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Abstract—Addressing the challenges of feature blurring in
sub-pixel objects and limited computing power of edge devices
in field pest detection, this paper proposes APLS-YOLO, a
lightweight detection framework oriented towards Deep Edge
Intelligence. First, targeting the slender geometric features of
pests and the need for effective receptive fields, we design
the Asymmetric-Priority Pinwheel Convolution (AP-PConv). By
approximating the large kernel receptive field through orthog-
onal strip convolutions, it significantly reduces computational
redundancy while suppressing background noise. Second, to
resolve the high-entropy feature blurring problem of traditional
Softmax attention, we propose Low-Rank Additive Attention
(LR-AAtten). This module utilizes an Additive Token Mixing
strategy to replace complex matrix multiplication, effectively
preserving the texture polarity features of tiny pests with O(N)
complexity. Furthermore, a Scale-based Dynamic Loss (SD-Loss)
is introduced to solve the gradient collapse problem of small
targets during training via an adaptive re-weighting mechanism.
Finally, combined with Global Channel Pruning based on BN
layer scaling factors, extreme model compression is achieved.
On the IP102 dataset, APLS-YOLO achieves an mAP@0.5 of
61.80%, a 2.45% improvement over the YOLOvlln baseline.
On the more challenging FieldPest-25 dense tiny pest dataset,
the mAP stabilizes at 60.31%, demonstrating strong robustness.
On this dataset, the model parameters are only 2.18 M (17%
reduction from baseline), and the model size is compressed to
3.88 MB. It achieves a real-time inference speed of 79 FPS on the
RK3588 edge platform, showing exceptional potential for edge-
side deployment.

Index Terms—Deep Learning, Edge Intelligence, Object De-
tection, Pest Detection, Smart Agriculture

I. INTRODUCTION

Agricultural production is the cornerstone of the global
economy, yet pests and diseases remain major threats to crop
yield and quality, often causing 20%-40% reductions in global
staple food production [1]. Timely and accurate identification
of pest species and their severity is crucial for implementing
targeted control measures and reducing pesticide abuse [2].
However, the field environment is complex, and pests are
diverse in morphology and extremely small (e.g., aphids and
planthoppers are often less than 2mm in length). This poses
significant challenges to traditional manual inspection, which
is often time-consuming, subjective, and limited in coverage

[3].

Although deep learning has made significant progress in
general object detection, applying these algorithms directly to
edge monitoring in smart agriculture still faces severe pain
points: 1) Existing anchor-free assignment strategies often ex-
hibit suboptimal performance on tiny targets due to inefficient
sample assignment, as the limited number of positive samples
(often just a single grid point) leads to insufficient training
supervision for sub-pixel pests [4]. 2) Detection performance is
often compromised by severe background interference, where
drastic changes in field lighting, occlusion by branches, and
complex soil textures trigger massive false alarms [5]. 3) The
deployment is constrained by limited edge resources, as SoCs
on farm monitoring stations and UAVs typically possess less
than 10 TOPS of computing power, making them unable to
support the massive redundant parameters and high energy
costs of traditional models [6].

To break through these limitations, this paper moves beyond
the conventional large model compression paradigm. Instead,
we collaboratively redesign the model from three dimen-
sions: operators, architecture, and loss functions, proposing
a lightweight pest detection network named APLS for Edge
Intelligence. The main contributions of this paper are as
follows:

o To address the challenge of slender and variable direc-
tional features in pests, we design the AP-PConv. Inspired
by the Gaussian distribution characteristics of tiny objects
[7] and the geometric advantages of strip convolutions
[8], this lightweight gated priority mechanism dynami-
cally aggregates four-directional asymmetric features to
achieve precise capture of key pest anatomical structures.

o To significantly enhance fine-grained texture recognition
capabilities under restricted memory, we propose the LR-
AAtten. Drawing on the polarity perception theory of
PolarFormer [9] and the additive interaction paradigm
of CAS-VIiT [10], this module decouples spatial depen-
dence into horizontal and vertical low-rank components,
effectively reducing the computational complexity of self-
attention from O(N?) to linear O(N).

