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  Abstract 
To address challenges in UAV aerial images such as a high proportion of small ob-
jects, complex backgrounds, significant scale variations, and limited computing 
resources, this study proposes an improved object detection algorithm based on 
YOLOv11n—namely, IRE-YOLO. In the backbone network, the algorithm intro-
duces the inverted residual mobile block (iRMB) attention mechanism to enhance 
the model's ability to extract features of small objects in complex backgrounds. It 
replaces some standard convolutions with depthwise separable convolutions 
(DSConv) to reduce the number of parameters while maintaining feature expres-
sion capability. In the neck network, an efficient upsampling block (EUCB) is de-
signed to recover detailed information through hierarchical feature reconstruc-
tion, thereby improving the representation quality of small objects' edges and 
textures. Experimental results on the DOTA dataset show that IRE-YOLO outper-
forms mainstream lightweight models in key metrics including precision (P), re-
call (R), mAP@50, and mAP@50:95, achieving 69.4%, 59.0%, 61.0%, and 34.2% 
respectively. Meanwhile, the model's parameter count is reduced to 8.7MB, real-
izing an effective balance between accuracy and lightweight design. The research 
demonstrates that IRE-YOLO has high practical value in small object detection 
tasks for UAV aerial images and provides a feasible solution for real-time deploy-
ment on embedded platforms. 
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1. Introduction 

With the in-depth integration of UAV technology and computer vision, object detec-
tion based on UAV aerial images has become a key technical means in fields such as 
intelligent transportation, forest fire monitoring, military reconnaissance, power 
transmission line inspection, agricultural monitoring, and urban planning. However, 
affected by factors including flight altitude, shooting angle, airflow disturbance, and 
environmental illumination, aerial images often exhibit characteristics such as com-
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plex backgrounds, significant differences in target scales, a high proportion of small 
targets, dense target distribution, severe occlusion, and lack of image details. These 
characteristics cause general object detection algorithms to face issues such as de-
creased detection accuracy and increased missed detection rates in this scenario. 
Traditional methods mostly rely on image stitching and manual feature extraction, 
which have limited feature expression capabilities in complex backgrounds and 
struggle to balance the requirements of detection accuracy and real-time perfor-
mance. Therefore, to meet the practical application needs of UAV platforms, there is 
an urgent need to develop object detection algorithms that can effectively handle 
multi-scale small targets while balancing lightweight design and high accuracy. 
Currently, existing object detection algorithms can be divided into two main catego-
ries: two-stage detection algorithms and one-stage detection algorithms. Repre-
sented by Faster R-CNN and Mask R-CNN, two-stage detection algorithms first gen-
erate region proposals, and then perform classification and bounding box regression 
on these regions. Although they achieve high detection accuracy, their detection 
speed is relatively slow. One-stage detection algorithms, on the other hand, are rep-
resented by SSD (Single Shot Multibox Detector) and the YOLO (You Only Look Once) 
series. These algorithms directly perform convolution operations on images without 
first generating region proposals; instead, they directly predict the category proba-
bility and position coordinates of targets, and obtain the final detection results 
through a single detection process, thus achieving faster detection speed. 
To address problems such as large variations in target size, complex imaging condi-
tions, and uneven distribution of small targets from the UAV perspective, the aca-
demic community has proposed a variety of innovative solutions. Yi et al. proposed 
the LAR-YOLOv8 algorithm based on YOLOv8, which enhances local modules 
through a dual-branch structure attention mechanism and introduces the RIOU loss 
function to improve the shape consistency between predicted boxes and ground 
truth boxes, effectively solving the limitations of small target detection in remote 
sensing images. Zhu et al. proposed the generalized oversampling Prou-
het-Thue-Morse (OGPTM) method, which combines a point-wise multiplication 
processor (PmuP) to achieve better sidelobe suppression performance in 
high-speed target detection. Xie et al. proposed FARP-Net for 3D point cloud object 
detection tasks, innovatively introducing a weighted relational perception proposal 
module (WRPM), which breaks through the limitations of traditional context infor-
mation extraction methods. Zhang Huawei et al. improved the activation function of 
the attention gate and proposed the GUS-YOLO algorithm based on the YOLO series, 
realizing the improvement of object detection performance on remote sensing da-
tasets. 
Despite extensive research dedicated to improving the accuracy of object detection 
in UAV aerial images, several common challenges remain: high missed detection 
rates of targets in complex backgrounds, unbalanced detection accuracy for mul-
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ti-scale targets, and prominent conflicts between computational efficiency and de-
tection accuracy. To address these issues, this study proposes an improved algo-
rithm based on YOLOv11n, namely IRE-YOLO. Through innovative design, this algo-
rithm not only enhances the detection accuracy of small targets but also significantly 
reduces model parameters, optimizes the use of computational resources, and ac-
celerates the inference process—providing an efficient and accurate solution for 
small object detection in UAV aerial images. The main contributions are as follows: 

