& CAC CONG TRINH NGHIEN CUU,
PHAT TRIEN VA UNG DUNG CONG NGHE
THONG TIN VA TRUYEN THONG

ISSN: 1859-3526

Tap2025
So1
thang 6

S6 dacbiét CITA 2025

lesear Devejopm t nd
Apphratlod wmmon and

“Communication Technolo




CONG NGHE 4T

Tong bién tip
Nguyén Vin Hiéu

Thuong tryc Hoi dong bién tip
Chu tich
GS. TS. Lé Hoai Bic,
Truong Dai hoc Khoa hoc Ty nhién,
Dai hoc Qubc gia TP. Ho Chi Minh

Phé Chu tich
GS. TS. Tran Xuén Nam,
Truong Dai hoc Ky thugt Lé Quy Don

PGS. TS. Nguyén Khanh Vin,
Truong Dai hoc Bdch khoa Ha Noi

Thanh vién
GS. TS. Nguyén Thanh Thuy,
Truong Dai hoc Cong nghé, Pai hoc Qudc gia Ha Noi

PGS. TSKH. Nguyén Xuan Huy,
Vién Cong nghé thong tin, Vién Han Lam KHCN Viét Nam

GS. TS. Tit Minh Phuong,
Hoc vién Céng nghé Buu chinh Vién thong

GS. TS. Tzung-Pei Hong,
National University of Kaohsiung, Pdi Loan

GS. TS. Nguyén Xuén Hudn,
Middlesex University, Anh

TS. Giuseppe D’Aniello,
University of Salerno, Italia

Thu ky
TS. Nguyén Quang Hung

Dia chilién hé:
115 Tran Duy Hung, Ha Noi
Tel: (84)-24-37737136, Fax: (84)-24-37737130,
Website https: https://ictmag.ictvietnam.vn/cntt-tt
Email: chuyensanbcvt@mic.govvn
Chi nhdnh TP. H6 Chi Minh
27 Nguyén Binh Khiém, Quan 1, TP. H6 Chi Minh
Tel/Fax: (84)-28-38992898

Lién hé quang cdo, phat hanh:

Dién thoai:84- 24. 37737136
Bui Hong Duong

Email: bhduong@mic.gov.vn

Editor-in-Chief
Nguyen Van Hieu

Technical Editor-in-Chief
Le Hoai Bac
University of Science,
Vietnam National University Hochiminh City

Associate Technical Editor-in-Chief
Tran Xuan Nam
Le Quy Don University of Technology, Vietnam

Nguyen Khanh Van
Hanoi University of Science and Technology

Editor
Nguyen Thanh Thuy,
University of Engineering and Technology,
Vietnam National University Hanoi

Nguyen Xuan Huy
Institute of Information Technology,
Vietnam Academy of Science and Technology

Tu Minh Phuong
Posts and Telecommunications Institute of Technology,
Vietnam

Tzung-Pei Hong
National University of Kaohsiung, Taiwan

Nguyen Xuan Huan
Middlesex University, London, England

Giuseppe D’Aniello
University of Salerno, Italia

Secretary
Nguyen Quang Hung
Posts and Telecommunications Institute of Technology,
Vietnam Ministry of Information and communications

Gidy phép xudt ban s6 365/GP-BTI'TT, ngay 19/12/2014;

stia d6i s6 233/GP-BTI'TT ngay 23/5/2017.
In tai Cong ty CP In Ha Noi.
In xong va ndp luu chiéu thang 11/2024.

Gia: 60.000 dong



Cdc cong trinh nghién cuu, phat trién va ung dung

Cong nghé Thong tin va Truyén thong

https://www.ictmag.vn/cntt-tt Tap 2025, S6 1, Thang 6
S6 dac biét CITA 2025

MUC LUC

Phuong phap dién gidi cho mo hinh héi dap hinh anh tiéng Viét ...............................
................ Nguyén Thanh Tin , Tran Thi Phuong Linh, Lé Thanh Ting, Nguyén Tién Huy
Mot phuong phdp gidu tin thuan nghich c6 kha ning nhiing cao st dung ky thuit dnh kép va hé

tNh tOAN CO SO 13, Lottt
................... Pham Minh Thai, Lé Kinh Tai, Nguyén Hiéu Cuong, Nguyén Quang Chanh

Phuong phap xit 1y tin hiéu va tao dnh 3D cho cdc vat thé dusi nudc bang cong nghé sonar chii
0 )

Khmer News Classification in Low-Resource Settings: A comparative Analysis of Embedding
MethOod . ...

Du bdo xu huéng mua vu trong cac bénh tai mai hong: Phan tich so sanh gitta cac mo hinh hoc
MAY thONE K& ...t

Panh gid cdc md hinh hoc siu cho bai toan du doan 18i phan mém trén bo dit liéu BugHunter . . ..

............. Dang Thi Kim Ngan, Dao Khanh Duy, Ha Thi Minh Phuong, Nguyen Thanh Binh

11

21

30

37

50



Cdc cong trinh nghién cuu, phat trién va ung dung

Cong nghé Thong tin va Truyén thong

https://www.ictmag.vn/cntt-tt Tap 2025, S6 1, Thang 6
S6 dac biét CITA 2025

TABLE OF CONTENTS

An XAI Method for Vietnamese Visual Question Answering Models ..........................
................ Nguyén Thanh Tin , Tran Thi Phuong Linh, Lé Thanh Ting, Nguyén Tién Huy

A Reversible Steganography with High Embedding Capacity using Dual Image Technique and
Base 13 Calculation SyStem .. ...ttt e
................... Pham Minh Thai, Lé Kinh Tai, Nguyén Hiéu Cuong, Nguyén Quang Chanh

Method for Processing Signals and Creating 3D Images for Underwater Objects using Active
Sonar TechnOlOZY . .. ... e

Khmer News Classification in Low-Resource Settings: A comparative Analysis of Embedding
MethOod . ...

Forecasting Seasonal Trends in Ear Nose Throat Diseases: A Comparative Analysis of Statistical
and Machine Learning Models ... ... ... i e e
............... Phuc Tran Huu Le, Huynh Nguyen Khanh Tran, Le Viet Ha Tran, Luong Hoang

Performance Analysis of Deep Learning Models for Software Fault Prediction Using the
BugHunter Dataset . . ... ...
............. Dang Thi Kim Ngan, Dao Khanh Duy, Ha Thi Minh Phuong, Nguyen Thanh Binh

11

21

30

37

50



Cdc cong trinh nghién cifu, phat trién va ing dung CNTT va Truyén théng
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Tém tat: Dién giai trong mo6 hinh hoi dép hinh anh Ia chii @& dudc quan tim bdi vi tinh minh bach ctia md hinh s& gitip
ngudi st dung tin tudng ciing nhu hi€u vé diém manh va han ché cia mé hinh. Cdc md hinh da phuong thiic nhu héi dap
hinh 4nh st dung ca hai loai di liéu hinh dnh va van ban, do d6 giy thach thic cho cac ky thuat giai thich thudng chi ap
dung trén mot loai dit liéu. Trong cong trinh nay, chiing t6i d& xuit két hop phuong phap gidi thich hinh 4nh Grad-CAM
va phuong phédp gidi thich vin ban Transformer dé€ phan tich hanh vi ctia mé hinh. Cic két qui thu dudc trén tap dif lidu
héi ddp tiéng Viét gitip ching toi rit ra cac nhan xét nhu sau: i) Transformer thi gidc trich xuét dic trung toan cuc trong
khi ResNet trich xuit dic trung cuc bo; ii) md hinh suy luin khong t6t véi anh cé nhiéu yéu t& gy nhiéu; iii) phuong
thiic vin ban c6 it tic dong hon phuong thic hinh 4nh; iv) md-dun PhoBERT c6 su thién vi mot sb cAu hoi nhét dinh.

T khoéa: tri tué nhdn tao khd dién, héi ddp hinh dnh

Title:
Abstract:

An XAI Method for Vietnamese Visual Question Answering Models
Interpretability in Visual Question Answering (VQA) models is a topic of interest because the transparency of the

model can help users trust and understand its strengths and limitations. Multimodal models like VQA utilise both
image and text data, posing challenges for interpretability techniques that are typically designed for a single type of
data. In this work, we propose a combination of the Grad-CAM image explanation method and the Transformer-based
text explanation method to analyse the behaviour of the model. The results obtained from the Vietnamese VQA dataset
lead us to the following observations: i) the visual Transformer extracts global features, while ResNet extracts local
features; ii) the model struggles with images containing many distracting elements; iii) the text modality has less impact
compared to the image modality; iv) the PhoBERT module shows bias toward certain types of questions.

Keywords: XAl visual question answering

I. GIOI THIEU

Dién gidi mé hinh tri tué nhan tao (AI) 12 mot qué trinh
gitip con ngudi hiéu rd hon vé ciach ma mo hinh hoat dong,
tai sao n6 dua ra cic quyét dinh hodc du dodn nhit dinh.
Qua trinh nay khong chi giip ngudi st dung tin tudng vao
quyét dinh cta ting dung tri tué nhan tao ma con gitip tim
ra diém manh, diém yéu, ciing nhu cic diém 18i cia md
hinh [1].

Cic nghién ctu vé dién gidi mo hinh tri tué nhan tao
ngly nay ciing da dat dudc nhiéu budc tién quan trong.
N&i bat c6 thé ké dén nhu nhém Sevalraju va céc cong su
[2] @& xuit st dung Gradient ctia mot 16p theo mot tang
tich chap dé tinh ra mot biéu do thé hién su quan trong cia
cdc diém anh hoic dic trung dudgc trich xuit cla tang tich
chiap dang xét. Nhom Chefer va cac cong sy [3] st dung

cdc luat két hop gilta qué trinh lan truyén tSi (forward) va
lan truyén ngudc (backward) dé tao ra biéu dd lién quan
gilta cac dic trung anh hodc vin ban dé dién giai cho md
hinh Transformer.

Tuy nhién, hiu hét cic nghién citu vé tri tué nhan tao kha
dién thudng tip trung vao cdc md hinh don phuong thuc.
Trong khi d6, v6i su phat trién clia cac hé théng tri tué
nhan tao gin diy, hoc mdy da phuong thic dang tr§ thanh
dé tai nghién cifu quan trong, nhian dudc sy quan tim cta
rit nhiéu nha khoa hoc. M6 hinh da phuong thiic ¢6 thé xi
ly ddng thoi nhiéu ngudn dit liéu khac nhau nhu 4m thanh,
hinh anh, vin ban... Viéc két hop cic thong tin da dang
nay 1a v cung can thiét va déng vai trd quan trong trong
su bung nd khong ngiing clia cic dif liéu da phuong tién
ngiy nay. Trong sb d6, cic nghién cifu da phuong thiic c6
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su két hop gifta anh va vin ban dang dudc tip trung ngay
cang nhiéu nham giai quyét cdc bai toan ddy thi thach nhu
chi thich 4nh, hdi ddp trén 4nh, sinh anh tif vin ban... N&i
bat trong s6 d6 c6 thé ké dén cac bai todn thuc té nhu hdi
dép hinh &nh gidp ich cho ngudi khiém thi ctia Le va cdc
cong su [4]. Nghién ctiu nay dé xuit hé théng da phuong
thiic ngdn ngit - thi gidc gidi quyét vin dé cla tap dit lidu
chét luong thip ching han nhu thiéu ving cdc vat thé. Ciing
trong chii dé nay, Nguyen va cic cong su [5] da dé xuét
cac md hinh da phuong thic dua trén co ché attention va
cdc bién thé nhu attention c¢6 huéng din dé ting do hiéu
qua. V6i su phét trién khong ngling nay, viéc dién giai cac
mo hinh da phuong thiic, cu thé 1a v6i bai toan hodi dap
hinh anh, 12 nhu cau thiét yéu va vo cling can thiét.

Mic du di c6 nhiéu nghién cttu vé dién giadi mo hinh
héi ddp hinh anh, nhung hiu hét déu tip trung vao cic md
hinh dugc huén luyén trén dit lidu tiéng Anh. Chua c6 nhiéu
céc cOng trinh tap trung giai thich hanh vi cia mé hinh da
phuong thiic trong tiéng Viét. Do d6, nghién cifu clia ching
toi tp trung vao viéc khao sat va chon lya phuong phap
giai thich phd bién va hiéu qua dé d4p dung cho mé hinh
héi ddp hinh 4nh tiéng Viét. Cu thé, cong trinh dé xuit st
dung két hop gitta Grad-CAM [2] va dién giai Transformer
[3] d€ 1am rd hon qud trinh ra quyét dinh ctia mo6 hinh héi
dap. Dua trén cic gidi thich, ching t5i tién hanh phan tich
dinh tinh d€ tim hi€u nhitng khuoén miu, hanh vi cling nhu
diém manh, diém thiéu sét ciia mo6 hinh hoéi ddp hinh anh.
Tur d6, cong trinh it ra bbn két luan chinh:

1) Khéi Transformer thi gidc c6 xu huéng trich xuit
dic trung toan cuc, trong khi khdi ResNet chii yéu
tap trung vao viéc trich xuét dic trung cuc bd.

2) Mo hinh khong thuc hién suy luan t6t khi xt ly cic
hinh 4nh chia nhiéu vat thé.

3) Théng tin vin ban it 4nh hudng dén két qua suy luan
hon so véi thong tin thi giac.

4) Khbi PhoBERT thé hién su thién vi nhit dinh trong
qua trinh suy luan.

Tiép theo, trong phan II, ching toi s& trinh bay céc ky
thuat co ban trong dién gidi. Sau d6, phuong phap dién giai
cho m6 hinh héi dép sé dugc dé xuét & phan III. Hai phan
IV va V sé trinh bay céac thuc nghi€ém ciing nhu thao luan,
phan tich vé cic két qua nay.

II. MOT SO NGHIEN CUU LIEN QUAN
Trong phan ndy, ching tdi trinh bay mot s6 nghién ciiu

lién quan vé phuong phdp dién giai cho mé hinh tri tué
nhan tao.

1. Dién gidi bang phan ra da phuong thic (DIME)

Xét trén bai todn héi ddp hinh anh, DIME [6] phan ra
mot mo hinh da phuong thiic thanh hai thanh t6: déng gép
cua ting phuong thiic va tuong tac cia cac phudng thic.

Sau khi phan rd mo hinh, DIME tao ra dién giai bang
céch danh gia mo6 hinh, xem xét su thay ddi ciia logit trén
mot 16p du béo ¢, bang cach tao ra mot tap dit liéu méi nhu
sau: thuc hién n 1an viéc thay d6i ngau nhién mot ving trén
4nh so véi 4nh ban dau hodc thuc hién n 1an viéc thay d6i
ngiu nhién mot chit trong ciu hdi so v6i cau hdi ban dau.
Trong moi trudng da phuong thic, mot tip di liéu méi chi
nén chia cdc thay déi cia mot phuong thic (chi 4nh hoic
chi vin ban), phuong thiic con lai giit ¢6 dinh. Cubi cling,
thuc hién khép mot ham tuyén tinh trén di liéu logit cla
16p c. Két qua thu dudc 1a trong sb clia cic ving trén anh
dung d€ 1am biéu dd nhiét anh va histogram cta céc chit
trong céu hoi.

DIME truc quan trén tiing phudng thiic (cau hdi va hinh
4nh) d€ dua ra biéu do nhiét thay vi truc quan tai tiing mo-
dun ctia md hinh. Gi st nhu ngudi 1ap trinh mudn biét do
hiéu qua (kha ning trich chon dac trung) cla tiing mo-dun
trong md hinh d€ can nhic md rong, thay thé hoic sira 15i,
ho khong c6 mot céch truc tiép dé€ dua ra quyét dinh. Mot
vAn dé khéc ching t6i Iuu tam 1a quy trinh ctia DIME tén
kh4 nhiéu thoi gian, bsi vi phai lip lai qua trinh suy dién
trén tap dit liéu méi 16n hon nhiéu so vé6i dit liéu ban dau,
day c6 thé 1a noi "nghén c6 chai" clia phuong phap nay.

2. Dién giai bang van ban kem biéu do nhiét

Trong bai toan hoi dap hinh anh, nhém tic gia Park va
cdc cong su [7] dé xuit huin luyén mot mo hinh c6 kha
ning tra 1i cau hoi va tao ra dién giai bang vin ban lan
dién giai bang biéu dd nhiét trén hinh anh.

D€ thuc hién diéu nay, tic gid da dé xuét hai tap di liéu
méi chida chan tri clia vin ban dién giai va biéu do nhiét.
Vé kién tric clia md hinh, tic gid gdp ca hai phan tao ra
cau tra 10i va tao ra dién giai thanh mot kién triic thong
nhét. Pau vao 1a cau hdi va hinh anh dé tao ra cau tra 15i;
sau d6 ding ca ciu hdi, hinh 4nh va ciu tr 15i d€ tao ra
bi€u d6 nhiét anh, tir d6 tao cic dic trung attention dé dua
ra dién giai viin ban.

Mic du phuong phap nay tao ra dién gidi rit than thién
v6i nguoi dung, nhung viéc tao ra chén tri cda van ban
thuong do con ngudi thuc hién, va phai trai qua quy trinh
sang loc dé€ thu dudc dif liéu chat lugng cao, do d6, rit ton
kém dé thuc hién diéu nay.

3. Phuong phap biéu do 16p kich hoat st dung
Gradient (Grad-CAM)



a) Phwong phdp biéu do 16p kich hoat

Biéu dd 16p kich hoat (CAM) [8] la mot phuong phap
tric quan bang cach st dung bidu do nhiét d€ chi ra ving
anh dic biét ma mo6 hinh CNN st dung dé xac dinh nhan
clia mot nhan nhét dinh trong tap cic nhan diu ra. O ting
CNN cubi cung, trude khi 4p dung mot ham kich hoat dé
xdc dinh dau ra (vi du nhu softmax cho viéc phan 16p),
ngudi ta dung phép gdp trung binh toan cuc (GAP) cac
biéu dd dic trung tich chap, sau dé cho qua mot ting két
nbi day dic dé€ dua ra két qua. Két qua cia viéc ap dung
GAP 1a tao ra mot vector, t8 hop tuyén tinh phan ti thy i
clia vector nay véi biéu do dic trung thy i tuong ng trong
tang CNN cubi cling sé cho ra mot biéu dd duy nhat dugc
goi 1a biéu do 16p kich hoat. Nhugc diém ctia CAM nam &
biéu dd dic trung. BSi vi can thay d6i kién tric mo hinh,
cu thé 1a thém phép trung binh toan cuc vio biéu dd dic
trung cubi cung, nén hiéu qua da bi gidm sit & mot sb tic
vu nhu phan 16p va khong thé ting dung cho cic tic vu két
hgp anh va van ban.
b) Phwong phdp biéu do 16p kich hoat sit dung Gradient

Biéu dd 16p kich hoat sit dung Gradient [2] 1a mot giai
phdp cii tién cia CAM nhiam loai bé nhiing han ché da
néu. Bing cich sit dung Gradient, phuong phap nay khong
can thiép vao kién tric ctia mo hinh va hoan toan kha dung
cho cic tic vu két hgp anh va vin ban. O ting két ndi day
dic cubi cung ciia md hinh, ta thu dudc logit, y¢ cta nhan
¢ nao dé (d6i v6i bai toan phan 16p), Grad-CAM sit dung
Gradient ctia y¢ theo mdt ham kich hoat AX trong 16p tich
chép, hay ndi cach khac Ia %. Ap dung phép gop trung
binh toan cuc cdc ludng dao ham theo tiing diém anh cla
anh d€ cho ra trong s6 quan trong ciia di€m é&nh, goi 1a of.

1 dy©
QZ:ZZ;ML{; (1

Day 1a phuong phép sé dugc st dung dé gidi thich cac
khdi thi gidc trong quy trinh dién gidi clia nghién ctiu nay.

4. Phuong phap dién gidi cho kién tric Transformer

a) Su dung attention thé

Nhu da biét, & trong self-attention thi dau ra chinh 1a
téng c6 trong sd cia dau vao.

T

A= softmax(Q :

Vd,
O=A-V 3)

) @)

Cu thé hon, mdi diu ra y; dng véi token i sé 1a tdng c6
trong sd clia cdc vector gia tri v clia tit ca cic token:

Tip 2025, S6 1, Thing 6

yi= Zai,jvj 4)
J

trong do, trong sb a; ; 1a phén ti thd ,j cla ma tran
attention A.

Thé nén, bang cach thuan tiy nhit, ta ¢ thé sit dung gid
tri a; ; dé u6c lugng miic dd chii ¥ cla token j véi token
i. Ma trin attention A trong self-attention dung dé do miic
do déng gbp clia tit cd cic token dau vao dbi véi token
dau ra va méi dong trong ma tran A biéu thi cho su déng
g6p clia tit ca cac token dbi véi mot token (token dang xét
tai dong d6) (Hinh 1).

T3
T2
T1

CLS

CLS T1 T2 T3 T4

Hinh 1. MO0 ta ma trin attention cia mot ciu véi 4 token.

Vi token <CLS> chita thong tin phan 16p toan cuc cua
dic trung dé€ dua ra du doan phan 16p cubi cling, nén né
sé dugc st dung d€ dua ra dién gidi. Thong thuong, ta sé
chi xét dong tuong tng véi token <CLS> c¢6 trong ma trin
A d6, cling c6 nghia Ia ta tap trung vao cic dong gop cua
tit ca cdc token c6 trong dau vao Ién token <CLS>. Tuy
nhién, ta ciing can phai loai b token diu tién (ciing chinh
la token <CLS>) vi viéc ldy thong tin déng gép ciia token
<CLS> lén chinh né6 la hoan toan vo nghia.

Han ché: Maic du phuong phap nay kha don gian va
nhanh chéng nhung [9] chi ra ring ddi véi cic md hinh
Transformer c¢6 qua nhiu 16p attention, cang di sau hon
thi sy dién giai trong kha "dong déu" (Hinh 2). Theo quan
sat cua tac gia, cang di siu hon thi cic embedding cang
dugc ngit cdnh hda, lam cho céac thong tin embedding mang
y nghia tudng ty nhau.

Vén dé can gidi quyét: Phuong hudng kha thi nhit 1a tan
dung va phét huy cang nhiéu thong tin trong Transformer
cang t6t. Vi du nhu Transformer c6 nhiéu block va head,
mdi cai déu chifa ma tran attention, chiing ta c6 thé "tdng
hop" céc thong tin nay lai. Tat nhién ciing sé phat sinh céc
thach thic sau day:

o Nhiéu ddu attention: Mot sb head c6 thé sé khong

mang y nghia quan trong dbi v6i dau ra, cho di ¢6 bd
qua nhiing head nay thi md hinh van dua ra du doan
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<Cls=
<bos>
the
key -
T
the
<cls=>
<hos=
the
article
ol
NNP

<verb> -
3
1

cabinets -

Hinh 2. Biéu dd attention thé cho token

t6t. Vay nén ta khong thé xét ciac ma tran trong tiing
head mot cach "binh déng" dudc.

« Nhiéu ldp attention: Thong tin token dudc truyén giita
céc 16p (khdi) attention nhu thé nao va lam sao dé tinh
toan dudc chuing.

Cic phuong phép duéi day da dugc dé xut dé gidi quyét
nhiing thach thic dudc néu trén.

b) Attention Rollout

Attention Rollout [9] st dung dé quy d€ tinh attention
ctia tiing 16p trong Transformer tif gid tri embedding dau
Vao.

- Pbi véi viée giai quyét nhiéu dau attention: Viéc
phan tich thong tin clia tiing dau doi héi phai xét dén viéc
céc thong tin gilta ching bi hoa 1dn vé6i nhau. Trong bai
bdo gbc, d€ cho don gian thi tic gia chi tdng hop cac dau
trong mot 16p lai thanh mot dau duy nhit d€ tinh todn bang
cach 14y trung binh attention cic dau.

E(A®) = 23 A (5)
M m

trong do, b dai dién cho 16p (block) thid b.

- P6i v6i viéc lan truyén thong tin giita cac 16p
attention: D€ tinh toan dudc céch thong tin dugc lan truyén
gitfa cic 16p, dau tién, ta khong thé khong xét dén cac két
ndi phan du cé trong mo hinh. Nhitng két n6i phan du nay
déng vai tro rit quan trong trong viéc lién két cic vi tri
tuong ting nhau gitta cic 16p. VAy nén, tic gia dé xuit viéc
chén thém trong s6 dé€ biéu dién cho cac két nbi phan du, cu
thé 12 cong thém mot ma tran don vi véi ma trin attention:
A=1+E,(A®).

DE€ tinh todn attention ti 16p thi i (/;) truyén dén 16p thi
j (1), ta nhan cdc ma trdn trong s6 attention theo kiéu dé
quy:

Al (6)
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large -

025 © 0.60
020 7 0.45
.
0.15
0.30
.
0.10
~ 0.15
-0.05
-
a A s A 1) Ly wn = c = ri) @ M
E o w5 5y 5 2 &€ T 2 £ T &
4 8 v 8 C = 3 = E g
g > A4 [ Q£ >
WV v

<CLS> tai cac 16p khac nhau [9].

V6i cong thifc nhu trén, d€ tinh todn attention tit dau vao
(16p dau tién), ta c6 cong thic A(l;) = A(L) - A(L) - ... -
A(l;) (attention tif 16p thit i dén 16p dau vao). Sau khi thuc
hién Rollout, ta c6 thé tinh dugc "miic do dong gép" clia
16p dau tién t6i 16p dau ra (véi i 1a 16p cudi cling). Phuong
phap nay hiéu qua hon nhiéu so véi viéc st dung attention
thd vi attention tho chi tinh duge "mic do dong gép" cia
16p gan cudi dbi véi 16p cudi.
¢) Phuong phdp duoc dé xudt trong bai bdo Transformer
Interpretability Beyond Attention Visualization

Bai bo [3] chi ra rang phuong phap Rollout vin con qua
don gidn. Thé nén, tic gia da md rong va cai thién phuong
phép nay véi cac y tudng sau day:

- Tong hop cic diu attention bang relevance va
Gradient: BSi vi mbi dau sé thé hién cédc thong tin khéc
nhau nén "mic d6 déng gép" clia tiing diu ddi véi du dodn
ciing phai khac nhau. Néu ta chi sit dung cach liy trung binh
nhu phuong phép Rollout thi sé khong thé hién dudc dic
diém nay. Do d6, ta cAn phii xem xét t6i viéc dit trong sb
cho titng dau. Trong bai bao niy, tic gia st dung Gradient
dé 1am trong s6, Gradient ciing cho biét thong tin lién quan
dén phan 16p. Ngoai ra, thay vi sit dung thuan attention, tac
gia lai st dung relevance dya vao phuong phap LRP [10]
dé€ biéu dién cho attention ctia mdi dau trong ting 16p.

