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SSL4STR: Enhancing Korean Scene Text Recognition Performance
Using Self-supervised Learning With Masked Auto-encoder
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Abstract: This paper proposes a novel approach to enhance Korean scene text recognition (STR) performance using self-supervised
learning (SSL) with masked auto-encoder (MAE), called by SSL4STR. This research integrates MAE with state-of-the-art deep
learning methods, such as vision transformer (ViT), MGPSTR and DBNet++, to create the integrated Korean Scene Text Recognition
System. The SSL4STR leverages large-scale unlabeled datasets for pre-training and combines synthetic and real-world labeled data for
fine-tuning. The proposed model demonstrates robust performance under challenging conditions, including degraded and occluded
images, achieving significant improvements over existing models. The applicability of SSLASTR is validated in real-world scenarios
such as coastal surveillance and vessel identification, highlighting its potential in various Korean language applications.
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Fig. 1. Number of illegal activities in South Korean territorial sea in
2023 and identification of vessel name in coastal surveillance.
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Fig. 2. Architecture of masked auto-encoder [10].
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Fig. 4. Architecture and Self-Supervised Learning Method of the Proposed SSLASTR: Pre-training is performed to extract features from visible

patches of 50% randomly masked character images, and the pre-trained encoder is fine-tuned using the real-world

vessels’ name.
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Table 1. Hyper-parameters applied during training of SSLASTR.
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Xt olal A

==

or
o

& 521

HO

upa7deiA MAES] QlEH= J99ith. MAE® vhaidd
ofn|A] HAZRY A 55 VT JSH/HIHE F3l
Sttt 85 Al AdamWE Optimizer= AH§-3Ho 24 52

g gulo]ER Q1gF Bt S5s Fstal, HHFE oA
sh Bk QPgAQ] S-S friEslgivh Hgh 71 MAE[10]
ATe] 234 Avtol] wE} Initial Leaming RateS 0.00252 A
gatalnt. o] 3l A ¥ MAE Q1FTE oln|#] 9]
5o ARl BES g5ah,

MAE HZ0E AR 53 475 53] MAES] AR &
Fo] & o|FojHEA T HEHE stk 19 82
MAE A4 &< 314 5 AlHub 32 7HE omx & E13)
ANE T A5 ARlEela, A ouAE FARIE 50%
up7] ek el A= MAEZE i olu|Aell 7 o]m]A]
THE B Frhe 2 g1 Qltk
9 8<% 3148 Fine-Tuning YA ZA, $-4
0] KR-MGPSTR®] Q15T H-H-
HA Aol AP FEE MAEY l=viE thAlgh
SynthTIGER [30]5 &3l A3d€ Jol, &2, =8 238
wnk o] fHg ofmx|ot A sl A FdE At ojm]x
13 S A835I9t). Fine-Tuning Aol &4 4=
Cross Entropy =5 AFE-31913L, Optimizer= Ada-delta[30]12
Ag3p o]l Aol w} Initial Leaming RateS 1.0°.2 A
gste] Bt w2 s shelh

7]%¢] KR-MGPSTR el ©ls] #|okel SSLASTR &2l
< w7 F MAE #Ao] F7HES7] witel] ARdeks o
AlA = A AIE 77 ARE 915 dAlell A= 7]
& KR-MGPSTR 223} frAlgh k<5 A[7ke] A Q Itk

rgh ﬂ.llO =8
2 PR )

2l seTUP SEH0IE+T(EO, IR) 2 loTHOlE S o E94 as2y
11

IRG0IE|$E 05 8 2 UEH0|f

B

SE£0I8 HolE 53 UBA IRAOIEIFY

a9 9. doly 3 43 = Auk "o,

Fig. 9. Process of collecting data and the collected vessel data.
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Table 2. Performance comparison according to random masking ratio

during pre-training of MAE.

Random Masking Ratio Test Accuracy
MAE with 30% 71.62
MAE with 50% 73.31
MAE with 70% 70.61
MAE with 90% 72.64
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Fig. 10. Vessles’ Name Text Image Collected from the Actual Sea
(left), 50% Masked Image (middle), Image Reconstructed
by MAE (right).
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Fig. 11.Improved prediction results in the degraded and occluded vessels’ text images and attention maps of the proposed SSLASTR model.
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