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Abstract

Aiming at the problem of vehicle detection in UAV remote sensing images, this paper improves the
loss function of YOLOV5 algorithm, which only uses the length-width ratio of the bounding box and
cannot reflect the real difference between the width and height of the bounding box and its confi-
dence. It eliminates the problem of slow convergence caused by the failure to reflect the real dif-
ference in width and height, and uses the improved YOLOv5 algorithm for training and detection.
The effectiveness of the algorithm for vehicle detection in UAV aerial images is verified.
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fH(M 0.5 £]0.95, £ 0.05) L1°FH mAP. &5 a1 1 fos.

7 1 nTLUE A YOLOVS Hikii kg% H CIOU it A EIOU J5 mAP@O0.5 fE 4R A [FIFE
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Table 1. Experience result comparison
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Figure 1. P-R Curve comparison of YOLOV5s, m, I-CIOU and YOLOv5s, m, I-EIOU model
1. YOLOv5s, m, I-CIOU 5 YOLOv5s, m. I-EIOU =#h#&#! P-R gh&kXttl
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EIOU 4515k R K RE NS B0 4 Hh s ik H FME 55 BHE 98 LR P2 22, I 1 WG v 1 IRl VTR 2

(C) | 1L kol &5 SR X Lb
Figure 2. Vehicle detection result comparison YOLOV5s, m, I-CIOU and YOLOv5s, m, I-EIOU model
2. YOLOV5s, m, I-CIOU 5 YOLOv5s, m. I-EIOU ZEifi#eiMsE R xttl
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