Journal of Computer and Creative Technology | Vol.3 No.1 (January - April 2025) ISSN 2985-1580 (Print)
Nsanseeuiwesiazimvaluladaieassa | U9 3 atuil 1 (Wn1au - Lwwieu 2568) ISSN 2985-1599 (Online)
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Land use classification constitutes a critical component of effective
natural resource management and urban planning, providing essential
insights into land-use changes and their environmental impacts. This
research study aims to construct and evaluate the performance of three
Convolutional Neural Network (CNNs) architectures-ResNet50V2,
DenseNet121, and EfficientNetV2BO-applied to Sentinel-2 satellite
imagery. To address challenges related to data imbalance and
overfitting, data augmentation techniques were employed to enhance
model robustness. The study area, Tambon Sai Ta Ku, was classified into
five distinct land use categories. Among the evaluated models,
ResNet50V2 demonstrated superior performance, achieving an accuracy
of 88% with data augmentation, followed by DenseNet121 with 77%,
while EfficientNetV2BO0 exhibited comparatively lower performance at
47%. These findings indicate that ResNet50V2, when combined with data
augmentation, is the most effective model for land use classification
tasks, underscoring its potential to improve precision in resource
management and environmental planning.

Keywords: Land Use Classification, Deep Learning, Satellite Image, Data
Augmentation
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1. uni (Introduction)
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Figure 1. Conceptual Framework.
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Ustlomifiiunnamdonadien iuhideficidevanstulddnuegisioies Tnefhimuinisiideslotuds
Aun13UsuUslaea n13dnn1steya wagmsuiledediinnieuua auideves Kussul et al. (2017) wansli
wiudnenmdesiures CNN TunisusnusgnmsUnaquiukasfivransnisinuasaindeya Sentinel-2 1#finina3
s 191 SYM wag Random Forests 1189910 CNN a1ansafenadnvusideiluiiuavaunasuldogaed
UsgAnsnn egndlsfiniu snddeiidliiiudeditadidy 2 Uszns fe (1) anudesmsdoyadmiunisifeus
yualng wag (2) Msuszananailivineinsgs weudludediindanan zhu et al. (2017) Ifiausuuimisly
N19Y5041N1570Y anatgunas (Multi-source Data) 14U N1559UAMNA18AILTIEY Sentinel-2 uay Landsat-8
wonldfeyauuumaadisna (Multi-temporal) titeannsitemndeyaisoudaualug Tasnsiasesiennuuys
funuggniadieiuanuisiusluntssuunyssannisliusylovifiaulfegefituddy ogdlsif wuamaedss
FosnsmaiansiSeudeyaiidudou seun Shorten & Khoshgoftaar (2019) léuenauuafnmsdnnisteyade
wmedanisia3udeya (Data Augmentation) 11 NIMLUAIW NMFUSUANNATIS UaznIFRFanTH F9rdeliia
ANUVAINVAIeYesYAtey Al nulilidieg19din dewaliluiea CNN ve9 Kussul et al. (2017) wag Zhu et al.
(2017) farununiuaenisiin Overfitting LLawi’wmlﬁﬁfﬂuamw%ay,aﬁa waz Belgiu & Csillik (2018)
Fiduauinmedidsnandesgannisineineund Hiluwianudesnstoyafintierifu (Labeled Data)
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uilaldnsysannisdeyaiasy wu deyagiivsene (Topography) #3enslénisiFeusuuuieniuau (Semi-
supervised Leaming) auiumalian1siasudayaves Shorten & Khoshgoftaar (2019)
4.2 watiansiatudaya

