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anroputMoB YOLO. Anroputm RLD-YOLO BriIrOuaeT TEXHOJIOTHIO CTPYKTYpHOH penapameTpu3aruu RepConv, coxpa-
HSIIOIYIO CIIOCOOHOCTh K MHOTOBETOUHOM IKCIIPECCHH MPU3HAKOB BO BpeMs 0OYYEHUsI M aBTOMAaTHYECKH MPeodpasyro-
yrocs B 3QeKTUBHYIO OJJHOBETBEBYIO CTPYKTYPY BO BPEMsI BHIBOZIA. DTOT aJITOPUTM pa3pabarbiBaeT MOIYIb OOJIBIIOTO
sneproro BuuManus LKAConv 1151 ynmydmieHus: criocoOHOCTH K 3aXBaTy MPU3HAKOB MEIIKUX I[eJiel ¢ TIOMOIIbIO TTy0o-
KOW pa3aessieMoil CBEpTKH pa3Mmepa 7 X 7 M MEXaHH3Ma MPOCTpaHCTBEHHOTO BHUMaHuA. AnroputM RLD-YOLO BBoaut
TUHAMIYECKUHA aJanTUBHBIN MOAyab ciusHust DASI ams ontuMu3anuyi MHOTOYPOBHEBOTO B3aUMOACHCTBHSI IIPU3HAKOB
€ TIOMOIIBI0 00y4aeMOro paciupeaeIeHNUs BECOB. DKCIIEPUMEHTAIBHBIC PE3YIbTaThl TOKA3BIBAIOT, UTO YITyUIICHHBIN aIro-
putM obHapyskenus: oobekroB RLD-YOLO, koropsiit o0beaunsier moayian LKAConv, RepConv u DASI, yBennunaer
Ha Habope maHHbIX VisDrone2019-DET 3nauenuss mAP50 u mAP50-95 na 2,02 u 1,17 % coorBerctBeHHO. CKOPOCTH
noctoOpaboTky ontuMusrpoBana Ha 9,09 %. XoTst BpeMs IpeIBapUTEIbHOI 00padOTKN yBEITMUMBACTCS M3-3a ONEPALMH
TI0 YJTyUIICHUIO TIPU3HAKOB, KPUTHIECKHH Tl BHIBOJIA BCE CILE TOICP)KUBACT PeaTbHOE BPeMs BBINOIHEHUS 1,7 Mc/Kap.
Anroputm RLD-YOLO, urarerpupoBannsiii ¢ mogymsimu LKAConv, RepConv u DASI, o4eHp TOAXOAXUT AJIS 331291
00HApYKEHHSI MEITKUX 00ObEKTOB Ha M300PAKEHUSIX OCCITUIIOTHBIX JIETATEITLHBIX 00HEKTOB.

Knroueswvie cnosa: ooHapyxenune menkux 00bektoB; YOLOV11; uzobpaxenus BITJIA; LKAConv.
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Abstract. Unmanned aerial vehicle images are widely used now in many applications. However, these images face
many challenges such as dense distribution of small objects, variable object scales, and inconspicuous edge features, lea-
ding to missed and false object detection. To address these issues, this paper proposes a lightweight enhanced solution
based on the improved YOLOv11n model RLD-YOLO. The algorithm combines RepConv structural reparameterisation
technology, retaining multi-branch feature expression capabilities during training and automatically converting to an ef-
ficient single-branch structure during inference. It designs the LKAConv large kernel attention module to enhance the
feature capture ability of small targets through 7 x 7 depthwise separable convolution and spatial attention mechanism.
It introduces the DASI dynamic adaptive fusion module to optimise multi-scale feature interaction through learnable weight
allocation. Experimental results show that the improved RLD-YOLO object detection algorithm, which integrates LKAConv,
RepConv, and DASI, increases mAP50 and mAP50-95 by 2.02 and 1.17 % respectively on the VisDrone2019-DET dataset.
The post-processing speed is optimised by 9.09 %. Although the pre-processing time increases due to feature enhancement
operations, the critical inference stage still maintains a real-time performance of 1.7 ms/frame. The RLD-YOLO model,
fused with LKAConv, RepConv, and DASI, is very suitable for the task of small object target detection in unmanned
aerial vehicle images.

