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Abstract: Objective In complex open scenarios with diverse license plate layouts, backgrounds and character lengths,
existing license plate recognition models generally have insufficient general adaptability and cannot balance recognition
accuracy and real-time speed.Severe shortage of samples for two-row structured, complex-background and variable-length
character license plates further hinders the development of general-purpose license plate recognition research. To solve
these problems, this paper proposes a wide-range license plate recognition network PL-TransLLPRNet based on a lightweight

parallel encoder-decoder architecture, and a multi-type license plate data generation scheme with a redundancy recycling
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strategy. Method TransLPRNet is composed of a lightweight visual encoder, a modal adapter and a parallel decoder based

on learnable query tokens. In the lightweight visual encoder, two-stage cascaded high-channel downsampling-free inverted
residual modules combined with full residual connections are adopted. Features from initial downsampling convolution are
stacked layer-by-layer with two-stage enhanced features to achieve efficient extraction and aggregation of three-level progres-

sive multi-scale features of license plate characters. On this basis, a third-stage downsampling inverted residual module is

introduced, and a residual branch based on max-pooling is embedded to make up for the loss of key stroke information

caused by downsampling. The extracted features are then input into a refined lightweight MobileViT module. Parallel

grouped Transformer layers realize parallel interactive modeling of local and global features, which are aggregated by an

adapter and then sent to a parallel Transformer decoder. This decoder abandons traditional autoregressive sequence depen-

dency and adopts a one-step parallel decoding strategy with two cascaded decoding layers. In the first layer, learnable pat-

tern query vectors and position query vectors are used to construct query tokens; through self-attention and cross-attention

coarse matching results are obtained. In the second layer, the coarse results are refined via self-attention for error correc-

tion and then cross-attention for fine matching, followed by a feed-forward network and a linear classifier to output class

probability distributions for each character position in a batch decoding manner. Thus, the decoder adaptively identifies

various license plates with variable layouts and character lengths
. oy i

Aiming at the scarcity of two-row license plate data, a
redundancy recycling strategy is proposed. Easily recognizable license plates from single-row test datasets are recycled as
redundant samples. Virtual target license plates are programmatically generated and geometrically fitted by using their real
backgrounds and geometric parameters of license plate regions. Without expanding dataset scale or generating extra collec-
tion costs, this strategy provides reliable data support for the training and verification of general-purpose license plate recog-

nition models, and further constructs a hybrid dataset with both real and virtual samples covering diverse plate types

8 closed-source license plate recognition algorithms

Results Based on the widely used CCPD dataset, two hybrid real-virtual datasets are constructed with real backgrounds and
Ab. = i~ wls SCL.
single- and two-row Chinese license plates, and the other covers 6-digit and 7-digit New York State license plates as well as

geometric parameters of license plate regions of redundant samples from its test set. One dataset contains 7-digit and 8-digit

7-digit Chinese license plates. Models trained on the three datasets are comprehensively compared with 10 open-source and

To compare fairly with closed-source algorithms, four license plate
region extraction methods are applied to reduce interference brought by different license plate localization algorithms
Cross-dataset evaluation is carried out with the CLPD ‘and PKUdata datasets to test the cross-dataset recognition perfor-

mance of the proposed model. Experimental results show that the proposed model significantly outperforms the comparison

deployment potential

algorithms in terms of generalization performance, recognition accuracy and inference efficiency. It achieves an average
Key words

license plate recognition accuracy of 99. 05% on the CCPD dataset. The proposed network has only 1. 44 M parameters and

yields an inference frame rate of 208. 6 FPS, demonstrating strong cross-dataset generalization ability. Conclusion The

data augmentation strategy based on redundancy recycling proposed in this paper effectively relieves the shortage of multi-

type license plate experimental data. The proposed model solves the problem of unbalanced generalization, accuracy and
: general license plate recognition; open environment

51

real-time performance in license plate recognition from the architectural perspective, and has great practical value and
double-row license plate synthesis
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Figure 3 Network architecture of the parallel-query-based non-autoregressive decoder

SR J5 X CCPD & 3C It A 8 RPNet (Xu %5, 2018) 1l
Zrfa , FHH A AR v i 2 HH R ) TE A Y 5 T 5k 4R
R EUR AR TUAR A

