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Abstract: Effective pest monitoring is critical for ensuring global food security, as insect pests
pose significant threats to crop yields and agricultural sustainability. Traditional pest
identification methods rely on manual inspection, which is time-consuming, labor-intensive,
and susceptible to human error. Deep learning, particularly Convolutional Neural Networks
(CNNs), has been widely applied to automate insect classification; however, these models
exhibit limitations in capturing long-range dependencies and hierarchical feature
representations. Transformer-based architectures, such as Swin Transformer, have
demonstrated improved performance in vision tasks, yet their effectiveness in fine-grained
insect classification remains constrained by cross-window communication inefficiencies and
suboptimal hierarchical feature aggregation. This study proposes an enhanced Swin
Transformer model incorporating a Token Fusion mechanism to address these limitations.
The proposed Cross-Window Token Fusion (CWTF) facilitates feature propagation across
non-overlapping windows, while Hierarchical Token Fusion (HTF) enhances multi-scale
representation learning. Experimental evaluations on the IP102 dataset, a large-scale
benchmark for insect classification, demonstrate that the proposed model outperforms CNN-
based and standard Transformer-based models in classification accuracy while maintaining
computational efficiency. The findings highlight Token Fusion’s effectiveness in
strengthening feature interactions, thereby advancing the development of highly accurate and
computationally efficient automated pest monitoring systems. This research contributes to
the broader adoption of Transformer-based architectures in precision agriculture, enhancing
real-time pest surveillance and sustainable crop management.
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1. Introduction

Ensuring global food security requires efficient and accurate monitoring of agricultural pests, which
can significantly affect crop yields and economic stability. Traditional pest monitoring methods rely
heavily on manual identification by agricultural experts, which is time-consuming, labor-intensive,
and prone to human error [1]. The advent of deep learning and computer vision offers an opportunity
to automate insect pest classification with high accuracy. However, real-world challenges such as
class imbalance, subtle interspecies morphological variations, and lifecycle differences hinder the
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widespread application of high-precision models. These challenges necessitate the development of
more advanced models capable of fine-grained feature extraction and contextual learning.

Previous research in this domain has primarily focused on Convolutional Neural Networks (CNN)-
based approaches for insect classification. Wu et al. (2019) introduced the IP102 dataset, the largest
benchmark dataset for pest recognition, and evaluated various CNN-based models, highlighting their
potential for automated pest identification [1]. While effective, these methods face challenges in
capturing long-range dependencies and hierarchical representations, which are essential for fine-
grained classification [2]. While CNNs such as MobileNetV2 have demonstrated strong performance
in pest classification, Setiawan et al. struggle with long-range dependencies and hierarchical feature
extraction, motivating the exploration of Transformer-based approaches [3]. Recently, the emergence
of Transformer-based models has demonstrated significant improvements in computer vision tasks
by capturing global contextual information [4]. Vision Transformers (ViTs) and their hierarchical
extensions, such as Swin Transformers, have shown superior performance in multiple domains [2].
Nevertheless, standard Swin Transformers face limitations in cross-window communication and
hierarchical feature aggregation, which can hinder their performance in complex visual recognition
tasks involving small, closely related categories [5].

Recent advances in Vision Transformers have explored various token reduction techniques to
enhance computational efficiency. Kim et al. (2023) proposed Token Fusion (ToFu), which
dynamically integrates token pruning and token merging to optimize model performance while
maintaining computational efficiency [6]. This paper proposes an enhanced Swin Transformer
architecture with a Token Fusion mechanism to address these limitations. The proposed mechanism
consists of two components: Cross-Window Token Fusion (CWTF), which improves token
interaction across window boundaries, and Hierarchical Token Fusion (HTF), which facilitates multi-
scale feature integration across different stages of the network. These enhancements aim to strengthen
feature propagation and improve classification accuracy in fine-grained insect recognition. The
remainder of this paper is organized as follows. Section 2 describes the IP102 dataset and presents
the detailed architecture of the proposed model. Section 3 reports the experimental results and
analyzes the effectiveness of the Token Fusion mechanism compared to baseline models. Section 4
concludes with a summary of the findings and discusses potential future directions for improving
Transformer-based insect classification systems.