(1) The inverted residual mobile block (iRMB) attention mechanism is introduced 
into the backbone network. By fusing the inductive bias of CNNs and the dynamic 
modeling capability of self-attention, the model’s ability to extract features of small 
targets in complex backgrounds is enhanced. 

(2) To optimize model efficiency for lightweight deployment, depthwise separable 
convolution modules (DSConv) are adopted to replace some standard convolutions 
in the backbone network. This modification significantly reduces the number of pa-
rameters while maintaining strong feature expression capability. 

(3) An efficient upsampling convolution block (EUCB) is designed and integrated 
into the neck network. Through a hierarchical feature reconstruction mechanism, 
spatial details lost during downsampling are recovered, effectively improving the 
model’s ability to represent details such as edges and textures of small targets. 

2. Design of the IRE-YOLO Algorithm 

YOLOv11, a brand-new state-of-the-art (SOTA) one-stage object detection algorithm, 
was proposed by numerous researchers in 2024 based on the Ultralytics framework. 
As the latest member of the YOLO series, this algorithm inherits the design philoso-
phy of treating object detection as a single regression task, enabling real-time pre-
diction of bounding box coordinates and target categories. It maintains high accura-
cy while achieving excellent detection speed. 
According to different model scales, YOLOv11 offers five versions—n, s, m, l, and 
x—to adapt to application scenarios with varying computational resources and per-
formance requirements. Structurally, the YOLOv11 model mainly consists of three 
components: Backbone (feature extraction network), Neck (feature fusion network), 
and Head (detection network). This classic architecture collectively ensures the 
model’s outstanding performance in terms of efficiency and accuracy. 
However, when applied to object detection tasks in UAV aerial images, the YOLOv11 
algorithm still has certain limitations: For targets with a small pixel proportion, po-
sition and detail information are easily lost, leading to a high missed detection rate 
of small targets; its robustness against complex background interference is insuffi-
cient, which affects the purity of feature extraction; in addition, target scales in aeri-
al images vary drastically, and the detailed features of small targets are easily 
weakened during multiple downsampling processes, thereby impairing detection 
performance. 
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To address the aforementioned issues, this study proposes a small object detection 
algorithm—IRE-YOLOv11—for UAV aerial images, based on the lightweight 
YOLOv11n. The structure of the algorithm is illustrated in Figure 1. Improvements 
to the algorithm are primarily implemented in three aspects: 
First, the inverted residual mobile block (iRMB) attention mechanism is introduced 
into the backbone network to enhance the model’s ability to extract features of 
small targets against complex backgrounds. Second, depthwise separable convolu-
tion (DSConv) modules are adopted to replace some standard convolutions, which 
not only improves the richness of feature expression and nonlinear fitting capability 
but also reduces the number of model parameters. Third, the EUCB upsampling 
module is integrated into the neck network to enhance the ability to recover small 
target details through refined feature reconstruction. 
Specifically, in the improved model, the residual blocks in the C3k2 module of the 
backbone network are replaced with iRMB modules; some traditional convolutions 
are substituted with DSConv modules; and the original upsampling operation in the 
neck network is replaced by EUCB. Through these structural optimizations, 
IRE-YOLOv11 significantly enhances the detection performance for small targets in 
UAV images while maintaining a high inference speed. 

