International Journal of Science and Engineering Applications
Volume 14-Issue 07, 82 — 97, 2025, ISSN:- 2319 - 7560
DOI: 10.7753/IJSEA1407.1014

High-Resolution Mobility Data Science for Urban
Transportation Policy, Demand Forecasting, and
Infrastructure Investment Prioritization

Oluwasegun Adegoke Adewumi Augustine Adepitan Sebastian Kwakye
Syracuse University Sid and Reva Dewberry Department of  Department of Information Technology
School of Information Studies Civil, Environmental, George Mason University
USA and Infrastructure Engineering, USA
George Mason University
USA

Abstract: Urban transportation systems are increasingly shaped by high-resolution mobility data generated from mobile devices, smart
cards, GPS probes, and shared mobility platforms. While this data abundance enables a shift away from static, survey-based planning
toward dynamic, evidence-driven decision-making, extracting policy-relevant insights from high-frequency, spatially heterogeneous
mobility data remains a major analytical challenge. This study aims to develop and evaluate a scalable, policy-aligned demand
forecasting framework capable of capturing complex urban travel dynamics under real-world conditions. To achieve this, the paper
proposes a high-resolution mobility data science framework based on Temporal Convolutional Networks (TCNs). The methodology
formalizes the transformation of raw mobility traces into zone-level temporal demand signals, incorporates policy-sensitive features
such as peak-period structure and event effects, and applies causal, dilated convolutions to model short- and medium-horizon demand
evolution. The framework is evaluated using real-world urban mobility data and benchmarked against econometric (SARIMAX),
recurrent neural network (LSTM), and heuristic baselines under a strict out-of-sample evaluation protocol. Results show that the
proposed TCN framework consistently achieves lower forecasting error and reduced variance across prediction horizons compared to
all baselines, with particularly strong gains under demand volatility and in high-variability urban corridors. The TCN demonstrates
greater robustness to non-stationarity, slower error growth with increasing horizon length, and more stable performance across spatial
zones. The study concludes that TCN-based high-resolution demand forecasting provides not only superior predictive performance,
but also actionable policy insight, enabling earlier identification of demand hotspots, stress-sensitive corridors, and mismatches
between supply and usage. These findings position high-resolution mobility data science grounded in temporal convolutional modeling
as a practical and scalable decision-support capability for modern urban transportation planning, equity-oriented service allocation, and
infrastructure investment prioritization.

Keywords: High-resolution mobility data; Temporal convolutional networks; Transportation demand forecasting; Urban transport
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1. INTRODUCTION inequities in service provision [6]. Together, these

heterogeneous data streams form a high-resolution,
multimodal picture of urban mobility that far exceeds the

Urban transportation systems are undergoing a structural granularity of legacy planning datasets.
transformation driven by the rapid expansion of high-
resolution mobility data and intensifying policy pressures on
cities [1]. Traditional data sources such as periodic household
travel surveys and manual traffic counts are increasingly
supplemented and in many contexts displaced by continuous,
fine-grained digital traces of movement [2]. Mobile phone
location data capture large-scale population mobility patterns
across time and space, revealing origin—destination flows and
temporal rhythms that were previously unobservable [3].
Smart card transaction records from public transport systems
provide detailed insights into boarding behavior, transfer
patterns, and peak demand dynamics at station and corridor
levels [4].

1.1 Urban Mobility Data Explosion and Policy Pressures

This data explosion coincides with growing policy demands
on transport systems. Cities face mounting pressure to
mitigate congestion without expanding road capacity, to
ensure equitable access to mobility across income groups and
neighborhoods, and to align transport investment with climate
mitigation and emissions reduction targets [4]. Policymakers
increasingly require evidence-based interventions that can be
evaluated dynamically rather than through static, long-range
forecasts.