mswasudeya (Data Augmentation) dwdunsdwunmsléuselevifiduanameaeaufieslugag 5
i wanslifiuenuiamhideslssflumsuidgvndeyadiauasanududouvesgiivszinmaia Susy
31n91U398909 Alzahem et al. (2023) Uauenisly Generative Adversarial Networks (GANs) 3937U Vision
Transformers (Vi) 1l oaf1anmdaasnzsiaindeya Sentinel-2 afiuanuusiugilunisduunyszsianlads
98.7% agelsfinu dedrdndunsneinsmsdinuaranududeuveddunadnalsd Hao et al. (2024) usn
nadaesudeyauuusaiu (Figure 2) 1wy nMsvunImaznITwana™ Srufuantinenssy Swin-UNet fi
14 Transformer Tun1sfisuiunszeglna (Long-range Context) dawantlyyninis Overfitting waglvAuaiugn
96.01% Tugadeyarunidn widwinnsiesginsuasuuasuggnia deioun Siera et al. (2025) laudly
AILNTYTINITTOYA Sentinel-2 Luunangy1aIa1 (Multi-temporal Data) wagn1sUsuaNadIny/ANuaALtn
vilFauuiuguiindu 30% dloldluma Deeplabva+ widandganuvinmelunisaiiadeyadansizsid
donAaetuiiuszimaass dewall Paramanantham & Seenivasan (2025) fiu1 AMSDAN $aufu Wasserstein
GAN Tagldnaln Attention it elvliai uiidAguazadadoy adiureviuniiauas ufanuusiudasifiuiy
12.34% uadapailvadninaun1sAuIng
4.3 MwegALiigY Sentinel-2

ageaILiien Sentinel-2 gnuszgndldsnunisnsivaeudindeuuarnisinnisninenssssuei
Tnsiamzognedluuiunvessumelng swidoves Phir et al (2020) Fliduiaruasdondeiuiisyiu 10-
60 A3 wazawannsalumstufinteyavaredisadu (Multispectral) 194 Sentinel-2 Faetfiuauusiugly
MsSmunyssianiisrannanisinenslaie 85% welddeyaninuaundu Near-infrared (NIR) uag Short-Wave
Infrared (SWIR) 1zl Lu et al. (2023) wuiinisussgnaldauin (NDWI) 910 Sentinel-2 ansnsansiaduiiug
dwiulFnnelu 24 Falusdreniunainindeuniios +5% dau Liodra-Llabres et al. (2023) Wugfadneamly
MINTIERUA A NI IENTTIeTIsaL it uresnaelslad-ie nuauadudifen (Band 3) filvien
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Figure 2. Example images of data augmentation techniques.
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5. 35a1HuI1uIY (Research Methodology)
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Suunuszannislivssloviiau nglideyanmanemauiion Sentinel-2 AlvimmaziBonguazannsainaiu
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2. MadawSeateyadmsum s suiiddniiliumsiussuuasaumaniienans (QGIS, 2024)
TneiuaInnsnsavdeudnenmituiiAnwian Google Map wazshmsAndeniuiifogsdmsuuiasUssiam
fiau nsdmuntssanmsliusslevdiiadlunsinuiduvseonidu 5 Ussiamudn T8ud ides (Urban: U) unas
1 (Water: W) @ue719w151 (Rubber Plantation: P) w1477 (Rice Field: R) wag il (Forest: F) Sauanagaoeg
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3. nsfmuagafaeg19das3Ensdudaiuil (Spatial Random Sampling) Tagldinadianisastegads
(Random Points) titersuadumisidndmsumsiiudeyanimdienafien Sentinel-2 nsAnwniruueliue
arUsznnsliusslenifiauiiynduiegnasiua 10 9a ﬂiaUﬂqu‘ﬁ:ﬂ 5 Useinn savedu 50 99089 9
LLammimsmaéhsuaqQmjuﬁ’gashwuﬁuﬁﬁﬂm Iﬂamiﬂizm&Jé’f’gsuaqa;m‘juﬁsd’sﬂﬁlﬁ%%aﬁﬂuﬁaLmusuamwi
azUszsiamnislivsglomifidussnseunguuazfiuszuu & Figure 3(c)
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"4 -rf-’fv
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Figure 3. (a) SaiTaKu Subdistrict Study Area, (b) Land use classification, and (c) Randomly select sample
coordinate points.

