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Abstract

address the issue that the existing object detection network based on horizontal view images has a high false-positive rate

A target detection algorithm for aerial images based on an improved attention mechanism is suggested to

and a high miss rate in aerial images. First, a trident channel and spatial attention module that extracts multi-mode and
multi-scale characteristic map data of three-branch pooling layers and three-branch dilated convolution layers is added at the
output of the Faster R-CNN backbone network so as to compress the data, thereby redistributing the weight of feature
channels and spatial pixel regions. Second, a double-head detection mechanism is employed for the classification of the
objects and bounding box regression in the aerial image to fully utilize the semantic and spatial location information. The
suggested algorithm is further assessed on relevant datasets and contrasted with other object detection algorithms. The
results indicate a significant enhancement of the mean average precision of the suggest algorithm, leading to better target

detection for unmanned aerial vehicle images in various scenes.
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Table 1 Detection results on VisDrone dataset unit: %
Model Tri-CSAM DH AP” AP” AP, AP, AP, mAP
Baseline 40.12 23.52 9.23 35. 66 44.42 23.22
Gl NG 41.16 24.81 10.61 36.48 44.89 24.29
G2 N 42.03 25.27 10. 33 36.71 45.25 24.35
Proposed model N N, 42.91 25. 74 11. 25 36. 82 44.97 25.63
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Table 2 Detection results on UAVDT dataset unit: %
Model Tri-CSAM DH AP AP” AP APy, AP, mAP
Baseline 42.31 26.61 10. 08 35.78 48.69 24.65
G1 N 45. 87 29.79 12.58 40. 36 50.93 27.76
G2 N 44.91 29. 26 11.98 39. 88 51. 36 27.02
Proposed model NG N/ 46. 39 30.02 12.46 42.26 51.73 29.16
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Fig. 8 P-R curves under different ToU thresholds. (a) IoU is 0.50; (b) ToU is 0.75; (¢) IoU is 0.90
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Fig. 9 Visualization results of network heat map. (a) Small target pedestrian scene of 45° aerial view; (b) medium target vehicles scene

of 45° aerial view; (c) small target vehicles scene of 90° aerial view
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Fig. 10  Visualization results of aerial image detection. (a) Normal light scene; (b) week light scene; (c) strong light scene
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Table 3 Performance comparison of different algorithms

Model mAP/  AP*/ AP/ Speed /
% % % (frame-s ")
Faster R-CNN 23.22 40.12 23.52 19
Mask R-CNN 24.16 41.16 23.87 11
Cascade R-CNN  16. 09 31.91 15.01 13
YOLOv3 19.83 38.23 20.63 30
DPN 25.09 50.01 21.83
TridentNet 22.51 43.29 20. 50
CornerNet 17.41 34.12 15.78 16
LResNet 22.32 39.63 23.17
Proposed model ~ 25.63 42.91 25.74 17
4 45 18

Bt X G LA P 50 I s R 0 A R s A 3% o
R TR) AL, 388 Y — ol i R v B L R B A A R
H A 53k o — 5 i, M)A [ £k 2 Je e pi X
5 R DU bR I TEAE 52 T 45 R 3 38 1 2
SR XX RE T 53— J7 T, R ks BUR B RO (R
BRI HAR KR K AE . S IR, 51K A6
B, 52 B0 FAR 23 2 ML B [m] U5 A9 5 A i o SR 2
REW], 5 AL A L, BT S B R A mAP 75 2] TR
RIFETE o B SR ] DUAT 254 THRFE 18] A H AR A
=, A HARTE AE B A [ B4R R, Bk A
BLATHA BB DA 88 A L AR i B RO R A R R
JIt S EUAY H bR R R R R A A ) TR . R AE =X
WL S Mg i b Al SR DL E T
SEEAE B2 RO AR AR BU R HEIn T —E 2 R
O N S DR B Wl o AR 1 o o N o A U B
JRE P9 Ll 1 B TG AT 9 PR
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