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Abstract

Wheat aphids are major pests threatening wheat production, and accurate field detection is essential for pest
management and food security. However, in complex field environments, aphid detection remains challenging
due to the small size of aphids, weak visual features, and severe background interference, which often result in
missed detections and false alarms in traditional methods. To address these issues, this study proposes a YOLO
(You Only Look Once)-based small object detection method called HSFL-YOLO. First, a HAFB (Hierarchical
Attention Fusion Block) feature fusion module is designed to enhance information exchange among multi-scale
features and improve the fusion of shallow detail features with deep semantic features. Second, the original
PAFPN (Path Aggregation Feature Pyramid Network) is optimized by constructing a SOEP (Small Object
Enhancement Pyramid) structure, which retains more positional information for small targets and enhances the
model’s perception of small objects. In addition, the FRFN (Feature Refinement Feed-Forward Network) module
is introduced to adaptively reconstruct features and strengthen channel-wise interaction, thereby improving feature
representation in dense small-target regions. Finally, the GCD(Gaussian Combined Distance) loss and Focal-
EloU(Focal Efficient Intersection over Union) loss are combined to enhance the model’s focus on hard samples
and improve bounding box regression accuracy. Experimental results on the wheat aphid dataset show that,
compared with the baseline model, HSFL-YOLO improves precision, recall, mAP(mean Average Precision)@0.5,
and mAP@0.5:0.95 by 2.3%, 1.5%, 0.4%, and 1.1%, respectively. The proposed method effectively improves
small object detection performance while maintaining reasonable model complexity, providing technical support

for intelligent pest detection in complex agricultural scenarios.

Keywords: Wheat aphids; Small object detection; YOLO; Multi-scale feature fusion; Intelligent pest detection
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1. Introduction

Wheat is one of the most important food crops in the world and plays a significant role in ensuring food security
and promoting sustainable agricultural development. As a major staple crop, wheat occupies a central position in
the agricultural production systems of many countries, and its yield and quality are directly related to food supply
and agricultural economic development (Song et al. 2025). However, during wheat growth, pests and diseases
occur frequently, seriously affecting crop yield and quality. Among them, aphids are one of the most destructive
pests. Aphids suck plant sap through their piercing-sucking mouthparts, causing leaf yellowing and inhibiting
plant growth. In severe cases, aphid infestation can lead to a significant reduction in yield (Ouaarous et al. 2025) .
In addition, aphids can transmit a variety of plant viruses, thereby accelerating disease spread and further
expanding the extent of damage. When aphid populations increase rapidly, they can easily cause outbreaks in the
field, posing a serious threat to wheat production safety (Foottit et al. 2005). In recent years, scholars have
conducted a number of studies on wheat aphids. For example, in terms of farmland biodiversity and ecological
pest regulation, Agathe Mansion-Vaquié et al.(2019) showed that increasing field plant diversity can suppress
wheat aphid populations to a certain extent, although combining the two measures did not further enhance the
control effect. Long Yang et al. (2022) demonstrated that semi-natural habitats at the landscape scale can
significantly influence the diversity and parasitism rate of parasitoid wasps associated with wheat aphids, thereby
regulating wheat aphid populations to some extent. In terms of pest monitoring, Yuan et al. (2014) demonstrated
that hyperspectral technology can effectively distinguish different levels of biological stress in winter wheat and,
to some extent, identify and assess the severity of wheat aphid infestation, indicating that hyperspectral
information has considerable potential for wheat aphid monitoring. Most of the existing studies mentioned above
have investigated wheat aphids from perspectives such as ecological environment and population dynamics.
However, research on the automatic detection and recognition of wheat aphids based on their phenotypic
characteristics remains relatively limited.

With the continuous development of smart agriculture, the use of deep learning algorithms for the automated
monitoring of crop diseases and pests has become an important research direction. In recent years, the rapid
advancement of deep learning technology has promoted the widespread application of object detection algorithms
in agricultural pest and disease identification, providing reliable technical support for the detection of various crop
pests and diseases Kamilaris and Prenafeta-Boldu (2018). At present, mainstream object detection frameworks
mainly include two-stage detection methods represented by Faster R-CNN (Ren et al. 2017) and one-stage
detection methods represented by SSD ( Liu et al. 2016) and the YOLO (Redmon et al. 2016) series. In addition,
classic convolutional neural networks, such as VGG (Simonyan et al. 2015) and ResNet (He et al. 2016), are often
employed as backbone networks for feature extraction and play an important role in improving the feature
representation capability of object detection models. For example, Zhang et al. (2022) proposed a low-energy
additive hybrid convolutional network, AM-ResNet, which significantly reduced energy consumption while
maintaining nearly unchanged recognition accuracy. On the IP102 and VOC2007 datasets, the accuracy loss was
less than 2%, while more than 40% of energy consumption was saved, demonstrating good efficiency and
practicality. Sun et al. (2021) proposed a lightweight object detection model, Mean-SSD. By designing the MEAN
module and Apple-Inception structure, the model achieved an mAP of 83.12% and a detection speed of 12.53

FPS, effectively reducing model complexity while maintaining detection accuracy. In the field of agricultural
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intelligence, Paymode and Malode (2022) introduced a VGG-based convolutional neural network model for crop
leaf disease recognition, leveraging its deep convolutional architecture to enhance feature extraction capability.
The model achieved accuracies of 98.40% and 95.71% on the grape and tomato datasets, respectively. In recent
years, the YOLO series has undergone continuous development, achieved a favorable balance between detection
accuracy and inference speed, and been widely applied to crop pest and disease detection tasks (Jocher et al. 2023).
Gao et al. (2025) proposed the SCS-YOLO model for real-time detection and severity assessment of wheat scab
(FHB). This method effectively reduced the number of model parameters and computational complexity while
achieving high detection accuracy, with a mAP of 90.51%, and was successfully deployed on low-power edge
devices such as the NVIDIA Jetson Nano, demonstrating strong application potential. Xu et al. (2026) proposed
a multi-view flower counting method called Pha-YOLO. By introducing a lightweight backbone network and a
multi-view fusion strategy, the method effectively improved the detection and counting accuracy of Phalaenopsis
flowers under occluded conditions.