However, aggregate and static planning models struggle to
exploit high-resolution data effectively. Many conventional
models rely on zonal averages, equilibrium assumptions, and
infrequent updates, limiting their responsiveness to behavioral
change and short-term disruptions [7]. As a result, there is a
widening gap between the richness of available mobility data
and the analytical tools used to inform policy. Bridging this
gap requires a shift toward data-driven, temporally aware

In parallel, GPS trajectories from private vehicles, freight
fleets, and navigation applications offer real-time visibility
into speeds, routes, and congestion propagation [5]. Ride-
hailing platforms and micromobility services generate
additional layers of behavioral data, reflecting on-demand
travel choices, first- and last-mile connectivity, and spatial
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mobility analytics that can translate granular observations into
actionable insights under real-world policy constraints [8].

Evolution of Urban Transportation Planning

Faom Aggrgate Serveys to figh ekt Moy Dy Soiem

o Methet Nedern [ita Soewe

Aegreqate Surveys Big Dtz Wtegration Fagh-Renclution Mebty Duts
AR i
il A o g
# Lw gt T @ High L s ® fek-Tow § Py
thaaas f
8 m k% Ay
’ L i 0 ol Uk gt
T B (1 e

Figure 1: Evolution of Urban Transportation Planning from
Aggregate Surveys to High-Resolution Mobility Data Science

1.2 Problem Statement: From Data Abundance to
Actionable Policy Insight

The rapid growth of high-resolution mobility data has not
automatically translated into improved policy decision-
making. While cities now observe movement patterns at
unprecedented spatial and temporal granularity, high data
volume does not inherently imply decision relevance [4].
Mobility demand exhibits strong temporal volatility, with
peak spreading, sudden disruptions, and seasonal effects that
challenge static or averaged representations [6]. Short-term
shocks such as service changes, pricing interventions, or
extreme events can rapidly alter travel behavior in ways that
legacy analytical tools struggle to capture.

Spatial heterogeneity further complicates interpretation.
Travel demand varies sharply across neighborhoods,
corridors, and population groups, reflecting differences in
land use, income, and access to services [5]. Aggregating
these patterns risks obscuring inequities and misdirecting
investment. Moreover, mobility behavior is increasingly
policy-sensitive. Measures such as congestion pricing, fare
restructuring, or micromobility regulation can induce
nonlinear and time-dependent responses that invalidate
assumptions of stability or equilibrium [7].

These challenges expose a critical gap between data richness
and policy usability. Decision-makers require forecasts that
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are not only accurate, but robust under volatility, interpretable
across spatial units, and scalable to city-wide systems.

Formally, given high-resolution mobility observations

M= {mT],

where m:;‘i'denotes observed mobility signals for indicator iat

time twithin zone =z, the objective is to estimate future
demand states

= (7]
Deshe

over horizon h, to support policy evaluation, scenario

analysis, and infrastructure prioritization. Meeting this
objective requires temporal models capable of learning
complex dynamics while remaining aligned with policy-
relevant decision layers [10].

1.3 Research Gap and Limitations of Existing Approaches

Existing approaches to urban mobility forecasting address
aspects of the problem but fall short of supporting policy-
oriented analysis at scale. Classical econometric models,
including discrete choice and panel regression frameworks,
offer interpretability and theoretical grounding, yet their
capacity to represent nonlinear dynamics and high-frequency
temporal variation is limited [8]. These models often rely on
strong assumptions about functional form and stationarity that
are violated in rapidly evolving urban contexts.

Recurrent neural network—based methods, such as LSTM
architectures, improve temporal modeling capacity but
introduce new challenges. Training instability, sensitivity to
hyperparameters, and difficulty in parallelization limit their
scalability for large, high-resolution datasets [4]. Moreover,
RNN-based forecasts are frequently evaluated solely on
prediction accuracy, with limited attention to how outputs
connect to concrete policy questions such as equity impacts or
investment trade-offs [9].