4. m3dawmssuyadeyadmsuiauinuudiasinisiseusigedn taandunissiusiuyadeyaninaiy
A1udien Sentinel-2 $1uw 2,500 nw wunduyadeyaiseus (Training Dataset) 2,000 AW wazyANAROY
(Testing Dataset) 500 n1w lunsswuntsziannnsldusslevidiau 5 Ussan Tdun dos U) uwani (W) e
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Table 1. Satellite Image Dataset Table of Sentinel-2

Type Train Test

U - Urban Area 400 100

W - Water Source 400 100

P - Rubber Plantation 400 100
R - Rice Field 400 100

F - Forest 400 100

5.3 NMIRAUILUUINABINTIEBUSLTEN

msitauuasdumAdeisuiunslaeussgndlfinedaniaioudiBednin CNN dwsunissuun
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anugUuuL 1FuA ResNet50v2, DenseNet121 uag EfficientNetv2B0 wiousiszgndldinadiansaiudoya e
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+10% Liladnanaszarmsiisineiu MsUuanuainslnedsunnuainadntdessening 0.95-1.05 tiesassy
anmuasiuansnaty uazmsidufinisausnveunmsnenisazviou iletestudeyagnydeusnavounin e
wadamaniteliyadoyainnuvainuansinntu uazdinsinmdnuazddyuesnmauly aslemaiians
FoudiAuuasiinyszanianvenuudiasslunssuundssiannsldusslovifauainamaisaniiies
Sentinel-2 lapenausiuggs Figure 2.

6. HaN13I9Y (Results)

msfnildfiiunsainuasUiuuuuniaeniadeuiifeindmiunistuuntssnnnisliussleond
fifuanamaienaiien Sentinel-2 Ingvimsnaaouyszans mnvssnuuirassluasaiouls Ao nslduagli
T madiamsifiunnamainvatsvestoya mslianeideyaldiusouiisuussansnmvesaninonssulasade
auguuuu Teun ResNet50V2, DenseNet121 way EfficientNetV280 Imaﬁmumﬂ"}ww}ﬁLma'%ﬁyugmﬁaﬁ frusu
AT AN (Optimizer) WUU Adam A8ns1n15158uF 0.01 Heddun1sgayide (Loss Function) wuy
Categorical Crossentropy 3143u58UN15I8U3 100 58U (Epochs) vuiayateyades (Batch Size) 64 uagldnis
msvaeulriLuy 5-fold

6.1 wansi3euiuaznaseulszansamvssuuuitaedlunissiuunysaannislivssloniiaunuulduasla
lHwetiansiasudeya

nsUsziduUsEAns nmwosuuudiaseninioudidednvsaruanidnenssu 1dun ResNet50v2,
DenseNet121 ua¥ EfficientNetV2B0 ANiumsniun1siasgiusydnsain Usenaudieg A1Agneed A1Aw
Wi ug ANIsSenAy wazAnzkuuenIY nan153ATIERkanlifiiuI WUUTIAEY ResNet50V2 wang
UsvAnsnngegalunnumindnista taeddanugniesitfesas 98 - 99 sislunsdiifiuazlifimsldinadanis
\eudoya sesasnAe DenseNet121 uansuszavisnmluszduiia Taefiaanugnioaazmuminddu 4 egi
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Uszanuesar 97 - 99 luvuei EfficientNetV2B0 uansUszansamaniian lnelianaiugnieuiisssesas
47 - 50 uazANVSNGOU 9 Anin3esay 45 61 Table 2.

Table 2. Comparison Results of ResNet50V2, DenseNet121, and EfficientNetV2B0 Model Performance in
Land Use Classification Using Performance Metric Values.

Accuracy Precision F1 Score
Models Data Augmentation Recall (%)
(%) (%) (%)

ResNet50V2 Yes 98 (+0.006) 98 (+0.007) 98 (£0.007) 98 (+0.007)
ResNet50V2 No 99 (+0.002) 99 (+0.003) 99 (+0.003) 99 (+0.003)
DenseNet121 Yes 98 (+0.007) 97 (+0.009) 97 (+0.009) 97 (+0.009)
DenseNet121 No 99 (+0.004) 99 (+0.003) 99 (+0.003) 99 (+0.003)
EfficientNetV2B0 Yes 50 (+0.010) 42 (+0.049) 39 (+0.026) 34 (+0.034)
EfficientNetV2B0 No 47 (£0.217) 38 (£0.072) 39 (+0.056) 35 (+0.075)

