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Abstract 

Detecting tiny objects in aerial imagery remains challenging due to their minimal scale, diverse orientations, and complex back- 

ground interference, limiting the ability of existing methods to capture discriminative features.  To address these limitations, we 

propose MDFR-Net with the following key contributions. Firstly, The Multi-scale Hierarchical Attentional Fusion (MHAF) module 

leverages hierarchical convolution layers and dual-path attention to jointly extract salient features while suppressing background 

noise. Next, The Orientation Decoupled Feature Enhancer (ODFE) module incorporates direction-separated paths with lightweight 

attention to focus on orientation-specific target details.  Additionally, The Hierarchical Convolution Pooling Fusion (HCPF) mod- 

ule employs parallel dilated convolutions and pooling operations to capture cross-scale contextual information.  Finally, A high- 

resolution P2 detection layer maintains focus on tiny objects in deep network stages.  Experiments on benchmark aerial datasets 

VisDrone and AI-TOD demonstrate that MDFR-Net significantly advances small object detection accuracy in aerial images. 

Keywords:  Deep learning, Complex background, Object detection, Aerial image, Small target, YOLOv11 

 

1.  Introduction 

 

With the rapid development of drone platforms and remote 

sensing technology, aerial image target detection has become 

increasingly vital in critical areas such as urban management, 

land resource exploration, and disaster emergency response. In 

urban management,  drones can monitor illegal constructions 

and traffic flow in real-time; in resource exploration [1], they 

can effectively identify surface mineral deposits and vegetation 

coverage; in disaster relief scenarios, they can swiftly locate 

trapped individuals and damaged facilities.  These applications 

require high precision and real-time performance from detec- 

tion algorithms.   Aerial  images,  which  are  characterized by 

complex terrains, variable lighting conditions, and high oblique 

viewing  angles,  pose  challenges  such  as  the  coexistence  of 

multi-scale targets, severe occlusions, and a high proportion of 

small targets, thereby further increasing the demands on detec- 

tion algorithms [2]. 

Traditional object detection algorithms,  such as the Scale- 

Invariant Feature Transform (SIFT) [3], primarily rely on man- 

ually designed feature operators to extract local features. These 

features are then used by machine learning methods like Sup- 

port Vector Machines (SVM) [4] and Random Forests to per- 

form classification tasks. While these methods have improved 

the accuracy and efficiency of aerial image detection, they suf- 

fer from high computational complexity, struggle to capture ad- 

vanced semantic information in complex images, and lack ro- 

bustness due to their poor adaptability to diverse environmental 

conditions and background changes. 

With the rapid  advancement of deep learning technology, 

neural  network-based  object  detection  methods  have  sup- 

planted traditional approaches that relied on manually designed 

feature  extraction,  becoming  the  dominant  paradigm  in  the 
 

 

field. Deep learning-based object detection algorithms are pri- 

marily divided into two categories:  two-stage and one-stage 

algorithms.   Two-stage algorithms,  such as R-CNN  [5], Fast 

R-CNN [6], and Faster R-CNN [7], improve detection accu- 

racy by first identifying candidate Regions of Interest (RoIs) 

and subsequently performing detailed classification and local- 

ization. This multi-stage processing ensures high detection ac- 

curacy but demands substantial computational resources and is 

relatively slower.  In contrast, one-stage detection algorithms, 

such as SSD [8] and the YOLO series, bypass the complex pro- 

cess of generating candidate boxes.  By directly applying pre- 

defined anchor boxes at the image level, they streamline the ob- 

ject detection task, reducing computational steps and enabling 

efficient real-time detection. 

Redmon et al. introduced the YOLO (You Only Look Once) 

[9] algorithm,  which partitions the entire image into a grid, 

with  each  grid  cell  predicting  the  position  and  category  of 

the target box.  Building upon YOLOv1, Redmon et al.  fur- 

ther developed YOLOv2  [10],  enhancing detection accuracy 

through batch normalization, multi-scale training, and the in- 

corporation of prior boxes.Remdon et al.  proposed YOLOv3 

algorithm [11], which constructed a more concise and efficient 

backbone network  structure  with the idea  of residual  struc- 

ture, introduced feature pyramid network to realize multi-scale 

feature fusion,  and achieved a better balance between accu- 

racy and speed.Bochkovskiy et al.  introduced YOLOv4  [12], 

which leveraged Mosaic and Mixup data augmentation tech- 

niques to  further boost  detection  accuracy  and  speed.    The 

Ultralytics team launched YOLOv5, which accelerated model 

training and convergence while providing models of varying 

sizes for diverse tasks. Wang et al.   introduced YOLOv7 [13], 

which incorporated the concept of model re-parameterization 

and a dynamic label allocation mechanism to enhance detec- 
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tion accuracy without increasing inference load. The Ultralyt- 

ics team then introduced YOLOv8, which decouples the head 

to separately handle classification and regression tasks and em- 

ploys the Anchor-Free method for regression, thereby improv- 

ing both detection accuracy and generalization.   Wong et al. 

introduced YOLOv9 [14],  which reduced the model’s parame- 

ters and computational load through programmable gradient in- 

formation and generalized efficient layer aggregation networks. 

Finally, Wang et al. introduced YOLOv10 [15], which achieved 

real-time end-to-end object detection by eliminating the need 

for Non-Maximum Suppression  (NMS) during both training 

and inference via dual label allocation. 