At present, existing research mainly improves object detection performance by enhancing the architecture of
deep learning models. In terms of multi-scale feature fusion, Xu et al. (2025) proposed a passion fruit detection
and yield prediction model based on semantic segmentation. By introducing a density attention mechanism and a
multi-scale feature fusion strategy, the model achieved an accuracy of 0.88 and a recall of 0.83, significantly
improving detection performance in complex background and high-density fruit scenarios. Wu et al. (2025)
proposed an instance segmentation network named TinySeg for grape flower stem recognition. By introducing
the MobileFormer feature extraction module and the TriFPN multi-scale feature fusion structure, the model
achieved accuracies of 87.1%, 74.2%, 80.7%, and 76.6%, significantly improving the recognition accuracy and
detection performance of flower stems. In terms of feature representation, Liu et al. (2025) effectively
compensated for information loss during the downsampling process and enhanced the feature representation
ability of the model through the Feature Representation Compensation (FRC) and Regional Shallow Shape Self-
Attention (RPSA) mechanisms. The proposed method outperformed current CNN-based methods by 4.5% and
5.7% on the IP102 and FPD datasets, respectively. In terms of feature extraction, Li et al. (2025) and Xing et al.
(2023) further enhanced the feature extraction capability of the model in complex scenarios by introducing
attention mechanisms, multi-scale learning, and residual structures. In terms of loss function design, Jia et al.
(2024) alleviated the class imbalance problem by adopting a weighted loss strategy, thereby enhancing the
prediction performance of the model under extreme conditions. The above-mentioned methods have promoted
the improvement of object detection performance from multiple perspectives, including feature fusion, feature
representation enhancement, and loss optimization.

However, the above studies mostly focus on targets with relatively large scales or obvious characteristics,
and there are still some limitations in the detection of wheat aphids in field environments. Due to the small size
of wheat aphids, their dense distribution, and their high similarity to the background, fine-grained features are
easily lost during multiple downsampling operations in deep networks. At the same time, complex illumination
changes and occlusion further reduce the distinction between the target and the background and interfere with the
accuracy of bounding box regression, which leads to missed detections and false alarms during the detection
process. Therefore, how to effectively preserve small-target features in complex field environments and enhance
the discrimination ability between targets and background has become a key issue to be addressed in current small

object pest detection tasks.
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In response to the above issues, the YOLO series, as a typical single-stage object detection framework, has
achieved a good balance between detection speed and accuracy and been widely applied in agricultural object
detection tasks. Among them, YOLOv12 demonstrates superior detection performance in complex environments
by further optimizing the network structure and feature representation mechanism, providing a solid model
foundation for small object detection research. To address the problems of small target size, complex background,
and dense target distribution in field environments, this paper proposes an improved small object detection model,
HSFL-YOLO, based on the YOLOvV12 framework. First, the HAFB feature fusion module is designed to enhance
information interaction among multi-scale features, thereby improving the network’s representation capability for
small-target features. Second, the original PAFPN is optimized by constructing the SOEP structure, which
improves the model’s perception of small objects by strengthening the utilization of shallow fine-grained features.
In addition, the A2C2F-FRFN module is introduced to enhance feature reconstruction and representation
capability in dense regions. Finally, a joint optimization strategy is constructed by integrating the GCD loss and
Focal-EloU loss to improve the learning ability for hard samples and enhance bounding box regression accuracy.
Experimental results show that this method can effectively reduce the missed detection rate of small target pests

in complex field scenarios and significantly improve overall detection performance.
2. Materials and methods

2.1 Data acquisition

This study utilized a wheat aphid dataset collected from the Modern Agricultural Research and Development
Base in Yuanyang County, Henan Province, China (35°01'N, 113°40'E). The field experimental area was a
dedicated wheat aphid experimental field. All data were collected under natural light conditions from April 5 to
April 28, 2025, which corresponds to the critical growth period from wheat heading to grain filling. All images
were captured using a vivo X100s smartphone. The image format was JPG, and the resolution was uniformly set

to 4096 x 3072 pixels to ensure device consistency and image clarity.
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Fig. 1 Overview of the study area. (a) Location of the study area. (b) Distribution of sample points. (c) Field-

acquired images of wheat aphids(covering multiple developmental stages of wheat aphids).

2.2 Data Processing

After screening and quality control, a total of 524 high-quality images were obtained. Labellmg software
was used to annotate wheat aphids in the images. To prevent model overfitting, data augmentation methods,
including affine transformation, random cropping, horizontal flipping, brightness adjustment, particle noise, and
Gaussian noise, were applied to the original images. After data augmentation, a total of 1,548 images were
obtained and divided into the training, validation, and test sets at a ratio of 8:1:1. Before training, all images were

normalized and resized to 640 x 640 pixels to accelerate model convergence.
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Fig.2 Illustration of data augmentation techniques applied to the original images. (a) BBoxSafeRandomCrop.
(b) Affine transformation. (c) Horizontal Hlipping. (d) Gaussian Noise. (¢) Random Brightness and Contrast
adjustment. (f) ISO Noise.

Table 1 Summary of the Wheat Aphid Dataset

Training sets Test sets Validation sets
Pest
Number of Number of Number of Number of Number of Number of
name
pictures labels pictures labels pictures labels
Wheat
1238 7271 155 1020 155 760
aphids

3. Improved YOLOvV12 network model

3.1 Method

YOLOVI2 is a real-time end-to-end object detection model further optimized based on the YOLO series
architecture, with systematic improvements in detection accuracy, convergence stability, and inference
efficiency(Tian et al. 2025). To balance the deployment requirements of edge computing devices and the
recognition accuracy requirements in complex agricultural scenarios, this study selects the YOLOv12n (Nano)
version as the lightweight baseline model. This version has undergone structural compression and operator
reconstruction optimization in terms of parameter scale and computational complexity. While ensuring real-time
detection performance, it also enhances multi-scale feature representation capability, providing efficient technical
support for the wheat aphid detection task. The network structure of YOLOV12 also consists of four core modules:
Input, Backbone, Neck, and Head. The Input module performs standardized preprocessing and scale-adaptive
adjustment on wheat aphid images to improve robustness under complex lighting and background interference
conditions. The Backbone network, based on the traditional convolutional feature extraction framework,
introduces an improved lightweight feature aggregation module and an efficient residual structure to enhance the
interaction between shallow texture information and deep semantic information. Meanwhile, it improves the
perception ability for small and dense targets through an optimized spatial-channel collaborative modeling
mechanism. The Neck network adopts an improved multi-scale feature fusion structure to adaptively integrate
feature maps of different resolutions, thereby enhancing the efficiency of cross-scale information transmission
and feature utilization. The Head module follows the end-to-end detection concept, optimizes the decoupled
design of classification and regression branches, and adopts dynamic label assignment and loss weighting
strategies during training to improve the matching quality of positive and negative samples. During inference,
efficient prediction output is achieved by streamlining redundant computational paths, thereby further improving
real-time inference performance while maintaining high detection accuracy.

