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Highlights 

What are the main findings? 

• Constraining the network with classical statistical models (e.g., DoG, CLAHE) provides a 
scientifically principled prior, which enhances the extraction of diverse features for small objects 
and leads to more robust model capabilities. 

• The proposed hierarchical attention-driven framework integrating statistically-constrained pre-
extraction, top-down guidance, and bottom-up fusion is validated as an effective solution for 
the specific challenges of small object detection in remote sensing. 

What are the implications of the main findings? 

• For the field: The findings demonstrate that a hybrid strategy, which integrates model-based 
guidance with data-driven learning, yields superior results compared to using either approach 
in isolation. This provides a validated path forward for optimizing small object detection models 
in remote sensing. 

• For practice: Combining the complementary strengths of top-down and bottom-up feature 
fusion leads to experimentally validated improvements in detection stability, especially for 
small objects. 

Abstract 

Accurate detection of small objects in remote sensing imagery remains challenging due to their 
limited texture, sparse features, and weak contrast. To address this, an enhanced small object 
detection model integrating top-down and bottom-up attention mechanisms is proposed. First, we 
design two statistical model-constrained feature pre-extraction networks to enhance the spatial 
patterns of small objects before feeding them into the backbone network. Next, a top-down attention 
mechanism followed by an overview-then-refinement process is employed to guide region-level 
feature extraction. Finally, a bottom-up feature fusion strategy is utilized to integrate micro features 
and macro structural features in a bottom-up manner, enhancing the representational capacity of 
limited features for small objects. Evaluations on the AI-TOD and SODA-A datasets show that our 
method outperforms existing benchmark models. On the AI-TOD dataset, it improves AP and AP0.5 
by 0.3% and 0.7%, respectively. More notably, on the more challenging SODA-A dataset, it achieves 
significant gains of 2.6% in AP and 1.4% in AP0.5. These consistent enhancements across different 
datasets verify the effectiveness of our method in boosting the detection performance, particularly 
for small targets.  

Keywords: remote sensing images; target detection; attention mechanism; bidirectional feature 
fusion 
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1. Introduction 

The detection of small targets in optical remote sensing images has long been recognized as a 
central challenge in computer vision, constituting both the technical core and a major performance 
bottleneck across multiple application domains, such as satellite remote sensing [1–3], public safety 
[4,5], and target search [6] applications. With the rapid advancement of deep learning technology in 
the field of remote sensing, various neural network–based approaches have become the first choice 
for solving the problem of small target detection. 

In the current mainstream deep learning backbone network design, the network architecture 
generally adopts the design paradigm of layered structure for the technical requirements of small 
target detection task. According to the different directions of feature transfer, the existing layering 
schemes can be mainly categorized into two strategies: bottom-up [7–10] and top-down [11–14].  

The bottom-up layering strategy, as the dominant design paradigm, realizes the abstraction from 
low-level to high-level features through a layer-by-layer feature encoding mechanism. In this strategy, 
the generation of high-level features is strictly dependent on the output of the preceding layer of 
features. By following to the paradigm of traditional serial processing, this design has the advantage 
of being highly structurally interpretable and highly compatible with classical theories of feature 
description such as hierarchical models of the visual cortex, and has therefore been widely adopted. 
The top-down hierarchical strategy, on the other hand, mimics the attentional mechanisms of the 
biological visual system by guiding the underlying feature extraction with high-level semantic 
information. Although neuroscientific studies have shown that this strategy is closer to the 
mechanism of human visual perception, such as Gregoryʹs theory of “perceptual hypothesis testing”, 
it faces significant challenges in engineering practice: the design of this class of models lacks 
compatibility with modern visual backbone implementation strategies, as some approaches are 
unsuitable for implementation [7,8]. Current practices focus on recursive architectures [12,14], 
whereas recursive operations usually incur additional computational overhead, resulting in a 
challenging trade-off between performance and computational complexity and thereby constraining 
their applicability.  

Although the bottom-up backbone network structure is computationally efficient, easy to design, 
and usually provides strong network interpretability, clear feature hierarchy, and smooth semantic 
transition from low to high levels, it also has notable limitations. High-level features may lose details, 
and multiple downsampling operations (e.g., pooling) may lead to the omission of small objects or 
fine-grained information. In addition, the lack of contextual feedback may prevent the high-level 
semantics from directly influencing the low-level feature extraction, ultimately hindering further 
performance improvements. Top-down network structures typically require elaborate skip 
connections or feature fusion mechanisms to ensure effective information flow. In addition, the error 
feedback of high-level features may interfere with the low-level features, which requires a stable 
global attention mechanism for guidance for better performance. 