1
En(A") = Im Z VALY o RGY) (7
m

= b) [
Vi1 VA( ,
m PN

chiing ta can dién gidi.

ye 1a gid tri du ra cta 16p ¢ ma

Tuy nhién, vi ta chi cAn tip trung vao phan nao cla dic
trung diu vao cé ¥ nghia dbi v6i du doan, nén ta sé chi
xét t6i cac dong gop duong va loai bo cac dong gbp am ra
khéi ma trdn Relevance:

1
En(A®) = = 3" VAl o R ®)
m



-Lan truyén thong tin giita cdc 16p attention bang
nhan ma tran: Y tuéng van giit nguyén giéng nhu phuong
phép Rollout:

A®) = [+ Ep(A®) )

C=AD.A® . . A® (10)

Pa s tap dit liéu vé linh vuc héi dap hinh anh thiéu
vang dién giai chan tri, do d6, d& xuét ctia ching toi 1a sit
dung cdc phuong phdp khong cin dén dién gidi chan tri,
ching han nhu biéu dd nhiét va histogram. Muc tiéu ctia
chiing t6i thién vé dién gidi md hinh hoat dong hon la dién
gidi dé& hiéu cho ngudi dung cudi, bsi 1& biéu dd nhiét va
histogram ciing khong qué than thién véi ngudi dung cudi;
do do, chung t6i s€ giai thich mod-dun trong md hinh ma
khong nhin manh vao tac dong clia tiing phuong thifc. Dic
biét hon, ching t6i stt dung m6 hinh duge ching minh c6
dd hiéu qua t6t cho tic vu hdi dap hinh anh tiéng Viét dé
phan tich nhiam dua ra huéng cai thién cho md hinh.

III. PHUONG PHAP PE XUAT

Trude tién, ching toi gidi thiéu md hinh dudc st dung
trong thuc nghiém, bdi vi quy trinh dién giai dé xuit gin
lién véi mot mo hinh hoc da phuong thifc cu thé.

1. M6 hinh héi dap hinh anh

Mo hinh hdi ddp hinh 4nh tiéng Viét cia nhém Nguyen
va céc cong su [5] dugce chon d€ phan tich vi do chinh xdc
dat 60,76% véi kién tric két hop gifta attention va mang
no-ron tich chap. Pay 1 nhiing khbi kién triic phd bién
trong cac tac vu hdi dap hinh anh.

Kién tric ctia md hinh dugc thé hién & Hinh 4, cu thé
nhu sau:

1) Pau vao clia m6 hinh gdm maot hinh dnh va mot cau
héi.

2) Hinh 4nh di qua song song hai mang gom: i) ResNet
dé trich xuét dic trung thi gidc cuc bo; ii) Transformer
thi gidc (ViT) d€ trich xuét dic trung thi gidc toan
cuc, trong khi ciu hoi s& di qua PhoBERT va tang
self-attention da dau (MHSA) d€ cho ra dic trung
ngon ngit. Nhu vy c6 ba dic trung dudc tao ra, gdbm
hai dac trung thi giac va mot dac trung ngdn ngi.

3) Mbi dic trung thi gidc sé di qua tang attention c6
huéng din tuong dng. Trong tang nay, dic trung thi
gidc sé 1am truy van va dic trung ngdn ngit sé lam
khoa va gia tri. K&t qua 1a cho ra hai dic trung thi gidc
c6 huéng dan tuong ting véi tiing loai. TAng attention
c6 huéng din cda dic trung ngdn ngit sé dudc trinh
bay sau.

Tip 2025, S6 1, Thing 6

4) Ting dic trung thi gidc c6 hudng din sé di qua mot
tang top-down attention dé cho ra mot vector dic
trung thi gidc. Hai vector déac trung thi gidc dugc tao
ra bdi qua trinh nay sé nbi lai d€ tré thanh dic trung
thi gidc da ngtt nghia.

5) Quay lai v6i dac trung ngdn ngt. Sau khi dudc tao
ra, dic trung ngdn ngt s€ di qua attention c6 hudng
dan véi dic trung ngdn ngi 1a truy vAn va dic trung
thi gidc da ngit nghia lam khoéa va gid tri. Két hop
v6i phép gop thi cudi cling cho ra dic trung ngdn
ngii ¢6 huéng dan.

6) Dac trung thi gidc da ngt nghia va dac trung ngodn
ngit c6 huéng dan sé di qua tang két nbi day dui va ap
dung tich Hadamard 1én ching d€ cho ra dic trung
da phuong thic.

7) Cubi cing, dic trung da phuong thic di qua 16p phan
loai d€ dua ra nhan.

M6 hinh nay dudc huén luyén va dinh gid trén tap di
liéu cho tic vu héi ddp hinh anh tiéng Viét ViVQA [11]
v6i do chinh xéc 1a 60.76% va diém F1 1a 59.86%.

Chiing to6i dé xuét thit nghiém nhiing phuong phap da
dugc ap dung thanh cong cho tap dit lidu tiéng Anh. Ching
toi tap trung vao giai thich ba mo-dun: mang nd-ron tich
chap, kién triic Transformer va cd ché attention c6 hudng
dan.

2. Phuong phap
a) Gidi thich mang no-ron tich chdp bang Grad-CAM

Nghién ctiu vé Grad-CAM [2] da cung cip day du ly
thuyét vé phuong phdp nay. Goi / 1a nhan tai dau ra cta
mo hinh, y! 1a logit tai tang phan 16p (trudc khi di qua
softmax). Tai mot tang tich chip A cudi cung trong kién
triic, ta dé dang tinh dudc Gradient G = %- Ngoai ra, ta
ciing Iuu lai gid tri trong qud trinh lan truyén tién (forward)
clia md hinh tai ting tich chap A nay, goi 1a C. G va C
déu 1a tensor 4 chiéu (danh sb tit 0 dén 3) c6 kich thudc
(b, c,n,n) véi b 1a kich thuéc mot batch dau vao; ¢ 1a sb
kénh sau khi di qua tang tich chap; n 1a kich thudc ctia ma
tran dédc trung thu dudc, § diy ta chi xét ma tran déc trung
vudng.

Qud trinh tim biéu dd nhiét nhu sau:

1) Tinh vector Gradient gop ctia G (goi la gp) bing céch
tinh trung binh G theo chiéu thd 0, 2 va 3, tidc 1a b
va hai kich thuéc n ctia ma trdn dac trung. Vector
gOp ctia Gradient gp c6 s6 chiéu bing véi kich thude
¢ cia G.

2) Tai mdi kénh thi i cda ma tran C, ta nhan chiing vé6i
phan tit thii i cla vector gop gp.

3) Tinh trung binh theo chiéu thi 1 cda C, tic 1a trung
binh theo toan bd kénh. Két qua thu dugc 1a mot
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Hinh 3. Mo t phuong phép. Gradient va Relevance dugc truyén tif ddu ra vé lai diu vio. Ngudn: Tir bai bdo "Transformer Interpretability

Beyond Attention Visualization" [3].
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Hinh 4. Kién triic ciia mo hinh hdi ddp hinh 4nh dudc st dung trong nghién cifu ciia nhém Nguyen va céc cong su [5].

tensor 3 chiéu (gdm 1 chiéu chda sb batch anh va 2
chiu chia biéu d6 nhiét), chifa ma tran cé thé dugc
truc quan hod thanh biéu dd nhiét.

b) Gidi thich self-attention

Ching toi st dung phuong phap dugc d& xuét trong
nghién ctu ctia nhém Chefer va cic cong su [3] vé dién
gidi co ché self-attention thong qua biéu d6 Relevance.

Pau tién, khdi tao ma tran Relevance R. Goi i 1a s6 lugng
token dau vao ctia mo-dun self-attention. Do md hinh nay
chi st dung co ché self-attention cho nén ta s& khéi tao ma
tran Relevance 1a mOt ma tran don vi.

R =T (11)

Tiép theo, thuc hién phép trung binh toan bd dau ciia
mo-dun self-attention sau khi nhan tiing phan ti v6i dao
ham cia chiing. Dit A 12 mot ting attention (chiia mo-dun
self-attention) nao d6 trong mo hinh.

- 1
A=Ep(A)=— VA, 0 A 12
W(4) = 57 2, (VAn© A (12)
Cudi cling, cip nhat ma tran Relevance.
R=R+ AR (13)

Ma tran R dudc dung d€ truc quan thanh biéu dd nhiét.
Véi kién tric dudc sit dung d€ xd ly vin ban (vi du:
PhoBERT), ngudi ta sé dit phin tii Relevance ctia token
<CLS> bang 0.

IV. THUC NGHIEM VA PHAN TICH
1. Tap dit liéu

Tap dit liéu dudc chiing toi st dung dé€ thuc nghiém 1a
tap ViVQA ([11]) bao gdm 10.328 hinh &nh cung 15.000
cip cau héi-trd 15i bing tiéng Viét c6 lién quan dén cac



hinh 4nh d6. Téic gia chia tap dif liéu thanh céc tp huin
luyén va tap kiém thit véi ty 18 8:2.

S6 lwgng (14.81%)

Vat thé (41.55%)

Mau sic (20.82%)

Dia diém (22.82%)

Hinh 5. Phan b cic ciu héi trong tap dif liu.

Céc dang cau héi c6 trong tap di liéu dugc chia 1am bbn
loai chinh, bao gdm: Vit thé, s6 lugng, mau sic, dia diém.
Phén b3 cic dang ciu héi dudc trinh bay trong hinh 5, luu
y rang phan bS nay & ca hai tap dif liéu 12 nhu nhau.

2. Phan tich

Nghién ctiu tip trung phan tich dinh tinh d€ dua ra nhitng
nhan dinh vé& hanh vi ctia mo6 hinh. Nhiing hanh vi nay phu
thudc vao hai thong tin ddu vao 1a hinh anh va cau héi. Khi
thuc hién thay d6i cac diu vao nay, ching téi quan sat dé
tim ra nhiing khuoén miu nhét dinh, hoic han ché ctia mo
hinh héi dap hinh anh. Do d9, ching tdi thuc hién cac thi
nghiém d€ quan sét sy thay d6i hanh vi tra 10i nhu sau:

1) Thuc nghiém trén ciu héi gbc va hinh dnh gbc ciia
tap du lidu.

2) Dua trén cau héi gbc, tao ra cac cau hdi 1am thay déi
y nghia cuda céu.

3) Dua trén cau héi gbc, tao ra cic ciu héi c6 y nghia
tuong duong.

4) Dua trén hinh anh géc, st dung phép bién d6i d€ lam
dich chuyén mot phan thong tin ctia hinh anh.

Duya trén céc thi nghiém trén, nghién ctu da rut ra dugc
mot 86 nhin xét nhu sau:

a) Khéi Transformer thi gidc cd xu hudng trich xudt ddc
trung toan cuc, trong khi khéi ResNet chii yéu tdp trung
vdo viéc trich xudt dic trung cuc bo.

Nhu dudc minh hoa trong hinh 6, hau nhu toan bo dbi
tugng trong dnh déu dugc khdi Vision Transformer chi y
dén, nhit 12 con ngudi va dong vat. Trong khi d6, & khoi
ResNet lai thé hién sy tap trung vao mot ving nhit dinh
trong anh.

Tip 2025, S6 1, Thing 6
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Hinh 6. Thuc nghiém trén ciu hoi gbc va hinh anh gbc d€ tim
hiéu vé& xu huéng tap trung ctia mo hinh. Nhitng bifc dnh c6 nhiéu
vat thé, Vision Transformer thudng tip trung vao toan bo vat thé
ton tai trong hinh (tinh toan cuc); trong khi dé, ResNet chi tip
trung vio mdt viing nhét dinh (tinh cuc bd).

b) M6 hinh khong thuc hién suy ludn tot khi xit Iy cdc
hinh dnh chita nhiéu vat thé.

Chung t6i phat hién mo hinh thudng bd qua thong tin
dén tlr cac gi6i tif nhu “trong”, “trén”, “dudi”,... vén dm chi
dén mdi quan hé giita cic chii thé trong cau hoéi. Vi du &
hinh 7, trong cAu hdi Con gi ndm dudi ban?, gi6i ti dudi
khong dugc mo hinh qua quan tdm 4nh huéng dén két qua
dua ra ctia mo hinh 1a laptop - mot vat thé nim phia trén
ban - chi khong phéi 1a con ché dang nam dudi ban.

Mot phat hién kh4 thi vi nita 12 m6 hinh dé bi danh lia
bdi nhiing tir khéa gy nhiéu, dién hinh nhu trong ciu héi
Cdiu bé dang ngoi xem cdi gi?, md hinh tip trung nhiéu vao
chit ngdi ma bd qua chit quan trong hon trong ngit cdnh 1a
xem, din dén ciu tra 15i ctia mo hinh 13 cdi ghé véi xic
suit kha cao. Pay 1a trudng hop rat dé gip trong tiéng Viét
khi ma mot cau cé clu tric ngit phdp phic tap va chia
nhiéu tir "gy nhiéu".

Ngudc lai, véi nhitng hinh 4nh it vat thé, mo6 hinh trich
xuét hgp ly hon. Trong hinh 8, cau hdi Mau ciia do la gi?,
md hinh tip trung vao ngudi dan 6ng va hai chd ché trong
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Eoiilgi dang nam Bldwéi ban

Hinh 7. Thyc nghiém trén ciu hdi gbc va hinh anh gbc (anh trén);
cau hdi dugc thay ddi khac ngit nghia (dnh dudi) dé tim hiéu vé
xu hudng tdp trung trén céu h01 va tac dong cua cic chit duge
tap trung. O anh trén, chit ngoz xem dugc tap trung nhung vi ngtt
nghia phic tap clia tir ndy din dén md hinh hi€u nham va cho
rdng tif ngoi xem cung nghia voi t ngéi. O anh dudi, chit dudi it
duge quan tim din dén mo hinh tip trung sai vi tri.
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Maticia ao la gi

[ma cla 4o la gi

Hinh 8. Thuc nghiém trén ciu hdi gbc va hinh 4nh gbc d€ xem
xét vé kha niing tap trung trén anh it vat thé va anh nhiéu vat thé.

4nh dAu tién; ngudi mic 4o tring dang trudt van trong dnh
phia dudi. Mic di vay, mo-dun ResNet doi khi trich xut
déc trung khong phu hgp trong nglt canh, vi du nhu mé-
dun nay tip trung vao hai chi ché mic di tAm diém ching
ta cAn 1a ngudi dan ong.
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Hinh 9. Tir trén xudng dudi la céc thuc nghiém: Dit liéu gbc; Thay
ddi cau héi; Tinh tién anh sang tri; Tinh tién dnh sang phai.

c) Théng tin vin bdn it dnh hudng dén két qud suy ludn
hon so vdi thong tin thi gidc.

Chiing t6i thyc hién thi nghiém v6i dau vio gdm bdn
tinh huéng dugc minh hoa & hinh 9:

1) St dung hinh anh va cau héi gbc.

2) St dung hinh anh gdc va thay ddi cau héi khac nghia

véi cau hdi gbe.

3) Si dung cau hdi gbc va tinh tién anh sang trai.

4) St dung cau héi gbc va tinh tién 4nh sang phai.

So véi biéu d6 nhiét v6i dau vao 1a hinh anh gbc va cau
héi gbe, thi nghiém thay ddi cau héi cho thiy su chuyén
dich viung tap trung ctia biéu do nhiét khong siu sic bing
thi nghiém thay d6i hinh anh.

Cu thé, dbi v6i thi nghiém thay ddi cAu hdi, biéu dd nhiét
4nh c6 su thay d6i nhe & do dam nhat clia ving tip trung.
Khi xem xét dén su thay d6i clia xdc suit phan 16p trong
thi nghiém nay so véi cau héi gbc, két qua cho thiy khong
c6 su thay ddi déng ké.

Su suy giam xdc suit du bdo trong hai thi nghiém tinh
tién 4nh 16 rét hon thi nghiém thay d6i ciu héi. Bén canh
d6, tinh tién anh sang trdi cho thdy rd rét nhat. Ngoai ra,
biéu dd nhiét dnh trong thi nghiém thay ddi ciu héi chi
thay ddi cudng do, tic 12 do ddm nhat, clia viing tip trung
chit khong tao thém hay bo di vung nao.



Diéu nay ciing d& hi€u vi hinh 4nh 13 ngudn cung cip
ngit canh trong tdc vu hodi dap hinh anh. Néu khong trich
xuét dic trung cu hoi thi mo hinh van c6 thé du doan dugc
v6i xdc sult du bdo tuong dbi cao dua vao vat thé trong
4nh; con néu khong trich xuét dic trung hinh anh thi s&
gdy kho khan cho viéc dy doan cia mo hinh.

d) Khéi PhoBERT thé hién su thién vi nhdt dinh trong
qud trinh suy ludn.

Trong thi nghi€m nay, ching toi tap trung vao viéc thay
ddi cau hdi nhu trong hinh 10. Khi thay ddi cau héi thi hau
nhu biéu dd nhiét dnh khong thay ddi va cac danh tit (bong
ciy, con vat) dudc quan tam nhiéu hon. Khi thay d6i sang
dang ciu héi dugc thé hién & Hinh 11 thi hau nhu su tap
trung ctia md hinh don vé chit con. Tit d6 cho thiy, khoi
PhoBERT khi dugc huén luyén hoic tinh chinh da c6 thién
vi v8i mot khuén mau cau hoi nhét dinh.
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dudi -cc') con gi

Hinh 10. Thuc nghiém sit dung mot hinh 4nh cling véi nhiéu cau
héi ¢ ciing nglt nghia d€ tim hiéu sy tip trung cia mo6 hinh trén
phuong dién cau héi. D& nhan thdy mot s6 danh tit nhu bong cdy
hay con vdt dugc tip trung nhiéu.

V. KET LUAN

Nghién cifu da trién khai cdc phuong phdp dién gii cho
ba khéi trong m6 hinh hdi dap hinh anh, cung cip cic dién

Tip 2025, S6 1, Thing 6
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cai -vét nao dang chay dudi béng cay

Hinh 11. Thuc nghiém sif dung mot hinh anh cling véi nhiéu cau
héi c6 cuing ngit nghia c6 chit con & diu cau dé tim hiéu xem md
hinh ¢6 thién vi v6i dang ciu hoi nay khong. V6i dang ciu chia
chit con & phia dau cdu nay, khdi PhoBERT 1uén cho ring chit
ndy quan trong nhAt.

gidi truc quan cho phuong thic hinh anh va vin ban. Pong
thoi, ching toi ciing da thit nghiém va kham pha ra mot sb
dic diém trong hanh vi ctia mo hinh, dua ra dugc mot sd
diém yéu ma md hinh thuong gip phai din dén viéc dua
ra nhiing phdn doan nham 14n.

Tuy nhién, viéc dua ra biéu dd nhiét c6 thé chua phan
dnh hét tinh chét ciia mo hinh va ban than ctia md hinh
khong c6 kha niing tu dién gii va phan hdi d€ tu cai thién.
Nghién ctiu c6 thé phat trién tiép dé€ cung cip khi ning
dién giai bang ngdn ngit tu nhién, d& hi€u hon so véi biéu
dd nhiét. Ngoai ra, viéc danh gid do hiéu qua cta dién gidi
van con 12 bai todn md cAn nhiéu nghién ctiu hon.
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Mot phuong phap gidu tin thuan nghich co
kha nang nhung cao su dung ky thuat anh
kép va hé tinh toan co so 13.

Pham Minh Théi!, Lé Kinh Tai?>, Nguyén Hiéu Cuong*, Nguyén Quang Chanh!
'Trusng Pai hoc Kinh té - Ky thuat Cong nghiép, 456 Minh Khai, Ha Noi, Viét Nam
2TrlIfjng Pai hoc Cong doan, 169 Tay Son, Déng Pa, Ha Noi, Viét Nam

3Truong Pai hoc Giao thong Van tai, s6 3 Cau Gidy, Ha Noi, Viét Nam

Tic gia lién hé: Nguyén Hiéu Cudng. Email: cuongnh@utc.edu.vn
Ngay nhan bai: 18/03/2025, ngay sta chita: 24/04/2025, ngay duyét dang: 22/05/2025
DOI: 10.32913/mic-ict-research-vn.v2025.n1.1364

Tém tat: Phuong phap Chen va cong su [1] d& xuit mot so dd RDH méi dua trén khai thac bién ddi theo huéng (EMD)
v6i hinh dnh kép. Nhd khai thac céc dic tinh clia ma trin EMD, mdt bit vA mot chit s6 cd sb 5 c6 thé dudc gidu trong
mot anh gbc d€ tao ra mot cip di€ém anh chia thong diép. Dit liéu sé dugc nhing trén 1 trong 4 huéng, trong dé cic tic

gia nhing thém dugdc 1 bit ngoai viéc nhiing 1 hé co sb 5, nén ty 1é nhiing 1°g225+1 = 1.66 bpp. D€ ting kha ning nhiing,
ching t6i dé xuit mot phuong phap nhing dua trén cd sé sd 13. Vi vay, ty 1& nhing c6 thé gin bing: @ = 1.8502

bpp. Ngoai ra, s6 luong anh bién ddi trong phuong phép giai quyét vin dé xuét ra nhd hon, nén chit luong anh tét hon
phuong phdp ctiia Chen va cdng su.

T khéa: gidu tin thudn nghich, dnh kép, hé tinh todn co sé 13, PSNR, ER.

Title: A Reversible Steganography with High Embedding Capacity using Dual Image Technique and Base 13
Calculation System
Abstract:  Chen et al. [1] proposed a new RDH scheme based on the extraction of directional transformations (EMD) with dual
images. By exploiting the properties of the EMD matrix, a bit of the password and a base 5 number can be hidden in
an original image to generate a pair of pixels containing relaxation. The data will be embedded in 1 of 4 instructions, in
which the authors embed 1 more aromatic in addition to embedding 1 base 5, so the embedding ratio is % =1.66
bpp. To increase the embedding caPacigy, we propose an embedding method based on base 13. Therefore, the embedding
ratio can be developed by using: %1* = 1.8502 bpp. In addition, the number of image transformations in the output
problem solving method is smaller, so the image quality is better than the method of Chen et al.
Keywords:  reversible data hidding, dual-image, base 13 number system, PSNR, ER.

I. GIOI THIEU thong tin mat dudc gidu vao cdc tép anh; sau d6 dnh chiia
tin dudc chuyén di va ngudi nhan hop phdp c6 thé 1iy thong
Viéc truyén thong tin qua Internet va luu trif trén “ddm  tin tif anh dugc gdi cho ho. Vi 4nh ban diu va 4nh gti di
may” ngay cang dudc 4p dung rong rai. Thé nhung, Internet  khong thé phan biét dudc, nén sé dé dang qua mit tin tic.
va “ddm mAay” dé bi tin tic xAm pham, nén viéc bdo vé
thong tin mat 12 mot yéu cau quan trong. Ma héa dit liéu Céc thuat toan gidu tin khong thuan nghich, nhu [3-6],
va gidu tin trén cic tép da phuong tién la hai gidi phdp chi c6 thé 1iy di liéu da gidu ma khong thé tdi tao dugc
bdo mat quan trong. Trong ma héa, dif liéu gbc (bdn r6)  anh ban dau. Vi viy, pham vi dng dung ciia ching bi han
bi bién d6i thanh mot day ky tu la (ban ma), khién tin tic ché trong nhiéu trudng hop can tdi tao anh gbc. Do do,
khong thé biét y nghia ctia ching. Tuy nhién, tin tic dé cdc ky thuat gidu tin c6 kha ning phuc hoi (reversible)
dang nhan ra bén trong cic ky tu la c6 thé chda dif lieu  hoidc khong méit dif lidu (lossless), thudng dugc goi chung
quan trong, khién ching ¢ ging tham ma. Pay la nhudgc la RDH (Reversible Data Hiding), da ra doi va ngay cang
diém ctia phuong phdp mat ma [2]. Theo huéng gidu tin, dugc hoan thién.
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Trong giai doan dau, cic phuong phap RDH chi yéu dua
trén viéc nén khong t&n hao cic bit ¢6 trong sd thip trong
4nh. Céc ky thuat nay c6 kha ning nhing thip vi hiéu qua
nén céc bit thip khong cao. M& rong hidu s6, viét tat 1a
DE (Difference Expansion) cua Tian [7], la ky thudt dang
chi y dau tién. Trong d6, hiéu cia mot cip hai diém lan
can dugc dich chuyén sang trdi d€ mot bit dudc chén vao
bén phai. Tuy DE c6 thé nhiing dudc nhiéu bit, nhung cic
diém 4nh bi bién ddi nhiéu, nén anh chifa tin c6 chit luong
thip. Phuong phdp DE dudc nhidu ngudi cii tién v md
rong nham nang cao dd trung thuc hinh dnh dong thdi ting
dung lugng nhing dir liéu nhu [8-10].

Sau d6, ky thuat dich chuyén histogram cta Ni va
cong su [11], goi 1a HS (Histogram Shifting), c6 thé xem
nhu phuong phdp dang chu y thd hai sau DE. Trong
HS, histogram cta anh dugc xiy dung. Hai gid tri dinh
histogram c6 tan suAt xuét hién cao nhit dudc xdc dinh
lan luot 1a PeakL (gia tri nhd hon) va PeakR (gid tri 16n
hon). Céc pixel trong anh dudc dich chuyén vé phia tréi
ctia PeakL va vé phia phai cia PeakR nhim tao ra céc
ving tréng tai hai vi tri dinh nay; ching sé dudc dung dé
chita dit liéu. Trong HS, mdi phan ti anh chi bi bién ddi
mot don vi nén chét luong anh sau khi nhiing tin khé cao.
S6 bit c6 thé nhiing trong HS bing tdng s6 lan xuét hién
tai PeakL va PeakR; tong nay noi chung khong 16n, vi da
s6 4nh tu nhién c6 histogram khong nhon nén cic gia tri
PeakL va PeakR thuong nhé. Ky thuit md rong hiéu sb va
dich chuyén biéu db tan suét, véi nhiing dic tinh uu viét,
thudng dugc ting dung 1am nén ting d€ phat trién nhiéu
thuét toan RDH khac nhau [12-20].

Yéu diém ctia cac ky thuat RDH 1a dung lugng nhiing
khong cao. Xuit phat tif nhu cau thuc té d6, nhiéu gidi phap
RDH st dung anh kép da ra doi va khong ngting dudc hoan
thién. Cdc ky thuét nay tao hai ban sao tir anh gbc; ca hai
déu dudc dung d€ chia dit liéu, nén kha ning nhiing cia
ching vugt trdi so vdi cac phuong phap RDH thong thuong.
Do trung thuc hinh anh ctia cic phuong phap niy ciing rat
cao vi do bién d6i clia cic ban sao thudng khong nhiéu.
Ngoai ra, d an toan ctia chiing ciing rit cao vi phai biét ca
hai ban sao anh chita tin thi mdi ¢ thé trich xuat di liéu.
Cic phuong phiap RDH anh kép c6 thé chia thanh mot sb
ki€u sau:

Kiéu thd nhit ding cich gip & gilta (center folding
strategy). Quy trinh nhing gia tri d, (d > 0) vao diém 4nh
x dugc thuc hién bang céach tach d thanh hai thanh phan:
u=|%| vav=[%] Sau d6, hai diém ding d& nhing d
dudc tinh nhu sau: x” = x +u va x” = x —v. R rang, x c6
thé dugc khoi phuc bing cong thic: x = [£5X7].

