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Abstract

The stable production of crops such as corn, wheat, soybeans, and canola is increasingly
threatened by widespread pest infestations. Conventional manual pest surveys are ham-
pered by low operational efficiency, subjective assessment bias, and delayed feedback,
thereby impeding their ability to satisfy the demands of precision agriculture. To address
these challenges, we proposes an intelligent pest detection framework based on Efficient-
Net and Feature Pyramid Network (FPN) for fast and accurate field pest identification.
EfficientNet is adopted as the lightweight attention-embedded backbone to extract hier-
archical features, and multi-scale detection plus hierarchical FPN fusion are integrated to
improve recognition performance for tiny, inconspicuous pests. The experimental results
on 37 common pest species in field crops showed that the proposed model achieves a mean
average precision at Intersection-over-Union (IoU) threshold 0.5 (mAP@0.5) of 98.89%,
1.57% average recognition error rate, and with an average inference time of merely 0.048 s
per image, balancing outstanding detection accuracy and real-time performance. Further-
more, this approach delivers a lightweight, reliable, and automated monitoring solution
for field pest surveillance, thereby facilitating data-driven, precise pest management and
advancing the practice of sustainable, green precision agriculture.

Keywords: precision agriculture; YOLOV3; pest detection; multi-scale feature fusion;
deep learning

1. Introduction

Sustainable production of staple cereal (e.g., wheat and maize) and oilseed crops
(e.g., soybean and canola) underpins global agricultural stability and catalyzes the ad-
vancement of precision and ecologically sustainable farming systems [1,2]. However, pest
infestation remains the predominant biotic constraint on crop productivity, accounting for
global yield losses ranging from 10% to 28%, with even more severe losses reported in
developing countries [3]. Additionally, pests are indirectly responsible for major losses
in few plants, such as cankers and shoot blights in nuts, since many insects serve as a
vector for pathogens [4]. Beyond significant yield reduction, pest infestation often compels
farmers to increase pesticide application, hinders the development of green and sustainable
agriculture [5,6]. These adverse effects further disrupt routine field management, reduce
crop productivity, and hinder the implementation of precision agriculture, forming a core
bottleneck limiting the stability and sustainability of agricultural production systems. With
the global transition toward digital and precision agriculture, mitigating pest-induced
hazards is essential for advancing agronomic development and optimizing crop cultivation
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and management [7]. Traditional pest monitoring relies heavily on manual field surveys,
which are characterized by low operational efficiency, delayed feedback loops, and limited
spatial coverage [8]. In the absence of robust, reliable monitoring systems, large-scale pest
outbreaks can emerge readily—compromising agroecosystem integrity and significantly
reducing crop productivity [9].

In recent years, advances in deep learning and computer vision have built a new intel-
ligent agricultural risk management paradigm [10]. Vision-based pest detection has become
a mainstream research direction, outperforming manual surveys in field practicality [11].
Convolutional neural network (CNN)-based pest identification methods automatically
extract hierarchical visual features to enable fast, high-accuracy pest classification [12,13].
The hierarchical features extracted by the VGG network are shown in Figure 1a. Compared
with traditional methods, deep learning detection techniques have superior performance
in real-time capability, scalability and accuracy, relying on standardized unified frame-
works. As illustrated in Figure 1b, mainstream object detectors adopt a four-stage structure:
input, backbone, neck and head (Figure 1b). These detectors are broadly categorized
into single-stage (dense prediction) and two-stage (sparse prediction) paradigms. Each
paradigm further subdivides into anchor-based and anchor-free approaches. Representa-
tive dense-prediction models include the anchor-based YOLO and RetinaNet, as well as
the anchor-free CenterNet and FCOS. In contrast, sparse-prediction models encompass the
anchor-based Faster R-CNN and the anchor-free RepPoints. Among these algorithms, the
YOLO series models have attracted considerable attention due to their excellent balance
between detection speed and accuracy [14,15].

Two-Stage Detector

One-Stage Detector

Input Backbone Neck Dense Prediction

T || 7

Sparse Prediction

Figure 1. Schematic diagram of convolutional neural network feature extraction and object detection
structure. (a) Schematic diagram of feature extraction in convolutional neural networks; (b) Schematic
diagram of the target detection structure.

Although YOLO-based architectures have demonstrated robust performance in agri-
cultural pest monitoring, several critical methodological limitations persist in practical field-
scale crop pest detection tasks. First, the original Darknet-53 backbone of YOLOV3 lacks
attention modules, failing to capture subtle features of tiny pests in complex field back-
grounds [16,17], leading to misclassification of similar pest species and frequent missed
detections [18]. Second, the primitive simple upsampling feature fusion module of original
YOLOV3 fails to construct complete top-down multi-scale feature transmission, weakening
the model’s ability to distinguish small-size pests against cluttered leaf [19,20]. Existing
feature fusion frameworks rarely construct bidirectional feature circulation, restricting
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miniature pest recognition [21,22]. Third, most detection models adopt generic anchor
boxes pre-trained on public natural image datasets. The size distribution of these anchor
boxes may not match miniature field pests, leading to frequent missed localization of small
pest individuals. Dataset-adaptive anchor clustering effectively alleviates this issue [23,24].
Fourth, existing YOLO variants struggle to balance detection precision and computational
overhead, forming an unaddressed trade-off dilemma [25]. Deep heavy backbones deliver
favorable recognition accuracy but incur excessive inference latency, which cannot be
deployed on low-power portable edge devices for field real-time monitoring [26]. While
lightweight YOLO-tiny models cut computational cost by simplifying network layers, yet
the compressed feature extraction capacity drastically reduces detection accuracy for small
and overlapping pests [27]. Furthermore, few datasets have been specially annotated for
wheat, corn, soybean and canola pests, restricting the targeted optimization and benchmark
evaluation of detection algorithms for dominant field crops [28,29]. To address the above
shortcomings, this study proposes an optimized YOLOv3-based intelligent pest detec-
tion framework with three targeted optimizations: replacing Darknet-53 with lightweight
attention-equipped EfficientNet as the feature extraction backbone, introducing a com-
plete Feature Pyramid Network (FPN) for comprehensive multi-scale feature fusion, and
comparing the COCO anchor boxes with the anchor boxes that are adaptively generated
from the dataset through K-means clustering, thereby selecting the scale features that are
more suitable for field pests. Additionally, a manually annotated multi-class pest dataset
covering four major field crops is constructed to validate the performance of the optimized
detection model. The proposed model demonstrates enhanced pest detection performance
and delivers a computationally efficient, lightweight detection solution, thereby providing
technical support for intelligent and precision monitoring of crop pests in agricultural fields.

2. Material and Methods
2.1. Dataset

The experimental image data in this paper is sourced from the Anhui Academy of
Agricultural Sciences [30,31], covering 4285 images of 37 types of pests found in several
common field crops, including corn, soybean, wheat, and canola. All images were cap-
tured by the use of digital cameras (e.g., Canon, Nikon, Tokyo, Japan, and mobile devices).
Among them, 3162 images (73.8% of the entire dataset) contained only a single pest indi-
vidual; the remaining 1123 images (26.2% of the total) contained two or more overlapping
pest instances. Furthermore, Following the standard pixel-area-based threshold definition
used in YOLO-based detection tasks, we classified annotated pest objects into three size
categories and computed their respective proportions: small targets (pixel area < 322)
constitute 47.2%, medium targets (322 < pixel area < 96%) account for 39.6%, and large
targets (pixel area > 962) represent only 13.2%. The predominance of small-scale pests
further underscores the necessity of our multi-scale feature fusion architecture. To eliminate
the potential negative effects of illumination variability, all sample images were prepro-
cessed with uniform illumination settings in crop field situations, as was done by Wen and
Guyer (2012) [32]. The various types of pest examples included in the dataset are shown in
Figure 2, and the names and quantities of each type of pest are listed in Table 1.

