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Precision $2/5 T 3.5%, Recall £/ 1.5%, mAP@0.5 #&
= 3.2%, VLWl AMFS B558 | RPEBEICRE 07, A ALK
K%, H] SPAPF {448 SPPF, Recall £ 5 2.2%),
GFLOPs [%1IX 4.4, {REATEZOCHEANTT, IPRABIRYHE R 5
FE . Wk CS_C2PSA #iHk J5 , Precision 2 & 2.3%,
Recall #2755 1.9%, mAP@0.5 $255 2.0%, V0% Hed
 TARECA R R SUE B AR DT, IEICARAE BT,
WA RNR G . SGFF AHUR TR 216 SUE BAER 2R
NEFP Ry FE 42k, {# Precision #2715 3.9%, mAP@O0.5 2
1 3.4%, WERTT/NEVRE SRR, SRR A

k1 Bt HEA VisDrone2019 #48 & 697K ah 5% 16
Table 1 Ablation experiments of the improved algorithm on the VisDrone2019 dataset
Number YOLOv11s AMFS SPAPF CS_C2PSA SGFF Precision/% Recall/% MAP@0.5/% GFLOPs
1 v X X X X 50.2 38.4 39.6 30.7
2 v \ x X X 53.7 39.9 42.8 325
3 N x v X x 52.3 40.6 41.2 26.3
4 v X X \ X 52.5 40.3 41.6 33.8
5 \ x X x v 54.1 39.5 43.0 31.2
6 N ) ) X x 54.4 42.0 43.4 27.4
7 v ) N \ X 55.0 42.6 43.6 29.7
8 \ \ ) N v 58.3 43.1 46.8 30.8
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¥ AMFS il SPAPF [l i} in AFEZ LAY, mAP@0.5
$EF+T 3.8%, GFLOPs [£fI% 3.3, 1JiH SPAPF X & {44
R B 52 AR E R, IR BE R I SR sk B . 4 AMFS.,
SPAPF il CS_C2PSA 5| A JFi# Y J5 , Recall $2 & T
4.2%, mAP@O.5 # LA il AMFS il SPAPF X 4 5
T 0.2%, HTRBTAIX OCHERAIE A B IAE 7T . ¥ AMFS.,
SPAPF. CS_C2PSA FI SGFF U/ He e 1l 5] B 2R 455 51
YOLOvlls Hr, HEERIAHLL, Precision #£F T 8.1%,
Recall #£ 5 4.7%, mAP@0.5 ¥ K T 7.2%., S 45
FeT, AR SCHE A ek SRk B R AR /N H bR A 0
A8, WGE TSR TIRAV/NBARE LS T 2 HEL
B WIS, UE— I TR ZE R O AL G A B
55 HME

Ry TG i Jre s AR SRR AE 45 25 B AR L ARSI R
A SCHE VisDrone2019 #4438 i i fl 52 56 X He 4%
HrZ5IH mAP@O.5, UW3E 2, Z55%M, &0 Hin

) mAP@O.5 WA $2 71, BEIIBOHERIETEZ N Hbnke
WATSS TP HA RE L, A& Rz eae s, JLHE
T TANUHAT T 8 FARGNAE 55

3.4 XfEEiiE

/B i A AT G o < RPN UL 3 € K N = R R i |
5 SSD. Faster R-CNN, RetinaNet, YOLOvSs, Improved
YOLOv7"", YOLOv8s. YOLOv10s™, YOLOvlls. PP-
YOLOE"", ESO-DETR"™ ., MIS-YOLOVS8"" 7 /i i % |
PENTH RSN G 3 133y T (T O 2 A . e 8 I
[z

U R, 54 B Faster-RCNN F1 RetinaNet
L, AR SCE LR Precision 432 T+ T 9.8% #i1 20.9%,
mAP@0.5 $27F 10.5% F1 16.9%, GFLOPs 4351/ 12.1
M154.8, FPS/pill$m T 5 A5 4 4%, WO,
FeoT I AR SRR . 5 YOLOVSs #H Lk, ASSCR
T:HY Precision 255 T 9.9%, Recall #£/5 6.9%, mAP@0.5

k2 HRREREZ EAM I (12 %)
Table 2 Comparison of accuracy for each category in the ablation experiments (unit: %)