In addition, in terms of hierarchical and efficient fusion of features, existing classical frameworks 
such as FPN [15] and BiFPN [16] still face two core challenges. Firstly, the problem of achieving stable 
cross-level feature scale alignment, ensuring semantic consistency among features at different levels 
of abstraction. The second lies in balancing computational efficiency and model performance: 
complex bidirectional interaction mechanisms often introduce considerable computational overhead, 
and the trade-off between model complexity and detection accuracy of current methods is still 
significantly deficient, which severely limits the practical applicability of multi-scale target 
detection—particularly for small target detection. 

 To address the above challenges, this study proposes a multi-scale small target detection 
network based on a hybrid bidirectional feature abstraction mechanism, and the main work is as 
follows:  

• Small target pattern adaptive enhancement: By introducing local adaptive filtering kernels [17] 
and combining with the channel attention mechanism, the layer-by-layer enhanced 
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representation of small target patterns is achieved, and feature screening is carried out channel 
by channel to enhance the stability of small target features. 

• Weak target pattern adaptive enhancement: The local adaptive enhancement algorithm is 
introduced to enhance the weak contrast structure of the target and improve the modelʹs ability 
to learn weak contrast features. Depthwise separable convolution (DWConv) [18] is integrated 
to facilitate channel-wise pattern expansion and to filter for beneficial feature channels, 
ultimately enhancing the structural representation ability of target features. 

• Detailed feature extraction guided by macroscopic structural features: Drawing on the backbone 
network of OverLoCK [16], which utilizes a hierarchical architecture, our method 
uses macroscopic spatial structural features to guide and align local detailed features crucial for 
identifying small targets. This creates a feature extraction structure for local small targets that 
operates under the guidance of macroscopic structural features. This top-down, context-guided 
approach ensures that local feature extraction is focused on salient regions, improving accuracy 
and efficiency. 

• Bidirectional feature propagation architecture: The network achieves bidirectional feature 
propagation through top-down feature fusion process, where macro-structural characteristics 
guide detailed feature extraction, and a bottom-up path, realized by the C2f [19,20] structure, 
which abstracts these details. This synergy realizes bidirectional closed-loop feature propagation, 
multi-scale integration enhanced by combining global semantic reasoning and local fine-grained 
features, enhancing the environmental adaptability of small target detection. 

2. Methods 

2.1. Hierarchical Attention Driven Framework 

This paper constructs a Hierarchical Attention Driven (HAD) Network, a framework that 
leverages multi-level attention mechanisms, as shown in Figure 1. The first stage builds two feature 
extraction network structures based on pattern rule constraints: SpotEnh Net and AHEEnh Net. To 
address the feature sparsity of small targets, SpotEnh Net constructs a learnable local adaptive feature 
enhancement module by statistically analyzing the structural patterns of infrared images. The 
SpotEnh Net module simulates the effect of Difference-of-Gaussian (DoG) enhancement, thereby 
strengthening the central-symmetric structure of small targets and increasing the diversity of small 
target features. Small targets usually have the characteristics of weak information contrast. To 
address the low contrast and weak gradients of small targets, AHEEnh Net constructs an adaptive 
gray-level re-projection strategy for local small regions under artificial constraints by statistically 
analyzing the local gray patterns in a single-layer image, effectively stretches the contrast of gray-
scale targets and compensates for their insufficient informational gradient. 

To better utilize sparse target features and suppress background interference, a local detail 
feature extraction module guided by the macroscopic attention mechanism is constructed in the 
second stage. This module tackles target multi-scale variability through a dual-network architecture: 
HOverLoCK for high-resolution and LOverLoCK for low-resolution feature extraction. Within the 
network, features are extracted through the alignment, enhancement, and selection of macroscopic 
structural features and local detail features, performing top-down extraction of target features. In the 
multi-scale feature fusion stage, the C2f network structure is integrated to complete the bottom-up 
fusion pathway from fine-grained features to macroscopic structural features, and the comprehensive 
bidirectional closed-loop fusion propagation of target features is accomplished in the network. 
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Figure 1. Design of network framework for hierarchical attention mechanisms. It includes two feature extraction 
modules, SpotEnh Net and AHEEnh Net, and is composed of a bidirectional feature fusion network consisting 
of two macro attention-guided networks, as well as a C2f network that fuses the underlying fine-grained features. 