2.2. Data Processing

To train the model, it is necessary to label the pests in the dataset first. Labellmg is
a tool for marking the position and name of the target in the image in deep learning. It
is written in Python 3.12 and uses PyQt as its graphical interface. During the annotation
process, the annotations are saved as XML files in the PASCAL VOC format. The images of
the labeled pests and the generated XML files after labeling are shown in Figure 3.
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Figure 2. Sample images from the pest dataset, along with their corresponding identifiers, which

match those listed in Table 1.

Table 1. Pest infestation dataset: image names and quantities.

NO. Species Name Quantity NO. Species Name Quantity
1 Graphosoma rubrolineata
1 Aulacophora indica 79 20 (Westwood) 126
2 Bemisia tabaci (Gennadius) 147 21 Iscadia inexacta (Walker, 1858) 79
3 Callitettix versicolor (Fabricius) 156 22 Leptocorisa acuta (Thunberg) 133
Ceroplastes ceriferus .
4 (Anderson) 100 23 Luperomorpha suturalis Chen 101
5 Ceutorhynchus asper Roelofs 146 24 Lycorma delicatula (White) 92
6 Chauliops fallax Scott 68 25 Maruca testulalis Grye 73
7 Chilo supperssalis (Walker) 93 26 Nezara viridula (Linnaeus) 175
Chromatomyia . .
8 horticola(Gourea) 114 27 Phyllotreta striolata (Fabricius) 187
9 Cicadella viridis (Linnaeus) 138 28 Pieris rapae (Linnaeus) 71
10 Cletus punctiger (Dallas) 169 29 Plutella xylostella (Linnaeus) 68
11 Corythucha ciliata (Say) 90 30 Porthesia taiwana Shiraki 141
12 Corythucha marmorata(Uhler) 98 31 Riptortus pedestris (Fabricius) 110
13 Dicladispa armigera (Olivier) 150 32 Scotinophara lurida (Burmeister) 117
14 Diostrombus politus Uhler 238 33 Sesamia inferens (Walker) 126
15 Dolerus tritici Chu 88 34 Spilosoma obliqua (Walker) 66
16 Dolycoris baccarum (Linnaeus) 87 35 Spodoptera litura (Fabricius) 130
Dryocosmus . .
17 KuriphilusYasumatsu 50 36 Stollia ventralis (Westwood) 72
18 Empoasca flavescens (Fabricius) 133 37 Strongyllqdes Yarlegatus 135
(Fairmaire)
19 Eurydema dominulus (Scopoli) 150 In total 4285

Secondly, the dataset constitutes the foundational input for training deep neural

network models, and its quality critically determines the performance and generalizability

of the resulting models. Prior to model construction, it is essential to design an input data

processing strategy aligned with the chosen network architecture commonly referred to as

dataset preprocessing. This preprocessing stage typically comprises two key components:

image rescaling and image augmentation.
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All pest images in this dataset have an original resolution of 200 x 200 pixels. However,
the YOLOV3 network model expects input images of size 416 x 416 pixels by default.
Thus, all images are first resized to this dimension. This upsampling operation inevitably
introduces interpolation artifacts, which smooth fine high-frequency spatial gradients and
attenuate subtle edge-texture features, potentially degrading the model’s capability in
feature extraction and precise localization of tiny pest targets. To mitigate the adverse
effects of such gradient distortion, we implement a suite of coordinated optimization
strategies: (i) the multi-scale feature fusion architecture inherent to YOLO-series networks
preserves delicate local gradient information through shallow feature branches, specifically
enhancing sensitivity to small objects; (ii) dataset-adaptive for anchor box generation
ensures anchor dimensions closely match the actual pixel scales of miniature pests, thereby
reducing localization bias arising from blurred target boundaries; and (iii) L2 regularization
and gradient accumulation configured via the hyperparameters jointly stabilize gradient
updates that would otherwise fluctuate due to resizing-induced artifacts.

<annotation>
<folder>Aulacophora indica (Gmelin) </folder>
<filename>Aulacophora indica (Gmelin)4316.jpg </filename>
<path>C:/Users/Aulacophora indica (Gmelin)/Aulacophora indica (Gmelin)4316.jpg</path>
<source>
<database>Unknown </database>
</source>
<size>
<width>200</width>
<height>200</height>
<depth>3</depth>
</size>
<segmented>0</segmented>
<object>
<name>1</name>
<pose>Unspecified</pose>
<truncated>0</truncated>
<difficult>0</difficult>
<bndbox>
<xmin>47 </xmin>
<ymin>20</ymin>
<xmax> 146 </xmax>
<ymax>146</ymax>
</bndbox>
</object>
</annotation>

Figure 3. Sample images and annotated pest files.

A unified baseline augmentation pipeline is implemented identically across all four
models to guarantee fair cross-architecture comparison. All augmentation operations are
applied on-the-fly during training rather than generating a static offline expanded dataset;
the raw dataset retains a fixed total of 4285 original images, with unique random distor-
tions generated dynamically for every training iteration. The shared augmentation suite
includes standardized geometric and photometric transformations, with full parameter con-
straints defined as follows: (1) Isotropic random scaling: Each image and its corresponding
bounding boxes are scaled synchronously with a randomly sampled scaling factor ranging
from 0.5 to 1.5, which avoids extreme shrinkage or magnification that would obscure
pest morphological features; (2) Random translation: Horizontal and vertical translation
offsets are restricted within +15% of the total image width and height to prevent partial
cropping of pest bodies. (3) Horizontal flipping and color jittering: Random horizontal
mirroring is performed with a 50% probability, while mild brightness, contrast and sat-
uration jitter are applied to enrich photometric diversity without distorting pest texture
identities. Meanwhile, to prevent morphological distortion that could lead to inter-species
pest misidentification, strict amplitude constraints are imposed on all geometric transfor-
mations. Concurrently, shallow feature extraction branches retain fine-grained texture
gradients, while COCO anchor boxes are more suitable for the natural size distribution of
the target pests in this research dataset. These measures collectively enhancing the model’s
ability to discriminate visually similar pest individuals, even under augmentation-induced
distortions. Since all YOLO variants are bounding-box-based object detectors, ground-truth
bounding box coordinates are transformed in strict synchrony with each augmentation
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operation, thereby preserving consistent spatial alignment between input images and their
corresponding annotation labels.

Beyond the shared baseline preprocessing, YOLOv4 and YOLOv4-tiny incorporate an
exclusive additional data augmentation technique named Mosaic augmentation, a refined
variant derived from CutMix [33], while Mosaic augmentation is not activated during
the training of YOLOv3 and YOLOv3-tiny. The detailed operating procedure of Mosaic
augmentation is as follows. Firstly, the Mosaic data augmentation technique combines four
different input images (each with its corresponding bounding box) into a single composite
image. Following this integration, a new image and its corresponding bounding boxes
are generated and subsequently fed into the neural network for training and optimization.
Specifically, each of the four constituent images is first independently subjected to a series
of geometric and photometric transformations, including horizontal flipping, isotropic
scaling, and color-space jittering. The transformed images are then spatially arranged
in the top-left, bottom-left, bottom-right, and top-right quadrants of the output canvas,
respectively. Finally, fixed subregions from each quadrant are extracted via matrix indexing
and seamlessly stitched together to form the final mosaic image, whose merged bounding
boxes are fed into the network for training and optimization.

