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Abstract. Public transportation systems are vital for sustainable urban development,
addressing critical challenges such as traffic congestion, environmental impact, and urban
mobility. However, the dynamic and unpredictable nature of passenger demand complicates
resource allocation and operational efficiency. Traditional forecasting methods, including
ARIMA, fail to account for the non-linear and spatio-temporal complexities inherent in
modern transit systems, necessitating the adoption of more advanced methodologies. This
study introduces an innovative real-time passenger flow prediction framework tailored
for Astana’s public transport network. The framework leverages state-of-the-art machine
learning models, including LightGBM, Random Forest, and conceptual Spatio-Temporal
Graph Neural Networks (ST-GNNs) proposed for future implementation. While the ST-
GNN component is outlined conceptually, the experimental evaluation in this study focuses
on ensemble and boosting models such as LightGBM and Gradient Boosting Regressor. A
comprehensive data preprocessing pipeline was developed to address common issues such
as missing values, outliers, and temporal inconsistencies, ensuring high-quality input data
for predictive modeling. The proposed framework achieved a Mean Absolute Error (MAE)
of 1.06, a Root Mean Squared Error (RMSE) of 1.70, and a Mean Absolute Percentage
Error (MAPE) of 34.8%, demonstrating superior predictive performance compared
to traditional methods. This accuracy enables precise demand forecasting, optimized
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resource allocation, and enhanced passenger experiences. Unlike traditional approaches,
the framework integrates advanced spatio-temporal modeling techniques, bridging the
gap between theoretical advancements and practical applications. This research offers
actionable insights for the development of intelligent transportation systems, providing a
scalable and adaptive solution to the challenges of urban mobility in rapidly growing cities.

Keywords: passenger flow, machine learning, transportation systems, optimization,
prediction algorithms
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AnHoTanus. KoramIbIK KKk xKyienepi TYpaKThl KallajdblK JaMy/Ibl KAMTaMachl3
eTyJle MaHBI3Jbl POJI aTKapabl )KOHE KOJIK KemTelici, KOopIIaraH opTara ocep €Ty JKoHe
KaJaJbIK MOOMJIBILTIK CHAKTBI ©3€KTI MAaceJeNepi menryre MyMKiHaik Oepemni. Amaiaa
YKOJIAyIIbUIAP CYPAaHBICHIHBIH JTUHAMUKAJIBIK JKOHE alibIH ajla OOJKaHybl KHBIH CHITAThI
pecypcTap/bl 06y KOHE OTIePAIUSUTBIK THIMIUTIKTI KAMTaMachl3 €Tyl KypAeIeHIipe/i.
ARIMA cusiKTBI gocTypui 6oikay oficTepi 3aMaHayn KoJIiK JKyhenepiHe TOH ChI3BIKTHIK
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€MeC KOHE KEHICTIKTIK-YaKbITTBIK KYPACTUTIKTEpl ecKepe amMmaiabpl. byn anarypisim
KETUIIIPUITEH o/licTeMeNep/Ii KoIaHy KaXeTTUTIriH TybiHaatansl. Ocel 3eprreyae Acrana
KaJIaChIHBIH KOFaM/IBIK KOJIIK XKeJTiciHe OeHiIMAENTeH KOIayIbuIap aFbIHBIH HAKTHI YaKbIT
pexuMiHIe OOIKayIbIH MHHOBAIMSUTBIK KYPBUIBIMBI YCHIHBLTA L. ¥ CHIHBUIFAH KYPBUTBIM
3aMaHayH MalluHAJIBIK OKBITY MOAENbAepiH, coHblH iminae LightGBM, Random Forest
KoHE 0oJalaKTa iCKe achblpyFa YChIHBUIFaH KeHICTIKTIK-YaKbITTBIK IPaThIK HEHPOHIBIK
xeninepai (ST-GNN) naiinanananbl. ST-GNN KOMITOHEHTI TY>KBIPBIMIAMAIIBIK JICHICH-
Jie CUMAaTTaIFaHJbIKTaH, OCBl 3epTTeyAeri sKcmepuMeHTTiK Oaranmay LightGBM sxone
Gradient Boosting Regressor cusKTbl aHCAMOBAIK KoHE OYCTHHT MOJEIbIEpiHE OaFbIT-
TanFaH. boikamMablK MOAETbACpAl KYpy VIIIH JKOFaphl camaibl 0acTarkbl AepeKTepIi
KaMTaMachl3 €Ty MakcaTblHIa 00C MOHIEp, HIEKTEH THIC MOHJEP JKOHE YAKBITTBIK COM-
KECCI3MIKTEep CHAKTHI KeH TapajiFaH MoceleNiep/i IIeNIyre apHaiFaH JepeKTepai ayIblH
aya eHJCY/IiH KelleH I KOHBeiepi a3ipaeH . ¥ ChIHBUIFaH KYPBUIBIM OpTalia abCoIOTTIK
karenmk (MAE) — 1,06, TyGipiik opraria kBaaparTeiK Kareiik (RMSE) — 1,70 xone op-
Taia abcomroTTik nab3aAbIK Karernik (MAPE) — 34,8 % kepceTkimrepine Ko XKeTKi3i.
Byn HOoTmXKENep MOCTYpimi OMICTEPMEH CaJbICTBIPFaHIA OOJDKAy THIMAUIITIHIH JKOFaphI
eKEHIH KOpCeTTi. AJIBIHFaH JOJIIK CYPAHBICTBI HEFYPJIBIM HAKTHI 0OJDKayFa, pecypcrap-
TI61 06Ty i OHTAMIaHIBIPYFa JKOHE HKOJIayIIbIapFa KOPCETUIETIH KbI3MET CarachlH apTThI-
pyFa MyMKIHZIIK Oepemi. JlocTypimi TociuiaepAcH albIpMaIIbIIbIFbI, YCHIHBUTFAH KYPBUTBIM
3aMaHayH KeHICTIKTIK-yaKbITTBIK MOJICIBACY 9ICTEPiH OipIKTIpiM, TEOPUSIIBIK KETICTIK-
TEp MEH MPaKTHKAJIBIK KOJIJaHy apachIHIaFbl aJIIIaKTHIKTBI a3aiiTasl. 3epTTey HOTHXKE-
Jepi MHTEIUIEKTYaJIbl KOJIiK JKyHeIepiH JaMbITyFa apHaJFaH MPAaKTUKAIBIK YCHIHBIMIAP
Oepeni *KoHE KapKbIH/BI JaMBIIT KeJle )KaTKaH KajtalapAarbl KaJaldblKk MOOMIIBIUTIK Mace-
JIeNIepiH MIeNTyTe apHaIFaH MacITa0TanaThiH opi OCHiIMIEITIII MeNTIM/Il YChIHATBI.

