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Abstract: In response to the shortcomings of traditional pest detection methods, such as inadequate
accuracy and slow detection speeds, a lightweight forestry pest image recognition model based on an
improved YOLOVS architecture is proposed. Initially, given the limited availability of real deep forest
pest image data in the wild, data augmentation techniques, including random rotation, translation,
and Mosaic, are employed to expand and enhance the dataset. Subsequently, the traditional Conv
(convolution) layers in the neck module of YOLOVS are replaced with lightweight GSConv, and
the Slim Neck design paradigm is utilized for reconstruction to reduce computational costs while
preserving model accuracy. Furthermore, the CBAM attention mechanism is introduced into the
backbone network of YOLOVS8 to enhance the feature extraction of crucial information, thereby
improving detection accuracy. Finally, WIoU is employed as a replacement for the traditional CIOU
to enhance the overall performance of the detector. The experimental results demonstrate that the
improved model exhibits a significant advantage in the field of forestry pest detection, achieving
precision and recall rates of 98.9% and 97.6%, respectively. This surpasses the performance of the
current mainstream network models.

Keywords: forest pest; YOLOVS; object detection

1. Introduction

Forest pests pose a significant threat to both forest ecosystems and timber resources,
thereby necessitating the timely and precise detection and management of these pests for
the preservation of forest health [1]. However, conventional methods for pest detection
suffer from accuracy deficiencies and slow detection speeds, thereby limiting their practical
applicability in the face of ever-evolving threats.

In recent years, numerous scholars have conducted methodological research to achieve
an efficient and precise detection of forestry pests, yielding promising results. Target
detection based on deep learning has emerged as a prominent research focus in the field
of computer vision, demonstrating robust capabilities in automatically identifying the
position and categories of objects within images or videos. It has been empirically validated
as an effective approach in the domain of forestry pest detection.

Target detection networks are generally categorized into two main types: one-stage
target detection networks and two-stage target detection networks. One-stage target detec-
tion networks integrate object detection and classification into a single network to enhance
detection speed. Representative models in this category include YOLO (You Only Look
Once) [2-9] and SSD (Single Shot MultiBox Detector) [10-12]. Two-stage target detection
networks, on the other hand, first generate candidate regions and then perform target
classification and localization on these regions. Representative models in this category
include Fast-RCNN and Faster-RCNN [13-15]. The advancement of these deep learning
target detection networks has elevated detection accuracy and efficiency, rendering them
powerful tools widely applied across multiple domains. In the context of pest detection,
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there is a critical need for rapid and effective monitoring of forestry within a short time-
frame, as well as the timely implementation of corresponding measures. On the other hand,
for non-real-time applications like pest detection, the use of a one-stage object detector can
achieve model lightweighting, reducing both the model’s parameter count and complexity
serves to diminish both storage and loading costs associated with the model. Simplify-
ing the model structure also decreases the computational resource requirements, thereby
enhancing overall efficiency. Therefore, this study opts for the one-stage object detector
YOLO for pest detection.

However, despite the enormous potential of deep learning in pest recognition, its
practical application still faces several challenges. For instance, deep learning models
require a large amount of annotated data, which are often difficult to acquire in the field of
pest recognition. Moreover, the computational cost of deep learning models is high, which
may limit their application in resource-constrained regions. Therefore, future research
needs to further explore how to improve the efficiency and accuracy of deep learning in
pest recognition while reducing its computational cost and data requirements.

For the detection of forest pests, Sun Haiyan et al. [16] proposed a forestry pest
detection method based on an attention model and lightweight YOLOv4. They achieved
the detection of seven types of forest pests by improving the network structure, optimizing
the loss function, and introducing an attention mechanism. However, there is significant
variation in accuracy among different pest classes, and the overall average precision requires
further enhancement. Hou Ruihuan et al. [17] presented a real-time forestry pest detection
method based on YOLOv4-TIA. By incorporating a three-branch attention mechanism [18],
they improved the backbone network of YOLOv4 and optimized the loss function, enabling
the detection of seven types of forest pests. Nevertheless, this model exhibits increased
complexity, slower detection speed, and an average precision of only 85.9%.

In response to the aforementioned issues, this paper introduces a lightweight forestry
pest image recognition model based on an improved YOLOvVS8. This model not only
enhances the performance of small object detection, but also ensures minimal resource
consumption. The main contributions of this paper are as follows:

(1) Integrating the GSconv module [19] and employing the Slim-Neck design philosophy
to refine the Neck layer of YOLOvVS8n, thereby achieving a lightweight architecture.
This optimization reduces the network’s parameter count, resulting in enhanced
detection speed.

(2) Incorporating the attention module CBAM [20] into the backbone network to augment
the network’s focus on small objects. This enhancement significantly improves detec-
tion accuracy without introducing a substantial increase in computational complexity.

(8) Incorporating WIoU v3 [21] into the bounding box regression loss function and
implementing a dynamic non-monotonic mechanism to devise a more judicious
strategy for gradient gain allocation. WIoU v3 effectively mitigates gradient gain
discrepancies between high-quality and low-quality samples, thereby fortifying the
model’s localization proficiency and generalization capabilities.