As the latest version of the object detection algorithm re- 

leased by Ultralytics in 2024, YOLOv11 [16] has significantly 

improved detection accuracy while maintaining high real-time 

performance  by  enhancing  the  model’s  neck  and  backbone 

modules and optimizing its architecture. However, it still strug- 

gles to effectively extract key features and accurately identify 

targets in aerial images with dense backgrounds and complex 

environments. 

To address these challenges, this paper proposes the MDFR- 

Net algorithm based on YOLOv11,  which improves the de- 

tection  accuracy  of  small  targets  while  keeping  the  model 

lightweight.  The main contributions of this study are as fol- 

lows. 

1.  We designed the Multi-scale Hierarchical Attentional Fu- 

sion  (MHAF)  module,   which  constructs  a  three-level 

depthwise separable convolution pathway to extract multi- 

scale features.   It optimizes feature fusion through dual 

channel-spatial  attention  mechanisms,   effectively  sup- 

pressing background interference while highlighting criti- 

cal information of small targets. 

2.  An  Orientation  Decoupled  Feature  Enhancer   (ODFE) 

module was proposed,enhancing small target features via 

convolution  stacking and directional path enhancement. 

A lightweight feature refinement layer applies importance 

weighting, significantly improving the model’s capture ca- 

pability for directionally sensitive features of aerial small 

targets. 

3.  By developing the Hierarchical Convolution Pooling Fu- 

sion (HCPF) module,which cascades convolution groups 

with different dilation rates for multi-receptive-field fea- 

ture extraction and concatenates these features with multi- 

level pooled features,we formed a robust cross-scale con- 

textual representation that enhances model adaptability to 

drastic target size variations. 

 

2.  Related work 

This section focuses on reviewing the latest research in the 

field of small target detection in UAV images, particularly in 

relation to our proposed method.  Many scholars have studied 

issues such as the high proportion of small targets, their dense 

distribution, complex backgrounds, and diverse scales in UAV 

datasets. The main topics covered include small target detection 

in UAV images, feature expression capabilities, and attention 

mechanisms in this section. 

 

2.1.  Small target detection in UAV images 

Drone aerial image target detection represents a classic small 

object detection task.  Within drone imagery, small objects are 

typically numerous, densely distributed, and exhibit weak se- 

mantic features due to challenges like low resolution and oc- 

clusion.   To  address these  difficulties, researchers have con- 

ducted extensive studies.  Wang et al.   introduced AODet [17], 

a Transformer-based remote  sensing target  detection model. 

Leveraging the relatively simple backgrounds common in re- 

mote sensing imagery,  AODet identifies background regions 

early, drastically reducing computational redundancy and im- 

proving small target detection accuracy.  However, its perfor- 

mance degrades significantly when small targets dominate the 

scene or foreground objects occupy most of the image.  Chen 

et  al.    proposed the  Hyneter  model  [18],  which  employs  a 

hybrid network backbone to integrate and transmit local and 

global information in parallel, markedly enhancing small tar- 

get detection.  This improvement, however, comes at the cost 

of increased parameters and network size.   Li  et  al.   devel- 

oped OGMN [19], a multi-task guided network for detecting 

occluded small objects. It resolves feature confusion caused by 

overlapping targets through an occlusion localization module 

and a decoupling head, effectively suppressing background in- 

terference and optimizing detection performance for occluded 

objects. The model’s high computational complexity, however, 
hinders practical deployment. Chen et al. introduced a semantic 

information-guided fusion module for small targets [20]. This 

approach uses high-level semantic features to guide and align 

low-level texture information, enhancing small targets’ feature- 

level semantic representation and boosting detection accuracy. 

The added complexity slows inference speed.   Li et  al.   de- 

signed AD-Det [21], a detection network focused on enhancing 

small target features.  Its Adaptive Small Object Enhancement 

(ASOE) module leverages global features for accurate detection 

but overlooks interactions between global image context and lo- 

cal regions, potentially limiting detection robustness.  Muzam- 

mul et al.  utilized the Slice Assisted Hyper Inference (SAHI) 

method [22], applying slicing and stitching techniques to im- 

prove detection of small, dense objects. While effective, its ro- 

bustness varies significantly across environmental conditions. 

Zhou et al.  proposed KLDet [23], which employs Kullback- 

Leibler divergence (KL-divergence) as a positioning metric to 

precisely measure tiny bounding box localization.   This  en- 

hances model performance but may increase missed detections 

and false alarms. 

2.2.  Feature expression ability 

UAV images frequently exhibit uneven feature scale varia- 

tions and significant inter-object proportional differences, pos- 

ing substantial challenges to the feature representation capabil- 

ities of target detection models.  To address these limitations, 

enhancing feature extraction capacity,  fully exploiting effec- 

tive feature information, and improving multi-scale fusion have 

emerged as critical research priorities. Xiao et al. introduced a 

UAV detection method using the Feature Complementary Map- 

ping (FCM) module  [24] ,  which integrates rich semantic in-  
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formation with precise spatial localization to enhance small- 

target feature matching in deep networks, though at the cost 

of reduced processing speed and compromised real-time per- 

formance.   Min et al.   proposed LWUAVDet [25], extending 

the Feature Pyramid Network to incorporate large-scale fea- 

ture maps to promote multi-scale information exchange and 

strengthen positional awareness of small targets,  albeit with 

computational redundancy in dense scenes.   Duan et al.   de- 

veloped a multi-channel weight-learnable recursive aggregation 

network [26] that dynamically fuses multi-level scale features 

to boost multi-scale extraction efficacy, yet it suffers persistent 

false positives and missed detections under variable lighting in 

complex environments. Xiao et al.  designed an Feature Com- 

plementary Mapping Module (FCM) [27] using grouped fea- 

ture focusing units and multi-level reconstruction to enhance 

semantic representation, though detection accuracy remains in- 

adequate in low-light conditions.  Yin et al.  created SDPDet 

for end-to-end UAV detection [28], employing Scale-separated 

Activation Pyramid (SAP) and Scale-separated Learnable Pro- 

posals (SLP) mechanisms to dynamically adjust proposals per 

scale, effectively mitigating uneven scale distribution despite 

reduced classification accuracy for targets with subtle visual 

differences. Mao et al. devised ESPP [29], an progressive Spa- 

tial Pyramid Pooling method with Progressive PSPP and Multi- 

scale Feature Enhancement Module (MFEM) to capture richer 

nonlinear features and establish long-range dependencies, yet 

it remains susceptible to false positives in low-quality images. 