Tyiiinai ce3nep: >xomaymibutap arblHBI, MalIMHAIBIK OKBITY, KONIK Xyhenepi,
OHTaIaHABIPy, OOIDKAY aarOpUTMIEPI

Joaiiexco3nep ymin: Caxunos A., CeutOek P., Enunbsxan [1. (2026). ABromartan-
JBIPBUTFAH JIePeKTepAl JaiibIHAay/Ipl Maiianana OTHIPHI, KOMAYIIbUIAD aFbIHBIH HAKTHI
YaKBIT peKUMiHJIE 00IKay // XallbIKapallblK aKIapaTThIK KOHE KOMMYHUKAIUSITBIK TEXHO-
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IMPOI'HO3UPOBAHMUE IMACCAKUPOITIOTOKA B PEAJIBHOM BPEMEHU
C UCIIOJIB30BAHUEM ABTOMATU3UPOBAHHOM MMOATOTOBKH
JAHHBIX
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AnHoranusi. CuCTeMbl OOIIECTBEHHOTO TPAHCIIOPTa MMEIOT Ba)KHEHIEe 3Ha-
YeHHe ISl YCTOMYMBOTO Pa3BUTHS FOPOAOB, MO3BOJISASA peIllaTh TaKWe aKkTyaJbHbIE MPO-
05eMbl, KaK TPAaHCIOPTHBIE 3aTOPbI, BO3JEHCTBUE HA OKPYXKAIOLIYIO CpPely U ropojacKas
MOOUIIBHOCTh. OJIHAKO JMHAMUYHBIA W HENpEeICKa3yeMbld XapakTep MacCakhpCKOro
CIpoca YCIIOKHSET paclpesiesieHe pecypcoB U obecreueHue 3PQPEeKTUBHOCTH TpPaHC-
MOPTHBIX onepanuii. TpaauMoHHBIE METOABI NPOTHO3UpPOBaHus, BKItoyas ARIMA, He
YUUTBHIBAIOT HEJIMHENWHBIE M IPOCTPAaHCTBEHHO-BPEMEHHbBIE OCOOCHHOCTHU, XapaKTEepPHbIE
JUISL COBPEMEHHBIX TPAHCIIOPTHBIX CUCTEM, YTO 00YCIIOBIMBAET HEOOXOAUMOCTh IpUMeE-
HeHusi 6ojiee COBEPILIEHHBIX METONO0JIOTUN. B HacTosIeM ucciaenoBaHUM MpeAcTaBieHa
MHHOBAIIMOHHASl CUCTEMa MPOTHO3UPOBAHUS IMACCAXKHUPOIOTOKA B PEAbHOM BpPEMEHH,
aJIalTUpPOBaHHAsl K CeTU o01IecTBeHHOro TpaHcnopra Acranbl. [Ipeanaraemas cucrema
HCIIOJIb3YET COBPEMEHHBIE MOJIENIM MAIIMHHOTO 00yueHus, Bkitoyas LightGBM, Random
Forest, a Takyke KOHIENTyalbHYIO IPOCTPAHCTBEHHO-BPEMEHHYIO I'pa)OBYI0 HEHPOHHYIO
cetb (ST-GNN), npenoxeHHyo [ Mo caeayomen peam3anuu. [10CKoIbKy KOMITOHEHT
ST-GNN npezacraBieH Ha KOHLIENITyaJlbHOM YPOBHE, SKCIIEPUMEHTAJIbHAs OLICHKA B JIaH-
HOM MCCJIEZIOBAHUU COCPEIOTOYEHA HA aHCAMOJIEBBIX MOJIEAX U MOJENIX OyCTHHTa, Ta-
kux kak LightGBM u Gradient Boosting Regressor. [y ycTpaHeHusl pacipoCTpaHEHHBIX
po0sieM, BKJIIOYas MPOIYIIEHHbIE 3HAYEHHsI, BBIOPOCHl U BPEMEHHbIE HECOOTBETCTBUS,
ObLT pa3paboTaH KOMIUIEKCHBINM KOHBEHEp NpeaBapuUTeabHONH 00pabOTKHM JaHHBIX, 00e-
CIICYMBAIOLIMI BBICOKOE KAYECTBO BXOAHBIX JAHHBIX JJIsi MOCTPOEHUS! IIPOrHO3HBIX MO-
neneit. [IpeanoxxeHHas cuctema MpoAeMOHCTPUPOBAJIA CIIEAYIOLIUE TOKA3ATENN: CPETHSSA
abcomotHas omnboka (MAE) — 1,06, cpennexBagparuunas omuboka (RMSE) — 1,70 u
cpenusisi abcomoTHas npoueHtHas omnbOka (MAPE) — 34,8 %, uTo cBUAETEILCTBYET
0 Oosee BbICOKOW 3(PPEKTUBHOCTH MPOTHO3UPOBAHUS IO CPABHEHUIO C TPaJULMOHHBI-
Mu Meronamu. [loydeHHas TOUHOCTh 0OecTedyrBaeT BO3MOXKHOCTb 00JIe€ TOUHOTO MPO-
THO3UPOBAaHMSI CIPOCa, ONTUMHU3ALNY PACIPEEIIEHUsI PECYPCOB U MOBBIIICHUS KauyecTBa
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00CITy’)KMBaHHSI TTACCAXHUPOB. B OTiMUYME OT TpaaWIIMOHHBIX MOAXOAOB, MPEATOKECHHAS
cUCTeMa MHTETPUPYET COBPEMEHHBIE METOBI IIPOCTPAHCTBEHHO-BPEMEHHOTO MOJIEITHPO-
BaHMsI, 00ECTICUNBast B3aUMOCBSI3b MEX/IYy TEOPETHUYECKUMHU JOCTHKECHUSAMHU U UX TpaK-
THYECKUM TpPHUMEHEHHEM. Pe3yibraTbl MCCIENOBAHUS IMPEIOCTABISIIOT MPAKTHUECKUE
PEKOMEHJAIMK ISl pa3pab0TKH WHTEIUIEKTYa bHBIX TPAHCIIOPTHBIX CHCTEM, Mpeiiaras
MacmTabupyeMoe M aJanTUBHOE PELICHHE 3a7ad TOpPOACKOW MOOMIBHOCTH B YCIIOBHSAX
CTPEMUTEIBHO PACTYIIUX TOPOIOB.

