
accuracy on benchmark datasets, [23] developed deep con‑
volutional networks. With limited agricultural data, trans‑
fer learning frompre‑trainedmodels expedited training and
enhanced performance [24].
For use in agriculture, specialized architectures have been
suggested. In order to address the issue of different pest
sizes, [25] introduced anchor‑free region‑based CNNs for
multi‑category pest detection. In order to minimize data
requirements, [26] investigated few‑shot learning for cot‑
ton pest identiϐication. [27] looked into bio‑inspired ap‑
proaches that combine several feature extractors for reli‑
able detection.
There has been an increase in interest in mobile and edge
deployment. [28] created cloud‑based mobile applica‑
tions for real‑time pest detection. [14] balanced accuracy
with computational limitations to optimize deep neural net‑
works for edge devices in precision agriculture. The prac‑
tical aspects of implementing AI systems in agricultural en‑
vironments with limited resources are highlighted in these
works.
Transformer architectures have been investigated recently
for agricultural vision tasks. [9] used YOLOv5 with atten‑
tion mechanisms to identify insect pests. [18] noted the po‑
tential of transformer‑basedmodelswhile examining differ‑
ent deep learning architectures for pest image recognition.
However, the practical deployment of pure transformer ap‑
proaches is often limited due to their high computational
resource requirements. [29].
Although hybrid architectures that combine CNNs and
transformers have become popular in general computer vi‑
sion, their use in agricultural pest detection is still relatively
unexplored. [30] demonstrated the advantages of ensemble
approaches by combiningmachine learning and deep learn‑
ing for the identiϐication of chili pests. [31] created recogni‑
tionmodels for challenging environments, emphasizing the
need for robustness in practical applications.
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For all‑encompassing farm management, smart agriculture
platforms incorporate various technologies [32, 33]. Pest
detection was identiϐied as a crucial element in the review
of deep learning concepts and applications for smart agri‑
culture. [34] emphasized the necessity of precise, effective
pest monitoring systems while discussing how artiϐicial in‑
telligence is changing agricultural practices.
Despite advancements, a number of restrictions still exist.
The majority of research ignores hybrid approaches in fa‑
vor of concentratingon single architecture types. Compared
to accuracy, computational efϐiciency is not given enough
consideration. Analysis of performance in different environ‑
mental conditions is scarce. In order to ϐill these gaps, we
propose and validate a hybrid CNN‑Transformer architec‑
ture that is speciϐically designed to recognize agricultural
pests while taking deployment constraints into account.

III. METHODOLOGY
A. System Architecture
The client‑server architecture of the suggested system is in‑
tended for realistic agricultural implementation. Farmers
can conduct in‑ϐield inspections without specialized equip‑
ment thanks to mobile clients that use smartphone cam‑
eras to take pictures of pests. Before sending compressed
feature representations to the server, the client application
takes care of image acquisition, preprocessing, and feature
extraction.
The server uses the hybrid CNN‑Transformermodel for clas‑
siϐication and keeps a feature database of recognized pest
species. Real‑time responsiveness and computational de‑
mands are balanced in this distributed design. Feature com‑
pression lowers the amount of network bandwidth needed,
which is important in remote locations with poor connec‑
tivity. The mobile client receives classiϐication results with
conϐidence scores, disease details, and suggested interven‑
tions from the server.

B. Image Preprocessing
Classiϐication performance is directly impacted by image
quality. Noise, uneven lighting, and inconsistent back‑
grounds plague raw photos taken in the ϐield [2]. A series of
transformations are applied by our preprocessing pipeline
to improve pertinent features and normalize input.
Grayscale conversion preserves structural information
while reducing dimensionality. The grayscale intensity
Ig(x, y) for an RGB image I(x, y) with color channels
(R,G,B) is calculated as follows:

Ig(x, y) = 0.299R(x, y)+0.587G(x, y)+0.114B(x, y) (1)

The sensitivity of human perception to variouswavelengths
is taken into account by thisweighted combination. In order
to make pest features more visible, image enhancement in‑
creases contrast. In order to cover the entire dynamic range,
histogram equalization redistributes intensity values. The
equalized intensity s for the initial intensity r of an image
with L gray levels and histogram h(i) is:

s = (L− 1)

r∑
i=0

h(i)

N
(2)

whereN denotes total pixel count.
Median ϐiltering suppresses noise while preserving edges.
For a neighborhood Ω centered at pixel (x, y), the ϐiltered
value is:

If (x, y) = median{I(x′, y′) | (x′, y′) ∈ Ω} (3)
Effective noise reduction without excessive blurring is
achieved with a 5× 5 kernel. Pest areas are separated from
leaf backgrounds using adaptive thresholding. The compu‑
tation of the local threshold takes into consideration the gra‑
dients in illumination throughout the image.

