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Rapid and intelligent identi cation of rice pests serves as the core sensing
technology for precision plant protection and smart rice farming systems,
providing critical support for intelligent cultivation decisions. To address the
challenges of insuf cient robustness and low precision of existing lightweight
detection models in complex agricultural environments, this study proposes
HDA-YOLO, an improved lightweight YOLOv8 model based on a hierarchical
and densely-fused attention mechanism, for fast and high-precision pest
detection. To enhance feature delity, the model incorporates asymmetric
dynamic downsampling (ADDS) and a multi-scale cascade pre-fusion (MCPF)
module into the backbone network. To achieve dynamic, content-aware feature
fusion, a hierarchical attention-driven dense fusion network (HADF-Net) is
constructed, integrating an intra-scale self-attention module (ISAM) and an
inter-scale cross-attention module (ICAM). Furthermore, the C2f module is
upgraded to a multi-scale context (MSC) module to improve adaptability to
variations in target scale. Experimental results on the self-built RicePest_12
dataset demonstrate that HDA-YOLO, while maintaining a lightweight
architecture (3.93M parameters, 12.02 GFLOPs), achieves signi cant
improvements over the baseline YOLOv8n model, with mAP@50, Fl1-score, and
Recall increasing by 2.4%, 3.8%, and 4.8%, respectively. In comparison with the
Transformer-based RT-DETR-R18 model, HDA-YOLO achieves a 4.8 percentage
points higher mAP@50, while its computational cost is only 22% and its parameter
count is only 20% of RT-DETR-R18. Moreover, the proposed model has been
successfully deployed on a mobile application, achieving real-time and accurate
identi cation of eld pests and demonstrating signi cant potential in the eld of
smart rice agriculture.
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1 Introduction

Rice is one of the most vital food crops globally, and its stable
production is intrinsically linked to food security and the
livelihoods of farmers (Britto and Kronzucker, 2004). However,
rice yield is severely threatened by diseases and infestations caused
by a diverse range of insect pests, leading to substantial economic
losses annually (Ali et al., 2021). Therefore, achieving ef cient and
accurate identi cation and monitoring of rice pests is not only a
critical component of pest management and control but also holds
profound signi cance for the advancement of smart agriculture
(Santiteerakul et al., 2020; Savary et al., 2012).

Early studies primarily employed traditional machine learning
algorithms, using handcrafted features such as scale-invariant
feature transform (SIFT), histogram of oriented gradients (HOG),
and local binary patterns (LBP) combined with classi ers such as
support vector machine (SVM) and K-nearest neighbors (KNN) to
achieve pest recognition (Wagas et al., 2025). Although these
methods achieved certain accuracy under controlled conditions,
their robustness in complex eld environments was limited, being
easily affected by variations in illumination, background
interference, and the morphological diversity of pests (Liu et al.,
2025). For instance, Xiong et al. (2024) pointed out that
conventional pest detection methods are not only time-
consuming and labor-intensive but also often fail to achieve real-
time monitoring and rapid response, further highlighting their
limitations in modern agricultural applications. Moreover, Zheng
et al. (2024) emphasized that due to the high similarity among
different pests, signi cant intra-class variations, and complex
backgrounds, traditional methods struggle to accurately and
quickly identify multiple rice pests, resulting in recognition
accuracy signi cantly lower than that of deep learning models.

With the advancement of deep learning, convolutional neural
networks (CNNs) and Vision Transformers have shown signi cant
advantages in image recognition, leading to the widespread
adoption of object detection algorithms in agricultural scenarios.
Among these, one-stage object detectors, exempli ed by the You
Only Look Once (YOLO) series (Redmon et al., 2016; Redmon and
Farhadi, 2018), have become a mainstream approach for
agricultural pest identi cation due to their excellent balance
between speed and accuracy (Badgujar et al., 2024). These models
extract hierarchical features through deep backbone networks and
leverage feature pyramid networks (FPN) (Lin et al., 2017) and their
enhanced variants, like PANet (Liu et al., 2018), for multi-scale
feature fusion, thereby enabling rapid localization and accurate
classi cation of conventional targets.

To further enhance performance, a previous study has
developed the MTD-YOLO model based on YOLOv8, which
incorporates MobileNetV3 as the backbone network and
integrates Triplet Attention and Dynamic Head, effectively
improving feature representation capabilities and signi cantly
increasing detection con dence and accuracy across multiple rice
pest datasets (Zhang et al., 2025). Meanwhile, Rahman et al. (2020)
proposed a CNN-based method for rice disease and pest
recognition, demonstrating the feasibility of lightweight models
for mobile deployment under complex and heterogeneous eld
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conditions; Pan et al. (2023) further introduced the two-stage
RiceNet method, which effectively enhances recognition
robustness in challenging eld backgrounds.