Jiang et al.  proposed MFFSODNet  [30], a multi-scale fusion 

network enhanced by a Multi-scale Feature Extraction Mod- 

ule (MSFEM) to refine fine-grained small-target information, 

though parallel extraction across branches with differing con- 

volutional kernels increases computational load. 

2.3.  Attention mechanism 

In recent years, attention modules have gained widespread 

adoption across diverse deep learning domains, including nat- 

ural language processing and computer vision.  Their efficacy 

is particularly pronounced in object detection, where they se- 

lectively emphasize regions of interest by reweighting features 

to suppress noise, offering a powerful solution for mitigating 

background interference.   Researchers have consequently re- 

fined remote sensing object detection through continuous en- 

hancements to attention mechanisms.  Ma et al.  introduced a 

Scale Decoupling Module (SDM) [31] employing Sparse Non- 

Local Attention (SNLA) to adaptively capture sparse contextual 

location information, thereby strengthening small target feature 

representation, though it tends to treat dense targets of identical 

categories as single entities.  Song et al.  developed the Bottle- 

neck Attention Based Fusion Network (BAFNet) [32], which 

integrates high-level semantic and low-level spatial features via 

a dual-stream attention mechanism alongside boundary-aware 

supervision, capturing distinctive foreground-background cues 

to highlight small target saliency, albeit with diminished per- 

formance on medium and large targets.   Huang  et  al.   pro- 

posed the BRSTD tiny target detection network  [33],   incor-  

porating a Top-Down Suppression Attention (TDSA) that uti- 

lizes depth information to modulate shallow features, better pre- 

 

serving small object details in early layers while suppressing 

larger objects and backgrounds, though introducing consider- 

able computational overhead.  Ge et al.  presented the Multi- 

attention and Adaptive Reparameterized Feature Pyramid Net- 

work  (MARFPNet)  [34],  embedding  multi-dimensional  and 

multi-scale attention within the feature extractor to focus on 

small targets, yet its high complexity hinders deployment on 

resource-constrained drones. Lin et al. devised a high-precision 

detection method based on PFRNet [35], fusing multi-scale fea- 

tures via spatial pyramid pooling and a spatial pyramid pool- 

ing fusion with spatial attention (SPPFSPA) to concentrate on 

salient regions, yet it contends with imprecise bounding box lo- 

calization and inter-object interference affecting feature extrac- 

tion accuracy. Ding et al.  [36] introduced a real-time small ob- 

ject detection algorithm leveraging a lightweight orthogonally 

compressed attention module to generate semantically rich at- 

tention maps via weighted feature integration, yet detection suf- 

fers under low-exposure conditions due to object feature in- 

terference.  In summary, while existing work enhances feature 

expression and refines attention to suppress background noise, 

improving feature extraction and fusion capabilities, the resul- 

tant increases in model parameters and computational complex- 

ity impede deployment on computationally limited drone plat- 

forms.  Furthermore, current models continue to face difficul- 

ties in achieving effective feature extraction and precise target 

recognition within dense, complex environments. 

 

3.  Proposed method 

YOLOv11 significantly enhances feature extraction capabil- 

ities and improves object detection accuracy as well as per- 

formance in complex scenarios by refining both its backbone 

network and neck architecture.   In  the backbone, the model 

replaces YOLOv8’ s C2f structure with a C3k 2  structure and 

adds a C2PSA module after the SPPF layer to strengthen fea- 

ture extraction.   In  the  detection head,  Depthwise  separable 

Convolution (DWConv)  [37]  is introduced,  and the regression 

branch loss function is replaced with a combination of Distri- 

bution Focal Loss (DFL) [38] and CIoU [39], effectively im- 

proving the accuracy of the regression of the bounding box. 

YOLOv11 offers five model variants with different complexities 

(YOLOv11n/s/m/l/x), allowing researchers to flexibly select the 

most suitable model according to their specific application re- 

quirements. 

To  address  key  challenges  in  aerial  image  object  detec- 

tion—such as the loss of small target features, limited direction 

sensitivity, and weak multi-scale adaptability, this paper intro- 

duces an enhanced model called MDFR-Net,as shown in Fig. 

1. We propose the Multi-scale Hierarchical Attentional Fusion 

module (MHAF), which combines multi-branch depthwise sep- 

arable convolutions and a dual-path attention mechanism to bet- 

ter extract target feature information; an Orientation Decoupled 

Feature Enhancer module (ODFE) that employs parallel main 

and directional pathways with separable convolutions to bolster 

direction-sensitive feature representation; a Hierarchical Con- 

vergence Pooling Fusion module (HCPF), which fuses multi- 

scale dilated convolutions and hierarchical convergence to cap- 
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Figure 1: MDFR-Net network structure 

 

ture cross-scale contextual information; and a high-resolution 

P2 detection layer  [40] that  effectively preserves the  spatial 

structure of small targets.  These modules work together syn- 

ergistically to create a robust feature enhancement mechanism, 

significantly boosting the accuracy of small target detection in 

aerial imagery while keeping the increase in model complexity 

reasonable. 