Based on the YOLOvV12n framework, this study designs a multi-dimensional structural optimization scheme
to address the problems of dense small-target distribution, significant scale variation, and severe background
interference in complex agricultural scenarios, and constructs an improved YOLOvV12 network model. First, in
the feature fusion stage, the HAFB fusion module is introduced. By constructing an adaptive weight distribution
mechanism and a cross-layer information interaction path, the collaborative representation capability between
shallow detail information and deep semantic information is strengthened, thereby improving the stability and

discriminability of target feature responses in complex backgrounds. Second, the SOEP module is designed by
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introducing a scale-aware enhancement path and a dynamic feature recalibration strategy to optimize the
alignment effect of multi-scale features and enhance the model’s perception ability for small and dense targets. In
the main feature extraction stage, the A2C2F-FRFN structure is introduced to reconstruct the original feature
aggregation unit. The local texture modeling capability and global semantic interaction capability are enhanced
through a dual-channel attention modeling mechanism and a cross-stage feature fusion strategy. Meanwhile, the
feed-forward enhancement network unit is embedded to improve the nonlinear representation capability and
robustness of feature representation. Furthermore, a fusion strategy combining GCD loss and Focal-EloU loss is
proposed at the loss function level. By introducing a global geometric consistency constraint, the structural
matching relationship between the predicted box and the ground-truth box is optimized, while the Focal
adjustment mechanism is used to enhance the learning ability for high-quality samples and the mining ability for
hard samples, thereby improving bounding box regression accuracy and model convergence stability. Overall,
while maintaining the lightweight and real-time performance of the model, the proposed improvements achieve a
coordinated enhancement in detection accuracy and generalization capability, providing a more effective technical

solution for object detection tasks in complex agricultural scenarios.
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Fig. 3 Overall architecture of the proposed HSFL-YOLO model

3.2 The HAFB Fusion Module

In the field of deep learning, especially in computer vision tasks, multi-scale feature fusion and attention
mechanisms have been widely proven to significantly enhance a model’s perception capability in complex scenes.
However, existing methods often face the problem that local and global information are difficult to effectively
coordinate during the fusion of multi-source features. To address this issue, this study proposes the HAFB, which
aims to achieve adaptive fusion of local and global features through a hierarchical attention mechanism, thereby
enhancing the robustness and task adaptability of feature representation. This module is particularly suitable for
scenarios that require efficient processing of multi-scale inputs, such as object detection and image segmentation.

The core innovation of HAFB lies in the combination of local and global attention branches, implemented

through the LocalGlobalAttention sub-module, as well as the refined fusion of input features through a
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hierarchical feature processing path. This design not only preserves the spatial details of the input features but
also enhances the semantic representation capability of the global context through an adaptive weighting
mechanism. In the feature preprocessing stage, the input features are first passed through a 1 x 1 convolution for
dimensionality reduction, which helps unify feature dimensions and reduce the computational complexity of
subsequent operations. Then, the baseline features are obtained by initially fusing the dual-input features through
a 3 x 3 convolution. The LocalGlobalAttention branch performs local and global feature extraction based on
HCFNet(Xu et al. 2024). In the multi-feature integration and optimization stage, the features generated by the
LocalGlobalAttention branch and the baseline features are processed through Convl x 1, RepConv3 x 3, and
Convl x 1 operations, respectively. The first convolution mainly aims to reduce the feature dimension and
decrease the computational complexity of subsequent operations. In addition, re-parameterized convolution is
employed for feature recombination, which can significantly improve parameter utilization and better reorganize
features from multiple branches. The main functions of this module are as follows.

(1) Hierarchical feature fusion: The HAFB effectively enhances feature diversity and representation
capability by combining local and global attention mechanisms. Compared with traditional single-scale processing,
HAFB can capture both fine-grained details and global contextual information more comprehensively.

(2) Efficient attention mechanism: By utilizing the LocalGlobalAttention module, HAFB can flexibly
process features at different scales and adaptively focus on important regions, thereby improving the
computational efficiency and overall performance of the model.

(3) Enhanced cross-channel information interaction: By introducing multiple attention mechanisms and
convolution operations, HAFB not only optimizes spatial feature representation but also strengthens information

interaction across channels, providing more discriminative feature representations for subsequent tasks.
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Fig. 4 The HAFB structure

3.3 The SOEP module

In conventional object detection frameworks, the representation capability of small objects in detection layers
such as P3, P4, and P5 is usually limited. The main reason is that, as the network progressively downsamples the
feature maps, their spatial resolution decreases significantly, making it difficult to effectively preserve the fine-
grained information of small objects. Traditional methods typically improve small object detection performance
by introducing an additional P2 detection layer. However, although this strategy can enhance detection accuracy,

it inevitably leads to increased computational complexity, redundancy in the feature fusion process, and greater
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post-processing burden, thereby limiting the efficiency and scalability of the model in practical applications.
Therefore, it is necessary to design a more efficient feature pyramid structure that can effectively enhance the
feature representation capability of small objects while maintaining computational efficiency.

Based on the above analysis, this study improves the original PAFPN and proposes the SOEP structure.
Unlike the traditional strategy of directly adding a P2 detection layer, the proposed method treats the P2 feature
layer as a supplementary source of high-resolution information rather than an independent detection branch.
Specifically, the P2 feature is first introduced into the SPDConv module for processing, in order to enhance
discriminative information related to small objects while suppressing redundant background features(Shi et al.
2016). Subsequently, the enhanced P2 features are fused with the P3 feature layer, thereby injecting richer fine-
grained spatial information into the P3 layer without significantly increasing computational overhead. In the
feature integration stage, this study introduces the CSP idea to further optimize the fused features and incorporates
the OmniKernel module proposed in AAAI 2024 for structural enhancement. On this basis, the CSP-OmniKernel
structure is constructed to improve multi-scale feature modeling capability (Cui et al. 2024). The OmniKernel
module consists of global, large-scale, and local branches, enabling effective learning of multi-level
representations ranging from global semantic information to local detailed features within the same feature space.
By using the CSP structure to partially share and separate features from different branches, the proposed design
not only improves feature fusion efficiency but also effectively alleviates feature redundancy and gradient

interference.
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Fig. 5 Architecture of the SOEP network(incorporating the CSP concept and the OmniKernel module).

