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Abstract

The sex ratio of the rice stem borer, Chilo suppressalis (Walker), is important for assessing
reproductive potential and outbreak risk, but automated sex classification in field trap
images is hindered by small targets, variable postures, subtle morphological differences and
complex backgrounds. An edge—cloud collaborative system was developed for fine-grained
sex classification of the rice stem borer. The edge terminal performs image acquisition,
target detection, ROI extraction, and foreground enhancement, while the cloud platform
conducts sex classification and result management. To improve small-target localization,
YOLO-CSNet was constructed by integrating a global attention mechanism and adaptive
spatial feature fusion into YOLO11n. Within detection-constrained ROIs, Haar-like features
and an AdaBoost discriminator were used to suppress tray textures, shadows and non-
target regions. For sex classification, DRS-ViT combines convolutional patch embedding,
a discriminative-region soft-weighting module and a KANsformer encoder to represent
weak sex-related cues and model global structural relationships. YOLO-CSNet achieved
precision, recall, mAP@0.5, and mAP@0.5:0.95 values of 94.36%, 93.19%, 95.32%, and
73.95%, respectively. DRS-ViT achieved accuracy, precision, recall, and F1-score values
of 93.93%, 94.68%, 93.29%, and 93.91%, respectively. In a temporally independent field
deployment conducted at one Shandong site from May to June 2026, the system achieved
an image-upload success rate of 91.7% and an end-to-end accuracy of 87.9%. The field
results support the feasibility of the workflow under the tested conditions. Future work will
extend field validation across multiple sites and seasons to evaluate system generalizability.

Keywords: rice pest monitoring; small-target detection; fine-grained classification;
foreground enhancement; smart trapping

1. Introduction

Rice is one of the most important food crops worldwide, particularly in Asia, and
its stable and high yield is essential for ensuring food security [1]. Lepidopteran pests
such as the rice stem borer, Chilo suppressalis (Walker), pose a long-term threat to rice yield
and quality. Their larvae bore into rice stems and damage vascular tissues, which easily
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causes dead hearts, white heads, reduced seed-setting rates, and, in severe cases, yield
loss and quality deterioration [2]. Over the past decade and more, the area affected by
crop diseases and insect pests in China has continued to increase, posing a persistent
threat to food security [3]. Field pest occurrence is characterized by sudden outbreaks,
regional distribution, and dynamic variation. Traditional methods, including manual field
investigation, sorting after trapping, and expert identification, suffer from low efficiency,
strong subjectivity, and insufficient capacity for continuous monitoring, making it difficult
to meet the demands of modern agriculture for real-time monitoring and rapid early
warning [4,5]. Therefore, the accurate acquisition of pest species, population density, and
sex ratio is of value for assessing population outbreak risk, formulating precise control
strategies, and reducing unnecessary pesticide application [6-8].

With the advancement of machine vision, deep learning, and edge computing tech-
nologies, image-based intelligent identification of rice pests and diseases has received
increasing attention [9]. Existing research has focused on aspects such as image acquisition,
object detection, classification and recognition, network architecture optimization, and
prediction and early warning for rice pests and diseases [10]. In recent years, deep vi-
sual models, including convolutional neural networks, YOLO-based detectors, and Vision
Transformer architectures, have been widely applied to agricultural pest identification,
object localization, population counting, and fine-grained recognition tasks [11-13]. In 2025,
Yin et al. [14] proposed YOLO-RMD by integrating receptive field attention, mixed local
channel attention, and multi-scale detection to improve rice pest detection in complex field
environments. The model achieved an mAP@0.5 of 98.2% and demonstrated its feasibility
for real-time deployment on edge devices. In 2025, Qiang et al. [15] proposed YOLO-PEST
by integrating occlusion augmentation, ConvNeXt-based multi-scale feature fusion, and
CoTAttention to enhance the robustness of small-pest detection. In 2025, Zheng et al. [16]
proposed Paddy-YOLO and constructed the R2000 dataset to improve rice pest detection
under complex backgrounds and high inter-class similarity. In 2026, Yuan et al. [17] devel-
oped HDA-YOLO using asymmetric dynamic downsampling to improve the multi-scale
discrimination of small and camouflaged rice pests. These strategies improve the detection
of small, occluded, camouflaged, or visually similar pests under complex field backgrounds.
Smart traps and edge-deployed models have also enabled automated in-trap detection
and field-based counting under limited computing and communication resources [18-20].
However, these systems primarily address species-level detection, counting, or selective
capture and do not integrate individual localization, foreground optimization, and cloud-
based analysis for sex classification of the pest. In 2024, Fu et al. [21] improved the Vision
Transformer using image patch partitioning and self-attention to extract discriminative
pest features and validated the method in a seven-class recognition task. In 2024, Fang
et al. [22] proposed Pest-ConFormer by combining convolutional networks, Transformer,
and multi-scale weakly supervised feature selection, achieving an accuracy of 77.81% on
the IP102 dataset. In 2025, Kim et al. [23] developed ROI-ViT using soft segmentation, class
activation maps, and multi-scale cross-attention, achieving accuracies of 81.81%, 99.64%,
and 84.66% on the IP102, DO, and SauTeg datasets, respectively. In 2023, Zhang et al. [24]
proposed MMEGT by integrating self-supervised contrastive learning, fine-grained fea-
ture attention, and image-text multimodal fusion, achieving an accuracy of 98.12% in
few-shot pest recognition. Overall, existing research on visual recognition of rice pests
using deep learning has made progress in object detection, species identification, and
population counting. Most methods remain focused on the “species-quantity” level and
have not yet advanced to identifying sex differences within the same species. The sex
ratio of the second-generation rice stem borer directly affects the population’s reproductive
potential and the scale of subsequent outbreaks, making it a crucial reference indicator
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for pest forecasting and control [25,26]. Field-acquired pest images additionally vary in
background, scale, orientation, specimen condition, and image quality, which can create a
gap between model-development and deployment data [27,28]. An operational solution
must therefore combine reliable individual localization, preservation of weak sex-related
cues, and computation suited to field devices.

To address these challenges, this study developed an edge—cloud collaborative work-
flow for fine-grained sex classification of the rice stem borer. The main contributions are
threefold. First, YOLO-CSNet and detection-constrained foreground enhancement are
configured to localize small targets and suppress trapping-background interference before
classification. Second, the Discriminative-Region Soft-Weighting Module (SWV) integrates
multi-head voting for cross-head agreement with continuous attention intensity, spatial
smoothing, and residual soft recalibration. The resulting weighting strategy retains infor-
mation from multiple weak-response tokens rather than selecting only the highest-response
regions. Third, detection, ROI cropping, and foreground enhancement are deployed at the
edge terminal, whereas DRS-VIT classification is performed in the cloud. The complete
workflow is evaluated through a temporally held-out field deployment.