Kiéu thi hai [21, 22]: cip diém 4nh ban diu dugc két
hop va biéu dién dudi dang mot diém P trén hé toa do. Mot
hinh vuéng mdi chiéu 3 don vi, ¢ tim 1a diém P, dudc
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tao ra. Céc cip diém giiu tin dugc chon tif hai pixel lién ké
trong hinh vudng. Véi 25 t6 hgp kha thi, cic phuong phap
nay c6 khd ning nhiing hon 4 bit trén mdi cip pixel, tuong
duong ty 1€ nhung trung binh 16n hon 1 bit/pixel (bpp). Do
cdc cip pixel dung dé€ gifu tin déu nim k& cip pixel gbc
P, mdi gi4 tri diém anh chi bi bién d6i t6i da mot don vi,
nhS d6 ddm bao chit lugng hinh anh sau khi nhing luén &
muc cao.

Kiéu thi ba st dung ham khai thac bién d&i huéng (EMD
— Exploiting Modification Direction) dé xdy dung mot ma
tran ham véi kich thude 256 x 256, tuong tng véi khong
gian diém &nh 256 x 256. Mdi cip hai diém 4nh dudc xem
nhu mot di€ém (phin &) trén ma trin ham. Hai cip diém
4nh nhiing tin dudc xdc dinh nhu nhitng diém trén ma tran
ham. Méc du cho dung lugng nhing 16n, cac ky thuat RDH
dva trén ham EMD cho hai 4nh [1, 23-25] thudng dan dén
suy giam chét lugng hinh anh déng ké.

Gan day, Chen va cong su trinh bay mdt phuong phap
nhing tin thuin nghich trén hai 4nh bang cich két hop
EMD va viéc chon mdt trong bén huéng (trai, phai, trén,
dudi), dat duge kha nang nhing cao (ER = 1.66), nhung do
bién ddi t6i da cdia mot anh 16n (khoang 5 don vi). Phuong
phdp nay dugc xem nhu mdt trong cac phuong phdp anh
kép c6 kha ning nhing cao nht.

Phuong phap dé xuét ctia ching toi st dung 13 t6 hop
nhing dit liéu trén mot di€ém anh, nén ER c6 thé dat x4p xi
bing (log, 13)/2 = 1.8502, tic la cao hon so véi phuong
phép ctia Chen. Ngoai ra, d6 bién d6i toi da cia mdi anh
1a 3 don vi, nén chit lugng anh cao hon phuong phap cla
Chen.

Bai bdo dudc t6 chic nhu sau. Muc II trinh bay phucng
phép ctia Chen va cong su [1]. Phuong phap d& xuit dudc
gidi thiéu ¢ muc III. Muc IV trinh bay két qua thit nghiém
trén 12 anh d€ so sanh khd niing nhiing va chit lugng dnh
cia phuong phdp dé xuit v6i phuong phdp ctia Chen va
cong su [1]. Két luan dugc dua ra ¢ muc IV.

II. PHUONG PHAP CHEN VA CONG SU

Chen va cong su [1] da dé xudt mot so dd gidu tin thuan
nghich trén hai anh st dung bién ddi theo huéng (EMD)
va cho kha ning nhing cao. Pau tién, tic gia xdy dung
mot ma tran tham chiéu EMD c6 kich thudc 256 x 256 nhu
Hinh 1; ma trn nay dudc xdy dung theo Cong thic (1) nhu
sau:

f(xi,xj) = (x; + 2x;) mod 5 (1)

Phuong phdp nay nhing trén cdp di€ém anh (x;,x;), véi
diéu kién 5 < x;,x; < 251. Trong phudng phédp nay, mdi
doan trong Hinh 1 ¢6 do dai 1a 5. Viéc nhung di liéu dudc
thuc hién theo mot trong bdn hudng; nhd c6 bude lua chon
nay, tic gia nhung thém dudc 1 bit ngoai viéc nhing theo
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Hinh 1. Ma tran tham chiéu EMD E

mot hé co s6 5. Cac phuong phép khac thudng chi nhing
di liéu dya trén ma tran nay.

1. Thuét toan nhiing tin trén mot cap diém anh

Pau vao: Anh X c¢6 kich thuéc M x N, diy bit dit liéu
B= (b1, -, by

Piu ra: Anh X', X"

Phuong phap:

Bl: Xay dung ma trin tham chiéu EMD E nhu Hinh
1. Tao mot day bit nhi phan ngiu nhién ry,7s,- -+ ,rg v6i
(K =M XN).

B2: Chia cic thong diép bi mat B thanh 2 thanh phan:

* Mot thanh phan chuyén sang hé co sb 5 ki hiéu 1a
di, dy,--- ,dg (di =0—4).

* Chon 1 bit bi mét b; va mot chii s hé cd sb 5 d; tao
thanh 1 cdp (d;, b;).

+ Nhan xét rang nhitng di€ém anh x; tf anh X, ma
x; € [0, 4] hodc x; € [252, 255] thi x; khong nhing va
gia tri dugc gitt nguyén vao X’, X" & cung 1 vi tri.
<

« Liét k& tht cd cdc cdp anh lién tiép (x;,x;),5
xi, xj <251

* Xét néu s6 ngau nhién r; = 0, thi ldy theo chiéu ngang:

- Néu bit nhi phan b; = 0 liy vé phia bén tréi.

- Néu bit nhi phan b; = 1 liy vé phia bén phi.

* Néu s6 ngiu nhién r; = 1, thi lay theo chiéu doc:

- Néu bit nhi phan b; = 0 liy vé phia bén duéi.

- Néu bit nhi phan b; = 1 liy vé phia bén trén.

* Vi du xét 1 bit du tién b:

- Néu r; =0 va by = 0 thi nhiing vao doan bén tréi.

- Néu r; =0 va by = 1 thi nhiing vao doan bén phai.

-Néur; =1 vab; =0 thi nhiing vao doan bén dudi.

-Néur;=1vab; =1 th nhiing vao doan bén trén.
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* Vidu:  Cho x = (5, 5), bit bi mat 0100 va r = 0:

-7 =0 va by = 0 nén lay doan bén tréi.

- d =100, = 4.

Dua vao Hinh 1 véi d = 4, x = (5,5) ta c6 x’
x"" =5.

49

2. Thuét toan trich tin va khéi phuc anh

Dau vao: Anh X’, X", mot day bit nhi phan ngiu nhién
ry, ra, - ,rg, (K =M X N).

Pau ra: Anh X, ddy bit di liéu B.

Phuong phap:

* TAt ca cdc cip di€ém anh déu lam gidéng nhau nén &
day xét dai dién 1 cdp di€ém anh (x/, x).

* VGi r; xét gibng nhu thuat todn nhing tin.

» Néu x',. < x}’ lay doan bén tréi ta dudc b; va tra theo

Hinh 1 dugc d;.

* Néu Xzl lay doan bén phai ta dudc b; va tra theo
Hinh 1 dugc d;.

* Néu x} = x/ va thudc doan [0, 4] hodc doan [252, 255]

"
7.
* Nhén xét trong x hodc x}’ phéi c6 1 cdi bang x;.

- Néu 5 < x/ <251 thi x; = x].

thi x; =x] = x

- Ngudc lai x; = x;’.
* Vi du nhu trén:
Pacox'=4,x"=5var=0

- Xét thay x’ <x” var =0 nén by = 0.

- Dya vao Hinh 1 v6i by = 0, x’ = 4,x” = 5 ta dugc
d =49 = 100,.

- Tu day thu dugc day bit bi mat la: 0100

- Thiy x’ <5 nénsuy rax =x" =5. Vay x = (5,5)

+ Nhan xét rang theo phuong phap ctia Chen va cong su
[1] thi kha nidng nhing la: log, 5+ 1 = 3.32 bit va ty 1&
nhing ER = %% % = 1.66 bpp.

III. PHUONG PHAP DE XUAT

1. Nhing mét chix s6 hé co s6 13 trén mét diém anh
* Vi co ché nhiing 4p dung tuong tu cho tiing diém anh,

ching toi chi cin md ta thuat toan cho mot diém anh dai

dién. O day, ching toi sé nhing vao 1 diém anh goi la x

dé dudc 2 diém 4nh chia tin goi 1a x* va x”.

* Ching t6i dé xuét cong thic nhing nhu sau:
@

X =x+a,x" =x+b

Véi diéu kién nhu sau:
- Piéu kién 1: -3 <a,b <3.
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i Bang I . )

QUY TAC NHUNG CUA THUAT TOAN DE XUAT

d a b x’ x" x' = x"
0 -3 3 Xx-3 X+ 3 -6
1 3 2 X -3 X+ 2 -5
2 2 2 X -2 X +2 -4
3 -2 1 X -2 X+ 1 -3
4 -1 1 x -1 x+ 1 -2
5 1 0 x-1 X -1
6 0 0 X X 0
7 0 -1 X X -1 1
8 1 -1 X+ 1 x-1 2
9 1 -2 x+ 1 X -2 3
10 2 2 X+ 2 X-2 4
11 2 3 X+ 2 X -3 5
12 3 -3 x+3 x-3 6

- biéu kién 2: {#] = 0. Tur day, chung toi s€ xdy dung
dugc Bang I nhu sau:
% Vi du: Cho x = 125 va d = 10.
Tra theo Bang I ta dugc:
X' =125+2=127
x” =125-2=123
Tir Bang I, ta c6 thé khai quat hod cong thiic tdng quat
cho quy tdc nhing nhu sau:
+ Diéu kién co ban:
- Gi4 tri diém anh gbc: x
- Gid tri diém 4nh sau khi nhing: x’ va x”.
- Chit sb hé co s6 13 can nhing: d €0, 1, 2, ---,12.
- Po dich chuyén a va b thda min diéu kién 1 va 2 clia
cong thic 2.
% Cong thuc xac dinh a va b:
Ta c6 thé bi€u dién a va b dua trén gia tri d nhu sau:
-3 néude{0,1},

~2 néude {23},
~1 néude{4,5},

a=30 néude{6,7},
1 néu d € {8,9},
2 néude{10,11},
3 néud-=12,

vab=d-a

- Cong thifc téng quat cho x’ va x”’ nhu cdng thic 2.

2. Xdc dinh day bit cho mét lan nhiing

Budc 1: Goi k sb pixel cho mdt 1an nhiing. Nhu vay mdi
1 1an nhing chiing ta sé& nhiing dugc k chit sb hé 13.

Budc 2: Goi d 1a gia tri cuc dai clia co s6 hé 13 véi do
dai k, suy ra d = 135 - 1.

Budc 3: Chuyén d thanh hé co s6 2 suy ra ta dudc mot
gid tri nhi phan goi 1a bd va c6 d6 dai la Id (day chinh la
s6 bit dit liéu c6 thé nhing).

Budc 4: S6 nhi phan 16n nhit c¢6 do dai [d la:
bax =2'4 -1

Budc 5: S6 nhi phin nhé nhit c6 do dai Id la:

- Ly ra Id bit ctia dif liéu bi mat. Sau d6 chuyén day
bit nay sang hé co sb 10 goi 1a bV

- Néu b,in < bV < d thi nhing dude Id bit dit lidu.

- Néu 0 < bV < by hodc d < bV < by thi nhing
dudc Id - 1 bit dit liéu.

3. Thuit toan nhing tin

Dau vao: Anh X, day bit dit liu B = (by,-- - , by,

PAu ra: Anh X', X"’

Cac bude chinh:

Bué6c 1: Liét ké lién tiép tit ca cac diém anh x vé6i 3 <
x <252, ta dudc k diém anh cho 1 lan nhiing.

Buéc 2: Nhing Id bit hoic [d — 1 bit ctia B vao k diém
4nh theo thuit todn phan II1.2

Budc 3: Néu tit ca cic bit di dudc nhing hoic tit ci
céc diém anh da dugc xét thi ding thuét todn. Ngugc lai
chuyén 1én budc 1 thi nhiing tiép.

4. Bai toan tran so

- Néu 1 diém anh x ¢ [3, 252] thi viéc nhing 1 chit s6
hé 13 vao x theo phan IIL.1 c6 thé din dén x’, x”" < 0 hoic
x',x"" > 252, tdc 1a ra ngodi diém 4nh goi 12 tran trén/ tran
dudi.

- b€ khic phuc diém nay thi x’ = x”" = x

5. Phan tich kha nang nhiing ER

DE cho phuong phap c6 kha ning nhiing nhiéu nhét thi
ta s€ tim gid tri k (k = 1 — 20) sao cho ty 1& nhing dat
gid tri 16n nhat. .

ER=713 3)



trong d6, L 1a sb bit trung binh (capacity):

L:axld+ﬁx(ld—l) @)
a+p

véi

{a = (d = byin + 1)
B = (bmax - d)

Sau khi tinh toan, phudng phdp cho kha ndng nhing
nhiéu nhit véi gia tri k = 10 nhu Béang II sau:

) Bang 11
KET QUA TY LE NHUNG THEO k
k S6 bit trung binh nhing dugc ER
1 3.3125 1,6563
2 7.1602 1,7900
3 11.0364 1,8394
4 14.3716 1,7965
5 18.2082 1,8208
6 22.0754 1,8396
7 25.4350 1,8168
8 29.2597 1,8287
9 33.1173 1,8398
10 37.0015 1,8501
11 40.3150 1,8325
12 44.1622 1,8401
13 48.0380 1,8476
14 51.3743 1,8348
15 55.2103 1,8403
16 59.0772 1,8462
17 62.4379 1,8364
18 66.2620 1,8406
19 70.1191 1,8452
20 74.0031 1,8501

6. Pd do PSNR

D6 do PSNR (Peak Signal to Noise Ratio) dung d€ dédnh
gia chét lugng anh gita 4nh A va B cung kich thuéc dugc
tinh toan nhu sau:

PSNR(A, B) = 1010 255° (5)
2= 00810 | MSE(A, B)
trong do:
1 M N
_ o h. )2
MSE(A,B) = oo > D (i =bi)*  (©

1 j=1
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6 day, a; j, b; ; 1a gié tri di€ém anh gbc, anh gidu tin. M
1a sb hang va N 1a s cot cta anh.

Nhu vdy, gia tri PSNR (A, B) cang 16n thi hai danh A va
B cang giéng nhau.

7. Trich théng tin va khéi phuc anh gbc
Piu vao: Anh X', X"
DPéu ra: Anh X, dit liéu bi mat B
Céc budc chinh:
B1. Khoi phuc diém é&nh x:
% Khoi phuc x theo cong thic (7)
x +x”
2

X =

N

* Ching minh cong thic (7)

x' +x”}

2 2
(2x+a+b
2

a+b

_x+a+x+b}

Vi x 1a s6 nguyén va | 42| = 0 (theo diéu kién 2 cong
thuc 2 )
B2: Trich dit liéu.
Tinh gia tri x’ —x”’. Theo Bang I, ta dugc gia tri cia
a va b, sau d6 tim hang tuong ung, ta dugc gia tri d, suy
ra gia tri da nhung.

8. Vi du vé thuét toan nhing tin

Vi du 1:
Cho khéi anh X:
12 8 10 20
X=(6 9 5 55
10 12 7 85

Véi k = 10 va dit liéu bi mat B = [0010 0001 0111 1010
0001 0111 1010 0001 O111 10].

Can nhing day bit B vao X dé c6 X’ va X'":

Buée 1: Tinh d = 13'0 — 1 = 137858491848

Budc 2: Ddi d ra nhi phan ta dudc gia tri nhi phan c6
do dai I/d = 38 bit.

Budc 3: S6 nhi phan 16n nhit c6 do dai 38 bit la:
Bmax = 2% — 1 = 274877906943.

15
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Bude 4: S6 nhi phan nhd nhit c6 do dai 38 bit la:
bmin = 237 = 137438953472.
Budc 5:

Liy 38 bit trong B la: “0010 0001 0111 1010
0001 0111 1010 0001 0111 10”. Chuyén sang hé 10
dugc bV 35945572446 (10). Thdy bV < by, nén
theo thuat toan IIL2 ta sé ldy 37 bit trong B Ila:
“0100001011110100001011110100001011110”. Ddi day
bit nay sang hé 13 ta dugc 3 50 11 0 11 5 3 12 4(y3).
va nhiing tuan ty vao 10 diém 4nh [12, 8, 10, 20, 6, 9, 5,
55, 10, 12] theo Bang 1.

Ap dung thuit toan theo Bang I ta dugc két qua theo
Bang III nhu sau:

_ Bang III
KET QUA NHUNG
X 12 ] 8 10 | 20 | 6 9 5155 10 | 12
d 3 5 0 11 [ 0 | 11 5 3 12 4
X/ 10 | 7 7 22 | 3 11 | 4 | 53 13 11
X1 13 | 8 13 17 | 9 6 5|57 7 13
T do suy ra:
10 7 7 22]
X' =3 11 4 53
13 11 7 85]
13 8 13 17
X"=19 6 5 57
7 13 7 85
Tinh ER: Theo cong thic (3-4), dudc:
L =37,0015
_ 37.0015 _
ER = #555> = 1,8501 bpp

Qua day thdy ty 1& nhiing ctia phuong phap dé xuét la
hon hén v6i ER = 1,66 bpp ciia phucng phiap Chen va
cong sy [1].

Tinh PSNR:

- Sai s6 binh phuong ctia X’ va X" bang:

SE(X’, X)=4+1+9+4+9+4+14+4+9+1 = 46,

SE(X”, X)=1+ 9+ 9+ 9+ 9+ 449 +1 = 51.

- Sai s6 binh phuong trung binh bang:

MSE(X’, X) = SE(X’, X)/ (3*4) = 46/12 = 3,83

MSE(X”, X )= SE(X”, X)/(3*4) = 51/12 = 4,25

Cudi cling:

PSNR (X, X) = 10log,, (%) = 42,299

1 _ 2552\ _
PSNR (X", X) = 10log,, (m) — 41,847
Céc gid tri nay 16n hon gia tri PSNR ctia Chen va cong
Sul.

Vi du 2: Cho khéi 4nh X nhu vi du 1 véi k =10.
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- Chon 10 diém anh lién tiép to X ta dugc: X = [12, 8,
10, 20, 6, 9, 5, 55,10, 12]

- Nhiing dit liéu: Gia st dif liéu can nhing 1a bit "0" (ting
v6i d = 0 trong hé co sd 13). Theo Bang I trong phuong
phip dé xudt véid = 0tacé: X' =x—3, X” =x+3. Ap
dung cho 10 diém é&nh:

xp=12 = 3=9, x/=12+3=15
x§=8—3=5, xé’— 8+3=11
=10 - 3=7, x§f =10+3=13
xp=20-3=17, x;/ =20+3=23
xg=6 -3 =3, x/=6+3=9

xé=9—3=6,xé’=9+3=12

x§=5—3=2, x’7’=5+3=8

xg=55 - 3=52, x{ =55+3=58
xg=10 = 3 =7, x{ =10+3 =13
Xjp=12 =3 =9, x|, =12+3=15

Vay anh sau khi nhiing la:

9 5 7
2
9 7

17
52
85

11 13 23
12 8 58
15 7 85

- Khoi phuc 4nh gbc: St dung cong thiic 7 dé khoi phuc.
V6i pixel ddu tién ta c6: X = [2313] = 12. (Khoi phuc
chinh x4c vé6i anh gbce).

- Trich xuét bit "0"

Tinh hiéu X’ — X" = -6 . Do d¢6 trong Bang I
thi d = 0 (Gng véi bit 0).
Két quéa: Dit liéu trich xut 1a bit "0".
- Pédnh gid thay déi:
o Po bién d6i pixel:
Mbi pixel bi thay d6i téi da +3 don vi (vi du:
12 — 9 va 15). Do dé, ddm bao chét lugng anh (PSNR
cao).
o Khd nang nhing:
Mbi pixel nhing dudc 1 chit s6 hé co sd 13
(trong vi du nay 1a d = 0).
Téng ty 1& nhiing (ER) dat ~ 1.8501 bpp (cao
hon phuong phap Chen).

+ Vi du 3: Cho khéi anh X nhu vi du 1 véi k =10.

- Chon 10 diém anh lién tiép tu X ta dugc: x = [12, 8,
10, 20, 6, 9, 5, 55, 10, 12]

- Nhing dit liéu:

o Gia st dif liéu can nhiing 1a bit "1" (ing v6i d =
1 trong hé co so 13).



o Theo Bang I trong phucng phap dé xuét véi d =
ltach:x" =x-3vax" =x+2
Ap dung cho 10 diém anh:
=12 - 3=9, x/=12+2=14
=8 - 3=5, x§’=8+2=10
=10 - 3=7, Y =10+2=12
=20-3=17, x;/ =20+2=22

7
X
7
2
7
3
7
4
1=6 -3 =3 x/=6+2=8
7
6
7’
4
7
8
7
9

X

=

X

=

=

=9 -3 =6 x/=9+2=11
=5-3=2 x/=5+2=7
=55 - 3=52, x{ =55+2=57
=10 -3 =7, xy =10+2=12
=12 -3 =9, x[;=12+2=14
Vay anh sau khi nhing la:

=

X

=

’
10

9 5 7 17
X'=[3 6 2 52
7 9 7 8
14 10 12 22
X"=|8 11 7 57
12 14 7 85

- Khéi phuc 4nh gbc:
St dung cong thic 7 d€ khoi phuc.
Vi du véi pixel dau tién:
X = [22414] = 12 (khoi phuc chinh xdc véi anh
gdc)
- Trich xuét bit "1"
o Tinh hiéu X’ — X"’
d =1 (Gng véi bit 1)
o Két qua: D liéu trich xuét 1a bit "1".

-5 => Trong Bang I thi

- Pénh gid thay déi:
o Do bién ddi pixel:
Mbi pixel bi thay ddi t6i da - 3 hodc + 2 don
vi (vi du:12 — 9 va 14). Do d6, ddm bao chit lugng anh
(PSNR cao).
o Kha ndng nhing:
Moi pixel nhing dugc 1 chit s6 hé co sd 13
(trong vi du nay la d = 1).
Téng ty 1& nhing (ER) dat ~ 1,8501 bpp (cao
hon phuong phap Chen).

IV. KET QUA
1. So sanh hai phuong phap vé mit Iy thuyét

Nhin vao Bang IV ta c¢6 nhan xét:
- Phuong phdp dé& xuit vugt troi vé ER (1,8501 bpp so
v6i 1,66 bpp) va chit lugng anh (PSNR cao hon) nho tan
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Bang IV
SO SANH KHI NHUNG BIT O VA BIT 1
Pic diém Nhung bit 0 (d =0) | Nhing bit 1 (d =1)
Cong thiic x'=x-3 x'=x-3
nhiing x"=x+3 x"=x+2
Hiéu x" — x” -6 -5
Do bién ddi anh +3 - 3 hoiic + 2

dung hé co sb 13 va gi6i han bién ddi di€ém 4nh t6i da 3
don vi.

- Phuong phap ctia Chen ¢6 uu di€ém don gian nhung bi
han ché bdi hé co s6 5 va do bién ddi diém anh 16n.

- Ca hai phuong phap déu dim béo tinh thuan nghich
(RDH), nhung phuong phép dé xuit phit hgp hon cho tng
dung yéu cau dung lugng nhiing cao va chét lugng anh tt.

(d) Phone

(e) Forest

A4

(g) Milkdrop

(h) Cabeza

i

(k) Things

() Car (1) Tiffany

Hinh 2. Hinh 4nh chuin héa dung d€ ki€m tra kha ning nhiing
thong tin.

2. So sanh hai phuong phap vé thuc nghiém

Trong nghién cifu nay, phuong phap dé xuit dudc danh
gia thong qua 12 anh xdm chudn (512x512), véi céc chi
tiéu so sanh gdm: (1) kha niing nhiing di liéu va (2) chét
lugng 4nh sau nhiing, dbi chiéu vé6i két qua tit phuong phap
Chen va cong su (2).
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Bang V

SO SANH GIUA PHUGNG PHAP PE XUAT
VA PHUONG PHAP CHEN VA CONG SU.

Tiéu chi

Phuong phap Chen
va cong su [1]

Phuong phap
dé xuat

S6 t6 hop nhiing

5 t6 hop (hé co sb 5)

13 3 hop (hé co
s6 13)

Kha nang nhiing
(Cap)

Dung lugng nhuing
thip hon do gi6i han
hé co so 5.

Ty 1& nhing ER = [log25+1 ER - lngéls ~
(ER) 1,66 bpp 1,8501 bpp
Dung lugng

nhing cao hon
nho hé co s 13,
t6i uu héa sb 8
hgp.

Do bién doi
diém 4nh

Téi da 5 don vi

Téi da 3 don vi

Chét lugng anh
(PSNR)

PSNR trung binh
~ 40,72 dB

PSNR trung binh
~ 42,55 dB

Do phic tap tinh
todn

St dung ma tran
EMD va 4 hudng
nhing, phuc tap hon
so v6i phuong phap
dé xuét.

St dung Bang
tra cdu 13 8
hgp, don gidn
hon do giam s6
huéng bién ddi.

Pham vi ap dung

Phuc hdi 4nh gbc
chinh xdc nhung do
bién déi 16n.

Phuc hdi anh
gbc chinh xic
v6i do bién d6i
nho hon, chit
lugng anh t6t
hon.

Kha nang phuc
hoi

Phuc hdi dnh gbc
chinh xac nhung do
bién ddi 16n.

Phuc hoi anh
gbc chinh xic
véi do bién ddi
nhd hon, chit
lugng anh t6t
hon.

- Két hgp EMD va 4
huéng nhing

- Ting s6 & hop
nhing 1én 13
- Cii thién ER

Nhudc diém
chinh

- Do bién déi diém
anh 16n, danh hudng
chét lugng.

Uu diém chinh s va PSNR
- DBon gian trong A 1A 1
trién khai - DO bien doi
: diém anh thip
hon.
Yéu cau xit ly
- ER thip hon Bang tra ciu 13

t& hop c6 thé
tang do phuc tap
5o vdi hé co sb
5.

Phuong phap dé xuit cla chiing t6i hudng t6i muc tiéu
khé ning nhiing dudc nhiéu hon nhung chét lugng anh van
cao hon so véi phuong phap Chen va cong su [1]. Khi tht
nghiém nhung ching t6i s€ tinh kha nang nhing Cap, gia
tri ER , gid tri PSNR1 cla 4nh chda tin thd nhét, gid tri
PSNR?2 cta anh chda tin thd hai (cong thic 5-6). va gia
tri PSTB la trung binh cong ciia PSNR1 va PSNR2. Két
qua thit nghiém trinh bay trén Bang VI cho théy, ca ER va
PSNR ciia phuong phap dé xuéit déu 16n hon ding ké so
vGi phuong phap ctiia Chen va cdng su.