Number Pedestrian People Bicycle Motor Tricycle Awningtricycle Car Van Bus Truck mAP@0.5
1 40.2 30.0 16.8 41.2 25.2 22.8 77.6 45.0 56.1 40.8 39.6
2 43.9 33.8 20.7 443 28.6 26.2 80.5 48.1 58.9 43.7 42.8
3 42.5 31.6 18.6 42.8 27.0 24.4 78.9 46.6 57.4 42.2 41.2
4 42.2 32.2 18.8 43.2 27.4 24.9 79.4 47.1 57.8 42.8 41.6
5 43.9 33.1 20.3 447 28.9 26.1 81.0 48.5 58.9 43.9 43.0
6 44.4 33.8 21.1 45.0 29.4 26.6 81.2 48.8 59.6 46.3 43.7
7 44.6 34.0 21.8 45.2 29.6 26.8 81.6 49.1 59.7 44.8 43.6
8 49.4 39.2 23.0 47.2 324 29.4 86.8 51.7 63.2 459 46.8

4% 3 VisDrone2019 # 4% & »f tb 52 15

Table 3 Comparison experiments on the VisDrone2019 dataset
Model Precision/% Recall/% mMAP@0.5/% mAP@0.5:0.95/% GFLOPs FPS
SSD 45.1 33.2 32.4 15.7 20.5 110
Faster-RCNN 48.5 35.9 36.3 20.5 42.9 25
RetinaNet 37.4 36.0 29.9 18.1 85.6 31
YOLOvVSs 48.4 36.2 38.4 19.7 17.5 122
Improved YOLOv7 56.2 45.4 44.6 26.6 120.1 89
YOLOV8s 48.5 37.8 38.2 213 28.4 126
YOLOv10s 49.4 38.7 38.8 22.4 29.1 133
YOLOv11s 50.2 38.4 39.6 22.9 29.3 138
PP-YOLOE 54.0 41.1 40.2 24.8 15.5 121
ESO-DETR 56.9 42.2 44.7 27.1 58.9 128
MIS-YOLOvV8 56.5 41.3 459 27.8 373 99
Ours 58.3 43.1 46.8 289 30.8 142
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P 8.4%, mAP@0.5:0.95 #£55 9.2%, FPS it 20, 4b
PRV PR, FHEC T ot YOLO 41 1 () YOLOVSs .,
YOLOVI10s 5 YOLOvIls, A 819 mAP@0.5 43l
i 8.6%. 8.0% f1 7.2%, H AE Precision. Recall &
mAP@0.5:0.95 J7 B R FF e S PL e, ixt/h H iR
B snt HA BRI £ M., BIR Improved
YOLOv7 1 Recall B A SCH T 55, mAP@O.5 Ak,
{EASCHE Y GFLOPs AU H: 1/4, FPS il 53, KM
LR R AR . SRR PP-YOLOE #H L,
BT $2 55 1/ Precision 4& & T 4.3%, mAP@0.5 #& Jt+
6.6%, FPS 42w 1 21, S SCRMEERE . STANL
L I ESO-DETR #it, mAP@O0.5 $271 2.1%,
Precision il Recall t 375 & =, XF /) H e AG I 508
F o SRR AT R RSB MIS-YOLOVS fH I,
Precision #£ T+ T 1.8%, FPS i 43, 7E# K B iz
R TR SE e

AN, 8] 8 Fe/n YOLOV1 s I b s 25 £ A ] 5236
FAFRSECT B i B A TR AR AR AT LS . 5K

st LN, 5 YOLOvIIs ML, BlbRmlZe kel v ke
A RERT, SO T LA,

L L RrIR, AR SCEE el i R AE VisDrone2019
K 45 L 0% R I 1 Be B R T LA BT E bR R ) 5
B, RS SR I BE AT RIS, A SGH THRASCR  SE
WP AL AEZ R BARAaill, JUHIE /N HAsta i b
P, ARGERRL . SRR, PR LA
REDR P