Finally, the object detection output of the network employs two independent branches for object 
classification and bounding box regression calculation. The bounding box regression introduces the 
distribution focal loss (DFL) [21] and the CIoU structure [23] to enhance the modelʹs detection 
accuracy and accelerate convergence. 

2.2. Pattern Feature Enhancement 

The typical characteristics of small targets are weak signal strength and extremely small amount 
of pixel information for distant targets. Consequently, the critical challenge is to discriminate effective 
target features within a wide range of gray levels and to identify their limited, weak structural 
patterns, which is essential for significantly improving target detection rates. 

The typical gray-scale features of small goals usually present as ridge-shaped signals, as shown 
in Figure 2 (b). Due to their relatively slow changes and weak contrast, it is more challenging to 
characterize and enhance their patterns. To mitigate these inherent drawbacks of the gray-scale 
features of small targets, a ridge information response pattern with a central symmetry shape can be 
obtained by using a two-dimensional Gaussian difference function.  
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Figure 2. Gray feature pattern of small targets. (a) Original remote sensing picture. (b) Central structure of small 
target; (c) The ridge-like signals by Gaussian kernel difference . 

Leveraging the centrosymmetric pattern characteristics of the gray distribution of small targets, 
we construct a central difference structure as shown in Figure 3, inspired by L2SKNet[22], that mimics 
a Difference-of-Gaussian (DoG) filter. The central difference structure is aimed to strengthen the 
isolated feature point information or enhance the saliency of edge information through a fixed 
difference filtering structure. 

 

 

Figure 3. Central difference enhanced network structure, including the overall structure and the calculation flow 
of Channel Attention-L. 

 

Figure 4. Learnable Gaussian-like centralized filter. 

The reinforcement of the central small target pattern through the network is achieved by 
reordering the k k× convolution kernel W  in the weight map. Assuming that the learnable 
parameter kernel in the convolution structure are 1 2 5 9( ) [ , ,..., ,..., ]W X W W W W= , and the matrix core 

( )cW X  for constructing the difference filtering structure ( )sW X  is as shown in equation 1. 

( )
( ) ( ) ( )
c sum c

s sum c

W W X
W X W X W X

θ
θ

= ⋅
 = ⋅ −

 (1)

The enhancement ability of the adaptive filter on the target and the center intensity value of the 
filter ( )c Xθ  are closely related. The center weight is adaptively adjusted using the salient channel 
attention module constructed by Channel Attention. The network specifically captures the spatial 
features, obtains the amplitude intensity through global MaxPool, obtains the compressed feature 
distribution through global AvgPool, and finally constructs a global channel saliency intensity in the 
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form of 1 1C × ×  through fusion and convolution normalization. Finally, it is constrained to [0, 1] by 
sigmoid [24] to form the convolutional filter kernel ( )sW X  of the adaptive target pattern within the 
neighborhood, achieving adaptive regulation of the center pattern of small targets. 

2.3. Gradient Feature Enhancement 

Small targets in remote sensing images exhibit weak edge contrast due to atmospheric scattering. 
In convolutional neural network (CNN)-based detection, the successive convolution operations 
struggle to stably enhance these targetsʹ structural features and often distort their inherent feature 
distribution, degrading their representational capacity.  To solve this problem, we use net to simulate 
the CLAHE [31] (Contrast Limited Adaptive Histogram Equalization) enhancement strategy. The 
model, termed the CLAHE model and presented in Figure 5, enhances weak contrast signals, thereby 
effectively strengthening the gradient information in local areas. 

Adaptive_avg_pool2d
(x,grid_size=16) Interpolate2D

Adaptive_avg_pool2d
(x2,grid_size=16) Interpolate2D

Cells_Remapping

Global_Normalized

Tanhx/3*3

Remappin
g

Cells_Normalized

Input

CLAHE Model

 
Figure 5. AHEEnh Net Structure, including the overall structure and calculation flow of Channel Attention. 

