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Abstract: Pests are widely distributed in nature, characterized by their small size, which, along
with environmental factors such as lighting conditions, makes their identification challenging. A
lightweight pest detection network, HCFormer, combining convolutional neural networks (CNNs)
and a vision transformer (ViT) is proposed in this study. Data preprocessing is conducted using a
bottleneck-structured convolutional network and a Stem module to reduce computational latency.
CNNs with various kernel sizes capture local information at different scales, while the ViT network’s
attention mechanism and global feature extraction enhance pest feature representation. A down-
sampling method reduces the input image size, decreasing computational load and preventing
overfitting while enhancing model robustness. Improved attention mechanisms effectively capture
feature relationships, balancing detection accuracy and speed. The experimental results show that
HCFormer achieves 98.17% accuracy, 91.98% recall, and a mean average precision (mAP) of 90.57%.
Compared with SENet, CrossViT, and YOLOvS, HCFormer improves the average accuracy by 7.85%,
2.01%, and 3.55%, respectively, outperforming the overall mainstream detection models. Ablation
experiments indicate that the model’s parameter count is 26.5 M, demonstrating advantages in
lightweight design and detection accuracy. HCFormer’s efficiency and flexibility in deployment,
combined with its high detection accuracy and precise classification, make it a valuable tool for
identifying and classifying crop pests in complex environments, providing essential guidance for
future pest monitoring and control.

Keywords: pest detection; image processing; deep learning; vision transformer; lightweight

1. Introduction

Crop pests reduce productivity, so managing them through early detection and pre-
vention is essential [1]. It is estimated that between 20% and 40% of yearly crop production
is lost because of plant diseases and insect damage across the world, costing the global econ-
omy USD 220 and USD 70 billion, respectively. The amount of these losses varies across the
globe and often occurs as a result of transboundary plant pests and diseases [2]. To control
these pests, the use of pesticides for crop protection is on the rise [3], which not only raises
the cost of agricultural production but may also lead to pesticide overuse, further affecting
crop quality and environmental safety [4]. Effective pest management is crucial since it
directly influences crop yields. Pests are diverse and widespread, reproducing quickly
and in large numbers. However, this also increases the risk of pests developing pesticide
resistance [5]. Therefore, the accurate identification and targeted treatment of different
types of pests are essential for effective pest management. Accurate pest identification and
classification are thus critical tasks.
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However, it is extremely challenging to accurately distinguish these pests with the
naked eye. Some pest species may appear very similar, especially in their larval or adult
stages, and subtle morphological differences often require a microscope or expert biological
knowledge to identify them [6,7]. For instance, certain types of beetles and moths can
be very close in color and size. Additionally, environmental factors such as lighting
and background also affect the identification of pests [8-10]. More challengingly, these
pests often move quickly or hide in natural environments, making it difficult for even
experienced agricultural workers and researchers to effectively monitor and manage them.
The traditional methods of visually inspecting and evaluating crops solely based on farmer
expertise present several challenges and limitations in agricultural research [11]. In the
worst-case scenario, an undetected crop pest might damage the entire crop, negatively
affecting the yield.

When machine learning (ML) technology first emerged, it showed promise for use
in pest identification, but its accuracy was often mediocre on large datasets owing to
inadequate data preprocessing and generalization capabilities, affecting the classification
precision [12]. In deep learning (DL), accuracy in pest classification has progressively
improved. It can directly conduct unsupervised learning from the original image to obtain
multi-level image feature information such as low-level features, intermediate features,
and high-level semantic features [13]. As the significant advantages of deep learning
in the field of machine learning continue to emerge, particularly with large amounts
of training data, deep learning can extract more precise features. In recent years, the
application of deep learning in the agricultural sector has become increasingly widespread.
The gradual advancement in computer vision research has led to significant progress
in crop identification, disease and pest recognition, and pest detection [14-16]. This has
effectively addressed the challenges of information extraction and low recognition efficiency
in complex environments.

Traditional deep learning methods for pest detection rely primarily on a single convo-
lutional neural network (CNN) that analyzes image data, as discussed by Malek et al. [17]
and Rajalakshmi et al. [18]. However, CNNs have limitations in capturing long-range
dependencies because they focus mainly on local receptive fields. This approach often
overlooks the global features of images, highlighting a significant drawback.

The introduction of a vision transformer (ViT) helps models better understand the
interactions between distant parts of an image, as proposed by Wang et al. [19] with
the ODP-Transformer model and by Zhan et al. [20] using the IterationViT model. Both
models utilize transformers to capture global features among images, which is crucial for
comprehending complex scenes. It is essential for pest detection that the ViT model is
highly adaptable to different resolutions and image sizes, since pest images may come
from various cameras and sensors with significant variations in quality and size. In
particular, when ViT models are pre-trained on extensive datasets such as ImageNet, they
demonstrate impressive transfer learning capabilities tailored to specific domains such as
agriculture [21]. Once pre-trained on large datasets, the ViT model demonstrates robust
generalization capabilities, effectively recognizing pest species not seen during training or
those in varying environmental conditions [22]. Utilizing ViT for pest detection reduces the
reliance on expert identification, significantly enhancing detection speed and accuracy.

