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2. related work (442f)

3. Model
o« ZE Y
« text rectifictation network + text recognition network (Section 3.1, 3.2)
« training streategy= (Section 3.3)

3.1 Rectification Network
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v Spatial Transformer Network(SPN) 7|t
(= 223 : https://m.blog.naver.com/PostView.naver?
blogld=worb1605&l0gN0=221580830661&proxyReferer=http:%2F%2F221.147.67.207 % 2F)
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¥ 3.1.1 Localization Network

¥ TPS transformation

Input Image [ Rectified Image 1,

Fig. 5. Text rectification with TPS transformation. Crosses are control
points. The yellow arrow represents the transformation 7', connecting a
point p; and its corresponding point p.
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3.2 Recognition Network

« rectified image(=&El 0|0|X[) - character sequence 0%
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¢ network = encoder + decoder
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¥ 3.2.1 Encoder: Convolutional-Recurrent Neural Network

« rectified image 0l feature map= &OHHLL (convolutional layer(ConvNet)E 0| &)

Rectified

ConvNet
image
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¥ ConvNet

« convolutional layerr(ConvNet)2 feature mapO| H(height)= 17}X|=& A4
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€; ; = W' tanh (Wst_l + Vh; +b)

i = exp(ei) / Z exp(e,i’)
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"FLTNESS", 0.5

Encod _| Left-To-Right . .
ncoaer Decoder l FITNESS",
0.8
Right-To-Left
Decoder Reverse
"SSENTIF", 0.8

=ig. 8. Bidirectional decoder. “0.5" and “0.8" are recognition scores.

o T decoderZ £H Lt2 F 72| 21t & 7tE =2 recognition score &2 {EH

 recognition scoreE A4tg WHH : 2 E 0= symbol2| log softmax score?| &

3.3 Training
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1 T
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2 X7|3tAHAME|H control pointsk HEOE 0 £ U7| 20| output image(l,)7t HR
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4. Experiments

¥ 4. Settings

v 411 datasets
Synth90k, SynthText, lITSk-Words, Street View Text, ICDAR 2003, ICDAR 2013, ICDAR

2015 Incidental Text, SVT-Perspective, CUTE80

¥ 4.2 Text Rectification Network
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Network £0{7}7| & Resize(64x256)

¥ 4.1.3 Text Recognition Network

TABLE 1
Text recognition network configurations. Each block is a residual
network block. ‘s’ stands for stride of the first convolutional layer in a
block. ™" means dynamic output length. “Out Size” is feature map size
for convolutional layers (height xwidth) and sequence length for
recurrent layers. “Att. LSTM” stands for attentional LSTM decoder. Two
decoders are instantiated and work in parallel.

Layers Out Size Configurations
Block 0 32 x 100 3x3conv,s1x1
[ 1 x1conv, 32 |
= 1
Block 1 16 x 50 _3)«:3(:0111;:32_}(3’52)(2
[ 1 x 1 conv, 64 ]
Block 2 8 x 25 3 x 3 conv, 64 x 4,82 x2
3 [ 1x1 128 ]
x conv,
—U 3
S Block 3 4x325 | 3 x 3 conv, 1284)(6’52)(1
(& : :
1 x 1 conv, 256
Block 4 2x 25 | 3 x 3 conv, ESGJXG’SQXI
[ 1 x 1conv, 512 | .

Block 5 1x35 | 3 x 3 conv, 5124}&3,5‘2)(1
BiLSTM 1 25 256 hidden units
BiLSTM 2 25 256 hidden units

256 attention units
Y Att. LETM * . .
% 256 hidden units
o 256 attention units
Att. LSTM .
A | ARLS 256 hidden units

4.2 Experiments on Text Rectification
4.2.1 Effect of Rectification

 Rectification 2t’H0| Qo™ Z1t7} {2}

ASTER: An Attentional Scene Text Recognizer with Flexible Rectification

10



TABLE 2
Recognition accuracies with and without rectification.