o To resolve gradient collapse for small targets, we in-
troduce SD-Loss. Improving upon the method in [7],
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Fig. 1. The overall architecture of APLS-YOLO. It consists of a Backbone with AP-PConv for directional feature extraction, a Neck integrated with LR-AAtten

for global context modeling, and a Head optimized with SD-Loss.

this mechanism optimizes training by dynamically re-
weighting gradients based on the average normalized
target area.

o To facilitate deployment on edge platforms like the Or-
ange Pi 5 (RK3588), we apply structural compression
via L1 regularization on BN layers [11]. This strategy
reduces the model size to under 4MB, achieving efficient
end-to-end deployment.

We conducted extensive experiments on the self-built
FieldPest-25 dataset containing 25 core pests and the pub-
lic IP102 dataset [12]. Results show that the APLS model
achieves an mAP@0.5 of 61.80% while maintaining superior
inference speed (79 FPS), a 2.45% performance improvement
over YOLOvVI11n, providing a feasible edge intelligence solu-
tion for real-time, portable field pest monitoring.

II. RELATED WORK

In recent years, deep learning-based object detection tech-
nology has become a core driver of smart agriculture. The
YOLO series, due to its excellent balance between speed and
accuracy, has been established as the mainstream paradigm
for field pest detection. With rapid architectural iteration,
YOLOVS [13] and YOLOV10 [14] have been proven to have
significant advantages in identification tasks in cotton fields
and complex backgrounds [15]-[17]. Recent studies have
further explored the potential of YOLOI11; for example, Li
et al. [18] effectively balanced feature extraction capability

and inference efficiency in rice pest detection by introduc-
ing AP_BiFPN and re-parameterized ViT. However, existing
general YOLO models are designed mainly for regular-scale
objects. When facing sub-pixel pests in the field, they often
struggle to achieve the best trade-off between detection accu-
racy and feature resolution.

As computing tasks shift from the cloud to the edge
(Edge Intelligence), building low-latency, low-power detection
models has become a key trend [19]. To reduce computa-
tional load, Ghost Convolution (GhostConv) is often used to
replace standard convolution to compress model volume [16].
However, Chen et al. [20] pointed out that GhostConv still
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Fig. 2. Architecture of the C3k2_AP module integrated with AP-PConv.



contains a large number of 1 x 1 operations, limiting actual
inference efficiency improvements on specific hardware (such
as NPUs). In contrast, reconstruction schemes based on Partial
Convolution (PConv) demonstrate better speed potential while
maintaining accuracy by reducing redundant computation and
memory access. Furthermore, model compression techniques
are widely applied; Wang [21] and Zhang et al. [22] verified
the effectiveness of structured channel pruning in removing
redundant feature channels and reducing video memory occu-
pancy.

The texture blurring and background interference of tiny
field pests (especially aphids) are current detection difficul-
ties [2]. To address the issue of small target feature loss,
mainstream research focuses on multi-scale fusion [23], [24]
and attention mechanisms [25], [26]. Although introducing
Coordinate Attention (CA) or parameter-free SImAM attention
[27] can enhance the model’s focus on key features, existing
attention mechanisms often fail to establish effective global
dependencies with low computational complexity. Addressing
this challenge, Tang et al. [28] proposed a fusion of receptive
fields and global modeling. Inspired by this, this paper com-
bines the Dynamic Asymmetric PConv operator with a global
channel pruning strategy.

III. MATERIALS AND METHODS
A. APLS Network Structure

The network proposed is APLS (Asymmetric-Priority
Low-rank Scale-aware Network), built upon the lightweight
YOLOv11n architecture known for its efficiency. As shown
in Fig. 1, the structure comprises four main parts: Input,
Backbone, Neck, and Detection Head. Input: Images are
resized to 640 x 640 and normalized. Backbone: We replace
original C3 modules with our proposed AP-PConv blocks to
adaptively capture directional features. Neck: We integrate
LR-AAtten modules in the feature fusion path to enhance spa-
tial dependency modeling with linear complexity. Detection
Head: We retain the efficient YOLOv11n head but train using
our SD-Loss to improve small object detection capabilities.