Bt J5 , 38 2ok A AR AR P BE AL AR B (0 5 4 8 U T
HERA 2. 5Tk SR AL AR BRI, DL DS A RE AR
() LS S50 Ry SR, IR FH G ELAG  2 JTO A 2%
XA B AT 4 R R AT 3 AR e ), 7 T R 4
X3,

e KA R 5 T K R T R 5 4 R A
A3 A U U 2 A s U 46 5 R) s DIl 2 4

153 v AR MR AE Jr =X 8 4 2. 5 75k BAg T 42

1543 2R, LA4ERR)I 2R 4E SR 4E 5 A
AR AR 4 BT

2 TR R CCPD Bl S 2 il A 7L % 1R
XUAT 4 WL B S Al 2 4R 55 4R | 8 DR 4F 200k
A . JE 100k B CCPD LRt I 2546 {4 55 60k 3K BT
TR B AT A B A 10k TR AR AL 1 15k B
AT Sk XUAT A B4R 5 FERE 46, BAAT 45 i
7 75k, WA T R 25k, 2 100k B4

R AN AR B R BR AR B CCPD S At A A
S B [T B I R 4R )5 R 2 de i . X PR
AR LR T CCPD MUA 1Y 245 26N W] 37 357 ik 1
BRI 78 173U T 42 R, HAS 3G R AR A
AR RN S 55 SR, Ak
It 743 P 454 34 R FH 0 57 1) 0 A BE AL R AR =X
WA 255 R H5 0 itk s [ R
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AR | ¥
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E - m
/ ] i 5
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l BEHLIRAES0K
sy [{EATTAEREA
YIERP Nt Sy
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] = (100k)
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Figure 4  Flowchart for the construction of the hybrid CCPD-

Base dataset
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Y LR HL KA F PR 5504 : Ubuntul8. 04, PyTorch
1.8,CUDA 11.7,cuDNN 8. 5,GTX TITAN X (GPU).
DAL 4 B F 2R 5% 8« Ubuntu22. 04, PyTorch2. 3,
CUDA 11. 8,cuDNN 8.9,GTX 1080 Ti (GPU).,
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FHE A CCPD LA A5 4E . TR A CCPD H:fili B 4
Gy W, — ] B4 35 BN T TP SO 5 55— IR e
A3 E BT R SO RS O AL 2 A R P45 8 12
() B A8 2 R IR FgGIEAE . U4 R CCPD
WA A AU T 2 R 4 B 20 24 M 4 Rl ik
TARA L. AR Y i A5 A A TR PR g, A S
fdi J§ CLPD (Zhang %5 , 2021) 1 PKUData ( Yuan 45 ,
2017 )1 g 15 Sl K 4

YIZRBT R FH A BE 5 035 - BERL O 5 A8 4 |l
G INZR ks ) = TRy e BN N i e P 1 B N
BRSO AL 28 0 Adam, B) B 2 ) KA 1e-4,
SR FH T 50 UE A 0 230 1Y) 1 5 7 e il SR e < %2 10
FEPEREARARTEAT 2 ) W R IR 1 0. S48, e/
s ) KA N 1e-T. AR5 BN 200, i KN
H32,

ARSI AR ST R 48 x 112, it a0
SO JCHEE L = 84 il B 4E i d = 128; MobileViT £5
Yuinl e B Ry 1445 FRATIRS 25 0 2 2454,
LR 4 Sk Yk 32, AR TRk 8, & i 7/8 17 4
RN o 24 6 2/7 {37 25 R W) B A7 AR B, A 3 18] ST 4
T R
3.2 ERITEISRR

YIRS 3T DAl 8 A5 32 B AL 15 22 U o
R, FIFAFPONMEF R, R, & NPT
T4 R PG v A TR ) A RS Vo
BERREE N, B HE B R, = NoIN,,, Bk 4 b i
A5 X579k TE B TR0 U ) 5 % A R B IE 5 R, R L
SRy RS I T A 0 A R AR o AR
IR FAF DB, LB R, = MM 0
3.3 RAIERERESN
3.3:1 CCPDIRGEEEE FRALAIRRT I