CNNss excel at extracting local features from images, such as edges and textures,
while ViTs are adept at capturing the relationships among different parts of an image. The
convolutional layer of CNNs only considers the characteristics of the local area during
convolution and does not explicitly incorporate the positional information of pixels [23].
Combining CNNs with ViTs allows models to not only capture detailed information but
also understand how these details connect in the larger context. This hybrid approach
enables models to process highly localized features and long-range dependencies, offering
a robust method for tackling complex visual tasks. This combination reflects a trend in deep
learning model development, which involves cross-domain borrowing and integrating
different models’ strengths to solve more complex challenges.
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Currently, research on pest detection in natural environments relies primarily on main-
stream object detection network models such as YOLO and its improved networks [24,25],
CNN for feature extraction [26], and attention mechanisms [27] to enhance detection
accuracy. However, the accuracy of object detection can be constrained by complex environ-
mental factors and lighting conditions, which in turn affect the network’s feature extraction
capability. Despite significant progress in this field, numerous challenges remain, including
the following:

1.  In the pest detection process, the limitations of image resolution result in insuffi-
cient feature information extraction, making it difficult to fully capture the image
characteristics;

2. In pest object detection tasks, complex environmental factors such as crops, lighting
conditions, and occlusions increase the difficulties involved with target detection and
impose higher demands on detection accuracy;

3. During the training of object detection models, in the pursuit of greater accuracy,
the models often have a large number of parameters. Therefore, finding a balance
between accuracy and computational resources remains a significant challenge.

To enhance pest detection performance, we propose a lightweight pest image recogni-
tion model based on a hybrid ViT and a CNN. This model is designed with a parallel feature
extraction network that integrates both the local and global features of the input images,
resulting in more accurate feature representation. Additionally, an improved attention
mechanism architecture is incorporated to make the entire network more lightweight. This
approach not only strengthens the feature extraction capability for pest object detection but
also improves the model’s training speed.

Therefore, the main contributions of this article are as follows:

1.  To address the issue of insufficient feature extraction capability in pest object detection
tasks, a novel parallel feature extraction network for pest classification recognition,
HCFormer, is proposed in this paper, which leverages the strengths of CNNs and ViT
networks to address the shortcomings of traditional image recognition networks. This
hybrid method utilizes CNN’s robust capability for local feature extraction and ViT’s
advantage in handling long-range dependencies and capturing global features. This
combination allows for a more comprehensive extraction of features across different
scales and parts, enhancing the accuracy of recognition. At the same time, employing
overlapping CNNs with varying kernel sizes to extract multi-scale local features from
images has improved the model’s ability to adapt to different pest shapes and sizes;

2. To address the issues of large parameter quantities, slow computation speeds, and
low computational efficiencies during the training of large models, a lightweight im-
provement to the attention mechanism network is introduced in this paper alongside
the down-sampling technique. Additionally, convolutional networks are incorporated
to compensate for the accuracy loss caused by reduced image resolution, thereby
reducing the weight of the model;

3. We validated our model using pest photos from Flickr, a popular photo-sharing plat-
form, comparing it against various types of deep-learning pest recognition networks.
To increase the diversity and scale of our training dataset and thus boost the model’s
generalization capacity and performance, we utilized a variety of image augmentation
techniques, including rotation, local zoom, brightness adjustment, and saturation
modification. These augmentation techniques ensured consistent performance across
varying lighting conditions and improved the model’s adaptability to color variations.

2. Materials and Methods
2.1. Related Work on Pest Detection

In recent years, pest classification and recognition has become a hot topic in agricul-
tural research, employing various methods including machine learning and deep learning.
In the field of ML, significant progress has been made in classifying pest images by training
classifiers using extracted pest features.
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Larios et al. [28] used target feature vectors and region detection to classify and rec-
ognize pest appearance through cascading histograms, achieving promising results. Heo
et al. [29] adopted the concept of fuzzy membership, combining it with the machine learn-
ing algorithm SVM to create a novel fuzzy support vector machine algorithm. This new
method was applied to classifying pest tracks with notable success. As artificial intelligence
advances, deep neural networks are progressively replacing traditional machine learning
algorithms in vision applications. This shift has prompted researchers to concentrate on de-
signing efficient neural network architectures and proposing diverse CNN-based methods.

One of the earliest studies [30] that used a CNN for pest identification compared
the accuracy of their CNN system, which included AlexNet, with six human experts. In
this study, AlexNet outperformed four of the six experts on the Deng dataset. Kuzuhara
et al. [31] developed a two-stage small pest detection and recognition method based on
CNNs, utilizing YOLOV3 for pest detection. Patel et al. [32] employed the Faster R-CNN
architecture for multi-class pest detection, achieving over 90% recognition accuracy.

With the advent of ViT, various derivative networks have been increasingly applied to
pest classification. P, V. et al. [33] introduced a pest detection and classification algorithm for
peanut crops, GNVIT. This model enhances the ViT approach, overcoming the limitations
of traditional CNN models in feature extraction and global visual understanding. Using
the ImageNet dataset for evaluation, GNVIT demonstrated good performance on metrics
such as the Fl-score and recall. Zhang et al. [34] developed a self-supervised learning
network for pest classification, FE-VIT, which trains pre-trained models with unlabeled
data, adapting ViT to pest recognition tasks. This method not only reduces training time
but also improves classification accuracy.