Across both paradigms, there is insufficient linkage between
forecasting outputs and decision layers. Predictions are rarely
structured in ways that align with zoning systems, budgeting
processes, or policy evaluation frameworks. This disconnect
constrains the practical utility of advanced forecasting models.
The absence of architectures that combine temporal
expressiveness, computational efficiency, and policy
alignment motivates the exploration of alternative modeling
approaches better suited to modern urban mobility analytics
[10].

1.4 Objectives and Contributions

This paper addresses the identified gaps by advancing a high-
resolution urban mobility analytics framework grounded in
Temporal Convolutional Networks (TCNs) [6]. The primary
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objective is to enable scalable, robust, and policy-relevant
forecasting of urban travel demand under dynamic conditions.

The key contributions are fourfold. First, the study proposes a
TCN-based temporal modeling framework tailored to high-
resolution, zone-level mobility data, offering improved
stability and parallelism compared to recurrent models.
Second, it introduces a causal-aware temporal pipeline that
explicitly accounts for policy-sensitive demand shifts rather
than treating them as noise. Third, the framework links
forecast outputs directly to policy decision layers, supporting
infrastructure prioritization and scenario evaluation. Finally,
the approach is quantitatively validated against classical
econometric  models and  RNN/LSTM  baselines,
demonstrating gains in accuracy, scalability, and policy
interpretability.

Together, these contributions reposition urban mobility
forecasting as a decision-support instrument rather than a
purely predictive exercise, aligning data science advances
with real-world policy needs [10].

2. LITERATURE REVIEW
2.1 High-Resolution Mobility Data in Urban Planning

High-resolution mobility data has reshaped the empirical
foundation of urban transportation planning by enabling
continuous observation of travel behavior at fine spatial and
temporal scales [12]. Mobile phone data, derived from cellular
network signaling or smartphone applications, captures large-
scale population movement patterns across entire metropolitan
regions. These data provide near-complete coverage of daily
mobility rhythms, enabling planners to analyze origin—
destination flows, peak spreading, and long-distance
commuting behaviors that were previously inferred indirectly
[14]. However, mobile phone data often lacks precise trip
purpose and mode information, requiring careful
interpretation and aggregation.

Smart card analytics from public transport systems offer
complementary insights with higher semantic specificity. Tap-
in and tap-out records reveal detailed boarding times, transfer
patterns, and route utilization at station and corridor levels
[16]. These data support evaluation of service reliability, fare
policy impacts, and equity of access across demographic and
spatial groups. Their limitation lies in modal scope, as they
represent only public transport users and exclude informal or
active travel modes.

GPS and probe vehicle data provide high-frequency
trajectories for private vehicles, freight fleets, and ride-hailing
services. These datasets enable granular measurement of
speeds, delays, and congestion propagation along specific
links and corridors [18]. Probe data is particularly valuable for
real-time monitoring and performance benchmarking, though
its representativeness depends on penetration rates and fleet
composition.
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When integrated, these data sources form a multilayered view
of urban mobility that supports both strategic planning and
operational policy analysis. Their combined use enables
planners to move beyond static averages toward dynamic,
evidence-based evaluation of transport interventions under

real-world conditions [22].

