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Abstract. This paper presents a comparative analysis of traditional machine
learning and Al-based methods for processing large-scale streaming weather data
collected via Apache Kafka infrastructure. Five approaches were implemented and
evaluated: Random Forest (traditional), Multi-Layer Perceptron, TabNet, LightGBM
(Al-based), and Gradient Boosting with MLP (hybrid). The study utilized real-time
weather data from 440 geographic locations streamed through Confluent Cloud, with
temporal split validation to ensure realistic evaluation. On dataset of 49,494 records,
LightGBM achieved the highest accuracy (R?> = 0.770, MAE = 1.07), outperforming
traditional Random Forest (R?> = 0.646) and deep learning methods. MLP demonstrated
competitive performance (R? = 0.547), while TabNet showed limited effectiveness (R? =
0.306) despite 1,536 seconds training time. The study confirms that Al-enhanced
gradient boosting methods outperform both traditional approaches and pure deep
learning on tabular streaming data.

Y cyuacHux ymoBax 1[M(dpoBoi TpaHcdopMallii CrioCTepiraeTbCsi eKCroHeHI[ilHe
3pOCTaHHA 00CATiB TMTOTOKOBUX JJaHKX peaslbHOTO Yacy 3 pi3HuX /mkepesl. O6pobka Takux
MOTOKIB BUMAara€e He JIMIlle BUCOKOI TIPOMYCKHOI 37aTHOCTI, ane W edeKTUBHUX
aJITOPUTMIB TPOTHO3yBaHHS, 3[AaTHUX QJanTyBaTUCS [O JuWHaMiuHuUX ymoB [1].
TpaguiiiHi mMeTogu MamiMHHOro HaBuyaHHsA (Random Forest, Gradient Boosting)
JEeMOHCTPYIOTb CTabibHICTh Ta iHTEpIIPETOBAHICTh Ha TaOJWUYHUX [JaHUX, TIPOTEe iX
MO>K/TUBOCTi OOMeXKeHi TIpH BUSIB/IEHHI CK/IaJHUX HeTiHIMHMX 3ane)kHocren [2]. II-
Opi€HTOBaHi Migx0oaAu — BiJ IMTMOOKMX HeMpoHHUX Mepexx (MLP) mo criettiasmizoBaHux
apxiTekTyp Ans Tabmuunux fgaHux (TabNet) Ta migcuneni III mMetogu OycTHHTY sK
LightGBM — o06ilsioTh BHILy TOUHICTh Ha BEJUMKUX [JaHUX 3a YMOBU KOPEKTHHX
rinepnapameTpis [3].
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Y pobori pgocmimpkeHO e(eKTHUBHICTb M'STH TIAXOMIB /10 perpeciiHoro
TIPOTHO3YBaHHSI MeTeOpOJIOTiUYHUX TlapaMeTpiB (aTMochepHUM TUCK Ta IIBUJKICTb
BiTPY) Ha OCHOBi TIOTOKOBMIX [laHUX, 3i0paHUX yepe3 po3nofineHy riatdopmy Apache
Kafka (Confluent Cloud). dani orpumano 3 OpenWeather API gnsi 440 reorpadiunux
nokaniv (mict €Bponm, A3sii, AMepuku Ta AQpuku) 3 iHTepBasiom onutyBaHHs 20-30
cekyH[, 10 cdhopmyBano gatacer obcsrom 49,494 3amucu. KoykeH 3ammc MiCTHTBH
YaCoOBY MITKY, TeMIiepaTypy, BOJIOTiCTb, XMapHICTb, KOOPAWHATH, @ TAKOX LIJIbOBI 3MiHHI
— armoc@pepuur THCK (hPa) Ta mBuzakicte BiTpy (m/s). il HaBYaHHS BHUKOPHCTaHO
yacoBui po3snogin: 70% XpoHonoriyHO paHHix AaHux (34,645 records) A/ TpeHyBaHHS,
30% mi3Himmx (14,849 records) — A/151 TecTyBaHHs, 1110 BUK/ItoUae temporal leakage ta
peasiCTUUHO OLIiHIO€ 3[aTHOCTI MoJesield 0 nmporHo3yBaHHs [4]. Feature engineering
BK/IFOUAB CTBODEHHS TMOJMIHOMHMX O3Hak (temperature?, humidity?), B3aeMopii
(temperature x humidity), Ta uacoBux features (hour, day_of_week), mo cpopmysasno 9-
BUMIipHUH TIpOCTip o3Hak micas StandardScaler Hopmamizatiii.

