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Abstract: In a greenhouse environment where tomatoes are grown, pests in yellow sticky traps need to
be detected in order to control the pest population. However, tomato pests typically found on yellow
sticky traps are small in size and lack distinct visual features, making it difficult for convolutional
networks to extract sufficient contextual information, thereby rendering the tasks of localization and
classification exceptionally challenging. In this work, an improved approach based on the advanced
object detection model You Only Look Once version 7-tiny (YOLOv7-tiny) is introduced, aiming to
enhance the accuracy of detecting small tomato pests while maintaining computational complexity.
Firstly, a context information extraction block (CIE) based on a Transformer encoder is proposed,
and this block aims to capture global context, explore potential relationships between features, and
emphasize important characteristics. Secondly, an Tiny-ELAN fusion network is introduced, which
enhanced the feature fusion ability of the network. Thirdly, the feature fusion part takes the P2
feature layer into account and adds a P2 small target detection head. Finally, the SCYLLA-IoU (SIoU)
loss function is introduced, and its components are redefined to incorporate direction information,
which enhances the model’s learning ability and convergence performance. Experimental results
show that our method can accurately detect three insects: whitefly (WF), macrolophus (MR), and
nesidiocoris (NC) in the yellow sticky trap images of tomato crops. Compared with Faster R-CNN,
SSD, YOLOv3-tiny, YOLOv5s, YOLOv7-tiny, YOLOv7, YOLOvV7-x, YOLOv8n, YOLOv8s, YOLOv10n,
and RT-DETR, the mean average precision of our method increased by 3.14%, 11.8%, 4.7%, 4.7%,
4.4%, 3.5%,2.9%, 4.6%, 4.4%, 4.2%, and 4.2%, respectively.

Keywords: pest detection; YOLOvV7; Transformer encoder; computer vision; deep learning

1. Introduction

In recent years, with economic development and the implementation of various
policies to encourage agricultural science and technology, China’s greenhouse vegetable
technology has rapidly advanced. This progress has led to continuous improvements in
the quality and yield of vegetables, with tomatoes being one of the most widely cultivated
crops [1]. As a significant global fruit, tomatoes hold an important position in China’s
national economy [2]. Tomatoes are frequently subject to pest infestations, with whiteflies
being a particularly prominent threat. These pests feed on the sap of tomato plants, inducing
leaf yellowing and wilting, thereby impeding photosynthesis. This, in turn, restricts the
growth of tomato fruits, leading to smaller sizes and, ultimately, substantial reductions in
yield. Studies have indicated that in tomato fields severely affected by whiteflies, the yield
loss can range from 20% to 50%, and in extreme cases, it can even reach 100% [3]. However,
pest control remains a major challenge for farmers [4], making it crucial to find effective
strategies to ensure high tomato yields. Due to pests” attraction to specific wavelengths of
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light, many methods have been developed to control and monitor them, including the use
of yellow sticky traps [5].

Yellow sticky traps play a vital role in integrated pest management (IPM). They can
be used alone to reduce pest populations and to monitor pest density [6,7]. Additionally,
they can be combined with biological control strategies to manage pest populations ef-
fectively [8]. Identifying and counting pests on these traps is essential for effective pest
management. During the implementation of biological control, the yellow sticky trap
may simultaneously capture tomato pests, such as whitefly (WF), and the predators of
tomato pests, like macrolophus (MR) and nesidiocoris (NC). The effectiveness of the current
biological control can be analyzed by counting the densities of the pest and their predators.
Therefore, improving the accuracy of insect detection in yellow sticky trap images of tomato
crops can better assist farmers in managing pests in greenhouse environments.

In recent years, deep-learning-based models have continuously achieved breakthroughs
in visual tasks such as image classification and object detection. Since 2012, convolutional
neural networks (CNNs) have become the dominant models for visual tasks. Currently,
many advanced image classification methods are based on CNNs, such as VGGNet, ResNet,
and DenseNet. Another type of image classification method is based on the Transformer.
The Transformer network, which was originally widely used in natural language processing
tasks [9], has become a highly favored architecture. A particularly notable advancement is
the introduction of the Vision Transformer (ViT) [10] in image classification tasks. It divides
the image into multiple patches and utilizes the multi-head attention mechanism to capture
the intricate dependencies within the image, thereby achieving image classification. To
some extent, object detection can be regarded as a downstream task of image classification.
As a hot topic in computer vision, object detection algorithms can be divided into anchor-
based object detection models and anchor-free object detection models. The representative
algorithms of the anchor-based object detection models are the YOLO (You Only Look
Once) series [11,12] and the R-CNN (Regions with CNN Features) series [13—-15]. The
advantages of the YOLO series methods lie in their fast detection speed and high efficiency,
enabling real-time object detection. However, due to the relatively slow detection speed,
the application of the R-CNN series is limited in some scenarios with high real-time
requirements. The representative algorithm of the anchor-free object detection models is
the Transformer-based RT-DETR [16]. The disadvantage of such methods is that they may
require a large amount of computational resources and data to achieve the best performance.
In summary, we choose the YOLO series methods with a relatively high detection speed as
the foundation for further research. By comparing the performance of different versions
of the YOLO methods, such as YOLOv3-tiny, YOLOv5s, YOLOv7-tiny, and YOLOvS8n. In
subsequent comparative experiments, we find that YOLOv7-tiny has the best detection
accuracy and its inference speed is lower than that of YOLOvV7 and YOLOv7x. Therefore,
YOLOV7-tiny is determined as the benchmark model.

Despite the advances in deep learning and object detection algorithms, detecting small
pests on yellow sticky traps poses significant challenges. The methods based on convolu-
tional neural network like YOLOv7, which have demonstrated outstanding performance in
various object detection tasks, face difficulties when applied to images where the targets are
small and visually indistinct. The image from the yellow sticky traps dataset [17] shown
in Figure 1 is a magnified portion of high-definition photograph taken by a camera of a
yellow sticky trap. Tomato pests are marked with rectangular boxes, while other irrelevant
insects are unmarked. We observe that tomato pests exhibit few visual features due to their
small size, and they are also subject to interference from other irrelevant categories in the
environment. These factors present obstacles for the detection task.
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Figure 1. This is an enlarged image of yellow sticky trap. The yellow sticky trap contains both the
insects that need to be detected for the biological control of tomato pests, such as the macrolophus
genus (MR) and nesidiocoris (NC) which are marked with rectangles, and the unmarked irrelevant
insects and debris.

In summary, during the biological control process of tomatoes, the challenges faced
in detecting insects on the yellow sticky trap can be summarized as follows: Firstly, the
limited image resolution and small size of the targets lead to fewer visual features, making
it difficult for the network to extract key information and increasing the susceptibility to
interference from the background and other insects. Secondly, when the feature visibility is
restricted, for example, under low-light conditions or when pests have similar colors to the
background, it becomes extremely difficult to distinguish pests from non-pests based on
visual features. For example, as shown in Figure 1, the color of MR insects can be easily
confused with the yellow background, and it is difficult to accurately identify them relying
only on limited visual features. Thirdly, sometimes when several insects to be detected are
close to each other or even overlapping, the network may misrecognize these clustered
insects as irrelevant objects, resulting in missed detections.

To overcome the above challenges, we propose an improved YOLOv7-tiny method.
In view of the difficulty that the colors of insects themselves are easily confused with the
environment, we attempt to combine the object detection method based on deep convo-
lutional neural networks with the Transformer encoder to address the locality limitation
of convolutional networks. More specifically, taking YOLOv7-tiny as the foundation, we
explore an alternative method CIE based on the Transformer encoder rather than deep
convolutional networks. This method aims to effectively capture contextual information
and identify significant features, thereby reducing the susceptibility to interference from
the background and other insects. To address the challenges of the small size of the insects
to be detected, the difficulty in extracting their features, and the defect that the traditional
feature pyramid network may lose some information during the process of fusing features
of non-adjacent layers, we propose a Tiny-ELAN fusion network based on the Gather-and-
Distribute mechanism with a P2 detection head to enhance the feature fusion ability of
non-adjacent layers. Moreover, the newly added P2 detection head can effectively improve
the detection ability of small target insects. In addition, inspired by Shi et al. [18], who
argued that considering the directional mismatch between ground truth and predicted
boxes in the regression framework can greatly improve the accurate detection of small-sized
objects, we integrate the SIoU loss function into the enhanced YOLOv7-tiny to improve the
model performance during training.

The experimental results show that the proposed method outperforms advanced object
detection methods such as YOLOvV5-tiny, YOLOv5s, YOLOv7-tiny, YOLOv8s, YOLOv10n,
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and RT-DETR on a public yellow sticky traps dataset [17], achieving the highest mean
average precision (mAP) metric.