J9 34 PL-TransLPRNet i 14 fit , A SC i Fi 2 Fh
& 3% M JF U JF R X EE I . P, LPRNet
(Zherzdev #1 Gruzdev, 2018) 5 Eulpr (Qin F1 Liu,
2020) & F CNN 5 CTC 4244 ; TrOCR (Li %, 2023 ) Fl
PARSeq (Bautista Fll Atienza, 2022) #J % A ViT 5
Transformer J& & 45 4 ; PaddleOCRv3 (Li 4%, 2022) %
] CNN | Transformer 5 CTC {4 4544 ; ABINet (Fang
4% ,2021) & H CNN 5 Transformer {12 & 45 #4 ; 1pr-
transformer (sosopop, 2024) A MobileNet 5 Trans-
former ¥ & 22 #4 ; SVTRvI-T (Du 45 , 2022) 5
SVTRv2T (Du %%, 2025) 2% F Transformer 5 CTC J&

B
A IR R e AR R 58 T Y1 25 5
i : LPRNet & H PyTorch 24 #f fZ (sirius-ai, 2019) ;
Eulpr £ 45 J5 Az 18 1 B 00AT 43 2 Il A =X 5 T %o
TrOCR, 2% 3C 53 B AE A TC W 2 AR 1 26 1 R I
YIS ; PP-OCRv3 7R iR A B 48 L =Bl 4k LA
WS s

SEEGTE 3. 2 A HE 0 OB TR A CCPD %4l 48
PR B R B AL LA\ R I B T
Ly L

BEXT CCPD Hi 7 i RUBE 5 B K 45 B A A I
FEAS R A ) 0, AR SCIR T T 48— WAL #m R . 1o
M b 25 DS P Hp R T A 4 R DX, o L —
164 36 x 94, SR J5 B FH XUk PR (E L R FE 5 224
224 174, LADS D R SRAE 72 AR I AR VR RN, o T B
U 0 A R T R PRI — B AR &
YT R AFXS Lo

JITA S T B D B A [ — ML e DB sk
EIE (batch size = 1) () 2 HE BEAE T N i B2 8 b5 . 5E
I S0 KHERLFE GPU , SR 5 FE & 1000 YR HfEHLSE
P YIREI R FPS, A 6 YOR T,

F X TIR A CCPD Bt 46 T iR SR = .
ARSI R PR T5E D HEZ i, KA T4
K Ee Al o A B2 A EE /Y TrOCR 38 35 R SCA
N GRFAS T 3 R SCHEFLAE /7, RhE Py a4, i
R G THERIUE (0247 CCPD EE
Y25 I P Be W3 T R, PR A R R AL
75. 58% , AXt He i rh A

4l CNN 25 R B 2535 3 A 1K, Eulpr 255
T T LPRNet, (HAE T T8 PAEE ARG #
HIR MGG — S5 G , e B REA AR Y D R AR
AR TR B AR AR A AR AR
Eulpr ffi H Inception 22 R &5 #4), 76 M 246 R 2 51 A
TR 2 R A 4 JR R AIE , 75 5 JU O B B REAS TP
/b B 28 ) g AR BB A A A B S B T R
25 T LPRNet U/NS R 3=, ) 25 4 B 38 4t A i
FEAE B O B 4 B B RE AR (H R T i 4
Jay bR SR B ARRRIE S ST BRI R

1 AT ZE R 4E | | Transformer 2845 555
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Uf o SVTRvI-T [FIAEHUS T H SR % . Eulpr 788
P4 BB BIRAU A 93, 52% . XS K A Eulpr %
FH X35k 43507 XA BB AR RE 1A 2 580
Transformer #KFE H 1 & 1 58 WL 4 Ry FRAE 2245,
AT N R E AR AR I ST AL E S BRSOk
B, 03 2 0 {0 SVTRv2-T ] A, e o R A

61. 63%, 3X 2 PRy H I o] 5 1 A SOAR Y ikt
TR AT (B SCAH GRS R 2% v (118 5 | e
PTok RAEIEEAE A o 5341, ABINet AR R LA
T H A Transformer 7772 , 33X /2 A B AL A L H
PEALEE B, 15 5 BN S AR TS B (AT
W SCPESS , R RZ I T ER %

®1 FREFEMIAFEZERS CCPDEIEE THERRIRAE SRR L
Table 1 Comparison of accuracy and efficiency for open—source ALPR algorithms on the hybrid CCPD dataset

Ak PIE s
L) it

SRR TR T MR R R(%) ISR
SER-X BIN TIE R WA PR KPS 2 X

LPRNet(Zherzdev #1 Gruzdev,2018)
Eulpr(Qin 1 Liu,2020)
PaddleOCRv3(Li%£,2022)

