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Abstract: Citrus pests pose a major threat to both citrus yield and fruit quality. The early prevention
of pests is essential for sustainable citrus cultivation, cost savings, and the reduction of environmental
pollution. Despite the increasing application of deep learning techniques in agriculture, the per-
formance of existing models for small target detection of citrus pests is limited, mainly in terms of
information bottlenecks that occur during the transfer of information. This hinders its effectiveness
in fully automating the detection of citrus pests. In this study, a new approach was introduced to
overcome these limitations. Firstly, a comprehensive large-scale dataset named IP-CitrusPests13 was
developed, encompassing 13 distinct citrus pest categories. This dataset was amalgamated from
IP102 and web crawlers, serving as a fundamental resource for precision-oriented pest detection
tasks in citrus farming. Web crawlers can supplement information on various forms of pests and
changes in pest size. Using this comprehensive dataset, we employed the SPD Module in the back-
bone network to preserve fine-grained information and prevent the model from losing important
information as the depth increased. In addition, we introduced the AFFD Head detection module
into the YOLOv8 architecture, which has two important functions that effectively integrate shallow
and deep information to improve the learning ability of the model. Optimizing the bounding box
loss function to WIoU v3 (Wise-IoU v3), which focuses on medium-quality anchor frames, sped up
the convergence of the network. Experimental evaluation on a test set showed that the proposed
SAW-YOLO (SPD Module, AFFD, WIoU v3) model achieved an average accuracy of 90.3%, which
is 3.3% higher than the benchmark YOLOv8n model. Without any significant enlargement in the
model size, state-of-the-art (SOTA) performance can be achieved in small target detection. To validate
the robustness of the model against pests of various sizes, the SAW-YOLO model showed improved
detection performance on all three scales of pests, significantly reducing the rate of missed detections.
Our experimental results show that the SAW-YOLO model performs well in the detection of multiple
pest classes in citrus orchards, helping to advance smart planting practices in the citrus industry.

Keywords: computer vision; digital agriculture; pest detection; small target; information bottleneck

1. Introduction

As the cornerstone of global food security, agriculture is intrinsically linked to human
survival and economic prosperity [1]. In China, a renowned agricultural powerhouse,
the vitality of agriculture is closely linked to people’s livelihoods. However, agricultural
productivity has long been threatened by a number of factors, of which pests are the
most worrisome [2]. Citrus is one of the most important fruit commodities in the world
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and is grown commercially in more than 137 countries with a production of more than
140 million tonnes [3]. However, citrus faces widespread challenges from pests that pose a
significant obstacle to optimal citrus production and economic viability [4]. Major pests of
citrus include the citrus looper, citrus whitefly, citrus fruit fly, red wax scale, and brown
shield sheller, which cause deleterious effects on citrus cultivation such as leading to de-
creased yields and reduced fruit quality. For example, the harmful effects of red wax scales
and brown shield shellers manifest themselves as parasitism on citrus leaves, leading to
discoloration, drying out of the leaves, and possibly even death of the plant. Therefore,
real-time, accurate, and automated pest detection and prediction mechanisms are partic-
ularly important during citrus cultivation. Traditional pest monitoring methods, which
rely on manual identification by entomologists or technicians, have proved to be subjective,
labor-intensive, and not applicable on a large scale [5]. To address these shortcomings
and reduce the high costs for fruit farmers, the development of simplified and effective
pest detection technologies is imperative. With the popularity of camera-equipped and
Internet-enabled machine vision systems, computer vision technology provides a new
avenue for automated monitoring of modern crop pests and diseases, greatly improving
the monitoring efficiency [6]. Notably, the emergence of deep learning has made significant
breakthroughs in this field, with better results than traditional methods [7]. In light of
this, the integration of advanced deep learning methods is a key strategy to strengthen
the citrus industry against various pests while increasing citrus yields. To address the
above issues, our contributions are as follows: (1) We constructed a citrus pest dataset,
IP-CitrusPests13, for citrus pest small target detection training. (2) We proposed an SPD
Module and AFFD detection header with innovative WIOU loss function. (3) The model
has SOTA performance in multi-category detection, multi-scale detection, while keeping
the number of parameters low.

Subsequent sections of this paper delineate the relevant literature (Section 2), describe
the dataset creation and modeling methodology (Section 2), elucidate the machine learning
experiments conducted (Section 2) and, finally, draw comprehensive conclusions (Section 3).