The main contributions of this paper are:

(1) We propose a Tiny-ELAN fusion network based on the Gather-and-Distribute mech-
anism with a P2 detection head to enhance the feature fusion ability of non-adjacent layers.

(2) A context information extraction block based on the Transformer encoder is pro-
posed to enhance the network’s ability to extract global semantic information and focus on
more important features while maintaining computational complexity.

(3) Introducing the SloU loss function and redefining components with direction
information in the bounding box loss function facilitates easier regression of predicted
boxes and enhances the model’s convergence ability.

2. Related Work
2.1. Object Detection Methods Based on Machine Learning and Image Processing

For pest identification and detection tasks, before the advent of traditional machine
learning, manual identification methods were predominantly used, relying on agricultural
experts for identification. This method is relatively time-consuming and labor-intensive,
and the accuracy of detection depends on the professional level of the inspector. Moreover,
an increasing number of researchers have begun exploring the use of machine learning
methods for pest detection.

Pest detection based on traditional computer vision can be mainly divided into two
stages: feature extraction and classification [19]. Feature extraction utilizes traditional
image processing methods to extract features from pest images. Subsequently, machine
learning methods are employed to train classifiers using these extracted features, enabling
them to distinguish between different types of pests. The accuracy of this method largely
depends on the effectiveness of the feature extraction process. Commonly used morpho-
logical features in pest identification include area and perimeter. Researchers have also
proposed roundness and eccentricity [20], which are more distinctive, for pest classifi-
cation. The importance of various morphological features varies across different pest
identification tasks.

In the feature extraction stage, representative algorithms include scale-invariant fea-
ture transform (SIFT) [21], histogram of oriented gradients (HOG) [22], and Haar-like
features [23]. In the classification stage, support vector machine (SVM) [24] is introduced
into pest classification tasks due to its strong nonlinear classification ability.

Pest detection techniques based on traditional computer vision and machine learning
methods typically require researchers to manually design features. However, due to the
diversity of objects, lighting conditions, and backgrounds in images, it is challenging to
accurately describe various objects using manually designed feature algorithms. Moreover,
in pest detection tasks, traditional object detection methods primarily focus on pest identifi-
cation and often do not include precise pest localization. In summary, traditional object
detection methods have certain limitations.

2.2. Object Detection Methods Based on Deep Learning

In recent years, with continuous improvements in computer hardware performance
and the ongoing development of deep learning, object detection methods based on deep
learning have been rapidly updated and iterated. Object detection methods utilizing con-
volutional neural networks typically employ deeper architectures compared to traditional
methods based on machine learning, enabling them to learn complex features without
manual intervention. Broadly speaking, object detection methods based on deep learning
can be categorized into two groups: one-stage detection models and two-stage detection
models [25].

Representative object detection algorithms based on two stages include R-CNN [13],
Fast R-CNN [14], and Faster R-CNN [15]. These algorithms are divided into two stages:
candidate region proposal and classification. R-CNN uses the Selective Search method
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to pre-extract candidate regions, then applies convolutional neural networks to extract
features and classify them, achieving high accuracy but with a slower processing speed.
Fast R-CNN introduced the ROI layer, which significantly improved detection speed by
pooling corresponding areas in the feature map for subsequent classification and bounding
box regression. Faster R-CNN further enhanced efficiency by incorporating Region Pro-
posal Networks (RPNs) to generate candidate regions, reducing computational load and
optimizing detection speed.

The two-stage object detection algorithm is known for its high accuracy but is limited
by slower speeds. In contrast, one-stage algorithms, like YOLO [26] introduced in 2015,
prioritize speed with similar accuracy. SSD [27], also from 2015, improved real-time
detection by combining YOLO’s grid-based division with Faster R-CNN'’s anchor strategy.
YOLO has since evolved through versions like YOLOv3, YOLOv4 [28], YOLOv7, and
YOLOVS. Improved YOLO models are now used in various fields. In autonomous driving,
there is a need for efficient real-time detection systems. Traditional models, with their
high computational costs, are unsuitable for edge devices. To address this, researchers
developed YOLOvS-Lite [29], a lightweight model using FastDet, TFPN pyramid, and
CBAM attention mechanisms, which has demonstrated higher accuracy and robustness
on NEXET and KITTI datasets. In agriculture, detecting immature apples is crucial for
monitoring and yield prediction. An improved YOLOv3 [30] using CSPDarknet53, CloU
regression, and Mosaic algorithm has significantly enhanced the detection of occluded
fruits, aiding agricultural automation. The success of deep learning in general object
detection has led researchers to apply these methods to agricultural pest detection as well.

2.3. Pest Detection Methods Based on Deep Learning

As traditional machine learning algorithms for pest detection fall short, an increasing
number of researchers have turned to deep learning methods, which have excelled in target
detection across various fields.

In the realm of pest detection, prior to model training, techniques such as finding
suitable anchors and employing data augmentation play pivotal roles in enhancing per-
formance. Mamdouh et al. [31] proposed an olive fruit fly detection framework using
YOLOV4, involving re-clustering for new anchors and data augmentation. The experiments
on the DIRT dataset demonstrate a precision of 0.84, a recall of 0.97, an F1 score of 0.9,
and a mean average precision (mAP) of 96.68%. However, training takes 52.64 h with a
245 MB weight file, unsuitable for embedded devices. In 2021, Lyu et al. [32] proposed a
feature fusion SSD model for grain pests. It uses a top—down module to fuse conv4 and
convb features, K-means clustering for refined bounding boxes, and five data augmentation
strategies, yielding 9990 images. Experimental results show 1.44% mAP improvement over
SSD, maintaining FPS.

Enhancing feature fusion and refining loss functions are crucial steps in improving pest
detection accuracy. Amrani et al. [33] introduced YOLO-AFF, utilizing Adaptive Feature
Fusion in YOLOV3 to improve feature integration across different scales. This approach
resulted in a 10.28% increase in mADP on the Pest24 dataset, albeit with a minor reduction
in FPS. Additionally, Wen et al. [34] proposed Pest-YOLO based on YOLOvV4, employing
focal loss to mitigate issues arising from uneven distribution in pest datasets. Similarly,
Li et al. [35] developed SAFFPest using VENet, integrating deformable convolutions and at-
tention mechanisms to enhance feature extraction for diverse shapes of rice pests, achieving
a 2.9% mAP improvement over VENet on the IP102 dataset.

Researchers have also explored lightweight approaches to pest detection. Dong et al. [36]
enhanced the YOLO-pest model by replacing its YOLOv4 backbone with MobileNetv3
and utilizing the Lite Fusion Feature Pyramid Network. This adaptation resulted in a
2.4% decrease in mAP on the Croppest12 dataset, but achieved a notable 17.2% increase in
FPS, while reducing the model parameters by around 200 million. Similarly, Ali et al. [37]
improved the Faster R-CNN method with Faster-PestNet, utilizing MobileNet to boost
detection speed, achieving an mAP of 82.43% on the IP102 dataset, indicating strong
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generalization capabilities across diverse datasets. Additionally, Yang et al. [38] proposed a
lightweight rice pest detection method based on YOLOVS, incorporating a fully connected
bottleneck Transformer module to enhance detection performance by focusing on local
features during downsampling of large images. To address the imbalanced distribution
in the IP102 dataset, FastGAN was employed to generate the GPest14 dataset, resulting
in a 1.1% mAP increase over YOLOv8n, with a reduction in model weight by 0.5 MB. In
2023, Zhang et al. [39] introduced the C3M-YOLO method based on YOLOVS5, aiming to
enhance crop pest detection speed. This approach replaced the original C3 module with a
lightweight C3M module and integrated a GAM attention mechanism in the Neck part of
the network, demonstrating a 1% mAP increase and a 5% FPS improvement compared to
YOLOVS5 on the IP102 dataset.

Detection of pests in yellow sticky traps presents unique challenges due to the smaller
size of the objects compared to typical environments. To enhance model performance
under these conditions, Gonccalves et al. [40] proposed incorporating focal loss into the
loss function, which improves the model’s ability to learn from hard samples. Additionally,
they emphasized dataset enhancement and uniform resizing of image sizes to optimize
data processing. Meanwhile, Nieuwenhuizen et al. [41] applied the Faster R-CNN method
specifically for pest detection in yellow sticky traps. Given the small size of pests in these
environments, they utilized a method akin to that suggested by [42], dividing original high-
definition images into patches for training. However, this approach can be cumbersome
and can lead to overlap between adjacent patches, resulting in redundant feature extraction
during model training. As a remedy, adjusting the model’s input size to better accommodate
the detection of small objects is recommended to streamline the process and enhance overall
efficiency. Furthermore, the paper proposes MD-YOLO [43], targeting the challenge of
detecting small lepidopteran pests on sticky insect boards. The method enhances YOLO
by incorporating DenseNet blocks and an Adaptive Attention Module (AAM) to improve
feature extraction and a dual-path feature fusion network for better spatial information
integration. These innovations result in higher detection accuracy, with an mAP of 86.2%
and an F1 score of 79.1%. In addition, to further enhance the feature representation of
small agricultural pests, a method called Cross-Stage Feature Fusion [44] was designed,
which significantly improves the representation of small pests during the feature fusion
stage. Similarly, the Multi-Level Spatial Pyramid Pooling (MTSPPF) module [45] has been
proposed, which efficiently integrates convolution, normalization, and activation to capture
multi-scale features, thereby enhancing the extraction of contextual information.

