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A cyclist identification study based on improved SSD
MA Jiafeng, CHEN Lingshan
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Under the background of the fast development of intelligent networked vehicles, target recognition, as a key technology
of intelligent driving, can improve the safety of highway environment. In this paper, SSD algorithm is used to study the cyclist
detection and recognition technology in highway environment. It is found that the small target detection and average recognition
accuracy of SSD algorithm are not ideal. Therefore, by referring to the cross layer link idea of YOLOvV3 algorithm, this paper
introduces FPN structure into the network to improve the recognition effect. The experimental results on TDCB dataset show that the
average detection accuracy and small target detection effect are improved, and the accuracy is improved by about 2.2%. Although the
detection speed is slightly slowed down, it still meets the requirements of practical application and the improved SSD algorithm is of

great significance to improve the safety of cyclists in highway environment.
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Fig. 2 Network structure of SSD algorithm
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Fig. 3 SSD-CLC network model

3 XBRKREERSNT

ARSI IR Ay B RGOS 2 SPlus ZEiC AR
winl0 ¥E RS0, BLAH ] Pytorch 5 #, R H GPU
hnsE 25, AR5 5 NVIDIA 2080Ti, i & % 5256
S5 3 A S BBONIT M e bR AP (P IIA
J#) | Recall (#1015 ) FIA M # B DR ( Detection
Rate)

3.1 HEMZKIZE

B A A N 25 A A1 v i 2 E MR, 4L
P4 0% o it X S A I R ) 25 SR B G EH B AR
F A SCEOI X g R B 42N, B ATE S 55 4 07
SR B E A 55/ | Zead i e | AR Sk FH A 45 4
i TDCB $4a 4R 288 5 i iE A2 K7 Li iy A BA AN

F A VR R T, 2 BEUGR Y) SR B RbR T
S AR A

R A YR IS, 2y 3
SR EY 74K IR A H B bR A, it
I 9145k B F, B 6 Fivbr i H b, 4390 0 5
N ATN BEEFCN Fetai T G f i A S =
BN, HETEREE E AR E SR8 VOC %k
P BE AR T SCHFAE 20T COCO BHE B2 bR T2 SCAA% =X,
VOC B AR XA R xml 4% 2X, T EE 4R
FREESCH N json &3, TDCB a4 I A el &
I, 205 R N AR R SCAA% 20 ORI L
68 xml 483, L REIS B B

SSD-CLC H- ik 7E iR i) TDCB i ds &£ 17 )
i), Bk R B & an &l 4 iR



59 1

Il 4. T SSD BB T 4 GRS 173

900
8001
700} |
600 |

% 5000

= 4001 |
300F
2000

100F  e——

0 10000 20 000 30000 40000 50 000
Steps

4 IR5T IR R 5K o H Hh 2

Fig. 4 Loss function curve after training
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Fig. 6 PR curves of SSD and SSD-CLC experiments
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Tab. 1 Comparison of recognition results between SSD and SSD—

CLC
Bk MRS PRI (AP) PRI R /s
SSD 2914 0.607 0.12

SSD-CLC 2914 0.629 0.14
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