2. Materials and Methods
2.1. System Development

The edge-cloud collaborative fine-grained sex classification system is based on a
portable push-pull image acquisition device for rice pests and integrates edge-side object
detection and candidate-region foreground enhancement with cloud-based fine-grained sex
classification and remote data management. It implements a complete workflow covering
pest trapping, image acquisition, target localization, ROI optimization, sex classification,
and result uploading, as shown in Figure 1.

Edge-side detection and ROI enhancement

Edge gateway

e

i Remoteaccess | -~ ,

Cloud platform
=
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Figure 1. Edge—cloud collaborative fine-grained sex classification system for the rice stem borer.

The edge—cloud task allocation was determined by the processing requirements of
the detection and classification stages. Target detection, ROI cropping, and foreground
enhancement are performed at the edge terminal to reduce non-target image content and
data transmission volume. Fine-grained classification is performed on the cloud server
because DRS-ViT requires greater computational capacity to model subtle local features and
their global morphological relationships. This configuration addresses both the resource
constraints of field devices and the weak sex-related differences in rice stem borer images.
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The hardware configuration described in this section corresponds to the improved
device used for the 2026 field validation. This device was developed by modifying the
original pest-monitoring device supplied by Shandong Xiangchen Technology Group
Co., Ltd. (Jinan, China) In contrast, the 20232025 model-development images were
acquired using the original device before these modifications. An annular shadowless
light source was used to reduce uneven illumination and insect shadows. Highly light-
absorptive materials were applied to the inner wall and insect-collecting turntable to reduce
specular reflections and background interference. The push-pull structure removes inactive
insects from the imaging area, thereby limiting specimen accumulation and repeated image
acquisition. These measures are intended to improve the consistency and clarity of the
acquired images before object detection and sex classification.

During device operation, a 405 nm short-wavelength insect-attracting light source
is used to lure adult rice stem borers [29]. After a pest enters the imaging area, the
infrared detection module triggers the industrial camera to acquire an image. The image is
transmitted to the edge terminal, where YOLO-CSNet localizes the rice stem borer targets
and generates candidate ROIs. Foreground enhancement is then performed within each
candidate ROI to reduce tray textures, local shadows, and non-target regions. The processed
ROI images, detection boxes, and device-status information are uploaded through a 5G
communication gateway. The cloud server applies DRS-ViT for sex classification and stores
the results for remote access and sex-structure analysis. By transmitting candidate ROI
images rather than the original full images, the system reduces the amount of image data
uploaded to the cloud. The device information is shown in Table 1.

Table 1. Equipment selection and performance parameters.

Device Model Function
Industrial Hikvision Pest i isiti
ndustrial camera MV-CU120-10GC est image acquisition
Infrared sensor TSMP95000TR Imaging trigger
5G edge gateway control Xiang Chen Intelligent iﬁ;ﬁ%ﬁﬁggﬁg{oifl
unit Gateway XC-GW-CBD !
storage
Voltage regulator chip AMS1117-3.3 3:3 V regulated power
supply
USB-to-serial

USB-to-serial converter

. CH340C communication and
chip

program downloading

All equipment used in this study was supplied by Shandong Xiangchen Technology Group Co., Ltd.
(Jinan, China).

2.2. Pest Image Acquisition and Dataset Construction

Rice stem borer images were acquired at three experimental sites in Shandong Province,
including Jinan Wuzhou Urban Agriculture Co., Ltd., the pest monitoring site of the
Shandong Academy of Agricultural Sciences, and the rice base of Jining Liijian Agricultural
Technology Co., Ltd. Images acquired at these sites from 2023 to 2025 were collected using
the original trapping device before the hardware modifications described in Section 2.1, as
shown in Figure 2a. These images covered different field environments and constituted
the model-development dataset used for model training, validation, and internal testing.
Model training, hyperparameter optimization, threshold selection, and model selection
were conducted from September 2025 to March 2026. Subsequently, the improved trapping
device described in Section 2.1, shown in Figure 2b, was used to collect a temporally
held-out field-validation dataset at Jinan Wuzhou Urban Agriculture Co., Ltd. (36.68° N,
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116.95° E) from May to June 2026. None of the 2026 field-validation images were used
during model development. All field images were uniformly resized to 640 x 640 pixels.

Figure 2. Image acquisition devices used during the two study periods. (a) Original trapping

device used to acquire the model-development images from 2023 to 2025. The Chinese inscriptions
identify the unit as a “Pest Internet Measurement and Control System” and display the “Zhixintong”
brand name (literally, “Plant Information Link”). (b) Improved trapping device used to acquire the
temporally held-out field-validation images from May to June 2026.Both devices were manufactured
by Shandong Xiangchen Technology Group Co., Ltd. (Jinan, China).

During 2023-2025, inactive insects captured at the experimental sites were transported
to the laboratory for taxonomic examination. Species identities were initially assigned by
the research team using established morphological criteria and subsequently verified by
entomology experts. Following verification, 2566 multi-insect trap images acquired periodi-
cally across sites and sampling periods were selected when target instances could be reliably
identified and annotated. Expert-confirmed rice stem borer and rice leaffolder instances
were annotated as separate classes for detector development. All expert-confirmed rice
stem borer instances were annotated with class-specific bounding boxes using Labellmg
(version 1.8.6) to construct the Rice Insect dataset for object detection. Before augmentation,
the original images were divided into training, validation, and test sets at a ratio of 8:1:1.
Data augmentation, including horizontal flipping, random rotation, brightness adjustment,
Gaussian noise, random occlusion, and random cropping, was applied only to the training
set. Representative outputs from these augmentation operations are shown in Figure 3.
After augmentation, the Rice Insect dataset contained 8211 images and was used to train
YOLO-CSNet for target detection and localization under complex trapping backgrounds.

Trap-caught inactive adults were first identified as the rice stem borer by the re-
search team using species-specific morphological characteristics. Initial sex labels were
then assigned according to established diagnostic features, including body size, forewing
coloration and markings, and abdominal morphology, following relevant morphological
references and identification criteria [30-32]. Before dataset partitioning, the retained speci-
mens and their sex labels were independently reviewed by entomology experts from the
College of Plant Protection, Shandong Agricultural University who had not participated
in the initial annotation. Specimens with uncertain species or sex assignments, or with
unresolved disagreement between the initial annotation and expert review, were excluded.
Only expert-confirmed specimens and sex labels were used as ground truth for model
training and evaluation.
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Figure 3. Examples of data augmentation. (a) Original image. (b) Horizontal flipping. (c) Random
rotation. (d) Gaussian noise. (e) Random occlusion. (f) Random cropping.

The confirmed specimens were photographed under standardized conditions to con-
struct the controlled sex-classification dataset for DRS-ViT. Camera position, imaging
distance, exposure settings, background, and shadowless illumination were fixed to reduce
image variation unrelated to sex. Specimens were assigned to predefined viewing orienta-
tions to capture variation in wing, abdominal, head, and body-axis morphology relevant to
sex identification, as shown in Figure 4. The dataset comprised 1020 single-insect images
from 1020 independent specimens, including 498 females and 522 males. Images were
stratified at the specimen level while preserving the female-to-male ratio, yielding 714
training images (348 female and 366 male), 153 validation images (75 female and 78 male),
and 153 test images (75 female and 78 male). Data augmentation was applied only to the
training set; the validation and test images remained unaugmented.