 

Figure 1. Structure of the IRE-YOLO Model. 
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2.1. iRMB Attention Mechanism 

In UAV aerial images, due to the long shooting distance, the resolution of distant 
targets is low. Traditional convolutional neural networks, with their limited recep-
tive fields, struggle to effectively capture target details, which easily leads to missed 
detections. Meanwhile, when the backbone network of YOLOv11 processes mul-
ti-scale objects, as it mainly relies on standard convolutions, it cannot fully capture 
the contextual information of objects of different sizes. This limits its feature ex-
pression capability in complex scenes captured by UAVs. Additionally, this design 
results in high parameter requirements for the model, making it difficult to meet the 
lightweight requirements of foreign object detection platforms. To address these 
issues, this paper proposes a multi-scale global attention module, iRMB, to replace 
the residual blocks in C3k2 of the backbone network. The structure of the iRMB 
module is shown in Figure 2. 

 

Figure 2. Structure of the iRMB Module. 

The core innovation of the iRMB attention mechanism lies in the organic integration 
of the inductive bias of CNNs and the dynamic expression capability of self-attention. 
By introducing two adjustable dimensions—"expansion ratio" λ and "efficient oper-
ator" ℱ—this mechanism provides flexible structural adaptability. The calculation of 
its attention weights follows the standard self-attention mechanism, as shown in 
Equation (1): 

𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑄𝑄,𝐾𝐾,𝑉𝑉) = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑄𝑄𝐾𝐾
𝑇𝑇

�𝑑𝑑𝑘𝑘
)𝑉𝑉.                     (1) 

Among them, 𝑄𝑄, 𝐾𝐾, and 𝑉𝑉 are generated by different 1×1 convolutional layers, re-
spectively, and �𝑑𝑑𝑘𝑘 is the scaling factor. This design enables the model to balance 
accuracy and efficiency under different computational budgets. From a structural 
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perspective, iRMB can be regarded as a specific instance of the Meta-Mobile Block. 
The design supports modular combination through different expansion ratios and 
operators, forming a dynamic network structure that can adapt to different task re-
quirements. 
The iRMB is a hybrid network module that combines depthwise separable convolu-
tion (3×3 DW-Conv) and the self-attention mechanism. A 1×1 convolution is used for 
channel compression and expansion to optimize computational efficiency. Depth-
wise separable convolution (DW-Conv) is applied to capture spatial features, while 
the attention mechanism is utilized to capture global dependencies between fea-
tures. This figure illustrates the structural paradigm of the iRMB. 

2.2. DSConv Convolution 

In the task of object detection in UAV aerial images, the targets to be detected usu-
ally account for a small proportion of pixels. This requires the detection model to 
extract deep features with a large receptive field and high resolution, which often 
needs to be achieved by increasing the network depth or improving the input image 
resolution—thereby significantly increasing the model's parameter count and com-
putational complexity. 
However, although the standard convolution operation adopted by traditional ob-
ject detection models based on convolutional neural networks can simultaneously 
perform spatial feature extraction and channel information fusion, its integrated de-
sign not only pursues accuracy but also introduces a heavy computational burden 
and parameter redundancy. This contradiction is particularly prominent on em-
bedded UAV platforms with limited computing resources, seriously restricting the 
real-time deployment of the model. 
To improve efficiency while ensuring detection accuracy, this study introduces the 
depthwise separable convolution module (DSConv) to replace some standard con-
volution structures in the backbone network, thereby seeking an effective balance 
between accuracy and efficiency. 
As the core operation of convolutional neural networks, standard convolution real-
izes the filtering and transformation of input feature maps by simultaneously pro-
cessing spatial correlation and inter-channel information in sliding windows, and it 
exhibits strong feature expression capability. However, this operation incurs high 
parameter counts and computational overhead when tackling complex tasks. 
To improve model efficiency, this study introduces depthwise separable convolution 
(DSConv), which decouples standard convolution into two separate steps: depth-
wise convolution and pointwise convolution. Depthwise convolution performs spa-
tial filtering on each input channel independently without inter-channel information 
interaction; pointwise convolution, on the other hand, achieves the fusion of channel 
features and dimensional mapping through 1×1 convolution. 
This structure significantly reduces computational complexity and parameter scale 
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while still maintaining effective feature extraction capability. Its structure is shown 
in Figure 3, and the parameter count and computational load are presented in 
Equations (2) and (3). 

