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The broad range of Scolytinae pests sizes and their subtle visual similarities, especially
in smaller species, continue to challenge the accuracy of mainstream object
detection models. To address these challenges, this paper proposes GIWT-YOLO,
a lightweight detection model based on YOLOv11s, speci� cally tailored for
Scolytinae pests detection. (1) We designed a lightweight multi-scale convolution
module, GIConv, to improve the model’s ability to extract features at different pest
scales. This module enhances the accuracy of small-object detection while reducing
the computational cost and parameter complexity of the backbone. (2) The WTConv
module inspired by wavelet transform is introduced into the backbone. This enlarges
the effective receptive � eld and improves the model’s ability to distinguish pests with
similar textures. (3) An SE attention mechanism is incorporated between the Neck
and Head to enhance the model’s focus on key feature regions. Experimental results
show that GIWT-YOLO achieves 84.7% in Precision, 88.7% in mAP@50, and 63.4% in
mAP@50~95, which are improvements of 2.2%, 4.0%, and 3.1%, respectively,
compared to the baseline YOLOv11s. Additionally, the model’s parameters and
GFLOPs are reduced by 11.3% and 13.4%, respectively. Our proposed model
surpasses the state-of-the-art (SOTA) performance in small-sized pest detection
while maintaining a lightweight architecture, and its generalization ability has been
validated on other public datasets. Our model provides an ef� cient solution for
detecting Scolytinae pests. In future work, we plan to collect additional images of
various pest species to expand the dataset, further enhancing the model’s
applicability to a wider range of pest detection scenarios.
KEYWORDS

pest detection, Scolytinae pests, lightweight model, YOLOv11s, multi-scale
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1 Introduction

As one of the largest forestry countries in the world, China has
experienced a sharp increase in harmful organisms in recent years
due to the impact of pests and diseases, resulting in signi�cant
economic losses and posing severe challenges to forestry
development (1). However, due to the wide variety of pests, the
low accuracy of pest identi�cation has been plaguing personnel (2).
The traditional method is mainly identi�ed by professionals, which
has a huge workload, low ef�ciency. Additionally, it lacks real-time
monitoring of pest outbreaks, making it dif�cult to implement
preventive strategies in a timely manner. Therefore, timely and
accurate detection and identi�cation of forest pests are crucial for
effective forest management (3).

The subfamily Scolytinae is among the most destructive forest
pests, widely distributed across forest ecosystems worldwide, and poses
serious threats particularly to coniferous species such as pine and
spruce (4). With the development of deep learning technology, it has
become a more effective scheme to use convolutional neural network
technology to realize the automatic detection of forestry pests. Applying
it to pest identi�cation can not only signi�cantly improve recognition
accuracy and processing ef�ciency, but also enable the automated
analysis of large volumes of trap images, thereby overcoming the
limitations of manual identi�cation in terms of time, labor, and
accuracy. However, due to the wide variety of pests and large
differences in morphology and size, there are problems such as false
detection, and overlapping detection.

Traditional pest identi�cation methods primarily rely on image
processing and feature engineering, combined with machine learning
algorithms for pest classi�cation. Wang et al. (5) proposed a white�y
counting algorithm based on K-means clustering and ellipse �tting.
Deng et al. (6) extended the HMAX model, utilizing Scale-Invariant
Feature Transform (SIFT) and Non-negative Sparse Coding (NNSC) to
extract features, followed by the use of SVM for pest identi�cation. Ma
et al. (7) introduced an SVM classi�er based on a combination of global
features and HOG features for pest classi�cation. Yang et al. (8)
proposed an image recognition algorithm for pests on greenhouse
white�y and thrips trap boards, using Prewitt and Canny edge
detection operators for segmentation, followed by SVM. However,
this method is for a single pest species and does not consider pest
detection in complex environments. Peng and Jinlan (9) proposed a
small green leafhopper recognition method based on PCA-LDA-SVM.
Despite progress in feature extraction, these methods still struggle to
meet practical requirements. Machine learning-based vision algorithms
face issues in complex environments, such as low recognition accuracy,
slow inference speed, and poor robustness. Furthermore, they tend to
rely heavily on the color of static pests for identi�cation, over-depend
on sample-speci�c features, and exhibit poor generalization capability.

