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3QJII3HUYHOI JIOTICTUKU B YMOBaX Cy4aCHOI'O pUHKY [3].

Taxi fii 1eMOHCTPYIOTh, SIK 1HHOBAIIHHI TEXHOJOTIT 0OCIyroByBaHHsS BaroHiB
OyIyTh BIUIMBATH HA SIKICTh 1 HAJIWHICTHh TPAHCIOPTHUX IMOCIYT, CKOPOUYYIOUH 4ac
JOCTaBKM BaHTaXIB Ta IMIJBUIIYIOUM KOHKYPEHTOCIPOMOXKHICTh 3allI3HUYHUX
MEePEBI3HUKIB HA pUHKY JoricTuku. OTKe, 3aCTOCYBaHHS IHHOBAIlIMHUX TEXHOJIOTIN y
cdepi obcmyroByBaHHs BaroHiB 3a0esnedye ¢GopMyBaHHS Cy4acHOTO CTaHAAPTY
SAKOCTI TPAHCIIOPTHUX TMOCIYT, IKUA TPYHTYETHCSI Ha MiABUIICHIN Oe3merli, BUCOKIH
e(hEeKTUBHOCTI Ta OpIEHTAIll HA TOTPEOU KITiEHTA.

Oco0nMBOi yBarum 3acilyrOBYIOTh 3a3Ha4y€Hl MIAXOAM NpHU IUIAHYBaHHS Ta
oprasi3ailii mepeBe3eHHs BAaHTa)X1B Ha OCHOBI JIOBITOCTPOKOBUX 3000B’3aHb.
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Growth of urban population and its mobility, and a complexity of present
transportation networks generates the travel behavior forecasting as an issue that needs
to be addressed urgently. In case under consideration, the classical travel demand
models (e.g. gravity, entropy and equilibrium models etc.) are inflexible because there
1s a necessity to deal with big data, diversity in preferences of public transport users,
and constant changes taking place within the city environment.

At once, the Machine Learning (ML) is currently considered among the most
accurate means of predicting human transport behavior, since it can analyze large
datasets considering nonlinear relationships between trip factors and exhibiting
complicated choice behavior patterns difficult to capture by traditional statistical
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models. Some research provides evidence on a comparison basis [1, 2] that the ML
algorithms outmatch the classical travel demand modeling approaches and standard
statistical methods both regarding forecast accuracy as well as the ability for detecting
interactions between factors.

The ML methods support the consideration of dozens and even hundreds of
parameters simultaneously including but not limited to time of day, travel costs,
transfers, comfort aspects, congestion levels, infrastructure quality as well as weather
conditions together with personal characteristics pertaining to passengers. Among the
widely used methods, the random forest, gradient boosting, neural networks and
support vector approaches should be reminded. Unlike the traditional models, the ML
methods automatically recognize hidden complex relationships and produce accurate
predictions even when the data obtained is incomplete or noisy [3].

The ML better predicts a trip mode choice, route choice probability, and passengers'
responses to any changes either in schedule or travel fare thus allowing the
transportation offer optimization the in real time. The above-stated approaches are
applied to demand modeling, route choice analysis, travel alternative attractiveness
evaluation and intelligent transport systems development [4].

Thus, the analytical potential provided by the ML methods in forecasting passenger
travel behavior extends far beyond that offered by traditional statistical approaches.
Scientific literature demonstrates the evidence of the fact that machine learning
increases prediction accuracy, makes models more robust, and reveals the actual user
behavior inside an urban transport system with a significant detail level. Due to this,
the ML becomes a handy tool in developing modern transportation systems and
decision-making related to mass transportation planning.
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