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Adaptive perception object detection network based on aerial photography
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(1. School of Information Engineering, Southwest University of Science and Technology, Mianyang 621000, China;
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Abstract: Due to the diverse height and angle of drone shots, the images often have complex backgrounds and mainly
feature small targets. As a result. the performance of detection algorithms for these images is often poor. To address
this issue, this paper presents a vehicle detection method for aerial images using an adaptive perception network. The
goal is to improve the detection of small targets by focusing on two aspects: enhancing the saliency of vehicle features
and improving the preservation of feature information. First, an adaptive perception feature extraction module is
proposed to extract a more efficient feature representation. This module captures long-range dependencies and stronger
geometric feature representations to adaptively model the shape of objects. Second, a dual-branch spatial perception
downsampling module is introduced to mitigate information loss caused by down-sampling and continuous pooling.
This module combines feature maps of different channels to maximize the retention of small target feature information.
Next, the feature fusion network incorporates shallow feature maps with rich spatial information and adds detection
heads to enhance the detection capability of small targets. Finally, a new dynamic regression loss function, DEloU, is
designed. This function includes a penalty term to measure the correlation between the aspect ratio of the ground truth
box and the detection box, further improving the prediction accuracy of the network. Experimental results on the
Visdrone dataset show that the proposed method achieves an average precision (mAP) of 69. 9% and an inference speed
of 99. 26 fps, indicating a good balance between speed and accuracy. Moreover, the proposed method has achieved the
best detection accuracy on the UCAS-AOD dataset and has strong generalization ability.

Keywords: unmanned aerial vehicle (UAV); object detection; adaptive perception feature extraction; feature fusion

network; dual-branch spatial-aware downsampling
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APNet 5 417 323 5 bRAS DU 525 20 17 M s X b, 52 50 S04
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Table 1 Comparison between the different target detection algorithms on the VisDrone dataset

Bk Precision 4 Recall 4 mAP@0. 5 4 Params/M ¥ GFLOPs/G v
Faster RCNN 0. 50 0.53 0.48 136. 77 369. 72
YOLOv3-tiny 0.42 0. 46 0.43 8. 27 12. 90

YOLOv5n 0.62 0.42 0.47 1. 68 4.10
YOLOv5s 0.74 0.52 0. 60 6. 69 15. 80
YOLOv5m 0.78 0.59 0.670 19. 89 47.90
YOLOv7-tiny 0.73 0. 57 0. 64 5. 74 13.00
YOLOv8n 0.71 0. 50 0.57 2.87 8. 20
Gold-YOLO 0.76 0.59 0.663 5. 35 11. 90
RT-DETR 0.78 0. 60 0. 689 42. 80 130. 50
APNet(A30) 0.77 0.61 0.70 6.01 14.70

214 H T AR B ARK AL VisDrone $04E 4 L
BORE BE AT B R IR FE L I 45 R . AR U IR Y Precision.,

Recall #1 mAP {H 4351 0. 78.0. 62 F 0. 70, SHIH K/
A E B9 B % YOLOv3-tiny. YOLOv5s, YOLOv7-tiny.
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136. 77 A YOLOvV5n
¥ YOLOvS5s
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» YOLOv8n
= ¢ Gold-YOLO
2 40 F 2.8 % RT-DETR
g ¢ APNet (A30)
£
20 i I‘J.'X‘J
8.27 <4 e *
of |$x 2.;7 6.69 5745735 6.01
040 045 050 055 060 065 0.70 0.75

mAP@0.5
(a) Params

El 5
Fig. 5

R T HE— 25 5 AR ST A A . 7E UCAS-AOD
Rt 5 A H AR )y Ik AT T LA, RN 2
B KRR R . R 2 AT RIS EE 2], A SO
BB LR APNet i mAP 35 E] T 0. 932, #8313 T H Al )y
. SRR EHES S /) ik RT-DETR M E, AR SCOF
P 0.5% AT IR AE KA I 45 R Oy 1h = A A
FEHER 28 M i 0. 2% IR TR I R HE AL 5 L L
HEZ 8 —1 YOLOvV5s-CSL k7% E 1.4 %,