Nevertheless, when directly applying existing lightweight
models, such as YOLOVS8N, to real-world rice pest detection in the

eld, their performance is still constrained by a series of inherent
challenges. First is the issue of information delity: pest images
captured in the eld often contain numerous small targets. As these
weak visual features pass through the successive downsampling
layers of a CNN, the sharp decline in spatial resolution can easily
cause them to be submerged in background information, leading to
irreversible information loss (Feng et al., 2023). Second is the
challenge of feature discriminability: the background of rice
paddies is exceedingly complex, and the color and texture of pests
often bear a high resemblance to rice stems and leaves, creating a
natural camou age. This places stringent demands on the model’s
ability to extract highly discriminative features from a cluttered
environment (Hu et al., 2023). Finally, there is the trade-off between
ef ciency and accuracy: to enable real-time deployment on mobile
or edge devices, the model must remain lightweight. However, this
is typically achieved at the cost of network depth and width, which
further exacerbates the aforementioned challenges (Ha z, 2023).

To address these challenges, researchers have explored various
avenues, such as designing more ef cient feature fusion necks [e.g.,
BiFPN (Tan et al., 2020)] to enhance the interaction of multi-scale
information, or embedding different types of attention mechanisms
(Woo et al., 2018; Hu et al., 2020) into the network to guide the
model’s focus toward critical feature regions. However, these
improvements are often modular or plug-in in nature. Although
such modular strategies can effectively optimize speci ¢ nodes, they
remain insuf cient to fundamentally overcome the systemic
degradation and bottlenecks that feature information encounters
throughout the end-to-end processes of extraction, transmission,
and fusion. This underscores the need for a comprehensive and
lightweight framework capable of systematically and synergistically
addressing the aforementioned challenges.

The objective of this study is to address the challenges of rice
pest detection in complex eld environments by developing a
lightweight yet high-performance object detection model, termed
HDA-YOLO (Hierarchical and Densely-fused Attention YOLO).
The core design philosophy of this model is the systematic and
synergistic optimization of the three critical stages of the network—
feature extraction, feature fusion, and feature interpretation—to
maximize the delity and interaction ef ciency of the information

ow throughout the entire network. Speci cally, four synergistic
core innovations are introduced:

1. an Asymmetric Dynamic Downsampling (ADDS) module,
which reduces information loss during the downsampling
process in a content-adaptive manner;

2. a Multi-scale Cascade Pre-fusion (MCPF) module,
employed at the end of the backbone to pre-fuse features
for an enhanced output;

3. a Hierarchical Attention-Driven Dense Fusion Network
(HADF-Net), which is built upon a dense topology and
guided by a hierarchical attention mechanism, elevating
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feature fusion from a “static merge” to a “dynamic
inference” process;

4. a Multi-Scale Context (MSC) module, which performs ne-
grained analysis through parallel branches with multiple
receptive elds to improve adaptability to varying
target scales.

Through the deep coupling of these four innovations, HDA-
YOLO constructs an end-to-end collaborative feature evolution
architecture, enabling global information ow optimization from
low-level perception to high-level semantic interpretation. On the
self-built dataset, HDA-YOLO demonstrates signi cantly superior
detection accuracy compared to the baseline model and has been
successfully deployed in a WeChat Mini Program, demonstrating
its signi cant application potential for intelligent agricultural
monitoring scenarios.

2 Materials and methods
2.1 Data acquisition

Given the scarcity and inherent limitations of currently
available public rice pest datasets, this study aimed to construct a
more challenging dataset that closely re ects real-world agricultural
scenarios. To achieve this, images from two large public datasets
were integrated and curated: 1P102 (Wu et al., 2019) and Pest_V2
(Quach et al., 2024). A dual-construction strategy was employed to
enhance the dataset’s speci city and complexity.

First, acknowledging the signi cant morphological differences of
rice pests across various life cycle stages, we subdivided the images
within the Pest_V2 dataset. Different growth stages of the same pest
(e.g., larva, adult) were annotated as distinct and independent
categories. Second, to further increase the challenge posed by
background complexity, pest images from the IP102 dataset that
were both relevant to rice and featured more intricate backgrounds
were manually selected and extracted to supplement the new dataset.

Through the aforementioned process, a customized dataset
named RicePest_12 was ultimately constructed. This dataset
comprises a total of 2,807 high-quality images, covering 12
common categories of rice pests, such as the Asiatic Rice Borer,
Brown Plant Hopper, and Paddy Stem Maggot (as shown in
Figure 1). The creation of this dataset provides a high-quality and
challenging experimental foundation for our research, ensuring the
reliability and validity of the model evaluation.