3.1.  MHAF 

To address the challenge of losing edge detail features and 

effectively capturing them in aerial images [41], this paper in- 

troduces a Multi-scale Hierarchical Attentional Fusion module 

(MHAF),as shown in Fig.  2.   This module improves feature 

extraction by leveraging hierarchical feature decoupling com- 

bined with an attention mechanism based on deep separable 

convolutions.   The design begins with a Multi-stage Decom- 

position Convolution (MDC) featuring a three-level branch ar- 

chitecture.   In the first stage,  a  3×3 depthwise separable con- 

volution [37] is applied to model global semantic information 

from input features, splitting the output channels into a global 

semantic branch and a medium-scale enhancement branch. The 

 

second stage applies another 3×3 depthwise separable convolu-  

tion, further dividing the channels into a medium-scale contour 

branch and a high-resolution feature branch. In the final stage, 

a 5×5 large-kernel depthwise separable convolution is intro- 

duced, which preserves the spatial resolution of the feature map 

while using an expanded convolution kernel to capture the edge 

details of small targets.  This enhances cross-scale feature rep- 

resentation, spanning from global semantics to local details. By 

progressively compressing channel dimensions and increasing 

the convolution kernel size, this hierarchical division strategy 

not only reduces computational complexity but also constructs 

a feature pyramid that covers different levels.  This effectively 

addresses the limitation of traditional single-scale convolutions, 

which often fail to simultaneously represent both the overall 

structure and the fine local details of the targets. 

To further strengthen the capacity for multi-scale feature dis- 

crimination, the MHAF module incorporates a Dual-Path Fea- 

ture Fusion Module (DPFM) following the fusion of convolu- 

tion branches.  This module consists of two parallel paths:  the 

upper path implements a channel attention mechanism  [42], 

generating channel weights by extracting inter-channel rela- 
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Figure 2: Multi-scale Hierarchical Attentional Fusion module 

 

tionships,  thereby enhancing target-related features and sup- 

pressing background interference. The lower path employs spa- 

tial attention, modeling spatial positional relationships to pro- 

duce a spatial weight matrix that amplifies activation in target 

regions while diminishing responses in the background.   Af- 

ter each path refines its respective features,  1× 1 convolutions 

facilitate cross-channel information interaction, and a 5×5 di- 

lated convolution [43] layer is applied to expand the receptive 

field. Together, these steps substantially enhance the module’s 

ability to capture multi-scale contextual information, thereby 

improving the adaptability to targets of varying scales. 

The optimization of the dual-path output features is achieved 

through element-wise addition, which not only preserves criti- 

cal semantic information across the channel dimension but also 

enhances spatial positioning accuracy.  The fused features are 

then combined with the original input features via a residual 

connection, introducing deeper-level features while retaining 

shallow-level details.  Finally, feature integration is completed 

through a 3×3 convolution layer. Positioned at the third level of 

the main network, this layer leverages the synergistic effects of 

the channel and spatial dimensions to integrate initial semantic 

 

 

Figure 3: Orientation Decoupled Feature Enhancer module 

 

information while preserving sufficient spatial detail, thereby 

effectively mitigating interference from complex backgrounds. 

3.2.  ODFE 

Since the C3k2 module of YOLOv11 relies on standard con- 

volution and bottleneck operations for feature extraction,  its 

ability to capture features of small targets is limited when ap- 

plied in the shallow layers of the main network, resulting in 

early loss or dilution of critical feature information [44].  To 

overcome this limitation, this paper introduces an Orientation 

Decoupled Feature Enhancer (ODFE) module, which replaces 

the first two C3k2 modules in the main network, as shown in 

Fig.  3.   The dual-path parallel structure more effectively ex- 

tracts and enhances fundamental features containing directional 

details. The main path consists of two consecutive 3×3 convo- 

lutions, primarily responsible for extracting the main contours, 

textures, and other basic feature information.  This stacked de- 

sign progressively captures an increasingly abstract yet stable 

spatial context, providing reliable global contextual informa- 

tion for subsequent processing.  Meanwhile, the direction path 

employs a  1× 1  convolution to reduce feature dimensions to 

one-eighth of the original channels, followed by parallel 1×3 

horizontal and 3× 1 vertical convolution branches that indepen- 

dently extract features in the horizontal and vertical directions 

[45].    This directional decomposition improves  sensitivity to 

multi-directional targets in aerial images, facilitating their iden- 

tification amid complex backgrounds.   Finally, features from 

both paths are fused by concatenation along the channel di- 

mension, combining the global representation from the main 

path with the detailed directional information from the direc- 

tion path, thus forming a richer and more discriminative feature 

representation. 

The fused features are then passed to the feature optimiza- 

tion layer, which aims to emphasize key feature information 

while suppressing redundant data.  First, global maximum and 

average pooling [46] operations are applied to extract the global 
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statistical information of the feature map, capturing both promi- 

nent responses and overall distribution. The outputs from these 

pooling operations are then independently processed through 

separate 1× 1 convolution layers to learn nonlinear channel-wise 

interactions. These processed results are combined via element- 

wise addition and passed through a Sigmoid function [47] to 

generate a feature weight map with values ranging between 0 

and 1.  This weight map automatically highlights the relative 

importance of different spatial positions and channels within the 

feature map, emphasizing areas containing small targets or crit- 

ical directional details. By multiplying the fused features with 

this weight map channel-wise, the expression of small targets 

and key details is strengthened while background interference is 

attenuated. Finally, the optimized features are added to a resid- 

ual connection formed by a 1× 1 convolution of the original in- 

put, producing the final output. This residual design ensures ef- 

fective preservation of the original input information, stabilizes 

the training process, and mitigates the vanishing gradient prob- 

lem. Ultimately, the ODFE module is able to focus on learning 

the most informative aspects of the input features, significantly 

enhancing the detection performance for aerial image targets 

through direction-sensitive feature enhancement coupled with 

a lightweight attention mechanism. 