2. YOLOVS Object Detection Algorithm

YOLOVS stands out as the latest algorithm unveiled by Ultralytics on 10 January 2023.
It represents the cutting-edge advancements in the YOLO series, showcasing outstanding
detection accuracy and speed. Differentiating based on network depth and width, YOLOv8
further refines into YOLOv8n, YOLOv8s, YOLOv8m, YOLOvVS8] and YOLOv8x. Given
the constraints of computational resources, YOLOvS8n, a lightweight iteration within the
YOLOVS framework, proves instrumental in mitigating the model’s storage and loading
costs. In applications such as pest detection, rapid model deployment is a critical considera-
tion, particularly in situations that require prompt responses to pest-related challenges. Pest
detection often demands real-time results for swift decision-making and a timely imple-
mentation of corresponding measures. Lightweight models typically boast higher inference
speeds, facilitating the fulfillment of real-time requirements. In summary, this study opts
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for the lightweight version YOLOv8n within the YOLOvS framework. The architectural
components of YOLOv8n encompass the backbone feature extraction network (backbone),
the feature pyramid (neck), and the prediction end (head), with specific structures outlined
in Figure 1.
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Figure 1. YOLOv8n model architecture encompassing the feature extraction network, SPPF architec-
ture, feature fusion, and prediction network. The w (width) and r (ratio) in Figure 1 are parameters
used to represent the size of the feature map.

2.1. Backbone

YOLOVS incorporates an enhanced CSPDarknet53 [4] as its backbone network for
efficient feature extraction. Upon image input, YOLOv8 employs Mosaic data augmentation
at the input layer. During the final 10 epochs of training, Mosaic data augmentation is
deactivated. This strategic adjustment significantly enhances the diversity of backgrounds
for detected objects, thereby effectively boosting the model’s performance and robustness.
Within the backbone network, the CBS module conducts convolutional operations on input
data, followed by batch normalization and SiLU activation, as depicted in Figure 1—the
CBS module. YOLOVS replaces the original Cross-Stage Partial (CSP) module with the
C2f module in its structure, as illustrated in Figure 1—the C2f module. The C2f module,
adopting gradient-concatenated connections, enriches the information flow of the feature
extraction network while ensuring a lightweight design. The Spatial Pyramid Pooling
Fusion (SPPF) module transforms feature maps of arbitrary sizes into adaptive-sized feature
vectors. Initially, channel-balanced operations (CBSs) are applied to the input feature map
to extract feature information. Subsequently, max-pooling operations with sizes of 1 x 1,
5 x 5,5 x 5and 5 x 5 are separately performed on the feature map. Following each pooling
operation, the obtained features are sequentially output to obtain multi-scale features.
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These multi-scale feature maps are then fused, followed by another round of channel-
balanced operations (CBSs), resulting in the final feature map output. In comparison to the
conventional SPP [22] module, the SPPF module, as illustrated in Figure 1-SPPF module,
reduces computational complexity and exhibits lower latency by sequentially connecting
three max-pooling operations.

2.2. Neck

Building upon the PANet [23], YOLOvS enhances the design in the neck by introducing
the PAN-FPN structure. The core design objective is to improve the effectiveness of
information exchange between features, thus better addressing multi-scale object detection
tasks. Firstly, a bottom-level feature extraction network acquires the low-level features
of the input image. Subsequently, FPN introduces a top-down feature up-sampling path,
forming a feature pyramid where each layer has a distinct resolution, providing the network
with multi-scale semantic information. The innovation of the PAN structure lies in the
introduction of a path aggregation mechanism. The bottom-up path generates a set of path
features from the low-level feature map, while the top-down path generates corresponding
path features from the high-resolution feature pyramid. Through path fusion operations,
PAN integrates these two sets of path features, facilitating the exchange of multi-level,
multi-resolution information from bottom to top, and vice versa. Finally, through feature
fusion, the features generated by PAN are merged with the feature pyramid from the
original FPN, creating the ultimate feature pyramid. This pyramid contains features from
different levels and paths, providing a richer semantic understanding of the input data.

2.3. Head

YOLOVS'’s detection module adopts the prevalent decoupled head structure, em-
ploying two independent branches for target classification and bounding box regression
predictions, each utilizing distinct loss functions. Binary cross-entropy loss (BCE loss)
is employed for the classification task. For bounding box regression, we have chosen to
utilize DFL [24] and CloU [25] as the loss functions. This detection structure aims to en-
hance detection accuracy and accelerate the model’s convergence speed. Notably, YOLOv8
departs from the anchor-based approach in its design and embraces the anchor-free [26]
philosophy. This design decision is aimed at further improving detection performance,
enabling the model to be more flexible in adapting to various scales and shapes of targets.
Simultaneously, it enhances bounding box localization accuracy and overall detection
precision in object detection tasks.