The AHEEnh Net block first utilizes the CLAHE model to perform local contrast enhancement 
on the input image. It utilizes the controllable adaptive enhancement within the region, which can 
meet the need for local contrast amplification while preserving the detailed features of the target 
edges. The number of channels of the features is constrained through DWConv, and the convolution 
module is used to achieve the adaptive extraction of the target spatial features. To further preserve 
the diversity of features, a conventional feature extraction channel is constructed through parallel 
branches to retain the information strength relationship in the original features and supply the 
macroscopic strength information of the target features. The outputs of both branches are 
subsequently fused to produce a rich, comprehensive set of target features. 

To conclude, adaptive feature screening is achieved through a channel attention mechanism. 
Specifically, the AvgPool operation extracts the spatial distribution features, which are then refined 
by a Conv2d and BN block to accentuate structural details and form spatial attention weights. This 
design markedly improves the visibility and separability of small target boundaries, rendering it 
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particularly effective in dense small-target scenarios. As a result, the network leverages more 
distinctive gradient features while preserving the integrity of the original feature distribution. 

2.4. Marco-Attention Guided Hierarchical Feature Extraction 

Target detection in remote sensing imagery faces significant challenges due to large-scale scenes 
and complex backgrounds. Guiding the network to focus on potential target regions can effectively 
enhance its target capture capability and improve detection performance. Inspired by the OverLoCK 
network�s strategy of conducting macro-to-micro analysis during feature extraction, we construct a 
simplified version of target feature extraction strategy guided by a spatial attention mechanism, as 
illustrated in Figure 6. Both the HOverLoCK and LOverLoCK modules share similar structures, 
consisting of local feature extraction and fusion networks. The HOverLoCK module performs target 
feature extraction guided by the attention mechanism on high spatial resolution feature maps, while 
the LOverLoCK is specifically designed for low-resolution global features. The overall network is 
divided into three functional parts: feature extraction, macroscopic structure extraction, and detailed 
feature extraction. 

 
Figure 6. Local feature extraction and fusion network structure based on macroscopic guidance. 

2.4.1 Feature Extraction Module 

To extract foundational features with structured reusability, we employ a CBR (Convolution-
BatchNorm-ReLU) block. As shown in Figure 7, this process begins by expanding the feature 
channels through convolution and normalization, which is then fed into a RepConvBlock module. 
Within this module, a standardized feature fusion is performed, integrating dilated convolution for 
a larger receptive field, batch normalization, and a Squeeze-and-Excitation (SE) attention mechanism. 
The SE module analyzes channel importance and re-weights the original features, thereby directing 
the networkʹs attention toward salient information while suppressing irrelevant noise. Spatial 
features are efficiently extracted through a residual depthwise convolution module, where the 
residual connection helps mitigate gradient vanishing. Finally, Gated Response Normalization 
(GRN) is applied, which enhances feature representational capacity by performing L2 normalization 
on feature maps and employing learnable gating parameters (typically a scaling factor), all while 
maintaining numerical stability. To flexibly adjust the network scale, we increase the iteration count 
of the RepConvBlock in the conditional network, thereby boosting its computational capacity. 
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Figure 7. Basic feature extraction module. The CBR block includes Conv, BatchNorm and RepConvBlock, while 
the RepConvBlock can be stacked N times. 

2.4.2 Macrostructure Feature Extraction Module 

The macroscopic structural features are constructed by integrating a CBR module with a feature 
downsampling CB block. This combination rapidly generates a basic feature output at a resolution of 
H/32 × W/32, yielding relatively low-resolution, structure-like representations. To equip the network 
with effective macroscopic attention extraction, the macroscopic structural feature module 
participates in supervised object detection learning during the pre-training stage. Specifically, a target 
detection head and the same loss function are directly appended to this module for training. Once 
pre-training is complete, the module has already acquired robust macroscopic feature extraction 
capability. Consequently, at this stage, no auxiliary supervisory signals are required; the extracted 
features are directly fed into the downstream detailed feature extraction module. 