2.2 Data preprocessing

Although the constructed RicePest_12 dataset is of high quality
and presents signi cant challenges, its total volume of 2,807 images is
still relatively insuf cient. Furthermore, the dataset exhibits a notable
disparity in the number of samples among different categories,
presenting a typical long-tail distribution. This data imbalance issue
can cause the model to develop a bias towards the majority classes
during training, thereby weakening its generalization ability for rare
categories and potentially leading to over tting.
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To address the aforementioned issues, this study employed a
comprehensive data augmentation strategy to expand the dataset and
balance the class distribution. A variety of data augmentation
techniques were applied to the original images, including geometric
transformations (e.g., random horizontal and vertical ips, rotation,
scaling, translation, and perspective transformation) and appearance
transformations (e.g., blurring). Furthermore, to enhance the model’s
ability to discern complex backgrounds and reduce the false detection
rate, unlabeled pure background images were strategically introduced
into the training set as negative samples.

Through this augmentation and expansion, the nal dataset size
was increased from 2,807 to 6,374 images. The distribution of
sample quantities across the various categories is detailed in
Table 1. Prior to model training, this augmented dataset was
randomly partitioned into training, validation, and test sets
according to an 8:1:1 ratio.

2.3 Model overview

This paper proposes an object detection framework named
HDA-YOLO, as illustrated in Figure 2. This framework is
designed to enhance the detection accuracy of multi-scale rice
pests against complex backgrounds, achieving an effective
integration of high precision and a lightweight structure. The
overall architecture of the model is based on YOLOVS, but its
core lies in the systemic, end-to-end optimization of the network’s
information ow.

In the backbone network, HDA-YOLO leverages the synergistic
action of an ADDS module and a MCPF module. This combination
enhances the delity of feature extraction right from the source,
providing a high-quality feature foundation for subsequent network
layers. Building upon this, a novel feature fusion system was
constructed: the HADF-Net. Structurally, this network employs a
dense aggregation topology, utilizing cross-layer “shortcuts” to
counteract information dilution. Mechanistically, it is guided by
hierarchical attention, which uses an intra-scale self-attention
module (ISAM) to enhance features and an inter-scale cross-
attention module (ICAM) to achieve an intelligent mapping from
fused features to precise predictions. Simultaneously, to further bolster
the network’s multi-scale analysis capabilities during feature fusion,
the C2f module in the model’s neck has been upgraded to a MSC
module. The MSC module performs ne-grained analysis through
parallel branches with multiple receptive elds, signi cantly
improving the model’s adaptability to variations in target scale.

Regarding the training strategy, to enhance the model’s
generalization ability to real-world eld environments, images of
pests under diverse lighting conditions and at various growth stages,
as well as pictures with a multitude of eld backgrounds, were
incorporated into the dataset. This was done to increase the overall
diversity and complexity of the data.

2.4 Model improvements

2.4.1 MCPF module

To address the issue of shallow spatial information loss in the
traditional spatial pyramid pooling fusion (SPPF) (He et al., 2015)
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FIGURE 1
Examples of the 12 rice pest species used in this study.

TABLE 1 Distribution of images across categories in the RicePest_12 module, which results from it operating solely on the single, deepest
dataset before and after data augmentation. feature map (P5), this study proposes the MCPF module, and its
= core idea is to re-architect the terminal stage of the backbone
Original Augmented network from a simple “context aggregation” unit into an active

Category number of number of . . . S
images images multi-source feature pre-fusion” unit. The objective is to generate a

— more comprehensive and detail-rich feature map before the inputs

Asiatic Rice Borer (adult) 187 500 proceed to the detection neck by cascading the fusion of multi-scale
Asiatic Rice Borer (larvae) 237 500 features from P2 through P5.

Brown Plant Hopper 251 500 As illustrated in Figure 3, MCPF abandons the single-input

Paddy Stem Maggot 67 500 constraint, instead accepting feature maps from multiple stages of

Rice Gall Midge 124 500 Fhe backbone network (P2, P3, P4, P5) as parallel inputs. Internally,

- - it follows a “downsample-and-fuse” cascade work ow,

Rice Leaf Caterpillar 103 500 . X . . . .