3. Methods

Currently, the YOLOVS algorithm has achieved significant success in the field of object
detection. However, challenges in its application to forestry pest detection include the
computational cost increase and detection speed decrease resulting from a large number
of parameters. In practical applications, rapid model deployment is crucial to meet the
real-time requirements of forestry pest detection. Lightweight models often offer higher
inference speeds; thus, we consider lightweighting the Neck network in YOLOVS to reduce
computational costs, accelerate detection speeds, while maintaining robust feature repre-
sentation capabilities. In the context of forestry pest detection, the widespread presence
of small targets (such as the acuminatus, coleoptera, armandi, and linnaeus pests in the
dataset) poses challenges. YOLOvVS exhibits poor detection performance, with issues such
as low detection rates and increased false positives when dealing with these small targets.
To address these challenges, we introduce attention modules to focus the model more on
key information in input features, enhancing the model’s attention to small targets and
thus improving small target detection performance. Simultaneously, we explore the design
principles of Weighted Intersection over Union (WIloU). WIoU v3 employs a dynamic
non-monotonic mechanism to evaluate anchor box quality, directing the model’s attention
toward anchor boxes of regular quality, thereby improving the model’s localization capabil-
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ities. In forestry pest detection, the high proportion of small targets increases the difficulty
of detection. WIoU v3 further enhances the model’s detection performance by dynamically
optimizing the loss weights for small targets. The specific details of these optimization
strategies are outlined below:

Firstly, in terms of the Neck network, we employed the Slim-Neck design approach.
We replaced traditional convolution operations with lightweight GSConv convolutions
and introduced the VoV-GSCSP module to replace the original C2f module, incorporating
lightweight bottleneck layers (GSbottleneck). The purpose of this adjustment is to reduce
computational costs and accelerate the model’s detection speed without compromising
feature representation capabilities. This is crucial to meet the real-time requirements of
forestry pest detection. These modifications result in a more lightweight application,
facilitating easier deployment while maintaining the integrity of feature representation.

Additionally, in the backbone network, we introduced the CBAM (Channel Attention
and Spatial Attention) attention mechanism. The CBAM attention mechanism dynamically
adjusts the weights of feature maps, directing the network’s focus toward regions containing
small targets. By increasing the network’s perceptual range, this mechanism aids in
capturing a more extensive context of information. This is particularly valuable when parts
of the target may be obscured, as a larger perceptual range enables a better understanding of
the contextual information surrounding the target. Overall, the incorporation of the CBAM
attention mechanism holds the promise of improving small target detection performance
in forestry pest detection. It enhances the network’s attention to crucial target information,
thereby improving adaptability to complex scenes and small targets.

Finally, we adopted WIoU v3 as a replacement for the original CIOU bounding box
regression loss in YOLOvS8. WIoU v3 integrates a dynamic non-monotonic mechanism and
introduces a gradient gain allocation strategy to mitigate the occurrence of substantial or
harmful gradients in extreme samples. This version of WIoU places a greater emphasis on
samples of regular quality, enhancing the model’s generalization capabilities and overall
performance. Additionally, WIoU v3 dynamically adjusts the loss weights for small targets,
further improving the model’s detection performance. In summary, WloU demonstrates its
advantages in forestry pest detection by exhibiting flexible adaptability to targets of differ-
ent sizes, shapes, and qualities. This enhances the accuracy, robustness, and generalization
of the detection process, showcasing WIoU'’s effectiveness in addressing the challenges
posed by diverse pest targets in forestry environments.

3.1. GSConv and VoV-GSCSP Modules

As the practical applications of deep learning models continue to expand, there is an
urgent demand for algorithm lightweighting. This is primarily driven by the prevalent
scenarios in forestry pest detection where resources are constrained, and computational
capabilities are limited. Despite YOLO's outstanding performance in object detection
tasks, its relatively large model size hampers its operational efficiency on lightweight
devices commonly encountered in forestry pest detection. To adapt to resource-constrained
environments, the imperative for refining and lightweighting YOLO becomes apparent.
Optimization of the YOLO algorithm by reducing model size and enhancing compu-
tational efficiency is essential to better meet the practical requirements of forestry pest
detection. Lightweighting not only facilitates real-time detection on embedded devices
but also contributes to cost reduction, thereby enhancing the practical usability of the sys-
tem. In the process of improving YOLO lightweighting, a holistic consideration of model
accuracy, speed, and power consumption metrics is crucial to achieve a balance across di-
verse scenarios. Employing more efficient network architectures, streamlining parameters,
and optimizing for specific hardware platforms are pivotal strategies for lightweighting.
Through these concerted efforts, the adaptability of pest detection technology to the intri-
cate and dynamic natural environment is significantly enhanced, providing a more reliable
and efficient support system for forest conservation.
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In the realm of lightweight models, such as Xception [27], MobileNets [28], and Shuf-
fleNets [29], the use of Depthwise Separable Convolution (DSC) operations has significantly
improved the speed of detectors. However, these models suffer from the issue of accuracy
loss. To address the accuracy loss associated with Depthwise Separable Convolution, Li
Hulin proposed the GSConv lightweight convolution module, the main structure of which
is depicted in Figure 2. Through a shuffle operation, it achieves the fusion of information
generated by traditional convolution modules (dense convolution operations) and informa-
tion generated by Depthwise Separable Convolution. In this process, with an input channel
number of C1 and an output channel number of C2, the following steps are taken: first,
a standard convolution reduces the channel number by half to C2/2; then, the channel
number remains unchanged through Depthwise Separable Convolution. Subsequently,
the result of the first convolution is Concatenated and shuffled with the structure after
Depthwise Separable Convolution. In the final shuffle operation, channel information is
uniformly shuffled to ensure the effective retention of multi-channel information. This
process aims to enhance the extraction of semantic information, strengthen the fusion
of feature information, and consequently improve the expressive capabilities of image
features. Through such shuffle operations, an orderly fusion of information is achieved,
providing an effective mechanism for enhancing the model’s performance.