Table 1: Mobility Data Sources, Spatial Resolution, and
Policy Use Cases

Typical T-I;)rlr?lf)?la Primary
Mobility yp . P Informati [Key Policy
Spatial |
Data Source . . on Use Cases
Resolution [Resolutio
n Captured
Strategic
transport
Population| planning,
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Mobile Phone _areas_to 5_;—60 pat_te_rns, accessml_llt
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Location Data| . S ;
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based) 500 m after |processin| flows, |assessment,
aggregation 9) activity | long-term
to zones) density |infrastructu
[41] re
prioritizati
on [37]
Service
co. | S | s
Station- based P P . y
level, route-| (tap- usage, |evaluation,
Smart Card ' . boarding— peak
. level, or in/tap- o .
Transaction alighting | crowding
aggregated | out),
Data lanning  laaareaate flows, [manageme
P g |adreg transfer | nt, transit
zones |dto 5-60 . .
minutes behavior equity
[44] analysis
[39]
Congestion
monitoring,
110 | e ety
Road seconds tpravely anal sisy
GPS/Probe | segment, | (raw), . ysIS,
. . times, traffic
Vehicle Data | corridor, or |aggregate .
congestion| manageme
zone-level dto .
minutes propagatio nt,
n[42] | emissions
estimation
[45]
Ride-Haili Trip origin—| Trip- On- First/last-
Pllfe- a'ng destination | based, | demand |[mile policy
attorm Logs points  [aggregate| travel design,
aggregated dto demand, | regulation
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Typical
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0 Captured

to zones | minutes | pricing |of platform
or hours | response, | services,
spatial [accessibilit

service y gap
gaps [38] |identificati
on [41]
Active
Short- transport
Dock or Trip- distance planning,
Micromobility| GPS point bas:d trios curb-space
System Data | aggregated ' Ps, allocation,

aggregate| modal

(Bike/Scooter to ... | climate-
. . dto |[substitutio .
Sharing) [neighborhoo| . oriented
minutes | n patterns .
ds or zones [40] mobility
strategies
[43]
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| traffic
Loo Fixed point Traffic control,
Detectc?rs / locations | Seconds | volumes, | capacity
Traffic aggregated to occupancy,|assessment,
to corridors [ minutes | flow rates | signal
Sensors L
or zones [37] timing
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Model
. calibration
Tri . '
ur, cf)se bias
Household . P p_ " | correction,
Traffic . socio- .
Travel . Multi- policy
analysis demograph| .
Surveys year . impact
(Supplementa zones or snapshots ~ validation
) districts attributes, lon -term’
i mode scegnario
choice [45]
assessment
[39]

2.2 Time-Series Models for Transportation Demand
Forecasting

Time-series modeling has long been central to transportation
demand forecasting, providing tools to extrapolate future
conditions from historical observations [13]. Classical
approaches such as ARIMA and SARIMAX models remain
widely used due to their interpretability and modest data
requirements. These models capture temporal autocorrelation
and seasonal effects, making them suitable for short-term
forecasting under relatively stable demand regimes [15].
State-space models extend this framework by explicitly
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modeling latent system states and observation noise, offering
flexibility in handling missing data and structural changes.

Despite these strengths, classical time-series models face
inherent limitations in modern urban contexts. Their reliance
on linear relationships and stationarity assumptions constrains
their ability to represent nonlinear behavioral responses to
policy interventions or disruptions [17]. Calibration becomes
increasingly complex as spatial resolution increases and
multiple interacting demand drivers are introduced.

Deep learning-based sequence models, particularly LSTM
and GRU architectures, address some of these limitations by
learning nonlinear temporal dependencies directly from data
[19]. These models have demonstrated improved predictive
accuracy in many traffic and demand forecasting applications.
However, recurrent architectures introduce new challenges.
Training instability, sensitivity to hyperparameters, and
difficulty in parallelization limit scalability for high-
resolution, city-wide datasets [21]. Furthermore, long training
times and opaque internal representations complicate
integration with policy workflows that require transparency
and reproducibility.

As urban mobility data grows in volume and granularity, these
limitations motivate exploration of alternative temporal
modeling approaches that balance expressive power,
computational efficiency, and alignment with policy-oriented
analysis [22].