Keywords: small object detection; YOLOv11; UAV images; LKAConv.

Introduction

With the continuous development of technologies, object detection technology has been widely applied in
many practical fields, such as smart cities [1], precision agriculture [2], and disaster relief [3]. In recent years,
with the rapid development of unmanned aerial vehicle (UAV) technology, its presence in people’s lives has
also increased. Nowadays, UAVs are widely used in traffic patrol, environmental monitoring, maritime search
and rescue, and other fields [4]. However, object detection from a UAV perspective faces unique challenges:
low-light environments such as night [5], fog or dawn, dusk [6], and complex background interference, such
as building shadows, vegetation occlusion [7], which seriously affect the detection accuracy and efficiency of
target objects. With the increasing real-time detection requirements of UAV platforms, UAV object detection
algorithms need higher precision and speed, posing significant challenges to the design and optimisation of
object detection algorithms in low-light scenes from a UAV perspective.

Currently, the YOLO series of models with outstanding performance have been widely used in object detec-
tion tasks in multiple fields [8] (for example, remote sensing target detection [9], intelligent parking [10], etc.).
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However, when performing object detection from a UAV perspective, the maintenance of high detection accu-
racy while keeping the model lightweight has become a research challenge [7]. H. Chen, et al. [11], proposed
an IDOU-YOLO (infrared detection of UAV-YOLO) algorithm model for UAV target detection based on
thermal imaging, which improved the detection accuracy and convergence speed of the model by constructing
a multi-scale fusion feature pyramid mechanism and introducing the bounding box loss function SloU (smooth
intersection over union). The researcher Z. Zhang [12] proposed a multi-scale UAV image target detection al-
gorithm Drone-YOLO based on the YOLOv8 model. This method uses a three-layer path aggregation feature
pyramid network (PAFPN) structure and combines large-scale feature maps with a detection head customised
for small-sized objects, significantly enhancing the algorithm’s ability to detect small-sized targets. Y. Huang,
et al. [13], proposed a real-time detection algorithm for urban low-altitude multi-scale UAV images. It is used
for UAV detection tasks with different image features during the day and night. During the day, the paper pro-
posed a defogging detection structure to solve the detection problem in foggy environments. At night, the paper
proposed a squeeze-and-excitation backbone (SE-backbone) [14] structure and SPD-PAFPN (spatial-to-depth
PAFPN) [15] structure with a feature pyramid network, to obtain effective information from deeper feature maps
for UAV detection in low-resolution images. A. He, et al. [16], proposed an ALSS-YOLO (adaptive lightweight
channel splitting and shutting YOLO model) detection architecture based on the improved YOLOvS8, which
designed an ALSS module that adopts an adaptive channel segmentation strategy to optimise feature extraction
and integrates a channel shuffle mechanism to enhance channel-wise information exchange. It improved the de-
tection accuracy of blurred targets, especially when dealing with blurred and overlapping targets caused by jitter.
S. Liu, et al. [17], proposed the LI-YOLO (low-illumination YOLO model) algorithm by improving YOLOVS,
which proposed a feature enhancement module (FEB) and embedded the FEB into the C2f module at the end of
the backbone network to enhance the algorithm’s feature extraction ability. For the problems of low brightness,
high noise, and blurry details in low-light images, the feature enhancement block and adaptive spatial feature
fusion structure were used to improve the target detection performance in low-light scenes. X. Wu, et al. [18],
proposed solutions from the perspective of deep learning models for three research directions: object detection
in images, object detection in videos, and object tracking in videos. Currently, open datasets have been widely
used for UAV target detection and tracking research, and performance evaluation has been carried out through
four benchmark datasets.