3.4 The A2C2F_FRFN module
To further enhance the feature modeling capability of YOLOvV12 in complex scenarios, this study introduces
targeted improvements to its core feature extraction module, A2C2F. In the original A2C2F module, the ABlock

adopts a standard Transformer architecture, in which the feed-forward network (MLP) mainly performs nonlinear
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transformation along the channel dimension through point-wise mapping. However, this design has limited
capability in modeling local spatial patterns and multi-scale features in visual tasks, and it remains insufficient for
representing small objects and fine-grained structures.

Based on this, this study introduces the FRFN under the enhancer-simplification paradigm (Zhou et al. 2024).
Specifically, FRFN is constructed by incorporating the PConv operation to enhance informative feature
components and by adopting a gating mechanism to reduce the processing burden caused by redundant

information. The formulation of FRFN can be expressed as follows.

X' =GELUW,PCon X )| X1, %3 |= &7 (1)
X! = %@ F(pwcon(r(1)) 2)
X, =GELUW, X! 3)

In the above formulation, W1 and W2 denote linear projection operations; [ , ] represents the channel slicing
operation; R(+) and F(-) denote the reshaping and flattening operations, respectively, which are used to convert
sequence inputs into two-dimensional feature maps and vice versa, and are crucial for introducing locality into
the architecture (Li et al. 2021). PConv(-) (Chen et al. 2023) and DWConv(*) (Howard et al. 2017) denote partial
convolution and depthwise convolution operations, respectively, and @ represents matrix multiplication. Overall,
FRFN enhances feature representation by extracting informative features from the information flow while
suppressing redundant components, thereby improving the model’s ability to represent local details and complex
structures. In addition, it enables the model to filter out uninformative features along the channel dimension,

further improving feature expression efficiency and robustness.

Feature Refinement Feed-forward Network (FRFN)

W C/2

WxC'i2

[® Matrix Multipication () Element-wise Addition
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Fig. 6 the A2C2F-FRFN module

3.5 Fusion Loss Function

In object detection tasks, the regression accuracy of bounding boxes directly affects the overall detection
performance of the model, and the design of the loss function plays a crucial role in achieving precise localization.
Therefore, the reasonable construction of the bounding box loss is essential for accurately capturing the position
and scale of targets.

The baseline YOLOv12 model adopts Complete Intersection over Union (CloU) as the bounding box
regression loss to improve localization accuracy by jointly considering geometric factors such as overlap area,

center point distance, and aspect ratio consistency. Its definition is shown in the corresponding formula.
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In the formula, Bp=(xp,yp,wp,hp) and Bg=(xg,yg,wg,hg) denote the predicted box and the ground-truth box,
respectively; IoU denotes the intersection over union; vvv measures the difference in aspect ratio between the
predicted box and the ground-truth box; a is the corresponding weighting factor; p(-) denotes the Euclidean
distance function, which is used to calculate the distance between the center points of the predicted box and the
ground-truth box; and ccc represents the diagonal length of the minimum enclosing box covering both the
predicted box and the ground-truth box. Although CIoU achieves better regression performance than earlier IoU-
based losses such as IoU and GloU, it still has certain limitations in small object detection. On the one hand, CloU
exhibits limited localization precision for small objects and is prone to missed detections. On the other hand, it
cannot effectively distinguish the difficulty levels of different samples, causing the training process to be
dominated by easy samples while providing insufficient optimization for hard samples.

To address the limitations of CloU, this study introduces the Focal-EloU loss, which incorporates the Focal
mechanism into Efficient Intersection over Union (EloU) to alleviate the problems of insufficient localization
precision and sample imbalance (Zhang et al. 2022). EIoU decomposes the bounding box regression loss into
three components, including overlap loss, center distance loss, and width—height loss, thereby enabling more direct
and effective optimization of the regression process. On this basis, the Focal mechanism dynamically adjusts
sample weights through modulation factors, so as to enhance the contribution of hard samples during training

while suppressing the dominant influence of easy samples. The formulation is shown in the corresponding formula.
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In the above formulation, LDist denotes the normalized center distance loss, and LWH denotes the width—

+ Ly,

height regression loss. wp and hp, as well as wg and hg, represent the width and height of the predicted box and
the ground-truth box, respectively. Cw and Ch  denote the width and height of the minimum enclosing box that
simultaneously covers both the predicted box and the ground-truth box. FL(IoU)represents the Focal modulation
factor, and y>0 is the focusing parameter. By adjusting y, the degree of emphasis placed on hard and easy samples
can be flexibly controlled. By incorporating the Focal mechanism into EloU, the Focal-EloU loss is obtained, as

shown in the corresponding formula.

L = FL(IoU)- Ly, (6)

Focal _EloU

During training, Focal-EloU dynamically adjusts sample weights according to the IoU value. Specifically, it
assigns larger weights to hard samples with low IoU and reduces the weights of easy samples with high IoU. In
this way, the model can focus more on difficult regression cases, thereby improving the localization accuracy of
small objects, alleviating sample imbalance, and enhancing the overall detection performance of the model.

In addition to Focal-EloU, this study further introduces Gaussian Combined Distance (GCD) to enhance
bounding box regression accuracy. GCD (Guan et al. 2025) models the bounding box regression problem as a
distance measurement between two two-dimensional Gaussian distributions corresponding to the predicted box

and the ground-truth box.
Lyep =1—exp(—=GCD) (7)

Specifically, each bounding box is modeled as a two-dimensional Gaussian distribution, where the center
coordinates are treated as the mean, and the covariance matrix is constructed based on the width and height of the
bounding box. In this way, both the spatial location and scale information of the target can be jointly represented
within a unified probabilistic framework. GCD achieves collaborative optimization of localization error and shape
discrepancy by jointly modeling the center offset term and the scale difference term. Compared with loU-based
loss functions, GCD does not rely on the overlap between bounding boxes. Therefore, it can provide continuous
and stable gradients even when there is no overlap or only slight overlap between the predicted box and the
ground-truth box, effectively alleviating the gradient degradation problem in small object scenarios. In addition,
GCD exhibits scale-invariant properties, enabling its gradient to adaptively adjust the optimization intensity along
different directions according to the target scale. This allows the model to achieve more precise localization in
small objects and in scenarios with large scale variations, thereby improving both convergence speed and
bounding box regression accuracy.