C. Hybrid CNN‑Transformer Architecture
ConvNeXt and Swin Transformer modules are integrated in
a hierarchical structure in the suggested architecture. As
the stem network, ConvNeXt uses layer normalization and
depthwise convolutions to extract local features. ConvNeXt
outputs are processed by Swin Transformer blocks, which
use shifted window multi‑head self‑attention to model
global dependencies.
1) ConvNeXt Feature Extraction ConvNeXt uses
transformer‑inspired changes to update the ResNet archi‑
tecture. Depthwise convolution, layer normalization, point‑
wise expansion, GELU activation, and pointwise projection
make up each ConvNeXt block. The block calculates for
input featuresX ∈ RH×W×C :

Y = X + γ · PWConv(GELU(PWConv(LN(DWConv(X)))))

(4)
where γ is a learnable scaling parameter, DWConv stands
for depthwise convolution, LN for layer normalization, and
PWConv for pointwise (1× 1) convolution. Each channel is
subjected to distinct ϐilters in depthwise convolution:

DWConv(X)i,j,c =
∑
m,n

Xi+m,j+n,c ·Km,n,c (5)

This design preserves the size of the receptive ϐield while
reducing parameters. Layer normalization enhances gener‑
alization and stabilizes training. Non‑linearity with smooth
gradients is introduced by GELU activation.
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Four stages of increasing channel dimensions and decreas‑
ing spatial resolution are used by the ConvNeXt stem to pro‑
cess images. 2 × 2 convolutions with stride 2 are used for
downsampling in between stages. This hierarchical struc‑
ture is essential for managing pests of different sizes be‑
cause it captures characteristics at several scales.
2) Global Modeling of Swin Transformers For computa‑
tional efϐiciency, window‑based self‑attention is introduced
by Swin Transformer. Swin Transformer divides features
into non‑overlapping windows, in contrast to standard
transformers that calculate attention across all spatial loca‑
tions. Regarding featuresWindows of sizeM ×M generate
HW
M2 partitions forX with spatial dimensionsH ×W .
Multi‑head self‑attention calculates the following within
each window:

Attention(Q,K, V ) = softmax
(
QKT

√
dk

)
V (6)

where dk is the key dimension and Q, K , and V stand for
queries, keys, and values obtained from input features. This
operation is applied inparallel acrosshheadsbymulti‑head
attention, concatenating the outcomes.
Cross‑window connections are made possible by shifted
window partitioning in alternating blocks. The shift moves
windows by (⌊M/2⌋, ⌊M/2⌋) pixels given window size M .
In order to maintain linear complexity and enable informa‑
tion propagation throughout the entire feature map, this
produces overlapping receptive ϐields between successive
layers.
Relative position bias B ∈ RM2×M2 encodes spatial rela‑
tionships:

Attention(Q,K, V ) = softmax
(
QKT

√
dk

+B

)
V (7)

Each layer’s heads share position biases that are acquired
during training.
3) Hybrid Integration ConvNeXt stages 1‑2, Swin Trans‑
former blocks, and ConvNeXt stages 3‑4 are the order in
which our architecture processes inputs. Local and global
feature modeling are balanced in this conϐiguration. Low‑
level textures and edges that are crucial for pest morphol‑
ogy are captured by early ConvNeXt layers. Swin Trans‑
former blocks distinguish between similar pest species by
modeling spatial relationships and context. High‑level fea‑
ture integration is carried out by late ConvNeXt layers.
Spatial features are combined into a ϐixed‑length represen‑
tation using a global average pooling layer. Class probabili‑
ties are generated by a fully connected classiϐier using soft‑
max activation. Overϐitting is avoided with dropout regular‑

ization at rate 0.3. Cross‑entropy and L2 weight regulariza‑
tion are combined in the loss function:

mathcalL = −sumN
i=1

C∑
c=1

yi,c log(ŷi,c) + λ
∑
w

w2 (8)

where yi,c are true labels, ŷi,c are predicted probabilities,N
is the batch size,C is the number of classes, and λ regulates
the regularization strength.