2. Data and Methods

The dataset used in this study is IP102, a large-scale benchmark dataset for insect pest recognition.
IP102 consists of 75,222 high-quality images covering 102 categories of common crop pests. The
images were mainly collected from mainstream internet search engines and specialized agricultural
websites, supplemented by frame images extracted from videos. To enhance data diversity, the dataset
integrates images from multiple sources, leading to variations in image quality, distribution, and
quantity [1].

IP102 employs a hierarchical classification system, categorizing pests into two super-classes and
eight sub-classes. The dataset is partitioned into training, validation, and test sets in a 6:1:3 ratio,
containing 45,095, 7,508, and 22,619 images, respectively. The number of images per category
follows a natural long-tailed distribution, reflecting real-world pest population imbalances. This
distribution increases the complexity of classification tasks and serves as a valuable benchmark for
studying data imbalance learning. Additionally, IP102 includes images of pests at different life cycle
stages—such as eggs, larvae, pupae, and adults—introducing further challenges, as their appearances
can vary significantly across stages.
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2.1. Methodology
2.1.1.ResNet-152

ResNet-152 is a deep neural network with 152 layers, designed to address the gradient vanishing
problem in deep learning. Its core mechanism, residual connections (or skip connections), enables the
network to learn the residual between input and output directly. This approach effectively mitigates
gradient vanishing and prevents performance degradation as network depth increases [7,8].

The architecture of ResNet-152 consists of multiple stacked residual modules, each following a
Bottleneck design that includes a 1x1 convolution for dimensionality reduction, a 3%3 convolution
for feature extraction, and another 1x1 convolution for dimensionality expansion. The network begins
with a 7x7 convolutional layer, followed by four stages of residual blocks, a global average pooling
layer, and a fully connected layer for classification. Compared to ResNet-50, ResNet-152 has a
significantly deeper structure and stronger feature extraction capabilities, enabling higher accuracy
in large-scale image classification tasks.

2.1.2.YOLO11

YOLOI1 is an advanced object detection model that achieves high accuracy and efficiency in real-
time applications. Based on previous versions of YOLO (You Only Look Once), it introduces several
improvements to enhance detection precision, speed, and adaptability in complex environments.

The main innovations of YOLO11 include an improved backbone network, an enhanced feature
pyramid, and an adaptive anchor-free mechanism. The backbone adopts a more efficient
convolutional architecture, which improves feature extraction while maintaining low computational
cost. The Feature Pyramid Network (FPN) and Path Aggregation Network (PAN) have been further
optimized to enhance multi-scale detection, especially for small and densely packed objects. In
addition, the adaptive anchor-free mechanism removes the dependence on predefined anchor boxes,
making the model more flexible for objects of different sizes and aspect ratios [9].

Compared with previous versions, YOLOI1 achieves higher detection accuracy and faster
inference speed. It is particularly suitable for real-time applications such as autonomous driving,
security surveillance, and agricultural pest detection. With a good balance between computational
efficiency and detection performance, YOLOI11 provides a reliable solution for modern object
detection tasks.

2.1.3.Swin Transformer

Shifted Window Transformer (Swin Transformer) is an innovative network architecture designed for
computer vision tasks. It addresses the high computational complexity and low global feature
extraction efficiency of traditional ViTs by incorporating Shifted Window Attention and a
hierarchical structure. This design enables Swin Transformer to efficiently model long-range
dependencies while maintaining computational feasibility [2].

Similar to CNN, Swin Transformer employs a hierarchical structure to generate feature maps with
progressively lower resolutions, making it well-suited for tasks such as image classification. The
Shifted Window Attention mechanism enables self-attention computation within non-overlapping
local windows, reducing computational complexity compared to global attention [2]. However,
although this approach allows for efficient token interaction within windows, it restricts
communication between tokens located in separate windows, thereby limiting the model’s capacity
to capture long-range dependencies.