𝐷𝐷𝐷𝐷𝐷𝐷𝑜𝑜𝑜𝑜𝑣𝑣𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = 𝐷𝐷𝑘𝑘2 × 𝑀𝑀 + 𝑀𝑀 × 𝑁𝑁.                     (2) 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑣𝑣𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝐷𝐷𝑘𝑘2 × 𝑀𝑀 × 𝐷𝐷𝐹𝐹𝐹𝐹2 + 𝑀𝑀 × 𝑁𝑁 × 𝐷𝐷𝐹𝐹𝐹𝐹2 .           (3) 

 

Figure 3. Structure Diagram of DSConv. 

2.3. EUCB up - sampling 

During the UAV aerial inspection process, due to the varying distances between in-
sulators and the UAV, when the distance is large, the scale of defect targets in the 
captured images decreases significantly and the number of pixels they occupy is 
limited—posing great difficulties for defect feature reconstruction. 
Traditional upsampling operations use fixed interpolation kernels and lack learna-
ble capabilities. When restoring spatial resolution in the decoding stage, they tend to 
cause excessive smoothing of detailed features (such as insulator flashover textures 
or broken edges) during the reconstruction process. In addition, insulator strings 
are usually densely arranged, and the pixel proportion of defect areas is relatively 
low; errors in feature reconstruction can easily lead to false detection or missed de-
tection of key targets. 
Therefore, inspired by the EMCAD method in the field of medical image segmenta-
tion and to address the aforementioned issues, this study introduces an efficient 
upsampling convolution module to replace the traditional upsampling operation in 
the neck network. Its structure is shown in Figure 4. 

 

Figure 4. Structure of the EUCB Module. 

The EUCB is an efficient upsampling module that adopts a hierarchical design to 
achieve refined feature reconstruction. The specific process is as follows: First, it 
expands the spatial resolution of the feature map by 2 times through an upsampling 
operation. Then, it uses 3×3 depthwise separable convolution to enhance spatial 
feature representation, which significantly reduces computational complexity while 
expanding the model’s receptive field. Next, batch normalization and ReLU activa-
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tion function are applied to further improve feature expression capability. Finally, a 
1×1 convolution is used to realize channel dimension compression and feature fu-
sion, ensuring that the channels of the output features are accurately aligned with 
those of the subsequent skip connection layer. This calculation process can be for-
mally expressed as Equation (4). 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑋𝑋) = 𝐶𝐶𝐶𝐶𝐶𝐶𝑣𝑣1×1(𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵(𝐷𝐷𝐷𝐷𝐶𝐶3×3(𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈(𝑋𝑋))))).         (4) 

Compared with traditional upsampling methods, the key advantage of EUCB lies in 
its efficient computational design. By replacing standard convolution operations 
with depthwise separable convolution, the module significantly reduces computa-
tional overhead and parameter count while maintaining performance. Although 
EUCB was originally designed for medical image segmentation, its modular struc-
ture exhibits unique adaptability in UAV-based defect detection: the local perception 
characteristic of depthwise separable convolution can effectively suppress complex 
background noise, and the channel rearrangement mechanism enhances the 
cross-channel information flow through implicit feature permutation—enabling the 
effective fusion of high-level semantics of defect regions and shallow features such 
as edge details during the upsampling process. 
In the IRE-YOLO model proposed in this study, the EUCB module is embedded into 
the feature fusion part of the neck network to replace the original upsampling oper-
ation. This module can effectively recover the spatial detail loss caused by pooling 
and convolution operations, significantly improve the ability of feature maps to 
represent sub-pixel-level defects, and at the same time enhance the alignment accu-
racy and fusion quality between feature maps of different scales—providing a more 
discriminative multi-scale feature foundation for the detection network. 

