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Abstract: In order to solve the problem of license plate detection in complex environment, a novel license plate detection
algorithm using siamese feature pyramid and cascaded positioning is proposed. Firstly, the original features of the images
are extracted by the residual network with the Mish activation function. At the same time, a siamese feature pyramid net-
work (SFPN) is proposed in this paper. The extracted features are sent to the siamese feature pyramid network for multi-
level feature fusion. Then, a region proposal network based on the prior of shape is used to generate the regions of interest.
Finally, the regions of interest are fed to the cascaded positioning network to obtain the license plate location. The experi-
mental results show that the proposed algorithm effectively improves the performance of license plate detection on both
AOLP and CCPD datasets.
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Table 2 Detailed introduction of different datasets in license plate detection experiments
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Table 3 Relevant parameters involved in experiments
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Table 4 Relevant parameters in SFPN
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Fig.5 Comparison of detection results of cascaded positioning network in different stages
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Table 5 Ablation experiments using different improvement strategies on AOLP
R R kS A ] 2% FH Fifitms  HOH/MB

0.5IoU  0.6IoU  0.7IoU  0.5IoU  0.6IoU 0.7IoU  0.5IoU  0.6IoU  0.7IoU
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Fig.6 Comparison of detection results inablation experiments using different improvement strategies
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Table 6 Comparison of different algorithms results

on AOLP-AC
Bk HEfER Hlul R F iy
Sik[27] 0.910 0 0.960 0 0.9343
SiHk[30] 0.9853 0.983 8 0.984 5
CHR[31] 0.926 0 0.968 0 0.946 5
HR[32] 0.9930 0.994 0 0.993 5
RS 1.000 0 0.994 1 0.997 0

#7 AIEIEAE AOLP-LE B 5 45 WL I 45

Table 7 Comparison of different algorithms results

on AOLP-LE
Hik KR Hul R Ff
CHR[27] 0.910 0 0.950 0 0.929 6
SCHR[30] 09775 0.976 2 0.976 8
iR[31] 0.9350 0.9330 0.9339
HR[32] 0.992 0 0.992 0 0.992 0
E SRS 0.994 7 0.988 1 0.991 4

48 AWISLIEAE AOLP-RP Hdis 45 YL Lh 4%

Table  Comparison of different algorithms results

on AOLP-RP
Bk FETRR Hul R F Al
ik[21] 0.988 9 — —
k271 0.9100 0.940 0 0.924 8
SiHR[30] 0.952 8 0.955 8 0.9543
SCHR[31] 0.929 0 0.962 0 0.9452
SHK[32] 0.989 0 0.988 0 0.988 5
VRS 0.995 1 0.993 4 0.994 2
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Table 9 F-measure of different algorithms on

different datasets

s i gE
Bk
AOLP CCPD-Weather CCPD-Blur

Sik[16] 0.9872 0.989 4 0.979 1
SCHR[17] 0.994 7 — —
SCiR[19] 0.989 8 — —
SCHR[20] 0.988 7 0.978 9 0.968 8
Hk[22] 0.9856 0.988 4 0.972 0
SCHR[33] 0.995 0 0.995 6 0.986 5
VRS 0.998 3 0.9967 0.989 1
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Fig.7 Comparison of different algorithms detection effects in various license plate detection scenarios
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