3.3.  HCPF 

While traditional spatial pyramid pooling methods like the 

SPPF module have optimized multi-scale feature fusion, they 

remain limited by insufficient receptive field diversity and shal- 

low cross-level interaction. To overcome these constraints, this 

paper proposes the Hierarchical Convolution Pooling Fusion 

(HCPF) module, depicted in Fig.  4, as an effective SPPF al- 

ternative.  The HCPF’s core innovation lies in its multi-level 

extraction mechanism and cross-scale fusion capability. 

Central to this architecture is the Hierarchical Dilated Convo- 

lution (HDC) component, which executes cross-receptive-field 

extraction and fusion.  An initial 1×1 convolution transforms 

features and adjusts channel dimensions to condition the input 

space. Three parallel dilated convolution groups [43] then op- 

erate simultaneously:  the first group with dilation rate 1 cap- 

tures finer details, the second with dilation rate 2 extracts inter- 

mediate spatial relationships, and the third with dilation rate 3 

acquires broader contextual associations.  These independently 

processed feature streams undergo channel-wise concatenation 

to form an integrated multi-scale tensor.   A  concluding 3×3 

convolution layer facilitates cross-channel interaction, achiev- 

ing deep multi-scale integration with dimensionality reduction 

while preserving computational efficiency through optimized 

spatial aggregation. 

The HCPF module commences processing by applying the 

initial HDC convolution to input features for preliminary multi- 

scale enhancement. Subsequent max pooling generates primary 

pooled outputs that intensify salient feature responses.   This 

output then feeds dual parallel average pooling branches, pro- 

ducing secondary and tertiary pooled outputs to capture com- 

prehensive  data  characteristics.    These  three pooling  opera- 

tions establish a multi-scale extraction hierarchy, each isolat- 

ing distinct spatial context levels.  The module then concate- 

 

 

Figure 4: Hierarchical Convolution Pooling Fusion module 

 

nates four components along the channel dimension(the origi- 

nal HDC output, primary, secondary, and tertiary pooled out- 

puts)forming an enriched representation of multi-level spatial 

information. This composite tensor is processed through a sec- 

ondary HDC convolution for deep feature refinement and di- 

mensionality compression. Through this structured hierarchical 

processing pipeline, the HCPF module substantially improves 

model resilience to extreme scale variance while enhancing fea- 

ture representation capabilities. 

3.4.  P2 

In the aerial image detection task, to address the issue of 

missing detections of small targets (such as vehicles and pedes- 

trian) due to the loss of pixel details, a high-resolution P2 detec- 

tion layer [40] was introduced into the neck of YOLOv11. This 

layer operates at a down-sampling rate of 1/4 of the input image, 

generating a feature map of 160× 160 pixels, which is four times 

the spatial resolution of the original P3 layer (80×80). This en- 

sures that the edge textures and other key features of small tar- 

gets are accurately retained. By integrating the high-resolution 

features from the shallow layers of the backbone network with 

the up-sampled semantic features from the deep layers, and en- 

hancing feature consistency through a small convolution block, 

the detection head outputs a feature map of 160× 160 pixels.  

This structural modification improves the recognition of small 

targets in the feature grid, significantly enhancing the detection 

accuracy of small targets and effectively addressing the issue of 

feature information loss due to the large receptive field of deep 

features. 

 

4.  Experiments and discussions 

4.1.  Datasets 

To ensure the reliability and generalizability of the exper- 

imental  results,  this  study  employed  two  publicly  available 

datasets for validation: VisDrone 2019 and AI-TOD. VisDrone 

2019  [48]  served  as  the  primary  dataset  for  comprehensive 
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comparative experiments and ablation studies, while AI-TOD 

[49]was used to further evaluate the generalization ability. The 

VisDrone 2019 dataset, collected and released by the Machine 

Learning and Data Mining Laboratory at Tianjin University, 

contains 8,629 images split into a training set of 6,471 images, 

a validation set of 548 images, and a test set of 1,610 images. It 

features 10 categories of common objects in everyday scenes, 

including pedestrians, people, bicycles, cars, vans, trucks, tricy- 

cles, awning-tricycles, buses, and motorcycles.  A major chal- 

lenge posed by this dataset is the significant class imbalance and 

the presence of numerous small-scale targets.  In contrast, the 

AI-TOD dataset is a specialized remote sensing dataset focused 

on tiny targets, comprising 28,036 images with 700,621 anno- 

tated objects across 8 categories: bridges, ships, vehicles, stor- 

age tanks, people, swimming pools, windmills, and airplanes. 

The core difficulty of AI-TOD lies in the extremely small av- 

erage target size— approximately 1 2 . 8  pixels— which is much 

smaller than those in other aerial remote sensing datasets, thus 

greatly increasing detection complexity. This dataset is divided 

into training, validation, and test sets in a ratio of 6:1:3. 

