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Network Image Sensitive Text Recognition Based on Spatial Transformation Network and
Dense Neural Network
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Abstract: In the process of processing related network pictures, the traditional system is difficult to gxtract features and it
makes the pictures recognition rate becoming inefficiency. In this study, we propose amodule based on spatial
transformation and dense neural network method to recognize the images, extract text feature, and transform the
parameter about sensitive text pictures. The module using the deep GRU and CTC to mark characteristics of sequence
prediction information, and serialization of dealing with the text can better improve the ability of wider text and fuzzy text
information. Experimental results show that the recognition accuracy of the model in Caffe-OCR Chinese composite data
set and CTW data set is 87.0% and 90.3% respectively, and the average recognition time reaches 26.3 ms/graph.

Key words: dense convolutional network; spatial transformer network; deep bidirectional Gated Recurrent Unit

(GRU); connectionist temporal classifier
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—) J& In_E—~ Dropout 2, J % FHLZ 572 (dropout
rate) A 0.2. Pk Z 00— BUE 55 3047 — IRVEAS . 8
T IR A SRR PR A R, A BRI I A
WH T WFZEAASTEE: (1) VGG ResNet. DenseNet
2 8] SR A AR 42 X 48 RN L. (2) PRI 4 )
4PN R GRU 5 LSTM (1% bb. HARGLHE BLT (1
B3 ARG S “DenseNet+CTC”. “DenseNet+
STN+BGRUACTC”. “DenseNet+tBGRU+CTC”. “ResNet+
CTC”. “4ResNet+tBGRU+ CTC”, “VGG+CTC”. “VGG+
BGRU+CTC”, “DenseNet+STN+LSTM+CTC”.

SIS B R T AR S A A U, LA R i
AR BRI IR, AT B 4% 1) JFG A PR 25 %0 S 50 1) 52
Wi, 1% LE 520w [R5 ] B A4S R4 i, WA E . %
S BAGEA R EEE . A SR H 1R A EE VR PR UE 9
Y% PE 2 (Edit Distance) i3 5 #EH % (Words
Recognition Accuracy). éﬁiﬁﬂﬁ%mf?‘é H R = A
FREf st A st2, B A — 4 7575 5 A o) — 15
£ T 5 B/ ) G i K. I O R R B, R 1
PR ZH A E ARADL RS BRAER, 20 8 BB/, D 35 WA AL
AT YRR B AR AL R R

6 = 1 —e/max{length (stl),length (st2)} (10)

FAR] TR B 4 12 IR AR IR R A R e A S b

5 B B O AR TR TR R RN A

N,
9= 2 100% (11)
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4 AR 22 0 4 450 B B B A S i B CTW

0055 A T 2 A B P i 4 PR A 5
FR, SEHU B ARG 5 ko MR = S5 9
o oy £ P o S 06 4R R K S T R R 2%
(DenseNet+STN+BGRU+CTC) 38 v Aff 4 2 & T 1%
£ STN 454 0 M 4, B % Ik M i 32 T, &
STN KM% e SIURb, B HOER % A 0.87, Hik
15 STN 45K T4 SRR 2, ST 2 B

4 A TR0 B 25 R 0 454 VR SR 5 CTWY
b 5 B A 0L B 2 AR 026 A4 2% B 6
P, BEEIE S k JMR— K, FFUA I 2R B %
SELPE AT AL S 7Y, I FLARBUA BT AR,
T IMAT, ML F, JE ST 1454 i it 275
BRUCHON 2-13 BN BOlEN T K, (B0 TR,
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1.0

0.8
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W HER
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Mk