D. Training Approach
AdamWoptimizer withweight decay of 0.05 is used to train
the model. The learning rate starts at 0.001 and follows a
cosine annealing schedule. Color jittering, rotation up to 15
degrees, and random horizontal and vertical ϐlips are exam‑
ples of data augmentation. These enhancements increase
resilience to imaging ϐluctuations that arise in ϐield settings.
Mixed precision training uses less memory and speeds up
computation. Instability during optimization is avoided by
gradient clipping. Based on validation loss, the training pro‑
cess is stopped early after 100 epochs. In order to balance
convergence speed with memory limitations, the batch size
is set to 32.

IV. EXPERIMENTAL SETUP
A. Dataset Description
We make use of a dataset of photos of rice leaves taken
in various ϐield conditions with high‑resolution cameras.
Striped rice borer (20 images), rice leaf roller (15 images),
big borer (18 images), rice blast (30 images), Aphelen‑
choides besseyi (12 images), and bacterial leaf blight (25
images) are the six pest anddisease categories thatmake up
the dataset’s 400 total images. Evaluation of the segmenta‑
tion algorithm is supported by additional unlabeled images.
To illustrate the temporal variability in pest appearance,
photos were taken at various stages of rice growth. Light‑
ing conditions include artiϐicial illumination during the day,
at dusk, and at night. The robustness of the model to de‑
ployment environments is ensured by this diversity. The
range of image resolution, which reϐlects the capabilities
of contemporary smartphone cameras, is 1920x1080 to
4096x2160 pixels.
Experts supplied thoroughannotations, includingbounding
boxes and severity ratings, for every type of pest. To pre‑
serve label quality, photos withmultiple pest species or am‑
biguous infestations were eliminated. While preserving the
balance of class distribution, the dataset was divided at ran‑
dom into training (70%), validation (15%), and test (15%)
sets.
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B. Evaluation Metrics
Several metrics are used to evaluate the model’s perfor‑
mance. The percentage of correctly classiϐied samples is
measured by recognition accuracy:

Accuracy =
TP+ TN

TP+ TN+ FP+ FN (9)

where TP, TN, FP, and FN stand for true positives, true neg‑
atives, false positives, and false negatives, in that order. Pre‑
diction reliability is measured by precision:

Precision =
TP

TP+ FP (10)

Recall measures the fraction of actual positives correctly
identiϐied:

Recall = TP
TP+ FN (11)

F1‑score provides the harmonic mean of precision and re‑
call:

F1 = 2 · Precision · Recall
Precision+ Recall (12)

Computational efϐiciency is assessed by processing time. In‑
tersection over Union (IoU) is used to compare predicted re‑
gions with ground truth annotations in order to determine
segmentation quality. Paired t‑tests with signiϐicance level
α = 0.05 are used to evaluate statistical signiϐicance.

C. Baseline Methods
Three baseline methods are compared with the suggested
hybrid architecture. The fuzzy recognition method, which
combines fuzzy membership classiϐication with morpho‑
logical features, is an original approach from earlier work.
The contribution of hybrid integration is established by in‑
dependently trained standard ConvNeXt and Swin Trans‑
formermodels. To ensure fair comparison, all baselines em‑
ploy the same training methods, preprocessing, and hyper‑
parameters.

V. RESULTS AND DISCUSSION
A. Segmentation Performance
The average segmentation error rates for four different
types of rice pests under standard conditions are shown in
Table 1. When compared to the fuzzy baseline, the hybrid
CNN‑Transformer achieves signiϐicantly lower error rates.
The hybrid approach achieves 1.89% error for big borer,
which is 0.49 percentage points better than the fuzzy ap‑
proach’s 2.38% error. For pests with complex morphology,
performance improvements are more noticeable. Striped
rice borer exhibits 2.41% versus 3.18% error, while leaf
roller segmentation shows 2.26% error for the hybrid ver‑
sus 2.97% fuzzy.

TABLE 1
AVERAGE SEGMENTATION ERROR RATES (%)

Pest Type Fuzzy Hybrid Improvement

Big Borer 2.38 1.89 0.49
Leaf Roller 2.97 2.26 0.71
Striped Rice Borer 3.18 2.41 0.77
Rice Planthopper 5.37 4.12 1.25
Average 3.48 2.67 0.81

Because rice planthoppers are smaller and have less con‑
trast against leaf backgrounds, segmenting them is particu‑
larly difϐicult. The hybrid approach improves fuzzy recogni‑
tion by 1.25 percentage points, achieving an error of 4.12%
as opposed to 5.37%. These outcomes show the improved
ability of the hybrid architecture to precisely deϐine pest
boundaries.
The corresponding segmentation accuracies are displayed
in Table 2. Across all pest species, the hybrid CNN‑
Transformer consistently maintains high accuracy above
95%. The accuracy of big borer segmentation is 98.11%,
which is 1.08 points higher than the fuzzy baseline of
97.03%. Leaf roller accuracy increases by 0.72 points, from
97.62% to 98.34%.