Variants mrsk  svr  ICo3  IC13 SVIP  CUTE
Without Rect. | 9193 8876 9349 8975 7411 73.26
With Rect. 92.67 9116 93.72 90.74 78.76  76.39

+) $2|7t RAREEL} O Z recognition &

TABLE 3
Rectified images and recognition results by [55] and by ASTER.
Recognition errors are marked by red characters.

By [55]
By [55] By ASTER By ASTER

a I p = window
wyndham

- M optimute
Y WOPTIMUN R

2\ -‘\ ' Yy coera
REERA TOBA4

Wi TR oo

warehouse
warehouse

maribon
marlboro

: -~ scotting
—— i l colls

OFX|2} fully-connected layerE zero weightsZ =11 £73 biasesZE M (called identity) st 227}
randomdtA| MXot 22 B 50| & =1, =Tt 24
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Fig. 10. Word accuracies (left) and training losses (right) with different
model initialization schemes.

4.2.1 Effect of Recognition
L2R : left-to-right order
R2L : right-to-left order
Bidirectional : the bidirectional decoder.

Met 7t bidirectional 227t o =A| LI=C}.

TABLE 5
Recognition accuracies with different decoders. L2R and R2L stand for
left-to-right and right-to-left, respectively.

Variants ImT5k  SVT IC03 IC13 SVTP CUTE
L2R 9193 8876 9349 89.75 7411 7326
R2L 9143 8996 9279 8995 7395 7431
Bidirectional 92.27 91.57 93.60 90.54 74.26 74.31

Aster-A, B : ASTER®2} X0|&E - ConvNet, training data X}0|
A : RARE 7} 83 H HH + IIIT5k(regular text®h Z=xH)
B:???

Aster : rectification + bidirectional decoder
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TABLE 6
Recognition results comparison. “50”, “1k”, “Full” are lexicons. “0” means no lexicon. *The conference version of this paper. “90k™ and “ST” are the
Synth90k and the SynthText datasets, respectively. “ST+" means including character-level annotations. “Private” means private training data.

Methods ConvNet, Data TIT5k SVT IC03 IC13 | IC15 | SVTP | CUTE
50 1k 0 50 0 50  Full 0 0 0 0 0
Wang et al. [60] - - - - 57.0 - 760 62.0 - - - - -
Mishra et al. [44] - 641 575 - 732 - 818 678 - - - - -
Wang et al. [62] - - - - 70.0 - 90.0 840 - - - - -
Bissacco et al. [7] - - - - - - 904 780 - 87.6 - - -
Almazan et al. [2] - 912 821 - 892 - - - - - - - -
Yao et al. [67] - 80.2 69.3 - 759 - 885 803 - - - - -
Rodriguez-Serrano et al. [52] | - 76.1 574 - 70.0 - - - - - - - -
Jaderberg et al. [29] - - - - 86.1 - 9.2 915 - - - - -
Su and Lu [56] - - - - 83.0 - 920 820 - - - - -
Gordo [16] - 933 86.6 - 91.8 - - - - - - - -
Jaderberg et al. [26] VGG, 90k 97.1 927 - 954 807 | 987 986 931 | 908 - - -
Jaderberg et al. [25] VGG, 90k 955 89.6 - 932 717 | 978 970 896 | 818 - - -
Shi et al. [54] VGG, 90k 97.8 950 812 | 975 827 | 987 980 919 | 893.6 - - -
*Shi et al. [55] VGG, 90k 962 938 819 [ 955 819 | 983 962 90.1 | 886 - 718 59.2
Lee et al. [36] VGG, 90k 968 944 784 | 963 807 | 979 97.0 88.7 | 90.0 - - -
Yang et al. [64] VGG, Private 97.8  96.1 - 95.2 - 97.7 - - - - 75.8 69.3
Cheng et al. [11] ResNet, 90k+ST+ | 993 975 874 | 971 859 | 992 973 942 | 933 | 706 - -
ASTER-A VGG, 90k 981 957 817 | 976 855 | 987 973 922 | 886 | 67.6 732 63.9
ASTER-B ResNet, 90k 987 963 832|992 876 | 991 976 924 | 89.7 | 689 754 67.4
ASTER ResNet, 90k+ST 99.6 988 934 | 992 936 | 988 980 945 | 918 | 76.1 78.5 79.5
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