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Scene Text Recognition Performance Improvement through
an Add-on of an OCR based Classifier
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Abstract

An autonomous agent for real world should be able to recognize text in scenes. With the advancement of deep learning,
various DNN models have been utilized for transformation, feature extraction, and predictions. However, the existing
state-of-the art STR (Scene Text Recognition) engines do not achieve the performance required for real world applications.
In this paper, we introduce a performance-improvement method through an add-on composed of an OCR (Optical
Character Recognition) engine and a classifier for STR engines. On instances from IC13 and IC15 datasets which a STR
engine failed to recognize, our method recognizes 10.92% of unrecognized characters.
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Table 1. Recognition performance by TPS-ResNet-BiLSTM-

Attn.
1. TPS-ResNet-BILSTM-Attn 214 M&
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Number of Number of
Dataset | Image | Accuracy | unrecognized unrecognized
words characters
IC13 1015 92.3% 134 358
IC15 2077 71.8% 782 1125
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Table 2. Dataset specification.
E 2 doleHM ME

Dataset Total images Usage

TeBc 1483 Test Classifier

TrGe 821,022 Train Classifier
EMNIST_ByClass 131,600 Train OCR engine
EMNIST_Balanced 814,255 Train OCR engine
Skeletonize_TeBc 1483 Test Classifier
Skeletonize_TrGe 821,022 Train Classifier
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Table 3. OCR DNN parameter specification.

¥ 3 OCR Ew¥

HE2 3o CIXME

169

Layer Parameters
Input Transform image c=3, 224x224
Convl_1 C=32, 64, 3x3, ReLU
Convl_2 C=64, 64, 3x3, ReLU
Maxpooll k:2x2
Conv2_1 C=64, 128, 3x3, ReLU
Conv2_2 C=128, 128, 3x3, ReLU
Maxpool2 k:2x2
Conv3_1 C=128, 256, 3x3, ReLU
Conv3_2 C=256, 256, 3x3, ReLU
Conv3_2 C=256, 256, 3x3, ReLU
Maxpool3 k:2x2
Conv4_1 C=256, 512, 3x3, ReLU
Conv4_2 C=512, 512, 3x3, ReLU
Conv4_2 C=512, 512, 3x3, ReLU
Maxpool4 k:2x2
Conv5_1 C=512, 512, 3x3, ReLU
Convb_2 C=512, 512, 3x3, ReLU
Convb_2 C=512, 512, 3x3, ReLU
Maxpool3 k:2x2
Linear(Vector) 512

Table 4. Comparison of OCR engines.

I* 4. OCR o7l M5 H|lw

Model | Dataset Train | Valid Test \;il::d Xiit

o | Tecio | 697951 | 69825 | 11632 | 7601 | 7524

O | NS 112700 | 5687 | 18846 | 9402 | 8793

Algorithm 1. Training of the AddOn module.

LagE 1. =2 ZE 5

Input:

EMNIST Balanced,

TrGec - MJSynth single character images

1: Train OCR on EMNIST Balanced

2: For an image ¢, from TrGce

3: Get vecteor v, OCR (cp)

4: Append vy

to vector set V.
V = {U[Y ,U2 ,U3 ...

U/

5. Train Classifier on V.

6: Return: Trained OCR and classifier
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Table 5. Performance improvement by our Add-on.

5 =222 old M5 st
Number of |[Ratio of characters
Model Dataset unrecognized | recognize by our
characters Add-on
OCR+DT TeBc 1483 8.70%
S(I)(CII{;F SK_TeBe 1483 10.92%
e - .
- L™ o

a) Cursive text

11

d) Ambiguilty

b) Vertical text

(c) Low resloution

(e) Overlapped characters

. Examples of unrecognized characters.
oAl M At (@) ZYIA (o)

e

() Mall&t (d) 2= (o) HE
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