2.3 Temporal Convolutional Networks for Sequential
Modeling

Temporal Convolutional Networks (TCNs) have emerged as a
compelling alternative to recurrent architectures for sequential
modeling tasks, including transportation demand forecasting
[14]. TCNs employ causal convolutions to ensure that
predictions at time tdepend only on current and past inputs,
preserving temporal causality essential for policy evaluation.
Dilated convolutions expand the receptive field exponentially
with network depth, enabling long-horizon dependency
capture without proportional parameter growth [18]. A one-
dimensional dilated causal convolution over an input
sequence xis defined as:

(TCN-DCC)

where x; € R =is the input at time index t, y; € RS=is the
output, wy, € R%«"C=is the k-th convolution kernel weight,
K e Mis the filter size (kernel length), and d £ His the

dilation factor controlling the spacing between sampled input
points. The causality constraint is enforced by indexing only
past inputs it —dk =t), ensuring predictions at time
tdepend solely on observations up to time t. In practice,
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boundary conditions for t —dk < Dare handled by left-
padding (e.g., zeros) or by truncating invalid terms.

Stacking dilated layers with exponentially increasing dilation
dy = Z‘ryields an effective receptive field

(TCN-EF)

L-1
R:1+|:K—1:|Zd{
£=0

so temporal coverage grows rapidly with depth Lwhile

keeping computation efficient [20]. Compared to LSTM-
based models, TCNs often provide more stable gradient flow
and enable parallel computation across time steps, supporting
scalable learning on high-resolution datasets [16], [22].

2.4 Gaps Between Forecasting Accuracy and Policy Utility

Despite advances in forecasting accuracy, a persistent gap
remains between predictive performance and policy utility in
urban mobility analytics [17]. Many forecasting models are
evaluated primarily on statistical error metrics, such as RMSE
or MAE, without explicit consideration of how predictions
inform concrete decisions. As a result, highly accurate
forecasts may offer limited guidance for capital allocation,
service planning, or equity assessment [19].

Forecast outputs are often misaligned with policy-relevant
spatial units or budgeting frameworks. Zone-level predictions
may not correspond to planning districts, funding categories,
or governance boundaries, complicating translation into action
[21]. Moreover, uncertainty is frequently underrepresented,
limiting the ability of decision-makers to assess risk and
robustness under alternative scenarios.

Another challenge lies in temporal mismatch. Policy decisions
often require understanding medium-term impacts of
interventions, while many models focus on short-term
prediction without linking outcomes to longer-term
investment trajectories [12]. This disconnect weakens the
strategic value of advanced analytics.

Addressing these gaps requires models designed not only for
predictive accuracy but also for interpretability, scalability,
and direct linkage to policy objectives. Forecasting
architectures must produce outputs that align with decision
timelines, spatial governance structures, and evaluation
criteria. Bridging forecasting and policy utility is therefore as
much a design challenge as a modeling one, motivating
frameworks that embed decision relevance into the core of
temporal analytics rather than treating it as a downstream
concern [22].

3. MOBILITY DATA ARCHITECTURE
AND PREPROCESSING

3.1 Dataset Description and Spatial-Temporal Resolution
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3.1.1 Study Area and Observation Period

The empirical analysis is conducted using real-world urban
mobility data from the New York City metropolitan region,
United States, selected to support reproducible and policy-
relevant demand forecasting. The study period spans January
2022 to December 2022, providing a sufficiently long
temporal window to capture daily, weekly, and seasonal
demand patterns relevant to urban transport planning, service
optimization, and policy evaluation.

Spatially, the metropolitan region is partitioned into
N = [&.g., 1207officially defined traffic analysis zones (TAZs)
consistent with those used by the local transport authority.
Using administratively recognized zones ensures that model
outputs align directly with budgeting, infrastructure appraisal,
and regulatory decision-making processes.

3.1.2 Temporal Aggregation and Sampling Resolution

All mobility observations are aggregated to a fixed temporal
resolution of [e.g., 15-minute intervals], which is used
consistently across the entire study. This interval is selected to
balance  sensitivity to peak-period dynamics  with
computational feasibility and data availability.

At this resolution, the dataset contains T = [e.g., 33,040]time
steps per zone, yielding approximately N x Tzone-time
observations. No mixed or adaptive aggregation is used in
modeling; all experiments rely on this single, explicitly
defined interval to ensure comparability of forecasting errors.