93.15 95.85 -

97.1 97.2890.6594.4380.4896.28 11 0.65

94.73 99.29 93.52 97.3594.6795.9697.23 83.2496.55 63 1.01
97.99 99.65 99.43 98.7199.2498.8298.8391.0698.16 58 8.6

98.82 99.64 99.43 99.2499.3299.3799.45 94.68 99.43

TrOCR(Li %% ,2023) (T il Zk)

12 346

92.11 97.25 95.63 93.1895.1893.0993.09 75.58 93.87

Ipr—transformer(sosopop , 2024 )

96.64 99.30 99.34 97.8698.4097.1798.08 86.0296.93 53 1.34

97.85 99.48 99.88 98.5998.9998.3398.6789.6597.86 42

PARSeq(AR) (Bautista%,2022) (NAR, iteration=3)

23.8

97.66 99.48 99.88 98.5798.9798.3198.6589.5797.81 72

ABINet(Fang % ,2021)
SVTRv1-T(Du%,2022)
SVTRv2-T(Du % ,2025)

AR

95.78 98.95 98.94 97.9898.1694.1495.7785.5096.78 61 36.8
97.05 99.56 99.76 98.6399.0297.1497.5086.8397.92 98 4.2
89.75 98.57 61.63 98.1896.3391.8094.1980.9096.38 117 5.1
99.06 99.93 99.99 99.7299.7999.57 99.71 94.41 99.39 208.6 1.44

T SR ORI B N e UAE R, T IR RS R

A EHLE B 7 1T, AR SCRSEAR B4 fE 44 Bk 2 4R
KAl 1K 208. 6 FPS, iX £ Z A5 35 TR R 01T
fRA AL
3.3.2 CCPDHUESE LA LRSS RS X H

R 5 A AR TR 4 R ) S A T R L, AR S
5| Fl CCPD & 3C J5 7 (348 ) RPNet (Xu 45, 2018) [
HoAthJy 7 CCPD B i 4 1 1) S 56 25 5% (35 2) Mokt
R = S = oo N i 15w e S AR o o
I TAETE2E 5 . 4R CCPD(Xu 48, 2018) (%143 75
2, LAl T4 B RTE W IO AR FEAS ; HERE 5 iRl 1
SR AL B U S LA T AE 5 8 0T 5 A IS 1 4R 0 S0l 2 11
IF 2 A0 R AR AR 52 1) 5 Bk 48 0 [R] st 2B i 22 Fh 2
I, BIRE , Z BRI IR T4 U e
KSR ek T4 - R PR, S ME 0 A — 3R

ASTa] -4 0] 4 i 25 3 A2 i A RGSE U I 4%
S KA UL S I 5 B0 RASE Y R ), HG v e 2 5 (i

L FIUMBG AR B 5, 7R 51 A& 11 1E A B 1R
SR H KT LR B i 4 . Wang 58 A
(2022) & Fan Fl Zhao (2026 ) {1 F5 | A FE T 42 jf T
() JLART ARG IF, R T i 5 1Ak 41 (RIS s b ) I 42
FEHE Ay B I 5 1T A BH S 5 3 3 5 R B A ROR
b)Y A IE A A B T AR XA FR

Mu 1 Xu (2023) L K Gao %5 A (2024 ) & FH #H [H]
I N7 (BN TS ol W7 N IS N 2 B S =
S, Mu Fl Xu(2023) 7EHER: Ak S Pk ik 48 A
B HET AR . Gao %5 A (2024 ) i FHAH [RR B892
14 55 i 8 7 SRR BB D AR A 00 A e 2 2280 o
22 HAR S U0 0 42 R s SR I -5 18 510K B 14 34
7RV P (E e el R R 51| W 410 A B e vl
B Z U 20 R BIER R T o

32 2 T s R S HIRL AT R R B 4 R R ARk
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R B3 B A ] AN ] 2 S SO I A R o ) 32
254> 1 5 P BRI o0 A 22 57 K, A I B30 1 g A
000 2K G R A A (75 245 T D00 ) 000 X 48 v 1) i
BAREAR R AR GUR IO B R M e S 2 S 5 T
A HER TR RE -

B WX HE , AR SR A DY b 2 X ek B B

Jre SRR R G bR 2 R4 T — 2 1 4]
Yool Ji (BEADLE O 15222 ), SIS >4 v i) 42 it %]
PRIXIRHEA TR . 55 RS — i a3
AR I . 2 = IO ] YOLOvVSs (Ultralyt-
ics,2020) F1SSD (Liu 25,2016 ) & 17 25 f - 32 i 4% I
IR T AR X