2. Materials and Methods

In recent years, deep learning methods have gained significant momentum in the field
of agricultural technology, particularly in the area of pest detection. This technological
change has revolutionized traditional agricultural practices, resulting in significant cost
savings, increased detection efficiency, and improved profitability. In the field of pest
identification, popular deep learning architectures include deep autoencoders (DAE), con-
volutional neural networks (CNN), etc. Subsequent advances in deep learning-based object
detection algorithms can be categorized as follows: 1. Derived from CNN architectures,
there are region proposal-based approaches such as fast R-CNN [8], faster R-CNN [9],
masked R-CNN [10]; regression-based approaches such as YOLO [11–13] and SSD [14].
2. Transformer-based object detection algorithms utilize a query mechanism to process and
predict the location and category information, such as DETR [15], Swin Transformer [16],
and ViDT [17]. The Transformer architecture has demonstrated exceptional deep learn-
ing capabilities, consistently outperforming CNNs in a variety of downstream tasks [18].
However, its complex architecture and the need for high-quality datasets pose significant
challenges for its practical application. In the context of agricultural object detection, YOLO
is more promising to strike a balance between accuracy and lightweight implementation.
Notably, ref. [19] facilitated target detection and occlusion level discrimination in strawber-
ries using YOLOv7, enabling fast and accurate detection under complex environmental
conditions. In addition, ref. [20] introduced patches by enhancing the YOLO framework
by increasing the focus on small samples, resulting in a very satisfactory classification
model for bedbugs. Furthermore, ref. [21] introduced an innovative and efficient fully-
connected bottleneck transformer module, which significantly improved the performance
at a relatively low computational cost. Great strides have also been made in automated
detection methods for citrus pests. For instance, ref. [22] employed AR-GAN to auto-
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matically scale citrus pests and implemented transfer learning on augmented data (e.g.,
ResNet50, VGG16 and MobileNetV2), all of which yielded commendable results. Ad-
ditionally, ref. [23] designed a two-stage end-to-end classification and detection model
to handle disease detection tasks of three common citrus diseases with an accuracy of
up to 86.2%. Also, ref. [24] used an improved R-CNN for detecting small citrus targets
with a mAP score improvement of 21% compared to other models. However, existing
public datasets on citrus pests focus mainly on specific classes and sizes. This neglect
hampers the model’s performance in coping with pest size variations, which is particularly
evident in the detection of small target objects. In addition, the intricate biodiversity and
morphological similarities among pests pose significant challenges for accurate detection.
For example, it is still difficult to distinguish closely related species (e.g., cotton-striped
nightshade moths and sea grey-winged nightshade moths) by limited phenotypic features
alone. Detection of pests on plant surfaces is also a formidable challenge due to their small
size and camouflage.

In small target detection, ref. [25] innovatively proposed a novel convolutional ap-
proach for low-resolution images and small objects, demonstrating excellent results.

Attention mechanisms were shown to be effective in image feature focusing and ref. [21]
used a variant of self-attention in order to address the inefficiency of detection of rice pests.
Interestingly, ref. [26] used a modified YOLOv4-Tiny and denoising autoencoder (DAE)
to obtain end-to-end segmentation masks for cracked objects. The Convolutional Block
Attention Module (CBAM) was added to the input and fusion stages of the FPN to create
an Attention Feature Pyramid Network (AFPN) to compensate for the accuracy loss of
YOLOv4-Tiny. The above attention mechanisms are computationally expensive and have
high memory footprint or ineffective attention; ref. [27] creatively proposed Bi-level Routing
Attention, which used sparsity to improve the attention mechanism with more flexible
and content-aware computational allocation. Structure reparameterization can maximize
the parameter utilization of the model; ref. [28] introduced a multi-branch structure with
different sensing fields and different levels of complexity, which can significantly improve
the accuracy of the original model, and can increase the point without loss under the
premise that the model structure, computation, and inference time are all unchanged.

To address these challenges, this study is dedicated to achieving a small target detec-
tion of citrus pests. We propose a novel target detection algorithm, SAW-YOLO, based on
YOLOv8 [29]. Our contributions include the construction of the IP-CitrusPests13 dataset,
which consists of 13 classes and 7844 labeled samples derived from IP102 [30] and web
crawling techniques. In addition, we introduce the SAW-YOLOv8 variant model, which
is adept at capturing comprehensive semantic information, achieves multi-level feature
extraction, and deep information integration, and efficiently handles low-resolution objects
through the careful optimization of the network Backbone, Head, and training strategies.
The experimental results show that our proposed SAW-YOLO model performs well in
detecting small-target objects of complex categories, while being able to balance the per-
formance of medium and large targets thus facilitating the advancement of citrus pest
management and reducing yield loss, while laying a solid foundation for future research
on citrus pest detection models.