R 2 7E UCAS-AOD HEE F Hirkh 4 R
Table 2 Detection results on UCAS-AOD dataset
Bk Plane Car mAP@0. 5
Faster RCNN 0. 898 0. 867 0. 886
YOLOv3 0. 871 0. 807 0. 839
YOLOv5s-CSL 0. 898 0. 887 0. 893
YOLOv7tiny 0.984 0. 843 0.913
YOLOv8n 0.978 0. 863 0.92
Gold-YOLO 0. 986 0. 857 0.922
RT-DETR 0. 989 0. 864 0.927
APNet (A30) 0.991 0. 873 0.932

BEAh BRI B FPS 0 o 2 5 2 1 M e e A,
PR B Ao 3 R T ASE TR R A AR B A ik A xR A N B I A%
i, NER 3 AT LUE AR SCHE R B FPS 2 99. 26, RR
M LR & Gold-YOLO™ {5 J&: 76 K MRS BE L HUAS e 47

. 62 .

TR D HUS T i 0K 5, L7 A R0 A 2 M G 0 4 e
Z B EBUAS T ek S, an i 5 FT R, S H0R il GFLOPs
E23 34 6.01 M Al 14. 7 G 5 F R4 80wk 1 A 6 Bt 4
AR/ INTE TR P PR A G B AR R AR R T B A T R A
I HR A R A% T 3 BT M 2 AR 1 o A S ARkt B, fERS R
FEREEMEEREARO R P AN ERET —14
R R T 58 A B AR AH X 55 AT 0 AE TR 5 2 g 1 ] B i
FL R R I 4 B 5 33X FE 4 IE B T A A AN ST A

n Faster RCNN

380 o YOLOV3-tiny
m_ A YOLOV5n
3604 369. 72 v YOLOV5s
T 4 YOLOV5Sm
% 4 YOLOV7-tiny
L %5 » YOLOv8n
o120 ¢ Gold-YOLO
B * RT-DETR
< 9 @ APNet (&)
o 40F
=
&}
20
v
12.9 > 158 13 1?9 1
A 8.
0F 1.1
040 045 050 055 060 065 070 0.75
mAP@0.5
(b) GFLOPS

AR S )RS 2 5 2 80k L GFLOPS BT 1Y
Comparison of mAP@0. 5, Parameters and GFLOPS of different detectors

RT-DERT £ 5kt 5 18 5 4 B A A0 A2 50 7K
P R 5 S 01 SR e A S 4 8 40 5% O
V5 1 5 L L 4 T B B 9 R
W S BR F R

R3 AXFEEEHMAEEEILR
Table 3 Speed comparison of our method with other methods

Bk mAP@0. 5 4 Wi/ (fps) A
Faster RCNN 0.48 13.02
YOLOv3-tiny 0.43 153. 85

YOLOv5n 0. 47 158.10
YOLOv5s 0. 60 147. 06
YOLOv5m 0.67 99.01
YOLOv7-tiny 0. 64 190. 02
YOLOv8n 0.57 120. 48
Gold-YOLO 0.663 226.43
RT-DETR 0. 689 18. 4
APNet (4 30) 0.70 99. 26

2) JH bS5

7 VisDrone $#% 8 1 347 7 Ml S5 56, 56 IF 4% Bl 3k 45
Pt G S SR A AE O . R4 A T THME M
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Table 4 Ablation experiments of APNet on the VisDrone dataset
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C J NG N 0. 742 0. 590 0. 667
D NG N NG N 0. 754 0.615 0. 687
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Fig. 6 Visualization results of false positives in VisDrone dataset
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Fig. 7 Visual results of the VisDrone dataset
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