2.4. Methods for Small Object Detection

Previous research has introduced a variety of methods to address the challenges faced
in small object detection. For example, a proposed method [46] utilizes the Convolutional
Block Attention Module (CBAM) to enhance the model’s ability to extract features of small
objects. However, this research does not take into account the inherent locality issue of
convolution operations and whether the default anchors are suitable for detecting targets.
Starting from the raw data, ref. [47] proposed an algorithm that can restore blurry, small
faces into high-resolution faces with fine details. Based on this, the performance of small
face detection has been significantly improved, but it also leads to the loss of contextual
data. To address the challenge of detecting small infrared targets, ref. [48] proposed a deep
convolutional network MNET based on a feature fusion strategy, which can effectively
integrate semantic information from different levels. Although this method performs
excellently in infrared small target detection, excessively increasing the network depth
may result in the loss of critical edge details of small targets [49]. Ref. [50] proposed
a MobileNet-SSD model with FPN based on the SSD model. This model improves the
network’s detection performance for small-sized garbage by introducing FPN and focal
loss. However, this method does not consider the limitation that the FPN structure may
cause information loss when fusing features of non-adjacent layers.
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In summary, these methods have several points worthy of further discussion: First,
a limitation problem is brought about by convolution operations, which may lead to the
network’s inability to explore long-distance semantic information. Second, there is an
information loss problem of non-adjacent feature layers caused by the FPN structure.

3. Materials and Methods
3.1. YOLOv7-Tiny Model

YOLOV7 is a recently proposed one-stage object detection model that delivers out-
standing performance, offering higher precision and faster speed compared to YOLOV5.
Structurally, YOLOV?7 extensively utilizes ELAN and MP structures, setting it apart from
previous models in the YOLO series, and incorporates model re-parameterization into its
architecture. YOLOv7-tiny is the lightweight version of YOLOvV?7. Furthermore, the struc-
ture of YOLOv7-tiny can be divided into three components: backbone, neck, and head. The
backbone is primarily responsible for extracting multi-level features, the neck integrates
high-level and low-level features, and the head outputs the final detection results. From a
structural perspective, YOLOv7 comprises several fundamental components, including
CBL, MP, Tiny-ELAN, and Tiny-SPP. The structures of Tiny-ELAN and Tiny-SPP are shown
in Figure 2. The feature maps P3, P4, and P5 are generated by the backbone and act as
inputs to the neck. After feature fusion, the head performs the predictions.

- I
Tiny-ELAN = CBS @ cBS
@D = (kernel-3 stride=1) *‘

CBS = (Kernel=1,Stride=1) SPP-Tiny =1T——> CBL L _> cBL

CBL

Figure 2. The structures of Tiny-ELAN and Tiny-SPP.

It is important to note that, although the SPPCSPC module proposed by YOLOv7
outperforms the SPPF structure used in YOLOVS5 in standard detection tasks, such as those
involving the COCO dataset, the deeper convolutional layers of the SPPCSPC module
result in the progressive compression and filtering of feature information. Furthermore,
in YOLOvV?7-tiny, the Tiny-SPP structure is used to achieve this; while this layered feature
extraction method can capture complex high-level features, it also tends to weaken or lose
some detailed information, especially critical features of small objects. Consequently, when
dealing with small targets, deep convolutional networks may struggle to extract sufficient
and distinctive features, thereby affecting detection accuracy. Our subsequent work will
also build upon this foundation.

Additionally, the YOLOvV7-tiny network is fundamentally a convolution-based neural
network model. However, convolution operations are inherently local, extracting features
only within a fixed receptive field. This locality restricts the network’s ability to capture
global contextual information and long-range dependencies. In complex scenes, small
objects often face interference from background clutter and occlusions, making accurate
detection difficult when relying solely on local features. Consequently, it is imperative
to explore alternative methods to enhance the network’s capability to capture global
contextual information.

3.2. Improved YOLOv7-Tiny Model Structure

The structure of the improved YOLOvV7 is shown in Figure 3 and consists of four
parts: the backbone and the CIE (context information extraction) block, neck, and head.
Among them, the backbone part remains the same as that of YOLOv7-tiny and is used
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to extract features. The CIE is used to extract contextual information. The neck part is
implemented through the Tiny-ELAN feature fusion network. Meanwhile, the neck part
fuses the features of four parts to ensure the fusion of feature information at various levels.
The head part enhances the detection ability of small targets by adding a P2 detection head.
Additionally, introducing the SIoU loss function and redefining components with direction
information in the bounding box loss function facilitates easier regression of predicted
boxes and enhances the model’s convergence ability. Our proposed improvement measures
and their roles and functions are shown in Table 1.

(b)Context information

extraction block

c5

L —
|
Flatten
e N
aemencwise | JOOD0LOO0OD!
addition | ‘; Positional
Unflatten
(d)Head
C |
20x20x256 |
***************** Detect —»I
| 20x20x255
|
Detect —}—»
| 40x40%255
|
Detect —+—
: 80x80x255
|
Detect ——
| 160x160x255
2x CBL
640x640x3 :
ETm————
Input
Figure 3. This is structure of the improved YOLOv7-tiny model.
Table 1. Our proposed improvement measures and their roles and functions.
Measures for Improvement Respective Roles

Reduce the information loss during the fusion
of non-adjacent feature layers
CIE Extract global semantic information
P2 detection head Enhance the detection ability for small targets
SIoU loss function Enhance the model’s convergence ability

Tiny-ELAN feature fusion network
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3.3. Tiny-ELAN Fusion Network

Feature information loss represents a prevalent issue that numerous detection algo-
rithms encounter. Within detection algorithms, distinct branches are tasked with detecting
objects of varying scales. At the outset, their feature maps contain a substantial amount of
high-level semantic information. Nevertheless, during the process of propagation or fusion,
this semantic information gets lost. This implies that the spatial information within the
feature maps obtained by the detection heads is incomplete, ultimately exerting an impact
on the performance of the algorithms.

A considerable number of algorithms within the YOLO series resort to the traditional
FPN-PAN network structure for the purpose of fusing features of different scales, thereby
enhancing the accuracy of detection algorithms. The traditional FPN-PAN network is
illustrated in Figure 4. This particular structure incorporates multiple branches that are
designed to carry out multi-scale feature fusion. However, it is only capable of fully inte-
grating the information sourced from adjacent layers. When it comes to non-adjacent layers,
the acquisition of relevant information can only be achieved indirectly and recursively.

B5 » Fuse » P5

»
F 3

v

B4 —— Fuse ——— Fuse

P4

v

A

F 3

v

Fuse

Figure 4. This is the structure of the traditional FPN-PAN network.

For instance, in the case where B3 requires the information of the B4 layer, it is feasible
to directly fuse the feature information of the B4 layer by conducting a downsampling
operation on the B4 layer. Nevertheless, if B3 intends to obtain the feature information of
the B5 layer, it has no alternative but to initially fuse the information of the B4 feature layer
and the B5 feature layer to generate an intermediate layer. Subsequently, the feature fusion
between this intermediate layer and the B3 feature layer needs to be performed. Evidently,
this approach to feature fusion is prone to result in substantial information loss.

Moreover, the traditional FPN-PAN network does not utilize the B2 feature layer in
the process of feature fusion, which results in the absence of the P2 detection head in the
head part. Furthermore, the P2 detection head (with a size of 160 x 160) can enhance the
detection ability of small targets. In addition, the absence of the P2 detection head weakens
the network’s ability to detect small targets.

In order to prevent the loss of feature information caused by the traditional FPN-PAN
structure, a feature fusion mechanism based on the Gather-and-Distribute mechanism [51]
was put forward by Huawei. Drawing on this Gather-and-Distribute strategy, our method
has proposed a Tiny-ELAN feature fusion network based on the same strategy. Figure 5
presents the Tiny-ELAN fusion work that adopts the Gather-and-Distribute strategy.
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Tiny-ELAN Multi-scale
feature fusion network
—— Inject tiny-
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P B e A Y pa —1» ’ELAN Y N4 Detect

i f

Inject tiny-
ELAN
4

A
|
I
|
|
| ' .
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[ : |
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ELAN | i | I
+ | | |
' |
' _1
|
|
|
|

i
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>
—> Low IFM —at High IFM
— L.