2.1. Data Collection and Preprocessing

Citrus pest detection often presents more uncertainty in application scenarios. This is
mainly reflected in the fact that there are more than 20 citrus pest categories, while most
existing detection data and studies are on a single type of adult Lepidoptera pests under
flytrap light. In order to solve the above problems, this study proposes a new method
to address the challenge of detecting 13 major pests common to citrus plants, including
larvae and adults of Lepidoptera types, Homoptera aphids, and ticks and mites, etc., and
to meet the demand of detecting pests with different morphologies and different growth
cycles in agriculture. Based on the IP102 large dataset, we constructed the IP-CitrusPests13
dataset using a large web crawler, which is a key element of our study. Under the careful
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supervision of domain experts, we rigorously annotated this dataset, setting a new standard
for our experimental enquiry. We used python to build a crawler script that screens and
downloads publicly licensed citrus pest images locally. During the data annotation phase,
we used the native YOLO format to annotate the data set based on the category information
provided by IP102. In addition, we divided the dataset into training, validation, and test
sets in the ratio of 7:2:1. In addition to the above division of pest categories, in order to
evaluate the model’s ability to detect small targets, we divided all pests into three categories
based on the size of the pixels occupied by the photographed pests, as shown in Table 1.
As shown in Figure 1, we used the COCO assessment metrics [31] and assigned each pest
sample to a size-based tier—small, medium, or large—based on its pixel area footprint.
According to COCO indicators, Small is the small goal, representing area < 322, medium is
the medium goal, representing 322 < area < 962, large is the large goal, and area > 962.

Table 1. Classification categories of the study area and the number of training samples, validation
samples, and test samples for each category.

Class Species Name
(Average Length (mm))

Training
Samples

Validation
Samples

Test
Samples

1 Adristyrannus (96–106) 277 76 44
2 Aleurocanthus spiniferus (1–1.3) 2164 596 365
3 Bactrocera tsuneonis (9.9–12) 104 17 20
4 Ceroplastes rubens (1–2.5) 236 75 22
5 Chrysomphalus aonidum 773 122 79
6 Panonchus citri McGregor (1.5–2) 346 83 26
7 Papilio Xuthus (3–40) 290 90 48
8 Parlatoria zizyphus Lucus (1.5–2) 63 15 7
9 Phyllocnistis citrella Stainton (0.5–4) 62 24 15

10 Phyllocoptes olives ashmead (0.1–1) 242 123 32
11 Prodenia litura imago (14–20) 133 46 19
12 Prodenia litura larvae (14–40) 225 58 36
13 Toxoptera aurantii (0.2–0.5) 552 264 75

Small 1049 334 155
Medium 2432 612 336

Large 1986 643 297
Total 5467 1589 788
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2.2. Model Design
2.2.1. The Structure of the YOLOv8 Model

YOLOv8 [29] is a cutting-edge algorithm in the deep learning paradigm, known for its
fast processing speed, high accuracy, and streamlined parameters tailored for object detec-
tion tasks. The iterated YOLO architecture consists of the following three main parts: Back-
bone, Neck, and Head. In YOLOv8, the Backbone module has been significantly improved
by borrowing advanced design principles from the ELAN framework of YOLOv7 [32]
and thus replacing the C3 structure of YOLOv5 [33] with a gradient-flow-enhanced C2f
architecture. YOLOv8 has made a slight modification to the number of channels for models
of different sizes. A minor adjustment was made. By keeping the width and height di-
mensions of the input feature layers consistent, YOLOv8 enhances inter-layer interactions
through scaling, random combining, and connectivity operations to continuously improve
the learnability of the network. The injection of the C2f architecture brings about a prolifer-
ation of hopping connections and introduces a new splitting operation, which ultimately
significantly improves model efficiency. Meanwhile, the Head module has been redesigned
with a mainstream decoupled architecture that separates the classification and detection
functions distinctly. Unlike its anchor-based predecessor, YOLOv8 employs an anchorless
mode, thereby simplifying the detection process. YOLOv8 draws on the experience of the
last 10 epochs of YOLOX [34] and strategically omits mosaic data augmentation during the
model training process, which improves the accuracy of the model. As a result, YOLOv8
demonstrated superior performance benchmarks, affirming its position as the premier
algorithmic solution for pest detection in citrus growing environments.