GSConv
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Figure 2. Structure of the GSConv Module. The “Conv” block consists of three layers: convolution
layer, batch normalization layer, and activation layer. The “DWConv” marked in blue here represents
Depthwise Separable Convolution (DSC) operation.

GSConv’s computational cost is approximately 50% of SC, but its contribution to
the model’s learning capability is comparable to the latter. Building upon GSConv, a GS
bottleneck module is designed in the literature, and Figure 3a illustrates the structure of the
GS bottleneck module. The VoV-GSCSP module is crafted through a one-time aggregation
method. Figure 3b—d depicts three design options provided for VoV-GSCSP, where (b)
is straightforward with faster inference speed, and (c), (d) exhibit higher feature reuse
rates. In practice, due to its hardware-friendly nature, it is more convenient to employ a
structurally simpler module.

Therefore, in optimizing the Neck network layer, a design approach based on Slim-
Neck is employed in this study. This involves the substitution of a standard convolution
with a GSConv lightweight convolution, and the replacement of the original C2f module
with the lightweight bottleneck layer (GSbottleneck) within the Vision over Visibility Skip-
level Cross-Stage Partial (VoV-GSCSP) module. This implementation achieves a lightweight
Neck layer, leading to a significant reduction in computational costs and, consequently, an
acceleration in inference speed. The application of the Slim-Neck theory to the YOLOv8
model structure is depicted in Figure 4. This design not only ensures computational
efficiency but also aligns with the standards of scientific rigor in the pursuit of model
optimization.
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3.2. CBAM Attention Module

Given that the background occupies a substantial portion of the images in the utilized
dataset, and the predominant targets for detection are small-sized pests, the detection
performance of the YOLOvVS8n algorithm hinges predominantly on the efficiency of the
backbone network. To enhance the backbone network’s capacity for extracting critical
information, we introduce a Convolutional Block Attention Module (CBAM) into the
YOLOVS backbone, as depicted in Figure 5. The CBAM model comprises a Channel
Attention Module (CAM) and a Spatial Attention Module (SAM), dedicated to extracting
channel and spatial attention, respectively. Through adaptive feature refinement facilitated
by channel and spatial attention mechanisms, the model endeavors to identify attention
regions within densely populated pest scenarios. This incorporation aims to elevate the
model’s efficacy in discerning salient features in the presence of prevalent background and
small-sized targets, thereby aligning with the rigorous standards of scientific discourse.
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Given the input feature F € REHXW where C, H, and W represent the channel num-
ber, height, and width of the feature map, respectively. After the Channel Attention Module
(CAM), channel attention features denoted as M, are obtained, as shown in Equation (1).
M, is then multiplied with the feature map F resulting in the feature F'. Following the
Spatial Attention Module (SAM), spatial attention features denoted as M are obtained, as
expressed in Equation (2). M is subsequently multiplied with the feature F/, yielding the
refined feature F”.

F' =M.(F)®F 1)

F' = M, (F) @ F @)

In this investigation, the CBAM attention module is introduced following the C2f
module in the YOLOv8 backbone network, incurring a negligible computational overhead.
This strategic enhancement aims to provide the deep network with more accurate feature
information, thereby contributing to the reduction in loss values and ensuring precise
identification and localization of small targets, especially in the context of forestry pest
detection. From an intuitive perspective, during the forward propagation of gradients,
crucial channels and spatial information in the feature map receive greater emphasis. This
refinement is evident in the final output image, effectively accentuating regions of interest
for the detection model and enhancing its ability to discern target objects accurately. This
improved approach significantly elevates the model’s performance in object detection
tasks, demonstrating enhanced potential in effectively handling intricate image scenarios,
aligning with the rigorous standards of scientific discourse.

3.3. Improved Loss Function

In the task of detecting small objects in forestry pest images, where the proportion
of small objects is relatively high, the rational design of loss functions can significantly
enhance the detection performance of the model. The loss function in YOLOVS consists
of multiple components, including the classification loss (VFL Loss) and the regression
loss in the form of CIOU Loss + DFL. The formula for the VFL Loss function is given by
Equation (3) [30].

VFL(p,q) = { :géqyl‘iggz J_FI()l) —q)log(1-p)) cz;% )

In the aforementioned formula, “q” represents the Intersection over Union (IoU)
between the bounding box (predicted box) and the ground truth box. IoU is calculated by
dividing the intersection of the predicted box and the ground truth box by the union of the
two boxes. The variable “p” represents the score or probability. If the two boxes intersect
(q > 0), it is considered a positive sample, and if there is no intersection, then q is set to 0,
indicating a negative sample.
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The definition of CloU, as given in Equation (4), incorporates an additional penalty
term on top of DIoU.