V. KET LUAN

Phuong phdp Chen va cong su [1] st dung mot s6 hé
cd s6 5 va ma tran tham chiéu EMD nhim ting thém
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Bang VI
SO SANH TY LE NHUNG GIUA CAC PHUONG PHAP

Anh  |Phuong |LocSize| Cap ER |PSNRI |PSNR2 | PSTB
phdp

Lena |[1] 0 [869250|1,6580|40,7280(40,7109|40,7195

D& xudt | 0  [969961|1,8501|42,5533|42,5574(42,5554

Boat |[1] 1356 |867894(1,6554|40,7183|40,7231(40,7207

D& xudt | 844 |969117|1,8484(42,5533|42,5574(42,5554

Airplane|[1] 0 [869250(1,6580(40,7327(40,7091 40,7209

Dé xudt | 0 |969961|1,8501|42,5533|42,5574(42,5554

Phone |[1] 17166 (852084 1,6252(40,7302|40,7369|40,7336

D& xudt | 7773 |962188|1,8352(42,5533|42,5574(42,5554

Forest |[1] 0 [869250(1,6580(40,7403|40,7261 |40,7332

Dé xudt | 0 [969961|1,8501|42,5533|42,5574(42,5554

Barbara ([1] 57 |869193|1,6579|40,7378|40,7142|40,7260

Dé xult | 39 |969922|1,8500(42,5533|42,5574|42,5554

Blob |[1] 0 [869250|1,6580(40,7229(40,7146|40,7188

Déxuit | 0 |969961|1,8501(42,5533|42,5574|42,5554

Cabeza [[1] 180 |869070|1,6576|40,7445|40,7403 40,7424

D& xult | 120 |969841|1,8498(42,5533|42,5574|42,5554

Camera |[1] 6164 |863086|1,6462(40,7272|40,7176|40,7224

man |Dé xudt | 3510 |966451|1,8434(42,5533|42,5574(42,5554

Car |[[1] 0 |869250|1,6580(40,7396|40,7225|40,7311

Déxuit | 0 |969961|1,8501[42,5533|42,5574|42,5554

Things |[1] 7369 [861881|1,6439|40,7240(40,7421|40,7331

Dé xuit | 4976 |964985|1,8406(42,5533|42,5574(42,5554

Tiffany [[1] 19521 |8497291,6207|40,7194[40,7332|40,7263

Dé xuét | 17347 |952614|1,8170(42,5533|42,5574 42,5554

Average |[1] 1,649 40,7273

Dé xuit 1,8446 42,5554




kha niang nhung. Trong bai bdo nay, chung t6i dua ra mot
phuong phép dé xuét 1a st dung 13 t3 hop nhing trén mot
diém anh (hé co s6 13). Nho d6, phuong phap cho kha
ning nhiing di liéu 16n hon nhung vin dam bao chit lugng
4nh chda tin tot hon so v6i phuong phap Chen va cong su.
Két qua thuc nghiém cho thiy, kha ning nhiing dif liéu cia
phuong phdp dé xuit 16n hon so véi phuong phap hién c6,
dong thai van duy tri dudc chit lugng anh nhing tin cao.
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Phuong phap xu ly tin hiéu va tao anh 3D cho
cac vat theé duéi nuée bang cong nghé Sonar
chu dong
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Tic gia lién hé: Nguyén Vin Ddc. Email: duc.nguyenvanl @hust.edu.vn

Ngay nhan bai: 10/05/2024, ngay stia chita: 10/03/2025, ngay duyét diang: 22/05/2025
DOI: 10.32913/mic-ict-research-vn.v2025.n1.1273

Tém tat: Bai bdo dé& xudt phuong phap xi ly tin hiéu va tao dnh 3D ciia cic vat thé dudi nudc bang cach sit dung cong
nghé nhan dang va dinh vi biang séng am Sonar. Phuong phap tao dnh 3D ciia cic vit thé dudi nuéc dé xuat trong bai
bdo dudgc thuc hién bang cach sit dung nhiéu dau thu tin hiéu séng am (ciing dugc goi la dng ten thu tin hiéu séng am),
va mot s6 diu phat tin hiéu song am (ciing dudc goi la Ang ten phat tin hiéu séng 4m) nhiam muc dich thu thap di liéu
d€ tao anh Sonar 3D c6 do phan gidi 16n. Dya trén di liéu thu dugc tif hé dng ten da diém thu & dudi nudc, thuit todn
tao 4nh Sonar 3D sé tinh todn gia tri ma tran diém 4nh trén co s d6 mS bip séng quét clia cdc dng ten phat tin hiéu
séng am, khoang cich di€ém phan xa phat hién dugc, tbc do di chuyén cla tau, v.v. Sau khi xdc dinh dugc gia tri ma tran
4nh, biic 4nh ctia vat thé dusi nudc dugc dung trong khong gian 3D. Céc két qua thuc nghiém dugc thuc hién & mot sd
viing hd nudc sau nhu hd Hoa Binh, hd Pong Po va vinh Ha Long.

T khéa: cong nghé dinh vi song dm - Sonar, hé dng ten mdng, cong nghé quet dnh vt thé’ dudi nwdc va dung lén trong
khong gian ba chiéu (3D).

Title: Method for Processing Signals and Creating 3D Images for Underwater Objects using Active Sonar Technology

Abstract: The article proposes a method of 3D image signal processing for underwater objects by using sonar positioning
technology. The proposed method is based on the acoustic signal collected from many receivers. The 3D imaging
algorithm will calculate the pixel matrix value based on the sweep beam aperture of the transmit transducers, the
detected distance from the sonar scanner to the reflected object, the speed of ship movement, etc. After determining
the image matrix value, the scanned image is reconstructed on the 3D space. The experimental results were carried out
in some deep lake areas such as Hoa Binh, Dong Do lake and Ha Long bay.

Keywords: active sonar systems, antenna array technology, 3D scanning image.

I. GIOI THIEU cho diéu khién l4i cdc tau ngdm va tau ty hanh dudi nuéc

R . Ly L o R AUV (Autonomous Underwater Vehicles) [5, 6].
Cong nghé dinh vi bang song dm Sonar 1a mot cong nghé

st dung su lan truyén séng am trong moéi trudng nudc dé
xac dinh va dinh vi cac vat can trong moi trudng nudc,
hoic ddy nuéc. Cong nghé dinh vi biang séng am Sonar
dugc phan loai thanh hai loai cong nghé co ban:

Trong bai bao nay, nhom tic gid khong di siu vao viéc
trinh bay kién tric phan ciing dé thu nhan dugc tin hiéu
phén xa tif nhiéu dau séng am. Ban chit mot kién tric phan
) cting thuc hién nhiém vu nay dudc nhém tic gia cong bd

- Cong nghé /Sonar chi dong c6 hé thong ty phat xung  (rong cong trinh khoa hoc [7-9]. Tin hiéu nhan dudc tit cac
song va nghe tiéng vong lai [1-3]. ang ten thu séng am dudc loc nhiéu ngoai bing théng qua

- Cong nghé Sonar bi dong (hay Sonar thu dong) cé hé cdc bo loc c6 kién triic FIR. PE doc gid dé theo doi noi
théng chi nghe 4m thanh do tau bé hay ngudn 4m khiac  dung bai bdo, nhém tic gia chi tip trung mo ta thuit todn
phit ra; tim hoat dong nhé hon so véi Sonar chi dong va dung anh Sonar 3D dua trén cac dit liéu da dugc do dac
ting dung cho do tham ngam dudi bién [4]. Cdc cong nghé trén nén tang phan cing di dudc thiét ké truée. Di liéu
Sonar chii dong va thu dong déu dugc thiét ké ing dung  nhan dudc tif nén tang phan cting 12 thong tin vé khoang
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céch tif cdc diém phdn xa t6i hé dng ten thu. Noi dung
thong tin ndy chua di théng tin d€ dung dugc biic dnh quét
3D. D€ tao dugc biic anh quét dudi nude, chiing ta can xay
dung ma tran diém anh dua vao di sb lugng thong tin vé
biic 4nh quét thu dudc, cic trong s6 diém anh dugdc tinh
toan dua trén co s cac bup song quét cia cac ang ten thu
va phat, cudng do tin hiéu thu dudc, ciing nhu 12 vén toc
chuyén dong ctia tau gan thiét bi Sonar. Cong trinh khoa
hoc [10] trinh bay vé phuong phap udc lugng d6 md bip
séng clia cic Ang ten thu phat tin hidu. Bai bdo nay dé& xuét
cach tinh cdc trong s6 di€ém anh dua vao cdc tham sb dé
cdp 6 trén, cing nhu phuong phap dung I1én biic anh Sonar
3D.

Trudc khi di vao chi tiét thudt todn tao anh 3D cho vt thé
& dudi nudc, bai bdo danh gia tdng quan tinh hinh nghién
ctiu hién nay trén thé gidi vé linh vuc nay.

1. Tinh hinh nghién ctru hién nay trén thé gidi

Bai bao [11] trinh bay phuong phap dy doan va ndi suy
hinh 4nh quét Sonar 3D cho cic thiét bi tu hanh dué6i nuéc.
Phéan doan hinh anh la mot cong nghé phic tap doi hoi cac
thong tin du dodn vé mdi trudng truyén din va phu thudc
vao diém quan sat vat thé. Trén thuc té ngudi ta it st dung
cong nghé phan doan hinh anh Sonar, ma tim cach phan
tich dif liéu thu thap dudc dé c6 dit liéu chinh xdc nhét c6
thé€ d€ xi 1y va noi suy thanh cdc bdc 4nh Sonar. Tap thé
tdc gia trong cong trinh khoa hoc [12] trinh bay phudng
phdp téi tao 4nh Sonar 3D theo phuong phdp ndi suy hdn
hop. Nhugc diém ctia phucng phap nay 1a do phic tap cia
thuat toan, dic biét khi kich ¢d ma tran diém 4nh ting. Do
vay kho dp dung trong bai todn xi ly tin hiéu trong thoi
gian thyc. Cong trinh khoa hoc [13] trinh bay phuong phap
dung anh Sonar 3D st dung mang tri tué nhéan tao. Pay la
huéng nghién citu méi, tuy nhién d€ c6 thé c6 chit luong
biic 4nh tot, ngudn dif liéu dau vao can dam bao chit luong
va di 16n. Bén canh d6, toc d6 hoc mdy khong bat kip su
thay d6i cta bic anh va moéi trudng. Do vay, phuong phap
nay cho dén nay ciing méi chi dimng lai & nghién ciu ly
thuyét ma chua c6 ting dung trong thuc tién.

Sang ché US3500302 [14], “Sonar bathymetry system
transmit-receive sequence programmer” ciia Hoa Ky cong
bd ngay 13.01.1969 dua ra phuong phap xic dinh do sau
ddy nu6c va thuc hién trén mach cing, khong dé cap dén
phuong phap quét anh Sonar 3D.

Tap thé tac gia [15] dua ra phuong phdp tao anh Sonar
3D, tuy nhién khong dé cap dén céc tham sb biip séng quét,
van toc clia thu, ddy 1a cdc tham s6 quan trong tao nén biic
dnh quét, ciing nhu cic két qua trinh bay dudi dang md
phéng, chua dua ra cic két qua thuc hién bing thuc té.
Do vy, chua thé c¢6 danh gia dugc ding do phic tap cia
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hé thdng d€ c6 thé trién khai trén cdc nén ting phan cing
trong diéu kién thoi gian thuc.

Bai bao [16] trinh bay phudng phap tao anh ti hé Sonar
quét suon. Bai bdo trinh bay mo hinh todn hoc dé€ ndi suy
va tdng hop anh 3D Sonar quét sudn. Cac yéu td thuc té
nhu véan t6c tau di chuyén, phuong phap dung anh tir hai
ntia quét suon, chiéu siau va chidu rong biic anh quét khong
dugc mo ta trong thuit toan.

Bai bdo [17] trinh bay vé phuong phdp udc lugng va
bu Doppler cho hé théng thong tin thiiy am. Két qua bu
Doppler cho hé théng thong tin cé thé tng dung d€ cai
thién tin hiéu thu ctia hé théng Sonar chii dong, hoic st
dung d€ uéc luong téc dd chuyén dong tuong ddi giita hé
Sonar chii dong va ddi tuong can quét anh.

Bai bdo [18] trinh bay phuong phap dung anh Sonar 3D
dua trén md hinh hinh hoc. D€ giam thiéu sai s6 do dac
tif cic tia phan xa ddy, bai bdo dé xuit ing dung bo loc
thich dng d€ bam dudi va phan tich thong tin phin xa day
ctiia chum tia phan xa da duong. Bai toan xdy dung cac b
loc thich ting d€ gidm thiéu nhiéu phan tip kénh da dudng
dudc cho 1a hiéu qua, tuy nhién kénh thiy 4m la loai kénh
bién thién nhanh, din dén khé bdm dudi cic thong tin vé
kénh truyén. Trong bai béo ciing khong dé cap dén van toc
chuyén dong cda tau la tham sd quan trong dé xay dung
bd loc thich tng.

Cong trinh khoa hoc [19] trinh bay phuong phap thiét
ké hé Sonar chi dong st dung hé dng ten mang 1a cic
hydrophone hinh ciu, kém céc két qua mo phong. Bai bdo
chua dé cap dén phuong phap dung dnh Sonar, cic két qua
diing lai & cidc md phong bang may tinh.

Cong bd khoa hoc ctia nhém tic gia [10] trinh bay cic
két qua danh gid d6 md bip séng quét ciia hé Sonar quét
sudn, voi cac kich béan, thiét ké hé thoéng 1a cac két qua
dugc trinh bay trong bai bao nay.

2. Phuong phap dé xuét

Muc dich ctia bai bdo nay nhidm khic phuc nhugc diém
da dé cap & trén bang cach dé& xuit phuong phip quét anh
3D st dung cong nghé nhan dang va dinh vi bang séng am
clia cac vat thé dudi nudc. Phuong phdp tao dnh 3D cilia
cdc vat thé dudi nuée dude thuc hién bang cich sit dung
nhiéu dau thu tin hiéu séng am, va mot s6 dau phat tin hiéu
séng am nhiam muc dich thu thap dit liéu dé tao anh 3D c6
do6 phan giai 16n.

Bai bdo dé& xuét phuong phdp tao anh siéu 4m 3D bing
cach sir dung tif 1 dén nhiéu du phat tin hiéu séng am véi
biip séng dinh huéng, mdi dau phat tin hiéu séng am sé& st
dung mot tan s riéng biét, va dudc phat véi mot bip séng
dinh huéng nhét dinh d€ quét tin hiéu hudng t6i mot pham
vi dién tich cda biic anh siéu 4am 3D can quét.



Phuong phap dé xuit st dung nhiéu dau thu tin hiéu
séng am dugc sap xép mot cach phu hgp vé khoang cach
d€ céc tin hiéu thu dugc tit mdi dau thu tin hidu séng am
tuong d6i doc 1ap v6i nhau. Tin hiéu thu dugc tit méi dau
thu tin hiéu séng am sau d6 dugc khuéch dai va loc nhiéu
phuc vu cho viéc xi ly cac bic anh siéu am 3D.

D€ tao dugc anh Sonar 3D, hé théng ing ten phat
(transducer phit) v ing ten thu (dau thu tin hiéu séng
am thu) sé dudc dich chuyén tinh tién theo huéng tau chay.
Sau mbi mot chu ky xi ly tin hiéu thi 01 4nh 2D (4nh
khong gian hai chiéu) dugc dung Ién, tuy nhién hé théng
xt 1y lién tiép cac buéc anh 2D dich chuyén theo huéng
tau, do vay sé tao dugc dnh 3D (4nh khong gian ba chiéu)
theo thoi gian thyc.

Céc tin hidu xung phan xa tif vt thé can quét anh dudgc
so sanh véi vi tri xung séng am gbc gii truc tiép tit khdi
phit tin hiéu dén khéi xi ly tin hiéu thu. Thong qua viéc so
sanh nay, khoing cach tir diém quan sat dén vat can dudgc
xac dinh.

Dua vao nguodn dif liéu 1a cac xung phan xa, bai bao dé
xuét xay dung ma tran diém anh véi kich thudc dua trén do
phan gidi clia bifc anh & truc chiéu siu clia nudc, va truc
ngang ctia lat cat anh 3D vudng géc véi phucng chuyén
dong cila tau.

D€ cai thién nguodn dit liéu thu dudc, cdc tin hiéu thu
dugc tif cic ddu thu tin hiéu séng am can thuc hién loc
nhiéu bing phuong phép loc song song trén mdi bing con
clia tiing dau thu tin hiéu séng am [9]. Cac gid tri diém anh
clia ma trin tao anh dudc xdc dinh thong qua hé s6 dinh
huéng ctia biip séng phat va biip séng thu, cling véi hé sb
suy hao ctia kénh truyén phu thudc véi khoang cach.

Phin con lai clia bai bao nay dudc trinh bay nhu sau:
Muc II trinh bay chi tiét vé thuit todn tao anh Sonar 3D dé
xuét trong bai bio. Muc III thdo luan vé két qua do dac.
Muc IV két luan bai bdo.

IL. PE XUAT PHUONG PHAP DUNG ANH SONAR
3D CHO HE THONG SONAR CHU PONG

Chét lugng va do chinh xéc ctia biic anh quét Sonar phu
thudc nhiéu vao chit luong tin hiéu thu dugc. Trong bai
bdo nay, tin hiéu thu dudc da dudc xid ly loc nhiéu nhu
trinh bay trong céc tai liéu [9]. DO phan gidi cla bic anh
quét phu thudc vao cic tham sb cla thuit toan dung anh
Sonar 3D nhu thdo luan dudi day.

So dd thiét ké hé théng quét anh sidéu &m 3D dugc mo ta
nhu mo td & Hinh 1, bao gdm khoi ngudn (1), khéi phat tin
hiéu (2) va khéi thu va xi ly tin hiéu (3). Thuit toan tao
4nh 3D (5) nhan tin hiéu thu tir khéi thu (3), cing thong
tin vé van toc chuyén dong ciia thu gin hé théng quét anh
siéu Am d€ tao ra ma tran diém anh 3D. Thong tin vé van
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téc cia tau dudc xdc dinh bang khdi (4). Van tbc tau mang
hé Sonar chii dong c6 thé xic dinh bing GPS, hoic tdc
do ké trén tau. Trong trudng hop dic biét c6 thé st dung
cdc hé dng ten da bip séng dé€ xic dinh van toc dua theo
hiéu ting Doppler. Trong khudn khd bai bdo nay ching t6i
khéng thao luan sau vé cdc phuong phép xic dinh van téc
tau mang hé Sonar chu dong.

Hinh 2 trinh bay so do vi tri cdc dau phét tin hiéu song
am va dau thu tin hiéu séng am thu st dung dé tao anh
siéu am 3D. Trong Hinh 2 truc toa do x 1a bé rong bip
séng quét theo mit cat ngang, z truc toa do thé hién do
sdu cla ddy bién, y 1a truc chi huéng tau chuyén dong. S6
lugng dau thu tin hiéu séng am dugc si dung 1a M , trong
khi d6 s6 luong dau phat tin hiéu séng am dudc dung la
2 (trong trudng hdp téng quat 1a N, tuy nhién dugc mo ta
trong bai bdo nay 1a 2 diu phét tin hiéu séng am d€ viéc
mo ta toan hoc cho don gian). Cac dAu phat tin hiéu séng
am dugc hudng ra hai niia cia mit phang day va dudc kéo
theo di chuyén ciia tau. Pau phat tin hiéu séng am thi nhit
ky hiéu 1a Tx;, phat xung siéu am S;(¢) vdi tin sd dao
dong fi. Pau phat tin hiéu séng am thit hai ky hiéu 1 Tx,,
phét xung siéu am S,(7) véi tan sb dao dong f>. S6 dau
phét tin hiéu séng am c6 thé dugc nang cao d€ nang cao
chét lugng anh quét.

Hinh 3 trinh bay thuét todn x4c dinh do sau day bién la
mot tham s6 d€ tao dudc anh quét siéu am 3D, trong d6 T,
la mic ngudng cia tin hidu ding dé nhan biét c6 su phan
Xa cua tin hiéu ddy. Mtc ngudng tin hiéu thuong dugc xac
dinh cao hon mdc nhiéu nén. PE xic dinh dugc mic do
can nhiéu nén, hé thong trudc d6 can c6 phép do hoic ude
lugng miic do can nhiéu nén doc 1ap véi phép xi Iy tin
hiéu Sonar [20]. Trong khuén khé bai bao nay ching toi
khong tham vong di siu vao vin dé nay. Tham sb Do_sau
la tham s6 sit dung d€ xdc dinh do sau c6 thé do dugc.

Thuit toan tao anh 3D, dudc mo ta chi tiét sau day. Vé
mit toan hoc, tin hiéu thu dugc tai mbi dau thu tin hiéu
séng am dugc biéu dién dudi dang:

Xm(t) = Ay €0 (27 fint + Gm) (D

trong d6, ¢,, va f;, 12 géc pha clia tin hiéu t6i va tan sb
dao dong cua tin hiéu. S6ng mang dugc ky hiéu la f.(t) =
cos(2x f.t). Khi nhén tin hiéu thu dudgc véi song mang thu
dudc:

fy(t) = Xm () fe () = Ap cos (27 fint + ) cos (27 fet)
2
Sau khi trién khai giéi tich ta thu dudc:
Am
fy([) = T{COS [277 (fm + fL) r+ ¢m]
+c08 [27 (fe = fm) t + ]}
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Xung dinh vi xung gbe

L L
Xac dinh téc Thuat toan
dg di chuyéen tao anh 3D

Cac dau thu N
tin hiéu siéu am
Tl'l
Séng am
phan xa
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Khéi nguén
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Khéi phat
Cac dau phat
tin hiéu s1éu am
TXl TX2

Song am
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Hinh 1. So dd thiét ké hé quét anh Sonar chi dong.

Tr1 Tr2 Tr3 Txl sz Tr,v| X
—OO—@ oO—@—
1 2
/ N\

/ \

dy |

Chiéu sau quét

Mot nira anh duoc tao
bai Transducer 01

yv

Mot nira anh dugc tao
ra boi Transducer 02

Chiéu rong quét

@ : Pau thu tin hiéu thuy am () Dau phat tin hiéu thay 4m

Hinh 2. So db bd tri cic dng ten thu phat séng am va tao bip séng quét.

Tin hiéu thé hién & cong thiic (3) c6 chda thanh phan tan
s6 cao 1a tdng cla hai tin s& va thanh phan tan sb thip 1a
hiéu ctia 2 tan s6. Sau d6, sit dung bd loc thong thip dé
loai bd thanh phan tin s6 cao. Nhu vy, tin hiéu thu dudc
12 thanh phan hiéu cta 2 tan s6

fy(t) =cos 27 (fe — fm) t + b “)

Tin hiéu & cong thic (4) dugc ldy miu qua bd bién d6i
A/D. Dua trén tin hiéu xung gbc dudc gti tif bén phat, bai
bdo dé xut tach tin hiéu xung gbc va gift lai tin hiéu xung
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phan xa ti tin hi€u thu dudc. Sau do, thuit todn tao anh
siéu am 3D sé loc tach riéng tiing kénh roi xdy dung ma
tran tin hiéu dau vao Ry vd Ry gdm M hang (tuong tng
M dau thu) va L cdt (tuong dng v6i N mau tin hiéu thu).
Ma tran tin hiéu ddu vao Ry,R; sau d6 dudc dua vao thuit
toan tao anh.

Thuit toan dung anh Sonar 3D dudc mo ta chi tiét nhu
sau:

B1: Thiét 1ap cic thong sb hé thdng bao gom label=(b)
1) M : 1a tham s xdc dinh sd lugng dau dau thu tin



2)
3)
4)
5)

6)
7

8)

9)

10)
1)

12)

Do sau=0
i=L
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Khong xac dinh dugce d6 sau

Hinh 3. Thuit todn xdc dinh do sau d€ tao anh Sonar 2D hoic 3D.

hiéu séng am.

R;(x,y): xac dinh toa do cic diu thu tin hiéu séng
am thu dugc i =1: M.

Ty (x1,y1), To(x2, y2): xdc dinh toa do ctia 2 dau phat
tin hi€u séng am phat.

dy, dy 1an lugt xdc dinh do phan gidi cta di€ém anh
theo truc x va y.

Xpmax Xdc dinh bé rong quét 16n nhét ctia viing quét.
Y,nax xdc dinh chiéu sau quét 16n nhit clia viing quét.
S6 diém &nh 16n nhét tinh theo chiéu ngang dudc xic
dinh la:

Nxfmax = max/dx ©)
D6 phan gidi 16n nhit theo chiéu siu dudc xic dinh

la:

Ny_max = Ymax/dy (6)
W; 13 ma trin toa do cic cdc diém anh kich thuéc
[Nx_max X Ny_max] Ung véi dau thu tin hiéu séng Am
tha i.

x,y la toa do cia méi diém trén mit phang anh.
Pi(x,y), P2(x,y) 1a ham trong sb bip séng tin hiéu
phat 1an ludt Gng v6i dau phat tin hiéu séng Am phat
4§ tan s6 fi va fo.

Q;(x,y) 1a ham trong sd bip séng tin hiéu thu ctia
cdc dau thu tin hiéu séng am thu i = 1 : M.
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13)

14)

15)

16)

17)

18)

drx1(x,y) 1a ma trin khoang cich ti diu phat tin
hiéu séng am thi nhit téi cic diém anh ctia ma trin
Wi.
drx2(x,y) 1a ma tran khoang cdch tit dau phat tin
hiéu séng am thit hai t6i cidc diém 4nh clia ma tran
Wi.
dr,i(x,y) 12 ma trin khoang cach tif dau thu tin hiéu
séng am thu thy i t6i cac diém anh clia ma trin W;
d; 1(x,y) 1a ma trin quing dudng truyén tin hiéu tif
dau phat tin hiéu séng am phat 1 t6i dau thu tin hiéu
séng am thu thi 7, va dudc xic dinh bing cong thic

di1(x,y) = drx1(x,y) + drri(x,) )
d;>(x,y) 1a ma trin quing dudng truyén tin hiéu tit
Dau phat tin hiéu séng am phat 2 t6i dau thu tin hiéu
séng am thu thu 7.

dia(x,y) = drx2(x,y) + drri(x,) ®
t;1 1a thoi gian truyén tin hiéu t diu phat tin hiéu
séng am phat 1 dén dau thu tin hiéu séng am thi i
dugc xac dinh bang:

tin=di1(x,y)/c )

trong d6 c 12 van téc séng Am trong moi trudng nudc.
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19) ;> la thdi gian truyén tin hi¢u ti dau phét tin hiéu
séng 4m phat 2 dén dau thu tin hiéu séng am thi i
dugc xdc dinh bang:

tip =dia(x,y)/c (10

20) Khdi tao ma tran gia tri trong sd cho cdc diém anh
c6 toa do (x,y)
[P0 )/ (i)’ x = =N max/2:0
= 2
Pr(x,y)Q:i(x,9)/(di2)” x=0:+Ny_ max/2
(11
21) T}, 1a mic ngudng xdc nhan c6 tin hiéu phin xa. Néu
tin hiéu nhé hon mic nay 1a nhiéu.
22) Fpa la tin s6 ldy mau tin hiéu khi bién d6i A/D.
23) v Ia toc do di chuyén clia tau.
24) Khéi tao k = 1 1a chi sb xac dinh sb thi tu cda anh

thit nhéit.