In recent years, deep convolutional neural networks have gained
widespread attention in the �eld of forestry pest detection. YOLO
(You Only Look Once) (10–16) series algorithms have achieved an
effective balance between detection accuracy and computational
complexity, garnering signi�cant interest and widespread
application among researchers. Zhong et al. (17) proposed a
method to count the number of �ying insects in images using the
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YOLO model for object detection, followed by further classi�cation
through SVM. However, the study primarily focused on simple
backgrounds and lacked research on insect recognition in more
complex environments. Bai et al. (18) proposed a MOG2-YOLOv4
detection model for East Asian migratory locusts, which effectively
solved the problem of low recognition accuracy caused by high speed
movement and occlusion of East Asian migratory locusts. Wang (19)
used an improved ALexNet model to identify agricultural pests,
which effectively accelerated the inference speed of the model.
Zhang et al. (20) improved the YOLOv3 model and combined
Spatial Pyramid Pooling (SPP) with it to improve the accuracy of
small-size pests. However, the model’s complexity was not
considered, which limited its applicability for deployment on edge
devices. Bhatt et al. (21) used YOLOv3 model for object detection in
tea garden pest images, and the mAP reached 86% while maintaining
the same inference performance. Liu and Wang (22) improved the
YOLOv3 model by adding Spatial Pyramid Pooling (SPP) and
utilizing multi-scale techniques to better capture tomato pest
features, achieving a detection accuracy of 92.39%. Wen et al. (23)
enhanced the YOLOv4 model on the Pest24 dataset and proposed the
PEST-YOLO detection method for detecting multiple types of dense,
tiny pests. However, the focus was primarily on improving missed
detection issues, neglecting the balance between detection accuracy
and mAP. Zhongzhu et al. (24) insert a Global Attention Upsampling
(GAU) module into the output layer of the backbone network. This
module uses global information from high-level features to help the
model to extract features from complex backgrounds, improving
recognition accuracy. However, it still suffers from high false
detection rates. Yuan et al. (25) added a convolutional attention
module to improve the feature expression of tea garden pests. Jiang
and Yang (26) proposed a lightweight pest detection algorithm based
on YOLOv8n (Bm-YOLO), designed the MCCA attention
mechanism module to integrate with C2f, and performed well on
the IP102 dataset, but the recognition accuracy is still insuf�cient in
complex environments. There are some problems such as false
detection, missed detection, and overlapping detection. Although
the above studies have achieved certain improvements in detection
accuracy, the adopted models are computationally complex and lack
of lightweight optimization, which limits their application on
edge devices.

Due to the limited lightweight capability of existing models in
pest detection tasks, deploying them on edge devices is challenging.
In addition, the similarity of features among Scolytinae pests makes
feature extraction dif�cult. This is especially true for small pests,
whose tiny size and fuzzy texture make detection harder. To address
the above issues, we propose GIWT-YOLO, an improved object
detection model speci�cally designed for tiny pests. Its architecture
is based on YOLOv11s (13), a recent framework introduced by
Khanam and Hussain in 2024, which serves as a strong and modern
baseline. The following improvements are made in this paper:
1. We proposed a lightweight model, GIWT-YOLO, for
detecting small and visually similar pest targets. The
model improves detection accuracy for small pests and
those with similar appearances.
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2. We proposed GIConv, a convolution module suitable for
multi-scale pest detection, to replace the standard
convolution in the YOLOv11s backbone. This module
improves the model’s ability to detect pests at different scales
while making the backbone network more lightweight.

3. In the C3K2 structure, the WTConv module, inspired by
wavelet transform, is introduced to construct the C3K2_WT
structure. This modi�cation enlarges the effective receptive
�eld, improving the model’s ability to distinguish pests with
similar textures. At the same time, it reduces model
complexity and maintains inference ef�ciency.

4. Considering the high morphological similarity among
different pest species, this paper introduces the SE
attention mechanism module between the Neck and
Head networks. This module enhances the model’s focus
on key feature regions, enabling it to more accurately
capture differences between pest categories and improve
its ability to differentiate similar pests.
The structure of this paper is as follows: Section 2 introduces the
dataset acquisition and the GIWT-YOLO model architecture, with
detailed explanations of the improvements made to each module.
Section 3 covers the experimental design and result analysis. Finally,
Sections 4 and 5 provide the discussion and conclusion.
2 Materials and methods

2.1 Dataset introduction

The dataset utilized in this research was sourced from the Baidu
AI Studio platform, an open online environment powered by
PaddlePaddle, which facilitates data sharing, collaborative
development, and participation in machine learning challenges.
The dataset used in this study is the Scolytinae pests dataset
provided by Beijing Forestry University (4) (https://
aistudio.baidu.com/datasetdetail/51399, accessed on 15 January
2025). The dataset contains 2,183 image samples. Some sample
images from the dataset are shown in Figure 1. These images
include six insect categories: Boerner, Leconte, Linnaeus,
Acuminatus, Armandi, and Coleoptera. In this study, the pest
images are manually annotated using the LabelImg tool, with
each image’s annotations stored in an Extensible Markup
Language (XML) (27) �le following the VOC format.

