Artificial Intelligence and Robotics Research A\ T 88 51188 ABF 5T, 2023, 12(3), 246-254 Hans Y
Published Online August 2023 in Hans. https://www.hanspub.org/journal/airr
https://doi.org/10.12677/airr.2023.123028

ETFYOLOVSHIZZIRIES KT IR A

REX, T &Y
ME MR, 5T, 2B 1EM
PR, BT EEELEYN, L

ks H . 20234F7H14H; FHBEM: 20234F8A17H; KA HM: 20234F8H28H

H E

ZBEESTHRIN FHBERRGREREEN, W UEMROFHARETERE. ACRET
ZEFYOLOVSHIZBRE ST IRERANFE, ZHECEEBEMME. BAKI%. BRAGRNRE=A
FERS. BE BEMEATFHZERSSTEEERITIRE, 5 HYOLOVSHE AR HIEEHATII
%, BHEBEMER., B)E, FEELERGRFIHIGFRERLET TN, BRTERAERNER. &
RIS, RATRIYOLOVSII &G MIERI Rt 7, TERIERERER TRERIERE, &rT g
Y B PRI AN RST B SRR, MmiRsE TR FERENNE . B R RGP A%
FER B IS A W E ks G ST e REGE ST, BREERERT LHEIReTIR
Tt HETRIRS FEUEX T388E 54T KB A R BAATEE ST BB TARRR, AX&F
MARTIBIT LA RE R T HSFEMH SRR, BT YOLOVSEIETER A S HHIFEN FEREH K
& BEW D TR, B SER 45 RR B, 5020045 5 B E mAP50-95(FiX 2] T 82.6%, FPSIAZ| 1 27.2
Y=Y R

X §Ei7]
YOLOVS, Z@EEST, HMEIZ, Hiskal

Traffic Signals Recognition Based on
YOLOvS8

Enxing Zhao?, Chao Wang?!2

'School of Informatics and Engineering, Suzhou University, Suzhou Anhui
’School of Electronics and Information Engineering, Tongji University, Shanghai

Received: Jul. 14", 2023; accepted: Aug. 17", 2023; published: Aug. 28", 2023

Abstract

The recognition of traffic lights is crucial for driver assistance systems, which can help reduce acci-
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dents and improve driving safety. This paper proposes a traffic light sign recognition method based
on YOLOvS, which includes three main parts: data set construction, model training and natural scene
testing. First, the traffic light data set disclosed through the network was annotated, the YOLOv8 al-
gorithm framework was used to train the data set, and the optimal model was obtained. Finally, the
trained model is tested in a real road scene, and the results are more accurate. Through experimen-
tal comparison, we found that the model trained by YOLOv8 has excellent performance, improves
detection speed while ensuring accuracy, and can also solve problems such as partial occlusion of
the target and small-size target detection, thus improving the accuracy and efficiency of recognition.
The application of this method in the auxiliary driving system can judge the arrow directional signal
light and the full-screen signal light more accurately, and help to improve the safety and stability of
the vehicle on the road. Most of the current methods only judge and identify the color of traffic lights
and the overall position of traffic lights. This paper will further refine the classification and recogni-
tion of various direction sign colors on traffic lights. The YOLOv8 algorithm can greatly reduce com-
puting resources while reducing parameters. Experimental results show that after 200 iterations,
the model achieves a mAP50-95 of 82.6% and an FPS of 27.2 frames per millisecond.

Keywords

YOLOvS8, Traffic Signals, Model Training, Pattern Recognition

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|

BEEVR G D PRE R 8, B3 SRS CN T ARRIREAT IR R T m s . f£520E 5)
BIPERE L, BT E ST bR R R EE RSB, E R A8 e A g IE AT AL B A
BRIER . XT BB AR UL, IR T A @ bR £ DA AT — T4

H A V2 DU 6 2885 5 AT IR B I 7515, 5 2 TR 2% 2] i Opency {22 I8 KT 1A S0 72, )
FH Opencv $2H H b5 A8 @8 AT 1 X 38, 4 & ME 2 SISt i RGB 23 [ #5431 HSV 23 [H][1]. /£ HSV
AN, DG G SERME GRS, kA TR BT AR AT A R K SR H
T T B N 1 A8 50T 2R B 79k [2] [3] [4], X TR 746 YOLOVS 5032, @it oA fE 2
B, VRBRAAE R A 7 SN R BE . RAGHR R B BRI T S5 ST IR RO, s A 2 TR B 2 S 28 i A5
SITRBISEIES] [6] [7], $2Hi T DA-FasterR-CNN [8]5L720] i 128 X gk b (S e AT HEAT AR, A FH e
1) ResNext [91/ 24 E AKX VGG [10]1E A I 24 & T A2 i #H 22 W 28 1R JE RFAIE J2 0 4 9 5 B4R B RE 77, ST
FRIERR AR, W TR I 2% iy H () 7 A AS (5] ROBESRRAE 2 (15 B AT Rl DL AR — /N BT i) s 40 SUFF
fEZ, $em 7T/ HARRIR I PERE . BHEMAEH T 5T YOLOVS [11]5025 4% s FE A8 I8 (5 5 4T A
BTN, FFEE RHT YOLOVS [12]45 H 0 AH [RIACR S b AT VI ZRVTAL ,  DASEIIBE PR 2R 40 & 3ol
DAKCE AR (RS RURE T, DR A 2R ] AT [ P9 M R4 22 3 S I A ol s 0, sl 1 o, i R INIE
FRIGE, R ERERZEE ST, &5 B R ARSI R R 5 0 B A, BT AR A
HETEN R, AHZAE T 7o B TR R SRS, Kl E ST SRR FE 2 SRS,
HATHIEILE, SAHEEE . EWE A LA S IBE B, DI AT B SR AR g B

][l

DOI: 10.12677/airr.2023.123028 247 PNER ST IR YN


https://doi.org/10.12677/airr.2023.123028
http://creativecommons.org/licenses/by/4.0/

BB, Tl

Figure 1. Traffic light recognition
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Figure 2. YOLOV8 architecture
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Figure 3. Dataset example
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Figure 4. Number, size and center point distribution of labels
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Figure 5. Precision-confidence curve
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Figure 6. Recall-confidence curve
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Figure 7. Confusion matrix
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Figure 9. Example of web-side inference
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