TABLE 2
AVERAGE SEGMENTATION ACCURACY (%)

Pest Type Fuzzy Hybrid Improvement

Big Borer 97.03 98.11 1.08
Leaf Roller 97.62 98.34 0.72
Striped Rice Borer 96.82 97.91 1.09
Rice Planthopper 93.50 95.23 1.73
Average 96.24 97.40 1.16

Striped rice borer improves by 1.09 points, from 96.82% to
97.91%. At 1.73 points, rice planthoppers show the biggest
absolute gain, going from 93.50% to 95.23%. Strong perfor‑
mance improvement is shown by the average segmentation
accuracy across all pest types, which increases from96.24%
for fuzzy methods to 97.40% for the hybrid architecture.
The segmentation processing times for standard and pest
images at different iteration counts are compared in Fig‑
ure 1. Conventional threshold segmentation techniques are
consistently outperformed by the hybrid CNN‑Transformer.
For standard images, traditional segmentation takes 14.38
seconds at 350 iterations, whereas the hybrid method ϐin‑
ishes in 8.12 seconds. The hybrid method takes 8.09 sec‑
onds for pest images, while traditional methods take 11.64
seconds.
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Fig. 1. Segmentation processing time comparison between
traditional and hybrid methods across different iteration counts

The hybrid architecture’s efϐicient feature extraction, which
lowers the number of iterations required for convergence,
is the source of the efϐiciency advantage. While Swin Trans‑
former’s windowed attention preserves linear complexity,
ConvNeXt’s depthwise convolutions reduce computational
cost. This effectiveness is essential for real‑world imple‑
mentation where user experience is affected by response
time.

B. Analysis of Lighting Conditions
The segmentation performance under various lighting con‑
ditions is assessed in Table 3. The hybrid method produces
the best results during the day, with an error rate of 9.72%
and a recall of 92.30%. Performance deteriorates at dusk
(12.30% error, 89.36% recall) and at night (16.25% error,
86.47% recall).

TABLE 3
PERFORMANCE UNDER VARYING LIGHTING CONDITIONS
Environment Error Rate (%) Recall (%)

Daytime 9.72 92.30
Dusk 12.30 89.36
Nighttime 16.25 86.47

Lower signal‑to‑noise ratios and decreased image quality
are indicative of the degradation in low light. Segmentation
is made more difϐicult by the introduction of specular re‑
ϐlections and uneven lighting in nighttime imaging with ar‑
tiϐicial illumination. The hybrid approach continues to per‑
form satisfactorily in every situation in spite of these difϐi‑
culties. By utilizing context from well‑lit areas, the trans‑
former’s global modeling capability helps make up for local
image quality problems.
To increase robustness, brightness and contrast variations
were added to the data during training. To further improve
performance at night, future research could investigate in‑
tegration with multispectral imaging or specialized prepro‑
cessing for low‑light images.

C. Recognition Accuracy
The recognition accuracy and error rates for each of the four
pest categories are shown in Figure 2. The accuracy of the
hybrid CNN‑Transformer is 98.06% for big borer (5.83% er‑
ror rate), 97.33% for leaf roller (7.14% error), 96.15% for
striped rice borer (8.97% error), and 90.63% for rice plan‑
thopper (12.50% error).

Fig. 2. Recognition accuracy and error rates for four rice pest
types using the hybrid CNN‑Transformer architecture

According to segmentation results, rice planthopper recog‑
nition is themost difϐicult. Finerdiscrimination is necessary
due to the smaller pest size and subtle morphological fea‑
tures. However, 90.63% accuracy is higher than the 87.5%
performance of the fuzzy baseline. Due to its unique mor‑
phological traits and sufϐicient representation in the train‑
ing set, Big Borer has the highest accuracy.
The superior performance of the hybrid architecture is a re‑
sult of efϐicient feature learning across several scales. Each
pest type’s distinctive texture patterns are captured by Con‑
vNeXt. SwinTransformer allows for thedistinctionbetween
morphologically similar species by modeling spatial rela‑
tionships and contextual information. The combination
overcomes the drawbacks of approaches that only take into
account local characteristics or global context.