3. Experiments and Results Analysis 

3.1. Dataset 

In this study, the DOTA dataset was used for training and validation of the 
IRE-YOLO algorithm. The DOTA image dataset is a large-scale image dataset spe-
cifically designed for detecting small-scale targets that randomly appear in aerial 
image systems. It includes diverse image sources, covering aerial images collect-
ed by different sensors and platforms. As it is applicable for small target detec-
tion in aerial images and holds significant advantages over other datasets of the 
same type in terms of both quantity and quality, the DOTA dataset was selected 
for the experiments. 
The dataset contains 3,156 aerial images, divided into a training set (1,893 imag-
es), a validation set (631 images), and a test set (632 images). These images fully 
retain the annotations for DOTA’s 15 target categories, covering typical targets 
such as aircraft, vehicles, and ships, with a total of over 180,000 instances. The 
dataset includes various scenarios such as cities, rural areas, and coasts, featur-
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ing large target scale differences, dense distribution, and variable orientations. 
These characteristics enable effective verification of the algorithm’s performance 
in complex aerial environments. 
Given that small targets account for more than 60% of the dataset, this study 
adopted the Mosaic data augmentation technique, which splices four training 
images into one to significantly increase the occurrence frequency of small tar-
gets. Meanwhile, methods such as random rotation, scale transformation, and 
color space adjustment were used to enhance the model’s robustness to changes 
in target scale and lighting conditions. To adapt to YOLO algorithm training, the 
original oriented bounding box (OBB) annotations were converted into horizon-
tal detection boxes, and K-means clustering was applied to recalculate the anchor 
box sizes. All input images were standardized to ensure training stability. The 
details of the dataset are shown in Figure 5. 

 

Figure 5. Dataset Visualization Distribution Map. 

3.2. Experimental Environment and Evaluation Metrics 

All experiments were conducted in the same hardware environment, and the rel-
evant environment configuration is shown in Table 1. 

Table 1. Table of Relevant Environment Configuration. 

software and hardware configuration version or model 

CPU Intel Xeon Gold 6226R 

GPU NVIDIA GeForce RTX 3080 

Python 3.8.19 

Pytorch 1.13.1 

YOLOv11 version 8.3.24 
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In this study, the algorithm performance was evaluated using common evaluation 
metrics for object detection tasks, including: mean average precision (mAP), re-
call (R), precision (P), model size, and floating-point operations per second 
(FLOPS). 
Precision reflects the proportion of samples predicted as positive by the model 
that are actually positive, while recall reflects the proportion of actual positive 
samples that are correctly predicted as positive by the model. These two metrics 
are defined based on true positives (TP), false positives (FP), and false negatives 
(FN). Specifically, TP denotes the number of samples predicted as positive and 
actually positive; FP denotes the number of samples predicted as positive but ac-
tually negative; and FN denotes the number of samples actually positive but pre-
dicted as negative. 
Average precision (AP) is the average of precision values across different catego-
ries, used to measure the model’s comprehensive performance on all categories. 
mAP is the average value of AP across all categories. 
The corresponding calculation formulas are shown in Equations (5), (6), (7), and 
(8): 

𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

.                               (5) 

𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

.                               (6) 

𝐴𝐴𝐴𝐴 = ∫ 𝑃𝑃(𝑅𝑅)𝑑𝑑𝑑𝑑1
0 .                            (7) 

𝑚𝑚𝑚𝑚𝑚𝑚 = 1
𝑛𝑛
∑ 𝐴𝐴𝑃𝑃𝑖𝑖𝑛𝑛
1 .                            (8) 

3.3. Ablation Experiment 

To further evaluate the comprehensive performance of the model, this study plotted 
Precision-Recall (PR) curves for comparative analysis. As shown in Figure 6, the PR 
curve of IRE-YOLO is closer to the upper-right corner of the coordinate axis com-
pared to the baseline model, and it has the largest Area Under the Curve (AUC). This 
indicates that IRE-YOLO can maintain high precision and recall across different con-
fidence thresholds. 
Notably, in the high-recall region, the precision of IRE-YOLO decreases more gently, 
which demonstrates that the model exhibits better robustness in detecting hard 
samples. By comparing the PR curves of other ablation experiment models, it can be 
observed that as each component in the IRE-YOLO module is incorporated, the curve 
gradually shifts toward the upper-right direction. This finding mutually corrobo-
rates the quantitative analysis results and intuitively illustrates the contribution of 
each module to the model’s performance. 
To verify the improvement of detection accuracy by each improvement strategy 
adopted in this study, ablation experiments experiments were conducted using 
YOLOv11n as the baseline model. The evaluation metrics included precision (P), re-
call (R), mAP@0.5, mAP@50:95, FPS, and model size. Each group of experiments 
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adopted the same training strategy, and ablation experiments were performed 
through combinations of multiple improvements. The experimental results are 
shown in Table 2. 