nsUsziliuUszansnmassuuudnasslanuidunisiiuisnisasiaaeuladuuu 5 @u (5-fold Cross-
Validation) Ingvhnnsutsgadesaseniiiu 5 dawiilvuiaminfu nsnaaeugndnidunisaneldassaniozns
naaes dun nsvszgndlfuazlildmaianisiaiudeya nansiwsgriuansiiiuiinuudsusiunes
Usgansnmlunsmagdiuvesnsasiaasulyiluusas Fold fe Figure 4.
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Figure 4. Comparison of Accuracy with and without Data Augmentation (a) ResNet50V2, (b) DenseNet121,
and (c) EfficientNetV2B0.
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970 Figure 4. W@nsNaNTIATIERUsE AN MaedliLAa ResNet50V2, DenseNet121 uay EfficientNetV2B0
Tunssuunusziannislivseloviiau Ingldis 5-fold Cross-Validation waziu3suiiisunuunslduaglald
wadansasudeya namsinszsiandiiiuinlung ResNets0v2 frnanuusiudigauazasiilurisiesay 97
- 99 luyn Fold tneeuusnsnsvasadnsuuunslduaglildnisasudeya daliunnsresiuannin wandlidiu
5qmwma§amaemmmL%aﬁamaﬂmLﬂaiumﬁﬂ5zmamasﬁa;ﬂamwmamuﬁsm Sentinel-2 ¢4 Figure 4(a)

310 Figure 4(b) wansxan1TATIZViUsEaNSAMYedling DenseNet121 nadnsoglugiaiosas 96 - 99
Fsfianulndifsaiu ResNet50v2 ognslsfinu msléimadansiasudeya srorfiulszansamusdumaluung
Fold Tngtanz Fold 1 ua Fold 4 fiflanuunnsrslunisliinedanisiaiudoya uarlléinadansiasudoya
othaiiulsdn uandlifuiinedadidndeusulsaruuiudweddunalunsdives DenseNet121

970 Figure 4(c) wARINANITIATIHUSEANS A mwesluna EfficientNetV2BO nadwsiia1A i ugs
ndannideifisuiuaedunausn Tassanuusiugiaglutisiosas 30-00 il nsldimetaniaadudeya dwa
Tarauusludniuiulunn Fold egnslsfinu Ariilddinsiininlumadu 9 eg1amin §1919Ue8 4
EfficientNetV2B0 VL;J'mmsanﬁ’mgWﬁaaﬂaLLaxmsﬁy’qmmimaaﬂuﬂ%ﬁ

mseeiussansamuestlanna ResNet50v2 fuszansangdlunisiuunyssinnsliussToviiiau
Tnsamelunsdlifimaaiutoya fsanmnsoduundossluyneaaldosagniasionun 400 feea agrdlsf
ma lunsdififinsiadudoya wuteRanarmdntesluuneana wu aana P Aanaialuaaia R $1uu 6 Foens
uazaaa R Aawanalunana W dwau 6 fegs maiiindeyasadmalituudassioandyiuamnumainvans
voshatuiiunntu shlmAndefanaaidntoslunaaiifinadnuaslndidsiu & Figure 5.

True label
True label

Predicted label Predicted label

(a) (b)

Figure 5. Comparison of ResNet50V2 model performance in land use classification using confusion matrix
between a) with data augmentation and b) without data augmentation.