2.3. The Framework Structure of the YOLO Model

YOLOV3 is developed based on YOLOv1 and YOLOvV2. As shown in Figure 4, it is a
fully convolutional network with a total of 252 layers, using Darknet53 as the backbone
feature extraction network [34]. To enhance the detection ability for small objects, the
network adopts the methods of feature map upsampling and multi-scale feature fusion,
conducting detection on feature maps of multiple scales. The input is the image of pests. The
backbone feature extraction network adopts the 52 convolutional layers of Darknet53 after
removing the last fully connected layer, which consists of 5 groups of ResNet residual blocks.
Each group of residual blocks is repeated 1, 2, 8, 8, and 4 times, respectively. During each
repetition process, a 1 x 1 convolution is executed first, followed by a 3 x 3 convolution,
and finally the filter is halved and then restored. YOLO takes the entire insect damage
image as the input of the network. After the backbone network extracts the feature map
of a certain size (S x S), the entire insect damage image is divided into S x S grids. Each
grid predicts three bounding boxes. If the center of a certain insect damage target falls
within a certain grid, then this grid is responsible for predicting this insect damage target.
The output layer outputs the position of the bounding box and the category to which the
insect damage target belongs. Each bounding box predicts four positions (X, y, w, h) and
one confidence, totaling five values. Each grid also predicts one category information, with
a total of C categories (there are 37 types of insect damage in the dataset of this article).
For one anchor box, the total number of predicted channels equals 5 + 37 = 42; since each
grid predicts three boxes, the total channel count per grid is 3 x 42 = 126, and ultimately
the output tensor of each detection branch takes the shape of S x S x 126, where S x S
stands for the spatial grid partition of the feature map, channels 1-4 correspond to the
bounding box regression parameters (X, y, w, h) of the first anchor box, channel 5 represents
the objectness confidence score of the first anchor box, channels 642 denote the class
probability distribution of the first anchor box, and this identical channel layout is repeated
sequentially for the second and third anchor boxes within every grid cell.

YOLOvV3-tiny is a compressed version of the YOLOv3 network, which has removed
the residual layers and only uses two YOLO output layers of different scales. The network
has a total of 23 layers, including 13 convolutional layers, 6 pooling layers, 1 routing
layer, 1 upsampling layer, and 2 output layers. Except for the convolutional layer before
the YOLO output layer, which uses a linear activation function, each convolutional layer
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is followed by a BN layer, and each convolutional layer is followed by a convolutional
layer with a leaky rectified linear unit (Leaky ReLU) activation function [35]. The output
dimensions of the two output layers are 13 * 13 and 26 * 26, respectively. Each grid predicts
three bounding boxes. There are a total of 37 categories in this dataset. The final output
layer dimensions are 13 * 13 * 126 and 26 * 26 * 126. Figure 5 is a schematic diagram of the

structure of YOLOv3-tiny.
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Figure 5. YOLOv3-tiny architecture diagram.
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YOLOv4 comprises a total of 162 layers and builds upon the YOLOv3 object detection
architecture, integrating several state-of-the-art optimization techniques recently devel-
oped in the field of CNNs. Key improvements are introduced across multiple components,
including data preprocessing, backbone network design, training methodology, activation
functions, and loss function formulation. Notably, YOLOv4 demonstrates superior detec-
tion performance over YOLOV3 for occluded objects [36]. Figure 6 is a schematic diagram
of the structure of YOLOv4.

YOLOv4-tiny is a lightweight variant of YOLOv4, comprising a total of 38 layers. It
employs CSPDarknet53-tiny as its backbone network for feature extraction and adopts the
leaky ReLU activation function throughout. Unlike its full-scale counterpart, YOLOv4-tiny
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performs classification and regression prediction using only two feature pyramid levels.
Figure 7 presents the architectural diagram of YOLOv4-tiny.
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Figure 6. YOLOV4 architecture diagram.
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Figure 7. YOLOv4-tiny architecture diagram.

2.3.1. Darknet53

YOLOV3 is a fully convolutional neural network, where the primary feature extraction
module employs only the first 52 layers of the Darknet53 backbone. The Darknet53 architec-
ture comprises five groups of ResNet-style residual blocks, with the number of repetitions
per group being 1,2, 8, 8, 4, respectively. Table 2 presents a detailed layer-wise breakdown
of the Darknet53 structure. The architecture diagram as shown in Figure 8.
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Table 2. Structure diagram of Darknet53.

No. of Repetitions  Convolutional Layer Filter Convolution Kernel Size =~ Feature Map Size
Convolutional 32 3 x3 416 x 416
Convolutional 64 3x3/2 208 x 208
Convolutional 32 1x1
1x Convolutional 64 3x3
Residual 208 x 208
Convolutional 128 3x3/2 104 x 104
Convolutional 64 1x1
2% Convolutional 128 3x3
Residual 104 x 104
Convolutional 256 3 x3/2 52 x 52
Convolutional 128 1x1
8x Convolutional 256 3x3
Residual 52 x 52
Convolutional 512 3x3/2
Convolutional 256 1x1
8x Convolutional 512 3x3
Residual 26 X 26
Convolutional 1024 3x3/2
Convolutional 512 1x1
4x Convolutional 1024 3x3
Residual 13 x 13
Avgpool Global
Connected 1000
SoftMax
Type Filters Size Output
4167416"32  Convolutional 32 3x3 256 x 256
208°208*64 Convolutional 64 3x3/2 128 x 128
Convolutional 32 1x1
1x| Convolutional 64 3x3
208+208*64 | Residual 128 x 128
104*104*128 Convolutional 128 3x3/2 64 x 64
Convolutional 64 1x1
2x| Convolutional 128 3x3
1047104128 | Residual 64 x 64
52752*256  Convolutional 256 3x3/2 32x32
Convolutional 128 1 x 1
8x| Convolutional 256 3x3 Scale3
552256 | RESidual 32 x 32 okt
26°26*512 Convolutional 512 3x3/2 16x16
Convolutional 256 1 x1
8x| Convolutional 512 3x3 Scale2
26+26'512 | Aesidual 16 x 16
13*13*1024 Convolutional 1024 3x3/2 8x8
Convolutional 512 1x1
4x| Convolutional 1024 3 x 3 -
13:13*1024 | Residual 8x8 calel 4 »
Avgpool Global 1 /
Connected 1000
Softmax

YOLO detection

Figure 8. Darknet53 architecture diagram.
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Nevertheless, the rigid residual stacking design of vanilla Darknet53 restricts its fea-
ture extraction efficiency and lightweight deployment capacity, which provides a clear
rationale for evaluating alternative backbone architectures to boost detection performance.
Current approaches to enhancing network performance primarily fall into three categories:
widening the network, deepening the network, and increasing input resolution. In practice,
only one of these dimensions is typically modified to improve network architecture. Si-
multaneously scaling two or three of these dimensions often necessitates laborious manual
hyperparameter tuning to achieve a favorable trade-off between accuracy and computa-
tional efficiency.

2.3.2. Efficientnet

In the EfficientNet structure, the authors proposed that there should be an intrinsic
connection among these three methods. Therefore, they introduced the compound model
scaling algorithm, which uniformly optimizes the network width, depth, and resolution by
using a set of fixed scaling coefficients. This approach achieves comparable classification
accuracy to existing networks while significantly reducing the number of parameters and
computational cost of the model [37]. The process of obtaining the optimal parameters
of the three dimensions is as follows: First, the expression of the classification network
is obtained as shown in Equation (1), where N represents the classification network, X
represents the input, i represents the stage, Fi represents the basic network layer, and Li
represents the number of repetitions of Fi in the i-th stage, Hi, Wi, Ci represent the height,
width and number of channels of the image, respectively. To quantitatively balance the
three scaling dimensions, the compound scaling algorithm defines explicit optimization
objectives and computational constraints via the mathematical formulas listed below. The
problem that the compound model scaling algorithm aims to solve is to maximize the
accuracy of the network in Equation (3) under the constraints of model computational cost
and parameter limitations as stipulated in Equation (2). The network depth d, network
width w, and resolution r in Equation (4) are the parameters to be optimized.