The current mainstream of small target detection methods have the following problems. Firstly, the impact of
dense small targets on object detection: small targets, due to their small size and low pixel ratio, have fewer grid
points on the feature map, leading to inconspicuous recognisable features in the image, limiting the perception
ability of the detection network for these targets, making it difficult for the model to learn enough discrimina-
tive information [19]. Secondly, the impact of complex backgrounds on object detection: images captured by
UAVs usually contain complex backgrounds, such as trees, buildings, and changing terrain. These complex
backgrounds may be similar to the features of small targets, increasing the probability of the model misjudging
the background noise as the target. In addition, the high-speed movement of UAVs may cause image blurring,
further reducing the detection accuracy of small targets [20]. Thirdly, UAV systems usually require detection al-
gorithms to have high real-time performance to quickly respond and execute tasks [21]. However, detecting
small targets usually requires more complex model structures or more computing resources, which conflicts
with the requirement of real-time performance. To maintain real-time performance, some model complexity
may need to be sacrificed, thereby affecting the detection accuracy.

In response to the above problems, this paper proposes an improved YOLOv11n aerial photography light-
weight small target detection algorithm RLD-YOLO (RepConv-LKAConv-DASI-YOLOv11n). The model
designs a reparameterisation convolution (RepConv) structure in the first layer of the backbone, which achie-
ves performance separation in training and deployment stages through multi-branch convolution fusion and
single-branch inference reconstruction technology, reducing the computational load of the first layer while re-
taining feature expression capabilities. To meet the demand for long-distance dependency modelling in complex
scenes, the large kernel attention convolution (LKAConv) module is introduced in the deep feature extraction
link, using a joint decomposition strategy of depthwise convolution and dilated convolution (5 x 5 depthwise
convolution + 7 x 7 dilated rate 3 convolution) to build an equivalent 21 x 21 ultra-large receptive field, com-
bined with spatial attention feature reweighting mechanism, to enhance the model’s ability to capture features
of dense small targets and occluded targets, and improve the detection accuracy of small targets. In complex
environments, background noise often affects the detection of small targets. The DASI (dimension-aware selec-
tive integration) dynamic adaptive interaction unit is deployed in the head feature fusion stage, which achieves
intelligent weight allocation and cross-level detail calibration of multi-scale features through the dual-path
architecture of channel attention and spatial cross-correlation, enhancing the model’s adaptability to dense
targets and scale changes, and effectively suppressing the interference of background noise such as clouds and
vegetation in aerial photography scenes. The RLD-YOLO model, through efficient inference of RepConv, global
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perception of LKAConv, dynamic fusion of DASI, and collaborative optimisation, achieves dual improvements
in precision and speed on the basis of maintaining the detection characteristics of YOLOvV11n, providing an
efficient solution for UAV target detection.

YOLOvV11 model

YOLOvVI11 model (fig. 1) is a new generation of object detection algorithm, launched by company «Ultraly-
tics» in 2023, aiming to further improve the precision and efficiency of the object detection. It has made many
improvements on the basis of YOLOv8' to adapt to a wider range of application scenarios and improve model
performance. YOLOvV11 provides multiple versions of different scales, including YOLOv11n (ultra-lightweight),
YOLOvVI11s (small), YOLOv11m (medium), YOLOv11I (standard), and YOLOv11x (extra-large) to meet different
needs. Compared with previous versions of YOLO, YOLOv11 has made improvements in the following aspects:

1) backbone network. YOLOv11 introduced the C3k2 module [22], replacing the C2f module in YOLOVS.
The C3k2 module uses smaller convolution kernels to improve computational efficiency while maintaining
performance. It retained the spatial pyramid pooling fast (SPPF) [23] module and introduced the cross-stage
partial and spatial attention (C2PSA) module [24], enhancing the spatial attention of feature maps and impro-
ving detection accuracy;

2) neck structure. In the neck structure, YOLOv11 replaced the C2f module with the C3k2 module, improving
the speed and performance of feature aggregation. Through the C2PSA module, it enhanced spatial attention,
enabling the model to focus more effectively key areas in the image and improve the detection accuracy of
small targets and partially occluded targets;

3) head structure. In the head structure, YOLOvI11 used multiple C3k2 modules to process and optimise
feature maps, improving the model’s detection accuracy.
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Fig. 1. YOLOv11 network structure diagram