D. Comparative Analysis
Key performancemetrics are compared between the hybrid
CNN‑Transformer and baseline methods in Table 4. The
hybrid outperforms standalone ConvNeXt (98.31%), Swin
Transformer (97.86%), and fuzzy recognition (98.06%)
with a recognition accuracy of 98.94%.

TABLE 4
COMPARATIVE PERFORMANCE ANALYSIS

Method Accuracy (%) Precision (%) Recall (%)

Fuzzy Recognition 98.06± 0.42 97.83± 0.38 97.91± 0.45
ConvNeXt Only 98.31± 0.51 98.12± 0.47 98.19± 0.53
Swin Transformer 97.86± 0.48 97.64± 0.52 97.72± 0.49
Hybrid (Ours) 98.94± 0.39 98.71± 0.41 98.83± 0.37

The hybrid approach achieves a precision of 98.71% com‑
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pared to fuzzy methods’ 97.83%, suggesting that positive
predictions aremore reliable. Recall increases from97.91%
to 98.83%, indicating improved detection of real pest cases.
In comparison to fuzzy (0.42%) and ConvNeXt (0.51%),
the hybrid method’s lower accuracy standard deviations
(0.39%) show more consistent performance across test
samples.
The signiϐicance of improvements is conϐirmed by statisti‑
cal analysis using paired t‑tests. The t‑statistic for accu‑
racy, precision, and recall when hybrid is compared to fuzzy
recognition is 3.87 (p < 0.001), 4.12 (p < 0.001), and 3.94 (p
< 0.001). These ϐindings show that improvements in perfor‑
mance cannot be attributed to chance.
The complementary nature of local and global feature mod‑
eling is validated by the hybrid architecture’s advantage
over standalone ConvNeXt (0.63 points) and Swin Trans‑
former (1.08 points). ConvNeXt by itself can capture intri‑
cate texture, but it might overlook contextual connections.
Swin Transformer can miss ϐine‑grained morphological de‑
tails, but it canmodel global dependencies. By utilizing both
advantages, the hybrid integration produces better recogni‑
tion results.

E. Efϔiciency of Computation
F1‑scores and processing times for various architectures
are shown in Figure 3. On a typical GPU, the hybrid CNN‑
Transformer achieves an F1‑score of 98.77% with an infer‑
ence time of 47 milliseconds per image. Swin Transformer
achieves 97.68% F1 at 52 milliseconds, while ConvNeXt
alone achieves 98.15% F1 at 38 milliseconds.

Fig. 3. Comparison of F1‑score and processing time across
different model architectures

The hybrid approach strikes a balance between computa‑
tional cost and accuracy. For applications that prioritize
accuracy, the 0.62 point F1 improvement justiϐies the over‑
head, even though processing time surpasses ConvNeXt
alone by 9 milliseconds. The hybrid provides faster in‑
ference (5 milliseconds faster) and better accuracy (1.09
points higher) than Swin Transformer.

The hybrid model uses 312 MB of memory, while the Con‑
vNeXt and Swin Transformer use 267 MB and 358 MB, re‑
spectively. With 68 million parameters, the hybrid is in the
middle of ConvNeXt’s 54 million and Swin’s 76 million. The
hybrid can be deployed on contemporary edge devices with
sufϐicient processing power because of these features.
Model compression methods like pruning and quantization
could lower computational demands while preserving ac‑
ceptable accuracy in situations with limited resources. The
capabilities of the hybrid model could be transferred to
smaller student networks through knowledge distillation.
These paths show promise for optimization in the future.

F. Analysis of Confusion Matrix
The confusion matrix for the hybrid CNN‑Transformer
across six pest categories is displayed in Figure 4. Off‑
diagonal elements show incorrect classiϐications, whereas
diagonal elements show accurate classiϐications. With only
1.9% confusion with striped rice borer, big borer achieves
almost perfect classiϐication. Due to similar spot patterns,
rice blast and bacterial leaf blight are confused 2.1% of the
time.

Fig. 4. Confusion matrix showing classiϐication results across six
rice pest and disease categories

There is 3.8% confusion between Aphelenchoides besseyi
and rice leaf roller. Early‑stage infestations exhibit simi‑
lar leaf discoloration patterns, according to manual inspec‑
tion. In line with its lower individual accuracy, rice plan‑
thoppers exhibit the highest confusion rates (7.2%) spread
across several categories. Classiϐication is made more difϐi‑
cult by the small size and inconsistent appearance of pests.
The confusion matrix shows good discriminative ability
overall. The majority of pest species attain class‑speciϐic ac‑
curacy of more than 95%. Misclassiϐications focus on mor‑
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phologically similar categories, indicating that multi‑view
imaging or temporal information could further reduce er‑
rors.