KuroueBble cioBa: naccaxupornoTok, MallMHHOE 00y4eHHE, TPAHCIIOPTHBIE CH-
CTEMBI, ONITUMHU3AIINS, AJITOPUTMBI TPOTHO3UPOBAHHSI

Jas uutupoBanusi: CaxunoB A., Ceutbek P., Emunexan [[. (2026). IIporHo-
3MpPOBaHUE TMACCAKUPOIOTOKA B PEATbHOM BPEMEHH C HCIOJIB30BAaHHEM aBTOMAaTH3H-
POBaHHOW TOATOTOBKU JAaHHBIX // MeXayHapOIHBIN KypHaJI HHPOPMAITMOHHBIX U KOM-
MyHHKaMOHHBIX TexHomoruid. T. 7. No. 26. Ctp. 38-59. https://doi.org/10.54309/
JICT.2026.26.2.003. (Ha anr).

KondaukTt nuHTEpecoB: aBTOPHI 3asIBISIOT 00 OTCYTCTBUU KOH(IMKTA HHTEPECOB.

bnazooapuocmu. /lannoe ucciedosarie blNOIHEHO NPU PUHAHCOBOU NOOOEPIICKe
Komumema nayxu Munucmepcmea nayku u vicuie2o oopasosanus Pecnyonuku Kazaxcman
(epanm Ne BR24992852 « Hnmennexmyanvhble MoOenu u Memoowvl yughposoi 3kocucme-
mot Smart City 015 ycmouyugoeo pazeumus U HOGbIULEHUS] KAUECMBA HCUSHU SPAHCOAH»).

Introduction.

Efficient public transportation is vital for sustainable urban development, reducing
congestion, emissions, and energy use. In the U.S., transit cuts CO2 by 37 million tons
annually, using nearly half the fuel per passenger mile compared to cars. However,
managing transit systems in dynamic cities like Astana is challenging due to overcrowding,
inefficient routes, and fluctuating demand.

Traditional forecasting methods (e.g., ARIMA) and static ML models (e.g., Random
Forest) struggle with non-linear and spatio-temporal patterns. Advanced approaches, such
as Transformers (Informer, Autoformer) and graph neural networks, offer superior long-
term and spatial forecasting, optimizing operations through balanced loads, shorter waits,
and better commuter experiences.

Astana’s growing network highlights the need for such predictive systems. This
study develops a real-time passenger flow forecasting framework using advanced ML,
integrating automated preprocessing, feature engineering, and robust evaluation. The
results will support intelligent transport systems and enhance urban mobility management.

Unlike previous studies that primarily emphasize model accuracy or isolated
forecasting techniques, this research introduces a unified and deployment-ready
framework that integrates automated data preprocessing, adaptive ensemble learning,
and continuous retraining mechanisms. This approach bridges methodological rigor and
practical implementation, ensuring real-time scalability within urban transit management
systems.

Passenger flow prediction is central to transportation research, with methods
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ranging from traditional statistics to deep learning. ARIMA models are simple and
interpretable (Li et al., 2023; Zhang et al., 2021; Maazouzi et al., 2022; Halyal et al.,
2022), suitable for short-term, stationary data, but limited by linearity. Machine learning
methods like Random Forest integrate diverse features (e.g., weather, history) yet fail to
capture sequential dependencies (Ye et al., 2022; Liyanage et al., 2022; Fu et al., 2023).