Jocher G., Chaurasia A., Qiu J. Ultralytics YOLO (version 8.0.0) [Electronic resource]. URL: https://github.com/ultralytics/ultra-
lytics (date of access: 12.01.2025).
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Meanwhile, YOLOv11 model adopted multi-scale training and data augmentation techniques during
training, further improving the model’s generalisation ability and detection accuracy. Compared with its
predecessors, YOLOvI11 model has made significant improvements in inference speed and accuracy. In sum-
mary, YOLOv11 model has made significant progress in the precision and efficiency of object detection
through the introduction of innovative technologies such as the C3k2 module and the C2PSA module. It not
only performs well in models of different scales but also demonstrates strong adaptability and practicality
in various application scenarios.

RLD-YOLO model

This paper takes YOLOv11n as the baseline and targets the small target detection problem in UAV aerial
photography images. YOLOV11n still has high rates of missed and false detections in complex backgrounds,
dense targets, and small target detection. Therefore, an improved model RLD-YOLO based on YOLOv11n is
proposed. The model significantly improves detection accuracy and robustness while maintaining lightweight
characteristics. The specific improvements are as follows:

1) RepConv structural reparameterisation technology. The RepConv module is introduced in the initial
layer and key paths of the backbone. RepConv uses a multi-branch structure during training to enhance feature
expression capabilities and merges into a single 3 % 3 convolution through structural reparameterisation during
inference, reducing computational load;

2) LKAConv large kernel attention module. The LKAConv module is introduced in the backbone and head
parts, combining 7 x 7 depthwise separable convolution with a spatial attention mechanism to expand the re-
ceptive field to 120 x 120 pixels. LKAConv can effectively capture the context information of small targets,
reducing the missed detection rate;

3) DASI dynamic adaptive fusion module. The DASI module is introduced in the neck part, dynamically
adjusting the fusion ratio of multi-scale features through learnable weights. DASI optimises the static fusion
defect of the traditional FPN + PAN structure and enhances the model’s adaptability to dense targets and scale
changes;

4) detection and feature enhancement. The head part retains three detection layers P3, P4, and PS5, and
dynamically fuses multi-scale features through the DASI module to enhance the model’s ability to recognise
targets of different scales;

5) lightweight design and efficiency optimisation. The C3k2 module of YOLOvV11 is retained to reduce model
parameters and computational load. A dynamic data augmentation strategy is adopted to improve the model’s
accuracy for scale changes and occlusions in UAV perspectives.

The improved model network structure is shown in fig. 2.

RepConv. The multi-branch structure of RepConv can capture richer feature patterns during training,
enhancing the model’s discriminative ability for complex backgrounds and small targets. In the RLD-YOLO
model, RepConv is introduced in the initial layer, which is responsible for extracting basic image features such
as edges and textures. Through convolution operations, the input image is convolved with the convolution
kernel using a sliding window calculation to generate feature maps, which are crucial for the construction of
subsequent high-level semantic information. The core idea of RepConv is to use a multi-branch structure
during training to enhance feature expression capabilities and merge the branches into a single convolution
through mathematical equivalence transformations during inference, reducing computational load. During the
inference stage, RepConv merges the above branches into an equivalent 3 X 3 convolution kernel through
structural reparameterisation. This process can be regarded as reparameterising the basic weights, enabling
the new convolution kernel to learn more diverse representations. The computational load is the same as that
of standard convolution, but the feature expression capability is stronger. The principle diagram of RepConv
is shown in fig. 3.

The core idea of RepConv is to enhance the model’s representation capability by establishing connections
between convolution kernel parameters. For example, in the depthwise separable convolution, each convolution
kernel channel focuses only on one channel of the input feature map. RepConv uses refocusing transforma-
tion to enable each convolution kernel channel to focus on the features of other channels, thereby learning
richer representations. This process can be described by the following formula:

W, =T (1, 7,),
where W, is the basic weight; W, is the trainable parameter of the refocusing transformation; 7 is the refocusing

transformation function; I, is the generated new convolution kernel parameter [25].
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LKAConv. LKAConv is a key component of the LKA mechanism, used to implement the decomposition of
large convolution kernels. LKA captures long-range dependencies by decomposing a large convolution kernel
into multiple small convolution kernels and dilated convolutions. This decomposition method not only retains
local structural information but also effectively captures long-range dependencies while maintaining linear
complexity. The principle of large convolution kernels is shown in fig. 4 [26].
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Fig. 4. Decomposition diagram of large kernel convolution

The core formula of LKA is as follows:
Attention = Conv, Xl(DW—D—ConV(DW—ConV(F ))),

Output = Attention ® F,

where F is the input feature map; DW-Conv represents depthwise separable convolution; DW-D-Conv repre-
sents dilated depthwise separable convolution; Conv,, ,represents 1 x 1 convolution; ® represents element-wise
multiplication.

In this study, we introduced LK AConv to enhance the feature extraction capability of the YOLOv11 model,
especially when processing UAV datasets. LKAConv is a new type of convolution module that combines the
advantages of convolution and self-attention mechanisms, effectively capturing long-range dependencies and
local structural information. In our model, the fifth layer adopted LKAConv with parameter settings of 512 in-
put channels, a 3 x 3 convolution kernel, and a dilation rate of two. In addition, the downsampling process was
mainly completed by standard convolution and LKAConv. The features extracted by LKAConv were fused with
the features of the previous layers through concatenation and convolution layers to form rich feature maps. This
fusion method effectively combined multi-scale features, further enhancing the model’s detection performance.

DASI. Since small targets occupy fewer pixels in the image and the background is complex, high-dimensional
features may lose information about small targets during multiple downsampling processes, while low-dimen-
sional features may not provide sufficient contextual information. The DASI module enhances the model’s
ability to capture features of different scales by adaptivel selecting and fusing features of different dimensions,
increasing the saliency of small targets and thus improving detection performance. The main function of the
DASI module is to perform selective fusion of features at different dimensions of the feature map. The principle
diagram is shown in fig. 5.

Dimension-aware selective integration module (DASI)

Low-level
s A
—— |l
H, ! Output
Dy =l [o
@— &
Seo ) o
LSS, Vet
H : &

@ Multiplication @ Addition @ Concate = PWConv + BatchNorm + Relu
High-level

W, C;: Conv (k=1i) B: bilinear interpolation S split
Fig. 5. Detail structure of DASI

Specifically, it aligns high-dimensional and low-dimensional feature maps and achieves feature adaptive
fusion through channel splitting and selective aggregation [27]. This process can be described by the following
formula:
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a=o(u;), ul =ol,+(1-a)h

Fy=[o, sy w3, ], B, =8(B(Conv(E))))

where o represents the sigmoid activation function; u,, /; and 4, represent the i channel segment of the current
layer, low-dimensional, and high-dimensional feature maps respectively; a is the weight calculated from the
current layer’s features, used to control the fusion ratio of low-dimensional and high-dimensional features;
F! is the fused feature map; & and B represent the ReLU (rectified linear unit) activation function and batch
normalisation operation respectively; Conv represents the convolution operation.

Through this design, the DASI module can adaptively select appropriate features for the fusion based on
the size and characteristics of the target, thereby enhancing the model’s ability to detect small targets. In UAV
dataset detection tasks, the DASI module effectively addresses the problems of small target loss and background

interference, significantly improving the model’s detection accuracy and maintaining stable functionality.

Dataset

The experiments are based on the VisDrone2019 [28] UAV object detection dataset, which is a large-scale
UAV perspective dataset obtained by the AISKYEYE team from the machine learning and data mining laboratory
at Tianjin University. The dataset contains 10 209 images with a total of 471 266 annotated targets covering
13 categories (such as pedestrians, cars, trucks, buses, etc.). The validation set contains 38 759 instances, with
small targets (pixel area is less than 32 x 32) accounting for 68.2 %, and dense scenes (more than 100 targets
per image) accounting for 45 %, fully reflecting the detection challenges of UAV perspectives.