N = & E (X mycy ) @
Memory(N) < target_memory @

i Accuary(N(d, w,r)) (3)
N(d,w,r) = o5 B (X, wecy) @

To find the optimal values of the three parameters, the paper introduces the ¢ param-
eter and uses @ to represent the three parameters to be optimized, as shown in formulas
(5)-(7). To reduce the computational load of grid search, the base is restricted by Formulas
(8) and (9). Additionally, the base restriction makes the FLOPS calculation more convenient.
The Efficientnet-BO benchmark network designed through network structure search is
shown in Table 3.

depth : d = ® ()
width : w = g2 (6)
resolution = 7“ (7)
wpo? 2 (8)

v« >1Lp>1Ly=>1 ©)
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Table 3. Efficientnet-BO baseline network.
Stage Operator Resolution Channels Layers
i F; H; x W; Ci L;
1 Conv3 x 3 224 x 224 32 1
2 MBConvl, k3 x 3 112 x 112 16 1
3 MBConv6,k 3 x 3 112 x 112 24 2
4 MBConv6,k 5 x 5 56 x 56 40 2
5 MBConv6,k 3 x 3 28 x 28 80 3
6 MBConv6,k 5 x 5 28 x 28 112 3
7 MBConv6,k 5 x 5 14 x 14 192 4
8 MBConv6,k 3 x 3 7x7 320 1
9 Conv 1 x 1&Pooling&FC 7 X7 1280 1

Compared with Darknet, the EfficientNet architecture features fewer layers and pa-
rameters. In this experiment, both Darknet and EfficientNet are employed as backbone
networks for feature extraction in YOLOv3. The optimal backbone is determined by
comparatively evaluating their respective object detection performance.

2.3.3. ResNet

As the depth of the network increases in deep learning, the problem of gradient dis-
persion becomes more and more serious, making it difficult for the network to converge
or even impossible to converge. Currently, this issue can be addressed through methods
such as network initialization standardization and data standardization (batch normaliza-
tion). In addition, the deepening of the network may also be accompanied by a decline
in the accuracy of the training set. To address this issue, He et al. introduced the ResNet
model—a network structure with cross-layer connections [38]. ResNet constructs residual
learning modules upon the VGG architecture by introducing skip connections that bridge
shallow and deep layers, thereby enabling training errors from deeper layers to be directly
backpropagated to shallower ones. This design effectively mitigates the gradient vanishing
problem inherent in excessively deep networks, facilitating the successful training of sub-
stantially deeper models. Although VGG19 allocates a substantial portion of its parameters
to fully connected layers, ResNet replaces these layers with global average pooling, thereby
markedly reducing the total number of trainable parameters.

The residual block structure is shown in Figure 9 and can be expressed by Formula (10)
(where Wi represents convolution). The residual block can be divided into two branches or
two mappings: (1) The identity mapping refers to the rightward curved line in Figure 8,
which is the mapping of x itself; (2) The residual mapping refers to the F(x) part in Figure 8,
and its value is y — x.

y=F(x, {Wi})+x (10)

X
y

Weight layer
F(x) relu . X .
v identity
Weight layer
F(x) + x T‘
relu

Residual Block

Figure 9. Residual block structure diagram.
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For residual networks of different depths, the authors proposed two types of residual
blocks. Figure 10a illustrates the basic residual block, in which the input passes through
two successive 3 x 3 convolutions, each with 64 output channels, yielding a 64-channel
feature map; the resulting output is then element-wise added to the original input. This
block design is primarily employed in relatively shallow architectures, such as ResNet-34.
Figure 10b depicts the bottleneck residual block, specifically devised for deeper networks
to alleviate computational and memory overhead by reducing dimensionality. Here, the
input first undergoes a 1 x 1 convolution projecting it to 64 channels, followed by a
3 x 3 convolution maintaining 64 channels, and finally a 1 x 1 convolution expanding the
representation to 256 channels; the resulting 256-channel output is then summed element-
wise with the input (after appropriate dimension matching, e.g., via projection). Table 4
summarizes the architectural configurations of residual networks across different depths.

256-d
64-d 7)(,7
x| | 1x1,64
| 3x3,64 , relu y
F(x) relu X F(x) ‘ 3x3, 64 identity
v identity relu
| 3x3,64 e, 256
,Y\‘
F(x) +x (D
, relu Fx)+x | relu

v

Residual Block Bottleneck Block
(a) (b)

Figure 10. Residual block structure diagram. (a) the basic residual block; (b) the bottleneck block.

Table 4. Detailed information of residual network structures with different layers.

Layer Name Output Size 18-Layers 34-Layers 50-Layers 101-Layers 152-Layers
Convl 112 x 112 7 X 7,64, stride2
3 x 3, max pool, stride2
3x 3,64 3 x 3,64 1x1,64 1x1,64 1x1,64
Conv2_x 56 x 56 X 2 X 2 3x3,64x3 3x3,64x3 3x3,64x3
3x3,64 3 x3,64 1x 1,256 1x1,256 1x 1,256
3 x 3,128 3 x 3,128 1x1,128 1x1,128 1x1,128
Conv3_x 28 x 28 X 2 X 4 3x3,128 x4 3x3,128 x 4 3x3,128 x8
3 x3,128 3 x 3,128 1x1,512 1x1,512 1x1,512
3 x 3,256 3 x 3,256 1x 1,256 1x1,256 1x 1,256
Conv4_x 14 x 14 X 2 X 6 3 x 3,256 x 6 3 x 3,256 x 23 3 x 3,256 x 36
3 x 3,256 3 x 3,256 1x1,1024 1x1,1024 1x1,1024
3 x 3,512 3 x 3,512 1x1,512 1x1,512 1x1,512
Convb_x 7x7 X 2 X3 3x3,512x3 3x3,512x%x3 3x3,512x3
3 x 3,512 3 x 3,512 1 x 1,2048 1 x1,2048 1 x1,2048
1x1 Average pool, 1000 d fc, softmax
FLOPS 1.0 x 10° 3.6 x 10° 3.8 x 10° 7.6 x 10° 11.3 x 10°
2.3.4. F°PN

In object detection, whether applied to static images or video sequences, the scale of the
target object often exhibits significant variation. Robustly detecting objects across diverse
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scales constitutes a fundamental challenge in modern object detection systems. To achieve
accurate localization of targets spanning multiple scales, a widely adopted strategy is to
construct a feature pyramid that explicitly encodes multi-scale representations [39]. The
basic schematic diagram of the featurized image pyramid is shown in Figure 11a. Firstly,
an image pyramid is constructed, and then different features are extracted from each layer
of the image pyramid for corresponding position prediction. Although this method can
achieve relatively high detection accuracy, its disadvantages such as large computational
load and high memory requirements often become the performance bottleneck of the entire
algorithm. Therefore, this algorithm is rarely used. Subsequently, Single-scale feature
maps for object detection were first adopted by Krizhevsky et al. to balance detection
speed and computational overhead [40] (as shown in Figure 11b), which are obtained by
inputting the original image into a convolutional neural network and using convolution and
pooling operations to extract. This results in feature maps at different spatial resolutions.
Deeper network layers exhibit lower spatial resolution but capture increasingly abstract,
high-level semantic representations, thereby enhancing the accuracy of target detection.
Therefore, feature maps from the final convolutional layer are employed for prediction [41].
This approach offers advantages in terms of computational efficiency and low memory
footprint. However, a key limitation is its exclusive reliance on high-level, semantically
rich features extracted by the deepest layer, while disregarding fine-grained spatial details
preserved in earlier, shallower layers. In practice, natural images often contain multiple
objects of varying scales. For relatively simple or small-scale objects, detection can be
effectively achieved using shallow-layer features; in contrast, detecting complex or large-
scale objects typically requires integrating deeper-layer semantic representations. For
the reasons mentioned above, as shown in Figure 11c, Liu et al. proposed a pyramidal
feature hierarchy structure [42]. First, the original image undergoes deep convolutional
processing to extract multi-level feature maps; regression predictions are then performed
independently on each of these feature maps. A key advantage of this approach is its
ability to generate target predictions at multiple network layers without requiring all
layers to be traversed for each prediction, thereby improving detection efficiency and
potentially enhancing overall detection performance. A notable limitation, however, is
that the extracted features lack sufficient robustness and fail to comprehensively capture
target-related information. To address the aforementioned limitations, Lin et al. introduced
Feature Pyramid Networks (FPN) [43] (Figure 11d), the FPN architecture comprises a
top-down pathway with lateral connections. Specifically, an input image is first processed
through a deep convolutional backbone to generate multi-scale feature maps. Shallow
(i.e., high-resolution but low-level) feature maps are then projected into lower-dimensional
spaces via 1 x 1 convolutions to align their channel dimensions with those of deeper (i.e.,
lower-resolution but semantically richer) feature maps. Next, the deeper-level feature
maps are upsampled via methods such as nearest-neighbor or bilinear interpolation to
align their spatial dimensions with those of the corresponding shallower-level feature
maps. Finally, the upsampled deeper features are combined with the projected shallow
features via element-wise addition to produce fused feature representations. This design
enables the network to retain both strong semantic information from deep layers and fine-
grained spatial details from shallow layers, thereby yielding more robust and discriminative
multi-scale feature representations for object detection. Through this hierarchical fusion
mechanism, FPN constructs a semantically enhanced feature pyramid. As shown in
Figure 12, it is a schematic diagram of the feature extraction and fusion process of pest
images in YOLOV3.
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Figure 11. Schematic diagram of different scale transformation solutions in object detection.
(a—c) Schematic diagram of scale transformation solutions in object detection; (d) Schematic illustra-
tion of the Feature Pyramid Network (FPN) architecture.
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Figure 12. Schematic diagram of feature extraction and fusion process of YOLOv3.