2 (b, b#"
Lciou =1—IoU+ p(clz) + v 4)
v
- M 5
T A -ToU) +v ©)
4 wht w?
V=3 (arctanhﬁt — arctanh> (6)

Among these, « serves as a weight function, defined in Equation (5). v gauges the
similarity in the aspect ratio between the predicted box and the ground truth, as outlined
in Equation (6). The terms w5!/h8&' and w/h denote the aspect ratios of the ground truth
box and the predicted box. b and b#" represent the center points of the predicted box and
the ground truth box, respectively. p denotes the Euclidean distance between the two
rectangular boxes, and c signifies the diagonal distance of the closed region between these
two rectangular boxes.

DFL loss (distribution focal loss) is a loss function designed to address the issue of
class imbalance. Similar to focal loss, DFL incorporates information about class distribution,
providing improved handling of imbalanced class scenarios. The formula for DFL is
expressed by Equation (7).

DFL(S;,S;+1) = —((zr41 — »)10g(S:) + (z — ) 10g(S:41)) )

However, CloU has its drawbacks. Firstly, the computation of CloU involves the
calculation of inverse trigonometric functions, which increases the computational cost
of the model, particularly in large-scale object detection tasks. Secondly, CloU does not
account for the balance of hard and easy samples. Thirdly, CloU considers aspect ratio as a
penalty term. When the aspect ratio of the actual box and the predicted box is the same,
but the values of width and height are different, the penalty term fails to reflect the true
difference between the two bounding boxes.

Therefore, this paper introduces Wise-loU (WIoU). In terms of computational speed,
the additional computation cost of WloU mainly lies in the calculation of the focusing coef-
ficient and the mean statistics of IoU loss. Under the same experimental conditions, WloU
has a faster speed compared to CloU because it does not involve aspect ratio calculations,
with WIoU’s computation time being 87.2% of CloU. In terms of performance improvement,
WIoU considers not only the area, centroid distance, and overlap area, but also introduces a
dynamic non-monotonic focusing mechanism. When the annotation quality of the dataset
is poor, WIoU performs better relative to other bounding box losses. The weight calculation
of WIoU can better reflect the differences in the appearance and structure of the targets,
providing better target distinctiveness, which is advantageous when dealing with targets
with similar features. Specific information about WloU is as follows:

(1) Wise-IoU v1: As it is challenging to avoid including low-quality examples in the
training data, geometric metrics such as distance and aspect ratio exacerbate the
penalty on low-quality examples, leading to a decrease in the model’s generalization
performance. A good loss function should weaken the penalty on geometric metrics
when the anchor box and target box overlap well, intervening in training as little as
possible to enhance the model’s generalization ability. In WIoU v1, distance attention
is constructed based on distance metrics. The definition of WIoU v1 is given by
Formula (8).

Lwiouvi = RwiouLiou (8)
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(x—xg0)* + (Y - Ygt>2
(W2 + Hg,)*

©)

Rwiou = exp

Rwiou € [1,e), significantly amplifying the Li,i of ordinary-quality anchor boxes,
Loy € [0, 1], markedly reducing the Rwiou of high-quality anchor boxes, and notably
decreasing their attention to the center point distance in cases where the anchor box
overlaps well with the target box.

(2) Wise-IoU v2: Focal loss introduces a monotonic focusing mechanism tailored for
cross-entropy, effectively reducing the contribution of easy examples to the loss value.
This allows the model to focus on challenging examples, enhancing classification
performance. Similarly, in v2, a monotonic focusing coefficient L] ;; is constructed for
Lwiouvi- The definition of Wise-IoU v2 is given by Formula (10).

Lwiouvz = LY G Lwiouvi » Y >0 (10

In the model training process, the gradient gain Lriou decreases as Liou decreases, re-
sulting in a slow convergence speed in the later stages of training. Therefore, the introduced
mean is used as a normalization factor, as shown in Formula (11):

L:y* Y
Lwiouv2 = <£I°U> Lwiouvi (11)
ToU

The term Loy represents the moving average with momentum 72, dynamically
Y * ‘Y
updating the normalization factor to keep the overall gradient gain » = f“’U) ata
ToU
higher level, addressing the issue of slow convergence speed in the later stages of training.

(3) Wise-IoU v3: The concept of outlierness is introduced to characterize the quality of
anchor boxes, defined as in Equation (12):

= =% ¢ [0, +o0) (12)

Building upon Wise-IoU v1, Wise-IoU v3 introduces a non-monotonic focusing co-
efficient based on (3, defined as in Equation (13). A smaller outlierness implies a higher
quality anchor box, resulting in a smaller gradient boost assigned to it, allowing for better
bounding box regression focus on anchor boxes with common quality. For anchor boxes
with larger outlierness, a smaller gradient boost is allocated, effectively preventing harmful
gradients from arising in low-quality examples.

p

5P -

Lwiouva = tLwiouvt , T =

At that time, when = 6, 8 makes r = 1. When the outlierness of the anchor box
satisfies 3 = C (C is a constant value), the anchor box will receive the highest gradient
boost. Because Loy is dynamic, and the quality criteria for anchor boxes are also dynamic,
this enables Wise-IoU v3 to dynamically allocate gradient boosts according to the current
situation at any given moment.