2.4.3 Detailed Feature Extraction Module 

The detailed feature extraction network is designed to efficiently capture multi-scale spatial 
features with minimal computational overhead. As depicted in Figure 8, it consists of three core 
components: a residual 3×3 depthwise separable convolution (DWConv), a gated dynamic spatial 
aggregator (GDSA), and a convolutional feedforward network (ConvFFN). First, the DWConv 
employs depthwise separable convolution to significantly reduce the modelʹs parameter count, 
providing a lightweight foundation for subsequent computations. Second, the GDSA module is the 
core of this network. Operating within a recurrent framework, it utilizes a gating mechanism and 
dynamically generated spatial attention to efficiently model spatiotemporal features while 
maintaining robust single-image representation learning capabilities. Meanwhile, the ConvFFN 
module is primarily used to enhance the modelʹs ability to capture local features. It integrates two 
parallel sets of convolution kernels with different sizes to extract multi-scale features: one branch 
focuses on local details, and the other on relatively global structures. The results are then fused to 
improve the modelʹs perception of complex visual patterns. Through lightweight convolution 
operations such as DWConv, the network substantially increases local perceptual ability while 
effectively avoiding a significant rise in computational cost. Regarding the working mechanism, the 
model internally maintains a list of hidden state features. When the network is called iteratively, the 
newly received input and the hidden state are scaled and concatenated to form a fused feature input. 
All subsequent complex operations—including attention calculation, dynamic convolution, and 
gating—are performed based on this current fused feature input. 

After processing, unless it is the final layer, the output tensor of Dynamic Conv Block is split 
into two parts: one serves as the current feature prediction result, and the other is retained as the new 
hidden state for the next iteration. To mitigate the attenuation of prior features during iterative fusion, 
a learnable prior rule constrains the context feature integration: 1 0'i iP P Pα β+ = ⋅ + ⋅  , where α  and β  
are learnable parameters, initialized as 1. 'iP  represents the processed prior state, and 0P  is the 
initial prior state. This design enables the network to preserve the strong inductive biases of 
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traditional convolution while building long-range dependencies similar to Transformers, all while 
maintaining adaptability to inputs of different resolutions. 

 

 
Figure 8. The process of extracting detailed features guided by macroscopic features. 

3. Experiments 

3.1. Datasets 

The datasets used in the experiment are the small object datasets AI-TOD [32] and SODA-A [33]. 
The AI-TOD dataset consists of 28,036 images of size 800×800 and 700,621 annotated objects. The 
average size of the objects in this dataset is 12.8 pixels, with 85.6% of the objects being smaller than 
16 pixels. The dataset includes eight major categories: aircraft, bridges, tanks, ships, swimming pools, 
vehicles, people, and windmills. The entire dataset is randomly divided into three subsets, with 2/5 
used for training, 1/10 for validation, and 1/2 for testing. The SODA-A dataset consists of 2,513 images 
and 872,069 annotated objects, covering nine categories, including aircraft, helicopters, small vehicles, 
large vehicles, ships, containers, tanks, swimming pools, and windmills. The entire dataset is divided 
into training, validation, and testing sets, with each subset comprising 1/2, 1/5, and 3/10 of the total 
dataset. 

3.2. Experimental Setup 

To validate the effectiveness of the model and ensure the reproducibility of the experimental 
results, the software environment and system settings parameters used in the experiment are listed 
in Table 1. 

Table 1. Experimental environment configuration. 

Configuration Name Specification 

Hardware environment 

GPU NVIDIA RTX4090 
CPU Intel(R)Core(I9)14900 

VRAM 40G 
RAM 256G 

Operating System Windows Server 2019 Standard 

Software environment 
Python 3.9.19 
Pytorch 2.3.1 
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CUDA 12.1 
cuDNN 8907 

During the experiment, a learning rate decay method was applied, and 150 epochs of training 
were uniformly conducted to maintain stability. The training hyper parameters are shown in Table 
2. 

Table 2. Model training hyperparameter settings. 

Hyperparameter Settings 
Epochs 150 

Initial Learning Rate 0 0.01 
Learning Rate Float 0.01 

Optimizer SGD 
Batch_size 4 

Momentum 0.937 

3.3. Evaluation Metrics 

The detection performance of the model is evaluated using average precision (AP) [34]. For the 
AI-TOD dataset, the experiment follows the seven evaluation metrics of AI-TOD [35], namely AP, 
AP50, APvt, APt, APs, and APm. For the SODA-A dataset, AP, AP50, and AP75 are used for evaluation. 
Among these, AP represents the average of the average precision values under IoU thresholds 
ranging from 0.5 to 0.95 with an interval of 0.05; AP50 and AP75 denote the average precision at IoU 
thresholds of 0.5 and 0.75, respectively; APvt, APt, APs, and APm represent the detection capabilities 
of different object size models under IoU thresholds ranging from 0.5 to 0.95 with intervals of 0.05. 
Based on the pixel size of the target, the targets to be detected are classified into [35–38] very tiny, 
tiny, small, and medium, to evaluate the multi-scale detection capabilities of the tested models. 

