20 | The Journal of Spatial Innovation Development (JSID) Vol. 7 No.3 September-December 2026

o < & .
ATSVTUIYHELSIUBAIINANATIN CT scan Tﬂﬂ?"lf Convolutional Neural Network

F918 o9, ¥FUuN Moean’ uaz Lafies iuen’

Lung Cancer Prediction from CT Scan Images Using Convolutional Neural Network

Jirayu Thongkam', Chutinun Suaysom' and Sathien Hunta"™

' School of Information and Communication Technology, University of Phayao, Phayao, 56000
" Corresponding author: sathien.hu@up.ac.th

Received: 19 June 2025; Revised: 13 October 2025; Accepted: 21 October 2025

UNANYE

nzissaniulsnfifimnguussazidvamnddgeesnisdediaviculsemameuazanesang

v 1
A LN

ﬂ’?‘i@]‘é’l@WUTﬁﬂ@n}/ﬂ LL@?Z?JZ?L%NWHNﬂ’JﬂNﬂ’]ﬂiyﬂ?—.l’N@ﬂ Lﬁ@ﬂ@’]ﬂﬂ’?”ﬁﬂLﬁNT@ﬂWﬂTﬂﬂﬁ‘é%ﬂE"lLL@x@ﬂﬁWﬁqﬂﬁ‘i

v
v AAo

a Yo Ao o o a < A 1% = ¥ a 1% °
\Redinlnogwililaddty s1ddeilidnguarasnlafnen TnnBeHayaliNIZaN LAasWMWILULSIa8
TassmneUszamiflennuunsulagdi (CNN) dmdunisinnenzelenlnelsmaianisBawg Bedn Tnaly
v P 1 v v o [P
gAuaya Chest CT-Scan Images Dataset a1n3ulss Kaggle Feilsznaumasaayanin CT scan wzidadaniiuly
- . e : v - .
FPLTARLAN FIUIUNINNA 1,000 AW WL9BBAHTN 4 AGE (ALN NeB90LA INA1TE NN, NuiBeanada
i RPN i ' 2
\waa, NziBilamaa ey uarlenUnf
ATl BeuWieulsrABnnIDILULSIanT 4 UL (AN ResNet50, VGG16, InceptionV3 waz
Yoo oo ' . Yoo : Yo >
DenseNet121 A1NIHEIHARNTIBIULARZ MUUSIADININEUAIYAT Stacking Ensemble TnelrinaiinnisiBong
2091A5 29T ULUUTIa89NAT 5 LUYU (AW Random Forest, Logistic Regression, Support Vector Machine,
K-Nearest Neighbors L@z Naive Bayes NANTTNARBILEAN LA UL U1 88971 T98NaaWs laa e Random

Forest fAHUNNENGOgATITREAY 98.73 BIguNITUULTIRBILALIIINA

AdAsy:  wnSeden, BnTEgrenRaumes, naEeugreneses, lnswnglssamifianuuunedlogd,

WANANITIINULLINRDY

" anszna lad s AL azn19 AT NNAVEARNEIEN 49NdANTLE 56000



2719815798 ITNBNITAMEIRIGNTTHBINWA (JSID) O7 7 at1ufl 3 ARYIYW — FUIIAN 2569 | 21

Abstract

Lung cancer is a serious disease and a leading cause of death both in Thailand and worldwide. Early
detection is crucial, as it significantly increases the chances of successful treatment and reduces mortality rates.
This research aims to study and develop a deep neural network model for lung cancer prediction using computed
tomography scan images. The dataset consists of 1,000 images classified into four categories: adenocarcinoma,
squamous cell carcinoma, large cell carcinoma, and normal lung.