Figure 5. This is the structure of Tiny-ELAN feature fusion network.

More specifically, the Tiny-ELAN feature fusion network using the Gather-and-Distribute
mechanism consists of the Feature Alignment Module (FAM), the Information Fusion Module
(IFM), and the Tiny-ELAN Injection Module (Inject-Tiny-ELAN). Firstly, the FAM undertakes
the task of gathering feature maps of different scales from the backbone and then aligns
these feature maps through upsampling or downsampling. Subsequently, the IFM fuses the
aligned features to generate global features, which are then divided into two parts for the
purpose of distributing them to features of other scales in a targeted manner. Finally, the
Inject-Tiny-ELAN module distributes the global features by employing a method similar to
the self-attention mechanism, enhancing the detection capabilities of each branch through
simple attention operations.

To address the detection of targets of different sizes, the model has specifically de-
signed two branches, namely the Low Gather-and-Distribute (Low-GD) and the High
Gather-and-Distribute (High-GD). The structures of Low-GD and High-GD are shown in
Figure 6 and Figure 7, respectively. The Low-GD concentrates on extracting and fusing
large-sized feature maps, while the High-GD deals with small-sized feature maps, thereby
ensuring that the model can effectively conduct target detection at different scales. More-
over, the implementation of the P2 detection head has strengthened the detection ability of
small targets.

The size of the B4 feature map is taken as the reference size by the Low-FAM module.
As shown in Table 2, these are the parameters of Low-FAM. B2 and B3 utilize the Average
Pooling Layer to downsample their feature maps to the size of B4. Moreover, the B5 feature
map is scaled up to the size of B4 through bilinear interpolation and then concatenated
in the channel dimension. The Low-IFM module is designed to include convolution, the
Structural Re-parameterization RepConv Block, and split operations. The RepConv Block
takes the output processed by the Low-FAM module as input and splits the output into
three outputs in the channel dimension to facilitate the fusion of information at different
levels. The formula is expressed as follows:

Fyjign = LowFAM([B2, B3, B4, B5)) 1)

Fruse = Repconv(l:align) (2)
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P4Inject/ P3Inject/ lenject = Split(Ffuse) ®)

The High-FAM module uses the size of the P5 feature map as the basic size. In this
process, P3 and P4 make use of the AvgPool layer to downsample their feature maps to the
P5 size and then perform splicing on them in the channel dimension. The High-IFM design
involves multiple self-attention, MLP, and Split operations. The specific formulas are listed

as follows:
Faign = HignFAM([P3, P4, P5]) 4)
Fruse = Transformer(Fyign) 5)
N4In]'ectr N51nject = Split(CO?’l’U(Ffuse)) (6)

Table 2. The parameters of the Low-FAM structure.

Layer Index Layer Input Index Output Size Output Channel
0 Avgpool [B2, B3] [40 x 40, 40 x 40] [64, 128]
1 Bilinear B5 40 x 40 256
2 Cat [0, 1, B4] 40 x 40 704

B4

Low-GD

Bilinear

RepConv
e P o s
v = ¢

Figure 6. This is the structure of Low-GD.

High-GD

Multi Feed

Head == Forward == m
Attention Network
Inject
Tiny-
ELAN

Figure 7. This is the structure of High-GD.

The network structure diagram of the Inject Tiny-ELAN module is shown in Figure 8.
It is divided into High-Inject Tiny-ELAN and Low-Inject Tiny-ELAN. In this structure,
Xiopal Tefers to the global information generated by the Information Fusion Module (IFM
module) in Figure 8, which is denoted as Fy; in the subsequent mathematical formulas.
Meanwhile, the local information of different levels is represented by X| o, and is denoted
as Foca In the subsequent mathematical formulas.
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Low Tiny- High Tiny- High LAF
Inject Tiny—-ELAN ELAN Inject Tiny-ELAN ELAN

A &
> & ©

avgpool/)| (avgpool/ avgpool/| (avgpool/
bilinear | ( bilinear bilinear / ( bilinear Pn-1 Pn
A A 5 A Low LAF
[Conv lxl} {Conv 1x1} [Conv 1x1} [Conv 1x1} {Conv lle [Conv 1x1} e
{ bilinear ] [Conv 1x1] [ bilinear ]
T -
X_Local X_Global X_Local X_Global B_n+1 B_n B_n-1

Figure 8. This is structure of Inject Tiny-ELAN.

We perform calculations using two different convolutional operations (Convs) with
Fipj, obtaining Fgiobal_embed aNd Fact- Focal_embed i calculated from o, using a Conv
operation. The fused feature Fot is computed through an attention mechanism. Because
there are size differences between Foca and Fgiopal, We use average pooling or bilinear
interpolation to resize Fglobal_embed and Fact to match the size of Fy; for proper alignment.
Finally, after each attention-based fusion process, we add a Tiny-ELAN to further extract
and fuse the information. In Low-Inject Tiny-ELAN, since F,; is equal to B;, the formula
is presented as follows:

Fglobal_act_p, = resize(Sigmoid(Convact(P;_Inject))), (7)
F global_embed_P; — I'eSize(COHVglobal_embed_Pi (P i—I le 6Ct) )' (8)
F, att_fuse_P; — Convlocal_embed_Pi (Bi) * inj_act_P; +F, global_embed_P;s (9)

P = Tiny_ELAN(F att_fuse_P; ) (10)

The High-Inject Tiny-ELAN is identical to that in Low-Inject Tiny-ELAN. In the high-
stage, Focal €quals P;; thus, the formula is as follows:

Fglobal_act_N; = resize(Sigmoid (Convact (N;_Inject))), (11)
Fglobal_embed_N; = resize(Convilopal embed_N; (Ni_Inject)), (12)
Fatt_fuse_N; = ConVigcal_embed_N; (Pi) * Finj act_N; + Fglobal_embed_N;/ (13)
N; = Tiny-ELAN(Fatt_fuse_N;)- (14)

By means of Low-Level Attention Fusion (Low LAF) and High-Level Attention Fusion
(High LAF), the receptive field of the Inject-Tiny-ELAN module can be further expanded;
thus, the ability of this module in feature representation will be enhanced accordingly.

Specifically, various operations such as convolution, sampling, and interpolation need
to be performed on the local information and the global information. Then, the different
information processed by these operations will be spliced together in the channel dimension.
After completing the above steps, the corresponding calculations will be carried out via
the Tiny-ELAN module, and thus the final output of the information injection module can
be obtained.
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All in all, we propose a Tiny-ELAN fusion network which is based on the Gather-and-
Distribute mechanism and equipped with a P2 detection head, aiming to strengthen the
feature fusion capacity of non-adjacent layers.

3.4. Context Information Extraction (CIE) Block Based on Transformer Encoder

For the task of recognizing small-sized pests, obtaining rich contextual and global
information will be beneficial in mitigating confusion between different pest species and
minimizing interference from complex backgrounds. However, the locality of convolution
operations and excessive pooling operations challenges for further capturing rich contextual
information and detecting small objects.

The locality of convolution operations: For deep convolutional networks, the convo-
lution operation is inherently a local operation [52], capable of extracting features within a
fixed receptive field. This locality limits the ability of convolutional networks to capture
global contextual information and long-range dependencies. In complex scenarios, small
objects are often affected by background, occlusion, and other factors, making it difficult to
achieve accurate detection solely based on local features. Therefore, the inherent limitations
of deep convolutional networks in this regard also affect the effectiveness of small object
detection. Conversely, by dividing the feature map generated by the convolutional neural
network into multiple patches and processing them with a Transformer, it is possible to ef-
fectively leverage different patches to capture global contextual information via multi-head
self-attention.

Detail loss due to pooling operations: In the Tiny-SPP module used in YOLOv7-tiny,
excessive pooling operations can significantly hinder the detection of small objects. Pooling
reduces the spatial dimensions of feature maps, which, while beneficial for computational
efficiency, can lead to the loss of critical fine-grained details [53]. For small object detection,
these fine-grained details are crucial as they provide the necessary information to distin-
guish and accurately locate the objects. As a result, an over-reliance on pooling operations
may strip away essential features, thereby reducing the model’s ability to detect small
targets effectively.

