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Research on traffic sign detection algorithm based on SC-YOLOVS

Yan Shiyang Luo Suyun

(College of Mechanical and Automotive Engineering,Shanghai University of Engineering and Technology,Shanghai 201600, China)
Abstract: In order to solve the problems of low accuracy and large number of parameters in traffic sign detection, this
paper proposes an improved SC-YOLOVS traffic sign detection algorithm based on YOLOvS8s. This algorithm uses the
downsampling Adown module to replace the ordinary downsampling Conv, improving the model’s perception ability of
the target; replace the Bottleneck in C2f with the SCConv module and design a brand new C2{-SC module, significantly
reducing model parameters; adding a 160 X 160 scale detection head and removing a 20 X 20 scale detection head,
effectively improving detection accuracy; finally, the idea of using WIoU loss function is used to improve MPDIoU,
replacing the original CloU loss function with Wise-MPDIoU, alleviating the problem of imbalanced positive and
negative samples. The algorithm was validated on the TT100K traffic sign dataset, and compared with the original

model YOLOvSs, the accuracy P increased by 4. 8% , the recall R increased by 6. 7% , the mAP50 increased by 6. 6% ,

and the parameter count Params decreased by 61.5%. Proved the effectiveness of the improvements made.
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Fig. 3 Adown module replacement structure
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Fig. 4 C2f_SC module replacement structure
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BdE 6 598 5k IR IEAE R 1 889 ik L IR 4 H g 970 5K,
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ARG IERVER G 64 i Windows10 £V ki, GPU
4 NVIDIA 4090, 4m #2175 & Python3. 8. f# IR 2% > HE
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Table 1 Training parameter configuration
SHAW i & E e fic &
epochs 120 optimizer SGD
bachsize 32 momentum 0.937
workers 8 close_mosaic 10
imgsz 640 1r0 0. 01

3.2 BKEHITLIRLE

T IR 2k BB Wise-MPDIoU B ZCHE ¥ Wise
MPDIoU 5 GIoU"™ . CloU, MPDIoU FI FocalerloU 7 J5
YOLOv8s [HAth 1 dE A7 T XF He 8256, A 5256 i mAP50
BN BZIPASFE AR LUK 1R P 3 R R SR AR U453 2% oA
Bk g L R R BT L 25 AR 2 IR,

K2 MEERYIILER

Table 2 Comparison results of loss functions

51 9% bR KL p R mAP50
GloU 82.6 72.0 80. 7
CIoU(J5t YOLOvSs) 82.1 71. 6 80. 2
MPDIoU 84.8 68. 8 80. 2
FocalerloU 81.5 71.5 80.5
Wise-MPDIoU 84.6 72.2 81.8

M3k 2 SCUe 25 R AT, AERE o R P 7 I, K PR AR
MPDIoU i F5 —, A& 3R ) Wise-MPDIoU 5 It #H
AU 0. 02% , 5 EMT YOLOvSs AHILIZ 8 T 2. 5% 768
[l 2 R J7ifi » Wise-MPDIoU i 2k bR %5 3 30 35 4, 3¢ JAt A 78
T T 0. 6% 75 F ¥R EE mAP50 J7 1 , Wise-MPDIoU
AE T AE A R R R T 1 1. 696 . B H A 46 2k pR 30O 4 42 5
T 1.33%. M EIRATAL X PR R P X R8RS
Wise-MPDIoU {1k T MPDIoU, {H H % [k i 3% P 7] f
BOEREA Y 50 . AN BE R WA R N R B T 4R B
M. £ mAP50 F ¥ K B Jr 1, WiseMPDIoU @& F
MPDIoU,mAP50 [R] A% & T # # R f1 7 0] 3, 32 1L T %
RUAEAS ) 05 B2 B N 28 6 2R B, 7T L B 4 1T ) DA A5
R BE. Z5 & VEAN . A SCRT o #E 9 B 2K bR AL Wise-
MPDIoU £l F H b5t 2 o 45, GE 8% 47 30 1 $2 155 52 38 s 7 19
LORIURGRT (e
3.3 HEhZI

SRR AR SO I A R A B, SC-YOLOVS 5 #1
7 TT100K H4i4E il TO~@M a5, Kb OF%
RIEREA] YOLOvSs, @~ ©37s 5T J AR A4 i) s 2t A
20 At , DR AR ST AR, Y Al S B S5 R AR 3 PR .

e 121 »