4.2.  Experimental setup 

All experiments were executed on an NVIDIA GeForce RTX 

4070 GPU (8GB RAM) within a Python 3.9.19 environment us- 

ing PyTorch 2.0.1, CUDA 11.8, and the Ultralytics YOLOv11 

framework.  To prevent GPU memory overflow, training em- 

ployed a batch size of 4 with input images uniformly resized 

to  640×640 pixels.    Optimization utilized  Stochastic  Gradi-  

ent Descent (SGD) with initial learning rate 0.01, momentum 

0.937, and cosine annealing for dynamic learning rate adjust- 

ment. Mosaic augmentation enhanced dataset diversity during 

training. To ensure complete model convergence and compara- 

tive fairness, all implementations trained from scratch without 

pretrained weights for 200 epochs. 

4.3.  Metrics of evaluation 

Model accuracy validation employs comprehensive evalua- 

tion metrics: Precision (P) quantifies the accuracy of the pos- 

itive prediction, while recall (R) measures the coverage of the 

true target,as shown in Equation (1) and (2). 

 

 

The F1-score harmonizes these metrics to balance detection 

reliability and completeness,as shown in Equation (3).  For ro- 

bustness to localization, mAP50 evaluates the standard local- 

ization capability and mAP50-95 assesses the stability under 

stringent localization thresholds as shown in Equation (4) and 

(5) . 

 

AP =  p (r) dr                               (4) 

 

 

 

Parameter count directly determines computational complex- 

ity, governing inference speed and energy consumption; model 

size (weight file storage) dictates hardware loading efficiency. 

Collectively,  these  metrics  define  critical  deployment  con- 

straints,where reduced parameter counts and minimized storage 

footprints signify superior edge computing adaptability. 

4.4.   Ablation experiments 

To systematically evaluate the effectiveness of the proposed 

modules, ablation experiments were conducted on an aerial tar- 

get detection dataset using YOLOv11s as the baseline model. 

The results are shown in Table 1. 

The introduction of the Multi-scale Hierarchical Attentional 

Fusion (MHAF) module significantly improved the detection 

accuracy of the model. The experimental results show that the 

F1 score in the VisDrone dataset increased by 1.7 percentage 
points to 44.2%, the average precision (mAP50) improved by 
2.2 percentage points to 40.7%, and mAP50-95 increased by 

1.6 percentage points to 24.4%. This improvement is primarily 

attributed to the hierarchical feature decoupling design of the 

MHAF module, which employs parallel branches with convo- 

lution kernels of different sizes to enhance the ability to capture 

edge details of small targets in aerial images, thereby effectively 

boosting small target detection performance. 

On that basis, the integration of the Orientation Decoupled 

Feature Enhancer (ODFE) module further improved the detec- 

tion accuracy.  The experiments indicate gains of 1.6 percent- 

age points in F1 score,  1.8 percentage points in mAP50, and 

1.2 percentage points in mAP50-95. These improvements stem 

from the dual path structure of the module, where one path fo- 

cuses on extracting and improving information about horizontal 

features and the other on vertical features. This directional de- 

coupling effectively strengthens the ability to represent targets 

with varying orientations in aerial images, enhancing adaptabil- 

ity and recognition accuracy. 

To address the challenges posed by significant scale varia- 

tions in aerial images, a Hierarchical Convolution Pooling Fu- 

sion (HCPF) module was incorporated into the model combin- 

ing MHAF and ODFE. As a result, the overall detection perfor- 

mance improved markedly: the F1 score increased by 1.3 per- 

centage points to 47.2%, mAP50 rose by 0.9 percentage points 

to 43.4%, and mAP50-95 increased by 0.7 percentage points to 

26.3%. This advancement is largely due to the innovative multi- 

level dilated convolution and pooling collaborative architecture 

of the HCPF module, which efficiently integrates contextual in- 

formation on all scales, enhancing the model’s ability to cap- 

ture and discriminate multi-scale target features in aerial scenes, 

thus mitigating detection difficulties caused by scale variations.

 Finally, after integrating features from the MHAF, ODFE, 

and HCPF modules into a feature fusion layer, a high-resolution 

P2 detection layer was introduced.  This addition significantly 

improved the performance of the model in detecting small tar- 

gets, with the F1 score increasing by 1.4 percentage points to 
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Table 1: MDFR-Net module ablation experiments  
MHAF ODFE HCPF P2 mAP50(%) mAP@50-95(%) F1(%) 

× × × × 38.5 22.8 42.5 

✓ × × × 40.6 24.4 44.2 

✓ ✓ × × 42.5 25.6 45.8 

✓ ✓ ✓ × 43.4 26.3 47.2 

✓ ✓ ✓ ✓ 46.4 28.4 48.6 

 
 

48.6%, mAP50 increasing by 3 percentage points to 46.4%, and 

mAP50-95 improving by 2.1 percentage points to 28.4%.  The 

key to this enhancement lies in the P2 detection layer’s use of 

the 160× 160 pixel shallow feature map output from the second 

stage of the backbone network. By directly leveraging features 

containing fine spatial details of small targets, this layer effec- 

tively addresses the problem of feature degradation and loss of 

small targets in deeper network layers, substantially improving 

both the representation and detection accuracy of small targets. 