2.2.2. The Method of Improved YOLOv8n Model

In this study, we made advanced modifications to YOLOv8, culminating in the SAW-
YOLO architecture shown in Figure 2, which improved the accuracy as well as lightweight-
ing of the algorithm for small-target pest detection. The architectural foundation of the
backbone network integrates quadruple space-to-depth (SPD) modules that are based
on SPD-Conv [25], so we proposed the SPD Module, a plug-and-play minimalist deep
extraction module. It is capable of extracting multi-scale features of pests, preventing large
information loss during feature extraction for small-target pests, and its conversion of
spatial data into deep information representation minimized information loss. The Atten-
tional Feature Fusion Distribution (AFFD) head fuses the previously extracted multilevel
features, and its two inputs and two outputs make it different from the common structures.
Thus, we designed an innovative AFFD structure with two innovative functions as follows:
1. To provide an auxiliary detection role, as well as capable of fusing the shallow and
deep information and tracing it back to the deep structure. 2. To act as a detection head,
focusing on the detection of small targets. The combination of the two functions in one
structure maximizes the use of parametric rates and information. Finally, the bounding
box regression loss function is carefully improved using Wise-IoUv3 [35] to mitigate the
detrimental effects of poor-quality detection frames to improve the discriminative accuracy
of the model and speed up convergence.

1. SPD Module

In specialized use cases such as pest detection, redundant data may be reduced after
convolutional down-sampling, especially when dealing with microscopic or small-scale
pests. As the number of layers increases, this often leads to the loss of a large amount
of critical information, called the “information bottleneck” [36]. This is manifested by
information provided to the objective function (Equation (1)) to compute varying degrees
of loss [37], and misinformation being provided to the model for unreasonable reference.
The information bottleneck will change the bounding box IOU predicted by the model,
and for a single pest detection, will incorrectly predict the targets within the bounding
box, causing both FN and FP in Equations (9) and (10) to increase, and decreasing the
performance of Equations (11) and (12).
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In order to address the above issues, we designed the SPDModule structure. In the
process of down-sampling, by transforming the image spatial information into channel
information, this idea does not lead to information loss compared to the general down-
sampling methods.

This structure combines SPD-Conv and the lightweight C2f module in YOLOv8n.
Since SPD-Conv increases the computational effort and, after experiments in the YOLOv8n
backbone, when the SPDModule is increased to the 5th, the model accuracy no longer
improves significantly but brings about a larger computational effort, we used 4 such
structures to find a compromise between the accuracy and the number of parameters.
Meanwhile, a single SPD Module with shallow layers and simple structure was immediately
followed by the next SPD Module after it had extracted the key information. We use a
compact module approach to combine the simple serial structures, and this multi-scale
structure will provide help for subsequent feature fusion, while ensuring that it will
not fall into the problem of information bottleneck again during the C2f downscaling
process. Our approach employed the SPD convolution (space-to-depth) technique to
meticulously capture the nuances of individual pest details in shallower layers, as shown
in Figure 3. This technique ensured that the relevant information was retained throughout
the down-sampling phase. We started with a feature map of size S × S × C1 and used a
space–depth strategy to segment the tensor of the four neighboring channels on the feature
map. By connecting these tensors counterclockwise, the number of channels is effectively
quadrupled while the spatial size is simultaneously halved. After the space-to-depth
operation, the feature map is subjected to a span-free convolution with a span length of
1. The final output tensor size is (S/2)× (S/2)× C2 thus refining the granularity of the
feature representation.
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2. Attention Feature Fusion Distribution Head, AFFD-Head

Inspired by Gold-YOLO [38], we proposed a novel pest identification method, which
required two inputs to generate two outputs at the same time and was capable of extracting
information from the pyramid in the form of extracting information in Gold-YOLO, aggre-
gating the information and focusing on and distributing the important information, which
is a process that greatly enhances the feature fusion capability of the model. At the same
time, based on this, we use it in the Neck part of the model to be able to focus on detecting
small target objects. These dual-input and dual-output forms realizes two functions in
one structure. After the experiments, the output of the SPD Module in the second stage
provides the best information, which retains the initial small target information. To ensure
that the shallow and deep information could be fused with each other, we used the Bi-Level
Routing Attention (BRA) mechanism [27]. The structure pays attention to the focused
information in the small target before performing feature fusion in the deep and shallow
layers. As shown in Figure 4, BRA is based on query-based operations and is adept at
discovering broad contextual relevance, which is crucial for pest classification. The BRA
enables the coupling of small target information and deeper information in the features,
rather than mere superposition.