From CNNs to recurrent neural networks (RNNs), and from transfer learning to
ensemble methods, the spectrum of approaches underscores the innovative strategies
harnessed to achieve precision in categorization [35]. Alkanan et al.’s [36] enhanced
iteration of MobileNetV2-integrated Al and the discriminative classification of corn diseases,
strategically incorporating additional layers—Average Pooling, Flatten, Dense, Dropout,
and Softmax—and augmenting its feature extraction capabilities.

Previous research on pest identification has clearly demonstrated that deep learning
models surpass machine learning models in terms of pest recognition and classification.
The most prevalent methods in deep learning include feature extraction techniques based
on CNN methods [37] and improvements to the YOLO algorithm [38], as well as the ViT
model and its derivatives. These methods focus on extracting either local features [39] or
global features for recognition and classification [40]. However, in real-world scenarios,
environmental complexities and variations, such as different pest poses, different angles of
photography, different lighting conditions, and individual differences, present significant
challenges if only local or global features are extracted. This can lead to reduced accuracy
and model performance. This study confronts these shortcomings by proposing a parallel
pest recognition network that extracts features from both local and global perspectives.
The network is tested on a dataset containing various types of pests and shows excellent
performance in classification.

To address the issue of accuracy in pest detection models, we introduce a hybrid object
detection network based on ViT and a CNN. By performing parallel feature extraction
using ViT and CNNSs at different scales, this process comprehensively captures both local
and global features of the image. This effectively prevents feature loss and consequently
improves detection accuracy, enabling the precise identification of pest characteristics.

Owing to the integration of CNNs and ViT networks, the model has a large number
of parameters and a slow computation speed. Therefore, we suggest lightweight meth-
ods to enhance model performance. However, when the model processes small-sized,
low-resolution images, the lightweight approach improves computational efficiency but
negatively affects object detection performance. To address this issue, this study proposes
an improved attention mechanism strategy. By employing down-sampling methods and
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incorporating convolutional networks, we reduce the computational load while compen-
sating for the accuracy loss caused by low resolution.

2.2. Pest Dataset

To evaluate the effectiveness of our proposed model, HCFormer, we utilized a dataset
that encompasses a collection of 12 distinct types of agricultural pests. The dataset used
in this study was obtained from Flickr (SmugMug, Vancouver, BC, Canada) through an
AP]I, ensuring that the images in the dataset were captured in real-world scenarios rather
than being Al-generated. This dataset included a variety of insects of different colors,
shapes, and sizes across various environments. Such diversity facilitates the training
and testing of algorithms, thereby enhancing the practical applicability of the model in
detecting and classifying pests. This assortment included ants, bees, beetles, caterpillars,
earthworms, millipedes, grasshoppers, moths, slugs, snails, wasps, and weevils, all of
which predominantly affect a variety of plant species across Eurasia. Pests are typically
defined as organisms that cause damage to crops, livestock, human living environments,
or economic activities. The 12 types of pests in the dataset can cause reduced crop yields,
diminished quality, or the spread of pathogens and viruses in agriculture. For example,
beetles [41], moths [42], and slugs [43] directly nibble on plant leaves, inflicting damage
on crops. The pest samples are illustrated in Figure 1, comprising a total of 5500 images.
These images have been resized to a uniform maximum width and height of 300 pixels.
During the construction of the dataset, the images were divided into a training set, a test set,
and a verification set in an 8:1:1 ratio to assess the model’s generalization capability. The
dataset exhibited considerable variability, featuring pests in a range of sizes, angles, poses,
environmental conditions, and lighting scenarios. To further enhance the robustness of our
evaluation, some images within the dataset were rotated to ascertain the performance of
our model more effectively.

Figure 1. Image samples from the dataset: (a) ants; (b) bee; (c) beetle; (d) caterpillar; (e) earthworm;
(f) earwig; (g) grasshopper; (h) moth; (i) slug; (j) snail; (k) wasp; (1) weevil.

Additionally, to increase the diversity and scale of our training dataset, and thus
boost the model’s generalization capacity and performance, we utilized a variety of image
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augmentation techniques, including rotation, local zoom, brightness adjustment, and satu-
ration modification. These methods ensured stable performance across different lighting
conditions and enhanced the model’s ability to adapt to color variations. We dynamically
applied these transformations to the input data during each training cycle or batch, thereby
creating a diverse array of training samples.

To augment the dataset, improve the network’s generalization capability, and prevent
overfitting, this study implemented data augmentation on the original dataset. These
steps facilitated more effective training and testing of the deep learning network. The
primary image enhancement techniques employed include flipping, local zoom, brightness
adjustment, and saturation modification. Flipping allowed the model to simulate the
collection of the same sample from various angles, thus enabling it to learn features from
multiple perspectives. The brightness adjustments replicated different real-world lighting
conditions, enhancing the model’s capability to operate under various lighting scenarios
and improving its robustness and accuracy. Table 1 outlines the specifics of the expanded
dataset; the number of the original images is 5500.

Table 1. Distribution of processed image data.

Pest Original Rotation = Reduction  Intensity  Saturability Total
Ants 251 62 62 62 62 499
Bees 252 62 62 62 62 500
Beetles 212 52 52 52 52 420
Caterpillars 227 57 57 57 57 455
Earthworms 160 40 40 40 40 320
Earwigs 234 58 58 58 58 466
Grasshoppers 244 60 60 60 60 484
Moths 248 62 62 62 62 496
Slugs 194 49 49 49 49 390
Snails 252 62 62 62 62 500
Wasps 334 84 84 84 84 670
Weevils 152 37 37 37 37 300

Figure 2 shows the effects of different enhancement methods applied to the same
image.