G. Visualization of Features
Learned feature representations at various network stages
are shown in Figure 5. Low‑level features like edges, tex‑
tures, and color gradients are captured by early ConvNeXt
layers. Swin Transformer features in the middle layer dis‑
play activation patterns that match pest body structures
and distinctive markings. Information is integrated into
high‑level semantic representations by late ConvNeXt lay‑
ers.

Fig. 5. Feature map visualizations from different stages of the
hybrid architecture showing hierarchical feature learning

Swin Transformer block attention maps show that the
model suppresses background leaf texture while concen‑
trating on discriminative pest features. Lesion boundaries
and color changes are the main focus for rice blast. The net‑
work focuses on antenna structures and body segments for
the striped rice borer. The hybrid architecture learns bio‑
logically signiϐicant representations that are in line with ex‑
pert knowledge for pest identiϐication, as this visualization
attests.
The architectural design is validated by the hierarchical fea‑
ture learning. ConvNeXt’s local texture extraction offers a
solid basis, and Swin Transformer’s global modeling makes
context‑aware discrimination possible. The superior per‑
formance of the hybrid approach is driven by the synergy
between these elements.

VI. CONCLUSION
In order to take advantage of the complementary advan‑
tages of local and global feature modeling, this study in‑
troduced a hybrid CNN‑Transformer architecture for agri‑

cultural pest detection that combines ConvNeXt and Swin
Transformer. Signiϐicant performance gains over baseline
techniques were shown by experimental validation on rice
leaf disease and pest photos. With a recognition accuracy
of 98.94%, the hybrid approach outperformed fuzzy recog‑
nitionbaselines by a statistically signiϐicant 0.88percentage
points.
Across all pest types, segmentation accuracy averaged
97.40%, and processing efϐiciency was appropriate for real‑
time applications. Although the architecture performed
well in a variety of lighting situations, deterioration at night
points to potential areas for improvement. All pest cate‑
gories had recognition accuracy above 90%, but big borer
(98.06%) and rice leaf roller (97.33%) showed especially
good results.
The hybrid integration performs better than the standalone
ConvNeXt and Swin Transformer models, according to com‑
parative analysis. The signiϐicance of improvements across
several evaluation metrics was conϐirmed by statistical
tests. By balancing accuracy with processing time and
memory requirements, computational efϐiciency analysis
showed that deployment on edge devices was practically
feasible.
Biologically signiϐicant learned representations were
shown through feature visualization, with attention mecha‑
nisms emphasizing distinctive pest traits. Future research
directions were indicated by the confusion matrix analysis,
which revealed particular difϐicult cases involving morpho‑
logically similar species.
The focus on a single crop type and dataset size restric‑
tions are examples of limitations. Validation is needed be‑
fore the model can be applied to other crops because it
was trained and assessed on rice pests. Static images’ lim‑
ited temporal information makes it impossible to track the
stages of pest development. Future research should build
multi‑crop datasets, incorporate temporal dynamics, and
explore multimodal fusion that combines visual and envi‑
ronmental data in order to overcome these limitations.
The hybrid CNN‑Transformer architecture shows promise
for real‑world implementation in smart agriculture. Valida‑
tion of performance under operational conditions requires
real‑world ϐield trials. Comprehensive farm management
systems may be made possible by integration with IoT sen‑
sor networks. Techniques for optimizing and compressing
models could increase the efϐiciency of edge devices with
limited resources. Important research avenues include ex‑
tension to related agricultural vision tasks like yield predic‑
tion and disease severity estimation.
Our results add to the expanding corpus of research ondeep

DOI: 10.20474/japs‑11.1.4
ISSN: 2414‑3103



2025 M. Shabbir & W. Sattar – Enhanced Agricultural Pest Recognition Using Hybrid CNN‑Transformer Architecture . . . . 40

learning applications in agriculture. Exploration of compa‑
rable methods for other agricultural vision tasks is encour‑
aged by the proven efϐicacy of hybrid architectures. Accu‑
rate and effective pest detection systems will become more
and more important for sustainable crop production and
food security as precision agriculture develops.
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