Experimental results and analysis

Experimental environment and configuration. The experimental platform is a Windows (version 11)
64-bit operating system, and the experiment is based on the deep learning framework PyTorch (version 2.4.0)
and the corresponding CUDA (version 2.4.1). We used an NVIDIA GeForce RTX 4060 GPU for training, with
the development language Python (version 3.9) and the CUDA (version 12.41). The specific environmental
configuration parameters are shown in table 1. Parameters not provided in this paper use the default parameters
of the official YOLOv11n.

Table 1
Experimental configuration
Parameters Values
epochs: 100
batch: 16
imgsz: 640
device: 0
optimizer: auto
amp: TRUE

Comparison of different attention mechanisms. In the experiments with different attention mechanisms,
EfficientNetv2 is a lightweight attention mechanism [29] widely used in other object detection studies. However,
in this experiment, the EfficientNetv2 model had the shortest post-processing time (0.8 ms), but its accuracy
was significantly lower than other had. EMA is an efficient multi-scale attention module [30] that enhances the
ability to fuse multi-scale features. In this experiment, the EMA module had a longer inference time (1.9 ms),
but its accuracy was higher, suitable for scenarios with low real-time requirements. Squeeze-and-excitation (SE)
channel attention mechanism [31] mainly improves the model’s performance by compressing and exciting the
input features. In this experiment, the SE module had the shortest inference time (1.6 ms), but its accuracy was
low (mAP50 =29.5). Simple attention module (SimAM) is an attention mechanism based on the local self-simi-
larity of feature maps [32]. It dynamically adjusts the weight of each pixel by calculating the similarity between
each pixel and its surrounding pixels in the feature map, thereby enhancing important features and suppressing
irrelevant features. In this experiment, the overall performance of SimAM was not outstanding. StokenAtten-
tion is a method that improves the efficiency of capturing global dependencies by sampling super-tokens from
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visual tokens through sparse associative learning [33], but the improvements were not significant enough.
SwinTransformer is a transformer module based on the window self-attention [34], suitable for long-range
dependency modelling. SwinTransformer had the highest computational load (16.6 GFLOPs), and although
its accuracy was high, its computational complexity limited its deployment on edge devices. RLD-YOLO had
moderate parameter quantity (3.21 mln) and computational load (6.9 GFLOPs), suitable for real-time application
scenarios. RLD-YOLO maintained high accuracy (mAP50 = 30.3) while keeping the inference time the same
as the baseline model (1.7 ms), performing excellently in terms of accuracy, inference time, and computational
efficiency. In summary, the RLD-YOLO model proposed in this paper, through the collaborative design of large
kernel attention, dynamic fusion, and structural reparameterisation, provides an efficient solution for UAV
object detection.

Table 2
Comparison of different attention mechanisms on the VisDrone2019-DET dataset
Model mAP50, % | mAP50-95, % | Inference, ms pgfisgl);;z?fzs Pare;lrnl;ters, GFLOPs
YOLOVI11n (baseline) 29.7 17.1 1.7 1.1 2.58 6.3
YOLOvI In-EfficientNetv2 18.8 ] 10.3 ] 1.9 0.81 2,17 301
YOLOvI1In-EMA _attention 3021 17.1 1.9] 1.2 ] 2.58 6.3
YOLOvVIIn-SE attention 29.5 16.9 1.61 1.2] 2.58 6.3
YOLOvVIIn-SimAM 29.4 16.8 1.8 1.1 2.58 6.3
YOLOvV11n-StokenAttention 29.9 17.0 1.8 1.1 2.85 6.5
YOLOv!11n-SwinTransformer 29.9 1721 1.8 1.2] 291 16.6 |
RLD-YOLO 3031 17.21 1.7 1.0 3.21 6.9