The study compared the performance of four deep learning models ResNet50, VGG16, InceptionV3, and
DenseNet121. The results from each model were then combined using the Stacking Ensemble method with
5 machine learning techniques as meta models: Random Forest, Logistic Regression, Support Vector Machine,
K-Nearest Neighbors, and Naive Bayes. Experimental results showed that the ensemble model using Random

Forest achieved the highest accuracy of 98.73 percent, outperforming all individual models.
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ResNet101, InceptionV3, VGG16 uaz DenseNet169 figninsneuniumafia Transfer Leaming GmaeliuLisians
AHIANIE U A DIANEAIANZIDIATN CT Scan UAZYIINNSUSUUANINEHIBILLLFI88Y (Fine-tuning) (e T
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Adenocarcinoma Large Cell Carcinoma  Squamous Cell Carcinoma Normal

Figure 1 Representative CT scan images of different types of lung cancer and normal lung tissue
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Figure 2 Flowchart of the model development process
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Figure 3 CT scan images before and after background removal
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Figure 4 Architecture of the ResNet50 model
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Figure 5 Architecture of the VGG16 model
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Figure 6 Architecture of the DenseNet121 model

4. InceptionV3 Qﬂﬁ%uﬁiﬁﬂ Christian Szegedy UazAtuy 911 Google Research LLﬂxgﬂﬁﬂLﬂuﬂﬂ‘?ﬂ wsnlieu
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7 299 x 299 s (Szegedy et dl., 2016)

Figure 7 Architecture of the InceptionV3 model
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Figure 8 Original CT scan images
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AMNWUAAINARNTIINNITHINTNIIFNTZUINUNT Data Augmentation Faudasannnauaiiulng
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Figure 9

Figure 9 CT scan images after data augmentation
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NITWEUILUUTIA8S CNN T&TLLﬂI ResNet50, VGG16, DenseNet121 Il InceptionV3 Lﬁlmﬁtmﬂmm%d
UpAannIn CT scan ST A a9i19uasuIan i 1 I e s au fULLUS 1889 W asannilaafinug
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Table 1 Parameter optimization and fine-tuning strategies of each model

Model Batch Size Input Size Freeze Unfreeze Dense Dropout Epochs
Layers Layers Layer Layer

ResNet50 32 224 x 224 block5 1024 0.3 100
512 0.2

VGG16 32 224 x 224 block4 ~ block5 256 0.4 100
All 64 0.3

InceptionV3 32 299 x 299 Last 50 512 0.3 100
256 0.2

DenseNet121 32 224 x 224 Last 50 512 0.3 100
256 0.2

N92UIRNTUSEARNALRZIRUSEANENTNABILLLINRES

197U ERANBAINIBILLUSIREY (Performance Evaluation of Models) TN 19152t 8unanisvinuns
N21591aReNnAN CT scan TapuAssuUUsansvinnisinUssavannlneTasadsn sane i

1. Accuracy A8 $R9INNFVINHNEGNABNIVHATEI LIUSIABI9INYDYATIMHA (Google Developers,
2025) FeaNN1T 1

TP + TN -
A — (Equation 1)
Couracy = TN fFP+TP + FN
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2. Precision #18 8n91n197 e TiuslaeesHzl S auatgnaedase] ANTuNaLULS 188N

nrflmuaanzi3s (Google Developers, 2025) AaaNN157 2

TP .
P (Equation 2)
Precision TP+ FP

3. Recall Aim dn1M1ana99dUNS ARTUDIMaINS WD RaNZ 3 T mNA D pYaya InaRe50.n

andasianafiiunzEeluanyae3s (Google Developers, 2025) AaaNn9l 3

Recall = L (Equation 3)

TP+ FN

=h_

TG] bl

TP (True Positives) = ﬁ?ﬁu’luﬁ’]@ﬂﬁﬂﬁLLUU@?’mﬂﬂﬁﬂu’mQﬂ@]’ﬂﬂLL@:Lﬁuﬂ@’]ﬂL%ﬂﬂ@?j\‘i
FN (False Negatives) = sauausinagiiuuudassinunefiauas nlaaaainaeads
FP (False Positives) = 91H3IUFnasNikULS1a a9y RALAZTIRARIFRasa39

TN (True Negatives) = Suansinpenfiuuudransinnegnassuas nlraasaanss

4. F1-Score fia A7 3 ALssRNB NN IHNN9ineIna 521119 Precision Las Recal BIUAPNTIANNENAR
i::‘WJ"I\‘iWJ’WNN’WN"I‘JﬂTuﬂ’ﬁﬁ’Wu’mN@U’Jﬂf@ﬂﬂ’mgﬂ@mﬂ (Taha & Hanbury, 2015) Aeaun1e?l 4

Fle2 x Precision X Recall (Equation 4)

