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License Plate Recognition Algorithm Based on Improved YOLOvV8 and LPRNet

SONG Jianhui, XIA Bin,ZHAO Yawei,LIU Xiaoyang

( Shenyang Ligong University , Shenyang 110159, China)

Abstract ; Detection and recognition of license plate location is one of the key technologies for im-
plementing intelligent transportation systems. To solve the problems of inaccurate positioning and
low recognition rate in traditional methods,a license plate recognition algorithm based on improved
YOLOV8 and lightweight recognition network LPRNet is proposed. A convolutional block attention
module( CBAM) is added to the YOLOV8 network architecture to improve the accuracy of object
detection through feature fusion. A multi head self attention( MHSA ) mechanism is added to LPR-
Net to enhance the network’ s feature extraction capability. Adversarial training is introduced during
the training phase of the recognition network model to enhance its generalization ability and robust-
ness. Experimental results on the CCPD dataset show that the mean average precision( mAP@0Q. 5)
of our algorithm for license plate detection reaches 98. 7% ,and the accuracy of license plate recognition
reaches 97.21% ,both of which are superior to other mainstream algorithms of the same type.
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Table 1 Experimental environment and

parameters configuration
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Table 2 Experimental results of YOLOVS series

algorithm
(=R7S mAP@O0. 5/% mAP@0.5 ~0.95/%  FPS
YOLOv8n 98. 1 84.6 135
YOLOVS8s 97.5 82.7 123
YOLOvV8m 96. 8 81.6 96
YOLOVS1 95.6 81.2 89
YOLOv8x 96.2 82.3 68
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Table 3 Comparison of indicators between the
algorithm proposed in this paper and mainstream

license plate detection algorithms

Rk mAP@0.5/% mAP@0.5 ~0.95/% FPS
SSD300 87.0 49.5 62
Faster R-CNN 89.3 52.9 15
YOLOV3 77.9 51.2 272
YOLOvSs 95.6 82.4 112
YOLOV7s 92.7 62.3 78
YOLOvV8n 98.1 84.6 135
YOLOv8n + CBAM 98.7 85.2 143
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Table 4 Ablation experimental results of the improved algorithm

SBY1S YOLOvSn CBAM LPRNet Self-Attention MSHA FGM W/ % BUmEE/ms
1 Vv VvV 94.33 110.8
2 2 2 2 95. 62 108.6
3 2 2 v 94. 66 112.5
4 Vv VvV Y 95. 61 119.7
5 vV v vV 94.78 117.5
6 2 VvV % vV 96. 27 125.9
7 2 VvV VvV VvV 97.04 136.5
8 vV v Y Y 95.32 123.6
9 2 2 vV Y 96. 26 124.2
10 vV 2 Y vV 96. 34 127.1
11 VvV VvV 2 2 Vv 96.75 131. 4
12 \ \ 2 % % 97.21 135.7

FHE 4 mT UL 20 1 2 S0 (A 4 iR ) 3Bk
YOLOv8n + LPRNet) f¥ iR 5l #E # & ik 3|
94.33% TR [A] 4 110. 8 ms, 2 0 H 4 4 1) Ji

TP RE X5 U2 1 4RSS 2 A SEIR 45 R AT LLE
@SN CBAM R AL, 5k A SRR i 3 i
o5, U W T 7 ML A 3 i e e o 1 4 ) e i
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Table 5 Comparisons of experimental performance

indicators of mainstream license plate recognition models

Rk MR/ %  BMEE %
YOLOVS5 + LPRNet 9. 62 103.2
YOLOV7 + LPRNet 93.81 116.4
MTCNN + LPRNet 94. 65 213.0

A SCH: 97.21 135.7

REGUEA [F] 37 5 F iR B 45 3, L CCPD %k
Tt B v BB HPE [) 2 S0 B 8 2 | 5 R 2 SR 4
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Table 6 Comparisons of basic network and improved network indicators in complex environments

o FERNE [UEiid=R7S
Hudn 2 \ — ‘ —
HE 2/ % T30 B[] /ms W/ % TR B ]/ ms
B[] 2 90. 74 106.3 93.31 137.6
iR 92. 89 109.9 96. 25 143.1
HRU 93. 46 104. 1 95. 66 131.8
M2 82. 85 108.5 85.63 143.8
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Fig.5 Comparison between the original network and

improved recognition result of the night group
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Fig. 6 Comparison between the original network and the

improved recognition result of the long-distance group
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Fig.7 Comparison between the original network and
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improved recognition result of the snowy group
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Fig.8 Comparison of the original network and improved

(b) BUAE B

recognition result of the fuzzy group
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