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Small-Scale, Low-Resolution Images of Handwritten Hangul
Syllables

Chae-Jin LIM', Jung-Soo HAN? Hyun-Seob LEE*
'PhD candidate, Software Convergence, Baekseok University
Professor, Division of Computer Engineering, Baekseok University

o g &34 ARs SEE EE g1V ofga Exfyol A, e#id ARoM = AT EAZF A UErd
LB ATE 98 SE gl AR A FEE Bt ghed B3 B2 BHgsks AR Bl 79 23} ok H]
A B4Rl Jamo-StructuredRFEF-2F)E ADorATE. AE g2 AT AAESE (HES- 97 1955~
19564 AR RN FET ALY E2X AE =4 olnlA 3,455%, 5347 SjATh ARy A A0
0.95, #+23 o]%o] U4HZA] 0.055 vjES}t. 5L CNN(Convolutional Neural Network, T45 417392} dlo]
E] ZA9A Hard Label(3t= ), Uniform Label Smoothing(s+5 2H¥ A%9), Matched-Random(ti-3 F2}
9 wj&)z wwst A, A ¥HE BEgold Macro-F1 89.55+1.82%, Balanced Accuracy(#3d HTE)
92.94+1.51%2 7V =2 B 45S EAh Macro-F12 Z vl 2B 4.99%p, 3.59%p, 9.68%p =%
ol AR FLATA ] WE EFERY FX3P} H F1 EA4FT AYE F 24 HE 2 EFRY BE
FAo 719 4= UE UEhdh

FHO 2 ESA 4, & 52 7, 729} olkHlolA, AX HI, H8 Zx, bl AF

Lo o

o,

Abstract Handwritten Hangul (Korean Characters) data are often limited by insufficient samples for
individual syllable classes, substantial class imbalance, and low resolution in older materials. To address
these issues, a jamo-tag-based structured annotation method, termed Jamo-Structured, is proposed, in
which jamo compositional information (initial, medial, and final components of a Hangul syllable) is
incorporated into complete-syllable labels and training target distributions. Experiments were conducted
on 3,455 low-resolution handwritten complete-syllable images from 534 classes extracted from the 1955
-1956 installments of the newspaper comic strip Oldman GoBau. In Jamo-Structured, 0.95 is assigned
to the target class and the remaining 0.05 to structural neighbors. Under the same CNN (Convolutional
Neural Network) architecture and data conditions, Jamo-Structured was compared with Hard Label,
Uniform Label Smoothing, and Matched-Random. Across three repeated Train-Test splits,
Jamo-Structured achieved a Macro-F1 of 89.55+£1.82% and a Balanced Accuracy of 92.94+£1.51%, the
highest average performance among the comparison conditions. Its Macro-F1 exceeded those of Hard
Label, Uniform Label Smoothing, and Matched-Random by 4.99, 3.59, and 9.68 percentage points,
respectively. These results indicate that Jamo-Structured target distributions can improve low-resolution
handwritten Hangul complete-syllable classification under small-scale, class-imbalanced conditions.

Key Words : Handwritten Hangul recognition, complete-syllable classification, structured annotation,
Hangul jamo tags, target distribution, label smoothing
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