ELECTRONIC MEASUREMENT TECHNOLOGY 20214 6 A

DOTI.: 10. 19651/j. enki. emt. 2106129

BT YOLOV3 FUE KT ARl

AN g
(1. bk % BE528ITHESFE LiF 200072; 2. LXK AR FHALKE L% 200072)

B OE: AT AR BRI SR — D EES S BT AN RE 2R TR AR RS THAR
AT P2 B Y X A R AT 45 i ok TR R HIBR R . B SR AR A, 4 YOLOv3 By 2 afl_ B 47 et 48 18 By
BB AT AR Crowd-YOLO 2 BB 0] ILHERR 15 B A B R 2% v, (ff B9 2% [m] B B0 42 BHAE 5 7] DL AE 5 B
AT H2 FHAG 0 44 B 5 48 M0 Ao AT s Rl & 1 3 S A He CTFFAMD % 47 388 3 G v B o0 A0 2s 18] 3 2 0 i A B I 4% o B3 43 D
FAFAY EE 5 R B R B R AR B AL S SR MR (B, R R RS E N EF MG B RS, HHEE AR
R PR A R T AR BT A B3 S B 4 CrowdHuman #E47 U1 2R R IR . LR 25 2L 6 01, B4R 7 ik LR LRk M 2% 46 APy, T8 47 b
T4 3. 7% 4 B B 4 (Recal DIgFR EHEF T 3. 4%, P A SRR B A R B B S M4k T 2. 3% AP W PR fg
Wk, STUEREIE T TR AR AR RN R A .

REW : T AW IR YOLO; A B 7 Big e BE T - R

FE 4 FE S TP391.41;TP332 XERARIREE: A ERIrAEEHFERBE: 520.60

Dense pedestrian detection based on improved YOLOvV3
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Abstract; Pedestrian detection is an important branch in the [ield ol object detection, and pedestrian detection
algorithms have been well developed, but there exists severe occlusion between pedestrians in crowded scenes, which
makes a great challenge [or the detection task. To ellectively alleviate this problem, this paper improves on YOLOv3
and proposes a single-stage dense pedestrian detection algorithm: Crowd-YOLQ, which adds visible [rame labeling
information to the network to assist training, so that the network can predict both [ull-body [rame and visible [rame
information to improve detection performance, proposes a time-[requency domain [used attention module (TFFAM),
which adds [requency-domain channel attention and spatial attention to the network to redistribute [eatures, uses data
correlation upsampling instead ol traditional bilinear interpolation to obtain a richer information representation ol deep
[eature maps. This paper uses the very challenging large crowd scenario dataset CrowdHuman [or training and testing.
The experimental results show that the proposed method improves the AP;, metric by about 3. 7% and the recall metric
by 3.4% over the baseline, with the time-[requency domain [used attention module bringing a 2. 3% AP performance
gain., The experimental results verily the ellectiveness ol the proposed method in crowded scenarios.
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