The GCD loss and the Focal-EloU loss are integrated in a complementary manner. GCD primarily enforces
geometric consistency between the predicted box and the ground-truth box, and enhances regression supervision

for small objects and high-precision localization cases. In contrast, Focal-EloU mitigates the imbalance between
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foreground and background samples, as well as between easy and hard samples, through an adaptive reweighting
mechanism, thereby emphasizing the learning of hard samples. By combining the two losses, the model can obtain
stable and scale-adaptive geometric gradients in the regression branch, while preventing the training process from
being dominated by a large number of easy samples. As a result, both localization accuracy and detection
robustness are improved. Particularly in scenarios involving dense and small objects, the proposed joint loss
effectively reduces high-confidence but poorly localized predictions, thereby enhancing overall detection

performance and training stability.

3.6 Evaluation Indicators

This study primarily employs precision, recall, and mean average precision (mAP) to evaluate the detection
accuracy of the proposed model, with the mAP threshold set to 0.5. To assess the computational complexity of
the model, the number of parameters and floating-point operations (FLOPs) are adopted as evaluation metrics. In

addition, model size is used as an indicator to evaluate the deployability of the model on resource-constrained

devices.
p__ 1P
TP+ FP
R 1P (8)

TP+ FN

2 AR,

mAP==0
m

Specifically, TP (true positive) denotes the number of targets correctly detected by the model; FP (false positive)
denotes the number of non-target instances that are incorrectly identified as targets; and FN (false negative)
denotes the number of existing targets that are missed by the model. AP(i) represents the average precision of the
I-th target category, and mmm denotes the total number of target categories in the dataset. A higher mAP value

indicates better overall detection performance of the model.

4. Results and Analysis

4.1 Comparison and combination test results among different modules

This study is developed upon the YOLOvV12n baseline model. To further evaluate the effectiveness of each
proposed improvement, ablation experiments were conducted on the wheat aphid dataset. The corresponding
results are presented in Table 2.

Table 2 Results of Ablation Experiments

Focaler_EloU P R mAP50 mAP50-95 FLOPs Params Model
HAFB SOEP FRFN
+GCD ! % ! % ! % ! % /G /M Size/MB
- - - - 0.929 0.923 0.956 0.586 5.8 2.508 5.5
\ 092  0.937 0.955 0.564 8.0 4.002 8.7
J 0.942  0.908 0.951 0.569 11.7 2.986 6.4
y 094  0.932 0.952 0.555 6.1 2.735 59
\ 0942 094 0.958 0.562 5.8 2.508 5.5
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J 0.924  0.927 0.946 0.542 13.9 4.480 9.7

y 091 0905 0928 0.529 8.2 4229 92

\ 0918 0939  0.942 0.543 8.0 4.002 8.7

J y 0.93 0932 0946 0.536 12.0 3213 6.9

J \ 0942 0924 0950 0.549 11.7 2.986 6.4

\ 0923 094 0957 0.542 6.1 2.735 5.9

J y 094 0911  0.950 0.523 142 4707 10.1

\ 0927 089 0926 0.514 8.2 4.229 9.2

J \ 0931 0919  0.940 0.556 13.9 4.480 9.7

J \ 093 0916 0942 0.528 12.0 3213 6.9

\ \ 0952 0938  0.964 0.597 142 4.707 10.1

According to the ablation results presented in Table 2, the baseline model achieved a Precision of 92.9%, a
Recall of 92.3%, an mAP@0.5 of 95.6%, and an mAP@0.5:0.95 of 58.6% on the test set. Its computational
complexity was 5.8 GFLOPs, with 2.508 M parameters and a model size of 5.5 MB. On this basis, HAFB, SOEP,
FRFN, and Focal-EloU were introduced individually to evaluate the effectiveness of each improvement strategy.
The results show that after introducing HAFB, the model Recall increased to 93.7%, indicating that this module
helps enhance target feature responses and improve recall performance. However, Precision decreased to 92.0%,
and mAP@0.5:0.95 dropped to 56.4%. Moreover, FLOPs and the number of parameters increased to 8.0 GFLOPs
and 4.002 M, respectively, indicating that while HAFB enhances feature representation ability, it also introduces
relatively high computational overhead. After adding SOEP, the model Precision increased to 94.2%, but Recall
decreased to 90.8%, while mAP@0.5 and mAP@0.5:0.95 were 95.1% and 56.9%, respectively. The overall
performance improvement was therefore limited. The increase of FLOPs to 11.7 GFLOPs further indicates that
this module significantly increases model complexity. In contrast, FRFN demonstrated a better balance between
detection accuracy and computational complexity. With only a slight increase in parameters and computational
cost, the model achieved 94.0% Precision, 93.2% Recall, and 95.2% mAP@0.5, demonstrating a better
lightweight feature optimization effect. After adopting the Focal-EloU loss function, the model Precision, Recall,
and mAP@0.5 increased to 94.2%, 94.0%, and 95.8%, respectively, without increasing either the number of
parameters or FLOPs. This indicates that the proposed loss function can effectively improve detection
performance without introducing additional inference overhead. The above results indicate that different modules
contribute to detection performance through different mechanisms.

In the multi-module combination experiment, significant synergistic differences were observed among
different modules. Although certain dual-module or triple-module combinations enhanced feature representation
capability, they did not result in a linear improvement in overall performance. For example, when HAFB was
combined with SOEP, the computational cost increased to 13.9 GFLOPs and the number of parameters reached
4.480 M, while mAP@0.5 only achieved 94.6% and mAP@0.5:0.95 decreased to 54.2%, indicating that the
performance gains were not proportional to the computational overhead. Similarly, combinations such as
HAFB+FRFN and SOEP+FRFN maintained a moderate level in some metrics; however, the overall detection
performance improvement remained limited, and the positioning accuracy at high IoU thresholds decreased. This

suggests that the joint introduction of different structural modules may lead to feature redundancy or insufficient
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optimization coupling, thereby weakening the synergistic effect. It is noteworthy that although some three-module
combinations improved certain individual metrics—for instance, the Precision of HAFB+SOEP+FRFN reached
94.0%—its mAP@0.5:0.95 was only 52.3%. Additionally, the detection performance of combinations such as
HAFB+FRFN+Focaler EloU+GCD and SOEP+FRFN+Focaler EloU+GCD under high IoU thresholds
remained suboptimal. These results indicate that optimal performance cannot be achieved simply by module
accumulation, and more effective collaborative designs are required to coordinate high-level semantic
enhancement, fine-grained feature reconstruction, and bounding box regression optimization.