Recognizing the limitations of convolutional networks and inspired by Vision Trans-
former (ViT), we propose a context information extraction structure based on the Trans-
former encoder to replace the original Tiny-SPP module in YOLOv7-tiny, opting to abandon
deeper convolutional layers and pooling operations in favor of incorporating a Transformer
encoder to obtain more comprehensive global and contextual information. The context in-
formation extraction block is straightforward in design: it embeds the Transformer encoder
after the CBL module to achieve global self-attention across a 2D feature map.

We intend to provide an overview of the context information extraction block before
detailing the multi-head attention calculation in the Transformer encoder. The context infor-
mation extraction block primarily consists of the CBL module and a Transformer encoder
based on multi-head attention. Figure 9 illustrates the context information extraction block
and the multi-head attention module, along with the shapes of the data at each stage.

In the context information extraction block, the feature map C5, output by the back-
bone, is processed by the CBL module to adjust the number of channels, resulting in the
S1 feature map. The specific location of CBL in the context information extraction module
is shown in part (a) of Figure 9. The detailed parameters of CIE are presented in Table 3.
The motivation for adding the CBL module before the Transformer encoder is to reduce the
computational load for the subsequent multi-head attention operations. The CBL module
consists of convolution with kernel size 1 and stride 1, followed by batch normalization
and SiLU activation.
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Figure 9. This illustrates the (a) context information extraction block and (b) multi-head attention. In
(a), learnable 1D positional embeddings, element-wise addition, and layer normalization are used.
In (b), 8 heads are employed for multi-head attention, but only one is shown. Symbols @ and &
denote element-wise sum and matrix multiplication, respectively, with 1 x 1 indicating pointwise

convolution.

Table 3. The parameters of the CIE structure.

Layer Index Layer Input Index Output Size Output Channel
0 CBL - 20 x 20 256
1 Reshape 0 400 x 256 1
2 Position encoding 1 400 x 256 1
3 Cat [1,2] 400 x 256 1
4 Transformer encoder 3 400 x 256 1
5 Unflatten 4 20 x 20 256

From part (a) of Figure 9, we can see that the S1 feature map, after being flattened,
does not inherently contain positional information. To enable the subsequent Transformer
encoder to better understand the positional information of the sequence elements, we
introduced positional encoding and added it to the input flattened sequence. Position
encoding for the flattened sequence is implemented using standard learnable 1D position
embeddings with a linear layer to retain positional information. The standard 1D position
encoding formula can be expressed as,

PE(pos, 2i) = sin

pos

2i
10000 Dinodel

4

(15)
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PE(pos,2i + 1) = cos (pos - ), (16)
10000 #modet

where PE(pos, 2i) represents the encoding at position pos in the 2i-th dimension. PE(pos, 2i +

1) represents the encoding at position pos in the 2i 4+ 1-th dimension. pos is the posi-

tion index, with a range of 0,1,2,...,L — 1. i is the dimension index, with a range of

0,12,..., % — 1. d 0401 is the embedding dimension. In this work, d,,,4.; is 256 and the

sequence length is 400.

A self-attention mechanism can capture the long-range dependency relationships in
sequences, which is an important advantage compared to convolutional neural networks
(CNNSs). For example, in a serialized picture, an insect may have a strong semantic as-
sociation with a certain surrounding environment, and the self-attention mechanism in
Transformer encoder can capture this relationship very well. In the Transformer encoder,
positional encoding and multi-head attention are crucial for capturing long-range semantic
relationships and contextual information. Therefore, we will provide a detailed discussion
of these components in the following sections. To more comprehensively capture the
semantic relationships and dependencies between different positions in the input sequence,
multi-head attention is designed to process the sequence. Multi-head attention computes
multiple attention heads in parallel, allowing each head to independently learn and focus
on different parts of the sequence. This approach helps in understanding the relationships
between features and determining their relative importance. The schematic diagram of
multi-head attention is shown in Figure 9. It is worth noting that, for simplicity, only a
single attention head is depicted in the diagram. However, in practice, we use 8 heads.
Subsequently, we will provide a detailed explanation of how the flattened sequence is
processed in multi-head attention.

For a given input sequence X € R"*%model (where 7 is the sequence length and d;,o4el
is the dimension of the model), we compute linear projections to obtain queries (Q), keys
(K), and values (V) for each head. In the self-attention mechanism, Q (Query), K (Key),
and V (Value) are of great importance. Query (the Query vector) is like an inquiring tool,
which is used to interact with the Key vectors of other positions to find out the relevant
parts related to itself. For example, in text processing, it can explore the associations among
words in a sentence. Key (the Key vector) is calculated by matching with the Query vector
to generate attention weights. It has the same dimension as the Query and measures the
relevance between the information of different positions and the current position. Value
(the Value vector) contains the actual feature information of each position. The attention
weights are weighted and summed with the Value vector to update the representation of
the current position, thus integrating the relevant semantics of other positions and enabling
the model to handle sequence information better. The calculation process of Q, K, and V is
as follows:

nxd

Qu = XWS, K, =XWK, (17)

Vi, = XWY (18)

where WhQ € Rmodel ¥k W,f € Rmode <dx, W;‘l/ € Rimodet*dv represents the number of
heads in multi-head attention. They are all learnable parameters.

For each head, we compute the attention scores using the scaled dot—product attention
mechanism.

KT
Attention(Qy,, Kj,, V) = softmax ( Q\;?Zl ) 7 (19)

The outputs from each head are concatenated to form the final output.
MultiHead(Q, K, V') = Concat(heady, . .., head;,) W® (20)

where head; = Attention(Q;, K;, V;), WO € R/o*dmodel,
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Combining all the steps, the multi-head attention is computed as:
MultiHead(Q, K, V) = Concat(Attention;, . .., Attention; ) W°

Multi-head attention, through parallel computation, enables better capture of semantic
relationships across different positions, thereby enhancing model performance.

In the output of multi-head attention, an add operation is performed by adding the
sub-layer input to the sub-layer output, followed by layer normalization (Norm). This
approach helps mitigate the vanishing gradient problem in deep neural networks and
accelerates the training process. In the Transformer encoder, the add and Norm operations
can be represented as follows:

Add(x;, y;) = xi +Yi (21)

where x; and y; are the vectors to be added, and z; is the result of the addition.

Norm(z;) = Zi ; L. Y+ B (22)
where y is the mean of z;,
1 n
H= E Z Zij/ (23)
j=1

o is the standard deviation of z;,

(24)

7 and B are trainable scale and shift parameters.

Notably, the shape of the Transformer encoder’s output is the same as the input
sequence’s shape, both being 400 x 256. Subsequently, the S2 feature map, which has
completed the extraction of contextual information, is derived from the unflattened output
of the Transformer encoder. Its shape matches that of the S1 feature map, both being
20 x 20 x 256.

3.5. Loss Function

Similar to YOLOVS5, the loss function of YOLOV? also includes three parts: the bound-
ing box loss function, the objectness loss function, and the classification loss function. The
total loss is the sum of the losses of each part multiplied by their respective weights. Binary
cross-entropy loss is used to calculate the objectness loss and classification loss. The loss
function used in the the bounding box loss function is CIoU loss function. CloU loss takes
into account three factors: overlap area, distance and aspect ratio, as illustrated in Figure 10.
In Figure 10, rectangle B represents the predicted box, and rectangle B¢ represents the
ground truth box; d represents the distance between the center of the predicted box and the
center of the ground truth box; ¢ represents the diagonal length of the smallest enclosing
rectangle that covers both the prediction box B and the ground truth box B¢T. The CloU
loss can be can be defined as,

2 gt
Losscioy =1 — IoU + % + av, (25)

where b and b8’ represent the center point of the prediction box and the center point of the
ground truth box, respectively. Where p represents the Euclidean distance and ¢ represents
the diagonal length of the minimum rectangle containing the true box and the predicted
box. av is used to describe the consistency of the aspect ratio between the prediction box
and the ground truth box. v is defined as,
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4 8t
v = n—(arctanw— - arctamy)z, (26)

2 h8t h
where w$! and h$! are the width and height of the ground truth box, respectively, and w
and h are the width and height of the prediction box, respectively. « is used to control the
proportion of aspect ratio in CloU loss, which is defined as

0, if Iol < 0.5,

n= v . (27)
-_ I > 0.5.
(1—TIolU) + 0’ if IoU =05

BGT

N

Figure 10. The schematic diagram of CloU. Rectangle B represents the predicted box, and rectangle
BCT represents the ground truth box; d represents the distance between the center of the predicted
box and the center of the ground truth box; c represents the diagonal length of the smallest enclosing

rectangle that covers both the prediction box and the ground truth box.