To address this limitation, the Swin Transformer introduces Shifted Window Attention, where the
window partitioning is shifted between successive layers to enable cross-window connections. This
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design allows tokens at window boundaries to interact with those in neighboring windows, effectively
expanding the receptive field across layers and improving contextual modeling without incurring
significant computational cost. As a result, Swin Transformer achieves better feature extraction for
fine-grained classification tasks, such as insect classification. The network primarily consists of a
Patch Embedding module, multiple Swin Transformer Blocks, and a feature downsampling module.
Compared to ViTs, Swin Transformer demonstrates superior performance and efficiency, making it
a strong candidate for large-scale vision applications [2].

Formally, let X € RW*P} denote the input token sequence, where N is the number of tokens and
D is the feature dimension. The query (Qy,), key (Ky,) and value (V},) matrices are computed by
applying learned linear projections to X, and are further partitioned into non-overlapping windows of
size M X M (i.e., M? patches per window). Self-attention is computed independently within each
window W according to the following equation:

QwKy

Vd

where By, € R™M XM} denotes the relative positional bias specific to the window. This mechanism
ensures efficient token communication at window boundaries, enhancing the model’s ability to
capture both local and non-local dependencies across hierarchical levels.

Ay = Softmax < + BW> Vw (D

2.1.4.Token Fusion
2.1.4.1. Cross-Window Token Fusion

Although Shifted Window Attention improves token communication at window boundaries, it does
not fully address the challenge of aggregating information across non-overlapping windows within
the same layer. To address this limitation, this work proposes CWFT, which enhances cross-window
interactions by aggregating adjacent token embeddings before self-attention computation [9]. This
ensures more comprehensive feature propagation while maintaining computational efficiency.

Unlike the standard Swin Transformer, which primarily relies on self-attention within fixed local
windows, CWFT employs depthwise separable convolution and channel attention to enable cross-
window feature aggregation. The CWFT module consists of two key components:

Depthwise Separable Convolution Module: A 3x3 depthwise convolution is applied to capture
local spatial dependencies, followed by a 1x1 pointwise convolution to fuse information across
channels. This design ensures efficient and effective cross-window feature propagation with minimal
computational overhead. The transformation is formally defined as:

X' = ReLU(ConvYY (ReLU(Conv¥5(X)))) (2)

Where ConviVs represents a depthwise convolution that processes each channel independently,
while Convi performs cross-channel fusion.

Channel Attention Module: To enhance adaptive feature selection, a global average pooling (GAP)
operation extracts a compact global feature representation, which is then passed through a two-layer
MLP-based attention mechanism. The computed channel-wise attention weights are applied to the
transformed feature map, allowing adaptive emphasis on the most relevant channels. The attention
mechanism is expressed as:

A= o(W, - ReLU(W, - GAP(X') + by) + b,) (3)
Xp=XA (4)
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C C
Where GAP(X') computes a spatial average over each channel, W, € R+ and W, € R“*% are

learnable weight matrices in the two-layer MLP, b, and b, are bias terms, and o denotes the Sigmoid
function, ensuring that the attention weights remain within a normalized range.

2.1.4.2. Hierarchical Token Fusion

While Cross-Window Token Fusion focuses on enhancing local token interactions across windows
within the same layer, HTF aims to integrate multi-scale contextual information by aggregating
features extracted at different receptive field sizes. This process ensures the retention of both fine-
grained local details and broader global structures [4].

In Swin Transformer, each stage progressively reduces the spatial resolution of token embeddings
through downsampling. However, this can result in information loss, especially for fine-scale
structures. To address this issue, HTF incorporates a multi-scale convolutional feature extraction
mechanism combined with spatial attention, enabling effective hierarchical feature fusion.

HTF consists of three main components:

Local Feature Extraction: A 3x3 depthwise separable convolution captures fine-grained local
details while maintaining computational efficiency.

Xiocal = Conv’a‘D% (X) (5)

Global Feature Extraction: A 5x5 depthwise separable convolution captures larger spatial
dependencies, enriching the representation with broader contextual information.