Advanced models address these gaps. Transformer architectures (Informer,
Autoformer) improve long-sequence forecasting through probabilistic attention and
trend-season decomposition (Chawla et al., 2024; Zeng et al., 2022). Temporal Fusion
Transformer (TFT) further incorporates static/dynamic covariates, offering interpretable
forecasts in dynamic settings (Baghbani et al., 2023; Zhao et al., 2022; Zhai et al., 2023;
Tao et al., 2021; Liu et al., 2021). Spatio-Temporal Graph Neural Networks (ST-GCNs)
extend analysis into spatial domains, effectively modeling complex passenger flows.
Neural networks (RNN, LSTM) also show high accuracy in spatio-temporal forecasting,
including environmental processes (Kolesnikova et al., 2024). Hybrid methods (clustering
+ LSTM, ensemble boosting) improve adaptability. Smart technologies similarly enhance
efficiency in urban systems, e.g., [oT-based smart office concepts (Neftissov et al., 2023)

Despite progress, gaps remain: reliance on static datasets, lack of real-time
integration, scalability issues, noisy data, and limited multimodal focus (Zhang et al.,
2022; McCarthy et al., 2023; Garriga et al., 2021; Wu et al., 2023; Chen et al., 2023; Jain
et al., 2023; Ou, 2022; Cheng et al., 2022).

This study proposes a unified framework combining Informer, Autoformer, TFT,
and ST-GCNs to capture long-term, contextual, and spatio-temporal dependencies,
optimizing urban mobility.

Materials and methods.

The success of predictive modeling largely depends on the quality and
comprehensiveness of the dataset used. In this study, raw data from Astana’s public
transportation system were analyzed and refined to address challenges such as missing
values, inconsistencies, and noise. Effective preprocessing steps were employed to
transform the dataset into a structured and reliable form, ensuring the integrity and accuracy
of the predictive models. The inclusion of domain-specific features, derived through
feature engineering, further enriched the dataset, allowing the models to better capture
spatio-temporal patterns in passenger flow. This systematic approach to data preparation
laid a strong foundation for model training and evaluation, making the dataset suitable for
addressing complex urban transit challenges.

The dataset, provided by Innoforce domestic company, consists of transactional
records from Astana’s public transportation network. To ensure data quality, preprocessing
steps were applied to address issues such as missing values and inconsistencies. Feature
engineering was utilized to extract key patterns relevant to passenger flow, enabling the
development of robust and reliable predictive models for urban transit optimization.

Although the primary data source is payment transactions, integrating additional
sources such as automated passenger counters or computer vision-based systems could
enhance future studies. Collaboration with Innoforce domestic company to clarify
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the availability of such data would be valuable for improving dataset reliability and

completeness.
Table 1. Data features with details
Field Description Data Type Example
id Unique identifier for each record. Integer 1943536686
bus_stop_id Unique identifier for each bus stop. Integer 3351
bus_id Unique identifier for each bus. Integer 1130
enter sum Number of passengers entering the bus at the given | Integer 0
bus stop.
exit_sum Number of passengers exiting the bus at the given Integer 13
bus stop.
created_time A timestamp indicates when the record was created | String (Converted to 2024-12-
in the system. DateTime) 07T12:23:55.523
route_ number | The route number of the bus. Integer 50
tickets count | Number of tickets purchased for the corresponding | Integer 0
bus stop and bus.

An initial assessment of the dataset revealed several quality issues, summarized in
Table 2. These challenges highlight areas requiring resolution to ensure accurate modeling
and analysis.

Table 2. Data Quality Assessment by Issue

Tssue Description Count

Missing Values Missing values were identified 1 the tickets _count field. 10

Outliers Identified via seasonal decomposition (e.g_, STL) were excluded. 34
Records had

tickets_count > (enter_sum + exit_sum).
These remain unresolved in the current phase and represent a study
limitation.

Data Consistency 706

The unresolved consistency issues in 706 records highlight a limitation of this
study. Addressing these anomalies in future iterations, either through data augmentation
or additional validation, will improve overall data quality.

The dataset was preprocessed to ensure suitability for predictive modeling.
Timestamps (bus_board computer sent time, created time) were converted to datetime
using pd.to_datetime, enabling extraction of hour, weekday, and date features. A key
variable, net_passenger change (enter sum — exit sum), was created to capture demand
dynamics (Ghaziamin et al., 2024; Yan et al., 2023). Lagged features of enter sum, exit
sum, and tickets_count modeled temporal dependencies, while three-day rolling averages
smoothed short-term fluctuations. Continuous variables were normalized with Min-Max
scaling. Finally, data was split 70:30 into training and testing sets, preserving chronology
to prevent leakage.

Exploratory data dnalysis (EDA)

The exploratory data analysis (EDA) provides critical insights into the dataset’s
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distribution, variability, and underlying patterns, which form the foundation for effective
feature engineering and model development.

Descriptive Statistics of Key Variables. Table 3 presents the descriptive statistics
for key variables related to passenger flow. The dataset exhibits relatively low mean values
for enter_sum, exit_sum, and tickets count, indicating that, on average, a small number of
passengers interact with the transportation system at any given stop. The negative mean
value of net_passenger change suggests a tendency for more passengers to exit buses than
enter them. The standard deviations highlight moderate variability in the data, reflecting
the dynamic nature of passenger flow.