Cross-model comparison experiment. To verify the comprehensive performance of the proposed RLD-
YOLO model in UAV object detection tasks, we compared it with mainstream lightweight versions of the YOLO
series, including YOLOVS [35], YOLOvV6 [36], YOLOvS, YOLOv10 [37], and YOLOv11. Through the expe-
riments, we found that in terms of accuracy, RLD-YOLO achieved an mAP50 of 30.3 %, which is 0.6 % higher
than the baseline YOLOv11n, and 1.2 % higher than YOLOv8n and YOLOvV10n respectively. The mAP50-95
metric (17.2 %) was also the best, indicating stronger performance in complex scenes (such as occlusion,
small targets). The inference time of RLD-YOLO was 1.7 ms, the same as YOLOv11n and YOLOv6n, but the
post-processing time was optimised to 1.0 ms (a 9.1 % reduction compared to YOLOv11n). RLD-YOLO had
a parameter quantity of 3.21 mln and a computational load of 6.9 GFLOPs, significantly lower than YOLOv5n
(11.8 GFLOPs) and YOLOv6n (11.5 GFLOPs). RLD-YOLO achieved the best balance between precision
and efficiency while maintaining real-time performance (1.7 ms/frame) through dynamic fusion and structural
reparameterisation techniques (table 3).

Table 3
Comparison of different models on the VisDrone2019-DET dataset
Speed Inference Postprocess Parameters
Model P, % R, % | mAP50, % | mAP50-95, % | preprocess, s > | per image, mln > | GFLOPs

ms ms
YOLOvV5n 38.7 27.9 273 15.4 0.2 1.7 32 423 11.8
YOLOv6n 36.3 28 27.1 15.6 0.2 1.7 1.3 4.16 11.5
YOLOvV8n 39.8 30.2 29.1 16.5 0.2 2.0 0.6 2.70 8.2
YOLOv10n 40.2 29.9 29.1 16.3 0.2 1.4 33 2.50 7.1
YOLOvl1In 40.2 30.8 29.7 17.1 0.1 1.7 1.1 2.58 6.3
RLD-YOLO | 4157 |31.17 3031 17.2 0.2 1.7 1.0 3.21 6.9
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YOLOv11n comparison experiment. UAVs have high real-time requirements for small target detection
tasks, making lightweight model design very necessary. The goal in designing a lightweight model is to reduce
the model size and computational load while maintaining or improving the model’s detection accuracy as much
as possible. To verify the effectiveness of the proposed modules (LKAConv, RepConv, DASI) for UAV object
detection tasks, we introduced different modules step by step on the YOLOv11n baseline model and designed
the following ablation experiment variants:

1) YOLOv11n. The baseline model is without any improvement modules;

2) YOLOvl11n + LKAConv. The LKAConv large kernel attention module is integrated into the backbone;

3) YOLOv11n + RepConv. The RepConv structural reparameterisation technology is used in the initial layer;

4)YOLOv11n + DASI. The DASI dynamic adaptive fusion module is introduced in the neck part;

5) RLD-YOLO. The combined use of LKAConv, RepConv, and DASI modules.

Table 4
Experimental results for YOLOV11 for VisDrone2019-DET dataset
Model mAP50, % AmAP50, % | mAP50-95, % | Inference, ms | Parameters, mln GFLOPs
YOLOvI1In (baseline) 29.7 - 17.1 1.7 2.58 6.3
YOLOvlIn + LKAConv 30.1 1.357 17.31 2.0 2.64 6.7
YOLOvIIn + RepConv 29.8 0.341 17.1 1.8 2.58 6.3
YOLOvlIn + DASI 29.9 0.67 17 17.0 1.9 3.15 6.5
RLD-YOLO 30.3 2.021 17.27 1.7 3.21 6.9

The LKAConv module improved the accuracy by 1.35 % (29.7 — 30.1), indicating that the large kernel
attention mechanism effectively enhanced the feature extraction capability of small targets. However, the
inference time increased up to 2.0 ms (+17.6 %), and the computational load increased up to 6.7 GFLOPs,
mainly due to the additional overhead of the 7 x 7 depthwise separable convolution. The RepConv mo-
dule had the same parameter quantity as the baseline, with an inference time of 1.8 ms (+5.9 %) and an
mAPS50 improvement of only 0.34 % (29.7 — 29.8), indicating that using RepConv alone had limited ac-
curacy gains and required the synergy with other modules. The DASI module improved mAP50-95 by
0.6 % (17.1 — 17.2), indicating that dynamic weight allocation optimised multi-scale feature interaction.
However, mAP50-95 decreased. After jointly using the three modules, the RLD-YOLO model significantly
improved mAP50 by 2.02 % (29.7 — 30.3), and the inference time returned to the baseline level (1.7 ms),
with the final computational load only increasing up to 6.9 GFLOPs (+9.5 %). The experiment showed that
the synergistic design of LKAConv and RepConv achieved a 2.02 % improvement in mAP50 over the base-
line model while maintaining real-time performance. It is worth noting that introducing the DASI module
alone increased latency, but this negative impact could be completely offset by combining it with structural
reparameterisation technology. In summary, the model proposed in this paper is better suited for small target
detection tasks in UAV images.