Figure 2. Images after enhancement: (a) original image; (b) increased brightness; (c) flipped; (d) locally
zoomed; (e) increased saturation.
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2.3. Methods

In recent years, the use of deep neural networks has led to significant advancements in
the field of object detection. CNNs can intelligently capture spatial local features at various
layers of an image but lack consideration of global interdependencies. By integrating
transformer blocks with CNNSs, the performance and efficiency of object detection models
can be significantly enhanced. However, the computational overhead of both CNN and
ViT networks remains a considerable issue.

A novel pest object detection network is proposed in this paper that combines CNN
and ViT, incorporating lightweight strategies to balance detection accuracy and testing time.
The basic architecture of our HCFormer model employs a Stem module in its initial stage.
This module consists of a set of standard convolutional networks, converting the input
image into feature maps instead of converting linear mappings of image patches into tokens
as in transformers. The feature extraction section is divided into three stages, adopting a
pyramid structure. Each stage progressively reduces the resolution of the feature maps,
with sizes of H/8 x W/8, H/16 x W /16, and H/32 x W/32, respectively.

Because of the quadratic growth in the computational complexity of the attention
mechanism in transformer networks with respect to the input feature map size H x W,
lower-stage large-sized feature maps require more computational cost and time. Consid-
ering this factor, we redesigned the attention mechanism section and introduced down-
sampling methods to reduce computational costs. Additionally, convolutional networks
were employed to compensate for the accuracy loss caused by reduced resolution. This
approach minimizes computational costs while maintaining accuracy.

In our pyramid structure, the feature maps decrease in size across stages, potentially
leading to the loss of local information. To address this issue, we propose a hybrid feature
extraction network that employs a parallel structure to simultaneously extract both the
local and global features of the image. Specifically, for local features, we use CNNs of
different scales to comprehensively extract local feature maps of various sizes. For global
features, ViT is utilized for global stream processing. The features from both paths are then
merged and passed to the next block.

Figure 3 illustrates the overall framework of the HCFormer hybrid model proposed in
this paper. The input section of the network consists of a Stem network, which includes
three 3 x 3 convolutional layers with a stride of 2, converting the input image data into
feature vectors. The main body of the network architecture is divided into three stages,
with the input size decreasing progressively at each stage, connected through a single
convolutional network. The output section employs a global average pooling layer and a
linear network to achieve image recognition and classification.

The input feature map of the i-th stage block is represented as X; € R(H/ 2142) x (W/242) x ¢

2.3.1. Input Block

For the input section, a bottleneck structure is introduced in the network design. This
structure applies a three-layer stacked convolutional network to each residual function F,
consisting of a1 x 1 convolution, a 3 x 3 convolution, and a1 x 1 convolution. Specifically,
al x 1 convolution layer is first used to reduce the dimensionality of the feature map,
followed by a 3 x 3 convolution layer for feature extraction, and finally, a 1 x 1 convolution
layer for dimensionality restoration, as shown in Figure 4. This structure reduces the
number of parameters and training time by decreasing the number of channels in the
intermediate layer. Moreover, the introduction of this structure not only deepens the
network but also significantly enhances the model’s performance and effectiveness.

Processing high-resolution images can cause significant computational delays for the
entire system. To mitigate this computational drawback, we introduced the Stem module.
This module employs a 3 x 3 convolutional neural network and a max-pooling layer
as the input components, achieving higher accuracy and lower latency in the original
input network. Additionally, this module better captures the continuity of local features.
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Its primary purpose is to optimize feature extraction and data dimensionality reduction,
thereby facilitating subsequent task-processing stages.
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Figure 3. Overview of the HCFormer hybrid model.
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Agronomy 2024, 14, 1940

9 of 21

ReLU6 is used as the activation function for the first two stages, and a linear layer
is utilized for the final stage; ReLU6 effectively maintains the resolution of floating-point
numbers, enhancing the model’s nonlinear expression capability and transforming input
features X; into:

Xi = Finvres (X0), (1)

1
InvRes

where F represents using multiple model structures as input modules. These steps work
together to enable the initial block to process input data more flexibly and efficiently,
enhancing its ability to capture and utilize feature information.

2.3.2. HCFormer Block

Features are output from the residual network and fed into the parallel network.
This design aims to simultaneously extract and process both global and local features.
Specifically, a local feature extraction structure was constructed, comprising five layers
of CNNs with different scales to capture and process local information of varying scales.
In this structure, we used larger convolution kernels to capture broader patterns and
smaller convolution kernels to extract finer details. For global feature extraction, we
selected the ViT network as the core architecture, primarily because of its superior feature
extraction capabilities.

The multi-scale convolutional network generates new feature vectors by performing
convolution operations on feature maps using convolution kernels of different sizes. By
employing convolution operations with different kernel sizes, the feature representation of
the image is enriched.