Table 3. Descriptive Statistics of Key Variables

Statistic enter_sum exit_sum tickets count net_passenger change

Count 4683 4683 4673 4683

Mean 02.09 223 2.10 -0.17

Standard Deviation 03.03 03.05 297 3.88
Mitumum 0 0 0 -25
25th Percentile 0 0 0 -2
Median (50th) 1 1 1 0
75th Percentile 3 3 3 1
Maximum 32 29 38 25

These statistics provide valuable information about the dataset’s central tendencies
and variability, guiding the choice of features and models. Hourly Net Passenger Flow:
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Fig. 1. Average Net Passenger Flow by Hour.

Figure 1 illustrates the average net passenger flow by hour of the day. A significant
peak in net flow is observed at 06:00 hours, suggesting high utilisation of early morning
routes. This peak is likely to correspond to commuters travelling to work or other early
morning activities. Conversely, a negative net flow is observed during evening hours
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(22:00-23:00 hours), indicating a higher volume of passengers exiting than entering buses,
which is consistent with end-of-day commutes.
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Fig. 2. Correlation Heatmap of Key Variables.

Figure 2 presents a heatmap of correlations between the dataset’s key variables.
A strong positive correlation of 0.81 between enter sum and tickets count underscores
the reliability of ticket purchase data as a proxy for passenger inflow (Figure 2). This
relationship validates the inclusion of tickets count as a critical feature for modeling
passenger entries. The moderate negative correlation (-0.64) between exit_sum and net
passenger _change highlights the expected relationship where higher exit volumes reduce
the net passenger flow. Additionally, weaker correlations between other variables, such as
exit_sum and tickets_count, suggest that different factors may influence exits compared
to entries. This differentiation reinforces the need for feature-specific analysis during
preprocessing and model training. Net Passenger Flow by Route:
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Fig. 3. Average Net Passenger Flow by Route.
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Figure 3 presents the average net passenger flow for different bus routes. Notably, all
analysed routes exhibit a negative average net flow, suggesting that these routes primarily
serve as destinations or final stops for passengers (Figure 3). Route 50 demonstrates
the least negative net flow, suggesting a more balanced inflow and outflow compared
to other routes. In contrast, routes 12 and 46 show more substantial negative net flows,
potentially indicating that these routes serve areas with high passenger drop-off rates, such
as residential areas or transport hubs. By analyzing net passenger flow on a per-route basis,

transit planners can better allocate resources, ensuring sufficient capacity on high-demand

routes and adjusting service frequency where necessary. Hourly Passenger Inflow and
Outflow Trends:
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Fig. 4. Hourly Passenger Inflow and Outflow Trends.

Figure 4 depicts the hourly trends of passenger inflow and outflow. A distinct
spike in inflow is observed at 05:00 hours, coinciding with minimal outflow. This further
supports the hypothesis of early morning commuting patterns (Figure 4). Between 06:00
and 20:00 hours, inflow and outflow are relatively balanced, indicating consistent passenger
movement throughout the working day. After 21:00 hours, the outflow consistently exceeds
inflow, confirming the trend of passengers returning home or exiting at terminal stops
during the evening. These trends highlight the temporal complexity of passenger behavior,
emphasizing the need for time-sensitive adjustments to transit schedules and predictive

models capable of capturing these variations. Net Passenger Flow by Day of the Week:

Figure 5 shows average net passenger flow by weekday. Tuesday—Friday remain
stable with near-zero net changes, reflecting consistent commuting. Monday is slightly
more variable as routines resume. Weekends, especially Saturday, show strong fluctuations
and negative net flow, suggesting fewer return trips and greater reliance on alternative
transport. Variability is quantified via the coefficient of variation (CoV): low on weekdays

(predictable demand), high on weekends (irregular, leisure-driven). These findings imply

stable weekday scheduling but adaptive weekend strategies.

This section outlines the proposed methodology for developing a passenger flow
prediction model, including the rationale for model selection, feature engineering strategies,
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training and evaluation procedures, and considerations for addressing data limitations.

Average MNet Passenger Flow by Day of the Week
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Fig. 5. Average Net Passenger Flow by Day of the Week.

The prediction of passenger flow, given its time-series nature, necessitates the
careful selection of models capable of capturing temporal patterns, seasonality, and
complex dependencies within the data. To this end, both traditional statistical models and
modern machine learning and deep learning approaches were considered. Each approach
was chosen based on its theoretical and practical capabilities to address the problem at
hand.

The AutoRegressive Integrated Moving Average (ARIMA) model was selected
as a baseline method due to its well-established utility in time series forecasting. The
ARIMA model represents the time series yt using the following equation:

¢p(B)A%y, = 6,(B)e, "

where B is the backshift operator, (f)p (B) and @ q (B ) are polynomials of
order p and g representing autoregressive and moving average components, respectively,
and d is the order of differencing used to account for non-stationarity. This method
captures temporal dependencies and seasonal variations but may struggle with non-linear
relationships or complex dynamics present in the data.

To address the limitations of ARIMA, a machine-learning approach using
Random Forests was implemented. Random Forests are ensemble models that aggregate
the predictions of multiple decision trees to produce a final output, given by:

K
1
IRE =2 ) T,(x),
= @)
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where Tk(x) represents the prediction of the £-th tree for input x, and K is the total
number of trees. This method is particularly suitable for capturing non-linear relationships
and interactions between features. Additionally, its inherent feature importance metrics
provide valuable insights into the factors influencing passenger flow. However, Random
Forests may require tuning of hyperparameters such as tree depth and the number of
estimators to prevent overfitting or underfitting.