=033

T

e

(b)

Figure 4. Representative images and selected morphological regions from the controlled sex-
classification dataset. (a) Male Chilo suppressalis specimens. (b) Female Chilo suppressalis specimens.

2.3. YOLO-CSNet Architecture

YOLOL11n was selected as the edge-side baseline because of its compact architecture
and inference speed [33]. YOLO-CSNet incorporates the Global Attention Mechanism
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(GAM) [34] to recalibrate channel and spatial responses and an ASFF detection head to
align and fuse multiscale features. The resulting architecture was designed to strengthen
small-target representation while retaining a compact resource footprint. The structure of
YOLO-CSNet is shown in Figure 5.

Dietoct Head  [ASFF-hased)

Cony —= Ch. [ ChmClass ]
Input ASFF — —
Frature Fusion Cony — Reg. | WensBos Rem
_—
Conv — Ohj. Obj=Objectmess |
plect \ Head

o CI2+GAM —  Upsample —=  Concat = C3IK24GAM ——— ASFF — Detect

" Backbone )
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Downsamphe
+
v C3KI+GAM =  Upsample - Concat = C3k2+GAM ——= ASFF —* Detect
Dot
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Figure 5. YOLO-CSNet architecture diagram.

2.3.1. GAM Attention Mechanism

To recalibrate channel-wise and spatial feature responses, this study introduced the
Global Attention Mechanism (GAM) into YOLO11n. GAM sequentially applies channel
attention and spatial attention to the input feature map, as shown in Figure 6.

Channel Attention |(-:‘|',. 1
Global
Input Average MLP [ Transpose }—“[ Sigmoid }_‘

(CxHxW) Pooling

‘f

‘f

y . . M, ”

Spatial Attention {1xHxw)
P B B e Output

Conv Conv m i B (CxHxW)
T=7 T=T e B s

Figure 6. GAM structure diagram.

Let the input feature map be denoted as F. The enhanced feature after the channel
attention branch can be expressed as:

Fe=M/(F)OF 1)

Fs=M(F) © F @)

where M(F) and M;(F) denote the channel attention weights and spatial attention weights,
respectively, and © denotes element-wise multiplication. Subsequently, the enhanced
features produced by the two branches are fused, and the final output of the GAM module
can be written as:

P(out)=Fc+Ps=Mc(F)®F+Ms(P)®F 3)

2.3.2. Optimization of the ASFF Module

To achieve adaptive multiscale feature fusion, this study introduces an ASFF-based
detection head into YOLO11n. This module aligns the resolution and channel dimensions
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of three neck outputs and assigns spatially adaptive fusion weights. The fused features are
used for classification and bounding-box regression, as shown in Figure 7.

r3 P4 Ps
{s=8) (=16} (s=32)

e b Lo

"‘ Light welght Generation Branch \\I
H

(1*1 conv + Softmax)
Weighted Feature Fusion|

—— ) a® a® |
(Up/Down Sampling + Conv) () ‘ I I | — Za"XX“

X1l .X“ ] X3

Figure 7. ASFF structure diagram.

Let the target fused feature at the I-th detection scale be denoted as Y, and its inputs
are derived from feature maps at three scales:

Xk e REWexCe ke {1,2,3} ()

where k € (1, 2, 3) corresponds to shallow, intermediate, and deep features, respectively.

During feature alignment, upsampling adopts interpolation and 1 x 1 convolution to
adjust the resolution and the number of channels, while downsampling uses 3 x 3 convo-
lution with a stride of 2 to synchronously adjust the spatial size and channel dimension.
Let U and D denote the upsampling and downsampling operations, respectively:

u(xk), k<1

x(k—=1) — k 5
D(XK), k>1 5)
Xk k=1

O

For each spatial location (i, j), learnable weights «, * (7, j) are assigned to features at
different scales, satisfying:

sz (i) = Lol (i) € [0,1] ©)

The above weights are obtained by applying Softmax normalization to the scale
response scores predicted by the network:

exp(w} (i,1))

51 exp(wh (i.])) ?

n,. .
! (i, j) =

(0

where wy,’ (i, j) denotes the scale response score generated by the lightweight convolutional
weighting branch.
Finally, the fused feature at the I-th detection scale is represented as:

Y, j) Z o) (i,) XD (i, ) ®)

Unlike conventional fixed feature fusion methods, the improved detection head adap-
tively adjusts the fusion ratio between shallow detail features and deep semantic features
according to the scale variation and spatial distribution of pests in trap images. The aligned
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feature maps are combined using the spatially adaptive weights defined in Equation (8),
and the resulting features are used for classification and bounding-box regression.

2.4. Detection ROI-Based Foreground Enhancement

The detection boxes output by YOLO-CSNet can localize individual rice stem borers,
but the resulting candidate ROIs may still contain background interference, including
insect-collecting tray textures, local shadows, device reflections, and other non-target
content. Therefore, ROI foreground enhancement is used as a task-specific preprocessing
step to obtain a background-suppressed single-insect image from each detection ROI for
subsequent cloud-based sex classification. This stage is intended to reduce non-target
content rather than to produce pixel-accurate semantic masks. Within each detection ROI,
Haar-like features and AdaBoost are used to distinguish the insect foreground from the
residual background and generate background-suppressed images without introducing a
separate deep segmentation network into the edge-side pipeline.

During processing, rice stem borer ROI images are cropped according to the detection
boxes. The main insect body regions are used as positive samples, while the insect-collecting
tray background, shadows, reflections, and other non-insect regions are used as negative
samples. Training samples are constructed with a positive-to-negative sample ratio of 1:5.
Based on these samples, multi-scale Haar-like features are extracted to describe morpholog-
ical information, including insect body edges, the body axis, and local textures, and the
AdaBoost algorithm is used to train a foreground-background classifier. After 100 iterations,
an insect body region discrimination model is obtained and applied to local discrimination
and foreground enhancement of candidate ROIs, generating background-suppressed insect
images, as shown in Figure 8.

ROI
cohancement

(@) (b)

Figure 8. Results of ROI-based foreground extraction. (a) YOLO-CSNet detection results. Blue and
yellow bounding boxes indicate Chilo suppressalis (CS) and the rice leaf folder, Cnaphalocrocis medinalis
(RLF), respectively. The numeric values adjacent to the class labels are the corresponding detection
confidence scores. (b) Representative regions of interest after foreground enhancement. ROI, region
of interest.