Xglobal = COTWSD% X) (6)

Feature Fusion and Spatial Attention: The outputs from the 3x3 and 5%5 convolutions are
concatenated along the channel dimension and passed through a 1x1 convolutional bottleneck,
reducing redundancy and integrating complementary information. Finally, a 7x7 spatial attention
mechanism learns an adaptive weighting map to refine the fused features by emphasizing informative
spatial regions.The fusion operation is expressed as:

Xfusion = Conlel([xlocalrXglobal]) (7)
A=o (Conv7><7(Xfusion)) (8)
Xr = Xrusion - 4 )

Where Conv2¥e(X) and Convd (X) represent depthwise convolutions for local and global feature
extraction, respectively, and Conv, 4, reforms pointwise feature fusion. The final spatial attention is
computed using a 7 X 7 convolution, ensuring effective selection of important spatial features.

2.2. Model Training and Optimization

The models in this study are trained and evaluated using the IP102 Insect Classification Dataset. The
dataset is split into training (60%), validation (10%), and testing (30%) sets. Standard augmentation
techniques, including resizing images to 224x224, normalization based on ImageNet statistics, and
random horizontal flipping, are applied during training to enhance generalization [1]. To handle class
imbalance, a class-balanced weighted cross-entropy loss is utilized, where each class is assigned a
weight inversely proportional to its frequency in the dataset. The loss function is defined as:

Cc
L==) wyilog(y) (10)
i=1
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where w; represents the inverse frequency of class i, ensuring that rare classes contribute more
significantly to the optimization process. The optimization strategy follows the AdamW optimizer
with a batch size of 128 and a weight decay of 1e-4. For better performance, the learning rate is set
to 0.001 for ResNetl152 and YOLOI11, while Swin Transformer uses a learning rate of 0.0001. To
mitigate overfitting, early stopping with a patience of five epochs is employed.

Model performance is evaluated based on several key metrics, including Top-1 accuracy to assess
classification correctness, F1-score to balance precision and recall, and AUC (Area Under the ROC
Curve) to measure overall classification confidence. The primary objective of this evaluation is to
analyze the efficacy of Token Fusion in improving Swin Transformer performance. Comparisons are
made against ResNet-152, a CNN-based deep architecture; YOLO11, a Transformer-based object
detection model adapted for classification; and the baseline Swin Transformer without Token Fusion.
The analysis encompasses classification accuracy, computational efficiency, and the effectiveness of
feature representation across different model architectures. Results indicate that Swin Transformer
with Token Fusion achieves a superior balance of accuracy and efficiency, outperforming baseline
models while maintaining reasonable computational complexity. These findings validate the role of
Token Fusion in enhancing token interactions and improving feature extraction in fine-grained insect
classification tasks.

3.  Result Analysis

To evaluate the effectiveness of different deep learning models in fine-grained insect classification,
we compare Swin Transformer, ResNet-152, and YOLO11 under identical training and evaluation
settings. The models are assessed using Top-1 accuracy, Fl-score, AUC, and loss, while inference
time and GFLOPs are analyzed to quantify computational efficiency. Table 1 presents the
classification performance, highlighting the trade-offs between accuracy, model complexity, and
inference speed.

Among the three models, Swin Transformer achieves the highest classification accuracy of
71.630%, significantly outperforming ResNet-152 (61.75%) and YOLO11 (60.66%). Similarly, Swin
Transformer demonstrates superior robustness in terms of Fl-score (71.35%) and AUC (0.9853),
indicating better ability to distinguish fine-grained insect classes compared to ResNet-152 (F1-score:
60.62%, AUC: 0.9749) and YOLOI11 (F1-score: 60.01%, AUC: 0.9526). Loss values further validate
these observations. Swin Transformer achieves the lowest loss (1.28), signifying more stable
convergence and improved optimization, whereas ResNet-152 (1.52 loss) and YOLO11 (4.12 loss)
exhibit higher error rates. The notably high loss of YOLOI1 suggests difficulties in effectively
learning fine-grained insect features, which aligns with its lower accuracy and F1-score.