4. Results 

4.1 Ablation Study 

4.1.1. The Effectiveness of the SpotEnh Module 

The proposed HAD network employs an adaptive spatial feature extraction strategy guided by 
local extremum patterns, enriching early feature layers. This design enables dynamic adjustment of 
local target pattern weights to accommodate different background contexts, thus demonstrating 
remarkable effectiveness in improving small target detection.  

To evaluate the impact of features extracted by the SpotEnh module on the overall network 
characteristics, we conducted a test by substituting the SpotEnh module with the classical ELAN[19] 
structure in the framework, aiming to compare their capabilities in describing small target features. 
Under identical input, we extracted the intermediate feature layers at specific positions in the 
modified networks and compared their ability to represent fine details of small targets, as shown in 
Figure 10 (a) and (b). Meanwhile, heat maps in columns 2, 3 and 4 in Figure 10 (c) and (d) present 
target description ability of aggregating subtle target patterns under varying resolutions. The first 
column in Figure 10(c) and (d) display the object detection results, visually illustrating that the 
network incorporating the SpotEnh module successfully captured tiny cars on the road, whereas the 
ELAN model based on the residual connection failed to detect these targets.  
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Figure 10. Comparison of the SpotEnh Module on Tiny Targets. 

4.1.2. The Effectiveness of the AHEEnh Module 

The AHEEnh Module incorporates a rule-based gradient learning structure that simulates local 
adaptive contrast enhancement [31]. This module enhances the edge contrast of weak and small 
targets, thereby enriching their feature representation. It particularly improves the targets� structure 
in densely distributed, which facilitates more effective feature selection in subsequent attention 
mechanisms. 

To validate the effectiveness of the AHEEnh module within the overall framework, we 
conducted a replacement experiment by substituting it with the classical ELAN structure, comparing 
the impact of different modules on feature extraction in target regions. As shown in Figure 11(a) and 
(b), the proposed AHEEnh module significantly enhances the contrast of faint target boundaries, 
thereby improving target specificity and resulting in more salient feature representation. By utilizing 
heatmaps to analyze the energy distribution in target areas, the experiment in Figure 11(c) and (d) 
demonstrate the crucial role of the module in aggregating features of weak and small target patterns.  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 December 2025 doi:10.20944/preprints202512.0614.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0614.v1
http://creativecommons.org/licenses/by/4.0/


 12 of 19 

 

 

Figure 11. AHEEnh Network Module Enhancement Effect on Weak-Contrast Target Features. 

4.1.3. Abletion Experiment 

To further evaluate the impact of the SpotNet�s performance, we conducted a comparative 
experiment on the AI-TOD dataset. As shown in Table 3, the network incorporating the SpotEnh 
module demonstrates a better capacity for capturing targets across various scales. The enhancement 
is particularly pronounced for tiny objects, with an increase of 0.9%. Additionally, enhancements 
were observed in APvt and APs, which improved by 0.1% and 0.3%, respectively. The AHEEnh 
module enhance discriminative capability in target regions, this enhancement module possesses a 
stronger capacity for capturing gradient information from local small object features. This leads to 
further improvements in detection performance across object scales, as evidenced by increases of 0.1% 
in APvt, 0.5% in APt, and 0.1% in APs. 

Additionally, our network employs a C2f module to fuse multi-scale features, capitalizing on 
their distinct properties: high-resolution features for fine-grained localization and low-resolution 
features for robust semantics. We utilize bidirectional fusion to merge these strengths, where top-
down propagation boosts localization precision and bottom-up propagation refines semantic content. 
We refer to the bidirectional feature fusion framework as BI-FF (short for Bidirectional Feature 
Fusion). This design has been proved to enhance the fusion of data features across the model, 
boosting detection performance for objects at various scales. 
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Table 3. Abletion Experiment on the AI-TOD dataset. 