ARSI VisDrone2019 #di 4 v “B 48/ NH AR |
“Mrdn 2 RE” i “BE GRS =M A PR AR R
e, KRR MER 4 PV (Faster-RCNN, YOLOv11s,
ESO-DETR. MIS-YOLOVS) 54 SCHE M 4 R 1 7
AR R, A5 9 R, HHIERT UL, 5 YOLOvlls
LG, BCHESRR  AE S HAR R AR G, B
T ¥ £/ Pedestrain Fll Car 285l ; MIS-YOLOvS By 7E
FEARRA T XN BFRIIRNSCR AL, Sy Az A [l R
A SCRIEA BRI T I 8 5 EIEAH L, A
BIRTE =M PSR A Rt Re Y R B A, a5
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Fig. 8 Comparison of evaluation indicators between the improved model and YOLOv11s
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Fig. 9 Comparison test visualisation results. (a) Faster-RCNN; (b) YOLOv11s; (c) ESO-DETR; (d) MIS-YOLOVS; (e) Ours
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Table 4 Comparison experiments on the VisDrone2021 dataset

Model Precision/% Recall/% mMAP@0.5/% mAP@0.5:0.95/% GFLOPs FPS
SSD 43.5 32.2 30.6 13.9 20.5 105
Faster-RCNN 46.1 335 34.7 18.8 42.9 23
RetinaNet 45.8 33.7 33.6 15.9 31.7 31
YOLOvVSs 46.2 34.3 36.1 17.5 15.5 119
Improved YOLOv7 53.8 43.6 41.4 233 16.9 98
YOLOv8s 47.4 36.8 35.9 18.7 28.4 121
YOLOv10s 48.1 35.5 36.4 20.3 29.1 128
YOLOv11s 48.8 36.1 37.9 20.5 29.3 132
PP-YOLOE 52.1 38.7 38.3 22.4 18.5 120
ESO-DETR 54.2 39.0 41.5 25.6 59.0 124
MIS-YOLOv8 53.6 37.9 42.9 26.9 41.1 92
QOurs 55.9 40.8 44.7 28.4 31.4 139
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Semantic-guided and multi-dimensional feature
perception for target detection in UAV
aerial images

Wang Guang, Li Songze’, Li Yingshuo

School of Software, Liaoning University of Engineering and Technology, Huludao, Liaoning 125105, China

Abstract

Objective UAV aerial images have been widely applied in military surveillance, emergency rescue, agricultural monitoring, and other
fields due to their advantages of flexible shooting angles and rich spatial information acquisition. However, target detection in such images
faces prominent challenges: extreme scale variations of targets, dense spatial distribution of small targets, and frequent false or missed
detections caused by complex backgrounds. Additionally, real-time application scenarios impose strict requirements on the inference speed
of detection models, which makes it difficult for existing algorithms to balance detection accuracy and computational efficiency. To
address these issues, this study aims to propose a high-precision and efficient UAV aerial image target detection method, which enhances
the model's ability to perceive multi-scale targets, especially small targets, reduces false and missed detections, and ensures real-time
performance to meet practical application needs.