F*2 CCPDEBETEEMEXREHMRSHEENEIILL

Table 2 Accuracy and inference efficiency comparison of various ALPR algorithms on the CCPD dataset

AT R BIER R R, (%)

Bk ¥IH — BN L PR @ 4
Henf BIRY  amir e MR Pk RK
RPnet(Xu%¥ A ,2018) 92.29 98.5 969 943 90.8 925 851 879 RPnet 61 FPS@Quadro P4000
Zou % A.(2020) 05.89 99.3 985 98.6 925 964 866 993  YOLOv3 -
Wang %7 A (2022) 99.00 99.9 99.7 994 999 99.9 948 994 £z 158.7 FPS@GTX 1080Ti
Chen %5 A\ (2022) 97.61 99.7 99.1 988 984 985 90.0 98.8 SSD 37 FPS@GTX TITAN Xp
Mu F1 Xu(2023) 98.97 99.89 99.57 99.56 99.68 99.8 94.92 99.38 - 204 FPS@GTX 1660s
98.67 99.9 994 994 99.6° 99.6 938 99.0 [ % -
Gao % A\ (2024)
9739 99.7 98.8 98.8 981 983 89.5 98.5 AZH -
ok ]i 28 A (2024) 98.90 99.68 98.42 98.54 99.1 98.85 98.34 9939  FR% 10 FPS@RTX 3060
Tao %5 A 2024 98.74 99.9 995 995 995 993 941 994  YOLOv5s  159.8 FPS@RTX 2080Ti
Fan Fl Zhao(2026) 97.67 99.7 99.1 984 992 99.1 902 98.0 [ g 72 FPS@GTX 3090
99.09 99.95 99.77 99.83 99.64 99.78 95.24 99.43 SSD
99.14 99.95 99.74 99.81 99.65 99.82 95.52 99.47 YOLOv5s
ARSI - 208.6 FPS@GTX 1080Ti
99.24 99.94 99.74 99.84 99.89 99.91 95.75 99.58 HFRZHLF*
99.05 99.93 99.77 99.82 99.67 99.74 94.97 99.44 FR&iEh

BRI A R 25 R, T RILAR PRSI . *Fm R T MR IE s #3201 B ZRA R 5 FXPS 4 FRAN R
T s SCHR (Mu A1 Xa 25N, 2023) 00 JEE FH T e 0 B2, AR B E LA, T = Bl SCiik (Tao %5 N, 2024) 1Y FPS Ry

batch_size = SBFAY{HE .

XoF L R SR FH 35 1 2 4 IR 2 it IX sl ) B89 L
FEN(2024) I ZE R AT A SCHIEAERR PR AR 74
AN AL A R BRI T Li 48 A (2024)
FIBRTE o BLOR i A A (2024) B30k 7 M B e v 1) Bk
% T4 IS T A 6 H S T B R 2 R (H
TEH AR5 ERYPERE IR T 2400 LAk | s A
REZM AT G CCPD B85 10 FUME R R . axX
FH G B 52k S B A B AR R
JIFHE A 1) TE AR, B A G, Li % A (2024)
AR SR FH FXPS K FE A7 i AR i A SCR
PyTorch PRINGY FP32 A5, N 25 R A T &

FIFRE AL SSD . YOLOvSs L K R FH 46 g5 1E
f 3475 (Chen %5, 2022 ; Tao %, 2024 ; Wang %5, 2022;

Fan Fll Zhao 55, 2022) At , A48 SCHL L HEH 40 HoA
WA XF b 2 AR SO AR AR 2840 3h A
(A =RC T Uy N N R Oy e i DR S S e
FIAEBRAR T DA BB 22 5, X R B R R R
FH YOLOvVS, SSD il 2 RS, A7 46 25 Rl Y A, T X
AH g G 1740 2 e v A 5 S A3 TR AR Sk PRI 1) 4 T
P T AR MERE A e BB R L A TR
AT

T34, R YOLOvVS AV, 7 B i A T 14
R R Ay bR 2 G B B AIG 0. 02% Al
0.01% XJEE ARSI T I k5 M3 FH bR 4%
L, 77 20— 10 R F YOLOvS $2 BiU4e il X A
PUIMNBE AR BT I 2R AR AT R Tl b 28 J7 X3 B4 g X
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THUEFEATE 2 R FR I AR Ak
3.3.3  CCPD gl b3k i 2 v f 2 HEOKT L
N 3 R AR R R 5 OB S S B
FPS{E Al & i , 3£ T Transformer [ [7] I fi# 5 1Y 5 7%