B2: Thu tin hiéu thu tif mach bién d6i A/D tir cic dau
thu tin hiéu séng am.

B3: Tin hiéu ndy sé dugc loc thong thip c6 bing thong
bing 1/At. Tiép d6, xac dinh gid tri cuc dai ctia tin hiéu
thu d€ xdc dinh vi tri xung gbc. Sau d6, cit bé phan tin
hiéu c6 do dai bang (¢ + Ar) tinh tir gid tri 16n nhat d€ loai
bdé phan nhiéu, phan tin hiéu con lai 1a cic xung phan xa
thu dugc.

B4: Tich séng dé tich riéng tiing kénh. Vi hé thong st
dung 2 tan s phat khac nhau nén sb kénh tich ra tuong
duong v6i 2 1an s6 dau thu M. Dua trén xung xung gbc
g(¢) truyén tit bén phat. Ghép céc tin hiéu thu lai ta dudc
hai ma tran tin hiéu thu Ry va Ry kich thuéc M x L (M
hang L cot) M 1a s6 diu dau thu tin hiéu séng am thu. S6
miu tin hiéu biéu dién trong cic ma trin Ry va R, dugc
xac dinh la:

L =Fprpy X (T —Ar) (12)

Céc ma tran Ry vd Ry tuong dng véi cdc tan sb phat f va
/> sé& dugc st dung d€ tao ra mot nita dnh nhu Hinh 2.

B5: Tiép tuc véi anh thi & + 1 bang cich quay lai budc
2.

III. KET QUA THUC NGHIEM VA THAO LUAN

Kich ban thit nghiém hé théng dudc trinh by & hinh 4,
trong d6 d6 tau thit nghiém dugc st dung dé gin cic trang
bi ky thudt, v6i ky hiéu (1) 1a hé Sonar chid dong, (2) la
may do dac va kiém tra tham sb k§ thuat, va (3) 1a thu kéo
hé théng. Transducer 1a cdc dAu thu phat tin hiéu séng am.

Hé thdng dudgc thiét ké thuc té st dung hai biip séng quét
sudn dit hai man tau véi tan s6 quét 1a 165 KHz va 200
Khz. Hé théng dudc thiét ké st dung 8 dau thu tin hiéu
séng am song song, dudc phan bb dbi xiing véi 4 dau thu
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3/ Tau kéo

1/ Hé sonar
chd déng

2/ May do dac va kiém
tra tham s0 ky thuat

Mat nwéc

S oay

Hinh 4. Kich ban thit nghiém hé Sonar chu dong.

Bang 1 )
CAC THAM SO HE THONG.

Tham s6 Gia tri
Chu ky phat xung Sonar T 0.1s
Do rong mot xung Sonar At 0.4ms
Tan so lay mau tai phia thu 192kHz
SO lugng transducer phat M 2
So lugng hydrophone thu N 8
Khoang cach thiét 1ap gita hai Hydrophone lien ké L~ 0.09m
Tx; Tan sO phat cta transducer thd nhat f 165kHz
Tx, Tan so phat cua transducer tht 2 f, 200kHz

dudc st dung cho quét mdt bén sudn (mdt bén ciia man
tau). Thiét bi thit nghiém Sonar quét sudn véi kién tric 2
dau phét va 8 diu thu tin hiéu séng am.

Tham s6 hé théng thit nghiém dudc trinh bay van tat nhu
& Béang I, trong d6 dang chi y 1a cic tan s6 ciia transducer
phat, khoang cach ddt cta cac hydrophone thu, chu ky phat
tin hiéu Sonar va do rong mot xung Sonar. Ching ta chu
y 1a xung Sonar dudc diéu ché & cic tin s6 fi va f>. Piéu
kién thoi tiét trong lic thi nghiém dugc mo ta & Bang II.
Nhém nghién ctiu khong tién hanh do dic mic nhiéu, tuy
nhién v6i diéu kién nay vé co ban diéu kién thoi tiét 1a
thuén 16i cho th nghiém. Trong giGi han cac nghién ciiu
nay, bai bdo chi tip trung vao su anh hudng cic tham sd
ky thuat dén chit lugng hé théng ma chua tap trung vao
céc nghién ctiu vé sy 4nh hudng céc diéu kién tu nhién nhu
séng, gi6 hay bio. Céc chin ti Ang ten phat la transducer
BII-7562/200 [21] 1a ho transducer dinh huéng c6 tinh dinh
huéng kha t6t. P mé bip song 1a 7° dugc sit dung trong
cong thic (11).

Hinh 4nh thi nghiém quét 4nh ddy hd Pdng Do dugc
trinh bay & Hinh 5, trong d6 két qua thu dugc bang céch st

Bang II
CAC PIEU KIEN MOI TRUONG

Thoi tiét  troi khong ning, khéng mua
Nhién do 25°C

Gi6 gi6 nhe

Séng song lan tan




Hinh 5. Hinh anh th nghiém hé Sonar chii dong quét hinh anh
ddy 2D tai hd Pdng Po ngay 16 thang 10 nim 2021

dung phuong phip dudc so sanh truc tiép trong thdi gian
thuc v6i hé thdng Sonar chuyén dung. Cac két qua so véi
hé Sonar chuyén dung cho thiy khong c6 su khic biét ding
ké giita hai hé théng. Hé théng thit nghiém dudc di chuyén
theo mdt mit cit ngang ctia hd Pong Do, tic thuyén di
chuyén tf mot bd phia bén niy sang bd phia bén kia.

8 : . T T o I 5 n Bo
Khu vec gan ber &  Khuveclonghd (K“u vwza; ¥
7
Mhindi,
if M s s . |
. o AV NTOE -Aﬂ\_\ﬂ | Nhiéu phép do Pl
WA, L. == o
— . Y
5 2a / /
|

Lo sau (m)

"N

|| f
) 'l I, /v ‘u,«".‘”
LT

60

50
(m)

70 100

Hwéng tau di chuyén

Hinh 6. Két qua hinh 4nh quét ddy 4nh 2D hd Pdng Do ngay 16
thang 10 ndm 2021.

Hinh 6 trinh bay chi tiét hinh anh man hinh hién thi két
qua quét diy hdo Pong Do dudi dang hinh anh hai chiéu
2D. Tir két qua do dac va hién thi trén man hinh 2D, ching
ta nhin thay ho Pdng Do c6 hai sudn dbc phai va dbc tréi,
thodi din xudng long hd véi do sau tai vi tri do dudc cla
long hd khoang 8 m. Mot s6 hinh anh do dugc vé do sau
khong phit hop véi thuc té 1a nhiéu cta phép do, 1y do céc
transducer phat khong dudc gin cb dinh trén man thuyén
ciing nhu thuyén st dung khong phéi 1a céc tau 16n, do
vy c6 do trong tranh séng kh4 cao, gy ra nhiéu phép do.
Ngoai ra, nhiéu ciing c6 thé 1a do thiét ké cic mach dién
ti va hé théng chua tbi uu ciing nhu chua loai bé hét céc
nguodn nhiéu bén ngoai.

Hinh 7 so sanh két qua do do siu st dung thiét bi quét
Sonar do nhém nghién ciu thiét ké ché tao dua trén thuat
todn dé xuit so vdi két qui do dac st dung thiét bi chuyén
dung. Két qua do dugc thuc hién tai hd Hoa Binh ngay
21.10.2021. Hai thiét bi dudc do tai cing mot thdi diém va
dit & vi tri kha gin nhau. Su khac biét giita hai két qua do
12 1,5 m, tiic day 1a su khac biét tuyét ddi, con su khac biét
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so vé mit tuong d6i 12 1,8 % ctia thang do 79 m, su khic
biét nay khong khing dinh 1a sai s6 ctia phép do, vi két qua
do con phu thudc vao hudng ciia bip song quét. Mic du
hudng ciia ca hai thiét bi déu dugc dit theo phuong thang
ding, nhung vi ly do k¥ thuét thuc nghiém, cdc huéng quét
clia cdc thiét bi khong thé khiang dinh la trung nhau. Cic
két qua do dac nhiéu 14n & cac vi tri va kich ban khic nhau
so vdi cic thiét bi chuyén dung khing dinh tinh ding dan
ctua phép do.

a) Két qui do bing hé sonar chil dng do nhom tic gid nghién
120:78.2445 m

ciru ché

Ho Hoa BIN
Google

©) Vi tri do d§ siu tai hé Hoa Binh

b) Két qui do dwgc bing miy do chuyén dyng: 79.7 m

Hinh 7. Két qua so sanh do do sau tai hd Hoa Binh ngay 21 thang
10 nam 2021 gitta thict bi do nhom nghién ctu thict ke ché tao
dua trén thuat toan dé xuét véi thiét bi chuyén dung.

Hinh 8 trinh bay két qua quét ddy vinh Ha Long, va dung
4nh hién thi 3D. Khu vuc quét ddy thuc hién gan Hon Ti
Top. Két qua quét ddy vinh cho thiy ddy kha bing phang,
la di€ém khéc biét so véi két qua quét diy & hd Pong Po.
Két qua hién thi lic bit diu do va lic két thic do 1a sai sb
phép do vi dau quét tin hiéu trudc khi thuc hién phép do
chua dudc gi cb dinh.

Do sau [m]
&

Be rong quet [m]

Hinh 8. Két qui quét ddy 3D Vinh Ha Long ngay 23 thang 10
nidm 2021, khu vyc gan hon Ti Tép.
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IV. KET LUAN

Bai bdo da dé xuit phuong phdp quét anh 2D va 3D sit
dung cong nghé nhan dang va dinh vi bang séng am cia
cac vat thé dudi nudc. Phuong phdp tao anh 3D clia cac
vat thé dudi nuéc duge thuc hién bang cach sit dung nhiéu
dau thu tin hiéu séng 4m, va mot s6 dau phat tin hiéu séng
am nham muc dich thu thap dit liéu dé tao anh 3D c6 do
phan gidi 16n. Phuong phap xt 1y tin hiéu va tao anh dé
xuét cho phép xi Iy tin hiéu tir nhidu du thu, cho phép loc
nhiéu hiéu qua, gidm dd phic tap hé théng, thuan 10i cho
viéc thuc hién hé thdng quét dnh bing phan ciing va phan
mém. Bai bdo ciing trinh bay két qui do dac thuc té cla
viéc quét day ho Pong Do, cic két qua do dac dugc so sanh
va danh gid bdi cdc thiét bi chuyén dung cho thiy su tin
cdy ctia phép do. D€ c6 danh gia toan dién vé anh hudng
ctia cdc tham s6 hé thong va tham s6 moi trudng, ciing nhu
la cac kich ban thd nghiém khac nhau, nhém nghién ctu
can tién hanh thém nhiéu phép do va so sanh véi cic ky
thuat hién tai. Tuy nhién diy la cac cong viéc doi hdi su
chuin bi cong phu. Bai bdo nay diing lai vé phan tich su
hoat dong clia thuat toian dé xuét, c6 minh chiing vé kha
ning thuc hién thuit todn trén nén tang phan cting thong
qua thuc nghiém. Céc vin dé con md sé 1a cic ddi tuong
nghién ctiu tiép theo cla tap thé tic gia.

LOI CAM ON

Cong trinh khoa hoc nay dudc tai trg trong khudng khd dé tai
ma sd T2023-PC-034 ctia Pai hoc Bach khoa Ha Noi. Cac tic
gia tran trong cam on.

TAI LIEU THAM KHAO

[1] I. G. Bryden, “An active sonar system using acvd beam-
forming,” Applied Acoustics, vol. 27, no. 4, pp. 275-285,
1989.

[2] M. Caccia, G. Bruzzone, and G. Veruggio, “Active sonar-
based bottom-following for unmanned underwater vehicles,”
Control Engineering Practice, vol. 7, no. 4, pp. 459-468,
1999.

[3] E.J. Sullivan, Active Sonar, pp. 1737-1755. New York, NY:
Springer New York, 2008.

[4] B. H. Maranda, Passive Sonar, pp. 1757-1781. New York,
NY: Springer New York, 2008.

[5] G.Marani, S. K. Choi, and J. Yuh, “Underwater Autonomous
Manipulation for Intervention Missions AUVs,” Ocean En-
gineering, vol. 36, no. 1, pp. 15-23, 2009.

[6] D. W. Kim, “Tracking of REMUS Autonomous Underwater
Vehicles with Actuator Saturations,” Automatica, vol. 58,
no. C, pp. 15-21, 2015.

[7] N. Q. Khuong and N. V. Duc, “Phuong phap thiet ke he
thong quet anh cac vat the duoi nuoc su dung dong thoi
nhieu dau thu phat tin hieu song am,” Bing doc quyén sing
ché s6 39938 do Cuc S6 hitu tri tué cip ngay 26.04.2024.

[8] N. Q. Khuong and N. V. Duc, “Phuong phap quet anh khong
gian ba chieu su dung cong nghe nhan dang va dinh vi song
am duoi nuoc,” Bing ddc quyén sing ché s6 39939 do Cuc
S& hitu tri tué cAp ngay 26.04.2024.

[9] N. Van Duc and N. Khuong Quoc, “Hé théng sonar chu
dong st dung dong thoi nhidu diu thu phat tin hiéu séng

am,” Chuyén san Cong nghé thong tin va truyén thong - Tap
chi Cong nghé thong tin va truyén thong, 2024.

[10] V.D. Nguyen, N. M. Luu, Q. K. Nguyen, and T.-D. Nguyen,
“Estimation of the acoustic transducer beam aperture by
using the geometric backscattering model for side-scan sonar
systems,” Sensors, vol. 23, no. 4, 2023.

[11] S.-C. Yu, T.-W. Kim, G. Marani, and S. K. Choi, “Real-
time 3d sonar image recognition for underwater vehicles,”
in 2007 Symposium on Underwater Technology and Work-
shop on Scientific Use of Submarine Cables and Related
Technologies, pp. 142-146, 2007.

[12] Z.Li, B. Qi, and C. Li, “3d sonar image reconstruction based
on multilayered mesh search and triangular connection,” in
2018 10th International Conference on Intelligent Human-
Machine Systems and Cybernetics (IHMSC), vol. 02, pp. 60—
63, 2018.

[13] M. Sung, J. Kim, H. Cho, M. Lee, and S.-C. Yu,
“Underwater-sonar-image-based 3d point cloud reconstruc-
tion for high data utilization and object classification using
a neural network,” Electronics, vol. 9, no. 11, 2020.

[14] J. G. Moss, “Sonar bathymetry system transmit-receive se-
quence programmer,” U.S. Patent US3500302A, 1969.

[15] A. Lorenson and D. Kraus, “3d-sonar image formation and
shape recognition techniques,” in OCEANS 2009-EUROPE,
pp. 1-6, 2009.

[16] E. Coiras, Y. Petillot, and D. M. Lane, “Multiresolution 3-d
reconstruction from side-scan sonar images,” IEEE Trans-
actions on Image Processing, vol. 16, no. 2, pp. 382-390,
2007.

[17] V. D. Nguyen, H. L. N. Thi, Q. K. Nguyen, and T. H.
Nguyen, “Low complexity non-uniform fft for doppler com-
pensation in ofdm-based underwater acoustic communica-
tion systems,” IEEFE Access, vol. 10, pp. 82788-82798, 2022.

[18] A.-A. Saucan, C. Sintes, T. Chonavel, and J.-M. Le Caillec,
“Model-based adaptive 3d sonar reconstruction in reverberat-
ing environments,” IEEE Transactions on Image Processing,
vol. 24, no. 10, pp. 2928-2940, 2015.

[19] I. Rahaman, M. S. Hossain, M. Y. Hossain, and N. Hosen,
“Performance enhancement of active sonar system in under
water environment using spherical hydrophone array,” in
2019 5th International Conference on Advances in Electrical
Engineering (ICAEE), pp. 628-632, 2019.

[20] C. Y. Nguyen, H. V. Do, V. D. Nguyen, and H. A. Muza-
mane, “Underwater ambient noise model and verification in
the underwater ofdm system,” in 2017 International Confer-
ence on Information and Communications (ICIC), pp. 233—

239, 2017.

[21] B. I. INC, “Bii-7560 series echo sounder transducer:
Broadband & high power datasheet,” Available
online: https://www.benthowave.com/products/BII-
7560echosounder.html.

Nguyén Vin Pirc 6t nghiép k§ su chuyén
nganh Ky thuit thong tin nim 1995, tbt
nghiép Thac si k§ thuit nam 1997 chuyén
nganh dién ti vién thong, Trudng Pai hoc
Bich khoa Ha Noi; t6t nghiép Tién si
chuyén nghanh ky thuat thong tin Trudng
PH téng hop Hannover, CHLB Puc nidm
2003. Tir nim 1998 dén nay 1a gidng vién
truong Pai hoc Bach Khoa Ha Noi. Linh vuc nghién cdu hién




nay 12 hé théng thong tin thiiy 4m, hé théng Sonar, cong nghé
MIMO, OFDM.
Email: duc.nguyenvanl @hust.edu.vn

Nguyén Quéc Khwong tbt nghiép ky su
chuyén nganh k¥ thuat thong tin nam 1995,
tot nghiép thac sj k§ thuat nim 1997
chuyén nganh dién t vién thong, Trudng
Pai hoc Bach Khoa Ha Nbi; tot nghiép
tién sy chuyén nghanh ky thuat thong tin
Truong Pai hoc Bach Khoa Ha Noi nim
2011. Tt nim 1998 dén nay 1a gidng vién
truong Pai hoc Bach Khoa Ha Noi. Linh vuc nghién ctu hién
nay 12 hé théng thong tin thiiy 4m, hé théng Sonar, cong nghé
MIMO, OFDM.

Email: khuong.nguyenvan@hust.edu.vn

29

Tip 2025, S6 1, Thing 6



Cdc cong trinh nghién cifu, phat trién va ing dung CNTT va Truyén théng

Khmer News Classification in Low-Resource
Settings: A comparative Analysis of Embed-
ding Method

Korat Natt, Heang Sopagna, Lay Vathna
Research and Development. Cambodia Academy of Digital Technology, Phnom Penh, Cambodia

Correspondence: Korat Natt. Email: natt.korat@cadt.edu.kh
Received: 31/01/2025, revised: 30/04/2025, accepted: 26/05/2025
DOI: 10.32913/mic-ict-research-vn.1377

Abstract: Text classification in low-resource languages like Khmer remains challenging due to linguistic complexity, limited
annotated data, and noise from real-world applications. This study addresses these challenges by systematically comparing
text embedding techniques for Khmer news classification. We evaluate traditional methods (TF-IDF with SVM) against
state-of-the-art multilingual transformers (XLM-RoBERTa, LaBSE) using a self-collected dataset of 7,344 Khmer news
articles across six categories—politics, economics, entertainment, sports, technology, and life. The dataset intentionally
retains noise (e.g., mixed-language text, unstructured formatting) to reflect practical scenarios. To address Khmer’s lack of
word boundaries, we employ word segmentation via khmer-nltk for traditional models, while transformer models leverage
their inherent subword tokenization. Experiments reveal that transformer-based embeddings achieve superior performance,
with XLM-RoBERTa and LaBSE attaining F1 scores of 94.2% and 94.3%, respectively, outperforming TF-IDF (93.3%).
However, the “life” category proves challenging across all models (F1: 85.5-88.1%), likely due to semantic overlap with
other categories. Our findings underscore the effectiveness of transformer architectures in capturing contextual nuances for
low-resource languages, even with noisy data. This work offers insights for NLP researchers and practitioners, emphasising
the need for domain-specific adaptations and expanded datasets to improve performance in underrepresented languages.

Keywords: fext classification, low resource language, khmer language, news classification, contextual embedding

I. INTRODUCTION narios. However, they fall short when dealing with complex
linguistic structures and contextual nuances, especially in
morphologically rich or low-resource languages [7] like
Khmer. The rise of deep learning has transformed NLP,
with models like BERT [8]] and GPT [9] achieving state-
of-the-art classification accuracy [10] by leveraging self-
attention mechanisms to capture word context and seman-
tics.

Text classification has become an essential task [, [2]] in
natural language processing (NLP), enabling the automatic
organization of text data into predefined categories. As
unstructured data continues to grow exponentially [3] across
diverse platforms, such as social media, news websites,
and customer feedback systems, the need for efficient and
accurate text classification techniques is more critical than

I. . L I
eve These improvements primarily benefit widely used lan-

Khmer news classification plays a crucial role in applica- guages with large datasets and pre-trained models, whereas
tions such as misinformation detection, news recommenda-  |ow-resource languages like Khmer remain underrepre-

tion systems, and digital archiving, yet remains challenging  gepted in NLP research [1T]. Unlike prior studies that
due to the language’s unique structure and the scarcity of  focused solely on either traditional machine learning models
annotated data. or deep-learning architectures, this study systematically

Traditional approaches, such as Term Frequency-Inverse evaluates a diverse range of embeddings TF-IDF, XLM-
Document Frequency (TF-IDF) [4] paired with classifiers RoBERTa, and LaBSE on a noisy, real-world Khmer news
such as SVM [5] or Logistic Regression [6], have laid dataset. Additionally, we investigate how noise and mixed-
the groundwork for text classification. These models offer ~ language text impact classification performance, providing
interpretability and reasonable performance in various sce- insights for future Khmer NLP research.
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The remainder of this paper is organized as follows. Sec-
tion II reviews related work on text classification, with an
emphasis on Khmer text classification. Section III outlines
the methodology, detailing each embedding technique and
classification model used in the study. Section IV describes
the dataset and the preprocessing steps undertaken to pre-
pare the Khmer news articles for classification. Section
V presents the experimental setup and evaluation metrics
used to assess model performance. Section VI reports the
experimental results, and the discussion provides an in-
depth analysis of model performance and the implications
of our findings, highlighting the strengths and limitations
of each approach. Finally, Section VII concludes the paper
and suggests potential avenues for future research.

II. RELATED WORK

Text classification has been extensively studied in natural
language processing (NLP), with a broad spectrum of meth-
ods ranging from traditional machine learning algorithms
to more advanced deep learning approaches. Classical tech-
niques such as SVM, Decision Trees [12], and Naive Bayes
[13} [14] have demonstrated effectiveness in various text
classification tasks, leveraging simple yet powerful feature
extraction methods like TF-IDF.

The emergence of deep learning has revolutionized text
classification, with architectures like Deep Neural Networks
[[15] (DNNs), Recurrent Neural Networks [16]] (RNNs), and
pre-trained models such as BERT [17] becoming state-of-
the-art solutions. These models are better at understanding
context and semantics by leveraging large-scale pre-training
and the power of word embeddings. As a result, they have
set new benchmarks [[18, [19] across numerous NLP tasks
in high-resource languages.

However, significant challenges remain for low-resource
languages like Khmer, where research and resources are
limited. Existing studies [L1} |20] on Khmer text classifica-
tion have often emphasized language-specific challenges,
such as the absence of spaces between words, complex
morphological structures, and a lack of annotated data.
To improve model performance, some approaches have
focused on effective preprocessing techniques, including
word segmentation [21] and noise reduction.

A notable study by [22] introduced a dataset of 15,205
Khmer news articles collected from three sources, cov-
ering six categories. The authors preprocessed the data
by removing special characters, numbers, punctuation, and
non-Khmer characters, and by applying word segmentation
tailored to the Khmer language. They evaluated DNNs,
RNNs with attention mechanisms, and FastText for classifi-
cation. Their findings revealed that FastText outperformed
the other models, achieving an accuracy of 93.81%, thereby
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highlighting the effectiveness of FastText’s subword-level
embeddings for Khmer text classification.

In a study on Khmer text classification by [L1], the
author developed a pipeline for multi-class and multi-label
tasks using an in-house word segmenter and a dataset
from local news sources. The research compared SVM
with TF-IDF to deep learning models, such as CNNs
and RNNs, with FastText embeddings. Neural network
models consistently outperformed the baseline SVM+TF-
IDF, with RNNs achieving the best performance across
metrics, demonstrating the effectiveness of deep learning
for Khmer text classification.

Another study [23] investigated the use of SVM with TF-
IDF and Delta TF-IDF [24] as feature extraction methods
for Khmer text classification. The results showed that SVM
achieved accuracies of 83.47% and 83.40%, respectively,
using these feature extraction techniques. This research
underscores the impact of practical feature engineering,
such as TF-IDF, in improving the performance of traditional
models for Khmer text.

Even with these advancements, a gap remains in under-
standing how modern multilingual transformers and robust
embeddings perform on noisy, mixed-language Khmer data.
Our work aims to fill this gap by evaluating a range of
techniques, from classical methods like TF-IDF to state-
of-the-art embeddings such as XLM-RoBERTa [25] and
LaBSE [26], using a self-collected, noise-prone dataset.
This investigation will provide new insights into the robust-
ness and applicability of various text classification models
for low-resource languages in real-world scenarios.

III. METHODOLOGY

In this section, we describe the models selected for text
classification, focusing on their unique features and their
application to the classification of Khmer text data.

1. TF-IDF

Term Frequency Inverse Document Frequency (TF-IDF)
[4] is a statistical method used to assess the importance
of words within a document relative to a corpus. Term
Frequency (TF) measures the frequency of a word in a doc-
ument, while Inverse Document Frequency (IDF) evaluates
how rare or common the word is across the entire document
set. Multiplying these values yields a score that highlights
significant words while down-weighting common but less
informative ones.

tfidf.a = tfr,a X idf:

tfr.a =logo(cout(t,d) + 1)

ey
©))
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Figure 1. Overall pipeline for text classification with different feature extraction and word embedding techniques.
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We chose TF-IDF because it provides a balance between
corpus-wide relevance and word specificity, which makes
it optimal for text classification in morphologically compli-
cated languages like Khmer. After segmentation, TF-IDF
maintains linguistically significant features while reducing
noise from common words by highlighting terms that are
common in individual documents but uncommon through-
out the corpus. For this study, we use TF-IDF to convert
the textual content into a sparse matrix representation.
This matrix is input to a Support Vector Machine (SVM)
classifier. Given the morphological complexity and lack of
spaces between words in Khmer text, we employ khmer—
nltk ['| to perform word segmentation, inserting spaces
between words before vectorizing them with TF-IDF. Word
segmentation is the foundational task for enhancing the
performance of the TF-IDF representation for Khmer text.

2. XLM-RoBERTa

XLM-RoBERTa introduced in [25] is a multi-lingual
model that builds upon BERT [8] and RoBERTa [27]
which provides a powerful contextualize embedding over
100 languages including Khmer. Unlike BERT that utilize
transformer encoder architecture [28] to train on the bidirec-
tional encoding approach producing a richer contextualize
word representation, XLM-RoBERTa adopted RoBERTa’s
optical approach over BERT by removing Next sentence
Prediction (NSP) and applying dynamic masking techniques
for better model learning.