To explore the potential of advanced techniques, deep learning models such as
Long Short-Term Memory (LSTM) networks and spatio-temporal graph neural networks
(e.g., DCRNN, Graph WaveNet) were considered. These models are designed to handle
long-range temporal dependencies and spatial relationships inherent in complex systems
like urban transportation. For instance, LSTM networks employ gates to control the flow
of information through time, enabling the model to retain relevant past information while
discarding irrelevant details. This makes them particularly effective for forecasting tasks
involving high-dimensional temporal data. Spatio-temporal graph neural networks extend
this capability by incorporating the spatial relationships between bus routes and stopping
into the prediction process, further enhancing the model’s ability to generalize across the
transport network.

Effective feature engineering is critical to improving the performance and
interpretability of machine learning models for passenger flow prediction. In this study,
several features were meticulously engineered to enhance the models’ ability to capture
temporal, spatial, and contextual patterns in the dataset.

Temporal patterns were extracted by deriving time-based features, such as hour
and day_of week, from the timestamp fields. These features provide insights into daily
and weekly variations in passenger behavior, such as rush hour peaks or weekend dips.

Effective feature engineering improves model performance and interpretability
in passenger flow prediction. Temporal features (hour, day of week) capture daily and
weekly variations, while net_passenger change (enter sum — exit_sum) reflects localized
density shifts. Lagged features of enter sum, exit _sum, andtickets_count provide historical
context, and rolling averages smooth short-term fluctuations. Categorical features (route
number, bus_stop_id, bus_id) differentiate route- and stop-specific behavior. Future work
will integrate external factors such as weather and traffic to enhance adaptability and
accuracy.

The dataset was divided into training and testing subsets using a chronological
70/30 split to preserve the temporal sequence of data and prevent information leakage.
This approach ensures that the models are trained on past data and evaluated on future
observations, simulating real-world forecasting scenarios. Three key metrics were used to
assess model performance:

e Mean Absolute Error (MAE): Measures the average magnitude of errors in the
predictions, providing a straightforward evaluation of model accuracy.

e Root Mean Squared Error (RMSE): Penalizes larger errors more heavily, offering
a metric sensitive to significant deviations in predictions.

e Mean Absolute Percentage Error (MAPE): Expresses prediction accuracy as
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a percentage, allowing for a normalized comparison of errors across varying scales.
Mathematical formulations for these metrics are given as follows:

N
1
MAE =—Z Ve — Ve,
N |9 — ¥l
= 3)

This formula computes the average magnitude of the absolute differences
between the predicted i, and actual ¥t values over N observations.

RMSE = |9, — v.|?
|}'t J’tl @)

RMSE calculates the square root of the mean of squared differences between
predicted and actual values. By squaring the errors, RMSE penalizes larger deviations
more than MAE, making it particularly sensitive to outliers. It is useful in scenarios where
larger errors have a more significant impact on decision-making, such as predicting peak
passenger loads.

»
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MAPE expresses the error as a percentage of the actual values. It normalizes
prediction errors relative to the size of the true value. However, MAPE can become
undefined or unstable if actual values V: approach zero, which requires careful
preprocessing to handle such cases.

Hyperparameter Optimization and Model Selection. To optimize model
performance, a randomized search strategy was employed to tune key parameters for
each algorithm. For ARIMA, the hyperparameters p,d,qp, d, qp,d,q were fine-tuned to
handle time-series stationarity. In Random Forest, parameters such as the number of
trees and maximum depth were adjusted to balance bias and variance. LightGBM and
Gradient Boosting Regressor (GBR) underwent further tuning, refining learning rates,
feature sampling, and tree depth constraints to enhance predictive accuracy.

Hyperparameters were optimized using a randomized search strategy with the
following parameter ranges: number of estimators (100—500), maximum depth (5-20),
and learning rate (0.01-0.1). The search process employed five-fold time-series cross-
validation to ensure model robustness and mitigate overfitting across temporal segments.
This approach improved generalization and reproducibility across all ensemble methods.

Aftermultipleiterations, GBR emerged as the most effective model, outperforming
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all other approaches in terms of accuracy and stability. The model performance comparison
is summarized in Table 4.

Hyperparameter tuning was conducted using a randomized search strategy with
the following parameter ranges: number of estimators (100-500), maximum depth (5-20),
and learning rate (0.01-0.1). The search process employed five-fold time-series cross-
validation to ensure model robustness and mitigate overfitting across temporal segments.
This approach improved generalization and reproducibility across all ensemble methods.

Table 4. Model Performance Outputs

Model MAE RMSE MAPE (%)
RandomForestRegressor 1.09 1.59 35.0
LightGBMRegressor 1.06 1.70 34.8
XGBRegressor 1.08 1.74 372
LSTM 279 3.55 111.0
ARIMA 128 211 72.0
LinearRegression 082 2.14 26.59
GradientBoostingRegressor (GBR) 0.17 0.78 221
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Fig. 6. Predictive Framework Pipeline.

Figure 6 presents the end-to-end pipeline of the proposed predictive framework
for real-time passenger flow forecasting. It illustrates the sequential process from data
ingestion (including APIs, ticketing systems, and GPS sensors) through preprocessing and
feature engineering to model training, drift detection, adaptive retraining, and deployment.
The framework integrates automated data preparation, continuous model monitoring, and
dynamic retraining to ensure adaptability to evolving passenger behavior.