B. C3k2_AP and AP-PConv

The C3k2 module in YOLOvI1 transforms and extracts
features through multiple residual bottlenecks. To adapt to the
slender, variable morphology of pests and the resource con-
straints of edge devices, we propose the AP-PConv. Innspired
by the need for large effective receptive fields [7] and and the
advantages of strip convolutions in capturing slender geometric
features [8], AP-PConv is designed to reduce background
noise. We replace the Bottleneck in C3k2 with AP-PConv to
form the C3k2_AP module, inheriting the efficiency of PConv
from FasterNet [20]. The structure is shown in Fig. 2.

The core innovation of AP-PConv is a lightweight gated
directional priority mechanism. Given input feature map X €
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Fig. 3. Architecture of the decomposition-based LR-AAtten mechanism.

where o is the Sigmoid function, and W = [wy, wa, w3, w4]
corresponds to the dynamic priority weights of four directional
branches (left, right, up, down). The features are processed by
asymmetric (1 x k) or (k x 1) kernels after zero-padding spe-
cific to each direction, and multiplied by their corresponding
dynamic weights:

Y; = Convg;y, (ZeroPad; (X)) - W. (2)

The outputs of all four branches are concatenated and fused
via a 2 X 2 convolution. This design allows the network
to adaptively allocate computational resources to the spatial
directions most sensitive to the current pest morphology.

C. LR-AAtten Block

To overcome the O(N?) complexity of traditional Multi-
Head Self-Attention, we propose the LR-AAtten module (Fig.
3). Inspired by the latest additive attention paradigm [10]
and the theoretical analysis of feature entropy in PolarFormer
[9], LR-AAtten abandons computationally intensive Matrix
Multiplication and Softmax operations. Instead, it employs a
convolutional additive token mixing strategy.

LR-AAtten decouples global spatial dependence modeling
into the additive combination of horizontal and vertical low-
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Fig. 4. The dynamic adjustment curve of factor . As the target scale de-
creases, -y increases exponentially to adaptively amplify the scale supervision.



rank components. For input X, directional context is extracted
via two grouped depth-wise strip convolutions:

Ah = O’(DWCOIIV1 xk(X))7 (3)
Ay = o(DWConvy 1 (X)), )

where k is the strip kernel size. Subsequently, spatial attention
is aggregated linearly (Aspatiar = An + Ay). This additive
operation simulates global interaction but reduces complexity
to linear O(NN). The enhanced features modulate the original
features via the attention map, supplemented by a local 3 x 3
depth-wise convolution for detail compensation.

D. Scale-Based Dynamic Loss (SD-Loss)

In field pest detection, targets often exhibit extreme scale
variations. Traditional bounding box regression losses (e.g.,
ClIoU or DIoU) usually employ static weight allocation. How-
ever, Yang et al. [7] pointed out that IoU metrics are highly
sensitive to position offsets for tiny targets.

To address this, we adopt Scale-based Dynamic Loss (SD-
Loss). SD-Loss introduces a dynamic adjustment factor -~y
based on the average normalized area s of targets in the current
batch (Fig. 4):

y=eFs, (5)

Here, k is a tunable sensitivity hyperparameter (set to 0.5). As
target size decreases (s — 0), v approaches 1, providing an
adaptive signal to enhance the model’s focus.