2.5. DRS-ViT Architecture

After ROI extraction and insect foreground enhancement, sex-related differences
between female and male rice stem borers remained subtle, particularly in local morpho-
logical structures and textures. To address this problem, this study constructed DRS-ViT by
integrating convolutional patch embedding (CPE), a discriminative-region soft-weighting
module, and a KANsformer encoder. CPE extracts local features and maps them into token
sequences, while the soft-weighting module recalibrates local tokens. The KANsformer
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encoder further models global relationships among these tokens. The structure of DRS-ViT
is shown in Figure 9.

Sex

. ; '
volutional Tokenization+ ' Shallow N l'q)hcﬁminlli\'{' 4 KAN N 1 Prediction
P.uch I- mbwdding Position Voting Reglon Soft Classification |
(CPE) Embedding Encoder Weighted Head :
1 6 Male
X ! -
! m
4 Kansformer o
’ © E - I
g | QI emale
e
1
J \ . J \ ' Py + Py=1!

Vating scores \
!
duh-
A

Figure 9. DRS-ViT network structure diagram.

2.5.1. CNN-Based Local Feature Extraction and Tokenized Representation

After ROI extraction and foreground enhancement, morphological differences between
expert-confirmed female and male specimens remained visually subtle. Standard Vision
Transformer patch projection can disrupt local structural continuity and weaken local-
feature representation. To address this issue, DRS-ViT replaces linear patch projection with
a lightweight convolutional patch-embedding (CPE) module, as shown in Figure 10. Inputs
were resized to 224 x 224 pixels and processed by two 3 x 3 convolutional layers with a
stride of 2 and padding of 1, followed by ReLU activation and 2 x 2 pooling. The resulting
28 x 28 feature map was flattened into 784 local tokens, linearly projected, prepended with
a class token, and combined with learnable positional embeddings.

Linear Proje(-tlun
Conv2d l’uddmg— Rearrange
Stride=2 Ned
[Xcts: X1, X2, Xy 5 R™]

Figure 10. CPE structure diagram.

The cloud-side classification input was resized to 224 x 224. The two stride = 2
convolutional layers and the 2 x 2 pooling layer produced a 28 x 28 feature map, which
was flattened into N = 784 local tokens.

2.5.2. Discriminative-Region Soft-Weighting Module

Before the main encoder, this study introduced the Discriminative-Region Soft-
Weighting (SWV) module to estimate the importance of local tokens. A shallow atten-
tion block generates class-token-to-local-token responses, which are combined through
multi-head voting and mean attention. The resulting response map is spatially smoothed,
converted into continuous weights, and applied to the local tokens through residual recali-
bration. In this study, “discriminative region” refers operationally to image-token locations
receiving relatively high class-to-token responses. SWV was trained using image-level sex
labels without anatomical-region supervision. The workflow is shown in Figure 11.
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Figure 11. Structure of the shallow multi-head voting-guided discriminative-region soft-weighting
module.

Unlike binary token masking, SWV combines multi-head voting with continuous
attention intensity. Multi-head voting captures agreement across attention heads, whereas
continuous responses retain information from weakly activated regions. Spatial smoothing
incorporates local consistency, and residual soft recalibration preserves the original feature
baseline. This design is intended for sex-related cues that are distributed across multiple
weak-response regions rather than concentrated in one dominant region.

Let the feature map input sequence be denoted as Xj:

Xp = [xcls, X1, X2, ..., XN] S R(N+1)Xd (9)

where x.; denotes the class token, x; denotes the i-th local token, N denotes the total number
of local tokens, and d denotes the embedding dimension. First, X is input into the shallow
voting encoder Ey(x), which consists of a lightweight Transformer block, namely L; =1,
to obtain the shallow contextual representation:

X5 = Evore(Xg), X5 € RN*Dxd (10)

The shallow voting encoder contains one lightweight Transformer block and produces
the contextual representation defined in Equation (10).

The last multi-head self-attention layer of the shallow encoder contains K = 12 attention
heads. For the k-th head, the input features are linearly transformed and mapped into the
Query, Key, and Value vector spaces:

ok — x,w

&, K0 = x Wi, v = x g (11)

where W(k), ngk), W‘(,k) e RAxdn, dy, = d/K denotes the feature dimension of a single head.

Subsequently, the attention matrix of the k-th head can be expressed as:

o (K<k>>T

\/dih , A(k) c R(N+1)X(N+l) (12)

A®) — softmax
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Considering the class token aggregates information across the image, its responses to
local tokens were used as the basis for token-importance estimation. For the k-th attention
head, the response vector from the class token to the local tokens is extracted as:

a®) =AY € RN (13)

Class-to-token responses were extracted from each of the 12 attention heads using
Equation (13). For each head, the 100 highest-response tokens, corresponding to 12.8% of
the 784 local tokens, formed the binary voting vector in Equation (14). Votes were summed
across heads using Equation (15), while mean attention was retained as the continuous
response term in Equation (16). The two terms were combined in Equation (17), with o
fixed at 0.6 [35] to assign greater weight to cross-head agreement while retaining continuous

responses.
b.(k) 1,a§k) ETop—r(a(k)), i=1,2...,N (14)
0, otherwise
K
mi=Y b, i=12,...,N (15)
k=1
_ 1 & k
a; = z Z af ) (16)
K=1
si:a%+(1—a)ai,ogag1 (17)

The score vector was reshaped according to the original token grid and smoothed
using the fixed Gaussian convolution defined in Equation (18). This operation preserved
token order and reduced isolated responses.

S € RA™W', 8" = Convgiy (S) (18)

The smoothed map was flattened and converted into continuous weights using Equa-
tion (19). Its median was used as i, and T was fixed at 0.2 [36]. The weights were applied
through residual recalibration in Equation (20), with A fixed at 0.5 [37], limiting the maxi-
mum amplification factor to 1.5. The class token was not rescaled, and the final sequence is
defined in Equation (21).

,_
wi:¢7<sz ”), i=1,2,...,N (19)
T
Xi= (14 Aw)xi, i=1,2,...,N (20)
)N(I [xils,zl,zz,...,zz\]} GR(N—H)Xd (21)

2.5.3. KANsformer Encoder

To model nonlinear interactions among local token features, this study constructed a
KANsformer encoder by replacing the MLP in each Transformer block with a KAN-based
nonlinear mapping. The encoder retains multi-head self-attention, layer normalization, and
residual connections. KAN places learnable univariate nonlinear functions on the network
edges. Its structure is shown in Figure 12, and its expression is given as:

2n+1 n
fx) = flxr,...,xm) =), @ (Z qu,p(xp)) (22)

9=1 p=1
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where x;, denotes the p-th component of the input vector x, ¢, ,(x) denotes a learnable
univariate continuous function, and ®,(x) denotes the outer composition function.

Hidden

representation h Output y

Edge
function:d, ,, (x)

S ABDSNZ A
N 7

‘xz; "
SA
N %

Figure 12. Structure diagram of the KAN function.

Compared with a traditional MLP, KAN helps enhance the modeling capability for
nonlinear interactions. This enables the KANsformer encoder to achieve stronger stability
and adaptability when handling contour deformation, complex wing margins, and diverse
local textures, thereby improving the discrimination accuracy of male—female differences.