Although CloU takes into account overlapping area, distance, and aspect ratio, it does
not take into account the direction of mismatch between the real box and the prediction
box, which will affect the convergence speed during training and finally obtain a model
with unsatisfactory performance [54]. In order to make the proposed method better for
small pest detection, we replace the CloU loss function with SloU. The SloU loss function
takes into account four aspects: angle, distance, shape, and overlapping area. The diagram
illustrating SIoU is depicted in Figure 11, where rectangle B represents the predicted
box, and rectangle BT represents the ground truth box. ¢ is the diagonal formed by the
connection of the two center points of the prediction box B and the ground truth box BT,
¢y, and ¢y, represent the height and width of the diagonal rectangle. « and p represent the
angles between diagonal ¢ to ¢, and ¢y, respectively. W and H are the width and height
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of the minimum circumscribed rectangle of the ground truth box and the prediction box,
respectively.

Kk
~

Figure 11. The schematic diagram of the SIoU. Rectangle B represents the predicted box, and rectangle
BCT represents the ground truth box. ¢ is the diagonal formed by the connection of the two center
points of the prediction box B and the ground truth box BT ¢;, and c;, represent the height and width
of the diagonal rectangle. « and 8 represent the angles between diagonal ¢ to ¢, and cj, respectively.
W and H are the width and height of the minimum circumscribed rectangle of the ground truth box

and the prediction box, respectively.

3.5.1. Angle Cost

In order to make the prediction box converge to the ground truth box faster, SloU
loss considers the angle between the prediction box and the ground truth box, and takes
the prediction box as far as possible to the X axis or Y axis, and then further closer to the
ground truth box. So angle cost is proposed, which is defined as follows:

A =1 -2 x sin*(arcsin(x) — g), (28)

here x=I = sin(w), (29)
o

0=\ (b8~ be )2 + (5] — e, )2, (30)

= max(bfyt, be,) — min(bfyt, be,). (31)

Furthermore, ¢ is the diagonal formed by the connection of the two center points
of the prediction box B and the ground truth box B¢T. ¢, represents the height of the

diagonal rectangle. & represent the diagonal angle to cy,. b?j and b, represent the abscissa

BCT, respectively. bfyt and b,

BGT

of the center points of the prediction box B and the real box

represent the ordinates of the center points of the prediction box B and the real box
respectively.

4

3.5.2. Distance Cost

= Y (1—e ) (32)
t=xy

t
b3, —be,
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st

oy = (= lerys (34)
H

where W and H are the width and height of the minimum circumscribed rectangle of the
ground truth box and the prediction box, respectively. As « — 0, the influence of the
distance cost decreases significantly. Conversely, as « — 7, the contribution of distance
cost increases. The challenge intensifies with larger angles. Therefore, y assigns higher
importance to distance values as the angle increases.

3.5.3. Shape Cost

O = 2 (1 — Eiwt)g (36)
t=w,h
|w — wst|
= 37
“w max(w, wst) 57)
I — het

= 38

“h max(h, h8t) (38)

where w and h are the width and height of the prediction box, and w8’ and h$! are the width

and height of the ground truth box, respectively. 8 is the weight parameter controlling

the shape loss, when it is set to 1, shape differences dominate the regression, potentially
hindering consideration of other factors.

3.5.4. IoU Cost

BN Bst
IoU = BUBY (39)
3.5.5. SIoU Loss
%w:1—mu+é%9 (40)

4. Experimental Results and Analysis
4.1. Dataset

The dataset used for the experiments in this paper is from [17] and contains 284 images
taken by Scoutbox at a resolution of 5184 x 3456. The original dataset contained a total
of 7413 labeled insects in yellow sticky traps, belonging to three classes, whitefly (WEF),
macrolophus (MR), and nesidiocoris (NC). Later, [55] found that some of the insects in
the dataset were not labeled, so the dataset was corrected, and the revised dataset con-
tained 8114 labeled insects. Therefore, this paper uses a corrected version. For follow-up
experiments, we randomly divided the dataset into a training set, a validation set, and a
test set at a ratio of 8:1:1. The training set contains 228 images, the validation set contains
28 images, and the test set contains 28 images. Table 4 shows the distribution of the divided
datasets. Before conducting the training, we segmented all the high-resolution pictures.
Each picture was divided into 3 x 3 smaller pictures, as shown in Figure 12. Eventually, a
total of 2556 pictures were obtained, with 2052 pictures in the training set, 252 pictures in
the validation set, and 252 pictures in the test set. This processing method is conducive to
the subsequent training.
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Table 4. Dataset distribution of annotations by species.
Number of Instances
Categories — —
Training Set Validation Set Test Set
MR 1250 195 174
NC 518 94 76
WE 4838 527 442
Total 6606 816 692

Cut a picture | | |

bl — -

Figure 12. Each picture was divided into 3 x 3 smaller pictures.

4.2. Environment and Parameters

Table 5 shows the environmental parameters of this experiment. The operating system
is Windows 11, the CPU is AMD Ryzen 5 5500, the GPU is NVIDIA GeForce RTX 3060, the
RAM is 24 GB, the CUDA version is 11.8, and the Python version is 3.8.

Table 5. Experimental environment configuration.

Categories Configuration Parameter
Operating System Windows 11
CPU AMD Ryzen 5 5500
GPU NVIDIA GeForce RTX 3060
RAM 24 GB
CUDA 11.8
Python 3.8

Table 6 shows the configuration parameters for this experiment. The batch size is set to
4. 1r0 is the initial learning rate, set to 0.0025, and Irf is the coefficient that controls the final
learning rate, set to 0.1. Since the pretraining weights are not used in this experiment, we
set the epoch to 500 to ensure that the network can converge sufficiently. At the beginning
of the training, the warm-up method was used to improve the effect of model training, and
the warm-up epoch was set to 3.0. During training, the optimizer uses SGD and momentum
is set to 0.937.

Table 6. Experimental parameter settings.

Parameter Value
Bacthsize 4
Lr0 0.0025
Lrf 0.1
Epoch 500
Optimizer SGD
Momentum 0.937

Warm-up epochs 3.0
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4.3. Evaluation

In order to evaluate the performance of our method, mean average precision (mAP),
and frame per second (FPS) were used as evaluation indicators for this experiment.

In order to calculate mAP, the precision and recall need to be calculated first. Precision
represents the proportion of samples that are actually positive among the samples that are
predicted to be positive. Its calculation formula can be expressed as,

TP

T Th (41)
TP+ FP

Precision =
where TP is the abbreviation of true positive, which means that the classifier prediction
result is a positive sample, and the actual sample is also a positive sample (that is, the
number of positive samples that are correctly identified). FP is false positive, which means
that the classifier prediction result is a positive sample, but the actual result is a negative
sample (that is, the number of negative samples that are false positives).

Recall represents the proportion of samples predicted as positive samples to actual
positive samples. The calculation formula can be expressed as,

TP

Recall - m

(42)
where FN is the abbreviation of false negative, which means that the classifier prediction
result is a negative sample, and the actual result is a positive sample (that is, the number of
missed positive samples).

To evaluate the effectiveness of a model, two indicators, precision and recall, must be
considered simultaneously. If both precision and recall are relatively high, it can be proven
that the model has better performance. However, as the threshold changes, precision and
recall usually wax and wane. When precision increases, recall decreases, and vice versa.
Therefore, the precision—recall curve (PR curve) is proposed, which can reflect the precision
and recall of the model at the same time. The abscissa and ordinate of each point on the PR
curve reflect precision and recall under different thresholds, respectively. The area enclosed
by the PR curve and the two coordinate axes is called average precision (AP). Its calculation
formula can be expressed as,

1
AP:/O p(r)dr (43)

After calculating the AP of each class, the average is mAP. Its calculation formula can
be expressed as,
N AP,
N

mAP = (44)
where N represents the total number of classes.

In addition, in order to evaluate the detection speed of different models, this experi-
ment uses FPS as an indicator to evaluate model speed. FPS indicates how many images
the model can process per second. Its calculation formula can be expressed as,

FPS = % (45)

where t represents the time it takes for the model to detect an image.

4.4. Ablation Experiments

To verify the effectiveness of each improvement in the proposed method, we conducted
ablation experiments on the dataset. The training set and the validation set were used
for model training, while the test set was used to evaluate the performance of the model.
In the ablation experiments, we implemented three methods: Method 1 used YOLO-tiny
combined with SIoU; Method 2 combined the SIoU loss function and the CIE module on the
basis of YOLOv7-tiny; Method 3 introduced the Tiny-ELAN feature fusion structure of the
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FPN (Feature Pyramid Network) based on Gather-and-Distribute on the basis of Method 2.
The method proposed in this paper introduced the P2 detection head on the basis of Method
3. In the same experimental environment, we compared the performance of YOLOv7-tiny,
Method 1, Method 2, Method 3, and the method we proposed. The experimental results
are shown in Table 7.