B Precision + Recall

5. Confusion Matrix A@ LAAINITLLRUTEUT21919ANYHn 87 (AT UAN9 S BILARY AR RYBINELES
Uam (Powers, 2011)

MU RUNALU LS 88IRMSY Multiclass Classification Hiaeannsnwiseyinung 4 aans sandennste
IHABAA T AN AN ALY NNTS RN ANE AR A

1. Macro A® m‘iﬁﬂmmﬁﬂ Precision, Recall, tag F1-Score Lmﬂmmwi@mmﬂ mﬂf?uﬁflhﬂﬁfhymm
ARALaYARn alsufiulsransnmlngsanesuuusiasses e niuluuaazaana Ouri Opitz &

Sebastian Burst, 2021) Fagune 5

ul (Equation 5)
Macro Average = Z Matric;
i=1

=Z| -

=h_

TG]T—.I

N A9 9THIUARIN

Matric; #8 A1 Precision, Recall %38 F1-Score 2a9Aaa7 i
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2. Weighted Aim N190993793NAT Precision, Recall, @z F1-Score fMATLUAREARIEHITTHINAIDE 1N

usazpaaniuiiminiunnsmasnadng (uri Opitz & Sebastion Burst, 2021) f4auN157 6

I, (Metric; X Support;) (Equation 6)
XN, Support;

Weighted Average =

A A o o ! A .
TGW_WI Support; ﬂ@"V"IH’JHW’J@E’NT‘H@@"INW l

LV]ﬂﬁﬂﬂ"l‘i‘i’JNN@ﬁﬁNéLtﬂU Stacking g'JEILL‘U‘LIﬁ"Iﬂm Deep Learning

uWAAAYDY Stacking Model §311g14a70 Wolpert (1992) F9Laupiav19 Stacked Generalization Taa Ty
meta leamer USsNIaNARAANE 9N WUUSIABIFINNAIYA ] A BRAANHA ANATALAZLA NATHLN DD
LWULSNRES NNTVARBNTBILERS IATNIN Stacking ansnsafinansusngn lnviad etamansuussasmsani
Tmeamees Jonnatul Ferdous & Rifat Shahriyar (2024) WakwLLsaes ENSNET @ wisuvininslspvasnidanaues
Tagsanuuudnass InceptionV3 LAz Xception Nl’llﬁ‘ﬁ averaging ensemble ?Jiuz‘ﬁl Dhaval J. Rana & Keyur Rana
(2025) T Transfer Learning FNAUULUSIADIBIRNMAIEULY WREHAWILULS A8 Stacking \NBIINHATNE AN
WL REIg R RaE

Tuﬂfl‘iﬁﬂmmuﬁé’ﬂﬁ“ﬁﬂﬁxgﬂ@??%mﬂﬁﬂmm%ﬂufgﬂmLm‘%‘mf/‘fﬁ’lmﬁﬁqwmm WLUSRBNAa i
Wb lanaansfusnsuasadiasnauuus aeaiien Benan Stacking Model (IBM, 2024) n3zUannnasnile
U32naunag 2 SuRADunan (Aun SuAeun19a3ng MUDS1aB9gIH (base models) TnedanuuUs1answas CNN
§19% 4 LUUSan [ALn VGGT6, ResNet50, DenseNet121, uaz InceptionV3 TPeUUUS BTN AR WS
uuqm"ﬂy@yj@mw CT Scan #84U8A Tmﬁmmi’wﬁﬂmLwimLLuuﬁmm%@gﬁugmmﬂ"]mfmﬁqmﬂu (proboabilities)
PDIUARTARNT THAIUATNAAND ANNY 3 4 Lmur-v"mm%qﬂﬁqmmuﬁumymﬁﬁmﬂ%‘@mf@?uumu@u
(concatenation) i BAF19LINLABT TN 4x4 Fatlsznaulunasnudnune (features) gnlruiuaoyainanlndy
WULFIRD9MA (meta model) uamsli Figure 10 Taennddeil lnnnasslsmafianisidengaoandns (Machine
Learning Algorithms) 1/S£nyinnS31uHnAg T 9 5 WL Lﬁ@ﬁﬁmiﬁﬁmﬂN@ﬁwé%um@uqmﬁw Taun