Through the comparative analysis mentioned above, this study achieved a significant
performance improvement by replacing the traditional CIOU with Wise-IoU v3 in YOLOVS.
Wise-IoU v3 utilizes a dynamic non-monotonic mechanism to evaluate anchor box quality,
making the model focus more on anchor boxes of ordinary quality, and thus improving
the model’s object localization capability. For the task of detecting targets in forestry pests,
where small targets have a high proportion, increasing the detection difficulty, Wise-IoU
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v3 can dynamically optimize the loss weights for small targets, enhancing the model’s
detection performance.

4. Experiments

This section will delve into a series of experiments conducted, presenting the ex-
ceptional performance of the proposed model through comparisons, analyses, and result
demonstrations.

4.1. Dataset and Data Preprocessing

This study is conducted using a publicly available forestry pest dataset [16,17] pro-
vided by the Beijing Forestry University, comprising a total of 2183 images. These images
feature a uniform white background and cover seven distinct categories of forestry pests,
namely Boerner, Leconte, Linnaeus, acuminatus, armandi, coleoptera, and linnaeus. The
quantitative distribution of the seven classes of forestry pests is summarized in Table 1.
The dataset is acquired using insect traps for capturing images, which compared to natural
field photography scenes, results in a background that is simpler and clearer.

Table 1. Statistics of sample quantities for each pest category.

Insect Category Number of Samples Percentage
Boerner 1595 15.4%
Leconte 2216 21.4%

Linnaeus 818 7.9%
acuminatus 953 9.2%
armandi 1765 17.1%
colepotera 2091 20.2%
linnaeus 909 8.8%

Figure 6 illustrates the main characteristics of seven types of pests. Among them,
Boerner and Leconte belong to the category of larger-sized pests. Boerner presents a body
color of gray-brown, with a relatively elongated physique, while Leconte has a black
body with deep brown wings. In contrast, Linnaeus, acuminatus, armandi, coleoptera,
and linnaeus are considered small-sized pests. Linnaeus and linnaeus have black bodies
with shorter legs; acuminatus is brown with slightly spread wings; armandi is a black
beetle with longer legs; and coleoptera is the smallest among the seven types of pests.
Overall, these seven types of pests exhibit a certain degree of similarity, making their
detection considerably challenging. Therefore, the implementation of data preprocessing
operations becomes crucial. The following outlines the specific procedures employed for
data preprocessing in this study:

innaaiie!
ITINIUCU S|

t 1 == .

Figure 6. Illustration of seven types of pests.
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4.1.1. Random Scaling and Cropping

Random scaling and cropping are employed to alter the size and perspective of the
images. In this process, a random scaling factor is selected, and the new image dimensions
are computed accordingly. Subsequently, a random window on the image is chosen to
crop the final augmented image. This method contributes to increasing the diversity of
the dataset, enabling the model to adapt to images with different sizes and perspectives,
thereby enhancing the model’s robustness.

4.1.2. Random Brightness and Contrast Adjustments

Random brightness and contrast adjustments are applied to introduce variations in
the illumination and contrast of the images. This process randomly modifies the brightness
and contrast levels, contributing to the augmentation of the dataset. By incorporating these
random adjustments, the model becomes more resilient to variations in lighting conditions
and contrast, enhancing its ability to generalize across different scenarios.

4.1.3. Mosaic Data Augmentation

Mosaic Data Augmentation is a method that involves concatenating multiple images
to create a synthetic image. This process includes randomly selecting four different images,
permuting their order randomly, scaling them to the same size, and finally concatenating
them to create the Mosaic image. Mosaic Data Augmentation can simulate more complex
scenarios where different objects may appear in the same image, helping train the model
to better adapt to the diversity and complexity of the real world, thereby improving the
model’s robustness.

By applying the aforementioned data augmentation methods, the enhanced results
are compared in Figure 7, as illustrated.

In addition, to further increase the diversity of the dataset, random rotation, flipping,
translation, and other data augmentation methods were employed in this study to ensure
the comprehensiveness and balance of the dataset. After data augmentation, the sample
quantities in the dataset are shown in Table 2.

Table 2. Statistics of the number of samples for each pest category after data augmentation.

Insect Category Number of Samples Percentage
Boerner 1595 12.2%
Leconte 2216 17.0%

Linnaeus 1636 12.6%
acuminatus 1906 14.6%
armandi 1765 13.5%
colepotera 2091 16.1%
linnaeus 1818 14.0%

Figure 7. Cont.



Appl. Sci. 2024, 14, 1941 13 of 20

Figure 7. Augmented data results image. (a) Original image; (b) random scaling and cropping
image; (c) random brightness and contrast adjustments image; (d) copying regions of less frequent
classes, enlarging, rotating, translating, and pasting them back into the original image; (e) Mosaic
data augmentation image; (f) Mosaic data augmentation training annotation image.

4.2. Experimental Environment and Parameter Configuration

The hardware platform and environmental parameters used in the experimental
training phase are shown in Table 3.

Table 3. Training environment and hardware platform parameters.

Parameter Configuration
CPU Intel(R) Core(TM) i5-10400F @2.90GHz
GPU NVIDIA GeForce RTX 3060
GPU memory size 12G
Operating systems Windows 10
Deep learning architecture Python 3.8.8 + Cuda 11.7 + Pytorch 2.0.0
Model YOLOv8n

The training parameters are set as shown in Table 4.