According to Table 7, compared with YOLOv7-tiny, Method 1 increased the mAP
metric by 0.2% and reduced the inference time by 2.8 milliseconds. This indicates that
the introduction of SIoU has improved the detection accuracy. Compared with Method 1,
Method 2 improved the mAP metric by 2.5% and the recall rate by 8%, but the inference
time increased by 2 milliseconds. This shows that, after introducing the CIE module, the
ability to extract the contextual information of the features in the C5 layer is enhanced,
thus improving the detection accuracy. Compared with Method 2, Method 3 improved the
recall rate metric by 2%, increased the mAP by 1.1%, and the inference time increased by
0.2 milliseconds, while increasing 3.4 GFLOPs. This indicates that the Tiny-ELAN feature
fusion network strengthens the network’s feature fusion ability and further improves the
accuracy. These results demonstrate that Method 1, Method 2, Method 3, and our method
are all superior to the YOLOvV7-tiny method in terms of detection accuracy.

It is worth noting that, compared with Method 3, the recall of our method has de-
creased by 0.3%. We believe this might be due to the fact that after adding the P2 detection
head, the judgment criteria of the model for positive and negative samples of small targets
have been changed. Compared with Method 3, our method is more likely to classify some
difficult-to-distinguish small target samples as negative samples in order to reduce false
positives and improve precision. As a result, the probability of misjudging the real positive
small target samples has increased, leading to a decline in recall. For example, for some
small targets with blurred boundaries, the P2 detection head may, due to its greater focus on
the internal detailed features of small targets, classify those small targets with incomplete
boundary parts as background (negative samples), thus causing the recall to decrease.

Regarding the number of parameters, since Method 1 did not change the model
structure compared with YOLOvV7-tiny, its number of parameters is the same as that of
YOLOv7-tiny. Similarly, the GFLOPs also remained unchanged. In Method 2, by replacing
the Tiny-SPP structure with the CIE module, the number of parameters was reduced by
0.4 M, and the GFLOPs parameter was reduced by 0.3 GFLOPs. In Method 3, after replacing
the original PANet structure with the Tiny-ELAN-based feature fusion network, the number
of parameters increased by 3.4 M compared with Method 2, and at the same time, the
GFLOPs also increased by 3.4 GFLOPs. In our proposed method, compared with Method
3, the features of the P2 feature layer are further fused in the Tiny-ELAN feature fusion
network, which makes the GFLOPs increase by 1.4 GFLOPs.

Table 7. Results of ablation experiments. v represents the application of this method, while -
represents the non-application of this method.

Methods SIoU CIE GD-FPN P2 Recall mAP Infer Time Parameters GFLOPs
YOLOV7-tiny - - - - 0.839 0.86 12.8 ms 6M 13
Method 1 v - - - 0.769 0.862 10 ms 6M 13
Method 2 v v - - 0.849 0.887 12 ms 56 M 12.7
Method 3 v v v - 0.869 0.898 12.2 ms I9M 16.1
Our method v v v N 0.866 0.904 13.3 ms IM 17.5

The P-R curves drawn by different methods are shown in Figure 13. The larger the area
enclosed by the P-R curve and the two coordinate axes, the better the detection accuracy of
the method. We can find that our method has the largest area enclosed by the P-R curve
and the coordinate axes.
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Figure 13. P-R curves of different methods.

The comparison of the detection results of different methods is shown in Figure 14.
Figure 14a,d,g are the original pictures with labeled bounding boxes. Figure 14b,e/h are
the detection results of our method, while Figure 14c,f,i are the detection results of the
YOLOv7-tiny method. By comparing Figure 14b,c, it is evident that the confidence level of
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the prediction boxes in Figure 14b is higher than that in Figure 14c. Looking at Figure 14d—{,
it is clear that one WF is missed in the prediction results shown in Figure 14f compared
to Figure 14e. Observing Figure 14g—i, it is obvious that several NCs are missed in the
prediction results shown in Figure 14i compared to Figure 14h.

(a) Original image with bounding boxes (b) Our method (c) YOLOV7-tiny
o B )
N

D o

% o 3
n N )
@) O @)
o O i 0o i 0
o ‘ i 8 i s
o o = A=
(d) Original image with bounding boxes (e) Our method (f) YOLOv7-tiny

NCH NC 0.57HNC 0.62
Yhie o INC 0.90) y
IC INC 0.68] g
i E
I ' ¢ |
3

(g) Original image with bounding boxes (h) Our method (i) YOLOv7-tiny
Figure 14. Comparison of the detection results between our proposed method and YOLOv7-tiny.

To better demonstrate that our method has a stronger focus on small-sized insects than
YOLOv7-tiny, we generated Grad-CAM maps [56] for both YOLOv7-tiny and our method.
The Grad-CAM maps are shown in Figure 15. In the Grad-CAM maps, (a) represents
original image with bounding boxes, (b) represents the map generated using our method,
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and (c) represents the map generated by YOLOv7-tiny method. In the Grad-CAM images,
different colors within a region indicate different degrees of the network’s interest in
that region. Blue, green, yellow, and red, respectively, represent the increasing levels of
the network’s attention to the region. The redder the color of a region is, the higher the
network’s attention to that region is, and the stronger its ability to extract features from
that region is. During the detection process, we expect the network to focus more on the
insects themselves rather than the background. By comparing these two images (a) and (b),
we can observe that the red regions in (b) are mainly concentrated near the target insects,
while the red regions in (c) are widely distributed around the environment. This shows
that the YOLOv7-tiny method is affected by background interference and still maintains
some attention on the background, whereas our method has eliminated the influence of
background interference.

(a) Original image with bounding boxes. (b) Our method. (c) YOLOV7-tiny.

Figure 15. Comparison of the Grad-CAM maps between our proposed method and YOLOv7-tiny.

It is noteworthy that, compared with YOLOv7-tiny, our method shows an improve-
ment in mAP. Although this is accompanied by an increase in inference time and the
number of parameters (with an increment of 3 M in the number of parameters and a certain
degree of rise in inference time), we believe that these costs are worthwhile. Especially
considering the current development status of the embedded hardware environment, it
can already tolerate such a relatively small increase in the number of parameters and
inference time. Moreover, the improvement in mAP will bring significant positive effects
on the accuracy of object detection, thus having more advantages in overall performance
and being able to better meet the requirements in practical applications and enhance the
effectiveness and reliability of the system.

4.5. Comparative Experiments

To evaluate the performance of our proposed method, we conducted comparative
experiments on the dataset with advanced models such as Faster R-CNN, SSD, YOLOv3-
tiny, YOLOv5s, YOLOV7-tiny, YOLOv7, YOLOv7x, YOLOvV8n, YOLOvV8s, YOLOv10n,
and RT-DETR. Among them, YOLOv3-tiny, YOLOv5s, YOLOv7-tiny, YOLOv7, YOLOV7x,
YOLOvV8n, and YOLOVSs are different versions of the YOLO series, while RT-DETR is
a recently proposed high-precision object detection method based on Transformer. SSD,
like the YOLO series, is a single-stage object detection algorithm with a relatively good
balance between speed and accuracy. Faster R-CNN is a two-stage algorithm that first
generates region proposals and then performs classification and refinement. We hope to
explore the characteristics of different methods and the advantages of our method through
comparative experiments between our method, the models of the YOLO series, and non-
YOLO series object detection models. The comparison metrics include average precision
(AP), mean average precision (mAP), recall, the number of parameters, inference time, and
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floating-point operations (FLOPs). Among them, the AP metric is further subdivided into
three categories: MR, NC, and WEF. The experimental results are shown in Table 8. In terms
of recall rate, compared with other methods, our method is 8.8% higher than Faster R-CNN,
27.5% higher than SSD, 2.2% higher than Yolov3-tiny, 6.8% higher than Yolov5s, 2.7%
higher than Yolov7-tiny, 2.9% higher than Yolov?7, 8.4% higher than Yolov7x, 9.7% higher
than Yolov8n, 4.4% higher than Yolov8s, 6% higher than Yolov10n, and 4.1% higher than
RT-DETR. It can be seen that our method has certain advantages in recall rate. In the AP
metric of the MR class, our method has reached the highest value of 91.5%. In the AP metric
of the NC class, our method has reached 87.8%, which is only slightly lower than that of
YOLOv3-tiny and YOLOvSs. In the AP metric of the WF class, our method has reached the
highest value of 92%, surpassing the other eleven methods. In the mAP metric, our method
has increased by 3.14%, 11.8%, 4.7%, 4.7%, 4.4%, 3.5%, 2.9%, 4.6%, 4.4%, 4.2%, and 4.2%,
respectively, compared with Faster R-CNN, SSD, YOLOv3-tiny, YOLOv5s, YOLOv7-tiny,
YOLOv7, YOLOv7-x, YOLOvV8n, YOLOvV8s, YOLOv10n, and RT-DETR, reaching 90.4%.
Through the analysis of the results of the above five metrics, it can be seen that our method
has certain advantages in detection accuracy compared with the other eleven methods.