In the AFFD head architectures, the final output module bears a dual key objective
as follows: Firstly, it must integrate the antecedent features and share them with the
depth detection branch; secondly, it is responsible for providing salient information to
the detection head. This information is then processed to generate spatial coordinates
and classification data relevant to the detection task. As shown in Figure 5, our proposed
approach employs the Diverse Branch Block (DBB) [28] configuration in the output segment
of the AFFD header. Addressing the first requirement, the DBB architecture features a
heavily parameterized design that optimizes learning in the training phase of the model
through a multi-branch structure. This framework not only embodies an innovative
information integration strategy that improves the robustness of multi-pest identification.
For the second requirement, parameter transformations integrate the multi-branch model
into a single structural entity throughout the testing phase. This synthesized information
was then passed to the detection head. Although it is ultimately reduced to a single
K ∗ K convolution, which appears to be structurally like a direct application of the K ∗ K
convolution. This structure retains the superior fitting ability inherent in multi-branch
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structures. It enhances the model’s ability to learn nonlinear features without incurring
additional computational costs in the inference process thus reducing the processing load
on the detection head.
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In this study, we describe the multi-scale feature fusion extraction mechanism used
in the novel YOLOv8 architecture that increases the model’s ability to detect small target
objects. Specifically, the YOLOv8 header pyramid architecture utilizes features extracted
from the backbone network and injects these features into the AFFD. This integration
is further enhanced by linking them with deeply improved features. After fusion, the
enriched features are propagated into the down-sampling frame. This approach ensures
that the extracted features are fully propagated across various detection heads, which,
in turn, substantially enhances the semantic description of pests at multiple scales. This
advancement helps to enrich the semantic information of pests at different scales and
enhances the robustness and accuracy of pest detection under different scale variations.

3. Loss Function: Wise-IOUv3

The loss function of YOLOv8 consists of classification loss, localization loss, and
object loss.

Loss = λobj ObjLoss + λcls Cls Loss + λloc Loc Loss (1)

The parameters λobj, λcls, and λloc are used to balance the various loss terms and are
adjusted according to the specific problem at hand. Bounding box regression (BBR) is a
critical factor that directly affects the model’s localization performance.
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The original YOLOv8 utilizes the Complete-IoU Loss (CIOU Loss) for bounding box
regression. This loss function factors in the intersection area by considering the central
point distance and aspect ratio differences between the predicted anchor boxes and the
ground truth target boxes. As shown in Figure 6, red represents the ground truth target
box, and blue represents the anchor boxes predicted by the model. Upon evaluation with
our experimental dataset, it became evident that the training subset inevitably comprised a
proportion of low-quality instances. This presence has a detrimental effect, as the CIoU
Loss disproportionately penalizes these instances, which, in turn, impairs the model’s
ability to generalize. Consequently, this observation prompted an investigation into the
potential recalibration of the loss function to mitigate this issue and enhance overall model
robustness.

LCIOU = 1 − IOU +
ρ2(p, pgt)

c2 + αV (2)

V =
4
π2

(
arctan

wgt

hgt − arctan
w
h

)2

(3)

α =
V

(1 − IOU) + V
(4)
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As shown in (2), p and pgt represent the centroids of the anchor box and the detection
box, respectively, and ρ(·) =

∣∣∣∣p − pgt
∣∣∣∣2 denotes the Euclidean geometric distance. c is

the length of the diagonal of the minimum enclosing box covering the anchor box and the
detection box. V and α represent the consistencies of the aspect ratios of the two target
boxes, while wgt and hgt represent the width and height of the target box, and w and h
represent the width and height of the anchor box. During the experimental phase, we
inevitably encounter certain suboptimal or even erroneous anchor boxes. This necessitated
adjustment in the model’s loss function to prioritize medium-quality instances more heavily,
simultaneously diminishing the emphasis on superior-quality anchor boxes and mitigating
the detrimental impact of their inferior counterparts. In particular, the existing dataset
comprises a substantial volume of diminutive target entities, with a pronounced prevalence
in categories such as Chrysomphalus aonidum and Panonchus citri McGregor. The small scale
of these targets presents a significant challenge in feature extraction, exacerbated by the
presence of low-quality anchor boxes, which, in turn, has a non-negligible effect on the
degradation of detection efficacy. The conventional CIoU loss function, as implemented in
YOLOv8, does not adequately measure the differences between bounding boxes and their
respective anchors, leading to suboptimal convergence rates and less precise localization
within the ambit of the AFFD model’s optimization process. In response, SAW-YOLO
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integrated Wise-IoU v3 [35] instead of CIoU. The revised loss function is delineated by the
following equations:

LWIoUv3 = rRWIoU LIoU , r =
β

δαβ−δ
(5)

RWIoU = exp

(
x − xgt

)2
+

(
y − ygt

)2(
W2

g + H2
g

)∗
 (6)

LIoU = 1 − IoU (7)

β =
L∗

IoU

LIoU
∈ [0,+∞) (8)

In the proposed model, the RWIoU metric is preferentially employed to quantify the
distance between the anchor box and the center of the target box. RWIoU rigorously
evaluates the spatial proximity of the anchor and target boxes by emphasizing their central
alignment. WIoU v3 incorporates a dynamic non-monotonic attention mechanism which
utilizes a concept designated as “outlierness” to supplant the traditional Intersection over
Union (IoU) metric in assessing the efficacy of anchor boxes. This innovative framework
facilitates an astute allocation strategy for gradient gains. The dynamic nature of the Liou
metric ensures that the YOLOv8 algorithm continuously adapts its gradient gain allocation
strategy to optimally correspond with the conditions at each discrete juncture throughout
the training phase. In contrast to conventional methods, the non-monotonic aspect of
the mechanism permits fluctuations in gradient gain that are not strictly dependent on
incremental changes in the loss value. Such a methodology diminishes the competitiveness
of superior anchor boxes, while attenuating the detrimental gradients engendered by lower-
quality examples. Consequently, this tactic enables WIoU to prioritize anchor boxes of
median quality, culminating in an enhanced aggregate performance of the detection system.

2.2.3. Training Environment and Evaluation Indicators

In this study, model training was performed on a computer with the Ubuntu 20.04
operating system. The CPU configuration of the computer was 12 vCPU 2.50 GHz. The
GPU was RTX 3080 (10 GB), and the experimental environment was based on Python 1.11.0
and Python 3.8. The relevant hyperparameters of the experimental model were set as
follows: The model accepts images with a resolution of 640 × 640 pixels as the standard
input, the initial learning rate is 0.01, the initial momentum of the learning rate is 0.937,
and the optimizer uses SGD. Taking into account the variations in the model size and the
training speed in the experiments, the number of training batches is 8 per training batch
and 200 training iterations.

On the test dataset, we used several evaluation metrics to assess the performance of
the trained models. All samples were classified into four types, namely true positive (TP),
false positive (FP), true negative (TN), and false negative (FN). Precision (P) and recall (R)
are defined based on the number of these four sample types using the following equations.
The P–R curve was plotted with P as the vertical axis and R as the horizontal axis. Since the
formulas for P and R are mainly for positive samples TP, to measure the relative weights
of precision and recall at the same time, AP is defined as the area under the P–R curve. AP
measures the sensitivity of the network in recognising the target object, especially when
dealing with unbalanced categories. It is often used to measure the accuracy of the model
in different categories, not just the overall accuracy. mAP is the average of the APs of all
categories, where C represents the number of pest categories. In this experiment, mAP was
mainly used and, whose subscripts represent the average accuracy with IoU greater than
or equal to 50 and the range of IoU between 0.5 and 0.95, respectively.

Precision =
TP

TP + FP
× 100% (9)
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Recall =
TP

TP + FN
× 100% (10)

APk =
∫ 1

0
P(Rk)dRk (11)

mAP =
1
C

C

∑
j

APj (12)

3. Results and Discussion
3.1. The Comparison of Various Mainstream Models
Accuracy Comparison

In this study, we provide a comprehensive comparison of the SAW-YOLO model
with mainstream YOLO frameworks, including the YOLOv8m, YOLOv8n, YOLOv8L,
and YOLOv7, as well as the YOLOv5 family, and with single-stage detector models such
as SSD and YOLOX. In addition, we compared them with the state-of-the-art two-stage
detection models Faster RCNN and RCNN. Table 2 lists the experimental results and
parameter comparisons between SAW-YOLO and these mainstream models under the
same hyperparameter conditions. The experimental results show that SAW-YOLO has a
high advantage in terms of the number of parameters and model detection performance,
which is mainly reflected in the fact that it still maintains the leading performance compared
to YOLOv8s, which has 243% of the number of parameters of SAW-YOLO. The overall
precision and recall achieved SOTA in the field of citrus pest detection.