Since BERT and RoBERTa are monolingual models
trained primarily for English, XLM-RoBERTa is specifi-
cally trained for multiple languages using a massive dataset
from Common Crawl E] and Wikipedia, containing approx-
imately 30 million Khmer tokens. This enables it to learn
effective representations for Khmer text through powerful
transfer learning techniques.

Thttps://github.com/VietHoang1512/khmer-nltk
Zhttps://commoncrawl.org
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3. LaBSE

LaBSE (Language-Agnostic BERT Sentence Embed-
ding) [26] is a multilingual sentence embedding model
developed by Google, designed to provide high-quality em-
beddings in over 100 languages, including Khmer. Unlike
XLM-RoBERTa, which is effective for cross-lingual rep-
resentation by training with a huge cross-language corpus,
LaBSE is designed to utilise BERT effective method for
learning monolingual embedding to cross-lingual represen-
tations with different approaches by investigating a com-
bination of the best method for learning monolingual and
cross-lingual representation together with techniques such
as masked language modeling (MLM), translation language
modeling (TLM) [29], dual encoder translation ranking
[30]. By utilizing dual encoder translation approach, it
is given the advantage to the low resource language like
Khmer to learn and gain benefits from weight sharing and
transfers learning process from rich resource language like
English and French, as the model is trained on the parallel
corpus aligning both language for each encoder.

Due to its language-agnostic architecture, it is partic-
ularly effective for cross-lingual applications and low-
resource languages. We can utilise LaBSE to transform each
piece of text into a fixed-length vector that captures the
semantic meaning of the content in our work.

IV. DATASET

The dataset includes 7,344 Khmer news articles with
3,448,153 tokens, compiled from various publicly acces-
sible Cambodian news websites. We used automated web
scraping and manual filtering to ensure a balanced selection
while removing duplicates and irrelevant content. Each
article includes two key features: the content of the news
article and its corresponding label defined by its authors,
which indicates the news category. The data is divided into
six categories: entertainment (13.6%), economic (16.6%),
political (29.1%), sport (13.6%), technology (13.6%) and
life (13.6%). These categories were chosen as they repre-
sent the most frequently occurring topics in Khmer news
media, ensuring a balanced dataset for classification. They



align with existing news categorisation frameworks in other
languages, allowing for meaningful cross-linguistic compar-
isons. Table [l illustrates the distribution of these categories,
showing that political news is the most frequent than other
type of news.

Table I
THE DISTRIBUTION OF THE 6 CATEGORIES IN THE
DATASET COLLECTED FROM KHMER NEWS WEBSITES.

Label Number of Number of Token per
Article Token Article
Politic 2,136 1,018,294 476.73
Economic 1,216 798,066 656.30
Entertainment | 1,000 386,944 386.94
Life 998 463,089 464.02
Sport 996 316,771 318.04
Technology 998 464,989 465.92
Total 7,344 3,439,078 468.28

To ensure data quality while maintaining real-world char-
acteristics, we applied preprocessing steps such as removing
HTML tags, URLSs, and redundant special characters. How-
ever, to better reflect real-world Khmer text classification
challenges, we retained elements typically considered noise,
such as punctuation marks, mixed English and Khmer
words, and unstructured text patterns. While irrelevant web
elements were removed, meaningful content features were
preserved to ensure model robustness and evaluate the
impact of noisy data on classification performance.

By incorporating this level of noise and mixed language
content, we aim to assess how well the models can handle
linguistic diversity and unclean data, contributing to our
understanding of model performance in less controlled
environments.

V. EXPERIMENT

1. Experimental Setup

In our experiment, we utilized Google Colab Note-
book, which offers an NVIDIA T4x2 GPU and 16 GB
of RAM. The notebook was set up with Python 3.10,
and we employed the HuggingFace transformers library
for model implementation. A 70-10-20 split was chosen to
balance training data availability with model generalisation,
ensuring a reliable validation and testing process. The 10%
validation set monitors overfitting during fine-tuning, while
the 20% test set provides a solid final evaluation. Some
NLP papers justify an 80-10-10 split to provide more
training data, whereas deep learning models sometimes
use a 90-5-5 split to maximise training while relying on
minimal validation. However, given our dataset size and the
need for a reliable test evaluation, we found the 70-10-20
ratio to be the most effective balance for this study.
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Different models were trained with the following config-
uration:

o« XLM-RoBERTa and LaBSE: These models were
fine-tuned with the learning rate of 2 X 1073, over 5
epochs, with a batch size of 8, and optimized using
the AdamW [31] optimizer with a categorical cross-
entropy loss function.

o TF-IDF + SVM: We limited TF-IDF to 10,000 fea-
tures to prevent excessive dimensionality while retain-
ing key informative terms. This threshold was selected
based on empirical testing, balancing feature richness
and computational efficiency. For the SVM classifier,
we retained scikit-learn’s default parameters (C=1.0,
kernel="rbf’, gamma=’scale’) to better handle high-
dimensional sparse text data.

While both models were fine-tuned with the same hyper-
parameters (batch size = 8, learning rate = 2% 1079), XLM-
RoBERTa was trained with a maximum sequence length of
512 tokens. In contrast, LaBSE leveraged a fixed sentence
embedding size of 768 dimensions, as it is optimized for
sentence-level representation.

2. Evaluation Metrics

To assess the performance of the models, we used
three standard evaluation metrics: Precision, Recall, and F1
Score. These metrics are commonly used in classification
tasks to assess the accuracy and reliability of predictions.
The formulas and definitions for each metric are provided
below.

« Precision: Precision measures the proportion of true
positive predictions (TP) to the total number of posi-
tive predictions (TP + FP), where FP represents false
positives. Precision can be defined as:

TP

TP+ FP @

o Recall: Recall, also known as the sensitivity or true
positive rate, measures the ability of the model to
identify all relevant instances. It is defined as the ratio
of true positives to the sum of true positives and false
negatives (FN):

Precision =

TP
TP+ FN )
o F1 Score: The F1 score is the harmonic mean of
Precision and Recall, providing a single measure that
balances the trade-offs between them. It is particularly
useful in scenarios where the dataset is imbalanced,
as it takes into account both false positives and false
negatives. The F1 score is computed as:

Recall =

Fl=2x Precision X Recall

6)

Precision + Recall
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These evaluation metrics allow us to assess model ef-
fectiveness across different Khmer news categories. The
following section presents our experimental results and
discusses key observations from the model performance.

VI. RESULTS AND DISCUSSION

In this section, we present and analyse the performance
of various models applied to our self-collected Khmer
news dataset, which covers six distinct categories. Table
provides an overview of the precision, recall, and F1 scores
for each model, highlighting key trends and insights.

The close performance between LaBSE and XLM-
RoBERTa suggests that both transformer models effectively
capture semantic nuances. However, LaBSE’s sentence-
level embeddings might contribute to its higher recall by
reducing misclassifications in longer documents, whereas
XLM-RoBERT2’s token-level encoding might introduce
more fine-grained misinterpretations. The lower perfor-
mance of TF-IDF + SVM highlights its reliance on
word frequency rather than contextual meaning, leading to
weaker results in semantically overlapping categories.

1. Results Analysis

The performance metrics illustrate the performance of
different models in classifying news articles into our pre-
defined six categories, which is sharing similar results on
the testing set of the Khmer news.

TF-IDF: The TF-IDF model achieved commendable
results with a precision of 0.935, a recall of 0.932, and
an F1 score of 0.933. The simplicity of TF-IDF in con-
verting text into sparse representations allows for efficient
classification, especially in well-separated categories.

XLM-RoBERTa: XIL.M-RoBERTa produced a steady
result of 0.942 for precision, recall and the F1 score. This
high performance highlights the model’s ability to leverage
transformer-based architectures and large-scale multilingual
pre-training to understand contextual and syntactic varieties
in the data. Balanced precision and recall scores indicate
that XLM-RoBERTa is effective in identifying relevant
news categories and minimizing false negatives.

LaBSE: LaBSE achieved the close results compared
to XLM-RoBERTa with the precision of 0.942, while its
recall is slightly higher at 0.946 and the F1 score of 0.943.
LaBSE’s slightly superior performance suggests that its ar-
chitecture effectively leverages state-of-the-art multilingual
sentence embeddings, making it particularly robust in text
classification tasks.

Table [[] shows that the "life" category is the lowest
accuracy among the models, 0.855, 0.863, and 0.881 F1
score of TF-IDF, XLM-RoBERTa, and LaBSE respectively,
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due to its complex information, which is sharing similar
information with other categories. The lower F1-score for
the "life" category (85.5-88.1%) suggests that this category
overlaps significantly with others, particularly "Entertain-
ment" and "Economy." Many articles in this category
contain subjective or lifestyle-related content, making it
harder for models to distinguish clear decision boundaries.
Additionally, the shorter average document length in this
category might reduce available contextual information for
transformers.

While transformer models (XLM-RoBERTa and LaBSE)
outperformed TF-IDF + SVM in terms of Fl-score, they re-
quired significantly higher computational resources. Train-
ing time for XLM-RoBERTa and LaBSE was approximately
X times longer than TF-IDF + SVM, reflecting the cost
of fine-tuning large-scale contextual models. In real-world
applications, practitioners must balance accuracy gains with
computational feasibility when selecting models.

2. Discussion

The results indicate that transformer-based models,
XLM-RoBERTa and LaBSE, are more effective for Khmer
news classification than traditional models like TF-IDF.
This performance boost can be attributed to the trans-
former’s ability to capture contextual and semantic relation-
ships, which is crucial for accurately distinguishing between
classes. However, our dataset is limited and may not fully
showcase the advantages of transformer-based embeddings
in larger-scale applications.

While transformer models (XLM-RoBERTa and LaBSE)
outperformed TF-IDF + SVM regarding the Fl-score,
they required significantly higher computational resources.
Training time for XLM-RoBERTa and LaBSE was approx-
imately X times longer than TF-IDF + SVM, reflecting
the cost of fine-tuning large-scale contextual models. In
real-world applications, practitioners must balance accuracy
improvements with computational feasibility when selecting
models.

The TF-IDF model’s performance demonstrates that even
simple approaches can be effective when text features are
well-separated. However, it struggles to capture deeper
contextual understanding, leading to lower performance in
semantically overlapping categories.

XLM-RoBERTa and LaBSE offer similar performance
but have different strengths based on their architecture.
LaBSE focuses on sentence-level embeddings (94.6% recall
rate), making it ideal for applications like legal text clas-
sification, where minimizing false negatives is important.
XLM-RoBERTa, with its token-level processing, excels
in tasks that require detailed context, such as sentiment
analysis or misinformation detection.
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Table 11
EVALUATION RESULTS OF ALL MODELS FOR EACH NEWS CATEGORIES.
Label TF-IDF XLM-RoBERTa LaBSE
P [R[FI P [R[FI P [R[FI
Politic 0961 | 0976 | 0.968 | 0.973 | 0.980 | 0.977 | 0.984 | 0.951 | 0.967
Economic 0.932 | 0906 | 0919 | 0961 | 0.953 | 0.957 | 0922 | 0.973 | 0.947
Entertainment | 0.975 | 0.943 | 0.959 | 0.940 | 0.962 | 0.951 | 0.965 | 0.929 | 0.947
Life 0.830 | 0.886 | 0.857 | 0.885 | 0.843 | 0.863 | 0.881 | 0.881 | 0.881
Sport 0.986 | 0981 | 0983 | 0.990 | 0.986 | 0.988 | 0.972 | 0.990 | 0.980
Technology 0.931 | 0904 | 0917 | 0.907 | 0.928 | 0.917 | 0.930 | 0.952 | 0.941
Average 0.935 | 0932 | 0933 | 0942 | 0.942 | 0.942 | 0.942 | 0.946 | 0.943
However, transformer models require significantly more REFERENCES

computational resources than traditional methods, with
training taking roughly X times longer than TF-IDF +
SVM. Balancing accuracy and efficiency requires careful
examination in real-world situations. Future research should
improve these models by using methods like model prun-
ing, quantization, or knowledge distillation to train more
efficiently while maintaining classification accuracy.

VII. CONCLUSION

This study systematically evaluated Khmer news classifi-
cation models, comparing traditional TF-IDF + SVM with
advanced transformer-based embeddings (XLM-RoBERTa
and LaBSE) on a real-world dataset.

Our results demonstrate that transformer models sig-
nificantly improve classification performance by capturing
contextual relationships in Khmer text, which is crucial
for low-resource languages. However, their high computa-
tional cost poses challenges for deployment in resource-
constrained environments. While TF-IDF + SVM remains
a viable option for lightweight applications, it struggles to
capture deep semantic relationships in text.

Future research should focus on training models with
more extensive and diverse datasets to improve generalisa-
tion. Investigating lightweight transformer models such as
DistilBERT or TinyBERT could help reduce computational
costs while still delivering robust performance. Addition-
ally, exploring models like DeepSeek, which are designed
for multilingual and efficient language understanding, could
offer promising solutions for Khmer NLP. DeepSeek’s
capabilities in handling low-resource languages and its
energy-efficient architecture make it a strong candidate for
future experiments. Moreover, applying these models to
specific Khmer texts, including legal or financial docu-
ments, may enhance their practical applicability.

This study provides valuable insights for advancing
Khmer NLP, emphasising the trade-offs between model
accuracy, computational efficiency, and real-world appli-
cability.
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Abstract: This study examines patterns of seasonal illnesses at an ENT hospital using statistical methods and advanced
machine learning techniques to improve disease prediction and support healthcare planning. The data underwent careful
cleaning to ensure accuracy, which involved identifying outliers, managing missing values, and normalising information.
The study looked at how seasonal illnesses develop, using a mix of techniques. This research used advanced tools like
Long Short-Term Memory (LSTM) networks and Prophet, as well as simpler models such as Holt-Winters and SARIMA.
To make the models easier to understand, there is an application of SHAP (SHapley Additive Explanations) values.
Finally, the article used statistical measures and confidence intervals to assess forecast accuracy. Moreover, to discover
how weather influences sickness seasonality, connections between patterns of disease incidence and environmental variables
like temperature, humidity, and rainfall have been additionally looked at with the aid of the usage of correlation prediction.
Overall, this method shows how conventional and system gaining knowledge of models can monitor seasonal illness traits.
The effects do not only simplest display the disease patterns, but it also assists with allocating resources and making
guidelines for better healthcare management.

Keywords: seasonal disease forecasting, machine learning and statistical forecasting, envirommental correlation in
healthcare.

Tiéu dé:  Du bdo xu huéng mila vu trong cic bénh tai mii hong: Phén tich so sanh giita cic md hinh hoc méy théng ké

Tém tit: Bai nghién cifu nay xem xét cdc mo hinh bénh theo mua tai mot Bénh vién Tai Mii Hong bing cich sit dung cac
phuong phép théng ké va ky thuat hoc mdy tién tién d€ cai thién dy dodn bénh va hd tr¢ 1ap ké hoach chim séc siic
khée. Dit liéu d trai qua qua trinh lam sach cén than d& dam bao tinh chinh x4c, bao gdm xéc dinh céc gia tri ngoai 1¢,
quan ly céc gia tri bi thiéu va chuin héa thong tin. Nghién cifu ndy tip trung vao cich cdc bénh theo mua phit trién,
st dung két hop cac k§y thuat khac nhau. Nghién ciiu nay st dung cic cong cu tién tién nhu mang Long Short-Term
Memory (LSTM) va Prophet, cing nhut cic mé hinh don gian hon nhu Holt-Winters va SARIMA. D€ 1am cho cdc mo
hinh dé hiéu hon, c6 mdt ting dung clia cic gia tri SHAP (SHapley Additive Explanations). Cubi cung, bai bdo da sit
dung céc bién phap thdng ké va khoang tin ciy dé€ danh gid do chinh xdc ciia dy bdo. Hon nita, d& kham phé cich
thoi tiét anh huéng dén tinh thdi vu ciia bénh tat, cac mdi lién hé giita cic mé hinh mic bénh va céc bién méi trudng
nhu nhiét d9, dd 4m va lugng mua ciing da dudc xem xét v6i su ho trg ciia du dodn tuong quan. Nhin chung, phuong
phéap nay cho thiy cic mé hinh hoc mdy truyén théng va hé thong cé thé theo ddi cac dic di€ém bénh theo mua. Céc
tdc dong khong chi don thuan hién thi cic md hinh bénh tit ma con hd trg phan bd ngudn Iuc va dua ra ciac huéng
din dé€ quan ly chim séc siic khde t6t hon.

Tir khéa:  duw bdo bénh theo mia, du bdo va hoc mdy thdng ké, twong quan moi truong trong chdm séc sitc khde.

37



Cdc cong trinh nghién cifu, phat trién va ing dung CNTT va Truyén théng

I. INTRODUCTION

For many diseases, the seasonal timing profoundly im-
pacts prognosis, treatment, and health care management. In-
depth information about these seasonal processes is critical
for effective healthcare architecture and the construction of
useful products. This study examines the temporal evo-
Iution of the most frequently used ICD disease models
in the Saigon ENT Hospital, revealing seasonal peaks in
disease incidence and informing resource allocation deci-
sions for continuous patient care. This study used detailed
data (diagnostic cases) from the Saigon ENT Hospital
from 2007 to early 2024. Then, these data were prepro-
cessed, cleaned, normalised, interpolated, and had outliers
removed-to reduce noise and improve model performance
and reliability. We applied statistical and machine learning
algorithms to model each disease’s time-series behavior.
The research began with Holt-Winters and SARIMA, then
applied stationary tests (ADF and KPSS) and machine
learning algorithms, including LSTM and Prophet, to drive
accurate forecasting and interpretation.

This study brought up three goals:

1) Finding these patterns of illness that occur in specific
seasons.

2) Developing these predictive models for all seasonal
diseases.

3) Developing strategies to efficiently use healthcare
resources, making sure we are equipped to manage
more patients during peak illness seasons.

The objectives of this research are to enhance understand-
ing of seasonal disease patterns and their practical appli-
cations in healthcare management, especially at the Saigon
ENT Hospital. Recently, predicting seasonal illnesses has
become important, using both traditional statistical models
and modern machine learning techniques. The ARIMA and
Holt-Winters models are widely used for disease prediction.
For example, Wang and colleagues successfully used these
models to predict weekly inpatient visits, capturing seasonal
changes in health care needs [1]. Similarly, Li and the
group adopted the use of ARIMA and Holt Winters for
the diagnosis of infectious diseases in China [2].

Researchers have looked into how well ARIMA and
Holt-Winters work for predicting diseases. Musa and his
team studied dengue fever in Malaysia and found both
strengths and weaknesses in these methods [3]. Zhou and
his team explored flu trends in China and noted clear
seasonal patterns [4]. Llamas-Nistall et al. applied Holt-
Winters-ARIMA to predict COVID-19 outbreaks in Spain,
demonstrating how valuable such techniques are during
public health emergencies [5].
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Beyond traditional methods, machine learning ap-
proaches are increasingly being adopted. Liu et al. demon-
strated the effectiveness of Long Short-Term Memory
(LSTM) networks for predicting tuberculosis incidence,
showcasing their ability to handle non-linear trends [6].
Prophet, a robust time-series forecasting tool, has also
gained attention for its flexibility in disease modeling. Guo
et al. compared ARIMA, SARIMA, and machine learning
methods for forecasting hand, foot, and mouth disease [7].

In Southeast Asia, Thanh et al. [8] and Poh et al. [9]
applied ARIMA and Holt-Winters to forecast dengue fever
cases, addressing regional challenges in disease modeling.
Pan and Li emphasised the importance of context-specific
approaches when comparing these models for infectious
disease forecasting [10].

Theoretical frameworks, such as the Augmented
Dickey-Fuller (ADF) and Kwiatkowski-Phillips-Schmidt-
Shin (KPSS) tests, have been essential in validating the
seasonality and stationarity of time-series datasets. By
integrating statistical methods with machine learning tech-
niques, recent studies have improved forecasting accu-
racy and interpretability. However, a common limitation
across these studies is the insufficient exploration of hybrid
approaches. Our study addresses this gap by combining
statistical models (Holt-Winters, SARIMA) with advanced
machine learning methods (LSTM, Prophet) and SHAP
(Shapley Additive Explanations) interpretability to enhance
prediction accuracy and applicability.

Although these studies cover many fields of statistical
and machine-learning techniques in forecasting, none of
them have integrated both model types with an explanation
framework to guide resource planning in a specialized
hospital setting. To fill this gap, this research at the Saigon
ENT Hospital (1) combines Holt-Winters and SARIMA
with LSTM and Prophet for robust hybrid forecasting
and (2) employs SHAP-based to find out which seasonal
drivers most influence each disease’s peaks-thereby offering
actionable insights for targeted resource allocation during
high-demand seasons.

II. MATERIALS AND METHODS
1. Study Design

This study adopts a retrospective design to explore the
seasonal patterns in ENT diseases, leveraging detailed med-
ical records from the Saigon ENT Hospital spanning the
years 2007 to 2024. The dataset encompasses outpatient
visit records, representing approximately 48% male and
52% female cases, ensuring a balanced gender represen-
tation. The records include comprehensive demographic
and medical information, such as gender, age, diagnosis,



treatment status, and visit dates, which were systematically
organized for analysis. The retrospective approach enabled
the identification of historical trends and seasonal variations
in disease incidence, while the incorporation of a cross-
sectional description method allowed for the evaluation of
disease prevalence at specific time points.

Rigorous inclusion and exclusion criteria were applied
to ensure data reliability and validity. Patients with com-
plete demographic and clinical data were included, while
records with missing, invalid, or inconsistent information
were excluded from the analysis. Additionally, diseases
with insufficient case numbers were omitted to maintain
statistical robustness and avoid analytical noise. By com-
bining retrospective and cross-sectional methods, this study
provides a comprehensive analysis of temporal variations
and disease patterns, offering insights that are critical for
seasonal healthcare planning.

2. Data Collection

FPT Corporation developed a robust eHospital software
to extract the dataset for this study from the hospital’s
management system. This software facilitated efficient ex-
traction and management of patient records, ensuring the
accuracy and privacy of the data. The dataset covers a 15-
year period, from January 2010 to February 2024, providing
a diverse and extensive sample for the analysis of seasonal
disease trends.

The data extraction process included detailed demo-
graphic and clinical information such as gender, age, di-
agnosis codes, treatment outcomes, and visit dates. This
information was meticulously cleaned and standardised to
eliminate missing values, normalise temporal sequences,
and aggregate case counts by month. To enhance the
analysis, external environmental variables such as tem-
perature, humidity, and precipitation were integrated into
the dataset, allowing for the investigation of correlations
between weather conditions and disease patterns. This inte-
gration provides a holistic view of seasonal trends and their
potential environmental drivers, enabling more informed
public health interventions.

The use of eHospital software ensured compliance with
healthcare data security regulations and industry standards.
By leveraging this advanced data management system, the
study achieved high levels of accuracy, consistency, and
scalability, supporting the rigorous demands of statistical
and machine learning analyses.

3. Analysis Framework

The use of eHospital software ensured compliance with
healthcare data security regulations and industry standards.
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By leveraging this advanced data management system, the
study achieved high levels of accuracy, consistency, and
scalability, supporting the rigorous demands of statisti-
cal and machine learning analyses. The research chose
Holt—Winters, SARIMA, Prophet, and LSTM because to-
gether they address the full spectrum of linear seasonality,
autocorrelation, non-linearity, and abrupt shifts in hospital
admission patterns—capabilities that simpler methods can-
not cover as comprehensively or interpretably. The Holt-
Winters triple-exponential smoothing framework ensures
that gradual, repeating annual peaks—such as those driven
by pollen seasons or recurring viral outbreaks—are re-
flected in the forecast without overreacting to noise. The
autocorrelation is handled by SARIMA with non-seasonal
and seasonal autoregressive and moving average terms
that systematically capture how spikes or dips in patient
numbers occur over time. Moreover, Prophet focuses on
detecting the abrupt shifts in admission rates caused by
local disease outbreaks, public holidays, or changes in
hospital policy (sudden changes). Finally, LSTM takes
care of the non-linearity and long-range dependencies with
gated memory, whose gated cells learn when to forget
outdated information and focus on long-term dependencies.
Overall, the framework presented in the article utilises
four approaches to ensure that annual cycles and data
persistence are maintained despite regime changes and non-
linear behaviors for corrective forecasting systems.

a) Statistical Analysis

To validate seasonality, statistical tests such as the Aug-
mented Dickey-Fuller (ADF) test and the Kwiatkowski-
Phillips-Schmidt-Shin (KPSS) test were applied:

1) Augmented Dickey-Fuller (ADF) Test:

p
Ayi=a+Bityy+6) Ayiter (1)
i=1
where Ay, represents the differenced value of the
time series, « is the constant term, 8 denotes the co-
efficient of the time trend, y represents the coefficient
of the lagged value of the series, ¢ is the coefficient
of the lagged differences, and &; is the error term.
2) Kwiatkowski-Phillips-Schmidt-Shin (KPSS) Test:

Ve =+ pr+uy ()

where y; represents the observed value of the time
series, r, is the random walk component, 8¢ denotes
the deterministic trend component, and u, is the
stationary error term.

b) Forecasting Models

We employed both statistical and machine learning mod-
els to analyse and predict seasonal disease trends:
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- Holt-Winters:

y; = (L;1 + b;l) X Sym 3)

where L; represents the level of the series at time ¢, by
denotes the trend of the series at time ¢, and S, is the
seasonal component of the series at time ¢.

- SARIMA:

Dy (B)D,(B*)y: = 6x(B)0x(B*)&; “

where @, (B) represents the autoregressive component,
0x(B) denotes the moving average component, and s is
the seasonality period.

- Prophet:

y(1) = g(1) +s(t) + h(1) + & Q)

where g(f) represents the trend component, s(z) denotes
the seasonal component, i(f) captures the holiday effects,
and &; is the error term.

- LSTM (Long Short-Term Memory):

hy = c(Wix; + Uphi—1 + by) (6)

Ct = ﬁ OCci-1 + il © tanh(WL.x, + Uch[_l + b(,) (7)

where h; represents the hidden state at time ¢, capturing
the short-term memory of the sequence, and c; denotes
the cell state at time t, representing the long-term memory.
o is the sigmoid activation function that scales values
between 0 and 1, while tanh is the hyperbolic tangent
activation function that scales values between -1 and 1.
Wh, Up, and by, are the weight matrices and bias term for
the input-to-hidden and hidden-to-hidden connections. f;
is the forget gate, determining how much of the previous
cell state to retain, and i, is the input gate, controlling how
much new information to store. Similarly, W., U,, and b,
are the weight matrices and bias term for the input-to-cell
and hidden-to-cell connections, while © represents element-
wise multiplication used for combining information across
gates and states.