 

Figure 6. P-R Curve. 

Table 2. Ablation Experiment Results. 

Baseline iRMB DSConv EUCB P/% R/% mAP 
@50/% 

mAP 
@50:95/% 

Model 
Size/MB FPS 

Yolov11n 

   65.6 56.6 56.7 32.6 9.3 26.6 
��   67.4 56.9 56.4 33.0 10.1 27.4 

 ��  66.6 58.1 56.4 32.7 7.9 25.5 
  �� 68.1 57.4 58.3 33.4 11.0 24.6 

�� �� �� 69.4 59.0 61.0 34.2 8.7 23.0 

Analysis of the ablation experiments shows that the introduction of each module has 
brought targeted improvements to the model performance. When the iRMBatten-
tion mechanism was added alone, the model’s precision (P) increased to 67.4%, en-
hancing its ability to extract features of small targets against complex backgrounds. 
The adoption of DSConv depthwise separable convolution reduced the model size to 
7.9MB, achieving effective lightweighting, while increasing the recall (R) to 58.1%. 
The introduction of the EUCB upsampling module significantly improved the quality 
of detail reconstruction, raising mAP@50 to 58.3%. 
When the three modules were integrated to form IRE-YOLO, the model exhibited the 
best comprehensive performance: precision (P) and recall (R) increased to 69.4% 
and 59.0% respectively; mAP@50 and mAP@50:95 reached 61.0% and 34.2% re-
spectively; and the model size (8.7MB) was better than that of the baseline, achiev-
ing an effective balance between accuracy and lightweighting. This indicates that 
through the synergistic effect of multiple modules, IRE-YOLO effectively enhances 
the ability to capture features of multi-scale small targets while maintaining a light-
weight model, improving the recall rate of positive samples and reducing missed 
detections and false detections. 
In summary, the ablation experiments verify the effectiveness and complementarity 
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of each module in IRE-YOLO, and the overall model achieves a coordinated im-
provement in accuracy and efficiency in the task of small target detection in UAV 
aerial photography. 

3.4. Comparative Experiments 

To verify the effectiveness of the proposed model, IRE-YOLO was first trained and 
validated on the dataset alongside mainstream object detection models (such as 
YOLOv5, YOLOv8, YOLOv10, and YOLOv11). The models were compared based on 
metrics including mAP@50, mAP@50:95, precision (P), recall (R), FPS, and model 
size. The results of the comparative experiments are shown in Table 3. 

Table 3. Comparative Experiment Results. 

Model P/% R/% mAP 
@50/% 

mAP 
@50:95/% 

Model 
Size/MB FPS 

YOLOv5n 62.0 46.8 39.6 24.3 3.6 35.7 

YOLOv8n 63.5 44.9 39.2 24.8 6.0 33.2 

YOLOv10n 61.0 44.2 37.5 23.3 5.5 30.9 

YOLOv11n 65.6 56.6 56.7 32.6 9.3 26.6 

IRE-YOLO 69.4 59.0 61.0 34.2 8.7 23.0 

The comparative experiment results in Table 3 show that the IRE-YOLO model pro-
posed in this study outperforms current mainstream lightweight detection models 
in multiple performance metrics. 
In terms of detection accuracy, the mAP@50 and mAP@50:95 of IRE-YOLO reach 
61.0% and 34.2% respectively, which are 4.3 percentage points and 1.6 percentage 
points higher than those of the baseline model YOLOv11n. Meanwhile, the precision 
(P) and recall (R) are increased to 69.4% and 59.0% respectively, reflecting that the 
model significantly enhances its ability to identify positive samples while maintain-
ing high classification accuracy. 
In terms of model complexity, the parameter count of IRE-YOLO is 8.7MB, which is 
lower than the 9.3MB of YOLOv11n, demonstrating excellent lightweight character-
istics. Although the inference speed (FPS) is 23.0, slightly lower than that of the 
baseline model, IRE-YOLO achieves the optimal balance between accuracy and mod-
el complexity. This improved architecture is therefore more suitable for lightweight 
devices such as UAVs. 
In summary, IRE-YOLO achieves improved detection performance while reducing 
the number of parameters, and has strong engineering application value. 