1. RF Lﬁmmuémmﬂf]zﬁuﬂi:ﬂ@u@T@ﬂ@iyufa:mﬁﬁmﬁu?wmﬂ@i”u ﬁﬁmiﬁﬂuémmqmzﬁNﬂixﬂ@uﬁw
grapsidunUszan Tngnisaianisaiazgnatusanfiessynadnsiilasuansdansaniiga (BM, 2025)

2. LR Lﬁw,mm‘v"mmmmﬁﬁﬁﬁmmﬁqﬁﬁﬁm%’uﬁﬁmﬂmwﬁwzLﬂwﬂmm@;m%ﬁﬁﬁmﬁw%lﬁuﬂm
ﬂ@;ﬂmﬂ%ﬁﬁaﬁﬂﬁ’um%ﬁﬂ (logistic function) WapfiiEenan sigmoid function A BUUAIATHATINIBIUAUYD S
Faurlsashtiuanannannazidufiogsznang 0 8 1 (Friedman, Hastie, & Tibshirani, 2020)

3. SVM Lﬂuv‘ifmqﬁf%LLuﬂﬂymjﬂTmmﬁmﬁﬁmﬁwLroiyumm%ﬂfat,ﬂﬂ‘gl,wm (hyperplane) 7iunzas
ﬁqm?m%\mﬁmmm% %anﬁwLﬁmmxﬁwzgeqmwdw uAaZAANE (IBM, 2025)

4. KNN finnstoszeznnsanndnuan K 90 LﬁmﬁLLuﬂﬁﬁ:mwﬂmmﬁmﬁqusﬁmgﬂm%@wmﬂLﬁ'@u
Jﬁuﬁ?ﬂgﬁf\mLLG%@%Q@THU%LQW&H (IBM, 2025)

5. NB Winudanesindilgnannianiaianuuiaziiud tunnssuunUssnmaanadnflsdedaszanrio

VDIAUANELUARTFT (BM, 2025)
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Base Learner VGG16 ResNet50 DensNet50 InceptionV3
Prediction P1 P2 P3 P4
Concatenate
Meta Learner ML Classifier

Figure 10 Stacking ensemble framework for model integration

Results

INNTANEINTTUILINTUALANTI AR By e T sz aaTunaR BN F S I Tas UL a8
CNN i v enziFeane1nam CT scan s idenlsaandnansssnag o Taun ResNet50, VGG16,
InceptionV3, uaz DenseNet121 Tagsavinnsitdauifisunadnsassunazundiaesninnissunisfines
a9 7 Tneiamnzdnanaideng (Leaming Rate) SsTnunaznisnaaas snideididonty Optimizer 19 o 1
Adom uaz Adamax WaBNTMUARIERTIN1aELUT 3 T Ae 0.01, 0.001 uaE 0.0001 it alazidunans
AARHUNLEN uazANIageyiRrnsuLLdans ARy ATaYa

FINNITVNARDIVBILULINADY ResNet50 W‘LI"JI’I m‘iTﬁy Optimizer sy Adamax ‘ilfmf"ﬁ_lﬁ;l’l Learning Rate
7t 0.001 TawadnsiiAfign Tnssmnsadiunaeyaluya Train, Validation uaz Test TamanA Accuracy 1Affu
99.84%, 93.06% Way 95.56% AMNAIFY 1asLT LIUTIREY VGG16 TnHadws AT qaudaly Optimizer wuy
Adamax WAz Learning Rate 1 0.0001 Taalaan Accuracy sy 97.39%, 87.50% way 95.87% A&7
Tm\ﬁuﬂmuum‘i’mm InceptionV3 N@m‘mm@mLLNmTﬁLﬁu’ﬁﬂm‘sT‘g Optimizer WUY Adam %Qmﬁ’u Learning
Rate 71 0.001 wadns A ga Tnufl Accuracy iy 99.67% UnAA Train, 94.44% Luga Validation WA
96.19% UuyA Test ﬂmm‘ffuuué’mm DenseNet121 wayw@@vwﬁﬂmdqmﬁ ’ﬂT‘g Optimizer bUU Adamax bae
A1 Learning Rate 74 0.001 1L aariy ResNet50 Taatwan Accuracy winu 99.51%, 91.67% way 95.87%

Gfu"gmmdﬂ Train, Validation waz Test INATAL uamals Table 2
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Table 2 Experimental results of different optimizers and learning rates for each model