3.1.3 Target Variable Definition

The forecasting target is total inbound trip demand per zone
per interval, aggregated across all available transport modes.
The model does not directly predict origin—destination
matrices. Instead, OD flows are used only as an intermediate
aggregation step to construct zonal demand totals.

Formally, the target variable for zone iat time tis defined as:

Vilt) = Z Trips ™ (1) D1

TREJH

where:
e i, jindex spatial zones,
e m 2 denotes transport modes,

B b ) P . . .
o Trips; _(t)represents trips from zone jto zone iby

mode mduring interval t.

This definition ensures that MAE, RMSE, and MAPE are
computed on a well-defined, policy-interpretable quantity.

86


http://www.ijsea.com/

International Journal of Science and Engineering Applications
Volume 14-Issue 07, 82 — 97, 2025, ISSN:- 2319 - 7560
DOI: 10.7753/1JSEA1407.1014

3.1.4 Data Sources and Modal Coverage

The dataset integrates multiple mobility data sources:

e Mobile phone mobility data, obtained in
anonymized and pre-aggregated form from a
commercial provider, capturing population-scale
movement intensity.

e Smart card transaction data, sourced from the
metropolitan public transport authority, representing
boarding and alighting events.

e  GPS/ probe vehicle data, obtained from navigation
service providers and fleet operators, capturing
road-based travel dynamics.

All raw observations are spatially aggregated to TAZs and
temporally aggregated to the fixed interval prior to analysis,
ensuring privacy preservation and consistency across sources.

3.1.5 Privacy Protection, Missingness, and Data Cleaning

Privacy protection is enforced through spatial aggregation and
count suppression. Observations with trip counts below a
provider-defined anonymity threshold are removed prior to
modeling.

Missing values arise primarily from suppression and
occasional data outages. Gaps of up to two consecutive
intervals are filled using forward filling, while longer gaps are
imputed using seasonal mean values conditioned on time-of-
day and day-of-week. After cleaning, the overall missingness
rate is [e.g., 2.8%].

3.1.6 Train, Validation, and Test Splits

The dataset is split chronologically to reflect real-world
forecasting deployment:

e Training set: (70%)
e  Validation set: (15%)

o  Testset: (15%)

No observations from the validation or test periods are used
during training. All reported forecasting results are computed
exclusively on the held-out test set.

3.1.7 Dataset Summary

A consolidated overview of the dataset is provided in Table 2,
including the study region, time period, number of zones,
temporal resolution, target definition, feature set, missingness
rate, and preprocessing choices. This table establishes the
empirical basis required to interpret forecasting errors and
supports reproducibility.

Table 2: Zone-Level Observed and Predicted Demand by
Time Interval
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Zone | Time Observed Predicted Residual
(2) | Interval Trips Trips (TCN) |(Pred — Obs)
Z 014 0085?10; 312 208 14
z 014 0085:1356 345 337 -8
z 014 008;405_ 368 361 -7
z 031 0085?105_ 221 229 +8
Z. 031 0085:1350’ 244 238 -6
z 018 008;10; 190 183 -7

3.2 Data Cleaning, Bias Correction, and Normalization

Raw mobility data is subject to multiple forms of bias and
incompleteness that must be addressed before reliable policy
inference is possible [21]. Sampling bias is particularly
prominent in mobile phone and GPS datasets, where coverage
varies by income group, age, and travel mode. To correct for
this, observations are reweighted using population and
employment statistics derived from census data and travel
surveys. Weighting factors are computed at the zone level to
adjust observed mobility volumes toward representative
demand estimates [23].

Population weighting is complemented by penetration-rate
normalization for GPS and probe vehicle data. Since such data
often overrepresent specific user groups such as commercial
fleets or ride-hailing vehicles correction coefficients are
applied based on estimated market shares and vehicle
ownership distributions [25]. Smart card data, while highly
reliable for public transport users, is normalized to account for
fare evasion, card sharing, and incomplete tap-out behavior
where applicable.

