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Traffic sign detection based on improved YOLOV3
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Abstract; Aiming at the problems of traffic sign detection such as large number of small targets, difficul-
ty in positioning and low detection accuracy, a traffic sign detection algorithm based on YOLOV3 is pro-
posed. First, to solve the problem of information loss and scale disunity that may occur in the multi-
scale prediction ,the spatial pyramid pooling module is introduced into the network structure to perform
the block pooling operation on three prediction feature maps with different scales, and the output of the
same dimension is extracted,. Secondly, in order to improve the accuracy of small target detection, the
FI module is added to carry out information fusion of the three scale feature maps, and the small target
information contained in the shallow large feature map is added to the deep small feature map. According
to the characteristics of traffic sign dataset, the MSE function is replaced by the TioU improved based on
GIoU as the bounding box loss function, which makes the boundary box regression more accurate, Fi-
nally, k-means++ algorithm is used to perform clustering analysis on the TT100K traffic sign dataset,

new anchors are generated with smaller size. Experimental results show that the proposed algorithm im-
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proves mAP by 11. 1% compared with the original YOLOv3 algorithm, and the detection time of each

image only increases by 6. 6ms, which still meets the real-time detection requirements. Compared with

other advanced algorithms, the proposed algorithm has better detection accuracy and detection speed.
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i, AW —1 GT Hit5—IK; FP(False Posi-
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4.3.1 SEBHWEFEMH ASCH X EL YOLOVS
BAH ] kemeans HRE COCO a5 A4 1 o i ik
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Tab. 1 Experimental results of clustering algorithm

iR AT mAP FERT/ (ms/5K)
k-means 0. 481 22.6
YOLOv3
k-means++ 0. 709 20. 6

M1 ] %0, YOLOV3 i F Ji 46 % 16 A i 32
BRGAS TR I A HAL, mAP HAg 48. 1%, 4%
JE S AR TG A B TR L 25 2 R it ke
Tk S 80k A 2 k. i k-means+ + 41X
223 A R HCHE 4 A B R ST IS ) i SR AE 7
YOLOv3 B AMAT ] 2k 8l 1 15 5L T mAP 7] LA
IR 70. 976, FODRG BE R CHE &, e 2 38 AR R
R 55 23K [R1BF R T390 46 HE i RS B /)N, mf
DB i 1 7 5 B A v /N B A S0 R T R0 iR
R SR 1R 22 R AI T ST 150 0, DRI G A A B g
KRR Ed b T 2. 0 ms, FIBHEE 20. 6
ms , F5 5 2 S 7 R

SRy B G A /N E A S S T A S 56 38 45

0 AE . [R) BB ol R BT A A R T 2 SR AR S DR
YOLOv3 (#5250 25 5 55 H AR R HEA 76 L 52 58 Fl
53HT.
4.3.2 W EBLERE M TEAMFI LA
T % 5 YOLOv3 8%, i 2k pR i GIoU 1y
YOLOv3 & (YOLOv3-G) . 52k sl TloU iy
YOLOv3 83 (YOLOv3-T) , 7F o 45 45 k4 rhojm A
SPP Bt YOLOvV3 83 (YOLOvS-S) , 7F [ 4%
RPN A FI B HL 1) YOLOv3 &3 (YOLOv3-
F) DR A SO H 12 (Ours) 23 3150647 1 5. 1
i AR RS 608 X608 Y 4514 F L 43 JI%T 6 4
BRI AT, SEI0 25 5 W3 2.

S B 2E AT 1, YOLOvV3-G 578 mAP $#2F+
L. 4 Y0 FLARSR PRI o D o 4G D0 3ok 52 , L Pl G T
B 54 20. 8 ms. YOLOv3-T #i# mAP #2 7B i

IRE 74,1 % AH D R B bR 3 A e Y S
KT AT L GloU A g 45 2 58 %5 i 184 in
0. 2 ms., G/ ISR T FIAR R A3 0 I AN 5% e S B AG:
TS0 ELARSIRS BE 2 7B i, PR 6 B TToU AHX
GIoU TE MR IS S [R] st BE 8 4y b 36 7 H AR AE
5 TINHE P HE A I O, A7 T = bR RS B
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Tab. 2 Comparative experimental results

Y mAP FERT/ (ms/56)
YOLOv3 0. 709 20. 6
YOLOv3-G 0.723 20. 8
YOLOv3-T 0. 741 21.0
YOLOv3-S 0. 745 26. 3
YOLOv3-F 0. 762 26.9
Ours 0. 82 27.2

T B 53 S A 1R R e/ T
ORI F 4 15 5 TR UL 05 s A PR
4165416 J5 FRUCHE T I BB E M8 5 3% 1 7 ¢
P, STRLE B 3 TR,

®3 IMRIZBER

Tab. 3 Small scale experimental results

R+ Rl mAP FEMF/ (ms/3K)
YOLOv3 0. 655 12.3
416x416
Ours 0.723 15.6
YOLOv3 0. 709 20. 6
608X608
Ours 0. 82 27.2

M3 AL K A B R 4 /N8 416 <416
Ja » JEAE RS RN Bt Y YOLOvS KRR B2 A7 AT By
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Tab. 4 Comparative experiments of different algorithms

R X7 mAP FERS/ (ms/5K)
YOLOv3 0. 709 20. 6
Faster R-=CNN 0. 715 90.0
608X 608 DSSD 0. 692 61.7
3CHRE30] 0.752 31.9
Ours 0. 82 27.2

H S50 45 2R ] 28 S SR R R R B T B B R 1k
Faster R-CNN ZEX5 E FALT YOLOv3 Bk, H 2
‘B AL RS R R IR 90 ms, AN K SRS
R B SR HUE BY HL B Be A DSSD 7E#UE F L
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— N RUBER 108 X108 () Fl il J2 1 K38 1 3y 11
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MR BRI N 45 88 T AT B 3 AN 250
WO SE AR IR SE A SR T 2 AL T S AR

608X608,10 2. pn 25 . pl2 LI K A 2 5 1 E T
[ ZA mAP UL 5.

RS TREFNZEER

Tab. 5 Different categories’ results

25 BOR ERRP) BRZER mAP
, YOLOv3  0.505 0.711 0. 658
© Ours 0.553 0. 899 0. 846
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m Ours 0.55 0.915 0. 888
YOLOv3  0.262 0. 682 0.35
b1z Ours 0. 407 0. 848 0.718
YOLOv3 0. 445 0. 824 0. 709
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Jylal. H & 3 ARG F R 52T, 40k
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K 15 frs. 28 5 B B 3 2000 mAP #5531
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Fig. 15 P-R curves with different categories
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Fig. 16 Comparison pictures of detection effect
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