SpotEnh AHEEnh Bi_FF AP AP0.5 APvt APt APs APm 
- - - 20.2 50.9 7.6 21.7 30.6 33.1 
√ - - 20.8 51.2 7.7 22.6 30.9 33.3 
- √ - 20.5 51.1 7.7 22.2 30.7 33.2 
- - √ 20.4 51.0 7.6 22.0 30.7 33.2 
√ √ √ 21.4 51.6 7.8 23.3 31.3 33.4 

A collaborate version was constructed to evaluate this strategy. This modified architecture 
processes high and low-resolution features separately through the C2f module, bypassing the mutual 
cross-resolution integration. As evidenced by the detection metrics in Table 3, the proposed 
bidirectional feature fusion strategy—which first gathers features from distinct branches—drives a 
substantial boost in model capability. This advance is demonstrated not only in the reliable detection 
of targets at various scales but also in the modelʹs increased stability, indicating comprehensive 
performance gains. 

4.2. Comprehensive Comparison 

4.2.1. Qualitative Comparison 

To demonstrate the enhanced sensitivity for small object detection, several cases were randomly 
selected here to compare the effects of contrast enhancement and small object center structure 
enhancement on detection results. As shown in Figure 10, the model�s detection performance is compared 
by replacing the AHEEnh Net with the ELAN module. The left side of the figure shows the model 
performance without the CLAHE component, while the right side shows the results of the complete 
model proposed in this paper. In areas where targets are densely distributed and the contrast between 
targets and background is relatively weak, effective target information is easily overwhelmed by 
background information, thereby making stable detection challenging. By integrating the AHEEnh 
model, the model leverages the nonlinear stretching capability of statistical rules in contrast enhancement 
to effectively stretch the local contrast of small targets, thereby enhancing the saliency of spatial features. 
Combined with an attention mechanism, this approach achieves more stable detection of small targets. 
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Figure 10. Network performance without AHEEnh Net (left) and integrated AHEEnh Net (right) on the AI-TOD 
dataset (Undetected objects are denoted by red boxes). 

For small target detection tasks, the introduced SpotEnh structure has good information 
enhancement capabilities for the central extreme structure features of small targets at long distances. 
A series of comparative detection results were carried out to verify the effect of enhancing long-range 
central structural features on target detection. As shown in Figure 11: the ELAN-enhanced version 
(left) versus the SpotEnh Net (right). 

  
Figure 11. Network performance without SpotEnh Net (left) and integrated SpotEnh Net (right) on the SODA-
A dataset (Undetected objects are denoted by red boxes). 

Integrating a locally adaptive enhancement rule, the AHEEnh simulation network adaptively 
stretches image contrast based on local grayscale distribution. This effectively enhances the feature 
specificity of small targets with weak edges, while its adaptive parameters prevent over-stretching 
artifacts (e.g., ringing) in flat regions. Collectively, it improves the modelʹs discriminative capability 
for small targets in dense scenes. 

4.2.2. Quantitative Comparison 

The performance comparison results of the proposed model with classical object detection 
models on the AI-TOD dataset are shown in Table 4. The proposed model achieves an AP of 21.4%, 
significantly outperforming other models, and also performs best in terms of AP50, APt, and APs. 
Compared to traditional feature pyramid-based multi-scale object detection frameworks, the 
proposed model demonstrates superior overall stability. When compared to classical detection 
networks based on Transformers [39], the proposed model also maintains its performance 
advantages. Compared to the hierarchical feature pyramid and adaptive receptive field optimization 
in the MAV23[40] backbone network, the AP of this small object detection model is still 4.2% higher; 
compared to ADAS-GPM [41], the AP is 1.3% higher; and compared to SAFF-SSD [42] using 2L-
Transformer [39], the AP is 0.3% higher. The model employs a hierarchical attention mechanism to 
construct a bidirectional feature learning path, achieving comprehensive fusion of multi-scale 
features. Additionally, the specifically designed small object feature enhancement network and low-
contrast structural feature extraction network both provide effective auxiliary enhancements. 
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Table 4. Comparison of different models on the AI-TOD dataset. 

