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Full-category Robust License Plate Recognition Based on Character Attention

MU Shi-Yi*?* XU Shu-Gong'"?

Abstract There are still many challenges for high-precision vehicle license plate recognition in complex scenarios.
In addition to the low quality of license plate images caused by factors such as poor illumination, low resolution,
and motion blur, challenges also include different variant numbers of characters and lines for different license plate
categories, as well as large inclination caused by the various camera locations. In response to these challenges, this
paper proposes a scene-robust high-precision license plate recognition algorithm based on character attention, which
performs character level segmentation on the global feature map of the license plate images without character posi-
tion label information. Such character level segmentation can deal with the 2D character layout problems in multi-
category license plates and inclined license plates. In addition, this algorithm uses a shared weight classification
header structure to replace the serial decoding structure used in existing algorithms, which reduces the number of
classification header parameters and realizes parallel inference. The experimental results show that the algorithm
achieves high accuracy which surpasses the existing algorithms on the public-domain data sets, and meanwhile has a
faster recognition speed.
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Framework of the proposed algorithm CARNet
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Lightweight feature extraction
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Table 1  License plate recognition accuracy on CCPD (%)
AT P FERbEE RS i e AR KA Pk
Li &0 94.4 97.8 94.8 94.5 87.9 92.1 86.8 81.2
Xu &7 95.5 98.5 96.9 94.3 90.8 92.5 87.9 85.1
Wang 252 96.6 98.9 96.1 96.4 91.9 93.7 95.4 83.1
Zou & 97.8 99.3 98.5 98.6 92.5 94.4 99.3 86.6
Yang 2 97.5 99.1 96.9 95.9 97.1 98.0 97.5 85.9
Qin 25 97.5 99.5 93.3 93.7 98.2 95.9 98.9 92.9
Qiao 2P 96.9 99.0 97.1 95.5 95.0 96.5 95.9 83.1
Zhang %2 98.5 99.6 93.8 98.8 96.4 97.6 98.5 88.9
Liu 20 98.74 99.73 99.05 99.23 97.62 98.40 93.89 88.51
GCN 98.79 99.70 99.07 98.96 98.33 98.82 98.66 89.42
99.50 99.89 99.57 99.56 99.68 99.80 99.38 94.92
CARNet 0.02) (0.01) (0.08) (0.04) (0.04) (0.01) (0.06) (0.09)
£ 2 ARLEE VY (%)
Table 2  Evaluation of the effectiveness of the algorithm of this paper (%)
ERGEELN B T84 Btk DiLeS i ek A RASE Hhilk e
. 98.79 99.70 99.07 98.96 98.33 98.82 98.66 89.42
(0.10) (0.03) (0.11) (0.11) (0.25) (0.19) (0.13) (0.54)
R
e 99.50 99.89 99.57 99.56 99.68 99.80 99.38 94.92
CARNet
(0.02) (0.01) (0.08) (0.04) (0.04) (0.01) (0.06) (0.09)
. 99.74 99.95 99.83 99.79 99.68 99.78 99.77 97.28
n (0.02) (0.01) (0.02) (0.01) (0.05) (0.03) (0.02) (0.14)
cher 99.90 99.98 99.94 99.93 99.95 99.97 99.90 98.89
CARNet
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
con 99.72 99.87 99.78 99.78 99.56 99.71 99.70 98.18
(0.02) (0.01) (0.02) (0.01) (0.06) (0.03) (0.06) (0.07)
R¢ Char
e 99.92 99.99 99.93 99.89 99.95 99.98 99.95 99.13
CARNet
(0.01) (0.01) (0.02) (0.02) (0.01) (0.01) (0.02) (0.01)
cox 99.74 99.97 99.83 99.80 99.70 99.80 99.78 97.13
(0.02) (0.01) (0.02) (0.01) (0.05) (0.03) (0.01) (0.16)
R ar
wen 99.90 99.98 99.94 99.93 99.95 99.97 99.89 98.85
CARNet
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
%3 75 CLPD L fZe s s Ptk EROUHUNHERR 2. SRR (E M CCPD it 4 M
Table 3  License plate recognition accuracy on CLPD FEARF B IEE B 2 2R AR TR S éj‘fr\,
o p— P WA & SYSU-TTS SR E4F6 0996 4 i 200
Zhang 2 CCPD R4 70.8 WEE. A CARNet 5iEF GON Xt bb &35k H
GON™ CCPD Jthfit 744 FETRD () S 06 i B A R BRI 2% . 58 4 S5 SRR, K
Zou %5 CCPD %% 80.7 SCRENEAE S SRR b R R e 88 B 2 v TN
Liu 2 CCPD s 80.3 FLARE, JEIRAE AT KA ZF 5 b e A 35 0 J.
CARNet CCPD Z:fifite 82.2 .
SERT| ?‘l: T AN
CARNet TRABRAE 83.9 3.4 %/ﬁﬁjl jg‘l‘gﬁj 7]‘)?
3.4.1 GPU R&&EXERETH
3.3.3 RAEMAHIBRITE

