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Abstract: An encoder-decoder-based super resolution network for license plate images was pro-
posed for the lack of key information on license plate images caused by blur, stain, damage, dis-
tortion, and tilt in complex actual scenes and for the recognition difficulty due to low contrast be-
tween the license plate background and characters of new-energy vehicles. Firstly, a license plate
reconstruction generator network based on the encoder-decoder structure is constructed. The tex-
ture and characters of the license plate image are extracted by an encoder, and the license plate
features are reconstructed by a decoder. Then, a discriminator network based on semantic super-

vision is designed, and the adversarial loss and CTC loss are introduced into the network loss to
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enhance the ability of the generator network to represent the semantic features of license plate im-
ages. Finally, the features of the vertex points of the license plate are extracted based on VGG16
network, and a coordinate transformation method is utilized to correct the license plate image and
further improve the reconstruction quality and recognition accuracy. Super-resolution reconstruc-
tion and recognition tests were performed on the self-built XAUAT-Parking dataset and the pub-
lic CCPD dataset with the proposed network. The test results showed that the proposed network
has an average peak signal to noise ratio (PSNR) of 25. 5 dB and a structural similarity (SSIM) of
0. 989 on the CCPD dataset. The PSNR and SSIM on the XAUAT-Parking dataset can reach 26. 6
dB and 0. 997 respectively. According to the research results, the proposed network has a good
super-resolution reconstruction effect of license plate images and a strong robustness to the miss-
ing of key license plate information.

Keywords: license plate image; super resolution; image correction; vggl6 network; encoder-

decoder structure; generative adversarial network
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Fig. 1 Schematic ofwhole network

1.1.1 £MHFERL

P T 2 R AL oAb 1 7R K, 4 R IR 4R
RIS BUSCR 22 i — 20 30T F R A AR
BURAR 2% . T 4R THHL I AR Y 2 R RS A R
BT VGGL6 W 2% 48—l 55 T 5 A Il 19 11
FRE BRI IE W 4%, iz 45 36T VGGL6 1 4 g
R AIE 42 BURE He 5 2 Rt 8 552 745 960 455 e 1 8 4 4 i, 9
KLEFNE 2 Fis

\
— i _Bem
T = mier———— \\ /_\\ | / N
1 ! | ol g :I
| | I
= : e | 5 % S 1)
ﬁ | see | I o Z 7 |—»
~ | I | &L F sl |8 I
| [ | o & :|
___________ // \ . / ; /:
______________________________ - -~ ___-
p EPS I
FRAESRHA B [5yis8, AR

Pl 2 o O [T Y 2 R O T 5% 5 ) 1

Fig. 2 Schematic of license plate correction network based on key point regression
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Fig. 3 Schematic of license plate projection transformation

A X FRoRfi A B AR RN MXN,
W VGG16 4 o3 2 AR UL ) 1 42 R IR 4 A To
AR R Csenosyn I Dsenos,o I Dsos s, Jlsoas
A R AR 4

Sy LR A L AL AT AT 4 4T
R ABGE B 52 A8 S5 6 R AR R R 2 R E R
I:S.:-.l 95;,1 ] \[S./r,z ’5;.2]\[3;.3 95;,3]\[5;.4 55;.4] ’ Ij\"H:E;fE

e A s T 1

Sai my My Mg (S o
{s‘;_[ = [:21 Moy Moy sj,,.] = T{sy,i] (3)

1 31 Msy M 1 1
KT N BB S BRI sm,; N 0 ATE5 51 78
HEFESH

H 20 C3) AT AT AR AR g X A b R R 3 4 2H D e D

ALK AR ¥ S B R T, AT A5 B 48 52 8 4 )5 18
BRI S (AL B AR s, o sh. ] SRR P
J‘/ o MuS. + may sy +omy

my3Sa,i + My38y,i -+ nss

4

Sy =

My S, T Moz Sy, + Ms3
AT A R AT &0 K AR A 5 M E
=AW %

B A R BRI LS 0 AR TR B A
PO R B PR, BT T — il B T AR BORT B ) 2% 11
T T AR oy B TR R 2, T4 ) 448y R T 4 )
i — AR A 1) 2 LA A T 5 RS T o SO i 4
JL ) 530 45 ) 2 3 T 9 O3 2H B o R T AR N BT I 45 1Y
Fe L PG J i 3 o 7 0 265 1) 45 A TR A BT 4 BT

[ oo M2 Se + My Sy, + myy

1.1.2

s el s s g

/
|
o
|
)
|

——

\

i
RO-KHGE7 2

EB-RBT72

T
.

Deconvolution \

N

\¥i
(N

I

I

I

1

/\
-l RN

PR A e ————

SRR Sy—

—
| —

;
:
g
D e e e
R ki A
! B
[
: S@EE. 22, 8.8
i, eEadleAdAs S
P o >pT BT 3
8 @Em%gmém%
&m’ = & = @ 1%} =

P 4 3 T A QR BT 19 5% 194 2 L TR 45 4 T 3 o 2 T 25 7 B R

Fig. 4 Schematic of super resolution reconstruction network for license plate image based on generative adversarial network
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Fig. 6 Results of partial reconstruction of the CCPD dataset
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