Methods Based on the YOLOv11s baseline model, this study designs a multi-module collaborative optimization framework, and the
specific technical methods are as follows: First, an Adaptive Multi-dimensional Feature Sampling (AMFS) unit is embedded in the
backbone network. The input feature maps are grouped along the channel dimension, and three parallel paths are used for multi-scale
feature extraction. Adaptive average pooling, depthwise convolution, and spatial attention mechanisms are integrated to realize the adaptive
synergy fusion of local details and global contextual information, which makes up for the limitation of fixed convolution receptive fields
and enhances the feature extraction ability for small targets. Second, a Spatial Pyramid Adaptive Pooling Fusion (SPAPF) layer is
constructed to replace the traditional SPPF module. This layer combines smoothed approximate average pooling and smoothed
approximate maximum pooling through learnable weight masks. It not only retains structural details and texture information of targets but
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also reduces redundant computations, thus accelerating the model's inference speed while maintaining lightweight characteristics. Third, a
Cross-Spatial Contextual Parallel Self-Attention (CS_C2PSA) module is proposed. It introduces cross-spatial multi-head self-attention
(CSL-MHSA) and phased residual connection structures. By associating local and global receptive fields through 1x1 and 3x3
convolutions, and integrating vertical and horizontal spatial position information, the module strengthens the model's global contextual
perception ability, alleviates the confusion between small targets and backgrounds or adjacent targets, and improves the false detection
problem. Finally, a Semantic-guided Feature Fusion (SGFF) module and a dedicated Small Object Detection (SOD Detect) head are
designed. The SGFF module adopts a cross-layer feature alignment strategy and sub-pixel convolution technology. It uses the SE channel
attention mechanism to enhance the expression of deep semantic information in shallow features, realizes the efficient fusion of shallow
detail features and deep semantic features, and generates high-resolution feature maps with rich semantics for the SOD_Detect head, which
significantly improves the positioning and classification accuracy of small targets. The model is trained and tested on VisDrone2019 and
VisDrone2021 datasets, with batch size set to 16 and epochs to 200. The experimental environment is Windows 10 operating system,
NVIDIA GeForce RTX 3090 GPU, PyTorch 1.10.1 + CUDA 11.1 deep learning framework, and Python 3.8 programming language.

Results and Discussions Ablation experiments on the VisDrone2019 dataset show that each improved module plays a positive role in
performance enhancement: The AMFS unit increases the mAP@0.5 by 3.2%, the SPAPF layer reduces the GFLOPs by 4.4 while
improving the Recall by 2.2%, the CS_C2PSA module increases the Precision by 2.3% and the mAP@0.5 by 2.0%, and the SGFF module
improves the Precision by 3.9% and the mAP@0.5 by 3.4%. When all four modules are integrated, the model's Precision reaches 58.3%,
Recall 43.1%, and mAP@0.5 46.8%, which are 8.1%, 4.7%, and 7.2% higher than those of the baseline YOLOv11s, respectively, and the
GFLOPs are maintained at 30.8, ensuring computational efficiency. Comparative experiments with 11 mainstream algorithms (including
SSD, Faster-RCNN, YOLOvVS5s, YOLOv11s, etc.) on VisDrone2019 and VisDrone2021 datasets show that the proposed method achieves
mAP@0.5 of 46.8% and 44.7% on the two datasets, respectively, which are 7.2% and 6.5% higher than the baseline model. Compared with
the latest YOLOv10s and YOLOVSs, the mAP@0.5 is increased by 8.0% and 8.6% respectively on VisDrone2019 dataset. Compared with
the UAV-specific detection algorithm ESO-DETR, the mAP@0.5 is improved by 2.1%, and the FPS is increased by 14. Even compared
with the lightweight model PP-YOLOE, the proposed method still has advantages in both accuracy and speed, with Precision increased by
4.3% and FPS increased by 21. Visualization results of challenging scenarios such as dense small targets, aerial multi-scale, and low-light
occlusion show that the proposed method effectively reduces false and missed detections, and has better detection performance for dense
small targets than algorithms such as MIS-YOLOvVS. However, there is still room for improvement in the distinction between Pedestrian
and People categories in extremely dense scenarios, which is a direction for subsequent optimization.

Conclusions This study proposes a UAV aerial image target detection method based on semantic guidance and multi-dimensional feature
perception. Through the collaborative optimization of AMFS, SPAPF, CS_C2PSA, and SGFF modules, the method effectively solves the
key problems of large target scale variation, dense small target distribution, and high false and missed detection rates in complex
backgrounds in UAV aerial image target detection. Experimental results on public datasets verify that the proposed method significantly
improves the detection accuracy while maintaining efficient computational performance, and has excellent generalization ability and
robustness. It provides a reliable technical solution for high-precision and real-time target detection in UAV aerial imagery. In future
research, we will further optimize the module structure to enhance the model's ability to distinguish similar target categories in extremely
dense scenarios, and explore the application of the method in more complex environments such as severe weather and heavy occlusion to
expand its practical application scope.
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