As illustrated in Figure 5, the preprocessed image features are fed into a parallel
network structure, consisting of local and global feature extraction networks. The local
feature extraction network employs a multi-scale array of convolution kernels sized 1 x 1,
3x3,5x5,7x7,and 10 x 10 to capture local features at different scales. The convolution
operation is as follows:

Conv(X) = f(Zi,j X kij + b), ()

where X! represents the input feature map, f(x) denotes the activation function, k;; refers
to a convolution kernel of size i x j, and b stands for the bias associated with the kernel.
Multi-scale CNN kernels utilize different values of i x j to extract feature information,
resulting in a feature representation expressed as:

Y! = stack[Conv; (X); Conv3(X); Convs (X); Convy(X); Convig(X)] 3)

For the other branch of the parallel network composed of the ViT network, data are
initially segmented into L x L patches. Assuming the image dimensions are length X and
width Y, this decomposition results in K = XY/L x L small image patches. Each patch
is linearly projected into a higher-dimensional space. A special token, added initially to
represent the entire image data, follows this high-dimensional projection D and includes
the unique spatial position information typical of transformers. After embedding each
image module with spatial information, let X € RN+1*D represent the collection of all
image patch embeddings and the class token, where N + 1 denotes the number of blocks
including one class token, and D is the embedding dimension. In the model, the position
embedding parameter is also learned. The final input sequence is represented as X + Epos,
and Epos denotes the position parameter.

The ViT processes the sequence of encoded image patches using a standard transformer
encoder. As shown in Figure 6a, the transformer encoder consists of four components: a
Layer Norm network, a Multi-Head Attention mechanism, a Dropout layer, and an MLP
block. The Layer Norm network increases the training speed and enhances training stability,
Multi-Head Attention focuses on information representations in different subspaces, and
Dropout is implemented as DropPath for improved effectiveness in practice. The MLP
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block, depicted in Figure 6b, includes fully connected layers, a GELU activation function,
and Dropout, processing and outputting the results.

Input
\ 4 l ; l Y 4
Convix1 Conv3x3 Conv5x5 Conv7x7 Conv10x10
\ / \ 4
\ 4
V

Feature Feature Feature | Feature | | Feature |

, | ‘ !

Concat

i output

Figure 5. Overview of local network.

Encoder MLP Block :
Block :
Transformer Encoder T
Dropout [ x ; b Dropout
‘ MLP Block ‘ T
MLP b
‘ T ‘ P Linear
Myl Norm : T
D i Dropout
Multi-Head
Atftention
Dropout
GELU/RelLU
T
Attention
Linear
(a) (b)

Figure 6. Overview of global network: (a) encoder block; (b) MLP block.

After processing through a series of transformer encoder layers, the ViT extracts the
output corresponding to the class token for the final classification task and fuses it with the
local stream features to produce the final fused features. These operations are represented

in the paper as “Trans”, providing a feature map Y& € R(E/2%)x(W/272),

Y‘ig = Trans <X}) 4
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In the later processing of the module, we effectively fuse local stream features with
global stream features to generate new feature maps. Specifically, we first map the input
data to create a weight map reflecting the importance of features. We then apply a Sigmoid
activation function for the nonlinear processing of this weight map. Next, the processed
weight map is element-wise multiplied with the original input data, allowing for targeted
enhancement or the suppression of features. We then concatenate these weighted features
with the global stream output features along the channel dimension to achieve feature fu-
sion. To ensure the fused features match the dimensions required by subsequent processing
modules, we reduce the channel count by half using another projection block, ultimately
producing the output feature map of this module.

Figure 3 shows how local flow features Y} and global flow features Y? are fused at the
end of this module. Specifically, we modulate Y} using weights generated by Y?, ensuring
that the fused features both retain local detail and reflect global structural characteristics.
This fusion strategy plays a key role in enhancing the performance of the model. The
specific calculations are as follows:

W¥ = Sigmoid [Proj (Y?) } , 5)

where Proj represents a point-wise convolution followed by batch normalization. It is then
multiplied by Y}, and the resulting product is mapped and concatenated with Yig in the
channel dimension as:

v = [Yiows ¢, ©)
where © is the Hadamard product. Finally, the fused feature Y}' is output from the parallel
network.

2.3.3. Improved Attention Mechanism

Before performing the Q-transform, we first employ down-sampling techniques to
convert the input image feature map from (C, H, W) to (C0, H/2, W/2), where C0 is greater
than C. Because the change in resolution might lead to information loss, we introduce a
CNN into the original attention structure to compensate for the accuracy loss.

Since the computational complexity of the attention mechanism in transformers in-
creases quadratically with changes in input image resolution, we redesigned the attention
mechanism to make the model more lightweight and improve computational efficiency, as
shown in the Improved Attention Mechanism Block in Figure 3. Because down-sampling
reduces the resolution of the feature map, leading to information loss, we incorporated a
CNN to enhance the feature extraction capability.

Specifically, we utilize standard CNN computational groups to process the input.
Through depthwise convolutions and GeLU activation functions, the input feature maps
are aggregated and spatially normalized. The down-sampling module connects to Q
(the supplementary connection to LeViT), while the rest connect directly to the K and V
components, forming the output of the attention mechanism. The goal is to enhance feature
extraction capability through training while reducing computational overhead. Finally,
pointwise convolution is applied to the three components.