The improved KANsformer encoder in this study consists of L; stacked encoding
blocks. Each encoding block includes a multi-head attention sublayer and a KAN-based
nonlinear mapping sublayer, with normalization and residual connections applied around
each sublayer. The computational process can be expressed as:

A

£ = x0-1 4 MHSA (LN(XH)) (23)

X<’>:X<l>+K(LN()?’)), 1=12,...,L (24)

where LN(x) denotes layer normalization, MHSA(x) denotes the multi-head self-attention
operator, and x(x) denotes the KAN-based nonlinear mapping sublayer. This structure
preserves the ability of the Transformer to model long-range dependencies among tokens,
while KAN strengthens the modeling of nonlinear interactions among fine-grained features
from multiple body regions. The global semantic representation output by the encoder is
transformed into female and male class probabilities through a KAN classification head
and Softmax, and cross-entropy loss is used for supervised optimization during training:

2
Ecls =

yelogye (25)
c=1

where y. denotes the ground-truth class label, and fj. denotes the predicted probability

of the c-th class output by the model. By minimizing this loss function, the model can

jointly optimize the processes of front-end local feature extraction, discriminative-region

recalibration, and back-end global relationship modeling and classification decision, thereby

improving the overall accuracy and robustness of rice stem borer sex recognition.

2.6. Experimental Setup and Hyperparameter Settings

The experimental environment was configured on a server running the Windows
11 Professional operating system. The server was equipped with an Intel(R) Core(TM)
19-14900K processor and an NVIDIA 4090 graphics processor. CUDA 11.8 was installed,
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and the Python programs were developed using Python 3.9 based on the PyTorch 2.0.0
deep learning framework. The hardware configuration and hyperparameter settings are

listed in Table 2.

Table 2. Experimental environment and hyperparameter settings.

Category Parameter YOLO-CSNet DRS-ViT
Operating system Windows11 Professional Windows11 Professional
Development environment Anaconda Anaconda
Programming language Python3.9 Python3.9
Deep learning framework PyTorch2.0.0 PyTorch2.0.0
Experimental CPU Intel(R) Core Intel(R) Core
environment (TM)i9-14900K@3.0 GHz (TM)i9-14900K@3.0 GHz
GPU NVIDIA GeForce RTX 4090 NVIDIA GeForce RTX 4090
CUDA version CUDA 11.8 CUDA 11.8
GPU memory 24 GB 24 GB
RAM 128 GB 128 GB
Storage 1TB SSD 1TB SSD
Task Object detection Fine-grained sex classification
Input image size 640 x 640 224 x 224
Batch size 16 16
Training Eppchs 300 300
settings Optimizer SGD SGD
Initial learning rate 0.001 0.001
Random seeds 42,3407,2026 42,3407,2026
Momentum 0.937 0.9
Weight decay 5x 107* 5x107°

2.7. Field System Validation

Field validation was conducted at Jinan Wuzhou Urban Agriculture Co., Ltd. (36.68° N,
116.95° E) from May to June 2026 using the improved portable push-pull trapping device.
Ten experimental units were established, each covering approximately 0.67 ha, and one
device was deployed in each unit. All field-validation images were acquired after model
development and were excluded from training, hyperparameter optimization, threshold
selection, and model selection. The field dataset was therefore temporally independent of
model development, although the deployment site had contributed historical images to the
2023-2025 dataset.

A 405 nm light source was used during field deployment [29], and other phototactic
insects were occasionally captured. YOLO-CSNet served as the species-filtering stage, and
only ROIs assigned to rice stem borer were forwarded to DRS-ViT for sex classification.
Other insect taxa were not represented as explicit detector classes. Consequently, mor-
phologically similar non-target insects could be assigned to one of the trained classes and
propagate as false-positive detections.

End-to-end evaluation treated edge-side object detection, ROI cropping, insect fore-
ground enhancement, and cloud-based sex classification as a complete recognition work-
flow. An expert-confirmed rice stem borer individual was counted as correctly recognized
only when the IoU between the predicted and ground-truth bounding boxes was at least 0.7
and the predicted sex matched the expert-confirmed label. Ground-truth bounding boxes
were manually annotated, whereas sex labels were independently assigned by entomology
experts from the College of Plant Protection, Shandong Agricultural University, without
access to DRS-ViT predictions. Only individuals with expert-confirmed sex labels were
included in the evaluation. System-level accuracy was calculated as the number of individ-
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uals satisfying both conditions divided by the total number of evaluated individuals. The
internal structure of the device and its field deployment are shown in Figure 13.

Figure 13. Test site and installed equipment. The Chinese inscription on the front panel identifies
the unit as an “Intelligent Insect Monitoring Lamp”. The warning label reads “Notice: Experimental
equipment, please keep away.” The device was manufactured by Shandong Xiangchen Technology
Group Co., Ltd. (Jinan, China).

2.8. Evaluation Metrics

In the object detection stage, precision (P), recall (R), mAP@0.5, and mAP@0.5:0.95 are
used to evaluate model performance. Their definitions are shown in Equations (26)-(29):

TP

P=Tp+rp (26)
TP
R= TP+ FN 27)
1
Ap = / P(X)dx (28)
0
18 .
mAP@0.5 = azl; Ap(i) (29)

where TP denotes the number of correctly identified positive samples, FP denotes the
number of samples incorrectly labeled as positive, and FN denotes the number of positive
samples that are not detected.

In the sex-classification stage, accuracy, precision, recall, and F1-score were reported.
Female samples were defined as the positive class and male samples as the negative
class. Accordingly, TP and TN represented correctly classified female and male samples,
whereas FP and FN represented male-to-female and female-to-male errors, respectively.
Sex-specific recall and row-normalized confusion matrices were additionally used to ex-
amine class-specific performance. Their definitions of accuracy and F1-score are shown in
Equations (30) and (31):

TP+ TN
Accuracy = TP+ TN L EP 7 EN (30)
Fl— 2 X Precision x Recall (31)

Precision + Recall
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3. Experimental Results

3.1. Training Results of the YOLO-CSNet Model
3.1.1. Model Comparison Experiment

To evaluate the performance of YOLO-CSNet in the rice stem borer detection task,
this study selected mainstream object detection models, including Faster R-CNN [38],
YOLOV5, YOLOvVZ7, YOLOvS, YOLOv9, YOLOv10, YOLO26n, and the original YOLO11n,
as comparative methods and conducted experimental comparisons with the proposed
model. To ensure comparability of the results, all models were trained on the same Rice
Insect dataset using consistent training parameters for 300 epochs. The evaluation metrics
included precision, recall, mAP@0.5, and mAP@0.5:0.95. The experimental results are
presented in Table 3, and the performance comparison among different models is shown in
Figure 14.

Table 3. YOLO-CSNet comparison test table.