Method Publication AP AP0.5 APvt APt APs APm 
Faster R-CNN[43] 2015 11.6 26.9 0.0 7.8 24.4 34.1 

SSD-512[42] 2016 7.0 21.7 1.0 5.4 11.5 13.5 
RetinaNet[44] 2017 4.7 13.6 2.0 5.4 6.3 7.6 

Cascade R-CNN[45]  2018 13.7 30.5 0.0 9.9 26.1 36.4 
TridentNet[46]] 2019 7.5 20.9 1.0 5.8 12.6 14.0 

ATSS[47] 2020 14.0 33.8 2.2 12.2 21.5 31.9 
M-CenterNet[48] 2021 14.5 40.7 6.1 15.0 19.4 20.4 

FSANet[49] 2022 16.3 41.4 4.4 14.6 23.4 33.3 
FCOS[50] 2022 13.9 35.5 2.7 12.0 20.2 32.2 
NWD[51] 2022 19.2 48.5 7.6 19.0 23.9 31.6 

DAB-DETR[52] 2022 4.9 16.0 1.7 3.6 7.0 18.0 
DAB-Deformable-

DETR[53] 2022 16.5 42.6 7.9 15.2 23.8 31.9 

MAV23[40] 2023 17.2 47.7 8.9 18.1 21.2 28.4 
ADAS-GPM[41] 2023 20.1 49.7 7.4 19.8 24.9 32.1 
SAFF-SSD[42] 2023 21.1 49.9 7.0 20.8 30.1 38.8 

YOLOv8s 2023 11.6 27.4 3.4 11.1 14.9 22.8 
Ours - 21.4 51.6 7.8 23.3 31.3 33.4 

Compared with the classic feature pyramid convolution model in the field and the Transformer 
framework based on PVT[54] and its variants, the object detection accuracy of the model in this paper 
still has a significant advantage overall on the SODA-A dataset. 

Table 4. Comparison of different models on the SODA-A dataset. 

Method Publication AP AP0.5 AP0.75 
Rotated Faster RCNN[42] 2017 32.5 70.1 24.3 

RoI Transformer[39] 2019 36.0 73.0 30.1 
Rotated RetinaNet[44] 2020 26.8 63.4 16.2 

Gliding Vertex[54] 2021 31.7 70.8 22.6 
Oriented RCNN[45] 2021 34.4 70.7 28.6 

S2A-Net[55] 2022 28.3 69.6 13.1 
DODet[56] 2022 31.6 68.1 23.4 

Oriented RepPoints[57] 2022 26.3 58.8 19.0 
DHRec[58] 2022 30.1 68.8 19.8 
M2Vdet[59] 2023 37.0 75.3 31.4 
CFINet[60] 2023 34.4 73.1 26.1 
YOLOv8s 2023 40.6 72.1 40.6 

Ours - 43.2 76.7 45.7 

The classic feature pyramid convolution structure represented by the YOLOv8s has limited 
capability for detecting small, dense objects, primarily due to the resolution limitations of spatial 
feature maps, which restrict their descriptive power. Gradient information within the framework 
accumulates and degrades as it propagates through the network, gradually weakening its ability to 
express high-resolution features of small objects. In contrast, models based on the ConvFFN module 
with SpotEnh and AHEEnh branches, which enhance their spatial feature extraction through macro-
structure attention mechanisms, demonstrate superior small-object discrimination. The model 
proposed in this paper effectively integrates the multi-path feature attention mechanism to achieve 
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bidirectional feature fusion from top-down and bottom-up directions. Additionally, the model 
incorporates statistical constraints from statistical machine learning, combining attention weight-
guided spatial feature extraction to achieve robust small object detection capabilities, resulting in 
more comprehensive information integration across the entire network. This enables the model to 
demonstrate more stable performance in multi scale object detection tasks.  

5. Conclusions 

To address the challenges posed by the tiny size and sparse features of targets in small object 
remote sensing, this paper proposes a network that incorporates multi-scale feature fusion and 
enhancement. Firstly, the SpotEnh model and AHEEnh model are introduced to enhance the 
structural features and weak contrast features of small spatial targets, respectively. Secondly, a top-
down attention mechanism that first performs a rough scan and then refines the details is used to 
achieve guided feature extraction of regional targets, thereby strengthening the spatial search and 
macro representation capabilities of small targets. Finally, a bottom-up feature fusion strategy is 
employed to fuse micro-level features and macro-level structural features, thereby enhancing the 
descriptive capability of small object features and improving the networkʹs object detection stability. 
Experimental results demonstrate that, compared to classical small object detection models, the 
proposed model achieves significant performance advantages on two standard small object datasets. 
On the AI-TOD dataset, the proposed model achieved improvements of 0.3% in AP and 0.7% in AP0.5 
over the benchmark models. While on the SODA-A dataset, AP and AP0.5 improved by 2.6% and 
1.4%, respectively. These gains confirm the effectiveness of the model in enhancing small-object 
detection performance. 
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