1 MP-LPR (Li %, 2024) .PDLPR (Tao %, 2024 ) #E
T 3k i K 5 AF HE 22 T, 4l CNIN 235 4 1) IR0 2 3 3k
HLAT O B 3 ELOR , HA Mu fl X (2023) 76 GTX
1660sF-55 iK% T 204 FPS i BH FE

AR S Gt 25 R F e 5 94 CNN FlT Mobile ViT A5
IR S 4584 , 454 Transformer I/ TS 7 28, 15504k
22 RO R AE 2 B J7 Y [RT s, RHaEE 1 1 0] ) g Ay
SRR BEUFR . MALE S 4 M, BiTR R
Z2E8 0. 32 GMacs(FEUL 3. 6715) , 7 GTX1080Ti

®3 RACCPDEIRE(SAAMEM) TEEENERIRZEBER,, (%)
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Table 3 R,, (%) of different algorithms on the hybrid CCPD dataset (with New—York—State license plates)

‘ - - \
i st ST AT o mE e R K
LPRnet(Zherzdev 1 Gruzdev,2018) 90.82 98.43 83.2 94.77 96.48 89.53 92.2 76.68 95.26

Eulpr(Qin 1 Liu,2020) 7042 8248 88.93 79.06 76.7 426 5556 56.1 81.89

PaddleOCRv3(Li % ,2022) 98.30-99.69 99.67 98.97 99.29 99.17 9926 91.99 98.39
TrOCR(Li % ,2023) 98.81 99.79 99.82 99.36 99.58 99.41 99.49 93.86 99.18
Ipr—transformer( sosopop , 2024 ) 96.74 99.34 9939 97.69 9834 9727 98.1 8642 974

97.30 99.45 99.08 98.41 9877 9739 98.15 89.36 97.80

PARSeq(AR) (Bautista %5 ,2022) (NAR , iteration=3)
9729 9945 99.08 9841 9877 9739 98.16 89.28 97.78
ABINet(Fang % ,2021) 9402 98.17 97.93 96.11 97.02 93.05 9489 8031 94.70
SVTRvI-T(Du%,2022) 96.79 99.53 99.49 9846 98.87 9672 97.18 8630 97.98
SVTRv2-T(Du % ,2025) 96.36 99.35 98.73 98.12 <9844 95.63 9692 8590 97.81
A 9892 9990 99.86 99.62 99.77 99.51 9959 9371 99.41

tE P S R LN AN PR JY AT SIS UL LN VSRV AR 8

V13 \batch size = 1 HERLAT T A BT 3.4 AAMNBESEREIESE EAEITNER

01k 208. 6 FPS,

Xof SRk (Mu Fl Xu, 2023) i il | H 2 50
M1 8TM, SR AR A 1. 71 GMacs, #fE BRI R N
204 FPS, A K ) CNN 5 Transformer 1R &
B PR T & 3 I T4 CNN Lk H =3
R ARG . X 3 B O 4l CNN 1Y 5 U7
EL7E GPU [ 3RAGF IR BE A Ak, B PHA 7 R0 o 5 i
Transformer 25 ¥ 00 5 38 Z2 Vi A7 % L RVA 7 B 1T
BRI A1

Z T GPU S TREE 7 I HELL L) S it 40 7y
(25 5% , LaRxE AT VE Ry e M 52, AN B Ry oA
(R SEPERE DT o B JHEAA 16 i TE o 3 o LT AR 5
IR N EIETE

SRt 6 U T B A AR e LAt 2 TR A R A 35 iy
PE AR T ELAS PRI SR 22 M 1 5 1 20 294
BRGNS 5 TR I 2R 4R LAY 1) P XA T 2
BN A R S8 B AL 20 M R Can & S TR ) o

HER3TAE M, 5R 2B, ERABIE LA
X555 TrOCR 43 AT T St 5 WA i 10 531 o
2%, TrOCR (fH FH TN 2R AN T ) 76 Pk 6% 4 5 A -
LPRNet [ [a] B4 7 42 JR U0 5 11, (H CNN S5 #8552
A S5 AL A [ FE ) EAR PEA