Table 2. Comparison of metrics in various mainstream models.

Models mAP50 mAP@0.5:0.95 mAR@0.5:0.95 Params(M)

SwinTransformer 72.9 47.2 60.6 68.752
SSD 69.7 44.4 54.7 25.35

Faster-RCNN 78.3 45.8 55.5 51.753
YOLOv3 89.1 76.1 78.1 61.588

YOLOv5n 87.5 70.2 79.2 3.247
YOLOv6n 88.3 72.5 78.7 4.239
YOLOv8n 87.0 71.1 77.9 3.157
YOLOv8s 89.4 75.7 79.5 11.141
YOLOx-s 81.2 63.2 64.3 8.942

SAW-YOLO 90.3 74.3 80.5 4.58

3.2. Ablation Experiments

To determine the efficacy of the model in identifying citrus pests, we used an ablation
study based on the YOLOv8n architecture. Each improvement method was methodically
integrated into the YOLOv8n framework and benchmarked against the SAW-YOLOv8n
variant. The hardware environment and parameter configurations were kept consistent
during the training of all models. Table 3 shows a series of model enhancement strategies
and their corresponding performance metrics. The results show that SAW-YOLOv8 outper-
formed the benchmark YOLOv8n and other enhancement methods in terms of both metrics
and indices. The tabular data shows that SAW-YOLO improved these two metrics on the
test set by 3.3% and 3.2%, respectively, compared to the benchmark YOLOv8 model. With
the addition of the SPD Module to the model, SAW-YOLO improved by 1.4 percentage
points on each of these metrics, highlighting the key role of the SPD Module in exploit-
ing shallow image data. After adding the AFFD-Head to the initial model, SAW-YOLO
improved by 0.3 and 0.1 percentage points on both metrics, respectively. When the SPD
Module was used together with the AFFD, the improvements were not linearly additive,
and the improvements were 2.1 and 2.6 percentage points, respectively. In the case of a
single AFFD-Head role, the metrics did not perform as well, and the SPD-Module was able
to retain and provide more information to the AFFD-Head during the forward process
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to alleviate the information bottleneck. This experiment demonstrated the key role of
SPD-Module and AFFD in the overall architecture, greatly improving the model’s detection
capability. The optimization of the loss function by WIoUv3 improved the model’s focus on
the quality of the medium detection frames and sped up the convergence of the model. As
shown in Figure 7, our novel bounding box regression loss function is more advantageous
than the traditional loss function. On the one hand, after using the innovative WIOU
loss function, the box_loss curves of SAW-YOLO are all far below in the baseline model
YOLOv8n, which indicates that WIOU accelerates bounding box convergence. On the other
hand, the most obvious feature of the information bottleneck is that as the depth deepens, it
is difficult for the model to localize the real pests to determine the bounding box, and even
if the categories are identified based on the features, their localization errors are often large.
Without affecting d f l_loss and cls_loss, SAW-YOLO is tuned for bounding box regression
to improve performance. In addition, Figure 8 shows the performance metrics trajectories
of SAW-YOLO and YOLOv8n, where SAW-YOLO shows significant improvement in both
recall and metrics. To evaluate the precision of the detection algorithm, we adjusted the
confidence thresholds of the test image set to generate precision–recall (P–R) curves for the
13 pest categories, as shown in Figure 9. Compared to YOLOv8n, the per-category curves
in SAW-YOLO are more compact and have higher precision.

Table 3. Comparison of ablation experiments of the improved YOLOv8n models and the SAW-
YOLO model.

Methods SPDM AFFD WIoUv3 mAP50 mAP@0.5:0.95 mAR@0.5:0.95 FPS Params(M)

YOLOv8 87.0 71.1 3.16 120.8 6.2M
YOLOv8+SPDM

√
88.4(+1.4) 72.8(+1.7) 4.19 117.7 8.2M

YOLOv8+AFFD
√

87.3(+0.3) 71.2(+0.1) 3.43 81.9 6.9M
YOLOv8+WIoUv3

√
88.6(+1.6) 72.1(+1.0) 3.16 124.8 6.2M

YOLOv8+S+A
√ √

89.1(+2.1) 73.7(+2.6) 4.58 81.8 8.8M
YOLOv8+S+W

√ √
89.3(+2.3) 73.1(+2.0) 4.19 98.4 8.2M

YOLOv8+A+W
√ √

88.2(+1.2) 72.5(+1.4) 3.43 89.0 6.9M
SAW-YOLO

√ √ √
90.3(+3.3) 74.3(+3.2) 4.58 82.9 8.8M
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3.3. Performance of Multi-Scale Object Detection