Table 8. Comparison of the performance of our method with other advanced methods.

AP
Methods mAP Recall Parameters Infer Time GFLOPs
MR NC WF
Faster R-CNN [15] 0.70 0.802 0.267 0.590 0.778 137 M 81.2 ms 369.8
SSD [27] 0.869 0.861 0.629 0.786 0.591 24 M 11.8 ms 61
Yolov3-tiny [12] 0.848 0.912 0.811 0.857 0.844 12M 5.2ms 18.9
Yolov5s 0.862 0.887 0.821 0.857 0.798 IM 6.9 ms 23.8
Yolov7-tiny [11] 0.867 0.85 0.903 0.86 0.839 6M 12.8 ms 13
Yolov7 [11] 0.849 0.856 0.901 0.869 0.837 37M 13.5 ms 103.2
Yolov7x [11] 0.858 0.861 0.906 0.875 0.782 71M 20.7 ms 188
Yolov8n 0.87 0.842 0.861 0.858 0.769 3M 4.5 ms 8.1
Yolov8s 0.88 0.892 0.808 0.86 0.822 11M 7.3 ms 28.4
Yolov10n [57] 0.863 0.86 0.862 0.862 0.806 2M 4.3 ms 6.5
RT-DETR [16] 0.869 0.828 0.89 0.862 0.825 42 M 23.7 ms 125.6
Our method 0.915 0.878 0.92 0.904 0.866 IM 13.3 ms 17.5

We believe that the advantages in these metrics are attributed to the introduction of
the Contextual Information Extraction module (CIE) based on the Transformer encoder,
which enhances the network’s ability to acquire contextual information, enables it to focus
on more important regions, and strengthens the detection of small insects. Meanwhile, the
introduction of the Tiny-ELAN feature fusion network with the added P2 detection head
has improved the network’s feature fusion ability. In addition, the use of the SloU loss
function also helps the network to better detect small insects.

In terms of the number of parameters, YOLOv10n has the fewest parameters, with only
2 M. Our method has 9 M parameters, which is on the lower side among the 12 methods
and is comparable to the number of parameters of YOLOVS5s. It has 3 M, 2 M, and 33 M
fewer parameters than YOLOv3-tiny, YOLOvVS8s, and RT-DETR, respectively, and 3 M and
7 M more parameters than YOLOv7-tiny and YOLOv10n, respectively. Faster R-CNN has
the largest number of parameters, which is 137 M, but its detection performance is not
satisfactory. In the three versions of the YOLOV?7 series, namely YOLOv7-tiny, YOLOV?,
and YOLOV7x, as the number of parameters increases, both the inference time and the
mAP also increase successively.

Subsequently, we will deliberate on the detection outcomes of several distinct methods
within two specific scenarios: one where insects are prone to being confounded with the
environment, and the other where insects are in extremely close proximity. The scenario
in which insects are easily confused with the environment is illustrated in Figure 16. The
WEF insects depicted therein possess a relatively light coloration, rendering them liable to
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blend in with the surroundings. It is evident that our proposed method exhibits superior
performance. Merely one WF pest is overlooked. The YOLOv7-tiny method also misses one
WE pest; nevertheless, the confidence level of this method when detecting WF is somewhat
lower than that of our method. This could potentially be attributed to the absence of
long-distance semantic information between the insects and the ambient environment in
this approach. In the case of the Faster R-CNN method, while WF insects are missed,
a substantial number of duplicate bounding boxes are generated. This occurs because
the predefined anchor boxes are predominantly square in shape, and the model might
endeavor to fit the elongated insects using multiple square anchor boxes, thereby giving
rise to numerous redundant boxes. Although this ensures a relatively high recall rate, the
superfluous duplicate boxes have a detrimental effect on the mAP. Regarding the SSD
algorithm, a significant number of WF pests are undetected. This might be due to its
incapacity to effectively capture the semantic information between the insects and their
surroundings as well as its deficiency in feature fusion.

: i e - , i
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(a) Original image with bounding boxes. (b) Our method. (c) YOLOv7-tiny.

WF 0.89

WF 0.57

(d) Faster R-CNN. (e) SSD.

Figure 16. The detection results of various methods when the insects to be detected are easily
confused with the environmental colors.

The scenario where the WEF pests are clustered in the upper left is presented in Figure 17.
It can be observed that our method demonstrates relatively good performance, with only
one WF pest being missed. In contrast, the YOLOv7-tiny method misses two WF pests.
Moreover, the confidence level of this method in detecting WF is marginally lower than
that of our method. This could potentially stem from the fact that it lacks the long-distance
semantic information between the insects and the surrounding environment. Similarly, the
Faster R-CNN method generates excessive prediction boxes to ensure a certain recall rate.
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As for the SSD algorithm, a large number of WF pests go undetected. This might be due
to its failure to effectively acquire the semantic information between the insects and their
surroundings and its insufficient feature fusion capabilities.

After comprehensive comparison, our method performs best. YOLOv7-tiny is a bit
weak when insects blend with the background. Faster R-CNN, because of anchors, is
not suitable for detecting diverse forms, generating duplicate boxes and reducing mAP.
SSD, due to its network structure, cannot fuse multi-scale features well and lacks semantic
extraction, performing poorly in confusing backgrounds and close-distance insect scenarios.

(a) Original image with bounding boxes. (b) Our method. (c) YOLOV7-tiny.

(d) Faster R-CNN. (e) SSD.

Figure 17. As shown by the two WF pests in the figure, the detection results of various methods
when there are insects to be detected that are close to each other in distance.

Our method has great practical value for low-powered devices. With only 9 M pa-
rameters, it demands less memory and computational resources, reducing storage and
complexity compared to methods like Faster R-CNN. The 13.3 ms inference time is crucial
for real-time detection in embedded environments. In applications like surveillance cam-
eras or autonomous robots on resource-constrained platforms, it can quickly analyze visual
data and make timely decisions. The combination of low parameters and fast inference
makes it suitable for a wide range of low-powered devices, facilitating intelligent system
development in Internet of Things (IoT) by enabling local processing and analysis.

In conclusion, the comparison test results indicate that the proposed method has better
detection accuracy in the detection of MR, NC, and WF insects than the other five methods.
Meanwhile, the parameter scale of the model is also within an acceptable range.
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5. Conclusions

Since insects in yellow sticky trap images of tomato crops are usually small, this poses
challenges to object detection methods based on deep learning. To solve these problems,
we propose an improved YOLOv7-tiny method combined with CIE block. First, in terms of
model structure, since the Tiny-SPP structure is based on the CNN network, the locality
of the convolution operation limits its ability to acquire global semantic information. To
this end, we use the CIE block to replace the original Tiny-SPP structure, which effectively
improves the network’s acquisition of global semantic information and further focus on
more important features, thereby enhancing the feature extraction ability of small-sized
insects. Secondly, in terms of loss function, CIoU loss function does not take into account
the mismatched direction between the ground truth box and the prediction box, which
makes the model unable to obtain satisfactory performance after training. Therefore, we
use the SIoU loss function to replace the original CloU loss function, which is beneficial
to improving the model’s learning ability for small-sized pests and making the model
converge in a satisfactory performance. Finally, we propose a Tiny-ELAN fusion network
based on the Gather-and-Distribute mechanism with a P2 detection head to enhance the
feature fusion ability of non-adjacent layers. Experimental results show that our method
can accurately detect three insects: whitefly (WF), macrolophus (MR), and nesidiocoris
(NC) in the yellow sticky trap images of tomato crops. Compared with Faster R-CNN,
SSD, YOLOv3-tiny, YOLOv5s, YOLOv7-tiny, YOLOv7, YOLOv7-x, YOLOvV8n, YOLOVSs,
YOLOvV10n, and RT-DETR, the mean average precision of our method increased by 3.14%,
11.8%, 4.7%, 4.7%, 4.4%, 3.5%, 2.9%, 4.6%, 4.4%, 4.2%, and 4.2%, respectively.

6. Future Work

Our method shows good results, but it has limitations. Currently, it requires consider-
able computational power, restricting its application in resource-limited environments.

For future research, we aim to make our method lightweight. We will use techniques
like model pruning and quantization to reduce memory and computational demands,
enabling its use in embedded scenarios for real-time pest detection. Furthermore, we will
adapt the model to other pest species to provide more comprehensive pest control. Lastly,
testing the model in various agricultural environments will enhance its robustness and
reliability.
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