2.4. Evaluation Indicators for Test Results

The targets are generally divided into two categories: positive examples (P) and nega-
tive examples (N). Model evaluation metrics are typically represented by four parameters:
TP (True Positive), FP (False Positive), FN (False Negative), and TN (True Negative), as
shown in Table 5. Here, TP refers to the number of positive examples correctly identified as
positive, EN refers to the number of positive examples wrongly identified as negative, FP
refers to the number of negative examples wrongly identified as positive, and TN refers to
the number of negative examples correctly identified as negative.
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Table 5. Model evaluation indicators.

P N
P TP FN
N FP N

Accuracy refers to the proportion of correct judgments among all judgments, where
correct judgments include both positive cases judged as positive and negative cases judged
as negative, totaling TP + TN. The accuracy A can be calculated using Formula (11).
Precision is relative to the prediction results. It represents the proportion of the number
of positive samples predicted as positive among all samples predicted as positive. The
samples predicted as positive include TP which are the positive samples correctly predicted
as positive and FP which are the negative samples wrongly predicted as positive. The
precision P can be calculated by Formula (12). Recall refers to the proportion of all positive
samples that are correctly predicted among all positive samples. Among them, there are TP
positive samples predicted as positive, and the total number of positive samples includes
TP positive samples correctly predicted as positive and FN positive samples wrongly
predicted as negative. Therefore, the total number of positive samples is TP + FN. The
recall rate R can be calculated by Formula (13).

TP+ TN

— 11

TP + TN + EN + FP (1)
TP

P= TP + FP (12)
TP

R = TP +FN (13)

2.4.1. Average Precision

The Average Precision (AP) metric can comprehensively express the classifier perfor-
mance of an image segmentation model, being a combined representation of accuracy and
recall. It has been widely applied in the evaluation of object detection methods [44,45].
Typically, during the evaluation process, a set of overlapping IoU thresholds is employed,
and the resulting metrics are averaged across these thresholds to mitigate bias. Here,
overlapping threshold denotes the IoU between the predicted bounding box of a single
instance and its corresponding ground-truth bounding box. For instance, AP>*” represents
the AP of instances with an IoU value greater than 50%. Average precision is the integral
of precision over recall, and its calculation formula is shown in Equation (14), where P is
precision and R is recall. Generally, the higher the AP value, the better the performance of

the classifier. .
AP = / P(R)dR (14)
0

2.4.2. Mean Average Precision

The AP value corresponding to each category of image can be calculated. The Mean
Average Precision (mAP) refers to the arithmetic mean of the AP values of all categories
that the classifier can recognize. Its calculation formula is shown in Formula (15).

55, AP()

AP
m C

(15)
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2.4.3. Frame per Second

In addition to classification and localization accuracy, inference speed constitutes a
critical performance metric for object detection algorithms. For mobile pest identification
applications, real-time capability is essential, making computational efficiency a decisive
factor in algorithm selection. The standard metric for quantifying speed is frames per
second (FPS), defined as the number of images processed per second. Alternatively, per-
image inference latency provides a complementary and often more granular measure
of speed; lower latency corresponds to higher throughput. Conventionally, an FPS rate
exceeding 20 is regarded as sufficient to satisfy the requirements of real-time object detection.
In this work, per-image inference latency is adopted as the primary speed evaluation metric.

2.4.4. Mean Loss Rate

Whether it is object detection or segmentation, the objects are classified, that is, which
category the detected objects belong to. In this paper, the proportion of the number of
misclassified images of each type of pest in the test dataset to the total number of test
images of this type is taken as the category error rate (Loss Rate, LR), and the average
recognition error rate (mean Loss Rate, mLR) is obtained by averaging the error rates of
each category. The calculation formula is shown in Formula (16), where i takes an integer
in the range of [1, 37] to represent 37 types of pests, n = 37 indicates a total of 37 types of
pests, and LR(i) represents the error rate of each type of pest.

Y274 LR(i)
n

mLR = (16)

2.4.5. Detection Accuracy

Intersection-over-Union (IoU) is a standard used in object detection to measure the
accuracy of the location of corresponding objects in a specific dataset. IoU represents the
ratio of the intersection to the union between the generated candidate bounding box and
the original ground truth bounding box, as shown in Figure 13. The calculation formula is
shown in Equation (17), where area(C) represents the area of the candidate box and area(G)
represents the area of the ground truth box. The localization accuracy can be measured by
comparing the mean average precision under different IoU conditions. The article measures
the localization accuracy by comparing the mean average precision obtained by different
models under IoU conditions of 0.5, 0.6, and 0.75, respectively.

U — area(C)Narea(G)

- area(C) Uarea(G) A7)

(cx1, cyl)

CnG

(cx2, cy2)
Ground truth bound
(8x1, gyl)

Figure 13. Venn diagram of intersection and union.
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2.5. Experimental Design

The original pest image dataset comprises a total of 4285 images. For the experiments,
the dataset was partitioned into training, validation, and test sets in an 8:1:1 ratio. During
model training, the data augmentation techniques described in the preceding chapters
were applied to improve the model’s robustness and generalization capability. To ensure
methodological consistency and fair comparison across all models evaluated in this section,
identical hyperparameter configurations were adopted for all experiments. A physical
batch sample size of 4 was uniformly adopted for all training procedures, which was
determined by the hardware VRAM limitation of our experimental device: the multi-scale
detection framework matching 416 x 416 high-resolution pest images brings heavy memory
overhead, and batch sizes greater than 4 will directly cause out-of-memory failures and
interrupt training. To offset the gradient noise potentially induced by small-batch Adam
optimization, we adopted multiple coordinated stabilization approaches supported by the
hyperparameters listed in Table 6. L2 regularization with a coefficient of 0.0005 limits drastic
parameter fluctuations, and a two-stage training pipeline (35 training rounds for partial
frozen layers at a learning rate of 0.001, followed by another 35 rounds of full-network
fine-tuning at a lower learning rate of 0.0001) achieves progressive and stable parameter
updating. We additionally introduced gradient accumulation with a step of 2 as an auxiliary
training scheme, which aggregates gradients over two forward passes to reach an effective
batch size of 8 and further reduce random gradient oscillation. The experimental framework
consists of three complementary components: (i) optimization of the YOLOv3 backbone
network, (ii) refinement of anchor box configurations, and (iii) comparative evaluation of
alternative network architectures.

Table 6. Details of experimental hyperparameters.

Hyperparameter Parameter Value
Batch sample size 4
Gradient accumulation steps 2
Number of training rounds for frozen
. 35
layer and partial layer
Learning rate for training of frozen layer
; 0.001
and partial layer
Number of training rounds for all layers 35
Learning rate for training of all layers 0.0001
L2 regularization 0.0005
Optimization algorithm Adam

3. Results and Discussion
3.1. Optimization of Anchor Boxes

Anchor box generation constitutes a critical step in object detection pipelines. Since
the aspect ratios of objects vary across different image datasets, anchor box design must
be tailored to the specific dataset employed in the actual experiment. To this end, we
apply the K-means clustering algorithm to the bounding box annotations stored in the
XML files generated during manual image labeling. This capability enables empirical
investigation of the aspect ratio and scale distributions of the ground-truth bounding boxes
in the experimental dataset. Leveraging the statistical properties of this distribution, we
then determine the optimal anchor box sizes and aspect ratios.