In this study, we collected a comprehensive dataset of 5,000 images covering 13 different
categories. A large portion of the dataset (1257 images or 22.3%) was composed of small
target entities (scale not exceeding 32 × 32 pixels), representing cumulatively 5645 targets.
The tiny scale of these entities posed a considerable challenge to pest detection algorithms.
Table 4 summarizes the results of the analysis of this experiment, demonstrating the
algorithm’s ability to detect pests on small targets. SAW-YOLO achieves SOTA on small
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targets with a very small number of parameters, and even though our baseline model is
YOLOv8n, compared to the larger YOLOv8s, YOLOv3, Faster-RCNN, and SwinTransformer
models, our model still outperformed the best of them by 2.3%, with only 40% or more of
the number of parameters. The model parameter is only 40% or less of theirs. The inferential
analyses derived from these metrics show that the SAW-YOLO model has superior detection
capabilities for small target pests, exceeding the performance benchmarks set by other
leading models in the field. The results of our model’s detection performance for small
targets are shown in Figure 10, model exhibit detection performance for small targets in
dense pest scenarios of different sizes. The Grad-CAM maps for the SAW-YOLO and
YOLOv8n models are shown in Figure 11, respectively. In order to verify the robustness
of the model, as in Figure 12, the detection results of the model for multiple scales were
demonstrated, which helped to corroborate the strong fitting performance of the model for
application scenarios with multiple sizes of pests.

Table 4. Comparison results of different object detection methods.

Models mAP@0.5:0.95
(small)

mAP@0.5:0.95
(medium)

mAP@0.5:0.95
(large)

Params(M)

SwinTransformer 31.3 43.4 53.0 68.752
Faster-RCNN 26.3 41.9 51.4 51.753

YOLOv3 47.9 68.48 85.0 61.588
YOLOv5n 28.6 70.1 80.6 3.247
YOLOv6n 41.6 66.7 81.7 4.239
YOLOx-s 30.6 51.1 63.0 8.942
YOLOv8n 37.8 60.1 76.0 3.157
YOLOv8s 43.0 70.3 84.5 11.141

SAW-YOLO 45.3 70.8 77.4 4.58
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inal images, (b,e,h) and (c,f,i) respectively illustrate the Grad-CAM effects post feature aggregation
in the deep layers of the SAW-YOLO and YOLOv8n models.
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Figure 12. The detection comparison of SAW-YOLO and YOLOv8n models at different scales. Arrows
pointing to pests indicate that the YOLOv8n model made repeated detections of the target; circles
indicate missed detections by YOLOv8n. Picture frame categories in picture (d,g) are both Toxoptera
aurantii and Aleurocanthus spiniferus.
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4. Conclusions

In this study, we built the IP-CitrusPests13 dataset containing 13 common citrus pests
with multiple morphologies of the pests for different scenarios. The longstanding problem
of focusing solely on a single pest category and morphology in this field has now been
effectively resolved. We constructed a SAW-YOLO network model based on YOLOv8n
for solving the problem of difficult detection of small targets of citrus pests in agriculture,
Using the SPD-Module, we enhanced the accurate detection of small-target citrus pests,
effectively reduced the loss of information in the transmission process, and solved the
information bottleneck problem in the dissemination process. The AFFD head fully mines
and pays attention to the features obtained through the SPD-Module, fuses and distributes
them with the information from the pyramid structure and, at the same time, acts as a
small target detection head, achieving dual functionality within a single structure. After
the experiments, the model improved by 3.3% and 3.2% to 90.3% and 74.3%, respectively,
in the whole dataset. In terms of small target pest detection, SAW-YOLO shows satisfactory
performance with a 7.5% improvement in metrics over the initial YOLOv8n, and the model
even outperforms the existing state-of-the-art YOLOv8s with larger parameters in detecting
small and medium-sized targets, and the SAW-YOLO parameter is only 41.1% of that of the
YOLOv8s. Thus, our model has better performance and more efficient parameter utilization.
We tested our model against three different sizes of pests and verified that SAW-YOLO
has strong robustness. Based on this, we plan to optimize the parameter computation of
this high performance and lighter model and deeply explore on model pruning and neural
network search, so that it can be applied to IoT deployment for precision agriculture.
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