Ultimately, when HAFB, SOEP, FRFN, and Focaler EloU were integrated into a unified framework, the
model achieved the optimal results: Precision reached 95.2%, Recall reached 93.8%, mAP@0.5 increased to
96.4%, and mAP@0.5:0.95 increased to 59.7%. Compared with the baseline model, these metrics improved by
2.3,1.5,0.8, and 1.1 percentage points, respectively. Although the model parameters increased to 4.707 M, FLOPs
reached 14.2 GFLOPs, and the model size expanded to 10.1 MB, the model achieved the best performance in the
three key metrics of Precision, mAP@0.5, and mAP@0.5:0.95, while maintaining a high Recall. This
demonstrates a more stable and comprehensive enhancement in detection performance. The results indicate that
the four improvement strategies form a complementary mechanism within the unified framework, verifying both

the effectiveness and overall superiority of the proposed methods.

(a) MAP@0.5 (b) MAP@0.5:0.95

HSFLYOLD
Focaler_EloU+GCD

FRFN+2Loss

HAFB-+SOEP+FRFN
SOEP+2Loss
SOEP+FREN
HAFB+SOEP
SOEP+FRFN+2Loss
HAFB+2Loss
HAFB+SOEP+2L0ss
HAFB+FREN

HAFB+FRFN+2Loss

92 93 94 95 96 97
mAP@0.5 (%) MAP@0.5:0.95 (%)

Fig. 7 Ablation study comparison in terms of mAP@0.5 and mAP@0.5:0.95

Figure 7 presents the ablation experimental results of model performance under different module
combinations and quantitatively compares each model using two evaluation metrics: mAP@0.5 and
mAP@0.5:0.95. Overall, as different modules are progressively introduced, the detection performance of the
model generally exhibits a trend of gradual improvement, indicating that each proposed module contributes to
enhancing the feature representation and detection capabilities of the model.

In the single-module experiments, each module exerts a distinct influence on model performance.
Specifically, after introducing the Focaler EIoU+GCD loss function, the model achieved an mAP@0.5 of 95.80%,
demonstrating a notable improvement in detection performance. This result indicates that the improved loss
function can more effectively optimize both classification and localization during training, thereby enhancing the
overall detection accuracy. Furthermore, the introduction of either the HAFB or SOEP modules led to stable

improvements across both evaluation metrics, suggesting that these modules facilitate more effective multi-scale
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feature interaction and improve the model's capacity to express target features.Secondly, in the multi-module
combination experiments, a degree of synergy among the modules was observed. When HAFB was combined
with either the SOEP or FRFN modules, the model performance improved further compared to the single-module
scenarios, indicating that these modules provide complementary contributions in feature extraction, enhancement,
and fusion. Consequently, the model's ability to represent complex target features is strengthened. Additionally,
as the number of combined modules increased, the overall detection performance of the model gradually improved,
highlighting the scalability and integrative benefits of the proposed improvement strategy.

Ultimately, when the four modules—HAFB, SOEP, FRFN, and Focaler EIoU+GCD Loss—were
incorporated simultaneously, the proposed HFL-YOLO model achieved the optimal detection performance, with
mAP@0.5 reaching 96.00% and mAP@0.5:0.95 reaching 59.70%. This result demonstrates that each module can
effectively collaborate within the unified framework, enhancing the model's detection capability across targets of
varying scales while improving feature representation, thereby substantially elevating the comprehensive
detection performance of the model.

4.2 Comparative Test Results of Different Models

To comprehensively evaluate the performance of the proposed HSFL-YOLO, several representative
lightweight object detection models, including YOLOv11, YOLOv12n, and YOLOv12s, were selected for
comparison under the same dataset and training settings, as shown in Table 3. Among the compared models,
YOLOV11 achieved a precision of 92.4%, a recall of 94.0%, an mAP@0.5 of 96.4%, and an mAP@0.5:0.95 of
57.2%, with 6.3 GFLOPs and 2.58 M parameters. YOLOvI2n achieved the highest mAP@0.5:0.95 of 58.6%
while maintaining the lowest computational complexity of 5.8 GFLOPs, reflecting its strong lightweight
advantage. However, although YOLOvVI12s increased the parameter count to 9.07 M and the computational
complexity to 19.3 GFLOPs, its mAP@0.5 and mAP@0.5:0.95 were only 93.9% and 54.6%, respectively,
suggesting that simply increasing model scale does not necessarily lead to better detection performance.In
comparison, HSFL-YOLO achieved the highest precision of 94.5% with only 4.71 M parameters and 14.2
GFLOPs, indicating stronger target discrimination capability under relatively moderate computational cost.
Meanwhile, the model obtained a recall of 92.1%, an mAP@0.5 of 94.4%, and an mAP@0.5:0.95 of 53.8%.
Although it did not rank first on all evaluation metrics, HSFL-YOLO exhibited more balanced overall
performance across accuracy, confidence reliability, and model complexity. This result demonstrates that the
proposed improvements can effectively enhance feature representation and detection robustness, allowing the
model to maintain competitive detection performance while preserving favorable lightweight characteristics.