PeanizoBano n'sth Mopesneii: Random Forest 3 mapamerpamu n_estimators=100,
max_depth=10; Multi-Layer Perceptron 3 apxiTektypoto 12864 - 32 HelipoHiB,
amanTvBHOWO learning rate Ta early stopping; TabNet [5] 3 mapamerpamu n_d=64,
n_steps=5 ayis MexaHi3my yBaru; LightGBM [6] 3 iterations=500, depth=8 maa II-
nokpairjeHoro Oycrunry; Ta Gradient Boosting [7] 3 iHTerpaiiero MLP [8] ana
pekoMeHpaliv. s orjiHroBaHHs 3acTtocoBaHO MeTpuku MAE, RMSE ta R?, a Takox
noka3HuKku: latency (ms), throughput (RPS), training time (sec) Ta memory footprint
(MB) [9].

Ha wnabopi manmx 49,494 3amuciB HaWiBUMIy TOUYHICTH ITPOJIEMOHCTPYBaB
LightGBM (R? = 0.770, MAE = 1.07, RMSE = 1.44), nokasaBlliu TO3UTHUBHUU
generalization gap (R? train = 0.762), 1ujo0 CBiJuuTh TIPO BiJICYTHICTb TMepeHaBUaHHSI.
Random Forest ik mpeAcTaBHUK TpajuliiHoro miaxopy agocar R? = 0.646 (MAE =
1.29), nocrynarourchk LightGBM Ha 0.124 R2, ane 3abe3neuyoun IIBU/Ke TPEHYBAHHS
(2.39 cek npotu 8.05 cek). MLP nposeMoHCTpyBaB KOHKYpeHTHuUM pe3ynbrar R? = 0.547
(MAE = 1.66) 3 xopouor reHepanizauiero (R? train = 0.538), migTBepKyrouu
CTIPOMOJKHICTb HEMpPOHHMX MepeXX Ha [IOCTaTHiX o6csirax JaHuX, TpoTe I[iHOIO
TpuBasioro TpeHyBaHHs (91.51 cek). Gradient Boosting 3 MLP noka3aB R? = 0.409, 110
HWKUe 3a uucTi tree-based metonu. TabNet mpogeMoOHCTpyBaB HaWTipIIMK pe3y/bTar R?
= 0.306 (MAE = 2.07) noripu eKcTpeMma/bHO A0OBre TpeHyBaHHs (1,536.84 cek), 110
BKa3y€ Ha HEeBiJIOBiJHICThL attention-based apxiTekTypu crieljudilli MeTeopooriuHUX
naHux. AHani3 latency nokasas, mjo LightGBM (0.45 ms, 2,069 RPS) ta Random Forest
(0.54 ms, 2,307 RPS) 3ab6e3mneuytoTh ONTUMaIBHUM 0a/laHC TOUYHOCTI Ta IIBUAKOCTI /s
production cucrem.

Hocnimxenns nigreepauno mnepeary LightGBM Hap Tpagunivinumy ta deep
learning MerogamMy Ha TabMMUHUMX Streaming [gaHWX, [e BiH 3abe3rmeuye HaWBUIIY



accuracy TMpy TIpuMHATHUX latency Ta training time. MLP mnoka3aB KOHKypeHTHi
pe3y/ibTaT Ha BeIMKOMY JlaTaceTi, MiJTBeP/KYHOUM Ba)KJIUBICTh 00OCATY JaHUX AJis
HelpOHHUX MepexX. TabNet BusBUBCA Hee()eKTUBHUM [/ MeTEeOpOJIOTiUHOTO
TTPOrHO3YBAHHA uUepe3 Ha/JMipHY CKJ/Ia[[HiCThb apXiTeKTypHW Ta TpHBajie TpeHyBaHHsS 6e3
BifmoBiZIHOTO TIpHpOCTY TOuHOCTI. [l production streaming cucTeM Ha TaOIAYHUX
JaHUX onTuMaabHUM Bubopom € LightGBM sk nocunenwuit 1111 metog 6ycTunry.
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