Table 4. The training parameter settings.

Parameter Setup Parameter Setup
Epochs 250 Input image size 640 x 640
Initial learning rate 0.01 Optimizer SGD
Final learning rate 0.0001 5 (WIoU v3) 1.9
batchsize 16 o (WIoU v3) 3

4.3. Evaluation Indicators

In order to assess the detection performance of our proposed improved model, we
utilize precision, recall, average precision (AP), mAP0.5, mAP0.5:0.95, number of model
parameter, model size, and detection speed as evaluation metrics. The calculation formulas
for each evaluation metric are as follows:

TP
Precision = ————— 14
recision TP - EP (14)
TP
Recall = TP + EN (15)

1
AP = / Precision(Recall)d(Recall) (16)
0
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Yii, APy
N
where TP represents the number of true positive samples correctly identified as positive,
TN represents the number of true negative samples correctly identified as negative, FP
represents the number of false positive samples incorrectly identified as positive, FN
represents the number of false negative samples incorrectly identified as negative, and AP
is the area under the precision-recall curve. N represents the number of classes (in this
paper, N is 7). mAPO0.5 represents the mean average precision when the detection model’s
IoU threshold is set to 0.5, and mAP0.5:0.95 represents the mean average precision when

the detection model’s IoU threshold is set to 0.5-0.95 (with a 0.05 interval).

mAP = (17)

4.4. Experiment Results
4.4.1. Comparison with YOLOv8

To validate the effectiveness of the proposed network model, we conducted objective
data comparative experiments and visual performance comparative experiments. The
improved model was compared with the original YOLOv8 model.

According to the results of objective data comparative experiments, as shown in
Table 5, it can be observed that, compared to the original YOLOv8n model, the improved
model in this study demonstrates superior detection accuracy, with a 1.5 percentage point
increase in mAP, reaching a maximum AP of 99.5%. Furthermore, the improved model
achieves a significant improvement in detection speed. Through the lightweight design
of the neck component, the detection speed is increased by 13% compared to the original
YOLOvS8n model. In summary, the improved model in this study not only enhances
detection accuracy but also improves detection speed, better meeting the performance
requirements for real-time detection of forestry pests.

Table 5. Experimental data comparison between the proposed model and the original YOLOv8 model

in this paper.
AP/%
Model N 3 5 N mAP/% FPS
Boerner Leconte Linnaeus Acuminatus Armandi Coleoptera Linnaeus
YOLOv8n 99.0 98.9 97.3 97.8 97.7 97.8 97.1 97.9 81
Ours 98.2 99.3 99.2 98.7 98.7 98.4 99.5 98.9 93

On the test set, the visual comparison experiment results between the YOLOv8n model
and the model proposed in this study are shown in Figure 8. From (a), it can be observed
that when directly using the YOLOv8n model for detection, issues such as missed detection,
false positives, and misclassification exist. In contrast, from (b), it can be seen that the
model proposed in this study accurately detects each pest in the image, including occluded
pest images, effectively addressing the aforementioned issues. Therefore, the detection
capability of the model proposed in this study is superior.

In order to visually demonstrate the performance of our method in predicting target
categories, we generated a visual representation of the confusion matrix, as shown in
Figure 9. The rows and columns of the confusion matrix correspond to the true and pre-
dicted categories, respectively. The values in the diagonal region represent the proportion
of correctly predicted categories, while values in other regions indicate the proportion of
incorrectly predicted categories. From Figure 10, it can be observed that in our algorithm,
the color in the diagonal region of the confusion matrix is darker compared to YOLOvVS8n,
indicating a significant enhancement in our model’s ability to accurately predict object
categories. However, for some small target pests such as armandi, coleoptera, acuminatus,
there still exists a possibility of being misclassified as the background. Through improve-
ments to the model, we have successfully reduced both the false-negative and false-positive
rates for these categories, further enhancing the overall performance of the model.
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Figure 8. Visual comparison of the original YOLOv8 Model and the model proposed in this paper.

(a) YOLOvVS8n; (b) our model.
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Figure 9. (a) Confusion matrix plot of YOLOv8n; (b) confusion matrix plot of our model.
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(a) original images (b) YOLOv8n (c) Ours

Figure 10. (a) Original images; (b) heat maps of YOLOv8n; (c) heat maps of our model.

4.4.2. Ablation Experiments

To comprehensively assess the effectiveness of the proposed forestry pest detection
method and the individual contributions of the key enhancements, a series of meticulous
ablation experiments were conducted in this study. These experiments systematically
explored the influence of the Slim-Neck design, the integration of the CBAM attention
mechanism, and the optimization of the WIoU loss function on model performance. The
algorithm’s accuracy and speed comparisons, with each improvement meticulously consid-
ered, are summarized in Table 6, where the presence of a / signifies the incorporation of
the respective enhancement point into the network.