Based on this dynamic coefficient, we reformulate the tradi-
tional bounding box loss. Unlike previous methods that might
suppress localization weights for small targets, we propose a
Scale-Augmented Strategy:

ESD = 5.{:3 : »Cscale + Elocatio’nn (6)

TABLE I
DATASET SPLIT STATISTICS

Dataset Total Training  Validation Test
1P102 18,974 15,182 1,898 1,899
FieldPest-25 14,714 11,262 2,300 1,152

(f) peach borer

(d) aphids

(e) Locustoidea

Fig. 5. Sample images from the datasets. (a)-(c) are from IP102, and (d)-(f)
are complex field samples from FieldPest-25.
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Fig. 6. Comparative analysis of parameters and mAP50. APLS-YOLO (Red
Star) achieves the best trade-off.

TABLE 11
PERFORMANCE COMPARISON SUMMARY

Dataset Model Prec.(%) mAP50 Param(M)  Size(MB)
P102 YOLOvI1n 57.21 59.35 2.65 5.30
APLS 60.15 61.80 2.21 3.93
FieldPest YOLOvI1n 56.63 58.77 2.62 5.20
1elarest  ApLS 58.22 60.31 2.18 3.88

The scale weighting factor is assigned as 8., = 1 + 7,
while the location term retains a stable weight of 1. With
this design, when the model processes tiny pest targets, the
system automatically amplifies the gradient contribution of
Scale Loss to prevent feature collapse, while maintaining
consistent supervision for bounding box regression to ensure
precise localization.

E. Global Channel Pruning

To compress the model for edge devices like the RK3588,
we implement one-shot global channel pruning after training.
This strategy utilizes the sparse training method proposed
by Liu et al. [11]. Specifically, L1 regularization is applied
to the scaling factors v of BN layers during training. After
training, channels are globally ranked based on importance
scores I. = |v.|, and those with I, < 7 are removed.
The pruned model is fine-tuned briefly to recover accuracy,
successfully compressing the model size to under 4MB.

IV. EXPERIMENTS AND ANALYSIS
A. Datasets

We utilize the IP102 benchmark [12] and a self-built
FieldPest-25 dataset. IP102 contains approx. 75,000 images of
102 crop pest classes. For detection, it includes nearly 19,000
fully annotated images. FieldPest-25 focuses on 25 core pests
of rice, corn, and wheat, containing 14,714 images (Fig. 5).
It includes dense sub-pixel targets and highly similar crop
backgrounds. Dataset splits are shown in Table 1.
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TABLE III
ABLATION STUDY ON FIELDPEST-25

Base C3k2_AP LR-AAtten SD-Loss mAP50 Params(M) FPS
v 58.77 2.62 75.0
v v 58.42 1.95 84.5
v v v 59.85 2.18 79.0
v v v v 60.31 2.18 79.0

B. Experimental Setup

Training was conducted on an NVIDIA RTX 4090 (24GB)
using the Ultralytics framework [13],PyTorch, Python 3.10,
and CUDA 12.2. Inference performance was tested on an
Orange Pi 5 (RK3588). Images were resized to 640 x 640
with a batch size of 16. The initial learning rate was 0.01,
momentum 0.937, and weight decay 0.0005.

C. Comparative Analysis

We evaluated APLS against state-of-the-art models includ-
ing SSD [29], Faster R-CNN [30], YOLOvV3 [31], YOLOVS
[32], YOLOvV7 [33], RTMDet [34], and RT-DETR [35]on

both datasets. As shown in Table II, on IP102, APLS-YOLO
achieves 60.15% Precision, surpassing the YOLOvI11n base-
line by 2.94%. On the FieldPest-25 dataset, traditional models
like YOLOvV5n and YOLOv8n struggle with tiny pests. In con-
trast, APLS-YOLO demonstrates strong robustness, achieving
60.31% mAP thanks to the gradient balancing capability of
SD-Loss. Fig. 6 illustrates the Parameters vs. mAP trade-
off. APLS (red star) is in the top-left corner, indicating high
accuracy with minimal parameters.