Model P/% R/% mAP@0.5/% mAP@0.5:0.95/% FPS
Faster R-CNN 81.38 + 0.24 80.55 + 0.23 82.16 £ 0.18 60.59 + 0.16 23
YOLOV5 83.26 = 0.23 82.01 £0.22 85.47 +£0.23 66.20 + 0.14 145
YOLOv7 79.22 +0.21 80.50 £+ 0.22 83.09 £ 0.20 64.03 £ 0.19 187
YOLOvS8n 86.31 £ 0.23 84.26 + 0.30 86.20 £ 0.14 67.23 +£0.20 210
YOLOv9t 89.94 + 0.19 89.86 + 0.26 90.72 + 0.12 7146 + 0.24 158
YOLOv10n 91.12 £ 0.18 91.30 £ 0.16 91.93 £ 0.19 70.76 + 0.18 135
YOLOv1ln 88.92 + 0.32 90.65 + 0.18 90.52 4+ 0.23 70.05 + 0.26 128
YOLO 26n 93.48 £ 0.15 92.77 £ 0.21 92.49 £+ 0.18 73.43 + 0.16 146
YOLO-CSNet 94.36 £+ 0.20 93.19 £ 0.23 95.32 £ 0.09 73.95 £ 0.12 117
. 10 - -
osl 08
0.6 -
vo-; 0.6
o -
é —— FasterR-CNN 0.4 | —— Faster R-CNN
0.4 —— YOLOVS —— YOLOVS
—— YOLWT ——YOLOVT
—— YOLOvEn ——YOLOvEn
YOLOWIL 0.2 F —— YOLOWt
0.z YOLOvIOn YOLOV0n
YOLOIIn ——YOLOIIn
—— YOLO26n —— YOLO26n
T YOLO-CSNet g b —— YOLO-CSNet
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Epoch R
(a) (b)

Figure 14. Comparison curves with other mainstream models. (a) mAP@0.5 curves of different
models. (b) P-R curves of different models.

As shown in Table 3, YOLO-CSNet achieved the highest mean detection accuracy
among the evaluated models, with an mAP@0.5 and mAP@0.5:0.95 values of 95.32 & 0.09%,
and 73.95 £ 0.12%. Compared with the original YOLO11n, YOLO-CSNet improved both
detection precision and recall, indicating that the introduced structural optimization strate-
gies enhance the feature representation capability of the model for rice stem borer target
regions. Under conditions involving complex trapping backgrounds, variations in insect
body scale, and indistinct target-edge features, YOLO-CSNet localized target regions more
stably and reduced missed detections and false detections to some extent.
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3.1.2. YOLO-CSNet Ablation Study

Table 4 summarizes the ablation results. GAM alone yielded mean precision, recall,
and mAP@0.5 values of 90.48 £ 0.24%, 90.44 + 0.17%, and 91.81 £ 0.14%, respectively.
ASFF alone increased these metrics by 3.02, 0.61, and 3.02 percentage points over YOLO11n.
Combining GAM and ASFF produced 94.36 £ 0.20%, 93.19 = 0.23%, and 95.32 £ 0.09%,
respectively, the highest values among the evaluated variants.

Table 4. Results of YOLO-CSNet ablation experiments.

NO. GAM ASFF Params/M P/% R/% mAP@0.5/% FLOPs/G ~ iodel
Size/MB
Baseline  x x 26 8892 £032  90.65+018  90.52 & 0.23 6.6 5.35
1 v x 22 90.48 £ 024  90.44 £0.17  91.81 £ 0.14 6.1 46
2 X v 26 91944022 9126 +£024  93.54 4+ 0.19 6.4 5.4
3 v v 23 9436 £020  9319+£023 9532 4 0.09 6.2 48

“x” indicates that the corresponding module was not included, whereas “,/” indicates that the
corresponding module was included.

Although YOLO-CSNet maintained a relatively small resource footprint, its inference
speed decreased from 128 FPS for YOLO11n to 117 FPS, corresponding to an 8.6% reduction.
As shown in Table 4, YOLO-CSNet reduced the parameter count from 2.6 M to 2.3 M,
FLOPs from 6.6 G to 6.2 G, and model size from 5.35 MB to 4.80 MB while increasing
mAP@0.5 by 4.80 percentage points. Despite the reduced model complexity, the lower FPS
may be associated with the additional feature transformations introduced by GAM and
ASFF, including channel and spatial attention, multiscale feature alignment, resampling,
and spatially adaptive weighting. These operations may introduce memory-access and
parallelization overheads that are not fully captured by the parameter count or FLOPs.
Therefore, the term “lightweight” in this study refers to the reduced parameter count,
FLOPs, and model size rather than to increased raw inference throughput. YOLO-CSNet
thus achieves higher detection performance at the cost of a moderate reduction in FPS. FPS
was measured under the common environment specified in Table 2 and was used only for
relative model comparison. Field-deployment feasibility was assessed separately using the
edge-side processing time in Section 3.3.

3.2. Training Results of the DRS-ViT Model
3.2.1. Model Comparison Experiment

DRS-ViT was compared with ResNet50, MobileNetV3-Small, EfficientNet-B0, ConvNeXt-
T, ViT-B-16, Swin-T, and TransFG using the controlled sex-classification dataset and the
common training protocol described in Sections 2.2 and 2.6. Results are reported in Table 5.
DRS-VIiT achieved the highest mean values for all four classification metrics among the
evaluated models, including a mean accuracy of 93.93%.

As shown in Table 5, DRS-ViT achieved the highest mean accuracy, precision, recall,
and F1-score values of 93.93 £ 0.21%, 94.68 £ 0.17%, 93.29 £ 0.12%, and 93.91 &+ 0.19%,
respectively, and its overall performance is superior to that of all comparative models.
Compared with ViT-B-16, DRS-ViT increased mean accuracy and F1-score by 2.90 and 4.69
percentage points, respectively. Compared with TransFG, the corresponding gains were
1.78 and 1.93 percentage points. These results indicate that DRS-ViT improved fine-grained
sex-classification performance under the evaluated dataset and training conditions.
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Table 5. DRS-ViT comparative test table.
Model Backbone Acc/% P/% R/% F1/% Params/M Tram
Time/h
ResNet50 CNN 82.53 +0.14 82.41 + 0.30 81.14 +0.23 82.38 + 0.29 25.56 1.76
MobileNetV3-Small CNN 69.98 + 0.32 71.17 £ 0.31 70.36 + 0.19 70.20 4+ 0.23 2.54 1.08
EfficientNet-B0 CNN 88.88 £ 0.22 89.11 + 0.19 86.53 £ 0.41 87.96 4+ 0.28 5.29 1.42
ConvNeXt-T CNN 90.35 £+ 0.28 88.81 + 0.29 89.84 + 0.23 89.13 + 0.34 28.59 2.18
ViT-B-16 Transformer 91.03 £ 0.22 90.28 + 0.34 91.23 + 0.28 90.22 + 0.27 86.57 3.86
Swin-T Transformer 90.83 + 0.26 88.94 + 0.17 90.98 + 0.29 90.63 4+ 0.19 28.29 3.24
Transformer-
TransFG FGVC 92.15 £+ 0.35 92.28 + 0.23 91.53 £ 0.20 91.98 + 0.18 86.61 3.58
DRS-ViT Ours 93.93 +0.21 94.68 + 0.17 93.29 +0.12 93.91 + 0.19 924 4.62

Figure 15 presents a representative misclassified sample. The specimen was confirmed
by experts as male, but its head was lost during trapping. The SWV response map shows
that the model responses remained concentrated on insect morphological regions, including
the wing margins and remaining body structures, rather than on the background. Because
the head was missing, morphology associated with that region was unavailable, and the
specimen was classified as female. The case shows that SWV responses remained localized
to insect morphology, while specimen damage and loss of sex-related features coincided
with misclassification.