The COCO dataset employs nine default anchor boxes, specified as follows: [(10, 13),
(16, 30), (33, 23), (30, 61), (62, 45), (59, 119), (116, 90), (156, 198), (373, 326)]. In contrast, the
anchor boxes derived via K-means clustering on the same dataset are: [(54, 47), (126, 156),
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(172, 270), (237, 191), (243, 324), (314, 241), (324, 110), (349, 341), (366, 164)]. In both cases,
each tuple denotes the width and height (in pixels) of the corresponding anchor box.

The Tiny version of the COCO dataset has 6 default anchor boxes by default, which
are [(10, 14), (23, 27), (37, 58), (81, 82), (135, 169), (344, 319)]. The anchor boxes obtained
through K-means clustering in this dataset are [(56, 51), (149, 180), (214, 299), (299, 218),
(332, 332), (339, 139)].

Set the file path (ANNOTATIONS_PATH) and the number of clusters (CLUSTERS) to
be clustered, as well as whether to normalize the object coordinates relative to the image
width and height scale (BBOX_NORMALIZE = False). Read the object coordinates from
all the .xml files, then run K-means clustering and save the results. As shown in Table 7,
the data distribution of the recommended aspect ratios obtained by the pre-selection box
clustering of the dataset in this paper when the clusters are equal to 9 and 6 is presented.
Figure 14a,b, respectively, show the clustering results when the number of clusters is 9 and
6, with the red triangles representing the clustering results. Figure 15a,b, respectively, show
the distribution statistics of the length and width values and aspect ratios of the data boxes
when the number of clusters is 9 and 6.

Table 7. Recommended aspect ratios.

YOLO-Kmeans YOLO-Tiny-Kmeans

Width Height Height/Width Width Height Height/Width
0.130 0.115 0.9 0.135 0.120 0.9

0.315 0.365 1.2 0.360 0.430 1.2
0.570 0.455 0.8 0.815 0.335 0.4
0.830 0.320 0.4 0.505 0.720 14
0.415 0.650 1.6 0.710 0.525 0.7
0.675 0.635 0.9 0.800 0.800 1.0
0.845 0.510 0.6

0.580 0.830 14

0.860 0.805 0.9
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Figure 14. The K-means clustering results of the pest dataset preselection box. (a) the clustering result
when the number of clusters is equal to 9; (b) the clustering result when the number of clusters is
equal to 6. In the figure, the light purple scatter points represent all ground-truth bounding boxes
within the dataset, and the red triangles correspond to anchor boxes generated by K-means clustering.
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Figure 15. Distribution chart of length and width values, as well as aspect ratios, for the preselected
bounding boxes across different clusters. (a) the distribution statistics of the width and height values
and the aspect ratio of the preselected boxes when the number of clusters is 9; (b) the distribution
statistics of the width and height values and the aspect ratio of the preselected boxes when the
number of clusters is 6.

3.2. Analysis of Object Detection Results of the YOLOv3 Backbone Feature Extraction Network

DarkNet-53 and EfficientNet were employed as the backbone networks for feature
extraction. The pest dataset was loaded into the model for training, and the test set was used
to evaluate the performance of target classification and recognition under each backbone
architecture. As shown in Figure 16, the loss curves for both backbone networks exhibit a
consistent downward trend during training and validation, ultimately converging to stable
values. This convergence indicates that both architectures possess strong fitting capacity
and generalization ability on the proposed model and the pest dataset used in this study.
Moreover, a comparative analysis of the loss curves reveals that EfficientNet achieves faster
loss reduction and reaches convergence earlier than DarkNet-53. Among them, the loss
value of the model with Darknet as the backbone network converges to the interval [9.1,
9.2] as the number of iterations increases, while the loss of the model with Efficientnet as
the backbone converges to the interval [2.4, 2.5]. When Efficientnet is used as the backbone,
the final loss value of the network is much smaller than that of the model with Darknet as
the backbone.

After ensuring the generalization ability of the fitting, the overall performance of the
model under different backbone networks is analyzed to obtain the optimal backbone
network. This model is to identify 37 types of pests, so the mean average precision
mAP = Zz] AP(i) (where i € [1, 37], AP(i) represents the average precision of each type).
The table in Section 3.3 presents a comparison of the performance of different backbone
feature extraction networks when IoU is set to 0.5, including the mean average localization
accuracy, average recognition error rate, and the time consumed for testing each pest image.
It can be seen from Table 8 that the mean average accuracies of the two backbone networks
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are comparable. Under the condition of a single NVIDIA GeForce RTX 5080Ti GPU, the
detection time for a single pest image only differs by 0.006 s. The average recognition
error rate obtained under the Efficientnet network is 0.432% lower than that of Darknet.
Meanwhile, under the same number of training iterations, the original YOLOv3-Darknet
baseline has 60.68 M parameters and 134.09 GFLOPs computational consumption, while
our improved YOLOv3-EfficientNet-B0 only retains 14.35 M parameters with 31.44 GFLOPs.
The sharp drop in model complexity shortens the training time per epoch from 3.77 min
to 2.08 min on NVIDIA GeForce RTX 5080 Ti, corresponding to a 48.98% reduction in
training duration. Therefore, it can be concluded that the YOLOv3 model with Efficientnet
as the backbone has better overall performance. Therefore, the EfficientNet backbone
significantly reduces computational costs while maintaining high accuracy, a performance
characteristic consistent with prior lightweight agricultural detection research [46,47]. This
makes it feasible to deploy real-time monitoring systems on resource-limited edge devices
in farmland, such as portable diagnostic instruments, thereby advancing food safety control
nodes to the forefront of production [48].

50 700
— Darknet 300 —— Darknet
40 —— Efficientnet . Efficientnet
”
@ 30 @ 40
-1 N
e ——
20 = 2 —_—
10
1
0 10 20 30 40 50 60 70 0O 10 20 30 40 50 60 70
Epochs Epochs
(a) (b)
Figure 16. Training and validation loss curves of YOLOv3 with different backbone networks.
(a) Training loss curves of YOLOvV3 with different backbone networks; (b) Validation loss curves of
YOLOv3 with different backbone networks.
Table 8. Comparison of performance test results of YOLOv3 with different backbone networks.
Main Trunk. Total Params GFLOPs Mean Accuracy Mea.n. Training Time  Testing Time
Feature Extraction M) (416 x 416) (%) Recognition (min) ©
Network ? Error Rate (%)
Darknet 60.68 134.09 98.93 2.00 245 0.054
Efficientnet 14.35 31.44 98.89 1.57 125 0.048

3.3. Analysis of Detection Results with Different Anchor Settings

The anchor box parameters derived from the COCO dataset and those obtained via
K-means clustering on the damaged insect image dataset were separately employed to
configure the corresponding hyperparameters for these four models, followed by model
training and validation. The results are presented in Figure 17. Specifically, Figure 17a-d
depict the training and validation loss curves of YOLOv3, YOLOv4, YOLOv3-tiny, and
YOLOv4-tiny, respectively, under both anchor box configurations. In all cases, the loss
curves exhibit a consistent downward trend and ultimately converge, indicating that all four
network architectures achieve robust fitting performance and satisfactory generalization
capability on the insect damage dataset introduced in this work.
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Figure 17. Training and validation loss curves of different YOLO models under different anchor box
parameter settings. (a) Training loss curves of YOLOv3 and YOLOv3-Tiny under different anchor box
settings; (b) Validation loss curves of YOLOv3 and YOLOvV3-Tiny under different anchor box settings;
(c) Training loss curves of YOLOv4 and YOLOv4-tiny; (d) Validation loss curves of YOLOv4 and
YOLOv4-tiny.