6.2 nMswsuiiisulstansamnissuunuszanmsldussTevdiiaudae Confusion Matrix
KamLaTiUsEAnsamnadeyansSeudvedunaiiangarsauanilnenssy wuth ResNet50v2
uag DenseNet121 msduunUseiannslivsslovifi Aunansananugndesdilndidssdu Tnsuuudiass
ResNet50v2 fiszendlfimaiinnsiaiudosaliamnugnifesiesas 98 uazidlolifimsliinatansiasudoyals
A1AgnAesTesar 99 Twiueadediu uuudiass DenseNet121 uansAiAmgnasssesay 98 uay 99 lu
nsdlffuarliifinnsiadudeyamudndy egdlsiany uuudia EfficientNetV2B0 wanassansnmsniign Taod
Aanugniefissiesay 50 way 47 Tunsdlifuaslifinisiaiudeyamudiiu & Figure 6(a)
amnTgiUsEanEamanyndeyavaaeurediiaaiiifigarauanitnenssy wud1 ResNet50v2
wansAAugndasgeaavislunsdiifinisUszgndldimadanisiasudeya Gevas 88) uarlifininaiudoye
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($ovaz 81) Turasiluuusians DenseNet121 ugnslszansnnlusziuliunans lngdlAnmgnaesiesay 77
Lﬁ@iﬁﬁmﬂﬁﬂmita?aﬁa;ﬂa waziowvay 74 Lﬁahﬂ%mﬂﬁﬂﬂma%ﬁm&a duuuudany EfficientNetV2B0 wans
UszanSameniiae Tnefldinnugndeaiisedesas 44 way a7 lunsdifuazlifinsiasudeyaniudidiy
¢4 Figure 6(b)

B With Data Augmentation =3 Without Data Augmentation Emm With Data Augmentation =3 Without Data Augmentation
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Figure 6. Comparative analysis of ResNet50V2, DenseNet121, and EfficientNetV2B0 model performance
in land use classification: Evaluation of data augmentation impact on a) training set and b) testing set.

7. @3UNan15338 (Conclusion)

NAN1TIATIZY WUIT WUUSIa0s ResNet50V2 uanauszdnsnimgaan lnsdiaanugniesiesas 88 1o
Uszgndldinadiansiaiudoya wazdovas 81 lunsditliléinadiafing1d sesawnAe DenseNet121 Aiuansdn
mnugndesiesar 77 waz 74 audiu lumisnseiudng EfficientNetV2B0 uansUszansameniian Tnedan
mugneeaiiesiosay 44 uay 47 muaau nsussendldinalianisiaudeyauansliiiunansenuleuinsde
UszAvSnmueauuudiass Tnglanizoensddlu ResNet50v2 way DenseNet121 Gaiansnisusulgauszavsam
shewadafinantisiiiuanuammnsalumssusiveuuuiaswionnuvanatevesteyan e ogslsia
EfficientNetv280 ndunansdoddnlunsuszutanadoyaniiiian dwalifiuszansawslunnaniunisainng
nadey MnuansAnwaansaazuliin ResNetsov2 uamdnenssuiinzauiigadmiunissiuunyseiam
nsldUselovdiAuannaimaieanaiiion Sentinel-2 Tnsnisuszgndldinadanisiasudoya amnsaiy
UszAnsarwnisdnunldidueg ed Tuvasd DenseNet121 uansdnsnmidumiadendiunfiansan ud
EfficientNetv280 lalmsnzaudmiunisussondldlunsdiveansfineil EfficientNetv2B0 uansUszavsamei
ninlueadu 9 nefidrnugndeadissiosas 50 Weltinadamsiaiudoya wazdevas 47 ilelildldivaia
Fanan Taufed1AuLAu) LagAIANATEUARY T AINTNNASIINATEIU ANl EfficdentNetV2B0 3
Usgansamsnenaiinaindedidavaredsenns 1wy tassaislunad imnzauiudnvazvesteyaniwae
aflen Sentinel-2 8ntia EfficientNetv2B0 gﬂaaﬂLL‘U‘UMLﬁaLﬁuﬂizﬁwﬁmwiumﬁﬁ'lmm (Efficiency) 11nn91
ﬁmmLLﬁuﬁﬂiuﬂsﬂmaqﬁay’aﬁﬁu%w mﬂﬂ’fam{]mEJﬂism'ﬁﬂa"niuﬂzgmﬁ'ﬁmmﬁmmmminium'iL§au§

'
a

1y & & &4 13 o cala ° 1 = v o w Ww I3
AudnwBBNuT Wy n1sTuunUssiansliusglovinau envvihliluealdamnsafdoyaddnylioganuy