To implement real-time integration for predicting passenger flow on Astana’s bus
routes, the methodology integrates a continuous data pipeline for ingestion, preprocessing,
and model adaptation. Data is acquired in real-time from multiple sources, including
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automatic passenger counters, GPS systems, weather APIs, and contextual information
from calendar events. This data is processed through a high-throughput, low-latency
streaming architecture, utilizing Apache Kafka for seamless data flow. Preprocessing
ensures the consistency and suitability of input features through normalisation, represented
as:

(6)

where X is the feature value, denotes the mean of the feature, and represents the
standard deviation. This normalisation step ensures uniform scaling and improves the
efficiency of the prediction model.

The training process is structured around a sliding time window mechanism,
which dynamically updates the training dataset based on recent data. The sliding window
considers data from the most recent interval Tw typically covering the last 24 hours. The
training dataset is thus defined as:

Xtrain :{Dt—z‘w- Dt—rw+1= Ry Dt}r )

where [); represents the data at time ¢ This approach allows the model to
incorporate recent trends while discarding outdated patterns, ensuring relevance and
accuracy in real-time predictions.

Validation of the model is conducted continuously using incoming real-time data
D#+1. The model’s accuracy is evaluated using the formula

?:1'?:‘ _}’r:|

n
i=1 Vi

Accuracy =1 —

r

(8)

where v, is the predicted value, ¥; is the observed value, and n denotes the
number of predictions. This metric provides a clear assessment of the model’s performance
and ensures it consistently meets the target accuracy threshold.

To maintain responsiveness to data distribution changes, a drift detection
mechanism is implemented using the Kullback-Leibler (KL) divergence. This measure
quantifies differences between the distributions of historical and real-time data features,
expressed as:
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where P and Q represent the probability distribution of historical and current data,
respectively. The KL divergence enables the system to detect significant shifts in data
patterns, allowing for timely retraining or adjustments to the model.

To support continuous model adaptation, an Adaptive Random Forest (ARF) is
applied. Unlike batch-trained RF, ARF uses mini-batch updates (15-min windows) with
warm_start to incrementally update trees while avoiding catastrophic forgetting. Concept
drift is addressed by replacing weak trees (via KL divergence) with new ones trained on
recent data. Hyperparameters balance stability and adaptability: 200 initial trees, +10%
growth per update, max depth 15. Retraining is triggered hourly or when data distribution
shifts by 15%, ensuring timely adaptation.

Linear Regression: Predictions vs Actuals
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Fig. 7. Scatter plot showing predicted vs. actual net passenger change for the test set.

Figure 7 presents the scatter plot of Linear Regression’s predicted vs. actual values,
illustrating the model’s performance across different levels of passenger flow. While the
model shows reasonable alignment for lower values, significant deviations are observed
during peak demand periods, particularly for higher passenger flow values. The results
indicate that Linear Regression struggled with capturing the non-linearity in transit demand
patterns, leading to frequent underpredictions when passenger flow sharply increased. This
suggests that a simple linear relationship is insufficient for modeling the complexities of
real-world transit data, particularly during peak congestion hours when external factors
such as bus capacity limitations and route-specific variations become more pronounced.

Figure 8 presents the scatter plot for GBR’s predicted vs. actual values,
demonstrating a much stronger alignment with observed data. Unlike Linear Regression,
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GBR effectively models both peak and off-peak fluctuations, reducing systematic
underprediction and capturing variations in passenger demand more accurately. The
model’s ability to adjust for non-linear dependencies and temporal trends allows it to
generalize well across different passenger flow levels, making it more suitable for real-
time forecasting applications. While minor deviations are still present in extreme cases,
GBR shows consistent performance across the entire range of observed values, validating
its superiority in handling transit demand forecasting.

Crasienl Bemting Regresior Mredcbans v A buals
z

-
]

L]

L]

™

g = . —  F——S -
) [ : ¥ i
ArfiEr MOl Ra R g e g

Fig. 8. Scatter plot showing predicted vs. actual net passenger change for the test set.

The Gradient Boosting Regressor (GBR) was deployed for its high accuracy and
adaptability, integrated into a dual-layer pipeline: REST API for historical data and Kafka
streaming for real-time updates. Automated retraining handles concept drift, keeping the
model robust across seasons, holidays, and disruptions. GBR achieved strong performance
(MAE = 0.17, RMSE = 0.78, MAPE = 2.21 %) and proved ideal for large-scale transit
forecasting. Future improvements include adding contextual factors (weather, traffic,
events) and hybridizing with deep learning models. For deployment, GBR is the primary
model, with LightGBM and RandomForest as alternatives; continuous retraining ensures
long-term stability.

In subsequent iterations, the system will incorporate contextual variables such
as weather conditions, public event calendars, and traffic congestion levels through
API-based data fusion. These features will serve as exogenous predictors, enhancing
the model’s responsiveness to irregular demand fluctuations caused by external urban
dynamics. Integrating these data sources will further align the predictive framework with
real-world smart city infrastructures.

Results and discussion.