Since the attention operation runs on low-resolution (or small-sized) feature maps,
the attention computation itself loses its representational capacity. To compensate for this
loss, the self-attention mechanism was modified by leveraging CNNs to perform standard
computational steps on the attention input, including 3 x 3 (depthwise) convolutions,
GeLU activation functions, and batch normalization. Given that values are the basis of
the attention output, we applied this computational step to the values to facilitate spatial
information aggregation in the input feature map, thereby enhancing the representational
capacity while reducing training difficulty. To offset the increased computational cost, we
eliminated the independent linear transformations applied to the queries and keys, instead
applying the same pointwise convolution to all three components.
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The details of the improved attention computation are as follows. Let X € Rh*W*Gi
denote the input to the attention mechanism, where X; is defined as:

X1 = Linear(Y'(PW — Conv(X))) + X, )
where Linear is a linear transformation with learnable weights and PW — Conv represents
pointwise convolution. Y’ is defined as:

y Y-YT T
Y’ = Softmax W—l—b-l Yq, (8)

where d is the number of channels per head in the queries and keys, b € R' is a learnable
bias, and 1 € RM is an all-ones vector. Y; is defined as:

Y; = DW — Convg(BN(Y)) +Y, ©)

where DW — Convg represents depthwise convolution followed by GeLU activation and
Batch Norm for batch normalization application.

2.3.4. Output Module

The output section employs a combined structure composed of a global average
pooling (GAP) network and a linear network. Specifically, the GAP network is used to
average all feature maps, and the result is then passed to the linear layer. The structure
diagram of the output module is shown in Figure 7.

Global Average Pooling

P O
ammwy ) > O
amwy .l O
Ay O

Averaging

Feature maps

Figure 7. The structure of the output block.

Owing to the tendency of fully connected layers to cause overfitting, which negatively
affects the model’s generalization ability, the GAP network is used as a parameter-free
black-box network. By averaging the feature maps for each category, the GAP network
significantly reduces the number of parameters compared with the traditional approach
of pooling followed by activation layers and fully connected layers. This not only helps
prevent network overfitting but also serves as an important measure to reduce the weight
of the model.

The Linear layer is a linear function with learnable weights that enhances the model’s
expressive power by projecting the input into a higher dimension. The model’s output,
Yout, is as follows:

Yout = Linear(Y}!), (10)

where Y}' is the output after the fusion of local and global features.

3. Results
3.1. Evaluation Metrics

The model is evaluated based on classification accuracy, Accuracy (Formula (11)),
Recall (Formula (12)), and mean average precision (mAP) (Formula (14)). Recall is the
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proportion of the number of correctly classified positive samples to the actual positive
samples. Precision (Formula (13)) is the proportion of the number of correctly classified
positive samples to the total number of predicted positive samples in the classifier. The
resulting AP is the area enclosed under the Precision—Recall curve, and the mAP is obtained
by calculating the comprehensive weighted average of all categories of AP. The calculation
formulas are as follows:

Accuracy = 57 glzill;llf—i— N’ )
Recall = 7TP3—PFN' (12)
Precision = %, (13)
mAP = %ZT(AP)i (14)

where TP, FP, TN, and FN stand for true positive, false positive, true negative, and false
negative, respectively.

3.2. Experimental Environment Parameter Settings

Our experimental setup was as follows: we utilized an RTX3090 GPU and the PyTorch
deep learning framework. Detailed configurations are listed in Table 2.

Table 2. Experimental environment setup.

Parameter Setting
GPU GeForce RTX 3090
Operating system Windows 10
GPU accelerated environment CUDA 11.1
Framework Pytorch
Memory 64 G

The dataset was divided as shown in Table 3, which also displays the key parameter
settings used when training the model. We allocated 80% of the data for training, 10% for
validation, and 10% for testing to evaluate the classification performance of our proposed
pest classification recognition model, HCFormer. This division ensures that the test set
information is not leaked during the training process and that both the validation and test
sets closely match the training set in feature distribution, categories, and proportions. Such
an alignment ensures more valid accuracy and loss metrics while helping prevent severe
overfitting during model training. Regarding the selection of the learning rate, we adopted
the method proposed by Leslie N. Smith [44], which assists in identifying the optimal initial
learning rate. A low learning rate of 1 x 10> was used to start, updating the network after
each batch while increasing the learning rate and recording the loss for each batch. Figure 8
shows the relationship between the learning rate and loss.

Table 3. Key parameter settings.

Parameter Value
Learning rate 0.001
Batch size 32
Epoch 300
Optimization algorithm SGDM
Train size 0.9

Test size 0.1
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Figure 8. Accuracy and loss of the HCFormer model: (a) accuracy of training stage; (b) accuracy of
test stage; (c) accuracy of verifying stage; (d) loss of training stage; (e) loss of test stage; (f) loss of
verifying stage.

Experiments were conducted to validate the accuracy and effectiveness of our pro-
posed model in terms of pest classification recognition. We utilized images from an available
dataset on Flickr for training, testing, and verifying the model, which comprised 5500 im-
ages split in an 8:1:1 ratio. The model was trained for 300 epochs to assess the training
performance. Figure 8 displays the results showing the accuracy curves and the loss curves
over the epochs.

Figure 8a,d shows that by epoch 100, both accuracy and loss have largely stabilized,
maintaining nearly constant values. This indicates that our model can converge quickly,
with the loss approaching zero and the accuracy exceeding 98.7%. Thus, the completed
model training demonstrates the superior performance of our proposed model.

The changes in accuracy and loss across epochs during the testing phase are depicted
in Figure 8b,e. The accuracy curve initially declines and then promptly rises, stabilizing
around epoch 80 and ultimately reaching 98%. Additionally, the loss curve also converges
close to zero.