8. aAUs18Nan13338 (Discussion)

uans3delunSsduandiifiuin ResNetsov2 iluamilnensalassnsUssamifieniiiuss annngsan
Tumsduunuszammslivsslonififuannameaisaniiion Sentinel-2 Insannsalimauusiuigegaisiosa
88 Lﬁa“[fz?l,wﬂﬁﬂﬂm,a%u%ayja (Data Augmentation) #s@onndasiuauideneunti Singh et al. (2022) wax
Zhang et al. (2021) fitldiuinlaseeUszamddnaansadiiunuuiuglumssuundssnnmsidusslon
Anuldednadivszans amidleldinadafimunvean nadnsiesurgldarnmdnnisves Residual Connections Tu
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ResNet50V2 ﬁﬁaaam{]zymmﬁqzymwm AsUAEU (Vanishing Gradient Problem) Fafiutladuddnyfidanase
nsiSeuivesuuudandifiannudnuin muidoves Wubineh et al. (2024) Huduinlaseting ResNet50v2
UsyAvsnmgdlunissuunnmiifidnvasdudou ilesmnansaiFouiandnumsvesdeyaldiniulasligyde
UsyavBam lusazifioadu DenseNet121 uandlyiiiuindiuseavsnmsesasn sheranuuiugiesas 77 e
T¥nsiatudoya ANa15av09 DenseNet121 Tunisudstunmudnuuenu Dense Connections vilaunse
Foudteyaanamearomaiionldd egrdlsinig Arnrmusiugifisinin ResNet50v2 o1aiileaunainlassaiie
999 DenseNet fifiaTududouniniu vilhiaatgmnisduaiiunniundlodanistudeyanmaisan
Sentinel-2 &3 EfficientNetv280 fuuansUszAvEnwinan dseanuusiugiiosay 47 Weldinaianis
iesudeya uarforay 44 Werhluldlunismaasuais Feaenndesiunuidsuns Gerdan Koc et al. (2024) e
spy EfficientNetV2B0 senuuusfioifisdszaviammsunisAuiamnniiauusiug Jsenaldvsngdniy
Homidioanmsmseudaudnvundeiiuiiddudou wu meduundssnvnslivsslowiiau venaint nisld
wadiansiasutoyatisiiunnuuiudwesiuudaeddnatanizly ResNet50V2 uay DenseNet121 Gadenndad
fuaAdeves Murel & Kavlakoglu (2024) fiuanslifiuinnsiaiudoyaanunsadiandameanulsiaunaves
Joya (Data Imbalance) wagdgvniaiseudiiuld egnelsinu nadwsain Confusion Matrix wansliliuinly
vansdinaadudeyaoavilflunaiadoianainfisdy osmnuuuseeseundyfuiegudeyaida
MaNVANEUINTU lagagu uATeiBusuin ResNets0v2 \duaandponssuilimngauiigadmiunisaiuun
Usstanmsldusglovifiduainaimansanadion Sentinel-2 waznisld madianisiasudeya awnsadiodiu
Uszdndamuesuuudiasildedadaau egrdlsfinnu EfficientNetv2B0 enalidmanzaniunisussyneldly
nmsfnwasil

9. daLauauuzaIuIY (Recommendation)

ForausuuzAdedmiunsinuluswian asfinnsandrseaninenssunsBoudiddniviuadi Wy
Vision Transformers (ViTs) (Khan et al., 2024; Rozario et al., 2024) w3an1sllunalassngUssaimuuuneu
Inm}u‘nm‘u Attention Mechanism (Seyd| et al,, 2022; Wang et al., 2021) Wielinuszansanlunissuun
Uszinnislduselonidau uenaind nsvandeyanindeanifivuiuveynsulan (Time-series Data) 1ty
{93997 Sentinel-2, Landsat-8, ua PlanetScope Liusu dsiiuaziBondeiiuiiuazidanariivainans
p19teifinmukdugilumsianunisAsuamesiudl Sniansuauundstoyadu q éun doya LIDAR
viodeyaninfiufuasdioifiunnuazBonuaranudngwesndeya smfensiauIsEUULUY End-to-end 71
ansasmnsEUIIMsUsEanateyauaz M uunUssavidnde iy sxtieiinlssavsamuazaninidedio
dmsunsildssendldanuluanunisalassla
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