_ progressively integrating high-resolution features into the deeper
Rice Leaf Roller (adult) 172 500 feature stream. The computational process of the module is
Rice Leaf Roller (larvae) 574 574 formulated as shown in Equations 1-4:

Rice Leaf Hopper 237 500
Hj; = M, (ConcatiM,(P,), P 1
Rice Water Weevil 420 500 3= M=o =2(P2). Ps) @
Small Brown Plant H 245 500
matl Erown Flant Hopper H, = M, (ConcatiHs, P, ) (2)
Yellow Rice Borer 190 500
Background 0 300 Hs = ConcatiH,, Ps (3)
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(MSC) module supporting dynamic multi-scale fusion.
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Ymcer = Convy 1(Mg=1(Hs)) (4)

where P, RB & Hi Wi M (:) represents the max-pooling
operation with a stride of k, and the nal output is Y cpr.

2.4.2 ADDS module

Starting from the fundamental operations of the network, this
study designs an ADDS module. As illustrated in Figure 4, this
module begins by applying average pooling to the input feature
channels and then splits them into two halves. These halves are
processed through two complementary, parallel paths:

One path employs Omnidimensional Dynamic Convolution
(ODConv) (Li et al,, 2022) to transform and downsample the

P5 Hx W x C
! P2 P S
C"“Im ) | | MaxPool2d | |
! ]
P3 — FusionBlock I l"-"'*“-‘w‘['
— MaxPool2d ) |
J Concat )-—l—
l (= ___/lb.suxn.swx(;
MaxPool2d P4 — FusionBlock/ _‘{s“w'smw(‘”
— |
MaxPool2d P5 — FusionBlock Max pooling with a stride of 1
J J
| |
L Concat MaxPool2d | Max pooling with a stride of 2
— I
Convlxl | Convlxl |
+ / ;y
(A) SPPF (B) MCPF
FIGURE 3
The architecture of the proposed MCPF module in comparison with
the SPPF module. (A) SPPF operates on a single input feature map.
(B) MCPF integrates multi-scale feature maps in a cascade.
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features in a content-adaptive manner, aiming to preserve rich
patterns and textures; The other path uses a combination of max-
pooling and the SimAM attention mechanism (Yang et al., 2021) to
focus on capturing and re ning the most salient core structural
features. Finally, the outputs of these two paths are concatenated,
generating a downsampled feature map with higher information
delity that contains both adaptively transformed information and
preserved key salient structures. The overall computational process
of this module can be expressed by the following Equations 5-8:

X = AvgPool (X;,) (5)

Ya = Fopconv(Xa) (6)

Yp = Convy 1 Asimam(MaxPool(Xy)) (M
Yapps = Concat(Y,; Yp) (8)

where X, and X, are the two parts of the feature X after it has
undergone average pooling and been split. Y, and Y}, represent the
outputs from the dynamic convolution downsampling branch and
the salient feature retention branch, respectively. The nal output is
denoted as Y apps:

2.4.3 HADF-Net

To address the limitations of networks like PANet and BiFPN,
which are employed by YOLOV8 and are constrained by static
fusion pathways and issues with information delity, the study
proposed a novel HADF-Net. The core of this network lies in its
ability to elevate the feature fusion process from a passive “static
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overall architecture of the ADDS module.

merge” into an active, content-aware “dynamic inference.” This is
achieved by using a hierarchical attention mechanism as the central
driving force, built upon a dense aggregation topology.
Consequently, the network can better adapt to complex and
highly variable detection scenarios.

As illustrated in Figure 5, HADF-Net structurally establishes
denser, wider-span cross-layer “shortcuts” than those found in
BiFPN. This design repeatedly re-injects the original high-
resolution features from the backbone network into the bottom-
up fusion path. Such a dense aggregation topology creates more
direct pathways for information ow within the network. This
physically ensures the maximum possible delity of shallow spatial
details and provides an extremely information-rich feature pool for
the subsequent attention mechanisms to operate on.

Simultaneously, the HADF-Net's information ow is governed
by a hierarchical attention mechanism inspired by the Transformer
(Vaswani et al., 2017). As shown in Figure 6, this mechanism
achieves dynamic feature enhancement and fusion by deploying
speci ¢ types of attention at different levels. First, before features
enter the fusion path, an ISAM is used to perform global contextual
enhancement on the features at each level. Its computation is as
follows (Equation 9):

T T T
Yaar = X + softmax (B ) (X Tw)
k

Subsequently, at the fusion nodes within the neck of the
network, ICAM replaces traditional static fusion methods. This
module utilizes the deep features, Xgeep, as a “query” to dynamically

©)

FIGURE 5

Comparison of feature fusion network architectures. (A) PANet. (B) BiFPN. (C) Our proposed HADF-Net.

Frontiers in Plant Science

06

frontiersin.org


https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org































	HDA-YOLO: a hierarchical and densely-fused attention network for rice pest detection in complex agricultural environments
	1 Introduction
	2 Materials and methods