During the verifying stage, as shown in Figure 8¢ f, the accuracy curve rapidly rises,
stabilizing around epoch 130 and maintaining a value of approximately 98%. The loss curve
similarly converges close to zero, indicating successful model performance during verification.

4. Discussion
4.1. Experimental Results and Analysis

Over 5000 images of pests in micro-environments within our dataset were annotated.
To better evaluate the model’s generalization ability and robustness, the pest images
in the dataset encompass various environments, lighting conditions, categories, single-
target and multi-target scenarios, and different backgrounds. Using these images under
complex conditions, we assessed the model’s performance in terms of target detection
across diverse situations. The detection results are shown in Figures 9 and 10, which present
the original pest images and the detected images. The experimental results demonstrate
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that the proposed model exhibits excellent performance in detecting pests across different
backgrounds, lighting conditions, and single-target and multi-target scenarios, highlighting
its significant advantages.

(a) beetle

(Coleoptera)

(b) weevil

(Curculionidae)

(c) moth

(Lepidoptera)

(d) grasshopper

(Acrididae)

Figure 9. Detection effect of HCFormer model under single-target situations: (a) beetle (Coleoptera);
(b) weevil (Curculionidae); (c¢) moth (Lepidoptera); (d) grasshopper (Acrididae).

(a) earwig E

(Dermaptera)

(b) caterpillar

(Tyria jacobaeae)

(c) wasp

(Vespula vulgaris)

(d) ants

(Formicidae)

Figure 10. Detection effect of HCFormer model under multi-target situations: (a) earwig (Dermaptera);
(b) caterpillar (Tyria jacobaeae); (c) wasp (Vespula vulgaris); (d) ants (Formicidae).
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To validate the effectiveness and superior performance of our model, we conducted
tests under the same experimental conditions using the same dataset and compared the
performance with several other models. The comparison results are presented in Table 4.
These models included CNN-based networks (such as VGGNet, ResNet, and SENet),
YOLO-based network models (such as YOLOv5 and YOLOVS), and transformer-based
models (such as ViT, MobileViT, and CrossViT).

Table 4. Comparison of pest classification results across different models.

S.No Method Accuracy (%) mAP (%) Recall (%) Classes Method
1 VGGNet [45] 85.60 77.31 78.31 Multi-segment CNN
2 ResNet [46] 87.75 79.64 80.60 CNN Residual block and CNN
3 SENet [47] 90.32 82.19 82.33 Channel attention mechanism
4 YOLOVS5 [48] 90.67 82.43 83.19 .
5 YOLOVS [49] 94.62 87.78 88.56 YOLO CBL, Res unit, CSPX, and SPP
6 ViT [50] 95.03 88.09 89.11 Transformer encoder
7 Mobile ViT [51] 95.57 88.33 89.37 ViT Lightweight ViT
8 CrossViT [52] 96.16 89.12 90.35 Dual ranch transformer
9 HCFormer 98.17 90.57 91.98 CNN and ViT Fusing global and local features

As can be seen from the results in Table 4, in terms of performance metrics, CNN-type
networks generally show relatively poor accuracy, with the VGGNet model displaying
the lowest, achieving an accuracy of only 85.60% and an mAP of 77.31%. Following this
are two other CNN-based models, ResNet and SENet, with classification accuracies of
87.75% and 90.32%, mAPs of 79.64% and 82.19%, and recall values of 80.60% and 82.33%,
respectively. YOLO-type networks slightly outperform CNN-based ones; we compared
two YOLO classification networks, YOLOv5 and YOLOvVS, which achieved accuracies of
90.67% and 94.62%, mAPs of 82.43% and 87.78%, and recall values of 83.19% and 88.56%
respectively. Finally, we compared ViT-type networks, selecting the basic ViT network
and its derivatives Mobile ViT and CrossViT, which, respectively, achieved accuracies of
95.03%, 95.57%, and 96.16%; mAPs of 88.09%, 88.33%, and 89.12%; and recall values of
89.11%, 89.37%, and 90.35%. These results indicate that while traditional CNN architectures
are limited by their capacity to capture only local features, the integration of transformers
in ViT-type networks allows for superior performance through enhanced global feature
extraction. YOLO models, although better than pure CNN models, still struggle with
certain complex feature representations that ViT derivatives handle more adeptly.

This comparison reveals that the proposed HCFormer achieved the highest accuracy
at 98.17% and the best mAP at 90.57%, demonstrating its exceptional ability to classify
both local and global features in pest classification tasks. The remarkable performance
of HCFormer underscores its effectiveness in leveraging the complementary strengths of
convolutional kernels and transformer-based architectures. This is due to the collaborative
effect of convolutional kernels of varying sizes and the ViT network, which comprehen-
sively extracts and merges both local and global features. This fusion enables a more
complete feature representation, resulting in superior classification accuracy. By integrating
these components, HCFormer effectively addresses the limitations of prior models by
enhancing feature representation, enabling it to distinguish even the most nuanced pest
characteristics in diverse environmental conditions. This fusion not only provides superior
classification accuracy but also facilitates robust performance across different datasets,
illustrating the model’s adaptability and scalability.