Detailed comparisons are provided in Table IV and Table
V. APLS-YOLO achieves the best trade-off. Thanks to global
channel pruning and AP-PConv, parameter count is reduced to
2.21M (16.7% reduction from YOLOvI11n). On the RK3588,
it reaches 79 FPS, a 6.9% speedup over the baseline. Fig. 7 vi-
sualizes detection results, showing reduced missed detections
for dense small targets.

D. Ablation Study

To validate each component, we conducted ablation stud-
ies on FieldPest-25 (Table III). 1. Backbone Replacement
(Exp II): Replacing C3k2 with C3k2_AP reduced parameters



TABLE IV
COMPARISON OF RESULTS ON IP102 DATASET

Model Params(M)  Size(MB)  Prec.(%) mAP50 mAP50:95 FLOPs(G) FPS(RK3588)
YOLOvV3Tiny 2.77 5.6 50.37 54.26 34.77 2.52 78
YOLOvV5n 2.25 4.5 54.47 59.52 38.39 3.12 71
YOLOV7Tiny 6.02 12.1 53.82 58.61 37.15 341 68
YOLOv8n 2.75 55 53.50 58.78 38.78 3.62 67
YOLOvV8n-Ghost 1.78 3.25 52.14 57.53 37.27 1.97 73
YOLOv10n 2.83 5.7 55.53 58.88 38.71 4.50 70
RTMDet(s) 4.87 9.8 56.52 59.91 39.20 4.17 64
Faster-RCNN 28.28 56.6 58.53 60.83 42.55 40.75 12
RT-DETR-R18 19.89 44.51 59.22 62.10 45.31 63.2 18
SSD 2.12 4.3 47.52 52.81 32.16 4.12 62
YOLOvlln 2.65 53 57.21 59.35 38.52 3.37 72
APLS-YOLO 221 393 60.15 61.80 40.10 2.55 79
TABLE V
COMPARISON OF RESULTS ON FIELDPEST-25 DATASET
Model Params(M)  Size(MB)  Prec.(%) mAP50 mAP50:95 FLOPs(G)  FPS(RK3588)
YOLOV3Tiny 2.74 55 49.17 53.16 33.57 248 81
YOLOV5n 222 4.4 53.20 58.35 37.14 3.08 74
YOLOV7Tiny 5.98 12.1 52.82 57.61 35.95 3.36 71
YOLOv8n 272 54 52.81 58.05 37.27 3.58 70
YOLOvV8n-Ghost 1.75 32 51.50 57.20 36.13 1.94 75
YOLOv10n 2.80 5.6 54.82 58.42 37.61 4.45 73
RTMDet(s) 4.82 9.7 5572 59.21 38.10 4.11 67
Faster-RCNN 28.20 56.4 58.13 60.33 41.54 40.65 13
RT-DETR-R18 19.85 44.4 59.97 61.84 44.31 63.1 20
SSD 2.09 4.2 46.22 51.61 30.96 4.08 65
YOLOvIIn 2.62 52 56.63 58.77 37.46 332 75
APLS-YOLO 218 3.88 58.22 60.31 38.52 2.51 79

and increased FPS, with a slight expected mAP drop. 2.
Neck Enhancement (Exp III): Adding LR-AAtten increased
mAP to 59.85% with minimal parameter increase, proving its
ability to capture global context. 3. Loss Optimization (Exp
IV): Introducing SD-Loss further improved mAP to 60.31%
without adding any inference cost. The results confirm the
effectiveness of our pipeline.

V. CONCLUSION

In this paper, we propose the APLS-YOLO, a high-
performance lightweight detector for agricultural pest detec-
tion. By introducing AP-PConv in the backbone, we reduced
computational redundancy. The LR-AAtten in the neck en-
hances global context modeling via linear attention, while SD-
Loss optimizes training for small targets. Validated on IP102
and FieldPest-25, APLS-YOLO achieves the best accuracy-
efficiency trade-off. It enables real-time inference on edge
devices like RK3588 while maintaining accuracy comparable
to large Transformer models, offering a promising solution for
automated precision agriculture.
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