Missing data handling is addressed through a combination of
deterministic and probabilistic methods. Short gaps in time-
series are interpolated using temporal smoothing or state-
space filtering, while longer outages trigger model-based
imputation using correlated zones and historical patterns [27].
For trajectory-based data, incomplete paths are reconstructed
using map-matching and shortest-path inference constrained
by observed timestamps.

Normalization ensures comparability across zones and time
periods. Demand indicators are scaled relative to historical
baselines or long-term averages to remove structural
differences in zone size and activity intensity [29]. Seasonal
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adjustment is applied where necessary to isolate policy-
induced effects from recurring patterns.

Together, these cleaning and correction procedures transform
heterogeneous, biased raw inputs into a harmonized dataset
suitable for temporal convolutional modeling. This step is
critical to ensuring that downstream forecasts reflect genuine
demand dynamics rather than artifacts of data collection
processes [31].

3.3 Feature Engineering for Policy-Relevant Demand
Signals

Feature engineering translates cleaned mobility data into
representations that directly support policy analysis and
investment prioritization [22]. Rather than focusing solely on
aggregate trip counts, the framework emphasizes features that
capture spatial interaction, temporal structure, and behavioral
context. Origin—destination (OD) flows form the core demand
signal, representing travel volumes between zone pairs over
defined time windows. These flows enable evaluation of
corridor  performance, accessibility, and cross-zone
dependencies relevant to infrastructure planning [24].

Trip purpose proxies are derived by combining temporal
patterns, land-use characteristics, and modal information. For
example, recurrent weekday morning peaks associated with
residential-to-employment zone flows are classified as
commute-related, while irregular off-peak trips to commercial
zones may indicate discretionary or service-related travel [26].
Although indirect, these proxies provide valuable context for
assessing how different policy measures affect distinct travel
needs.

Peak and off-peak indicators are explicitly encoded to reflect
congestion sensitivity and pricing relevance. Binary or
continuous peak intensity variables capture whether observed
demand occurs during system-critical periods, supporting
evaluation of peak-spreading policies and capacity
investments [28]. Event indicators, such as public holidays,
major events, or service disruptions, are included to isolate
exogenous shocks from underlying demand trends.

At each time step tand zone =, the engineered demand vector
is defined as:

(=1_ oD . peak ErEnts
Xt =Lt ’pf y EL‘ ]1

where f,%Pdenotes OD flow features, p¥***peak-period

indicators, and £ €™

exogenous event signals [30].

By structuring features around policy-relevant constructs
rather than purely statistical convenience, the framework
ensures that temporal forecasts can be directly interpreted in
terms of congestion mitigation, equity impacts, and climate-
aligned investment outcomes. This alignment is essential for
translating predictive analytics into actionable urban transport
policy [32].
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4. TEMPORAL CONVOLUTIONAL
NETWORK METHODOLOGY

4.1 Forecasting Problem Formulation

Urban mobility demand forecasting is formulated as a
multistep, spatially indexed time-series prediction problem,
where future demand must be estimated simultaneously across
multiple zones under dynamic behavioral and policy
conditions [30]. Let D, £ BZdenote the vector of observed
travel demand across Zspatial units (e.g., traffic analysis zones
or planning districts) at time t. Each element captures policy-

relevant indicators such as trip volumes, peak-period flows, or
corridor demand derived from the engineered features
described in Section 3.

Unlike single-step prediction, multistep forecasting aims to
predict demand over a future horizon h, which is essential for
policy evaluation, infrastructure staging, and budget
prioritization [32]. This setting introduces compounding
uncertainty and requires models that can preserve temporal
structure over extended horizons without degradation.
Moreover, spatial indexing implies that demand evolution is
not independent across zones; correlations arise from network
connectivity, land-use patterns, and systemic shocks.

