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Formalized Answer Sheet Using EasyOCR
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Abstract

In this paper, we have developed an automated scoring system for structured formalized answer sheets
composed of printed problem numbers and handwritten answers. In the initial stage, we performed
gradient normalization to accurately recognize the problem numbers and answers, and subsequently applied
the EasyOCR Framework for character recognition. Notably, we introduced a location correction algorithm
to accurately detect the positions of numbers, thereby improving the detection rate from the original 70%
to 100%. The number recognition model of EasyOCR originally had an accuracy of 89%, but we improved
it to 93% through transfer learning. Experimental results showed that the implementation of an automatic
scoring system using EasyOCR was feasible, and this system is expected to increase the efficiency of
grading tasks in the educational field.

FF7IHE @ BasyOCR, 527k 214, ARshel webA, 2 A4, do] sk

keywords : EasyOCR, Digit Recognition, Formalized Answer Sheets, Automated Grading,
Transfer Learning

1. M &
* gt stn A W FAlE et
T WA A2 $9 4 (email: ysyun@hnukr) . o
A2 2023.05.29. AAFSFE: 2023.06.15. ICT (Information and Communication
Al A 874 2023.06.20. Technology) 718 WE®Z B2 ofdzl tlo]

_41_



EasyOCR= 0|8¢t J¥sta 2ty

EOIRISl RSHE AAY T8

cole ool A 2 2l
Ms 1A ZE(1 ¢
Aol 485

OCR(Optical ~ Character
Recognition) 7]&0°] H& A =ZE Holth &3]
TesseractOCR[3]2}  EasyOCR[4]l= F5u=
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E 1. TesseractOCR vs. EasyOCR
Table 1. TesseractOCR vs. EasyOCR

OCR Engine alphabet digit

TesseractOCR 99.0 94.0

EasyOCR 9.0 98.0
TesseractOCRS  LSTM(Long  Short-Term

Memory)S 7|Hko 2 7faks o] fyz=2} 10071
olate] o] A Y3ttt dupdl QA ES 99%

oo FELIL =AW, ANA A AN ES
°F 94%= EasyOCRel H|s| A&7t o

TesseractOCRe] Al2~®l FA L= 19 13 2o
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3%l 1. TesseractOCR AlA”l M T
Fig. 1. TesseractOCR System
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Fig. 2. EasyOCR System
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Fig. 3. An example of a curved fitted baseline
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Fig. 4. Overall System Architecture and System
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Table 2. Experimental Environment

Intel(R) Xeon(R) CPU

CPy E5-2620 v4 @ 2.10GHz
RAM 128GB

GPU GeForce RTX 2080 Ti (4EA)
0S Ubuntu 18.04.6 LTS

0~97k412] 60,0007} S ElolEl9F 10,00072)
%7} dlolelz g€t & dAFelr= o] o

S 93ke] 1~5 W9l =z} o|u]#] 30,0007
2 8hgr dlolEl® Abgata, 500012 HE o]
B2 ARttt HE AadE "rkshr] flst
o] giatol A e 1;; kAl 120705 AFES)
JoH, 1 EEE ¥ 3% gk

E 3. HAE HlolE{e| Zt =X} I
Table 3. The number of each digit
in the test data

Digit 1 2 3 4 5

Number 852 1040 979 844 26
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Fig. 8. Sample answer sheet used as
evaluation data
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Table 4. Performance comparison between
pre-trained model and transfer learning model

Recognition Model Avg
Existing EasyOCR 89.15
1~5 Transfer Learning 93.58
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Table 5. Recognition rate and non-recognition

SIAET o] 2IAE

rate of each digit in the pretrained model

Predicted Class

True Class 1 2 3 4 5 None
1 85.80 0.23 0.9 2.35 0.23 10.45
2 2.40 95.10 0.48 0.67 0.19 1.15
3 0.41 10.83 33.86 0.20 3.98 0.71
4 415 0.9 0.12 92.18 0.71 1.90
5 0 0 0 0 100 0
F 6. 1~5 <At 0[0|X|E ©o| st&5dt D2 o 2t A} QlAED} 0] QIAlE
Table 6. Recognition rates and non-recognition rates of each digit in the
1~5 Digit Image Transfer Learning model.
Predicted Class
True Class 2 3 4 5 None
1 96.71 1.29 0.23 1.29 0.47 0
2 0.57 97.02 0.29 0.77 1.35 0
3 0.20 858 86.93 1.23 2.96 0.10
4 0.59 1.66 0.24 93.96 3.55 0
5 0 0 0 0 100 0
BEER R
BRI
Bl E [0 e [Ol@ (Bl e

32 9. MNIST Database =Xl 22} 32| &
(- =%} 2, ofzl: =&t 3)

Fig. 9. Partial MNIST Database digits 2 and 3

(Top: Number 2, Bottom: Number 3)
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Fig. 10. Digit Recognition Result
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