From a computational perspective, YOLOI11 has the fastest inference time (5.81ms) due to its
lightweight design, making it favorable for real-time applications. However, its lower classification
accuracy and higher loss indicate trade-offs in predictive performance. In contrast, Swin Transformer
requires slightly more inference time (9.36ms) but achieves significantly better classification results
while maintaining computational efficiency. Notably, Swin Transformer has the lowest GFLOPs
(3.12), substantially lower than ResNet-152 (11.53 GFLOPs), making it a computationally efficient
alternative.

Table 1: Classification Performance of Different Baseline Models

Model Top-1 Accuracy Loss F1-score AUC Inference Time GFLOPs
ResNet-152 61.75% 1.52 60.62% 0.9749 8.60ms 11.53
YOLOL11 60.66% 4.12 60.87% 0.9526 5.81ms 6.78
Swin Transformer 71.63% 1.27 71.35% 0.9853 9.36ms 3.12
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The results indicate that Token Fusion improves Swin Transformer by addressing the token
interaction limitations in window-based attention. Compared to the baseline Swin Transformer, both
CWTF and HTF show improvements in classification performance. HTF achieves an accuracy of
72.49%, representing a 0.86% increase over the baseline. CWTF achieves 71.52% accuracy, which
remains comparable. Both approaches introduce a small increase in computational cost, with CWTF
adding 0.03 GFLOPs and HTF adding 1.04 GFLOPs. The inference time shows minor variations,
increasing by 0.05ms and 0.29ms, respectively. The AUC of Hierarchical Token Fusion reaches
0.9872, compared to 0.9853 for the baseline, suggesting that the method contributes to distinguishing
fine-grained insect species.

Table 2: Ablation Study on Token Fusion Mechanisms

Model Top-1 Accuracy Loss F1-score AUC Inference Time GFLOPs
Swin Transformer 71.63% 127 | 7135% | 0.9853 9.36ms 3.12
(Baseline)

+ Cross-Window Token 71.52% 135 71.15% | 09852 9.41ms 3.15
Fusion

+ Hierarchical Token 72.49% 114 | 7202% | 09872 9.65ms 416
Fusion

+ Both 71.83% 134 | 7051% | 0.9857 9.71ms 422

To analyze the effects of CWTF and HTF, an ablation study is conducted. The results in Table 2
suggest that both mechanisms contribute to classification accuracy and feature learning. The CWTF
facilitates token exchange between adjacent windows, which may reduce local feature constraints.
However, its accuracy (71.52%) is slightly lower than the baseline (71.63%), which may be attributed
to a higher loss value (1.35 vs. 1.28). In contrast, the HTF achieves 72.49% accuracy, while also
reducing loss to 1.14, a decrease of 0.14 compared to the baseline. Recent studies have explored token
fusion strategies to enhance the efficiency of ViTs. Lee et al. (2024) proposed Multi-Criteria Token
Fusion (MCTF), which considers similarity, informativeness, and token size to improve feature
aggregation. The next approach extends this idea by integrating CWTF and HTF to enhance both
local and global feature propagation [10]. When both fusion mechanisms are combined, the accuracy
reaches 71.83%, indicating a balance between their individual effects. The combined model maintains
an AUC of 0.9857, supporting its effectiveness in fine-grained classification.

The results further highlight the impact of Token Fusion on model efficiency and scalability. While
both CWTF and HTF contribute to classification performance, their effects on computational cost
and inference latency differ. CWTF primarily enhances local feature propagation, leading to only a
marginal increase in GFLOPs (3.15 vs. 3.12) and inference time (9.41 ms vs. 9.36 ms) compared to
the baseline Swin Transformer. This suggests that local token interactions can be improved with
minimal additional computational burden. On the other hand, the HTF strengthens global token
integration across hierarchical levels, leading to a more pronounced accuracy gain (72.49%) but also
a noticeable increase in GFLOPs (4.16) and inference time (9.65 ms). This indicates that improving
global feature flow requires additional computations, yet it provides greater benefits in fine-grained
classification scenarios.
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Figure 1: Performance and Efficiency Trade-Offs in Fine-Grained Insect Classification.