The study leveraged Gradient-weighted Class Activation Mapping (Grad-CAM) [31]
to produce heat maps for both YOLOv8n and our model. These heat maps serve as
insightful visualizations, offering a clear depiction of the specific regions within the feature
map that attract the model’s attention. The gradients, derived through backpropagation of
the model’s confidence in output categories via Grad-CAM, are instrumental in crafting
these heatmaps. Notably, pixels exhibiting higher gradients in the feature maps are vividly
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illustrated with deeper shades of red, while those with lower gradients are elegantly
rendered in deeper shades of blue. The experimental results and accompanying visual
representations are depicted in Figure 10.

Table 6. Ablation experiment results.

Baseline +Slim-Neck +CBAM +WIoU Precision/% mAP0.5/% mAP0.5:0.95/% Recall/% FPS
95.6 97.9 78.6 94.5 81
\/ 96.6 98.3 81.0 97.3 94
YOLOvén J YV 97.2 98.6 81.4 97.4 89
v v Vv 98.1 98.9 82.3 97.6 93

Due to the mature recognition capabilities of YOLOvVS8 and the relatively simple
background of the pest dataset, the accuracy of the model is already high. As a result,
the improvements made in this study may not show a significant increase in accuracy.
However, the proposed methodology has indeed demonstrated enhanced model speed
and improved recognition abilities for small targets within YOLOvS. This bears substantial
research value in the field of forestry pest detection.

Through observation, it is evident that compared to YOLOv8n, our model demon-
strates superior performance in detecting small targets, effectively addressing potential
issues of missed detections in forestry pest detection. Our improvements are primarily
manifested in the optimization of model architecture and algorithms, as robustly validated
by experimental results. Specifically, the introduction of novel model structures, attention
mechanisms, and loss functions has successfully enhanced the model’s capability to rec-
ognize small-sized pests. This improvement not only reduces the occurrence of missed
detections quantitatively, but also achieves a more precise visual effect.

Our model provides a more reliable and accurate solution for forestry pest detection.
The outstanding performance is expected to yield significant benefits in practical appli-
cations, particularly in the efficient detection of small targets. These enhancements lay a
solid foundation for improving the practicality and operability of the model in the field of
forestry pest detection.

4.4.3. Comparison Experiment

To validate the superiority of our proposed model compared to current state-of-the-art
forestry pest detection models, we conducted comparative experiments using mAP@0.5,
Recall, and FPS as evaluation metrics. Our model was compared with Faster-RCNN, SSD,
YOLOV5, and recent literature models under the same experimental conditions.

According to the data in Table 7, it is evident that, in terms of detection accuracy,
our improved model demonstrates superior feature extraction capabilities through the
introduction of attention mechanisms and enhanced loss functions. Compared to Faster-
RCNN, SSD, YOLOVS5, the lightweight YOLOv4 model from literature [16], and YOLOv4-
TIA from literature [17], our approach exhibits stronger detection performance, better
suited for the precise localization and identification of forestry pests. In terms of detection
speed, our model, employing slim-neck design and Wise-IoU loss function, significantly
reduces computational burden, resulting in a speed increase of 12FPS compared to the
original YOLOv8 model. Overall, our model achieves a balance between accuracy and
speed, outperforming other network models using the same dataset in the past two years,
providing a high-precision and fast detection solution.
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Table 7. Comparison between the model proposed in this paper and other models.

Model mAP0.5/% Recall/% FPS/ -
(Frame s~ 1)

SSD 79.8 81.5 39
Faster-RCNN 86.5 84.3 17
Lightweight YOLOv4 [16] 93.7 92.9 76
YOLOV4-TIA [17] 84.5 91.2 65
YOLOvV5 91.6 92.5 66
YOLOv8n 97.9 94.5 81
Ours 98.9 97.6 93

5. Conclusions

Given the current challenges in forestry pest detection methods, including large model
parameters, slow detection speed, low accuracy, and issues such as missed detections, false
positives, and false negatives, this study proposes a forestry pest detection model based on
YOLOVS. To reduce computational complexity, the Slim-Neck approach is employed to
reorganize the neck portion of the YOLOvVS8 network, addressing resource limitations and
computational constraints for rapid deployment in forestry pest detection. Additionally,
the Channel-wise and Spatial-wise Attention Mechanism (CBAM) is introduced into the
backbone to enhance detection accuracy and overall performance while effectively address-
ing the challenges associated with missed detections and false positives for small-sized
pests. The Wise-IoU improved loss function is integrated, along with a dynamic sample
allocation strategy, reducing the model’s focus on extreme samples and enhancing overall
performance. Experimental results demonstrate that the proposed method exhibits efficient
learning and high recognition accuracy, with the model achieving a maximum detection
accuracy of 99.5%. Moreover, the detection speed surpasses that of other mainstream
network models. Ablation experiments confirm that each improvement contributes to the
enhancement of algorithmic performance. Visualization through confusion matrices and
heatmaps illustrates a significant enhancement in the model’s feature extraction capability,
substantially improving the detection accuracy and overall performance for small targets.
Comparative experiments with other mainstream network models demonstrate a balanced
trade-off between accuracy and speed, providing a high-precision and efficient solution
for forestry pest detection. Due to the singularity of the background of the experimen-
tal dataset, future work could further explore the model’s scalability and generalization
capabilities for better adaptation to diverse environments and scenarios.
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