4.5.  Comparative experiments 

Based on the comparative analysis of the two precision-recall 

curves,  a significant difference in detection performance be- 

tween the baseline model and MDFR-Net is evident, depicted 

in Fig. 5. For categories with scarce samples, such as awning- 

tricycles, MDFR-Net maintains a stable detection precision of 

20 .5%,  while for typical small- scale targets like bicycles,  the 

precision remains at  19.0%,  demonstrating MDFR-Net’s ad- 

vantage in detecting smaller sample sizes. Furthermore, pedes- 

trian detection precision reaches 54.6%,  and motorcycle de-  

tection precision is 55.6%, both exceeding the baseline model 

by more than  10%,  indicating  the  strong generalizability of 

MDFR-Net.   The overall precision achieves 46.4%,  reflecting 

an improvement of nearly 8% across all categories compared to 

the baseline model. This shows that the model consistently de- 

livers reliable performance across various target types, signif- 

icantly outperforming the baseline.  These quantitative results 

illustrate that MDFR-Net not only maintains high detection ac- 

curacy but also handles complex samples effectively, thereby 

validating the effectiveness. 

In the comparison on the VisDrone dataset,  the proposed 

MDFR-Net model demonstrates comprehensive performance 

advantages.   The results are shown in Table 2.   Its mAP@0.5 

reaches 46.4%,  surpassing the current best model RT-DETR- 

R18  (41.9%)  by  4.5  percentage  points  and  the  baseline 

YOLOv11s model (38.5%) by 7.9 percentage points. For small 

object detection,  the APs metric achieves 19.4%,  outperform- 

ing RT-DETR-R18 (15.1%) by 4.1 percentage points and the 

lightweight  representative  Gold-YOLO  (12.9%)  by  6.5  per- 

centage points.    In terms  of model  complexity,  MDFR-Net 

achieves this improvement with  15.9 million parameters, re- 

ducing the parameter count by 4.1M compared to RT-DETR- 

R18 (20.0M). Its model size of 31.0 MB is also significantly 

smaller than YOLOXs (50.4 MB), saving 19.4 MB in storage. 

These experimental results fully validate that the model’s multi- 

dimensional feature optimization mechanism enables a substan- 

tial improvement in detection accuracy while increasing the pa- 

 

rameter count by only 6.5M compared to the baseline, striking a 

favorable balance between model performance and complexity. 

4.6.  Visual analytics 

The Fig.  6 illustrates the trade-off between accuracy and 

complexity for different models.  The horizontal axis (x-axis) 

represents the number of parameters, reflecting computational 

complexity, while the vertical axis (y-axis) indicates the de- 

tection  accuracy  (mAP@50-95),   measuring the performance 

of target recognition.  Through its unique architectural design, 

MDFR-Net achieves a breakthrough in accuracy while control- 

ling parameter growth, successfully positioning itself as a high- 

efficiency model in the balance between accuracy and complex- 

ity. 

Through a comparative analysis of the normalized confusion 

matrices of the MDFR-Net model and the YOLOv11 model 

shown in Fig. 7, the proposed model shows a significant per- 

formance improvement in object detection tasks.  Its core ad- 

vantages lie in the optimization of key category recognition ac- 

curacy and effective suppression of background false positives. 

Within the vehicle category, the recall rate for cars increased 

from 0.75 to 0.80,  indicating enhanced robustness in detect- 

ing high-frequency targets;  the misclassification rate of vans 

as background decreased from 0.26 to 0.21, highlighting an im- 

provement in feature representation capability. The background 

false positive rate showed a systematic reduction; for example, 

the false positive rate for pedestrians dropped substantially from 

0.61 to 0.48,  significantly alleviating the false alarm problem 

caused by background interference in the baseline model. Par- 

ticularly notable is the improved discrimination ability for spe- 

cial vehicles: the recall rate for buses surged from 0.44 to 0.51, 

and for motorcycles from 0.38 to 0.48,  demonstrating stronger 

discriminative power for targets with complex shapes. Overall, 

the model enhances robust detection in complex traffic scenar- 

ios by strengthening key target discrimination and suppressing 

background noise, providing a more effective solution. 

In the analysis of typical complex scenarios in the VisDrone 

validation set, MDFR-Net shows a significant performance im- 

provement compared to the baseline model.  As shown in Fig. 

8, the detection confidence of the MDFR-Net model is signif- 

icantly better than that of the baseline model under multiple 

scenarios and challenging conditions. 

In high-density target scenarios, the baseline model exhibits 

noticeable missed detections and false positives, particularly 

in the central regions of aerial images,  whereas MDFR-Net 

achieves a more balanced  spatial distribution of predictions, 

thereby enhancing the completeness of recognition for densely 
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Table 2: Comparison results of different models on the VisDrone dataset  
Models mAP@50(%) APs(%) Model size(MB) Params(M) 

YOLOv5s 32.1 10.1 13.7 7.1 
YOLOv6s[50] 31.2 9.4 38.7 18.5 

YOLOXs[51] 33.5 10.3 50.4 8.9 

YOLOv7-tiny[13] 36.8 11.8 11.5 6.0 

YOLOv8s 38.7 12.4 21.4 11.1 

YOLOv9s[14] 37.9 12.1 15.8 7.3 

YOLOv10s[15] 37.6 12.0 16.6 8.1 

YOLOv11s[16] 38.5 12.3 18.3 9.4 

RT-DETR-R18[52] 41.9 15.1 38.5 20.0 

ASF-YOLO[53] 40.6 14.8 22.8 11.3 

Gold-YOLO[54] 39.9 12.9 26.3 13.4 

MDFR-Net 46.4 19.4 31.0 15.9 

 

 

Figure 5: Comparison of precision-recall curves 

 

 

Figure 6: Relationships between the mAP@50-95 and model parameter count 

for different models 

 

packed targets. In multi-scale detection scenarios, the baseline 

model suffers from significant cross-scale false detections due 

to feature confusion, while MDFR-Net substantially improves 

detection confidence across different scales.   In partially  oc- 

cluded scenes, such as vehicles obscured by tree branches, the 

 

baseline model bounding boxes show marked localization devi- 

ations, while MDFR-Net maintains accurate target positioning 

and effectively suppresses erroneous detections caused by back- 

ground interference. Under low-light nighttime conditions, the 

baseline model produces responses to non-target objects in re- 

gions with low signal-to-noise ratios, but MDFR-Net consider- 

ably reduces such noise responses while preserving stable de- 

tection performance for targets under weak illumination. These 

visualization results collectively demonstrate that MDFR-Net 

improves the generalization and detection capabilities of the 

model in complex environments characterized by high target 

density, partial visual information loss, and poor lighting. 