After verifying the model’s generalization capability, a comparative analysis was
performed to evaluate the overall performance of different network architectures under
varying anchor box configurations; the results are summarized in Table 9. With regard
to training time and inference time per pest image, the four network architectures eval-
uated under two distinct anchor box settings exhibited only minor numerical variations,
with no prominent runtime gaps between the two anchor schemes. For YOLOV3, training
time increases marginally from 245 to 248 min, while inference latency remains constant
at 0.054 s. YOLOvV4 exhibits identical training durations (549 min) under both anchor
schemes, with inference latency varying only slightly from 0.079 to 0.070 s. Similarly, the
lightweight variants YOLOv3-tiny and YOLOv4-tiny demonstrate negligible absolute dif-
ferences in both training and inference runtimes across anchor settings, with no substantial
or consistent speed degradation attributable to anchor choice. In contrast, consistent and
statistically meaningful disparities are evident in recognition quality metrics: across all four
network architectures, models trained with standard COCO anchors consistently achieve
higher average accuracy and lower average recognition error rates than their counterparts
trained with K-means anchors derived from our pest-specific dataset. As a representa-
tive case, YOLOvV3 trained with COCO anchors attains an average accuracy of 98.93%
and a recognition error rate of 2.00%, whereas the same architecture using pest-specific
K-means anchors achieves only 97.93% accuracy and a 2.43% error rate. This performance
advantage of COCO anchors is robustly replicated across YOLOv3, YOLOv4, YOLOv3-tiny,
and YOLOv4-tiny. Consequently, the anchor box configuration from the COCO dataset is
deemed more suitable for the proposed model and the target pest image dataset.
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Table 9. Comparison of performance test results of different network structures under different
anchor settings.

Anchor Box Average Accuracy  Average Recognition Training Time Test Time
Network Structure Type Rate (%) Error Rate (%) (min) (s)
lov3 coco anchors 98.93 2.00 245 0.054
olov
Y K-means anchors 97.93 2.43 248 0.054
lov3 coco anchors 98.52 1.81 228 0.030
olov3-tin
Y Y K-means anchors 97.93 2.43 248 0.054
lovd coco anchors 98.14 1.97 549 0.079
olov
Y K-means anchors 94.52 5.76 549 0.070
) coco anchors 95.58 2.78 222 0.029
yolov4-tiny
K-means anchors 94.17 3.78 196 0.038
3.4. Analysis of Detection Results for Different Network Structures
The pest dataset was separately trained on five object detection models: YOLOv3-
Darknet53, YOLOv3-Efficientnet, YOLOv3-tiny, and YOLOv4-tiny. The corresponding
test set was employed to evaluate and compare the performance of each model in terms
of target classification and localization accuracy. The quantitative results are presented
in Figure 18a,b, both YOLOv3 and YOLOv3-tiny exhibit a consistent downward trend
in their training and validation loss curves, with losses converging to nearly identical
values. This suggests that both architectures possess strong generalization capability on the
present pest dataset. Similarly, as illustrated in Figure 18c,d, YOLOv4 and YOLOv4-tiny
also demonstrate monotonically decreasing training and validation losses that ultimately
converge, indicating robust generalization performance across both models. Notably,
however, YOLOv4-tiny achieves faster convergence and attains a lower final loss compared
to its full-sized counterpart, YOLOv4.
500
I 35|
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? 7}
o o
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Figure 18. Loss curves for training and validation of different YOLO network structures. (a) Training
loss curves of YOLOv3 and YOLOv3-Tiny; (b) Validation loss curves of YOLOv3 and YOLOv3-Tiny;
(c) Training loss curves of YOLOv4 and YOLOv4-Tiny; (d) Validation loss curves of YOLOv4 and
YOLOV4-Tiny.
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To further quantify the comprehensive detection capacity of different network struc-
tures, the mAP, MLR, training time, and the time consumed for testing each pest image
were analyzed and compared, respectively. The experimental results are presented in
Table 10. In terms of average classification accuracy, YOLOv3-Darknet53 achieves the
highest value of 98.93%. The proposed YOLOv3-Efficientnet only suffers a negligible drop
of 0.04 percentage points, reaching 98.89%, which ranks second among all models. The
accuracy of YOLOv3-tiny and YOLOv4 falls to 98.52% and 98.14%, respectively, while
YOLOv4-tiny delivers an obvious performance degradation at merely 95.58%. When
evaluating the average recognition error rate, YOLOv3-EfficientNet achieves an optimal
value of 1.57%, the lowest among all comparative models. This result surpasses YOLOv3-
Tiny (1.81%), YOLOV4 (1.97%), the original YOLOv3-Darknet53 (2.00%), and YOLOv4-Tiny
(2.78%), demonstrating that the EfficientNet backbone enhanced with attention mechanisms
exhibits superior robustness in distinguishing morphologically similar pest individuals
against complex field backgrounds. Beyond superior recognition stability, the proposed
architecture also yields prominent gains in training computational efficiency, as quanti-
fied by total training runtime. All training experiments were executed on an NVIDIA
GeForce RTX 5080 Ti GPU. YOLOv3-EfficientNet completes training in merely 125 min,
far outperforming other full-scale detection backbones: YOLOv3-Darknet53 consumes
245 min of training time, whereas YOLOvV4 requires as long as 497 min. Though the two
lightweight tiny variants reduce total training overhead to 228 min (YOLOv3-tiny) and
196 min (YOLOv4-tiny), their streamlined network design incurs dramatic declines in
classification accuracy and anti-interference capability. Furthermore, we validate the in-
ference efficiency gap between all models by comparing single-image testing latency to
fully characterize the speed-versus-accuracy trade-off. In terms of per-image inference la-
tency, YOLOv3-EfficientNet processes each pest sample within 0.048 s, representing a clear
speed improvement over the original YOLOv3-Darknet53 (0.054 s). While YOLOv3-tiny
and YOLOv4-tiny deliver the fastest inference speeds at 0.030 s and 0.029 s respectively,
their marginal latency advantage is accompanied by substantial deterioration in detection
precision—a typical trade-off for lightweight architectures. On the contrary, the full-size
YOLOv4 model suffers the slowest inference performance, with a single-image processing
time of 0.079 s.

Table 10. Comparison of experimental results on performance of different network structures.

Network Structure Avell'\a;lgei:(c;:;racy Aveé:iil;éct(;%}:; ton Training Time (min) Test Time (s)
YOLOv3-Darknet53 98.93 2.00 245 0.054
YOLOv3-Efficientnet 98.89 1.57 125 0.048

YOLOv3-tiny 98.52 1.81 228 0.030
YOLOv4 98.14 1.97 497 0.079
YOLOvV4-tiny 95.58 2.78 196 0.029

Based on the above results, a comprehensive comparison of accuracy, recognition ro-
bustness, training cost and inference efficiency confirms that YOLOv3-Efficientnet achieves
the best overall pest detection performance, which aligns with the key findings of recent
lightweight agricultural detection research that have established EfficientNet-integrated
YOLO architectures as optimal solutions for balancing precision and computational ef-
ficiency [46,47]. It only sacrifices a tiny amount of classification accuracy to obtain the
minimum recognition error rate, while drastically cutting training time and accelerating
image inference, striking a superior balance between detection precision and computa-
tional burden. Representative visualized detection outputs are displayed in Figure 19.
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Consistent with the quantitative metrics, YOLOv3-Efficientnet maintains high classification
precision and precise bounding-box localization on both single-pest samples and most
multi-pest overlapping images. This well-balanced integration of robust recognition stabil-
ity and moderate computational overhead confers significant practical deployment value
upon the model within the precision agriculture sector, aligning with the core operational
requirements of modern large-scale crop plantations and grassroots agricultural moni-
toring stations [26,49,50]. Conventional full-scale networks like YOLOv3-Darknet53 and
YOLOV4 achieve satisfactory detection accuracy but impose excessive hardware require-
ments, which cannot run stably on low-power portable field terminals and aerial drone
edge devices widely used in actual agricultural production. Conversely, while lightweight
variants, such as YOLOv3-tiny and YOLOVv4-tiny, offer ultra-fast inference speeds, their
diminished capacity to discriminate between small-sized and morphologically similar pests
results in frequent missed detections and misclassifications under complex field conditions,
thereby undermining the reliability required for long-term pest early-warning systems
integral to IPM workflows [51]. In contrast, the YOLOv3-EfficientNet architecture proposed
in this study achieves a favorable trade-off between robust anti-interference recognition
performance and low inference latency. This enables its practical deployment on portable
edge devices in agricultural field settings, facilitating real-time, on-site detection and early
warning of crop diseases and pests in the future.