(a) (b)

Figure 15. Representative sex-classification failure involving a naturally damaged male Chilo sup-
pressalis. (a) Two views of the expert-confirmed male specimen showing the missing head region.
(b) Corresponding SWV response map. The specimen was classified as female.

3.2.2. DRS-ViT Ablation Study

As shown in Table 6, the ViT baseline achieved a mean accuracy of 91.03 £ 0.22%.
Introducing Convolutional Patch Embedding (CPE), Discriminative-Region Soft-Weighting
(SWV), and KANsformer individually resulted in mean accuracy values of 92.02 =+ 0.35%,
93.42 £ 0.26%, and 91.73 % 0.43%, corresponding to gains of 0.99, 2.39, and 0.70 percentage
points, respectively. SWV produced the largest individual improvement in mean accu-
racy among the three modules. Combining CPE and SWYV resulted in a mean accuracy
of 93.48 + 0.28%. After integrating all three modules, DRS-ViT achieved mean precision,
recall, and accuracy values of 94.68 =+ 0.17%, 93.29 & 0.12%, and 93.93 £ 0.21%, respectively,
representing gains of 4.40, 2.06, and 2.90 percentage points over the baseline. The complete
configuration achieved the highest mean performance among the evaluated ablation con-
figurations, supporting complementary contributions from the three modules under the
tested conditions.
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Table 6. Ablation results of DRS-ViT.
NO. CPE SWV Kansformer P/% R/% Acc/%
Baseline X X X 90.28 £+ 0.34 91.23 +0.28 91.03 + 0.22
1 \/ X X 90.74 £+ 0.41 88.99 £+ 0.27 92.02 + 0.35
2 X Vv X 92.48 £+ 0.29 91.40 4+ 0.44 93.42 4+ 0.26
3 X X \/ 92.16 £ 0.37 91.10 £+ 0.25 91.73 + 0.43
4 \/ \/ X 93.15 £ 0.31 92.49 4+ 0.40 93.48 4+ 0.28
5 \/ X \/ 92.85 £+ 0.46 9247 4+ 0.34 92.89 + 0.30
6 X \/ \/ 93.72 +0.33 92.89 4+ 0.23 93.47 + 0.42
7 \/ \/ \/ 94.68 £ 0.17 93.29 £+ 0.12 93.93 4+ 0.21

“x” indicates that the corresponding module was not included, whereas “,/” indicates that the
corresponding module was included.

3.2.3. Attention Visualization

To further explain the response distribution of DRS-ViT, this study visualized and
compared the attention responses of different models on male and female samples of
the rice stem borer. As shown in Figure 16, the responses of ViT-B-16 were relatively
scattered, and some high-response regions deviated from the main insect body and were
still affected by background texture interference. Swin-T and TransFG could focus on the
insect body region to some extent, but local bias remained in their high-response regions.
In contrast, DRS-ViT responses were mainly located around wing margins, antennae, the
head, wing-surface textures, and the body axis, with weaker background responses. These
maps provide qualitative information about response distribution.

Original ViT-B-16 Swin-T TransFG SWv DRS-VIT

Male 1

Male 2

Male 3

Female 1

Female 2

Female 3

Figure 16. Attention-response visualization results.

3.3. Field Data Transmission Performance Analysis

As shown in Table 7, the image acquisition device supported the continuous workflow
of pest trapping, image acquisition, edge-side detection, and cloud uploading under actual
rice-field conditions. Of the 7168 field-acquired images, 5993 (83.6%) contained at least one
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insect and were retained for downstream analysis, whereas the remaining 1175 (16.4%) were
empty-tray images acquired during insect-free operating periods and were excluded rather
than counted as upload failures. The image upload loss rate was calculated separately
as the difference between the number of images sent by the edge terminal and received
by the cloud server divided by the number sent. The observed upload loss rate of 8.3%
resulted from temporary interruptions in the field 5G network. The upload success rate
and latency indicate that continuous edge-to-cloud transmission and remote pest analysis
were generally feasible under the tested field conditions.

Table 7. Operation performance of edge—cloud cooperative system in the field experiment.

Metric Value

Field-collected images 7168

Images containing insects 5993
Insect-containing image rate (%) 83.6
Empty-tray images 1175
Empty-tray image rate (%) 16.4
Average edge-side processing time (ms) 10.6
Average ROI upload latency (s) 0.75
Image upload success rate (%) 91.7
Image upload loss rate (%) 8.3

3.4. End-to-End Classification Performance Analysis

After field operation stability was verified, the end-to-end performance of the edge-
cloud collaborative workflow was evaluated using the joint criterion defined in Section 2.7.
Among the 7168 images acquired in the field, 5993 contained an expert-confirmed rice stem
borer individual and were included in the evaluation; the remaining 1175 were empty-tray
images. The evaluated individuals comprised 2397 females and 3596 males. The complete
workflow achieved a system-level accuracy of 87.9%, as shown in Table 8.

Table 8. Comparison of end-to-end sex classification performance of different system.

. ROI
NO. E?\%Zﬁ;f € Foreground Clo;/[c(l)?:lsed System-Acc/%
Enhancement
1 YOLOv1ln X ViT-B-16 68.5
2 YOLOv1ln vV ViT-B-16 75.8
3 YOLOvlln X DRS-ViT 76.9
4 YOLOvlln Vv DRS-ViT 82.4
5 YOLO-CSNet X ViT-B-16 73.2
6 YOLO-CSNet Vv ViT-B-16 80.6
7 YOLO-CSNet X DRS-ViT 82.1
8 YOLO-CSNet Vv DRS-ViT 87.9

“x” indicates that the corresponding module was not included, whereas “,/” indicates that the
corresponding module was included.

As shown in Table 8, paired comparisons were conducted while holding the other two
processing stages constant. ROI foreground enhancement increased system-level accuracy
by 5.5-7.4 percentage points across the evaluated configurations. Replacing ViT-B-16 with
DRS-ViT produced gains of 6.6-8.9 percentage points, whereas replacing YOLO11n with
YOLO-CSNet produced gains of 4.7-5.5 percentage points. The complete configuration
achieved the highest system-level accuracy among the evaluated configurations, reaching
87.9% under the tested field conditions. These gains were not interpreted as additive
because errors may propagate and interact across processing stages. Nevertheless, the
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paired comparisons indicate that target localization, ROI foreground enhancement, and
fine-grained classification make complementary, stage-specific contributions to the final
system performance.