From Figure 1, it is evident that there exists a trade-off between computational complexity and
classification performance. The bottom-right scatter plot (Performance Trade-Off: Accuracy vs.
GFLOPs) demonstrates that Swin Transformer maintains a strong balance between efficiency and
accuracy, achieving high classification performance with significantly lower computational cost
compared to ResNet-152. Meanwhile, YOLO11, despite its efficiency, suffers from significantly
lower accuracy, making it less suitable for fine-grained insect classification. The introduction of
Token Fusion slightly increases GFLOPs but leads to noticeable accuracy improvements, particularly
for HTF. The bottom-left bar chart (Inference Time vs. GFLOPs) further confirms this trend. Swin
Transformer and its Token Fusion variants achieve superior classification accuracy with relatively
low inference times compared to ResNet-152. While HTF and Swin + Both require slightly higher
computational resources, their accuracy gains justify the trade-off in applications where fine-grained
classification is essential. Notably, the CWTF incurs only a minimal increase in inference time while
preserving computational efficiency, reinforcing its viability for real-time or low-latency scenarios.

Interestingly, the combined approach (Swin + Both) does not surpass the HTF in terms of accuracy
(71.83% vs. 72.49%), despite integrating both token fusion mechanisms. This suggests that global
token interactions play a more critical role in fine-grained feature extraction than localized feature
refinement alone. However, the combined method balances computational cost and performance,
making it a viable option for applications requiring both efficiency and classification precision.

From an efficiency perspective, Token Fusion introduces a scalable approach to balancing
accuracy and computational cost. The trade-off between accuracy gains and computational overhead
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suggests that different Token Fusion strategies can be selected based on the target application. For
real-time insect monitoring or edge-based deployment, CWTF might be preferable due to its minimal
impact on inference latency. Meanwhile, for high-accuracy scenarios such as automated pest
identification in controlled environments, HTF provides superior classification performance at a
reasonable computational cost.

These findings demonstrate that Token Fusion not only improves classification accuracy but also
introduces a scalable framework where different token interaction strategies can be tailored to
application-specific constraints. Future work could explore dynamic or adaptive token fusion
mechanisms that adjust token interactions based on image complexity, further optimizing the trade-
off between accuracy and computational efficiency.

4. Conclusion

This study investigates Transformer-based architectures for fine-grained insect classification and
proposes an enhanced Swin Transformer model integrating Token Fusion mechanisms to address
limitations in cross-window communication and hierarchical feature aggregation. The CWTF
enhances feature propagation across window boundaries, mitigating local feature isolation, while the
HTF facilitates multi-scale feature integration across hierarchical stages. The IP102 benchmark
dataset is used to evaluate the proposed approach, demonstrating that the enhanced Swin Transformer
outperforms CNN-based and standard Transformer models in classification accuracy and robustness.
The experimental results indicate that the proposed model achieves a Top-1 accuracy of 72.49%,
outperforming the standard Swin Transformer and CNN-based baselines. The ablation study confirms
the effectiveness of Token Fusion, with CWTF improving intra-window interactions and HTF
refining hierarchical feature representations. Despite a marginal increase in computational
complexity, the proposed approach achieves a favorable balance between accuracy and efficiency,
making it a viable solution for real-world agricultural pest monitoring.

Future research could explore adaptive token fusion strategies that dynamically adjust token
interactions based on input complexity, further optimizing the trade-off between computational cost
and classification accuracy. Additionally, integrating self-supervised learning could enhance feature
extraction for species with limited labeled data. Extending the dataset to include more diverse insect
species, environmental conditions, and life cycle variations could further improve model
generalization. This study contributes to the deployment of Transformer-based models in automated
pest monitoring systems, supporting advancements in precision agriculture, ecological conservation,
and global food security.
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