Science and Engineering Connect, ISSN 3027-7914 (Online)
Vol. 48 No. 2 pp. 131-143 (2025)

UNAMNARY (Research Article)

nsAnwmaaLngnunsaseansdulneldinsevievaudaniin
An Experimental Approach to Signature Generation Using Generative
Adversarial Networks

AL nauduniviey, wly d3adan, nasaungy lvenia,

3AsaU A3uassauna*

Kunanon Klinchanhom, Decho Srisavat, Songkomkrit Chaiyakan,
Thitirat Siriborvornratanakul*

AnzadRUsEend andududiaimuuinsmans ngamns Ussmalne
Graduate School of Applied Statistics, National Institute of Development
Administration, Bangkok, Thailand

* Corresponding author E-mail: thitirat@as.nida.ac.th

Received 14 March 2023; Revised 5 April 2025; Accepted 9 April 2025

UNANED

< (Y g I = & A A o v 1 = Y @ LYY ¢
Aanulunuazinguszasd : aeluviseatsleveiinnudidgyediaunn wesnldludydnual
sruMnuvasuAnald Inevhly nseenuuuatedulinendemuuzthand@emgrsetnesnwuui
=~ 1% = o o« ° = a & Y <
fanuanunsaamzau vagntutagiu InsdwnaluladdygussAvgunldlununsnduaiedu

% A A au oo s A = v I = o v

wazn1saivaeloloy ideliiingussasdiefinynmsaiisaneduaindentndingulagld
38Rk LA (Generative Adversarial Network: GAN)

ad o a a o av 9w v . v A A o v
AWANIUN1TIVY  nuIeildyateya IAM Handwriting lagdayaninateiieideugniiing
nzUUNEEusTENAelY ScrabbleGAN 9ntiu hanedufiadslaunuseufisuiunadnsain
FLUUNLY Long Short-Term Memory (LSTM) uag Transformer nsuUsziiliunasiun1sniunig
Wisuiisulnsuywdiiofiansanauansswesaadunlinnusassinuy

a o Y @ ! 2/ 2 aa a [
HANT33Y : HANIINAABILAAILIATILTIT ScrabbleGAN a@nunsaasaeduilnuanasdlusyiu

= ra o o & o = ' & Ay v d‘ o = = v v
wila wilideymlunisidaiiuveas edemaranmun nvesans@uila tnadiaunluwIsudiisuiud
WUU LSTM uag Transformer wudn fuuunsaesivsednsamlunmsauiumdslafiniy uenaini
ANLALTSIBIEITUNaS9lAY ScrabbleGAN Siflnaunindsenitateduniasnanin LSTM
a3U : N5l ScrabbleGAN Tunsadanadulinadnsnlanuanaieszaunia urdiidediinluiu
o o & [ v I d‘l = = [y a

N1INIIANUNAILAZANNYNADIVOIFULUUABITU BB UMBUNUMALA LSTM Wag Transformer

ao A v @ I 1Y Y &4 1 o Y o a v < =
Han153delalaiuisenulululsveanisldineedandsiniinlunisaieaeduainteniw

gangy uideasTuusuiuRuelnlanadnsminiianelaanndu

Klinchanhom et al. (2025). “An Experimental Approach...,” Science and Engineering Connect 48 (2), pp. 131-143



132

nstilUldUslsnlludedin : iadwsonaadetasnsmiluvssgndldlunsiauszuuadng
aofusnluli Faiiuslomilunusunsasuuenansdidnnselind mIsenuuuaeiduany
uana waznsiaLeUnalnduilifedesiunisaisane e s umetygiuseivg wonani
pansfnundsanansaidusumdunsimulnaademoduiinunmgdulueuian

ARy : NS AT, N15EEUSTEN, wTetnedaudaiun

Abstract

Background and Objectives: Signature plays a crucial role in identity verification, as it
serves as a unique representation of an individual. Traditionally, signature design relies on
expert guidance from a skilled designer. Meanwhile, artificial intelligence (Al) has currently
been predominantly utilized in signature verification and handwritten text generation. The
present study therefore aimed to explore the generation of signatures from English names
using Generative Adversarial Networks (GANSs).

Methodology: The present research employed IAM Handwriting dataset. The dataset was
processed through a deep learning framework utilizing ScrabbleGAN. The generated signatures
were then compared with those produced by models based on Long Short-Term Memory
(LSTM) and Transformer architectures. The evaluation was conducted through human as-
sessment to determine the realism and quality of the generated signatures.

Main Results: The experimental results indicate that ScrabbleGAN was capable of generating
relatively realistic signatures. However, it struggled with background removal, which affected
the overall quality of the generated outputs. When compared ScrabbleGAN to LSTM and
Transformer models, these latter approaches demonstrated superior performance in eliminating
background noise. Additionally, the signatures generated by ScrabbleGAN were found to be
less visually convincing than those produced by LSTM-based models.

Conclusions: While ScrabbleGAN demonstrates potential in generating signatures from English
names, its limitations in background removal and signature authenticity highlisht the need
for further refinements. The present study suggests that although GAN-based approaches
can be utilized for signature generation, additional improvements are required to enhance
the realism and consistency of the generated results.

Practical Application: The findings of the present study can contribute to the development

of automated signature generation systems, which could be applied in digital document sign-
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ing, personalized signature creation and Al-driven handwriting applications. Furthermore, the
insights gained from the present research can serve as a foundation for improving signature
synthesis models, ultimately leading to higher-quality and more reliable signature generation

techniques.

Keywords: Signature Generation, Deep Learning, Generative Adversarial Networks
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Experimental Results
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Table 2 Generated signature images from the three models for the name “Mornortor”
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