Figure 19. Partial image detection results illustrating pest infestations.

3.5. Analysis of Abnormal Test Results

In the detection results, a phenomenon of missed detection for small targets was
observed, as illustrated in Figure 20a. Small targets exhibit limited pixel-level features,
rendering their detection heavily reliant on shallow-layer feature representations [52,53].
In contrast, deeper layers capture more sophisticated semantic representations; however,
this enhanced abstraction inherently entails a trade-off between spatial resolution and
semantic richness, well-documented limitation in recent YOLO-based detection studies [21].
As YOLO performs predictions based on global contextual features, the progressively
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downscaled feature maps in its convolutional backbone pose a critical limitation: by the
final layer, the spatial resolution becomes insufficient to accurately localize and regress small
objects, thereby contributing to their frequent omission during inference [54]. This finding
aligns with EP-YOLO'’s research on micro-pest detection, which confirms that continuous
strided convolutions in YOLO backbones inevitably destroy scarce pixel information of
tiny pests as the network deepens [17]. In addition to the inherent small-target missing
detection issue caused by feature resolution degradation, the YOLO model also presents a
typical prediction defect in dense and overlapping pest scenarios. For multi-object images,
the detection results revealed that multiple objects were erroneously merged into a single
detection instance, as shown in Figure 20b—d. The YOLO model takes the entire image as
the input of the network and divides the entire image into S x S grid cells. Each grid cell
predicts B bounding boxes. If the center of a certain object falls within this grid cell, then
this grid cell is responsible for predicting this object. In cases where there is object overlap
or tight adhesion in the image, the center points of multiple objects may fall within the
same grid cell. The model treats multiple objects as a whole for classification and prediction,
resulting in the aforementioned abnormal situation, which has been repeatedly validated
in dense pest detection applications [12,55].

(a) (b) (e

(d) (e) &P

Figure 20. Schematic diagram of abnormal results in insect pest image detection. (a) Small targets

missed; (b—d) Inaccurate segmentation of adhered and overlapping images; (e f) Classification errors.

Abnormal species misclassification cases observed in the detection results are pre-
sented in Figure 20e f. Image classification fundamentally relies on discriminative features,
which are automatically learned by the convolutional layers of the model. However, due
to the presence of visually similar pest specimens in the experimental dataset, the feature
representations extracted during convolutional feature learning become highly comparable,
thereby increasing the likelihood of misclassification. Specifically, in our experiments,
Corythucha ciliata (Say) was erroneously classified as Corythucha marmorata (Uhler).

In summary, future improvements targeting the detection accuracy of small and
densely clustered objects will enable earlier and more precise identification of pest and
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disease infestations. This is crucial for establishing a green production model that prioritizes
prevention and reduces pesticide use.

4. Conclusions

Timely and precise pest monitoring is essential for safeguarding crop production
and ensuring the stability of intensive agricultural systems. To overcome the limitations
of traditional pest monitoring methods in terms of efficiency, accuracy, and real-time
performance, this study explores and validates an intelligent pest identification solution
based on an improved YOLO framework. The key findings of the study are as follows:

First, in terms of model architecture optimization, replacing the YOLOv3 backbone net-
work with the lightweight and efficient EfficientNet significantly reduces model complexity
and training time (by approximately 50%) while maintaining high detection accuracy
(MAP@0.5: 98.89%) and achieving a lower average recognition error rate (1.57%). This
demonstrates the potential of lightweight networks for real-time field pest monitoring
applications in large-scale crop production.

Second, regarding target size adaptability, this study found that, for the pest dataset
used, the general anchor box parameters from the COCO dataset outperformed the cus-
tomized anchor boxes generated by K-means clustering. This suggests that in some crop
pest monitoring scenarios, widely validated general prior knowledge may be more practical
than complex fine-tuning for specific pest datasets.

Finally, comprehensive evaluations show that the YOLOv3-EfficientNet model strikes
the best balance between speed and accuracy, with a mAP@0.5 of 98.89%, an average recog-
nition error rate of 1.57%, and an average detection time per image of only 0.048 s, a total
parameter count of merely 14.35 M, and GFLOPs of 31.44 under the 416 x 416 input resolu-
tion. Such lightweight computational overhead and outstanding detection performance
fully meeting the requirements for real-time pest monitoring in field crop environments.

In conclusion, this study verifies the feasibility of using the improved YOLO model
for efficient and accurate pest identification in field crops. This solution provides an auto-
mated monitoring tool for front-end pest management in intensive agriculture, enabling
early pest detection and precise prevention and control. It helps reduce over-reliance on
broad-spectrum chemical pesticides, thereby mitigating the adverse impacts of excessive
pesticide use on farmland ecosystems and crop quality. Ultimately, this research pro-
vides technical support for promoting sustainable crop production and building precision
agricultural systems.

5. Future Prospects

Although this study achieved promising detection performance, several avenues
for future investigation remain to further enhance the system’s practicality, robustness,
and applicability in precision agriculture. It is worth clarifying that all performance
evaluations of the proposed model in the current research are limited to offline tests on
static annotated image datasets, and we have not yet carried out systematic continuous
verification and long-term operational testing under authentic open-field agricultural
environments. Real farmland scenarios contain complex unconstrained variables that
static datasets cannot fully replicate, including cross-regional differences in crop varieties,
drastic diurnal and seasonal fluctuations of natural illumination, random leaf occlusion,
variable weather conditions, and dynamic pest population distributions across different
growth cycles of field crops. We will deploy the optimized YOLOv3-EfficientNet model
on portable field-monitoring devices and agricultural drones, and conduct multi-regional,
multi-season, on-site, real-time detection trials. During these trials, we will systematically
record practical performance metrics such as field-level recognition accuracy, the miss rate
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for small pests, and the misclassification rate among visually similar pest species under
authentic agricultural production conditions. Subsequently, we will iteratively refine the
model using streaming image data collected in situ to bridge the performance gap between
offline dataset evaluation and real-world agricultural applications.

Future work could focus on improving model efficiency and deployability to enable
real-time inference on resource-constrained edge devices such as smartphones and drones.
Such advancements would lower the technical barrier to adoption and broaden the sys-
tem’s operational scope in field settings. At the same time, the integration of multimodal
data including hyperspectral and multispectral imaging, as well as environmental sensor
measurements is expected to enable early, and even latent-stage, pest detection. This
advancement would represent a paradigm shift from conventional visible identification to
proactive early warning, thereby holding fundamental significance for safeguarding the
quality of food raw materials at the source. To address the current model’s limitations,
future research should prioritize the development of more robust feature extraction archi-
tectures, anchor-free detection frameworks, and fine-grained recognition techniques. Such
advancements are essential to improve the model’s generalization performance in highly
complex, real-world field environments. Ultimately, this detection technology can be seam-
lessly integrated with pest prediction models, agrological knowledge graphs, and precision
agriculture systems, thereby enabling a closed-loop, intelligent plant protection frame-
work that encompasses intelligent sensing, evidence-based decision-making, and precise
actuation. This evolution signifies a paradigm shift in research focus: from developing stan-
dalone identification tools toward delivering holistic prevention-and-control solutions that
unify real-time monitoring, early warning, and adaptive management. Such integration
provides a robust technical foundation and systemic support for precision agriculture.
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