K5 BB HER AR 1 ith 2k

== DenseNet+STN+BGRU+CTC e VGG+BGRU+CTC
— — ResNet+BGRU+CTC —— DenseNet+BGRU+CTC

123 7 11 15 19 23 27 31 35 39 43 47
HIEENY €3

P 6 7R g 4 A DD PR AR A A 22

7t DenseNet 151 N REAE B 30 A 28008 =%
W& (TR, k5] N —4E45 7 2 3] DenseNet W 4%
7, B BN-ReLU-Conv1x1-BN-ReLU-Conv3x3 A4
G H,, Bl /& DenseNet-B, —4Ef 512 g
SRRl /D S B v B BN AR AESR IR R B E T, N T
HE— b R AR A ) B P, W LA/ Transition layers
S W RRAE B # . 24 Dense Block R4 T m A
FEAE R, AT LLik Transition layers B2 4 AN KL 6, (1
SRR AE L, B 0gs1 FRON R4 E T X4
O=1 oF, % Jhiek TR o QAR 1 1 B (55 A BRAT T
DenseNet 24 6<1 I A DenseNet-C, A 17E S5 H1 5 €
6=0.5. 4 [F)I f# 1) T #3502 (Bottleneck layers) 1 /545
(Compression) #7575 # N DenseNet-BC™. 4
DenseNet %% % B 4 DenseNet-BC.

SRV o W N 2N o A G R~ el i £
DenseNet-STN %% L & GRU Fil LSTM &R M 45 J2
STEG. A3 T VGG Fl ResNet, ELf — 4 45 FH F1 K 45 45
F1¥) DenseNet-BC £ 14 B A7 54 (1) 1R 1 80 R, B A 5%
A 1R SC 7 R A AR 2 g B vy, (D A 3K 3 B AE A RO
JEE AN G P 4R 2 P 25 HESE R DenseNet 1] £i& & 0 REAE

EESEAES VIR

TESLSS () K IEH DenseNet Rk [ 45 (1)
AR H I 00 B A 5 ) B2 /N T 5 VGG
I 28 1 ResNet [ 44, k2550 1) 1) FH A, 5 v 2%, AH [R] 1)
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B, 3£F GRU F1 LSTM W24 A 4 F 8045 10 IR 3l 26 -
EERERUNINETDA R & ML EPY A v 8 WP VA g i ity i)
KANKE, TATRTLARIL, 5138 LS # A LA N AR
&, HHUIC U BRI ZR A AR o5 A 5 D R A7 4 ().

R B RURE A Bn RS IR ge i AR

AR A IEBAN B HERIR (%) Bgmiiii g
DenseNet+CTC 1827 77.4 3453
DenseNet+STN+BGRU+CTC 2131 90.3 2349
DenseNet+tBGRU+CTC 2020 85.6 2765
ResNet+CTC 1761 74.6 6457
ResNet+BGRU+CTC 1987 84.2 4321
VGG+CTC 1331 56.4 9864
VGG+BGRU+CTC 1890 80.1 5218
DenseNet+STN+BLSTM+CTC 2119 89.8 2431
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PL A 22 B, ACSCHR H 1) DenseNet-STN 4 S LM 4%
4 g 7 R )P U 1 P2 3K B0 13 9 26.3 ms
Bk, RIS T 1 s 42 38 5k A, 157 A 5L b b
FH 2z v OS2 A b 3 R s b A R TR,
DenseNet-STN &8 &5k ab ¥ B A A i %2, LR B
DR N () FH A 5 A1 3 ORI 25 (] 22 46 B BE . DenseNet 5,
SR B BT (N SRR AE A% 1B RN S R AR FH 2 SR £,
{H DenseNet Block PNk & 5% 5 BUFAEHE BB BOAH
XF VGG W25 Fll ResNet X 4% (A5 AL S0 AL RS, &5 F &
Z 1 GPU A7, MASEE SN & R A AE A F 16 GB
FEARH. TR RN S TS A T E T
ISR, [ AR A2 ) Py A ) Ach B TR A R SR

2 BURAERURPE T BRI L K
IRk EIEN It

1]
gk N0k PR i o)
. (MB)

DenseNet+CTC 4.1 21.6

DenseNet+STN+BGRU+CTC 16.1 26.3

DenseNet+BGRU+CTC 12.4 24.2

ResNet+CTC 4.5 12.2

ResNet+tBGRU+CTC 14.5 17.3

VGG+CTC 22.3 53

VGG+BGRU+CTC 32.1 7.8

DenseNet+STN+BLSTM+CTC 15.3 26.5
5 SiNiE

AT T — o R 28 AURR ST 7 R R R T T I,
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