Comparative heatmap visualizations using Grad-CAM on the 

VisDrone dataset vividly illustrate the enhanced feature repre- 

sentation achieved by the improved model,as shown in Fig. 9. 

Relative to the baseline, MDFR-Net produces heatmaps char- 

acterized by significantly more concentrated and intense activa- 

tions that are precisely localized within critical target regions, 

such as individuals in dense crowds or distant, small-scale ve- 

hicles set against complex backgrounds. These heightened ac- 

tivations are tightly confined within the spatial boundaries of 
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Figure 7: Comparison of confusion matrices 

 

 

 

 

 

 

Figure 8: Comparison of YOLOv11(mid)and MDFR-Net(right)on the VisDrone dataset 

 

the target objects, reflecting the model’s improved focus.  At 

the same time, MDFR-Net effectively suppresses responses in 

non-target  areas,  particularly in regions with intricate urban 

 

textures, vegetation shadows, or distractor objects that resem- 

ble target shapes.  This robust background suppression results 

in a pronounced intensity contrast between the high-response 
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Figure 9: Comparison of the heatmaps of YOLOv11 (center) and MDFR-Net (right) on the VisDrone dataset 

 

Table 3: Comparative experiments on the AI-TOD dataset 
 

Models mAP@50(%) mAP@50-95(%) 

YOLOv5s 42.4 18.9 
YOLOv6s[50] 39.6 16.9 

YOLOXs[51] 41.9 18.6 

YOLOv7-tiny[13] 40.1 17.5 

YOLOv8s 43.8 19.2 
YOLOv9s[14] 43.2 18.7 

YOLOv10s[15] 42.4 18.3 

YOLOv11s[16] 42.9 18.6 

RT-DETR-R18[52] 44.3 19.5 

ASF-YOLO[53] 41.9 18.5 

Gold-YOLO[54] 42.2 18.6 

MDFR-Net 47.1 21.7 

 

target zones and the low-response background regions in the 

heatmaps.  As a result, MDFR-Net more distinctly highlights 

the discriminative features of detection targets, while minimiz- 

ing irrelevant background interference in complex aerial scenes. 

This ultimately contributes to greater stability and reliability in 

detection performance. 

4.7.  Generalization experiments 

The Table 3 compares the performance of MDFR-Net with 

several other advanced models on the AI-TOD dataset, focusing 

on the metrics of mAP@50 and mAP@50-95. The results high- 

light that MDFR-Net consistently outperforms competing algo- 

rithms in detection accuracy, achieving improvements of 4.2% 

 

and 2.9% over the baseline model in mAP@50 and mAP@50- 

95, respectively. This clearly demonstrates MDFR-Net’s strong 

generalization capability in aerial detection tasks. 

Further comparison of detection results on AI-TOD images, 

as shown in Fig. 10, reveals that MDFR-Net significantly sur- 

passes the baseline model by effectively identifying a greater 

number of small targets, particularly in challenging conditions 

such as occluded scenes or low-resolution areas where the base- 

line often misses very small buildings or vehicles.  In addition, 

the frequent false positives and false negatives commonly seen 

in the output of the baseline model, especially near the edges of 

the image or in regions with complex textures, are substantially 

reduced in the MDFR-Net results, producing clearer and more 

reliable detections. Additionally, MDFR-Net’s bounding boxes 

align more precisely with the edges of small targets, effectively 

mitigating localization bias.   Collectively,  these  comparative 

findings demonstrate that the improved model enhances percep- 

tion, robustness, and localization accuracy when confronting 

the difficulties presented by the AI-TOD dataset. 

 

5.  Conclusions 

This paper proposes the MDFR-Net model, designed to ad- 

dress the core challenge of accurately detecting small targets 

in aerial images.  The key innovations of MDFR-Net include 

the MHAF module, which significantly enhances focus on crit- 

ical  features,  particularly  edge  details,  through  an  attention 

mechanism while effectively suppressing background interfer- 

ence;  the  ODFE  module,  which  innovatively employs  a di- 

rection decoupling path to  strengthen the model’s  ability to 
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Figure 10: Comparison of the heat maps of YOLOv11 (center) and MDFR-Net (right) on the AI-TOD dataset 

 

capture directional features of targets; and the HCPF module, 

which utilizes a multi-scale fusion strategy to improve detec- 

tion across varying target scales.  Furthermore, the P2 detec- 

tion layer leverages high-resolution feature maps to effectively 

mitigate the loss of spatial information of tiny targets that typ- 

ically occurs in deeper network layers.  Comprehensive exper- 

iments on the publicly available aerial datasets VisDrone and 

AI-TOD demonstrate that MDFR-Net achieves significant im- 

provements in small target detection accuracy compared to the 

baseline model YOLOv11 and other state-of-the-art methods, 

thus validating the effectiveness of its focused architecture and 

offering a practical high-performance solution for small target 

detection in aerial imagery. 
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