W47 % woF oo # H R
x3 HEMIWLER
Table 3 Results of ablation experiment

[ ADown Wise_ MPDIOU /NBFRE C2f_SCConv P R mAP50 Params
@ - — — — 82.1 71.6 80. 2 11.14
©) N — — — 82.7 70.1 80. 4 9.49
©) — N — — 84. 6 72.2 81.8 11.14
@ N/ — N — 84.0 78.3 85.5 3.91
® NG N N — 84. 4 79.6 86. 0 4. 68
©) - N N J 86. 0 78.3 86. 2 4.31
©) N/ N N N/ 86.9 78.3 86. 8 4,29

ST F B, A SC Y SC-YOLOvS B 547 @A L 7E
ZHiE Params J5 H R W E 2, (B E mAPS0 & T
L3% AEWR P @ T 2. 9% s AR SCBLA SRR @A L /e A
MR J5 i A 22, [EAS R T 2.5%., F 8 &
mAP50 & T 0. 8% s A SCBIRIAH LE F IR RS 8 % P 12T
T 4. 8%, AERETT 6. 7%, F¥IKE mAP50 27 T
6.6% .28 Params N T 61.5%. Zi4& P . SC-
YOLOVS B /e 46 0 AF B A2 5 7 h 3R A5 7 46 % A &L
B T L ARG (R B T AR SR 1 A kb
3.4 EEFLbxE

9T BAE S FE Y SC-YOLOvVS 78 38 18 A7 b A I 4 v
R P M M. AR Sk B YOLOvSm, YOLOv7-tiny .
YOLOvS8s A4 fif f 75 B % (YOLOv5s-Ghost , CGS-Ghost
YOLO.,Ghost-YOLOvV®) 5 ¥t BB IE#HATXF L, M T4
IO 75 B0 6 SO 4 b %) 3k DA B B 85 T AR Dy TRV BT
TR BUKG BT A B0 AR A TR Y 45 1 T AT 5258, LR
SCIR YA TEME . SRR LS B AE R AN SR 4 iR

R4 HEMNLKIBER

Table 4 Algorithm comparison experimental results

Al P R mAP50 Params
YOLOv5m 71.5  74.6  70.2  21.27
YOLOv7-tiny 76.5 69.8  77.1 6. 20
YOLOv8s 82.1 71.6  80.2 11. 14
YOLOv5s-Ghost™™  65.0 54.0  59.3 5. 00
CGS-Ghost YOLO"™  82.4  61.4  68.0 16. 60
Ghost-YOLOv8™ 71.7  66.7  71.9 6.10
SC-YOLOv8(AI)  86.9 78.3  86.8 4.29

ST 4E R R Y] SC-YOLOVS 78 TTI100K ¥4k &
HOT SRS R A S B G AR B E LR T R
75 T, B A AR TR S 3 B T 12, 03 % 5 7 A 8] R I, K
L ABAR IS4 5 11, 95205 76 P ¥R B mAPS0 Jr T , 8%
F AW AR RS 24 B8 15, 68 %6 5 fE S 808 Params 71 . 5 H:
PSSP 24 i 48. 36 %6, SEEGIFE B Tk B 1 A E T R
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MSHCE LA T A B AL BRI — 5 1Y
e,

T B EAS SO B SC-YOLOVS 1 3 T 1 L 7
CCTSDB ( Chinese comprehensive traffic sign detection
benchmark) % ¥ ££°°) #1 TSDD (traffic sign detection
datase) R 4R ST B XS IR UE, OFRRFEE %
YOLOv8s. @ FR/RALCU MR 2T RERWE S
JT7R

RS ZUXELER

Table 5 Generalization experiment results

Kol 4 CCTSDB TSDD
1Y @ @ @ ©)
P 73.5 79.6 85.7 88. 4
R 61. 3 72.4 78.3 82.8
mAP50 67.9 78.1 87.1 90. 2
Params  11.14 4.29 11. 14 4.29

ST aE e W], fE £k HE 4 CCTSDB #1 TSDD |, A& 3¢
B SC-YOLOVS fER B 2 P [ 3 R - 300 &
mAP50 DL K& S8 i 4 R AR YOLOvVSs (55 . A
JIHUE B T Bk SRR A A
3.5 WG RTHMATEE

TR B AR SR ek )R S B R s R R R
YOLOv8s Bk (A2 ) 5 2% Scue k8 ik Cf BD g T 5%
RVEH R MG AT A f b A7 794 % L, 55 0 A6 0 %f
e & 7 Bras 35 KA DX e an &l 8 r 7 o R B A 0 X EE
& 9 iR,

i 2 Fh IR 35 T (9 BT R0 A6 X L B RT T, JR YOLOvSs
BAEE RS H R E AT R F A SCUGHE B, E R %
WP EERBTREREN., 8T T, s % SC-
YOLOv8 A RN ME T 5 55 3k A7 7 19 28 38 bk 35 I A 15
O, B A B 5 T g A TR AR T
B A
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