Object detection experiments. To demonstrate more intuitively the detection effect of the proposed RLD-
YOLO method, YOLOv11n and RLD-YOLO models were used to detect several different UAV aerial photo-
graphy scenes in the VisDrone2019-DET dataset, and the detection effect comparison is shown in fig. 6.
For small target dense distribution scenes, as it is shown in fig. 6, a, the improved algorithm can detect
smaller targets further away compared to the YOLOv11n algorithm, such as the pedestrians in the upper
right corner of the image. For small target detection in scenes with background interference, as it is shown
in fig. 6, b, the RLD-YOLO algorithm can detect more targets. For dark light scenes, as it is shown in
fig. 6, ¢, RLD-YOLO has a higher accuracy, such as the building on the left side of the road in the lower
left corner of the image, which YOLOv11n detected as a car. For scenes with occluded targets, as it is
shown in fig. 6, d, RLD-YOLO has a higher accuracy, and even if a part of an object is in the shadow
or blocked by a large tree, RLD-YOLO can better detect the type of the object. In scenes with large
scale changes, as it is shown in fig, 6, e, for small targets and very small targets such as bicycles, motor-
cycles, and pedestrians on both sides, the recognition accuracy has been improved to a certain extent.
The YOLOvI11n algorithm has problems of missed and false detections for small targets, while RLD-YOLO
can make up for this problem.
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Fig. 6. Detection effect comparison diagrams in various scenes:
small target-intensive scenarios (a), complex background scenes (b),
dark light scenes (c), target obscured scenes (d), multi-scale target scenarios (e).
The left side is the original image, the middle one is the algorithm detection effect diagram
of YOLOV11n, and the right side is the algorithm detection effect diagram of RLD-YOLO

Conclusions

This paper proposes an improved YOLOV1 1n lightweight small object detection algorithm for UAV images
RLD-YOLO. The core innovation of RLD-YOLO lies in the collaborative design of three modules. Through
RepConv structural reparameterisation technology, the training and inference stages are decoupled, enhancing
feature expression capabilities while maintaining inference efficiency. Through the LKAConv large kernel
attention module’s depthwise separable convolution and spatial attention mechanism, the receptive field is
expanded, significantly enhancing the feature capture ability of small targets. Finally, the DASI dynamic adap-
tive fusion module is introduced, with learnable weights dynamically adjusting the fusion ratio of multi-scale
features, optimising the static fusion defect of traditional FPN, and improving the recall rate in dense scenes.
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Compared with the original YOLOvV11n model, RLD-YOLO has comprehensively outperformed YOLOv11n in
performance. The YOLOv11n model, targeting small target detection in UAV aerial photography images, adap-
tability to dense scenes, and the demand for edge device deployment, has achieved collaborative optimisation of
precision and efficiency through modular innovation design and technological integration. However, the model
still faces some challenges and issues that need to be addressed. Specifically, there are the following problems,
Firstly, the bottleneck of extremely small target detection, with a high missed detection rate for targets smaller
than 16 x 16 pixels, which requires further optimisation through super-resolution preprocessing. Secondly, the
adaptability to complex weather conditions, such as maintaining high detection accuracy in heavy rain and
dense fog scenes. Future work will focus on improving the feature extraction capabilities of the network model
to capture more subtle and distinctive features, in order to improve the classification performance for similar
targets and increase the detection accuracy of extremely small targets, reducing missed detections.
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