To further assess sex-specific classification performance and potential bias, row-
normalized confusion matrices were analyzed for DRS-ViT and the complete field workflow,
as shown in Figure 17. Under controlled conditions, the recalls for male and female rice stem
borers were 95% and 93%, respectively, and the corresponding false-positive rates were
7% and 5%. Under field conditions, the recalls for male and female rice stem borers were
87% and 89%, respectively, with corresponding false-positive rates of 11% and 13%. These
results indicate that both DRS-ViT and the complete field workflow maintained relatively
balanced classification performance for the two sexes, with no pronounced sex-specific bias
under the evaluated conditions.

Male Male

Female Female

Predicted male Predicted female Predicted male Predicted female
(a) (b)
Figure 17. Row-normalized confusion matrices for rice stem borer sex classification. (a) DRS-ViT

results on the controlled test set. (b) Final sex-output results of the complete edge—cloud workflow
on the temporally independent 2026 field-validation dataset.

4. Discussion

The contributions of this study are methodological and system-level. At the system
level, detection, ROI cropping, and foreground enhancement are performed at the edge ter-
minal, whereas fine-grained sex classification is performed in the cloud. Methodologically,
the Discriminative-Region Soft-Weighting (SWV) module integrates multi-head voting,
continuous attention intensity, spatial smoothing, and residual recalibration to preserve
multiple weak sex-related cues rather than only the highest-response regions. This alloca-
tion extends previous smart-trap systems [18-20] from automated detection and counting
to within-species sex classification under the computational and communication constraints
of field devices.

YOLO-CSNet achieved mean mAP@0.5 and mAP@0.5:0.95 values of 95.32% and
73.95%, respectively, on the Rice Insect dataset, and the ablation results indicated comple-
mentary contributions from GAM and ASFF, consistent with rice-pest detectors that use
attention and multiscale fusion to address small targets, occlusion, and background interfer-
ence [14-17]. Although these aggregate metrics characterize detection performance under
different localization criteria, they do not fully reflect failure behavior under heterogeneous
or degraded imaging conditions. Recent multi-domain agricultural detection research has
shown that models with comparable nominal accuracy may exhibit different error patterns
under spectral variation, occlusion, and image degradation [39]. Unlike open-field imaging,
the present system uses an annular shadowless light source, light-absorptive inner surfaces,
and a push-pull insect-removal mechanism to reduce illumination variation, reflections,
background interference, and insect accumulation before detection. These measures reduce
acquisition-induced variation and improve the consistency of images supplied to YOLO-
CSNet, although residual image degradation, insect occlusion, and specimen damage may
still affect field performance.
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ROI foreground enhancement further suppressed tray textures, shadows, and non-
target regions, and its gains in the paired end-to-end comparisons indicate that preprocess-
ing contributed to the final system performance. In the cloud-based classification stage,
DRS-ViT achieved a mean accuracy of 93.93% and outperformed the evaluated CNN, Trans-
former, and fine-grained classification baselines under matched conditions. This extends
previous pest-recognition research from interspecies classification [21-24] to within-species
sex classification. The ablation results support complementary roles for convolutional
patch embedding, discriminative-region soft weighting, and KANsformer in local feature
extraction, discriminative-region weighting, and global relationship modeling. Attention
responses were concentrated around wing margins, the body axis, abdominal textures, and
other morphologically relevant regions.

Rice stem borers and rice leaffolders predominated during deployment, but other pho-
totactic insects were occasionally present. YOLO-CSNet functioned as a closed-set species
filter, and only ROIs classified as rice stem borers were forwarded for sex classification.
Morphologically similar, unmodeled insects could still be assigned to a trained class and
enter the downstream workflow as false positives. Their contribution to field errors was not
quantified separately. The reported end-to-end accuracy therefore represents performance
on expert-confirmed rice stem borer targets under the tested mixed-catch conditions, rather
than general rejection of all non-target taxa.

Using a joint criterion that required an IoU of at least 0.7 and correct sex classification,
the independent field evaluation achieved a system-level accuracy of 87.9%. All field-
validation images were acquired after model development and excluded from training,
hyperparameter optimization, threshold selection, and model selection, ensuring tempo-
ral independence. However, validation covered only one site and the May—June 2026
deployment period. The 6.03-percentage-point difference between standalone DRS-ViT
accuracy (93.93%) and end-to-end system accuracy (87.9%) should not be attributed solely
to classifier degradation because the evaluations used different inputs and success criteria.
Controlled images contained complete specimens across a broader range of orientations,
whereas the field system generally captured one uncontrolled view per individual, which
may have left some sex-related features insufficiently visible. System-level accuracy was
also affected by localization errors, incomplete ROI cropping, residual background inter-
ference, and classification errors. The paired comparisons in Table 8 indicate that errors
can propagate and interact across the detection, foreground-processing, and classification
stages. Therefore, standalone classifier evaluation may overestimate complete-workflow
performance under field conditions.

The field image upload success rate of 91.7% indicates that edge-to-cloud transmission
was generally feasible under the tested 5G conditions. Because unsuccessfully uploaded
images did not enter the accuracy calculation, upload loss reduced image availability rather
than directly affecting the reported system-level accuracy. Nevertheless, the remaining
upload failures indicate that communication reliability should be considered in long-term
operation. Although the confusion matrices showed no pronounced sex-specific bias
under the evaluated conditions, unequal class distributions may cause overall accuracy to
obscure asymmetric errors. Because sex-ratio monitoring is an important application of
the proposed system [25,26], future multi-site validation should determine whether these
class-specific error patterns remain stable and quantify deviations between predicted and
manually verified sex ratios. Future work will also extend field validation across sites
and seasons, evaluate residual image degradation, occlusion or damage, viewing-angle
variation, and device versions, and investigate additional local insect classes, open-set
rejection, multi-view acquisition, and multi-pest time-series forecasting.
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5. Conclusions

The proposed edge—cloud workflow integrates field image acquisition, edge-side
detection and ROI foreground enhancement, and cloud-based sex classification of the
rice stem borer. YOLO-CSNet achieved mean mAP@0.5 and mAP@0.5:0.95 values of
95.32% and 73.95%, respectively, while DRS-ViT achieved 93.93% mean accuracy under
controlled conditions. The temporally held-out 2026 deployment achieved 87.9% system-
level accuracy and a 91.7% image-upload success rate, supporting workflow feasibility
at the Shandong site during May—-June 2026. Generalizability across sites, seasons, pest
densities, environmental backgrounds, and device versions remains to be established.
Future work will prioritize broader field validation and extend the system to multi-pest
time-series forecasting and population-dynamics modeling.
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