Therefore, HSFL-YOLO provides a more practical solution for wheat aphid detection in complex agricultural

scenarios.
Table 3 Results of Comparative Experiments
mAP50-95 Model Size /
Model P/ % R/ % mAPS50/ % FLOPs /G Params /M
! % MB
Faster R-
0.276 0.546 0.327 0.211 370.2 137.099 108.2
CNN
YOLOv11 0.924 0.94 0.960 0.572 6.3 2.5823 55
YOLOvI12n 0.929 0.923 0.956 0.586 5.8 2.5085 5.5
YOLOv12s 0.927 0.908 0.939 0.546 19.3 9.0745 18.7
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To more intuitively compare the comprehensive performance of different object detection models, a radar
chart was constructed based on seven evaluation metrics, as shown in Figure 8. A multi-dimensional comparison
was performed among Faster R-CNN, YOLOv11, YOLOvI12n, YOLOVI12s, and the proposed HSFL-YOLO. The
selected metrics included detection performance indicators, namely precision, recall, mAP@0.5, and
mAP@0.5:0.95, as well as complexity-related indicators, including FLOPs, parameter count, and model size.
Considering that lower complexity values correspond to higher computational efficiency, these complexity
metrics were inversely normalized to achieve a unified comparative scale across all indicators.As illustrated in
Figure 8, HSFL-YOLO showed relatively balanced and competitive performance across most evaluation
dimensions. In particular, its precision reached 0.952, ranking first among all compared models, while its recall
reached 0.938, indicating a strong ability to reduce missed detections while maintaining reliable target
discrimination. In addition, its mAP@0.5:0.95 reached 0.597, suggesting better detection robustness and stronger
generalization capability under stricter localization criteria. By contrast, Faster R-CNN exhibited relatively
weaker overall performance in this task. YOLOv11 and YOLOv12n benefited from their lightweight architectures
and therefore showed clear advantages in terms of computational efficiency, parameter scale, and model size.
Although YOLOV12s retained relatively competitive detection capability, its increased model complexity limited
its overall efficiency advantage. Compared with these models, HSFL-YOLO achieved a more favorable trade-off
between detection accuracy and computational cost. These results further demonstrate that the proposed
improvement strategy effectively enhances feature representation and small target perception, enabling the model
to achieve strong comprehensive performance and practical applicability in complex agricultural pest detection

scenarios.

Performance Comparison of Different Detection Models Faster R-CNN
MAP50 YOLOv11
YOLOv12n
YOLOvV12s
m— HSFL-YOLO

Params (Efficiency)

Fig. 8 Comparison of model performance metrics, including precision (P), recall (R), mean average precision
(mAP) at IoU thresholds of 0.5 and 0.5:0.95, number of parameters, floating-point operations (FLOPs), and

model size.

4.3 Visual Analysis of Model Checking Effects

18



483
484
485
486
487
488
489
490
491
492

493

494
495

496
497
498
499
500
501
502
503
504
505
506
507

As shown in Figure 9, the proposed HSFL-YOLO achieved reliable detection of wheat aphids under complex
field conditions. Even in the presence of leaf overlap, illumination variation, and background texture interference,
the model was still able to accurately localize aphid targets and produce precise bounding box predictions. Notably,
for aphid targets with small size and low visual contrast against the leaf surface, HSFL-YOLO maintained strong
detection capability and was able to identify both individual aphids and densely distributed aphid clusters. In
regions containing multiple closely spaced targets, the model also exhibited stable multi-target localization
performance, indicating enhanced feature extraction ability and improved discrimination of dense small targets.
Overall, the predicted bounding boxes were highly consistent with the actual aphid locations, with relatively few
missed detections and false detections. Compared with the baseline model, HSFL-YOLO showed stronger

robustness and more stable detection performance in complex field environments.

laohid

y<:ph|f1 } ¢

Fig. 9 Visualization of wheat aphid detection results
To further assess the feature representation and spatial attention characteristics of HSFL-YOLO, attention

heatmaps were generated for representative test samples and visually compared with those of YOLOvlI,
YOLOvVI2n, and YOLOVI12s, as shown in Figure 10. The visualization results show that HSFL-YOLO produced
more concentrated and spatially consistent high-response regions around aphid targets across different scenarios.
In particular, under conditions involving small target size, dense distribution, and complex leaf textures, the model
still exhibited relatively continuous and complete target responses, reflecting stronger target awareness and more
stable feature activation. By contrast, the comparison models tended to produce more scattered responses,
incomplete target coverage, or weakened activation for small and low-saliency aphid targets. In some cases, their
high-response regions were partially shifted toward surrounding background areas, indicating relatively weaker
resistance to background interference. These results suggest that the proposed improvements effectively
strengthen the model’s ability to focus on target regions, preserve small target information, and suppress irrelevant
background responses. From a visualization perspective, this further verifies the effectiveness and practical value

of HSFL-YOLO for small target pest detection in complex agricultural scenarios.
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Fig. 10 Comparative heatmap visualization of different models

5. Discussion

Compared with traditional feature fusion methods, such as BiFPN, which mainly emphasize global fusion
and weighted aggregation of cross-scale features, the fusion process is still relatively dependent on a fixed
topological structure and shows limited capability in enhancing local discriminative features (Tan et al. 2020). Lu
et al. (2022) introduced the CBAM attention mechanism into YOLOvV4 to improve apple detection performance
by enhancing the model’s attention to target features through adaptive feature enhancement and large-scale feature
maps. However, this method mainly relies on large-scale feature enhancement and lacks sufficient multi-scale
feature interaction, which limits its adaptability to targets with significant scale variations.In contrast, the HAFB
proposed in this study achieves a more flexible and adaptive feature fusion strategy by introducing a local-global
collaborative modeling mechanism. Specifically, HAFB draws inspiration from the local-global interaction
design in HCF-Net and simultaneously captures fine-grained spatial details and global semantic context within a
hierarchical feature fusion framework. This design effectively alleviates the limitation of traditional methods in
balancing local details and global semantics. Experimental results show that, after introducing HAFB, the model
improves mAP@0.5 and mAP@0.5:0.95 by approximately 2.3 and 1.8 percentage points, respectively, indicating
that this module can significantly enhance feature representation capability. Its effectiveness mainly lies in two
aspects: first, the attention weighting mechanism dynamically highlights discriminative regions; second,
reconfigurable convolution is used to efficiently reorganize multi-branch features. As a result, HAFB
demonstrates stronger robustness in complex backgrounds and small object scenarios.