B A SIS A SRS HEBVEAE TR & i 28 2R

2% 5 A T A SRR LBV GPU SR
M LR SE R A5 88 T A SCR A IFAT s 45
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Table 4  Recognition accuracy on mixed types of
license plates

RS HE (k) GCN™ (%) CARNet (%)
R R 1050 96.3 99.0
R IR LR IR 1010 41.9 78.5
itk 660 35.8 62.1
KM 860 44.9 74.8
HEIR 2 it 1580 53.7 74.9
R 980 63.2 75.8
R5REVEEE LR
Table 5 Comparison of algorithm speed
R B ZERBIFERS (ms)
Zhang %52 7.9
GCN® 18.7
CARNet 4.9

g, AR SCSRE T Bk A R PG TR R R B o 2> &2
4.9 ms, H5HLFVE Zhang 2520 B 47 45 K R I FE
B 7.9 ms AHEG, A SRR EE U E B SR T
38%. 55%f LL L HERA R B = 1 GON HIEHH L,
sk EHG AR BEE IR T T 74%.
342 WMARXNTFEEEAEREITM

A K CARNet 4R B FILIBATAE 3 3K
DNFEW A& AT IE LMK, 20 70 N 618 /) Jetson
Nano fl Jetson TX2, VL1 Hi3516DV300.
A 2 PSRk T G148 Pytorch #1428 /£ HEZE 34T
W25 HEFL. Hi3516DV300 K H NNIE $fi 48 {45 fE 42
HEAT R 5. TN HE A5 SR L3 6, A SCH 2R R
BENEAE 3 PR D FE IR A Xk 45 T L B 22FPS
% 33FPS, AR &7 i R AR DI FE IS 52 R (1) SL w14

6 RIDFERR A A EEAI
Table 6 Low-power embedded device test
AT -F & HER 5B FEI (ms)
Qin & Jetson Nano TensorFlow 68
CARNet Jetson Nano Pytorch 41
CARNet Jetson TX2 Pytorch 30
CARNet Hi3516DV300 NNIE 46
3.5 BAEMZEESSHN

AT TS A SRR R i 53k 8 o0 %o R S v A
RAFEE J P R, S8 R I 5 E 523N
CCPD &M =2 —, AMEMH & 4.
REPEE R CCPDHERMERN R T 2z —HH

A 3 7 ~ 9 HIETAA AU T A 2
SABVIER 5 0 TS0 18, 20 R 4 7 7
02 A SRR, T 5L R 2
L 7 T 75 51, 2 2 R 4
TSI,

RT RS 4 T kS g

Table 7 Feature extraction ablation experiment

FFIEFR I Rrp (%) S TFHEEIE (GMacs)
Resnet45?” 99.5 13.94 M 14.66
Xceptionl9 99.5 1.87 M 1.71

R NEASHLE MM

Table 8 Classification head weight sharing ablation

experiment

= Rpp (%) SHE T 2% (GMacs)

& 99.5 1.87 M 1.71
F 99.4 3.82 M 1.71
RO HRTRRER B
Table 9  Ablation experiments for single-character
attention
IR E S Rrp (%) SHE THHERE (GMacs)
1 99.5 1.87 M 171
¥ 99.1 3.04 M 1.02

3.5.1  HFEIREU LG BRI SN
R T RRY, BREAN 19 EZ Xcep-
tion £ FI7E PRIFFHER RAHUT B DL R, H IR ]
EGRRAIT LA, A SRS R AT
IR FE. Xceptionl9 45tk Resnetdb 51 S &
FEAIK 87%, T A4 T[4 88%.
35.2 HAISHHZIHFLE