4.2. Ablation Study

For our HCFormer pest detection model, several new improvements were introduced,
including the design of global and local feature extraction networks, improvements to the
multi-head attention mechanism, and the introduction of down-sampling techniques.
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To evaluate the effectiveness of these improvements, we conducted multiple ablation
experiments. The experimental setup was as follows: first, we used a single-layer CNN
and the original ViT network; second, we removed the local stream module and retained
only the ViT; and finally, we replaced the single-layer CNN with multi-CNN and added
the original ViT network. The results are presented in Table 5.

Table 5. Comparison of ablation study results.

Class Net Name Accuracy (%)  mAP (%) Recall (%) Params (M) *
1 CNN + ViT 89.34 85.73 86.49 34.3
2 ViT 95.03 88.09 89.11 31.6
3 Multi-CNN + ViT 96.30 89.04 90.78 37.7
4 HCFormer 98.17 90.57 91.98 26.5

* The unit of the parameters is million.

In the first setup, the combination of a single-layer CNN with ViT showed limitations
in capturing complex features, particularly when compared to the multi-CNN setup, which
highlights the need for deeper convolutional layers for more effective feature extraction.
The second setup, retaining only the ViT, showed decreased performance, emphasizing
the importance of local features for detailed classification. The third setup, incorporating
a multi-CNN with ViT, demonstrated improved accuracy and efficiency, showcasing the
benefits of multi-scale feature extraction. These experiments confirm that each component
significantly contributes to HCFormer’s superior performance, optimizing both accuracy
and model efficiency.

These experiments were designed to verify the necessity and effectiveness of the
proposed methods. The experimental results show that the HCFormer model achieved an
accuracy of 98.17% and a recall value of 91.98%. In terms of performance, the HCFormer
achieved an mAP of 90.57%, which is 4.84%, 2.48%, and 1.53% higher than CNN + ViT, ViT,
and Multi-CNN + ViT, respectively. The parameter count of HCFormer is 26.5 M, which
is a 29.71% reduction compared with the Multi-CNN + ViT model, a reduction of 16.14%
compared with the ViT model, and a reduction of 22.74% compared with the CNN + ViT
model, significantly reducing resource consumption. This reduction highlights the model’s
efficiency in resource utilization, enabling its application in environments with limited
computational capacity, without compromising on detection performance. Under the
same hardware conditions, the real-time performance of the model was greatly improved.
The enhanced processing speed demonstrates HCFormer’s capability to rapidly detect
pests in dynamic and resource-constrained settings, making it highly suitable for practical
agricultural applications. Overall, our improvements successfully balanced accuracy and
speed while meeting the requirements for lightweight and high-precision pest detection.
This balance is crucial for the practical deployment of pest detection systems, where both
accuracy and efficiency are essential for timely and effective pest management.

5. Conclusions

This study proposes a lightweight pest object detection model, HCFormer, designed to
effectively detect pests in complex environments while achieving a high detection accuracy
with minimal resource consumption. The experimental results indicate that the model
exhibits excellent practicality and detection accuracy as follows:

1.  To address the issues of insufficient detection accuracy, local receptive fields, and
global receptive fields in current pest detection networks operating in complex envi-
ronments, we propose a parallel feature extraction architecture that combines a multi-
scale CNN and optimized ViT networks. This architecture extracts and integrates
both the local and global features of images, enhancing the detection performance.
Further, the backbone model employs a pyramid structure, which not only accelerates
the computational speed of the model but also improves its robustness. This provides
a new approach to pest object detection with strong practicality, it can be applied in
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agriculture through automated monitoring systems [53], intelligent spraying, drone
surveillance [54], and farm management platforms [55], improving detection accuracy,
reducing pesticide use, and increasing crop yield and quality;

2. We redesigned the attention mechanism in the transformer and proposed a new
attention mechanism network to address the issue of local feature accuracy loss when
the input resolution is reduced in the pyramid structure. Additionally, we introduced
down-sampling methods to reduce the model’s weight while maintaining accuracy,
significantly reducing the number of parameters in the network and improving the
model’s speed;

3. We trained our model on a dataset obtained from Flickr and tested it against other
mainstream object detection models. In both single-target and multi-target scenarios
across different environments, our model exhibited excellent performance. The ex-
perimental results show that the HCFormer model achieved an accuracy of 98.17%, a
recall rate of 91.98%, and an mAP of 90.57%, effectively meeting the requirements for
lightweight and high-precision pest detection. The pest detection network, based on a
hybrid of a multi-scale CNN and ViT networks, can efficiently complete pest detection
tasks in complex environments, quickly and accurately extracting features of pest
images. Therefore, our model holds significant research importance and practical
value in the field of pest detection.

In the future, to facilitate the application of the proposed method for agricultural pest
control, there are several tasks that remain to be accomplished. The HCFormer introduced
in this paper is an integrated network with a large parameter count, posing significant
challenges for model deployment. Simplifying and reducing the model’s complexity is
crucial to enhancing its real-time processing capabilities, facilitating its integration into
mobile agricultural platforms such as unmanned aerial vehicles and automated rovers,
which can make our model easier to apply for local farmers. Further, from an application
perspective, the model’s generalization ability across various complex environments is
crucial. There will be an urgent need in the future to construct larger-scale datasets
encompassing a wider range of pest species and diverse environmental conditions in
different regions. The aforementioned features can effectively reduce the application costs
of the model and enhance its versatility, with significant implications for local farmers in
terms of increasing their yield and return on investment.
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