Table 4 summarizes the lowest observed MAE, RMSE, and MAPE values for each
model across the final set of experiments. These metrics provide a quantitative comparison
of absolute and proportional errors, enabling the identification of the most effective model
for real-time passenger flow prediction (Table 4).
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Table 4. Model Performance Outputs

Model MAE RMSE MAPE (%)
RandomForestRegressor 1.09 1.59 5%
LightGBME.egressor 1.06 1.70 348 %
XGBRegressor 1.08 1.74 372 %
LSTM 2.79 3.55 111%
ARMA 128 211 72 %

Ensemble models outperformed ARIMA and LSTM. LightGBMRegressor showed
the best results (MAE = 1.06, MAPE = 34.8 %), followed by RandomForestRegressor
(MAE = 1.09, MAPE = 35-44 %) and XGBRegressor (MAE = 1.08, MAPE = 37.2 %).
In contrast, LSTM (MAE = 2.79, MAPE = 111 %) and ARIMA (MAE = 128, RMSE =
211, MAPE = 72 %) performed poorly due to data complexity and non-stationarity. Thus,
only ensemble models were included in Figure 1 to provide a meaningful comparison.
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Fig. 9. Model Performance Bar Chart.

This analysis highlights the potential of ensemble-based methods, as it shown in
Figure 8 particularly LightGBMRegressor, for robust and accurate real-time passenger
flow prediction (Figure 9). By focusing on the models with meaningful results, we avoid
overemphasizing suboptimal approaches like ARIMA and LSTM, ensuring a clear and
practical assessment for real-world deployment.

The results highlight LightGBMRegressor as the most effective model, achieving
the lowest MAE (1.06) and MAPE (34.8%), making it suitable for real-time passenger
flow prediction. Its consistent performance demonstrates robustness across various
scenarios, particularly for operational contexts requiring accurate and stable forecasting.
RandomForestRegressor also performed well, with a slightly higher MAE (1.09) and
MAPE (35 %). However, it exhibited variability in proportional errors during off-peak
periods, suggesting that additional feature engineering, such as context-specific factors,
could enhance its accuracy. XGBRegressor, while slightly behind in performance, showed
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potential for further improvement through hyperparameter optimization and tailored feature
engineering, particularly for imbalanced data scenarios.

The LSTM model and ARIMA were unsuitable for this application. LSTM struggled
with the dataset’s size and complexity, producing an MAE of 2.79 and MAPE exceeding
100%, indicating the need for larger datasets or advanced architectures to handle complex
temporal dynamics. ARIMA’s performance (MAE = 128, MAPE = 72 %) reflected its
inability to manage non-stationary and non-linear patterns, making it impractical for real-
time transit forecasting.

Among all models tested, Gradient Boosting Regressor (GBR) consistently achieved
the lowest error rates, with MAE (0.17), RMSE (0.78), and MAPE (2.21 %), highlighting
its ability to capture complex, non-linear dependencies in passenger flow dynamics. Unlike
ARIMA and LSTM, which struggled with non-stationary trends and high variance, GBR’s
boosting-based ensemble approach effectively minimized deviations, providing stable and
precise forecasting results.

Model Accuracy Comparison
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Fig. 10. Model Accuracy Comparison

Figure 10 compares model accuracy (100 — MAPE). Gradient Boosting Regressor
(GBR) achieved the highest accuracy (97.79 %), far surpassing other models. Linear
Regression performed moderately (73.41 %), while RandomForestRegressor and
LightGBMRegressor showed lower accuracy (65-65.2 %) with higher variability.
LSTM and ARIMA performed worst, confirming their unsuitability for complex, multi-
dimensional transit data. Results highlight GBR as the most effective model, combining
accuracy, efficiency, and adaptability.

To evaluate the real-time adaptability of the proposed system, the impact of retraining
after drift detection was quantitatively assessed. Prior to adaptation, the model achieved
a Mean Absolute Error (MAE) of 0.24 and Root Mean Squared Error (RMSE) of 1.02.
Following KL divergence—based drift detection and incremental retraining, these metrics
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improved to MAE = 0.17 and RMSE = 0.78. This improvement confirms the framework’s
ability to dynamically adjust to evolving passenger flow patterns, maintaining predictive
stability under real-time conditions.

Future improvements include integrating contextual features (weather, events,
congestion), enabling real-time adaptation via incremental learning, and exploring hybrid
ensemble—deep learning models. Overall, ensemble methods outperform traditional and
deep learning models, with GBR recommended for deployment in real-world transit
forecasting.

Conclusion.

This study presents a framework for real-time passenger flow prediction using
advanced models such as LightGBM, Random Forest, and ST-GCNs. Results show
LightGBM as the most effective, enabling accurate forecasting to optimize resources,
improve scheduling, and enhance passenger experience. The framework bridges theory
and practice, supporting sustainable urban mobility through predictive analytics. Beyond
technical performance, the proposed system contributes to data-driven policy development
for sustainable transport planning. By providing timely and accurate passenger flow
insights, it enables policymakers and transit authorities to optimize routes, allocate
resources efficiently, and reduce environmental impacts through informed operational
decisions. This aligns the framework with the broader objectives of smart city governance
and sustainable urban development.

Limitations include a short dataset and lack of external factors (weather, traffic).
A limitation of the current framework is the exclusion of external contextual factors such
as weather anomalies, road closures, and major public events, which can significantly
influence passenger flow dynamics. These factors will be integrated in future work using
multimodal data fusion to enhance prediction stability and adaptability during irregular
conditions. Future work should expand data, integrate contextual variables, and test
advanced architectures (e.g., transformers, hybrids) in live environments to improve
scalability and adaptability. This establishes a foundation for intelligent, efficient, and
sustainable transit systems.
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