W 8 Fian, SEFL 1R 5] W 24 Ak S50 &
FEARZT 51%, [FIEF ZE RN HER 2248 T+ T 0.1%. 1X
W T UM ES N A Ik, 240
FS SR I BT 7 AT 55 . CCPDEE S K
o BIFEASRAE A RE T RAR, 28 2 0 4 2 o
HiAFAE ™ B KRR, 2RSS 5015r 23k
B, 5 2 S0 E RS T L R 1 2 S — 2 X 4%
S8, KRBT DU .
3.5.3 FEEEEEHRSIIE

TN FRFERJIHRELE. HE 5 v LA
W, U A G R P ) S R R AL, 2
S (3) THAE I 2> B A5 RHIE M) 2 58 4 A
&, HHHEESHWN I 2 FEEZ A ST
(I RF SR AR [R] X 2 A58 DU T v A Ak it gk AT
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Wk, BRI 9 Joid & 700t B SRER A Al {3 F 250
HERZ AT R, R 9K REY], &
ST B I R T ML T R AL I 4 B A B A R
JE, (HRHE R B 2K 0.4%.

BEFFIEEIARML

N R RS ST H PR B A T T LARIAE AN [F] i
SRAEFR AT AL R, AR SO 4 i 20 I 3 A5

3.6

K7

BEBET TR, W 7 K 8 Fros. il TE
BB RS VAN E GRS 2 —, £
LA BRI R PR T PR AE 2 B AR RS R
FRA NI SR E BN, Hod e KgAK E
B RE XK, 58 B RARER %A B B I ME
el 1, R BGET 0. B 7 ME 8 AR AT
JFURAEREIR, 5 2 AT IO RO 3% P AR R
HOR. ATUUE M, AR R B S R E

— I
~

LT AR

Fig.7  Attention maps of seven-character license plates
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Fig.8
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Attention maps of double-line and new energy and black plate licenses
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FERTAEAL B —— X R B 7 A I 7 TR R,
K 7(a) MR HERI TR, 1B 7(b) iR s
RN, 18] 7(c) NEAEELAERR, B 7(d) B2
AR, B 7(e) ADCER AR B (LR

Kl 8(a) KRBT FA5 e i, HAFAE AL
R, ST B A T RENS B 3 N AT I
WENL S 2 AT RV E LA, B 8(b) MK 8(c) 7l
BRI/ RN R R R IR
RAE R LE AR R 2 1 A5 MRS Al 7
NFRFIER BT, 5 8 N AT I E 118
SEPEMRIG , XA T IRt 2 B oy 7
NFRFIERE, B A ERRREA N 8 D PRt
L 8 T RF B BB UL N <& HALEF, JE
oA AN AR 8(b) AIE 8(c)H, FJm 14T
ARG RICR B IR R 26 8 PRI A4S
REMSHER R T IJa 1 DNTAT, AE 7 DTG
O 8 M FAHERE R AL B RE. AR
FAFE R TN AT LA RO I 5 8 A4 A
TATEON S RLAT “&”, BENE SEIUT AN [F] 5 75 A H i
HIERN. ZEaa s 7 1K 8 & Flih R4 A VE =
TR, AR SCHR Y R 3 7 R T 0 RES SE IR A
AT 740 E 1) 2 R R AT R 1R 3 B 5 R A1
FELL.

3.7  BEZIH=MR S

G RE RIS 3.3 TR R HE R =R 20 A S8
R M4 S e, A SO %5 T BN 2 37 5%
T PR G PR AT 2 AL IR 4 R 1) i 381 S
. Wik A & B LI B i 9
PR, B8 AT ZEBOE 1 K B AR AR A R R
45 B, BAMRKRBIMERE. 1388 T 5 5 /s il
], AR SRR BE 06 0 TR 2 R P 5 1 B A A
FEUERIRF AL BRI 02, ASCHE AR FRAE I 9
BSR4 dh TR PR RS (R — €
(R HE .

TR KB 34

JUEARSCRRAL AT RR G 3RAG T B Y
WOHERR R, (BERm 5 R UM L. B 10
JER T AR ) — LRI ], W] LA H AR
TR TR AR Wi e R AR ARG BB 10 15
DU T Ao LR S IR B 0. SR D08 R A
TEARLF R, 41 “B” A1 <R, “D” Al <07, «7”
R Z7, “A” il 4%,

4  LERIE
B0 22 A BRI AT 8 5 R TR 4 B 1)

3.8

K9

Detection and recognition test in complex scene
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Recognition error cases

R, ASCHR Y — P2 T R AR RO I R
ET R, BRI P ARAME S itk N 2
ISR FRAESS . AT B TR BRI
BUNGRHITE LT, 80 KA 4B R T se il
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