To ensure the effectiveness of model training, the original
dataset of 2,183 image samples was divided into a training set
(1,693 images), a validation set (245 images), and a test set (245
images). The pest samples in this dataset exhibit signi�cant
differences in body size, and the images were captured under
varying lighting conditions. As illustrated in Figures 1A–C, these
images show different levels of illumination. Considering that data
diversity can enhance training stability, this study adopts the Mixup
(28) and Mosaic (10) data augmentation strategies, without
employing additional of�ine augmentation techniques. This
approach enhances data diversity and improves the generalization
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ability of the model, while avoiding the potential noise introduced
by excessive augmentation.
2.2 GIWT-YOLO pest detection model

The YOLOv11s (13) model has achieved signi�cant
improvements in both inference performance and accuracy.
However, it still involves high computational complexity and
performs poorly in detecting small objects. To solve this problem,
this study proposes an improved lightweight GIWT-YOLO model
based on YOLOv11s, and its model structure is shown in Figure 2.
In order to achieve a lightweight network and high pest detection
accuracy, GIWT-YOLO mainly makes the following improvements.
First, the GIConv module is introduced to replace the ordinary
convolution in the YOLOv11s backbone. This enhances the model’s
ability to detect pests at different scales, especially improving
recognition accuracy for small-object pests. It reduces the amount
of computation and the number of parameters at the same time.
Secondly, in the C3K2 structure, the WTConv module is introduced
to construct the C3K2_WT structure. This modi�cation increases
the effective receptive �eld, thereby enhancing the model’s ability to
detect pests with similar feature textures. Finally, Considering the
high morphological similarity among different pest species, this
paper introduces an SE attention mechanism module between the
Neck and Head networks. This module enhances the model’s focus
on key feature regions, enabling it to more accurately capture
differences between pest categories and improve its ability to
differentiate similar pests.
2.3 GIConv module design

As the pests in the Scolytinae pests dataset show more obvious
body size differences, it is dif�cult for a single-scale convolution to take
into account the feature extraction of pests of different sizes. Inspired by
the Inception (29) module and GhostConv (30), we propose Ghost
Inception Convolution(GIConv), which eliminates the use of simple
linear operation. Firstly, a part of the core feature map is obtained using
the 3x3 convolution module. Then, the Inception module (shown in
Figure 3A) is utilized to obtain a multi-scale feature map. Finally, the
core feature map and multi-scale feature map are spliced by Concat to
�nally obtain a multi-scale feature map. The convolution makes full use
of the advantages of multi-scale depth convolution. It effectively solves
the problem of missing feature information caused by the difference in
pest body size by paralleling convolution layers of different scales. As a
result, the model can extract global information from large object pests.
At the same time, it pays more attention to the detailed features of tiny
pests, thus improving detection accuracy. In addition, compared with
ordinary convolution, the GIConv module signi�cantly reduces the
computational volume, and improves the computational ef�ciency and
overall performance of the model. Its structure is shown in Figure 3B.

The amount of computation for each parallel path of the
Inception module and the total computation cost, which is
calculated as follows:
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cos t = cos t1 + cos t2 + cos t3 + cos t4 =
15
8

� H � w � c2 (5)

In Equations 1-5, H, w, c are the height, width and number of
channels of the input and output feature maps; The computation
amount of the four parallel paths is: cos t1, cos t2, cos t3, cos t4, and
the total computation amount of the �nal Inception module is:cost.

The amount of computation required for ordinary convolution
in YOLO11s is:

cos ta = H � W � n � k � k � c (6)

If the ordinary convolution in YOLO11s is replaced by the
GIConv module, the computational cost of the module is as follows:
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n
2

� k � k � c + cos t

= H � W �
n
2

� k � k � c +
15
8

� H � W � (
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)2 (7)
FIGURE 1

Data sample image.
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