FEVNZREE 5] AR i PE B2 M5 55 TP A
RINAL NG RGG  HARRIE AR e M TR Eulpr
TE LPRNet 2:4ill 5] A 247 3 Inception 52 )2 EF
SCRA A HX AT HEAT 55 ) BB 5T R R, 7R TR G4
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WAET Gy 7= AR w58, 3 3U7E CCPD F4E il
S RE B T B AR 2 SC v, PRHSR FH BN T
RS NS 3, PR Z m) R R B SRR, X B
F2 M3 P A A, SVTRv2-T i i B 47,
SVTRv1-TZEfL A K

SRR T A AT I T A R A D

[2Y8 59753 BIA- 1728 | ==802x0p)|2YD 2474

e ORT L 2N ey |
PETEor | ZNI T Ry AU & AJP| e zgurie

5 A i 3 [ 240 24 M 2 s 1] 141
Figure 5 Examples of generated New-York-State (USA)

license-plate images

By, 38 T A SRR A R 22 /N R AR S
(0. 15%) , Hk & 87 Ipr-transformer (0. 19%) , FF 1K
J& TrOCR F1SVTRV2-T, 14 0. 24% .,
3.5 HEEIEHEEIDRIEE TN

B PL-TransLPRNet f14 5 4% 45 35 9 M BE
AR SCK CCPD Bl 4 I 25 B9 AR SCASE Y 5 1 AR -
H 4 BE AR 9 TrOCR 7 PKUdata (Laroca 258 A,
2018) A1 CLPD (Zhang % A\ ,2021) %4l 20 .
T PKUdata 5 CLPD H A3 & — 263 ¢ B [ MREfp
R B S cePD 25 B JFH A R
CCPD " R A WL FF4F o A JriEEPFI T,
K WG DCFALGE T HA AR i R 10 =X X
AT — R ey PR A« BORJG 72 v Aff o i 7

%4 PKUdata 5 CLPD M BHIEE IR ERE
Table 4 Cross—dataset recognition accuracy on PKUdata and CLPD datasets

. . ASCHE TrOCR
DA ()
R, (%) R,.(%) R, (%) R, (%)
G1(743) 99.87 99.98 99.73 99.96
G2 (643) 100 100 99.22 99.87
G3(641) 99.84 99.98 99.69 99.96
PKUdata
G4 (247) 99.60 99.94 99.19 99.77
G5(1398) 98.36 99.64 98.00 99.60
JEWE ML (621) 0.16 35.39 11.27 63.45
W (1142) 88.88 98.01 72.85 95.66
CLPD
R (58) 1.72 26.12 6.9 52.67

J S R RUBIRG BE , Ss BB B U A o
R, AR SCR -5 A A2 R I %) 7 =X [
B oKt 2D 8 R 7E CCPD i 4 bt 300 T - 4 Bt
e R B A RO, TR 2 SR AR 4 TR .

#£ G1-G5.CLPD 5 M4 b, A SCR L ERf 5
HREA AL T TrOCR . {A7E PKUdata Fl CLPD 3 %
F4E I, TrOCR A B L3, TrOCR REHS TR 51| — € Lk
0% 53 A AR 2R LS, 2 BRA B SR T S5 AR
A — R B S AN (A R 4 (A L3RI
D] Sy 3 S 2 AL ) AT JRy L R B0, S 7 S £ 55 CCPD
Z5WE R T AMEA BT 55 S5
S T, HRTA SCRR R TTIE R
3.6 BERERMIEESH
3.6. 1 JayiR-42 e 28 HATH T il 2 56

SR Xt He N Ak 22 R B A A BV, TR AT e

3NRIRIBEHLAN - (5 77 , SR S AL L
WG Ak . ARG &, FE T CCPD 1Y 22 L iH 1] 52 50 45
FIR , AR 22 Y48 s O T T B AT 3, fel sk
2ETCA 2D AT 2% 2 A 8 G i 1 RE T 4, S8 id .
ISR 2%  HEf R fm b S 8uE feb . RIARSC
K FHAMN% 24 2D 7 & i i) 7 =K
3.6.2 T MZEIH bS5

L ORI T ASCR S T REE 4 S
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Table 5 Ablation study on the effectiveness of the local-global interaction module
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Table 6 Experimental comparison of different backbone networks with respect to

/channel-expansion strategies and down-sampling positions
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Figure 6  Visualization results of cross-attention for decoder query tokens under different types of license plates
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