¢) Model Interpretability with SHAP

SHAP (SHapley Additive exPlanations) was employed to
interpret model predictions, providing insights into feature
importance:

ISt ANT = 1ST - D!
IN|!

x [v(SUfi}) -v(9)]
®)

where: ¢; represents the contribution of feature i to the
prediction, S is a subset of features, N is the set of all
features, v(S) is the model output for subset S, and v(S U
{i}) is the model output for subset S including feature i.

¢ =

SCN\{i}
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d) Evaluation Metrics

Model performance was evaluated using:

1) Mean Absolute Error (MAE):

1\ © .
MAE = (;);m—m

where MAE measures the average magnitude of
errors between predicted values (¥;) and observed
values (y;), and n is the total number of observations.
Root Mean Squared Error (RMSE):

%Z()’i —5’1')2)

where RMSE calculates the square root of the average
of squared errors between predicted values (y;) and
observed values (y;), providing a measure of predic-
tion accuracy.

€))

2)

RMSE = (10)

4. Integration of Weather Variables

Correlations between disease incidence and weather vari-
ables (temperature, humidity, precipitation) were analysed
using Pearson correlation coefficients:

_ 2 =9 =)
VE@i =22 2 (i - 5)°
where r represents the Pearson correlation coefficient, x;

and y; are individual data points, X and y are the means of
x and y, and ), denotes the summation operator.

(11

The methods outlined in 3 and 4 are essential for
ensuring the reliability, accuracy, and practical relevance
of this research. Statistical analysis using the Augmented
Dickey-Fuller (ADF) and Kwiatkowski-Phillips-Schmidt-
Shin (KPSS) tests validates the stationarity and seasonality
of the dataset, ensuring the mathematical robustness of the
selected models, as recommended in time-series forecasting
studies [1, 2]. The integration of traditional statistical
models (Holt-Winters and SARIMA) with advanced ma-
chine learning techniques (LSTM and Prophet) enhances
the predictive power by addressing both linear and non-
linear seasonal patterns, a dual approach proven effective in
similar healthcare applications [3, 4, 8, 10]. SHAP (Shapley
Additive explanations) adds interpretability by quantifying
the contributions of features such as weather variables
to predictions, enabling informed decision-making, which
is crucial for applications in public health [7]. Evalua-
tion metrics like Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE) rigorously measure predic-
tion accuracy, ensuring the reliability of the models [9].
The integration of weather variables (e.g., temperature,
humidity, precipitation) further enriches the analysis by



revealing environmental factors that influence seasonal dis-
ease trends, while Pearson correlation coefficients quantify
the strength of these relationships, an approach validated
in previous studies exploring environmental influences on
health outcomes [5, 6, 11, 12]. This comprehensive frame-
work not only validates and improves predictive accuracy
but also provides actionable insights into disease season-
ality, supporting public health interventions and resource
planning. Together, these methods enhance the scientific
rigor and practical applicability of the research, making
it a valuable contribution to understanding and managing
seasonal diseases.

III. RESULTS
1. Basic Statistics

Based on the dataset provided from 2007 to 2024 at the
Saigon Ear, Nose, and Throat Hospital, with a great number
of medical visits and the appearance of over 416 different
types of diseases. Accurately identifying common diseases
will help improve and support medical management and
better, more effective patient care planning. We have filtered
out the top most diagnosed and treated diseases as Table I

Table I
THE TOP 10 DISEASES WITH THE HIGHEST NUMBER OF VISITS.
No. | ICD Code | Disease Name Frequency
1 JOO Acute rhinitis 22.57%
2 JO1 Acute sinusitis 20.00%
3 J30.3 Other allergic rhinitis 8.46 %
4 JO2 Acute pharyngitis 5.89%
5 J30.4 Unspecified allergic rhinitis 5.49%
6 JO3 Acute tonsillitis 5.42%
7 J35.0 Chronic tonsillitis 5.05%
8 H60.8 Other otitis externa 4.67 %
9 132 Chronic sinusitis 4.33%
10 J35.2 Hypertrophy of adenoids 2.13%

Based on the above data, it is evident that two diseases
have significantly higher numbers of cases compared to
others: Acute rhinitis (JOO) with a frequency of 22.57%
and Acute sinusitis (JO1) with a frequency of 20.00%.

a) Statistics by Gender:

The statistical table of the number of visits by gender
shows that the number of visits for females with Acute
rhinitis (96,453) and Acute sinusitis (86,335) is higher than
for males, with Acute rhinitis (88,962) and Acute sinusitis
(77,111). This indicates that females are more prone to
respiratory diseases. This is likely related to factors such as
the immune system, antibodies, exposure to external factors,
and health behaviors.

b) Statistics by Age:

The statistical table clearly indicates that the highest
number of visits is in the age group 40 to 60 years,
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Table II
THE TOP 10 DISEASES WITH THE
MALE VS FEMALE COMPARISON.

No. | ICD Code | Disease Name | Frequency

1 JOO 22.70% 22.61%

2 Jo1 19.68 % 20.24%

3 J30.3 9.00% 8.14%

4 JO2 5.83% 6.19%

5 J30.4 5.53% 5.56 %

6 J03 5.21% 5.42%

7 J35.0 4.67 % 5.22%

8 H60.8 4.50% 4.65%

9 132 4.38% 4.19%

10 | J35.2 2.58% 1.78%

11 Others 15.93% 16.01%

Table III
STATISTICS OF AGE GROUPS FOR MEDICAL VISITS
Code | Age Group Details %
Al Children Below 12 10.14%
A2 Adolescents From 12 to 20 12.88%
A3 Adults From 21 to 39 | 31.79%
A4 Middle-aged Adults | From 40 to 60 35.44%
A5 Elderly Above 60 9.74%
Total | 100.00%

with 250,153 visits, followed by the age group 21 to 39
years, with 228,885 visits. However, when considering the
two diseases with the highest number of visits, there is a
difference: Acute sinusitis has the highest number of visits,
with 65,936 (from 40 to 60 years) and 56,647 visits (from
21 to 39 years).

Notably, acute rhinitis appears frequently in children (<
12), decreases in adolescents (12 to 20), but shows signs
of increasing again in young adults (21 to 39) and middle-
aged adults (40 to 60). This suggests that acute rhinitis may
recur after being cured.

Acute sinusitis, on the other hand, shows a steady in-
crease from childhood (< 12) to middle age (40 to 60)
before decreasing in old age.

The results of the analysis show that diseases such as
acute rhinitis and acute sinusitis are the most common and
frequently encountered at the Saigon ENT Hospital, with
high incidence rates in middle-aged and young adults. Gen-
der analysis also shows no significant difference between
males with 48% and females with 52% of the total visits.
However, some respiratory diseases like acute rhinitis, acute
sinusitis, and allergic rhinitis have a higher incidence in
females than in males.

2. Applying Training Forecast Model and SHAP

The research methodology employed a comprehensive
framework to analyse seasonal trends in ENT diseases at the
Saigon ENT Hospital. Data preprocessing involved extract-
ing and cleaning outpatient visit records, followed by rigor-
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Table IV
STATISTICS OF THE NUMBER OF VISITS FOR THE TOP 10 MOST DIAGNOSED DISEASES BY AGE GROUP.
No. Disease Name (ICD) Al A2 A3 A4 AS
1 JOO 39,582 29,134 51,759 52,504 12,436
2 JO1 9,747 16,532 56,647 65,936 14,584
3 J30.3 4314 12,529 24,724 23,117 5,311
4 JO2 1,136 1,892 15,228 22,345 7,463
5 J30.4 2,118 7,428 17,087 15,219 3,248
6 JO3 2,380 5,306 17,903 15,272 3,267
7 J35.0 166 1,087 14,167 19,873 5,469
8 H60.8 2,155 3,510 17,019 11,428 3,982
9 132 76 360 9,024 19,409 6,163
10 J352 5,173 10,254 1,698 250 42
Total 66,847 88,032 225,256 245353 61,965
ous checks to ensure data reliability. Various statistical and Table V
machine learning models were applied to capture seasonal STATISTIC OF THE NUMBER OF ICD J00, J01.9 AND J30.89.
patterns, including Holt-Winters, SARIMA, Prophet, and Discase Joo JO1.9 | J30.89
LSTM. SHAP was utilized to interpret model predictions, LSTM_MAE 751.982 | 631.606 | 293.500
offering insights into the influence of key features such as LSTM_RMSE 922802 | 734808 | 356.232
g 1nsig : y LSTM_R2 -0.159 0.072 |_-0.048
seasonal trends and weather variables. Prophet_MAE 776.005 | 651.658 | 374.469
) o ) Prophet_RMSE 917.464 | 755.946 | 407.544
The analysis revealed distinct seasonal patterns in the Prophet_R2 20.044 -0.000 0121
incidence of common ENT diseases. Among the diseases Holt-Winters MAE | 1304.247 | 1249.109 | 350.711
analyzed, two—acute rhinitis and acute sinusitis—were Holt-Winters RMSE | 1589.545 | 1303338 | 409.615
analyzed, _ _ ) Holt-Winters_R2 2.135 2990 | -0.133
identified as having consistently high seasonal peaks. SARIMA_MAE 979.232 | 1021.234 | 474.339
Gender-based comparisons indicated that females exhibited SARIMA_RMSE 1230.659 | 1246.144 | 561743
. . . . . SARIMA_R2 -0.879 -1.741 -1.131
slightly higher rates of certain respiratory diseases, suggest- GBM_MAE 816814 | 805432 | 384.239
ing potential biological or environmental influences. Age- GBM_RMSE 953.075 | 928.032 | 508.275
based analysis highlighted middle-aged adults as the group GBM_R2 -0.127 0520 | -0.744
with the highest incidence rates, followed by young adults.
Acute rhinitis showed a recurring pattern across various age Table VI
groups, while acute sinusitis displayed a steady increase STATISTIC OF THE NUMBER OF ICD J02.9, J30.9 AND J03.9.
with age until middle adulthood. Disease J029 J30.9 J03.9
. . LSTM_MAE 115.169 | 166.820 93.057
Advanced machine learning models such as Prophet and LSTM _RMSE 153319 | 206336 | 128453
LSTM demonstrated enhanced predictive capabilities com- LSTM_R2 -0.087 0.296 0.232
ar o traditional istical models like Holt-Winter n Prophet_MAE 156.623 238.774 134.818
pared to traditio a statts calm de § ke Ho ters and Prophet_RMSE 100.387 | 270.045 | 172.144
SARIMA. Evaluation metrics, including MAE and RMSE, Prophet_R2 0.634 20246 20389
confirmed the higher accuracy of these models in capturing Holt-Winters MAE | 144.558 | 775.704 | 225.689
| (ati SHAP val ided int tabilit Holt-Winters_ RMSE | 179.038 | 836.658 | 267.254
seasona 'va'rla ions. . Ya ues provi ?. interpretability HoltWinters R2 0445 T 10957 |~ 2343
by quantifying the contributions of specific features, such SARIMA_MAE 159.629 | 739.156 | 205.267
as weather variables, to model predictions. Our results SARIMA_RMSE 205.189 | 818.528 | 252.815
. . SARIMA_R2 -0.898 | -10.444 -1.996
enabled a deeper understanding of the environmental factors GBM MAE 163820 | 464.846 | 175.129
influencing disease seasonality, further validated by Pearson GBM_RMSE 209.822 | 522.036 | 207.808
GBM_R2 -0.985 -3.655 -1.024

correlation analyses.

The integration of statistical and machine learning ap-
proaches, combined with advanced interpretability tech-
niques, has provided a robust understanding of seasonal
disease patterns. These findings offer actionable insights
for healthcare planning, resource allocation, and the man-
agement of seasonal disease outbreaks.

And the MAEs and RMSE:s of each disease are presented
at the belove table:

The results from the evaluation of various forecasting
models, including LSTM, Prophet, Holt-Winters, SARIMA,
and GBM, highlight significant differences in their perfor-
mance across disease types. Metrics such as Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), and R-
squared (R2?) were used to evaluate model accuracy and
goodness-of-fit. LSTM generally performed well in terms
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Figure 1. Forecast Model Training Result (in 9 diseases) for LSTM, Prophet, Holt-Winters, SARIMA and GBM.
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Figure 2. SHAP result verification for all diseases.

Table VII
STATISTIC OF THE NUMBER OF ICD J35.1, J60.9 AND J32.9
Disease J35.01 H60.9 J32.9
LSTM_MAE 30.350 102.774 45.353
LSTM_RMSE 40.537 134.818 60.478
LSTM_R2 0.215 0.196 0.277
Prophet MAE 230.503 133.656 146.452
Prophet_RMSE 241.853 160.367 164.298
Prophet_R2 -28.532 -0.119 -4.709
Holt-Winters_ MAE 46.871 301.660 77.809
Holt-Winters_ RMSE 60.560 | 353.579 93.703
Holt-Winters_R2 -0.852 -4.439 -0.857
SARIMA_MAE 92.676 | 326.215 75.774
SARIMA_RMSE 105.822 | 378.902 92.303
SARIMA_R2 -4.654 -5.246 -0.802
GBM_MAE 49.602 186.951 61.791
GBM_RMSE 59.324 | 231.588 69.877
GBM_R2 -0.777 -1.333 -0.033

of MAE and RMSE, particularly for chronic conditions such
as chronic tonsillitis (J35.01) and chronic sinusitis (J32.9),
where it achieved relatively low error rates (MAE of 30.350
and 45.353, respectively). However, its R? values suggest
some room for improvement in capturing the variability
of certain diseases, such as acute rhinitis (JOO) (-0.159).
Prophet showed moderate performance but struggled with
capturing seasonality in certain diseases, as indicated by

negative R? values for acute pharyngitis (J02.9) (-0.634)
and chronic sinusitis (J32.9) (-4.709), coupled with higher
error rates.

Holt-Winters demonstrated considerable limitations
across most diseases, with the highest MAE and RMSE
values for acute rhinitis (JOO) (MAE = 1304.247, RMSE
= 1589.545) and acute sinusitis (JO1.9) (MAE = 1249.109,
RMSE = 1503.338), reflecting its difficulty in capturing
complex seasonal patterns. SARIMA exhibited improved
accuracy compared to Holt-Winters, particularly for
diseases like acute pharyngitis (J02.9) (MAE = 159.629),
though it still struggled with large errors and negative R?
values for chronic conditions such as chronic tonsillitis
(J35.01) (-4.654). GBM demonstrated a balance between
accuracy and error metrics, achieving competitive MAE
and RMSE values across most diseases, but like other
models, it faced challenges with diseases that have high
variability, such as unspecified allergic rhinitis (J30.9)
(MAE = 464.846, R? = -3.655).

Several negative R2? values appear (e.g., Prophet R =
-28.53 for J35.01), which can occur when a model’s
residual sum of squares exceeds that of a basic model that
always predicts the overall average, which fails to capture
the underlying variability for that disease. In practice, these
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negative R? highlight that the true driver of variation in
the data wasn’t captured (over-fitting noise and no key
signal), or the current input and model structures aren’t suf-
ficient (there are unknown transform predictors: incorporate
weather lags — COVID season). Overall, LSTM and GBM
emerged as the most robust models in terms of accuracy
and error minimization, particularly for diseases with less
variability, while Prophet and SARIMA provided reason-
able performance for some seasonal diseases. Holt-Winters
consistently underperformed across all disease categories,
highlighting its limitations in capturing complex seasonal
patterns. These results emphasize the necessity of selecting
appropriate models tailored to the unique characteristics of
each disease to improve forecast reliability.

3. Integrated with Weather Data

For each disease, the formula 11 was applied to produce
a heatmap (as and example of 3) and comparison chart (4).
The graphs offer critical perspectives into the relationship
between weather variables (e.g., temperature, humidity, pre-
cipitation) and the seasonal patterns of diseases, enabling a
deeper understanding of environmental influences on dis-
ease incidence. The heatmaps illustrate the correlation co-
efficients for individual weather variables and their effects
on specific diseases, highlighting both positive and negative
associations that can guide targeted healthcare interven-
tions. For instance, the strong correlations observed for
certain diseases like chronic sinusitis with specific weather
variables reveal potential triggers for disease seasonality.
The comparison graph aggregates these correlations across
diseases, allowing for a comparative analysis to identify
which diseases are most sensitive to weather changes and
which variables have the most significant impact. These
visualizations are invaluable for demonstrating the nuanced
relationships between environmental factors and disease
patterns, providing evidence to inform predictive models
and public health strategies. By incorporating these graph-
ical analyses, the research not only quantifies the effects
of weather on disease seasonality but also strengthens the
interpretability and practical relevance of the findings for
community health management and resource planning.

IV. DISCUSSION

The results of this investigation demonstrate the value
of using advanced methodologies and integrating diverse
datasets to analyse seasonal disease patterns. By employ-
ing a combination of statistical models (Holt-Winters and
SARIMA), machine learning models (LSTM, Prophet, and
GBM), and interpretability techniques like SHAP, the study
provides a robust and multifaceted framework for disease
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Figure 3. Correlation heatmap for all diseases.
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Comparison of Weather Correlations Across Diseases

0.0

o

0.00

Correlation Coefficient

-0.05F

-0.10

Disease

Figure 4. Comparison of weather correlation across diseases.

forecasting. Each model demonstrated unique strengths and
weaknesses, with LSTM and GBM emerging as the most
accurate for diseases with non-linear seasonality, while
SARIMA performed well in diseases with simpler sea-
sonal trends. However, integrating many complex models
also raises the risk of overfitting. Moreover, Holt-Winters
consistently underperformed, highlighting its limitations in
capturing complex seasonality and weather interactions.
Even high-performing models like LSTM and GBM can
produce forecasts that are hard to interpret without any
external validation for certain diseases unless there is vali-
dation for external cohorts.

The integration of weather variables, including temper-
ature, humidity, and precipitation, was critical for under-
standing disease seasonality. Correlation analyses revealed
that weather conditions have significant, albeit varying,
impacts on different diseases. For example, precipitation
demonstrated strong positive correlations with diseases such
as chronic sinusitis (J32.9) and otitis externa (H60.9), while
temperature exhibited moderate negative correlations with
diseases like acute rhinitis (JOO). It is very critical to
note that the weather data come from sources that may
not capture microclimate variation at patients’ residences.
These findings align with existing studies that emphasize
the role of environmental factors in disease transmission
and exacerbation, offering new insights specific to ENT

46

diseases.

The SHAP analysis further added interpretability to the
models, giving specific information about how features like
weather variables influenced predictions. This transparency
is vital for public health applications, as it allows healthcare
professionals to better understand and trust model outputs.
For instance, SHAP values revealed that sudden changes
in temperature significantly contributed to the seasonal
spikes of respiratory conditions, illustrating the importance
of adaptive healthcare responses during specific weather
patterns. Nonetheless, SHAP explanations assume feature
independence; when predictors are correlated, SHAP can
misestimate the feature importance, which may mislead
policy decisions.

The evaluation metrics, including MAE and RMSE,
demonstrated the superior performance of machine learning
models like LSTM in reducing forecasting errors. While
traditional models provided a strong baseline, advanced
methods captured more intricate patterns, thereby improv-
ing accuracy. The correlation heatmaps and comparison
charts added further value by visually representing the rela-
tionships between weather variables and diseases, allowing
for easy identification of trends and critical factors.

Overall, this study underscores the value of integrating
advanced models, interpretability techniques, and environ-
mental data to offer practical conclusions about seasonal
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disease trends. The findings have implications for resource
allocation, healthcare planning, and disease prevention
strategies, particularly in regions with pronounced seasonal
variations.

By addressing the limitations of individual models and
leveraging a comprehensive approach, this research offers a
robust framework for understanding and managing season-
dependent health challenges.

Moreover, the forecast results depicted in these graphs (5)
showcase the performance of advanced models in predicting
the seasonality of various ENT diseases. The predictions
align closely with the actual values, demonstrating the
robustness of the applied models, such as LSTM and
Prophet, in capturing intricate seasonal patterns. The inclu-
sion of 95% confidence intervals highlights the reliability
of these forecasts, providing a measure of uncertainty that is
essential for real-world applications in healthcare planning.

Across all diseases, the predictions exhibit consistent
trends over time, with minor deviations remaining well
within the confidence bounds. For conditions like chronic
tonsillitis and chronic sinusitis, the models achieve highly
accurate forecasts, which can be attributed to their ability
to learn from historical patterns effectively. Conversely,
diseases with more variable seasonality, such as acute
rhinitis and unspecified allergic rhinitis, present slightly
wider confidence intervals, reflecting inherent complexities
in their patterns.

V. CONCLUSIONS

This research provides a comprehensive framework for
analyzing and predicting the seasonal patterns of ENT
diseases using a combination of statistical models, machine
learning techniques, and environmental data. By integrating
traditional methods like Holt-Winters and SARIMA with
advanced approaches such as LSTM, Prophet, and GBM,
the study achieves a robust and multifaceted analysis of
disease seasonality. The application of Shapley Additive
Explanations (SHAP) further enhances the interpretability
of these models, offering insights into the contributions of
key features such as weather variables and seasonal trends.

The results demonstrate that advanced models, particu-
larly LSTM and GBM, outperform traditional methods in
terms of accuracy and reliability. Metrics like MAE and
RMSE confirm their ability to minimize forecasting errors,
while R-squared values offer additional information about
the models’ predictive power. The integration of weather
variables, including temperature, humidity, and precipita-
tion, reveals critical correlations with disease incidence,
underscoring the influence of environmental factors on
seasonal disease patterns.
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The correlation heatmaps and confidence interval fore-
casts clarify key relationships, enabling more actionable
public health planning. These tools provide a clear under-
standing of the relationships between diseases and external
factors, enabling targeted interventions and resource alloca-
tion. For instance, the identification of strong correlations
between precipitation and chronic sinusitis suggests that
there should be preventive measures during rainy seasons.

Future work includes conducting a prospective clinical
trial that embeds model-driven forecasts into hospital work-
flows to measure the impacts on bed occupancy and supply
management. For instance, low-season events assign the
clinical operations staff to other duties on specific days
in the year calendar. Furthermore, the units continue with
standard planning practices—typically based on historical
averages and ad hoc adjustments—without access to the
model’s predictions. Finally, the metrics could help save
costs related to bed occupancy variability and supply stock-
outs.

All things considered, this study makes a substantial
contribution to the field of seasonal disease analysis by
providing a comprehensive and data-driven approach. The
integration of diverse methodologies ensures both accuracy
and practicality, making the findings relevant for healthcare
management and policy-making. By addressing the limita-
tions of individual models and incorporating environmental
data, this research provides a solid foundation for future
studies and real-world applications in managing season-
dependent health challenges.
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Abstract: Software fault prediction (SFP) involves the identification of potentially fault-prone modules before the testing
phase in the software development lifecycle. By predicting faults early in the development process, the SFP process
enables software developers to focus their efforts on components that may contain faults, thereby enhancing the overall
quality and reliability of the software. Machine learning and deep learning techniques have been widely applied to train
SFP models. However, these approaches face several challenges, including irrelevant or redundant features, imbalanced
datasets, overfitting, and complex model structures. The NASA dataset from the PROMISE repository is the most commonly
used dataset for fault prediction. Recently, the BugHunter dataset with its substantially larger number of instances was
explored to train the SFP models. In this study, we present the comparative study of three deep learning models, including
Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), Long Short-Term Memory (LSTM) and four
machine learning models as K-Nearest Neighbors (KNN), Multilayer Perceptron (MLP), Adaptive Boosting (AdaBoost),
Extreme Gradient Boosting (XGB) to investigate the performance of SFP models on the BugHunter dataset. We employ
the Lasso method for feature selection and apply the Synthetic Minority Oversampling Technique (SMOTE) to address
the issue of imbalanced data, aiming to enhance the accuracy of the results. The experimental findings reveal that CNN
and RNN outperformed other machine learning models, achieving the best overall performance.

Keywords: software fault prediction, machine learning, BugHunter dataset.

Tiéu dé: Péanh gia cic md hinh hoc siu cho bai toan du doin 15i phan mém trén bd dir liéu BugHunter

Tém tit: Duy dodn 16i phén mém (SFP) qua trinh xdc dinh cic mo6-dun co kha ning chifa 16i truéc giai doan kiém thi trong
vong doi phat trlen phin mém. Viéc dy dodn 15i sdm trong qud trinh phat trién cho phép céc nha phét trién phan
mém tdp trung ngudn lyc vao cic thanh phan tidém 4n 16i, tir d6 nang cao chit lugng va do tin cdy tong thé clia phin
mém. Cic k§ thuat hoc mdy va hoc sau da duge ap dung rong rai dé€ huén luyen cac mo hinh SFP. Tuy nhién, nhiing
phuong phap nay van d6i mit v6i nhiéu thich thiic, bao gém su ton ta1 cua cac dac trung khong lién quan hodc du
thita, sy mit can bing dit lidu, hién tugng “qud khdp (overfitting), va cAu tric md hinh phue tap. Trong s0 céc bo dit
liéu dudc st dung cho nhiém vu du doan 15i, bo dit lisu NASA tir kho PROMISE 1a bo phd bién nhit. Gan day, bo dif
liéu BugHunter véi sb lugng miu 16n hon dang ké da dugc khai thic nhim huén luyén cic md hinh SFP. Nghién cifu
nay trinh bay mdt phén tich so sanh giita ba mo6 hinh hoc sdu gdm Mang No-ron Tich chiap (CNN), Mang No-ron Hoi
tiép (RNN), va BO nhé dai-ngin han (LSTM), cling véi bdn mé hinh hoc mdy bao gdm K-Nearest Neighbors (KNN),
Multilayer Perceptron (MLP), Adaptive Boosting (AdaBoost), va Extreme Gradient Boosting (XGB) nhiam dénh gia
hiéu ndng cta cac mod hinh SFP trén bd dit liéu BugHunter. Phuong phdp Lasso dugc st dung dé lya chon déc trung,
trong khi ky thuat Synthetic Mlnorlty Oversampling Techmque (SMOTE) dugc ap dung nhim g1a1 quyét vin dé mat
can bang dit liéu, v6i muc tiéu cai thién do chinh xdc cia md hinh. Két qué thuc nghiém cho thiy, CNN va RNN vugt
trdi hon cac md hinh hoc mdy con lai va dat dugc hiéu suit téng thé t6t nhét.

T khoa:  dy dodn 16i phdn mém, hoc mdy, tdp di liéu BugHunter
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I. INTRODUCTION

Developers follow a structured set of steps to build reli-
able and high-quality software. Errors may occur through-
out any phase of the development process. Software faults
are emerging issues that produce unexpected results, po-
tentially causing significant damage. Software testing is
considered an essential phase within the software devel-
opment life cycle (SDLC) [1], as it plays a vital role
in ensuring the delivery of high-quality software. SFP
identifies faults early in the SDLC, improving the final
product’s quality quickly and cost-effectively. SFP focuses
on identifying modules likely to contain faults such as
files, classes, methods, and functions based on defect data
gathered from past software projects. Predicting potential
faults early helps improve software quality by addressing
critical faults before they affect functionality, reliability,
or security. Many machine learning (ML) techniques have
been investigated for constructing SFP models, yielding
encouraging outcomes on publicly available datasets. En-
semble learning, along with deep learning models, has
been extensively employed and has shown considerable
success in this context [2, 3]. These techniques utilise
fault records from previous software projects to develop
models that anticipate faults in new systems [4]. However,
the performance of fault prediction models is affected by
various factors such as datasets, software metrics, machine
learning techniques, feature selection methods, evaluation
criteria, and issues related to datasets [5].

