c024F 6 B

W R X #f 435 F£0H

DOI:10. 19652/j. cnki. femt. 2305844

E F OpenCV 1 YOLOVS I ZEE &GN 5125

OE AT A U AT B O X 4 4 SC e N B R — A A5 A OpenCV BEILANEGHE YOLOVS 55
A A 0 R AR TR AT A T LA B O v . R R U BB B S OO AR L A — il RGB R B N R E L i
it Canny B X B 19 30 Sk 40 B E AT BRI, 98 )5 2 ) 42 38 4R A HE 09 X 38, 01 S5 30 R I 25 45, SR T ROT H7 R $12 USRS X 5
o AT AR 3 R AR S Al /N TR LA R4S B B 4 i B R B R S A R — i S G R AT R R . E AR A
PR 8 TRl & W 4 (convolutional neural network, CNND I B 2% 2] J5 ik ) YOLOvS Bk b AT HAR Bl Ab . SEge 25 R 3R
Y, T B I 0 v i % S 30 ME A 1) 2 LR D L ST R A E R M Lk S L SR 2 Hx O IR B RIS,

FEWR A ELAN S HAR RS 5 OpenCV;Canny H ¥ 3 YOLOVS

mESES: TPIS] SHKFRIRAD A ERREFRSERBD: 520. 2060

Lane detection and recognition based on OpenCV and YOLOVS

Lu Man Zhu Shibo

(College of Electronics and information, Xi'an Polytechnic University, Xi'an 710048, China)

Abstract: In order to quickly and accurately identify the driving area of cars and distinguish lanes, achieving autonomous
driving. This paper proposes a method for lane detection using an object detection and tracking model that combines
visual OpenCV algorithm and improved YOLOv5 algorithm. In the image preprocessing stage, Firstly. read the video
image and convert each frame of RGB image into a grayscale image. secondly, uses the Canny operator to extract the
edge contour of the image, and then combines the masked area of lane lines with edge detection, Using ROI technology
to extract regions of interest. Finally, perform probability Hough transform and least squares fitting to draw the
obtained straight line into the original image, and finally output the processed image for each frame. The target
recognition module adopts convolutional neural network (CNN) deep learning method and YOLOv5 algorithm for target
recognition processing. The experimental results show that the proposed detection algorithm can achieve accurate lane
detection, with much higher real-time and accuracy than traditional algorithms, and this method has good robustness.
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Fig. 2 The module diagram of OpenCV structure
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