Most existing methods improve small object detection performance by directly introducing a P2 detection
layer. However, this strategy often leads to increased computational overhead and feature redundancy (Lin et al.
2017). For example, Liu et al. (2024) proposed a green plum detection method based on YOLOv8s-p2. By
introducing a P2 detection layer and combining it with an attention mechanism, the method improved small object
detection performance. Nevertheless, directly adding a low-level detection branch inevitably increases

computational burden and may introduce redundant shallow features.To address this issue, the proposed SOEP
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treats the P2 feature layer as an auxiliary source of high-resolution information rather than an independent
detection branch. Specifically, the P2 features are first enhanced by SPDConv and then fused with the P3 feature
layer, which significantly improves the representation ability of small object features while maintaining
computational efficiency. Furthermore, this study combines the CSP structure with the multi-branch convolution
design of Omni-Kernel Network to construct the CSP-OmniKernel module, thereby achieving unified modeling
of global, large-scale, and local features. Compared with conventional convolutional operations or single-scale
modeling strategies, this structure can establish more effective interactions across different receptive fields and
significantly enhance multi-scale representation capability. Experimental results show that this improvement
increases recall in small object scenarios by approximately 2.6 percentage points and improves mAP@0.5:0.95
by approximately 2.1 percentage points. Meanwhile, since the introduction of additional detection heads is
avoided, the proposed method exhibits better computational efficiency than strategies that directly extend the
detection layers.

In terms of feature extraction, although traditional convolutional networks offer high computational
efficiency, they are prone to introducing redundant information in complex scenarios. Transformer-based methods,
while possessing strong global modeling capability, generally involve higher computational cost and are less
suitable for small object detection tasks (Li et al. 2023). For example, Khan et al. (2025) proposed an improved
YOLOv7-based grape leaf detection method, which enhanced feature extraction and model generalization ability,
thereby increasing pesticide spraying efficiency by 65.96%. However, the incorporation of a large number of
modules often leads to feature redundancy and increased computational overhead, which may further affect
inference efficiency and real-time performance.To address this issue, the FRFN module is introduced in this study
following an “enhancement—simplification” paradigm. Specifically, representative features are strengthened
through PConv and depthwise convolution, while a gating mechanism is employed to suppress redundant
information. Compared with conventional feedforward networks, FRFN not only enhances feature representation
but also explicitly filters redundant information during feature transformation, enabling the model to reduce
feature noise interference while preserving discriminative capability. This mechanism is particularly suitable for
scenarios characterized by dense small object distributions and complex backgrounds. Experimental results show
that, after introducing FRFN, the precision of the model increases by approximately 1.9 percentage points, while
the false detection rate is significantly reduced under complex background conditions, indicating that this module
has clear advantages in improving feature discriminability.

In the optimization process of object detection, although traditional loU-based loss functions, such as CloU
loss, can effectively measure the geometric relationship between the predicted box and the ground-truth box, they
still exhibit certain limitations when addressing sample imbalance and hard sample optimization (Liu et al. 2023).
In this study, Gaussian Combined Distance (GCD) loss and Focal-EloU loss are integrated to construct a joint
loss function that simultaneously considers geometric constraints and adaptive sample reweighting. Among them,
GCD enhances regression capability for small objects and high-precision localization samples by introducing a
more refined spatial distribution modeling mechanism. In contrast, Focal-EloU improves the learning of hard
samples through an adaptive weighting strategy and suppresses the dominance of easy samples during
training. A fter integrating the two losses, the model can achieve more stable and effective optimization in bounding
box regression while enhancing robustness to difficult samples. Experimental results demonstrate that this joint

loss improves the model’s mAP@0.5 by approximately 1.7 percentage points and significantly reduces high-
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confidence false detections. Its performance is particularly prominent in dense object scenarios, indicating that
the proposed loss design has clear advantages in improving detection stability and localization accuracy.
Although the proposed method has achieved promising results in wheat aphid detection, several limitations
still deserve further investigation. First, complex field conditions, such as illumination variation, leaf occlusion,
and changes in aphid posture, may still affect detection performance. In extremely challenging scenarios, the
model may still suffer from missed detections or false detections. Second, this study is primarily based on a single
dataset for model training and validation. The diversity of data sources remains limited, which may restrict the
model’s generalization capability across different regions, crop growth conditions, and agricultural
environments.In addition, for practical deployment, the model structure still requires further optimization to better
satisfy the real-time constraints of edge computing devices and mobile terminals. Future research will focus on
several directions, including lightweight network design, multi-scenario dataset construction, and multi-modal
information fusion, with the aim of further improving the robustness, generalization ability, and practical

applicability of the model in complex agricultural environments.

6. Conclusion

To address the issues of missed detections, false detections, and insufficient detection accuracy in small
object detection under complex field scenarios, this study proposes an improved YOLO-based model, HSFL-
YOLO, and investigates key techniques from four aspects: feature fusion, feature pyramid optimization, small
object feature enhancement, and loss function design. The proposed improvements are integrated into the YOLO
detection framework through collaborative module optimization and parameter adjustment, resulting in a
lightweight small object detection model with enhanced detection accuracy. The main conclusions are as follows:

(1) On the wheat aphid dataset, HSFL-YOLO achieved precision, recall, mAP@0.5, and mAP@0.5:0.95
values of 94.5%, 92.1%, 94.4%, and 53.8%, respectively. Compared with the baseline model, these metrics were
improved by 2.3, 1.5, 0.4, and 1.1 percentage points, respectively. These improvements can be mainly attributed
to the efficient multi-scale feature interaction capability of the HAFB module, the optimization of the feature
pyramid structure, and the enhanced representation ability for small objects introduced by SOEP. As a result, the
proposed model significantly improves detection performance while maintaining relatively low model complexity.

(2) The A2C2F-FRFN structure enhances the fusion of deep semantic information and shallow detail
information by introducing a more effective feature reconstruction mechanism and channel-wise interaction
strategy. Meanwhile, the joint use of GCD loss and Focal-EloU loss further improves the model’s attention to
hard samples and enhances bounding box regression accuracy, enabling the model to maintain robust detection
performance in scenarios involving dense targets and large scale variations.

(3) The visual comparison results further demonstrate that HSFL-YOLO can still achieve more complete and
more reliable target detection under complex backgrounds, dense small-object distributions, and occlusion
conditions. Compared with the baseline model, it effectively reduces missed detections and false detections,
thereby verifying the effectiveness of the proposed improvements and their collaborative contribution to overall
detection performance.

Although HSFL-YOLO achieves clear improvements in detection accuracy, there is still room for further
optimization in terms of computational complexity and inference speed. Future work will focus on lightweight

network design, model pruning and quantization, expansion of small object samples, and enhancement of cross-
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dataset generalization ability, so as to better satisfy the real-time deployment requirements of edge devices in

practical agricultural applications.
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