Accuracy Loss
Model Optimizer Learning Rate Train val Test Train val Test
0.01 9951  88.89 93.97 0.1 061 023
Adam 0.001 99.35 8750 93.02 0009 048  0.20
ResNet50 0.0001 99.67 9167 9365 0008 043  0.20
0.01 99.35 8750 9429  0.01 040 024
Adamax 0.001 99.84 9306 9556 0.008 050 0.25
0.0001 99.02  86.11 9048  0.03 039 025
0.01 70.96  48.61 6507 0.67 129 095
Adam 0.001 7113 5278 7397  0.66 105  0.78
VGG16 0.0001 98.04 8333 9269 007 057 0.33
0.01 69.00 4722 6635 0.70 .09  0.90
Adamax 0.001 69.98 56.94 7079  0.62 096 0.68
0.0001 9739 8750 9587  0.08 045 024
0.01 9951 93.06 9524 0.1 050  0.19
Adam 0.001 99.67 94.44 96.19 0008 033  0.30
InceptionV3 0.0001 99.02  86.11 9365 0.02 049 032
0.01 99.35 9167 9492  0.01 047  0.27
Adamax 0.001 9951 9167 93.97 0.1 042 026
0.0001 98.69 8333 8825 0.05 044  0.33
0.01 98.86 8750 9524  0.02 073 037
Adam 0.001 99.02 9167 9301 0.01 051 048
DenseNet121 0.0001 98.37 8889 9111  0.05 053 026
0.01 99.67 9167 9555  0.01 039 0.36
Adamax 0.001 9951 9167 9587 0.02 030 024
0.0001 9331 8194 8476 0.8 057 0.38

UN1UTLAUATINAINITOVBILU LA A HNTTFTURAN TN IHUAREARTE 9703985 1% Confusion

Matrix a1ngaeyanaseuiifvagan nd uawionnn 315 a1 degstnfiutonuusudntunisduunaes

WARTSARIN TG"I?_ILLNﬂﬂﬁunuﬁQﬂﬂqﬂﬁ@o"lLLuﬂﬂgﬂGl’fN UATRANRIADENEALIN LLNW\TT‘H Figure 11
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Figure 11 Confusion matrices of each deep learning model
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Figure 12 Training and validation accuracy and loss curves of each model

FINNANTTNARDINULAN LUUI1ADI ResNet50, VGG16, InceptionV3 WAy DenseNet121 §1N19091LUA

UsznnasenziSadenlnagiaunudi Tnaynuuudiasstnan Precision, Recall uay Fi-Score gagaiie 0.98

waz 1.00 ATNAIAL HBNTINH ATAZUHKIRAELLL Macro Lag Weighted BIULUIIRDIUTEHI0d 0.96 LLN@‘I\?T‘N

Table 3 warisnuavidansane (U
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Table 3 Class-wise performance, Macro and Weighted averages of each model

Model Metric Class O Class 1 Class 2 Class 3 Macro Weighted
ResNet50 Precision 0.94 0.92 1.00 0.97 0.96 0.96
Recall 0.94 0.96 0.98 0.96 0.96 0.96
F1-Score 0.94 0.94 0.99 0.96 0.96 0.96
VGG16 Precision 0.97 0.89 1.00 0.96 0.96 0.96
Recall 0.93 0.96 0.98 0.99 0.96 0.96
F1-Score 0.95 0.92 0.99 0.97 0.96 0.96
InceptionV3 Precision 0.98 0.89 1.00 0.96 0.96 0.96
Recall 0.93 0.98 0.96 1.00 0.97 0.96
F1-Score 0.95 0.93 0.98 0.98 0.96 0.96
DenseNet121 Precision 0.96 0.89 1.00 0.98 0.96 0.96
Recall 0.94 1.00 0.96 0.96 0.97 0.96
F1-Score 0.95 0.94 0.98 0.97 0.96 0.96

p=1

9INAIINARBILLLIIABY InceptionVd HA1ANUNUEIRINNNTNAREUGITIA WU 96.19 undl
gy e Agegaiaifiauiuuuudiandu o wensfiuuus1ass VGGT6 uay DenseNet121 Tinaanwsiiafign
Tuaonsspngdefisniigalaevisansuuudiasiinouuund i iug 95.87% #1950 ResNet50 Haunazil

e a4 . %
ANHUNRENFNGR WATIANENAANGTIA tn19viunEnzBUanaInaTW CT Scan

INWNANITNARBINUGT InceptionV3d FIHITAFILUNNIN CT scan (AGNABIFMSLUARLARTE (AN

adenocarcinoma (0), large cell carcinoma (1), normal (2) kaz squamous cell carcinoma (3) Trauarananisyinuie