3.5. Visualization Results 

To intuitively compare the detection performance of the improved algorithm pro-
posed in this study and YOLOv11n in UAV aerial photography scenarios, aerial im-
ages covering several complex scenarios from the DOTA dataset—including dense 
small targets, varying lighting conditions, multi-scale targets, and low-light envi-
ronments—were selected for a detection result comparison experiment. Among 
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these, clustered small targets and complex lighting are common challenging scenar-
ios in aerial image detection. The multi-scale target scenario refers to images where 
targets with significant size differences (e.g., pedestrians, cars, and trucks) coexist, 
requiring the model to balance both shallow detail features and deep semantic fea-
tures. The experimental results are shown in Figure 7 and Figure 8. 

 

Figure 7. Comparison of YOLOv11 and IRE-TOLO Detection Results. 

 

Figure 8. Comparison of YOLOv11 and IRE-TOLO Detection Result Diagrams. 

In the figures below: the left column shows the original images, the middle column 
presents the detection results of the YOLOv11n model under different scenarios, 
and the right column displays the detection results of the improved IRE-YOLO algo-
rithm proposed in this study. Differences in detection performance between 
IRE-YOLO and YOLOv11n are marked with red boxes in the figures. 
In the scenario with dense small targets, compared with the baseline algorithm, 
IRE-YOLO has a lower missed detection rate. It can accurately identify targets in 
highly overlapping environments, achieving better detection performance than the 
baseline. In scenarios with varying natural lighting, IRE-YOLO can suppress inter-
ference from background noise while preserving feature information that is more 



Liu Yang 
 

 

DOI:10.63313/AJET.9007 14 Academic Journal of Emerging Technologies 
 

critical for target decision-making, resulting in better detection performance than 
the baseline. In multi-scale scenarios, IRE-YOLO can effectively adapt to changes in 
targets of different scales, accurately detect objects of various sizes, and achieve a 
higher recognition rate for pedestrians and cars. In low-light nighttime scenarios, 
IRE-YOLO can overcome the impact of insufficient light on target recognition, out-
performing the baseline algorithm in detection results. 
In summary, the IRE-YOLO algorithm demonstrates better detection performance 
across all complex scenarios, and exhibits stronger robustness especially under un-
stable lighting conditions. 

4. Conclusion 

To address challenges in UAV aerial images—such as a high proportion of small 
targets, complex backgrounds, significant target scale differences, and limited com-
puting resources—this study proposes an efficient small target detection algo-
rithm, IRE-YOLO, by making targeted improvements to the YOLOv11n model from 
multiple dimensions, including feature extraction, model lightweighting, and detail 
reconstruction. This algorithm significantly enhances detection accuracy and re-
duces model complexity while maintaining a high inference speed. 
First, to strengthen the model’s ability to capture features of small targets in com-
plex backgrounds, an inverted residual mobile block (iRMB) attention mechanism is 
integrated into the backbone network. This effectively fuses local details with global 
contextual information. Second, considering lightweight deployment requirements, 
depthwise separable convolution modules (DSConv) are used to replace some 
standard convolutions, which drastically reduces the number of parameters while 
preserving the model’s representational capacity. Finally, to solve the problem of 
detail loss during upsampling, an efficient upsampling convolution module (EUCB) 
is designed in the neck network. Through hierarchical feature reconstruction, this 
module improves the ability to recover key details of small targets, such as edges 
and textures. 
Experimental results on the public DOTA dataset show that the IRE-YOLO algorithm 
outperforms mainstream lightweight models in key metrics including mAP@50 and 
recall. Meanwhile, the model’s parameter count is further reduced, achieving a good 
balance between accuracy and efficiency. However, the algorithm still faces a certain 
risk of missed detections in scenarios with extremely high target density or severe 
occlusion. Future research will focus on optimizing the model’s robustness in ex-
treme scenarios and exploring its application in more challenging real-time inspec-
tion tasks. 
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