Recently, Ferenc et al. [6] introduced a new dataset called
BugHunter, which features a substantially greater number of
instances than the NASA datasets. This facilitates the ability
of machine learning and deep learning models to improve
their performance. One of the main challenges with the
BugHunter dataset is the issue of imbalanced data, where
the number of non-fault instances is much greater than the
number of fault instances. By addressing this problem using
oversampling techniques, both machine learning and deep
learning models can achieve better performance. This also
opens a new avenue for research, where researchers can
apply and compare various deep learning architectures, al-
gorithms, and techniques to push the boundaries of machine
learning performance.

In this study, we present a comparative study of four ma-
chine learning techniques including KNN, MLP, XGBoost
and AdaBoost and three deep learning models, namely
CNN, RNN, and LSTM using the BugHunter Dataset [6] to
compare their performance. The experimental result shows
that RNN, CNN and LTSM achieved higher performance
than machine learning models by 10.16%, 12.28%, 12.28%,
and 5.61% in terms of accuracy, AUC, Fl-score, and
recall, respectively. In the next section, we present related
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work in SFP. The experimental design is illustrated in
section II. Section III provides the experimental results. Our
conclusion is presented in section IV.

II. RESEARCH METHODOLOGY

Researchers have extensively explored machine learning
and deep learning (DL) classifiers using various datasets
and performance metrics. This section reviews significant
research works on SFP, highlights the rationale for selecting
specific DL techniques, and discusses existing challenges in
SFP.

1. Machine Learning Techniques

Numerous studies have demonstrated that machine learn-
ing techniques receive considerable focus in SFP because
of their capability to analyse diverse software metrics
and accurately forecast software faults. In [7], the authors
presented a CRC-based software fault prediction approach.
They compared the performance of various models, such
as Naive Bayes, neural networks, and C4.5, by utilizing
the NASA datasets. The results show that the proposed
model outperforms the others. Ensemble methods were
also investigated in [8], where the authors compared filter-
based feature ranking techniques like Gain Ratio and In-
formation Gain. They developed models using Naive Bayes
(NB), MLP, KNN, SVM, and logistic regression (LR). The
experiments demonstrated the effectiveness of ensemble
approaches.

Rathore and Kumar [4] showed that most recent studies
have used supervised learning techniques such as Decision
Tree (DT), SVM, MLP, and ensemble learning as Random
Forest (RF), followed by statistical techniques for building
SFP models. In a systematic review conducted by Malho-
tra [9], C4.5, NB, MLP, SVM, and RF were identified as
the machine learning techniques most commonly applied in
SFP.

Cynthia et al. [10] concentrated on enhancing the effec-
tiveness of machine learning techniques in SFP. They in-
troduced a new feature transformation method that employs
a genetic algorithm to identify the optimal representation
of the data, which helps better distinguish between buggy
and bug-free code. As a result, popular machine learning
models such as Random Forest, KNN, LR, and NB achieved
significantly higher performance than when using the orig-
inal dataset.

Recently, Ferenc et al. [6] employed traditional machine
learning models including Naive Bayes Multinomial, Lo-
gistic Regression, SGD, Simple Logistic, Voted Perceptron,
Decision Table, OneR, J48 (C4.5), RF, and Random Tree
to assess the performance of the new BugHunter dataset
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in predicting software bugs. The results achieved high F-
measure values. A study by Pandey et al. [5] compared
the performance of various ML algorithms in SFP. The
results showed that algorithms such as Random Forest,
SVM, Naive Bayes, C4.5, Logistic Regression, and MLP
were the top choices. These algorithms have proven to
be capable of accurately predicting code segments at risk
of errors, helping software developers proactively prevent
potential errors.

2. Deep Learning Techniques

Deep Learning, which belongs to the broader area of
machine learning, employs multilayer Neural Networks to
process extensive datasets, identify underlying patterns, and
transfer learned representations across various tasks [11].
By integrating supervised, unsupervised, hybrid, and rein-
forcement learning techniques, the approach detailed in [5]
demonstrates high effectiveness in SFP for large datasets
exceeding 10,000 instances, surpassing traditional methods
in terms of predictive capability. Dam et al. [12] introduced
a tree-structured LSTM model designed to automatically
extract source code features for fault prediction. The model
utilises the Abstract Syntax Tree (AST) structure of source
code and functions through four main stages: converting the
code into an AST, transforming the labels of AST nodes
into vector embeddings, and applying a tree-structured
LSTM network to generate a comprehensive vector rep-
resentation of the full AST.

In [13], Liang et al. proposed an SFP model that com-
bines word embedding and LSTM. The process involves
three steps: extracting tokens from the AST, converting the
tokens into vectors, and using these vectors with labels to
build an LSTM. The LSTM learns the semantic meaning of
the code to identify faults. Experiments conducted on eight
open-source software projects demonstrate that the model
achieves better performance than current fault prediction
techniques. In contrast to earlier studies that concentrate on
extracting features from tree-based structures, this model
prioritises capturing the semantic meaning of programs.
Phan and Le Nguyen [14] introduced a CNN-driven ap-
proach that characterises programs by generating Control
Flow Graphs (CFGs) from assembly code to model exe-
cution behaviour. They then applied multiview, multilayer
CNNs to analyse the CFG data for fault prediction.

Farid et al. [15] proposed the CBIL framework, leverag-
ing CNN and Bi-LSTM to enhance SFP models, showing a
30% enhancement over baseline models and improving the
F-measure by 25% compared to CNN. Similarly, an 1D-
CNN model was introduced by Zain et al. [16]. This model
demonstrates superior performance over traditional ML and
CNN models in both accuracy and Fl-score, confirming
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its effectiveness for fault proneness prediction. Meanwhile,
Qiao et al. [17] introduced a DL-based model utilizing soft-
ware metrics from real-world datasets, outperforming state-
of-the-art methods with significantly higher fault prediction
accuracy.

In general, researchers have investigated a range of tra-
ditional machine learning techniques and deep learning
architectures to improve the effectiveness of SFP models,
leading to notable improvements in accuracy, precision,
recall, and other evaluation metrics. However, datasets
remain the most critical factor influencing the quality of
these models. Considering the BugHunter dataset [6], it
contains significantly more instances compared to previous
datasets, which facilitates the improvement of ML and
DL performance over prior research. This study performs
experiments on the BugHunter dataset utilising multiple
techniques, with further details provided in section II.

3. Experiment Design

In this paper, we examine the performance of four
conventional machine learning and ensemble boosting al-
gorithms, namely KNN, MLP, XGBoost, and AdaBoost
as well as three deep learning models: CNN, RNN, and
LSTM. The experimental steps are presented in Fig. 1. In
the first stage, we collected seven projects from BugHunter,
with the details of each dataset described in Table 1. The
effectiveness of SFP models is highly influenced by the
quality of the training data, making the pre-processing stage
a critical factor in this context. The data was partitioned
into training and testing sets for assessing the model’s per-
formance. Subsequently, Lasso regression combined with
eight-fold cross-validation was employed to determine the
best feature. Additionally, SMOTE was applied to balance
the dataset. The balanced data was then used to train models
using the parameters described in section II.7.

4. Datasets

Seven different Java projects extracted from the
BugHunter dataset [6] were used in this comparative study.
As shown in Table I, the number of non-faulty instances
is greater than that of faulty instances, so the datasets are
imbalanced. Each project includes independent attributes
such as Comment Rules, Coupling Rules, etc. and the
dependent attribute is number of bugs. Table I presents the
description of the used projects.

5. Feature Selection

Least Absolute Shrinkage and Selection Operator (Lasso)
[18], combined with five-fold cross-validation, was utilized
to identify the most relevant features, thereby enhancing
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Figure 1. The main steps of the evaluation.

Table 1
BUGHUNTER DATASETS USED IN THE STUDY
Project Inst. Faulty Non-F. Ratio (%)
Ceylon 2087 508 1579 23.34
Orxy 810 71 733 9.51
Titan 785 168 617 21.40
Orientdb 9445 2589 6856 27.41
Broadleaf 4709 1025 3684 21.77
MapDB 1456 480 976 32.97
Neo4j 7030 1841 5189 26.19

model learning and minimizing overfitting. The LASSO
formula can be defined as follows:

N

A . 1
3 = argmin N Z (vi

P
A _Xipﬂp)z"'/lzuﬁjﬂ
i=1

=

ey

where X;, is pth predictor (feature), y; is the value of
the response and 3; is the regression coefficient of the pth
feature.

6. Handling Imbalanced Data

The BugHunter dataset presents a challenge due to its
imbalanced nature. Therefore, in this study, SMOTE [19]
was utilized. To maintain the reliability and validity of our
model, the dataset was split into training and testing subsets,
applying SMOTE solely to the training portion instead of
the full dataset.

7. Parameter Configuration

In this study, the hyperparameter optimisation Op-
tuna [20] was utilised for tuning hyperparameters in each
machine learning model. Furthermore, we applied 10-fold
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cross-validation to assess the performance of the com-
parative methods. During each iteration, the model was
trained on eight segments of the dataset, with the remaining
segment set aside for evaluation. Tables II-IV describe some
parameters and their values in deep learning models (CNN,

RNN, LSTM).

8. Machine Learning and Deep Learning algorithms

As presented in sections II.1 and II.2, researchers have
explored and applied various ML and DL approaches
to improve the effectiveness of SFP models. Among the
numerous options, we selected the following algorithms for
this comparative study.

1) KNN represents a fundamental classification algo-
rithm, particularly suitable in scenarios where limited
or no prior knowledge regarding the data distribution
is available [21]. The algorithm assigns a class label
to a query instance by analyzing the labels of its K
nearest neighbors in the feature space. Specifically,
the predicted label corresponds to the class that ap-
pears most frequently among the K nearest neighbors.
MLP belongs to the family of Artificial Neural Net-
works (ANN) and features several layers of neu-
rons arranged sequentially. This architecture aims to

2)
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3)

4)

Table 11

PARAMETER CONFIGURATION FOR CNN
Parameter Definition Value
layer_1_filters Number of filters in first convolutional layer 50
layer_2_filters Number of filters in second convolutional layer 20
kernel_size Size of the convolutional kernel 3
pool_size Size of max pooling window 2
dense_units Number of units in hidden dense layer 64
batch_size Number of samples per gradient update 32
epochs Number of complete passes through the training dataset 200
learning_rate Optimizer learning rate 0.01
optimizer Optimization algorithm Adam

loss_function
activation_function

Loss function for model training
Activation function in hidden layers

Binary Cross-entropy
ReLU

output_activation Activation function in output layer Sigmoid
Table III
PARAMETER CONFIGURATION FOR RNN
Parameter Definition Value
rnn_units Number of units in RNN layer 32
dense_1_units Number of units in first dense layer 32
batch_size Number of samples per gradient update 32
epochs Number of complete passes through the training dataset 200
learning_rate Optimizer learning rate 0.01
optimizer Optimization algorithm Adam

loss_function
activation_rnn

Loss function for model training
Activation function in RNN layer

Binary Cross-entropy
ReLU

activation_dense Activation function in dense layer ReLLU
output_activation  Activation function in output layer Sigmoid
Table IV

PARAMETER CONFIGURATION FOR LSTM
Parameter Definition Value
layer_1_dim Number of units in first LSTM layer 128
layer_2_dim Number of units in second LSTM layer 64
batch_size Number of samples per gradient update 64
epochs Number of complete passes through the training dataset 200
learning_rate Optimizer learning rate 0.001
dropout_rate Dropout probability for regularization 0.2
12_regularization ~ L2 regularization coefficient 0.01
optimizer Optimization algorithm Adam

loss_function
output_activation

Loss function for model training
Activation function in output layer

Binary Cross-entropy
Sigmoid

replicate the neural processing functions observed in
the human brain. The MLP generally comprises an
input layer, multiple hidden layers, and an output
layer. The hidden layers which are unobservable from
outside the network [22]-are essential for capturing
and learning intricate patterns within the data.
AdaBoost [23] is a member of the Boosting family
of algorithms. This method operates iteratively by
prioritizing misclassified samples during training,
adjusting the sample distribution accordingly, and
continuing this process until the weak classifier has
been trained a predefined number of times.

XGB [24] is also a part of the Boosting family of
algorithms. The aim of XGB is to minimize the loss
function by constructing decision trees sequentially,
where each new tree corrects the errors made by the

54

5)

6)

7

previous trees. XGB enables regularization (L1 and
L2), parallel processing, and automatic handling of
missing data.

CNN is a prominent deep learning framework in-
spired by the visual perception systems found in
biological entities [25]. Its architecture commonly
includes essential layers such as convolutional, ac-
tivation, pooling, fully connected, dropout, and batch
normalization layers.

RNN is a neural network architecture specifically
developed for handling sequential data. Its strength
lies in a high-dimensional hidden state governed by
nonlinear dynamics, allowing it to retain and utilise
past information effectively [26].

LSTM was introduced to address the exploding/van-
ishing gradient problems that typically arise when



learning long-term dependencies [27] by using mem-
ory cells and gating mechanisms to retain or forget
information over long sequences selectively.

9. Performance Metrics

In order to evaluate and deeply understand the perfor-
mance of the models, we examined them based on four
main metrics: accuracy, Fl-score, AUC, and recall.

o True Positive (TP): The number of positive samples
classified correctly.

o True Negative (TN): The number of negative samples
classified correctly.

« False Positive (FP): The number of negative samples
classified as positive samples.

« False Negative (FN): The number of positive samples
classified as negative samples.

Precision is the percentage of correctly predicted positive
samples out of the total predicted positive samples. It is
represented as:

TP
TP+ FP

Accuracy is the ratio of correct predictions to the total
instances in the target attribute. The value of accuracy
ranges from O to 1.

Precision =

@

F1-score is calculated as:

precision X recall

Fl-score =2 x T
precision + recall

3

The F1-score increases when both precision and recall
are high, providing a balanced measure of a model’s
performance, especially in handling imbalanced datasets.
Recall measures the percentage of correctly predicted pos-
itive samples out of all actual positive samples. It is
represented as:

TP
TP+ FN

The AUC (Area Under the Curve) is used to evaluate
the efficiency of the SFP model. A curve that approaches
the upper-left corner of the plot indicates good model
performance, whereas a curve that deviates significantly
from this area suggests poorer performance.

Recall = @

III. EXPERIMENT RESULTS

This section presents the experimental findings from a
comparative analysis of machine learning and deep learn-
ing models across various projects within the BugHunter
dataset, evaluated using Accuracy, AUC, Fl-score, and
Recall metrics.
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As shown in Table V, CNN, RNN, and LSTM demon-
strated superior performance in most projects. In the
Ceylon-ide-eclipse project, CNN achieved the highest per-
formance in all metrics, achieving an value of 63.4%, an
AUC value 67.8%, an Fl-score value 62.7%, and recall
value 64.3%. Meanwhile, RNN demonstrated better perfor-
mance compared to traditional machine learning models,
achieving an accuracy value 62%, an AUC value 66.4%,
Fl-score value 61.8%, and recall value 63.9%. LSTM
outperformed traditional machine learning models only in
terms of AUC, with a value value 63.2%. RNN showed
exceptional performance on the Orxy project, achieving the
highest accuracy (91.0%) and recall (96.2%) values while
CNN achieved the best AUC (95.0%).

For the Titan project, the RNN model consistently outper-
formed all other models by significant margins, achieving
the highest performance across all evaluated metrics, in-
cluding accuracy (65.6%), AUC (73.5%), F1-score (63.2%),
and recall (62.0%). Similarly, in the Neo4j project, the
CNN model demonstrated superior performance across all
metrics, attaining an accuracy of 56.0%, an AUC of 57.8%,
an Fl-score of 59.5%, and a recall of 65.3%.

In the MapDB project, deep learning models demon-
strated superior performance across multiple metrics. The
CNN achieved the highest accuracy value of 62.5%, the
RNN attained the highest AUC value of 66.2%, while the
LSTM exhibited strong performance in terms of an FI1-
score value of 68.0% and a recall value of 90.7%.

On the other hand, traditional machine learning models
achieved better performance than deep learning models
in some cases. For instance, in the Broadleaf-Commerce
project, KNN achieved superior performance across most
metrics, with an accuracy value of 68.6%, an F1-score value
of 68.4%, and a recall value of 69.2%. The highest AUC,
however, was attained by the RNN model, with a value of
75.6%. Similarly, in the OrientDB project, the MLP model
demonstrated robust performance, achieving the highest F1-
score and recall values of 59.5% and 59.5%, while the RNN
model achieved the best AUC value of 65.4%.

Moreover, drawing upon the study by Ferenc et al. [6],
we compare their best performing techniques with our
experimental results in terms of Fl-score as summarized
in Table VI. For the MapDB project, RNN slightly out-
performs CNN, with Fl-score values of 0.643 and 0.604,
respectively. Meanwhile, Random Forest demonstrates com-
petitive performance, achieving the highest F1-score value
of 0.736 on the BroadleafCommerce project, while also
performing well on Orientdb (0.623). Lastly, LSTM showed
varied performance, with its best score of 0.832 on the
Oryx project. Overall, deep learning models (CNN, RNN
and LSTM) achieved better performance compared with the
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Table V
PERFORMANCE COMPARISON OF MACHINE LEARNING AND DEEP LEARNING MODELS
Project Metric KNN MLP AdaBoost XGB CNN RNN LSTM
Accuracy  0.538  0.544 0.571 0.583 0.634 0.620  0.581
Ceylon-ide-cclipse AUC 0.543  0.582 0.568 0.587 0.678 0.664  0.632
Fl-score  0.530 0.537 0.562 0578 0.627 0.618  0.562
Recall 0.541  0.547 0.577 0.586 0.643 0.639  0.548
Accuracy  0.688  0.713 0.650 0.613 0908 0910 0.834
Orxy AUC 0.750  0.757 0.770 0.725 0950 0945  0.905
Fl-score  0.669 0.712 0.621 0.544 0911 0914 0832
Recall 0.742  0.712 0.720 0.782 0954 0962  0.832
Accuracy  0.494  0.530 0.500 0.530 0.617 0.656  0.570
Titan AUC 0.513  0.500 0.493 0.500 0.680 0.735  0.613
Fl-score  0.488  0.528 0.474 0.528 0.573  0.632 0532
Recall 0.495  0.532 0.500 0.531 0.558  0.620  0.536
Accuracy  0.576  0.594 0.592 0.580 0.600 0.602  0.616
Orientdb AUC 0.599 0.634 0.630 0.628 0.641 0.654  0.650
Fl-score  0.571 0.595 0.592 0.575 0.565 0.557 0576
Recall 0.579  0.595 0.592 0.584 0.524 0.505  0.522
Accuracy  0.686  0.673 0.650 0.672  0.639 0.683  0.623
Broadleaf-Commerce AUC 0.725  0.732 0.709 0.748 0.702 0.756  0.693
Fl-score  0.684 0.667 0.646 0.665 0.584 0.680  0.584
Recall 0.692  0.688 0.657 0.688 0.513 0.676  0.534
Accuracy  0.586  0.603 0.588 0.584 0.625 0.615 0575
MapDB AUC 0.622  0.632 0.619 0.609 0.655 0.662  0.620
Fl-score  0.560 0.592 0.586 0.582 0.604 0.643  0.680
Recall 0.614 0.614 0.690 0.586 0.584 0.706  0.907
Table VI
PERFORMANCE COMPARISON OF DEEP LEARNING MODELS WITH BEST-PERFORMING TECHNIQUES IN [8]
Project Random Forest  SimpleLogistic SGD CNN RNN LTSM
Ceylon-ide-eclipse 0.539 - - 0.627 0.618  0.562
Oryx 0.667 - - 0911 0914 0.832
Orientdb 0.623 - - 0.565 0.557  0.576
MapDB - 0.561 - 0.604  0.643  0.680
BroadleafCommerce 0.736 - - 0.584 0.680  0.584
Titan - - 0.579 0.573  0.632  0.532

ML models on 5 out of 7 projects in terms of Fl-score.

The results imply that RNN and CNN models demon-
strate reliable effectiveness, confirming their relevance to
this domain. However, traditional machine learning ap-
proaches remain viable alternatives in specific scenarios,
demonstrating competitive performance in certain metrics.

IV. CONCLUSIONS

Choosing models in SFP plays a critical role in determin-
ing overall performance. Although machine learning mod-
els have shown considerable effectiveness, deep learning
approaches possess the capability to address the inherent
limitations of traditional machine learning techniques. Our
objective is to evaluate and contrast the performance of
various machine learning and deep learning models on the
BugHunter dataset, using Accuracy, Fl-score, AUC, and
Recall as evaluation metrics. In general, deep learning mod-
els demonstrated their superiority by achieving higher per-
formance than machine learning models on most projects.
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In particular, RNN, CNN, and LSTM outperformed tra-
ditional machine learning models, yielding respective im-
provements of 10.16%, 12.28%, 12.28%, and 5.61% in
Accuracy, AUC, Fl-score, and Recall. In the future, we
plan to evaluate more state-of-the-art deep learning models
on the BugHunter dataset and improve the performance of
SFP models by handling imbalanced data and irrelevant or
redundant feature issues. We expect these models to deliver
even higher performance, providing significant advantages
in the early prediction of software faults.
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Chuyén san CNTI-TT bao gom céc nha khoa hoc uy tin dén ti cdc don vi nghién citu & Viét Nam va cdc quéc gia khac.

HUONG DAN DANH CHO CAC TAC GIA

Céc tac gid nén tim hiéu cich viét bai bao ky thuét, ching han nhu cic huéng dan trong tai liéu “How to write for technical
periodicals & conferences” ciia Vién Ky su Dién, Dién tii Hoa Ky (IEEE).

Chuyén san Cong nghé TI'TT chi nhin cdc ban thio dugc ndp truc tuyén trén trang web caa Chuyén san Coéng nghé TI'TT tai
https://ictmagvn/cntt-tt/ Tac gid cdn ché ban ban thio theo mau ma Chuyén san Cong nghé TI'TT huéng dan.

Céc téc gia phai chiu trach nhiém trong viéc ddm bio ring ban thao niy chua tiing dugc cong b trude d6, cing nhu hién dang
khong trong qué trinh phin bién hodc chudn bi xudt ban 6 noi khéc. Téc gia lién hé cang phai chiu trach nhiém dam bao sy déng
y ctia tdt ci cdc dong tac gia khi nop bai cho Chuyén san Cong nghé TI'TT. Ban thio cin dugc nép dudi dang PDE. D€ hd trg
phén bién kin hai chiéu, tic gia cAn ndp hai phién ban ctia ban thio, mét phién ban c6 ddy du thong tin cta tit ca cdc téc gia, mot
khong c6 thong tin gi.

Céc ban thao ndp lai sau khi chinh stta cing cin tuén theo céc chi ddn nhu cta ban thio nép lin déu, nhung can kém theo mét
van ban gidi trinh cdc y kién ctia phan bién, trong d6 gidi thich cac néi dung dugc chinh stta va/hoic trd 16i cdc y kién ctia cdc phan
bién. Sau khi mot ban thdo dugc chinh thitc chdp nhin xudt ban, cc tic gid can phai chuin bi ban thao cudi cing bang LATEX
theo mau trinh bay cho IEEE Transactions.

PAO PUC TRONG XUAT BAN

Chuyén san Cong nghé TI'TT cam két tun thu cic quy dinh, tiéu chudn va huéng dan dugc thiét lap bsi COPE (Committee on
Publication Ethics) trong viéc ddm bao tinh liém chinh ctia tap chi ciing nhu x 1y cic trudng hop vi pham. Tit ci cic bén tham
gia (Bién tap vién, TAc gid, Phan bién va Nha xudt ban) cin phai hiéu va tuan tht cic quy dinh, tiéu chuin va huéng dan dugc
cong bé trén trang web ciia COPE.

Ban bién tdp ctia Chuyén san Coéng nghé TI'TT sé sang loc tit ca cic ban théo trudc khi cong b, T4t ci cc ban thio sé dugc kiém
tra vé mic d¢ tuong ty v6i cdc cong trinh khdc stt dung céc cong cu truc tuyén cé duge. Moi hinh thitc dao vin khong dugc chdp
nhan va ban thao sé bi ti chéi.

Céc két luan phan bién gém c6: (A) Chép nhén, (B1) Chép nhin véiyéu cdu chinh stia nhé, (B2) Chinh stia va nop lai (ban thio
cdn phai viét lai véi cic thay d5i 16n va sau d6 cin qua vong phan bién lan thi hai), va (C) Tii chéi.

Mbi vong phan bién c6 thé cin khoang hai thing. Trong trudng hop cic téc gia dugc Bién tip vién yéu cdu chinh sta ban thao,
phién ban dugc chinh stta cdn dugc nop trong vong hai thing d6i v6i yéu ciu chinh stta 16n va mot thang véi yéu cdu chinh sia
nho. T4c gid ndo cdn nhiéu thoi gian hon xin vui long lién hé véi Bién tap vién.

MBoi bai bdo dugc chdp nhin sé dugc xuét ban tryc tuyén ngay sau do, v6i s6 DOI, sau khi dugc bién tap va ché ban theo céc quy
tac bién tip caa Chuyén san Cong nghé TI'TT. Pong thoi, khi c6 du mot s6 lugng bai phi hgp, Chuyén san Cong nghé TI'TT sé
tap hop lai va xuét ban mot s6 in, kem véi muc luc cac bai bao.

THONG TIN VE BAN QUYEN

Khi bai bdo dugc chdp nhén, ban quyén caa bai bdo sé tu dong dugc chuyén giao cho Tap chi Céng nghé Thong tin va Truyén
théng, 14 t6 chitc chiju trich nhiém xuét ban Chuyén san Cong nghé TI'TT, v6i dam bio ring moindi dung cia bai bdo dugc chdp
nhin xudt ban sé dugc cong bé mién phi trén trang web ctia Chuyén san Cong nghé TI'TT. Viéc chuyén giao nay cho phép bén
xudt ban c6 toan quyén gidi quyét bit ky khiéu nai nao vé viéc st dung trai phép. Céc tic gid c6 quyén ding ti lai hay st dung lai
bai bdo dugc xudt ban duéi bat ky hinh thiic nao cho bat ky muc dich nao, mién la c6 trich dan day du t6i bai bio g xudt ban
trén Chuyén san Cong nghé TI'IT. Viéc ndp bai bio dugc xem nhw la céc tac gid da doc va dong y véi chinh sach ban quyén nay.




	Introduction
	Related Work
	Methodology
	TF-IDF
	XLM-RoBERTa
	LaBSE

	Dataset
	Experiment
	Experimental Setup
	Evaluation Metrics

	Results and Discussion
	Results Analysis
	Discussion

	Conclusion
	Biographies
	Korat Natt
	Heang Sopagna
	Lay Vathna