(Pred) uay AN9349 (GT) uamsl Figure 13

GT: adenocarcinoma (0)
Pred: adenocarcinoma (0)

GT: large.cell.carcinoma (1)
Pred: large.cell.carcinoma (1)

GT: normal (2) GT: squamous.cell.carcinoma (3)
Pred: squamous.cell.carcinoma (3)

Pred: normal (2)

Figure 13 Sample classification results of InceptionV3 for different types of lung cancer

AINNMIUTRRLULSIABIMAT AemAllA Ensemble Method wua RF Tunafifige laesl Accuracy gefis
98.73% WazAN Precision, Recall WAy Fl-score 19UWLL Macro kay Weighted 11111 0.99 LaAIfivAIIH LN e
MUNITTIUHAARTE AN UL DUl LR uaz SYM nalnalfasiui 96.83% uaz 96.51% &1 KNN waz NB

fiaanunndnit 97.46% e NB fian Recall uun Macro gefis 0.98 uamalu Table 4
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Table 4 Performance evaluation of the meta-model (Stacking Ensemble)

Precision Recall F1-score
ML Algorithm Accuracy
Macro  weighted Macro weighted Macro weighted
RF 98.73 0.99 0.99 0.99 0.99 0.99 0.99
LR 96.83 0.96 0.97 0.97 0.97 0.97 0.97
SVM 96.51 0.96 0.97 0.97 0.97 0.97 0.97
KNN 97.46 0.97 0.97 0.97 0.97 0.97 0.97
NB 97.46 0.97 0.98 0.98 0.97 0.98 0.97

NRANTYBINTG19 Confusion Matrix @Wﬂﬂq‘i‘l/lﬁﬂﬂ\‘lsf"ﬁwlﬂﬁﬂﬂqﬁL%?Jugﬂﬂd VAS DY USZANNISITMNA
513493 5 WUU (AN RF, LR, SVM, KNN 1Az NB i8N il uus1anaiusn Tum‘jﬁ%mﬂﬁ’umuqmmﬂ

Tmmzuummmﬁﬂmﬂwmﬁwﬁmgmmmnqmmwmﬂmuﬁwmm 315 AN LL’&@QT% Figure 14

Confusian Matrix - Stacking Ensembbe (RF] Canfusion Matrix - Stackin

g ERsemble (Lagste Regression) Confusion Malrix - Stacking Ensemble (SVC

(3) SVM

(2) LR

meactea mredctea

(4) KNN

Figure 14 Confusion matrix of the stacking ensemble meta-model

Conclusion and Discussion
FINHANITNARBINITNHUILUUIIRBIFINSUN1TIHenz5sUaalaaly CNN Wua InceptionVa
Timarsunmdngogeil 96.19% w04t VGG16, ResNet50 uay DenseNet121 tnanasusueing 95.87%, 95.56%
o o Lo ! = L A o ! a s ! P !
WAz 95.87% ATNRIWIL UBNINUEINLIINIFEDN Optimizer NTINHITANUAZNTUTUUAINITIRRBIAN o Anane
mafinlsrAnnweesuuudiaases wiedA anlulndn1simadansann uuusiaae i ugiuunly iy
Ensemble Method wuu Stacking lnefdane37innnsi5eus aeaiai a9 5 uuy {aun RF, LR, SVM, KNN uaz NB

yimanfiduiuudasasanansaassuansmifingn RF anaasunndgegail 98.73% wnididanas i
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&1 9 Toun LR, SVM, KNN uaz NB AR sunueng 96.83%, 96.51%, 97.46% WAy 97.46% MAN&AGL
anAAR8IiY Lonjewar et dl. (2023) TAWmHIULLS1A89 DenseNet201 WIngiaf an sidnmne: uaztlszyne b

o/ A

ABAndanaudnune Taun ETC uay MRMR newiilsiudaneafiuntadiuun SVM uas LR wadws lannmns
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