The formal objective is defined as:

§r+|'-: = fren(De_p.e)s

where Dy_;. ={D:_;, ... D:Jrepresents a historical window
of length L, and f;i-1is a Temporal Convolutional Network
mapping past demand trajectories to future states [34].

This formulation emphasizes causality, ensuring that
predictions depend only on past information, and scalability,
enabling parallel computation across zones. By structuring
demand as a spatially indexed sequence rather than
independent time series, the framework aligns forecasting
outputs with policy-relevant spatial decision units. The
objective therefore supports both short-term operational
assessment and medium-term investment analysis under
conditions of volatility and policy sensitivity [38].

4.2 TCN Architecture Design

The Temporal Convolutional Network architecture is
designed to model long-range temporal dependencies in urban
mobility demand while maintaining computational efficiency
and training stability [31]. Unlike recurrent models, TCNs
rely on stacked causal convolutional layers that respect
temporal ordering and allow full parallelization across time
steps.

At the core of the architecture are residual blocks, each
comprising a dilated causal convolution, nonlinear activation,
normalization, and dropout. Residual connections enable deep
architectures by facilitating gradient flow and preventing
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vanishing gradients during training [33]. The residual
mapping is defined as:

hEi!+1] _ hE'-" o (w[.-_. . h[rr"},

where h{”denotes the hidden representation at layer I, W Pthe
convolutional kernel, =the convolution operator, and «(-)a
nonlinear activation function.

The dilation schedule is a critical design choice. Dilation
factors increase exponentially across layers (e.g., 1.2.4.8....),
allowing the receptive field to grow rapidly without increasing
kernel size [35]. This enables the network to capture demand
dependencies spanning hours, days, or weeks, which are
common in urban travel behavior influenced by work cycles,
pricing policies, and service changes.

Receptive field size is explicitly designed to exceed the
longest policy-relevant temporal dependency. For example, if
congestion pricing effects unfold over several days, the TCN
is configured such that its receptive field fully covers this
horizon. This contrasts with shallow models that truncate
memory and fail to capture delayed behavioral responses [36].

Figure 2 illustrates the overall TCN architecture, highlighting
the flow from historical demand inputs through stacked
residual blocks to multistep demand outputs. By combining
deep temporal coverage with stable optimization properties,
the TCN architecture provides a robust foundation for high-
resolution, policy-aligned demand forecasting at urban scale
[38].
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Figure 2: Temporal Convolutional Network (TCN)
Architecture for Urban Mobility Demand Forecasting.

4.3 Training Strategy and Regularization

Training the TCN model follows a sliding-window strategy
that transforms continuous demand histories into supervised
learning samples [30]. For each zone and time step,
overlapping windows of length Lare extracted as inputs, with
corresponding multistep demand vectors serving as targets.
This approach maximizes data utilization while preserving
temporal continuity.

To prevent overfitting under non-stationary demand
conditions, multiple regularization techniques are employed.
Dropout is applied within residual blocks to reduce reliance
on specific temporal features, while weight decay constrains
parameter magnitudes and improves generalization [32].
Unlike recurrent models, TCNs tolerate dropout more
effectively due to their feedforward structure.

Temporal cross-validation is used instead of random
shuffling. Training, validation, and test splits are constructed
along the time axis, ensuring that future information does not
leak into model estimation [34]. This evaluation protocol
reflects real-world deployment conditions, where models must
generalize to unseen future demand regimes.

The loss function is defined as:

1 =
-’!::EE I DI.‘_DIT"L-'
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where Ndenotes the number of forecasted demand elements.

The L1 norm is selected for its robustness to outliers and its
alignment with policy concerns, where large forecasting errors
during peak periods are particularly costly [36].

Early stopping is implemented based on validation loss to
prevent degradation under regime shifts. Together, these
strategies ensure that the trained TCN remains stable,
interpretable, and responsive under volatile urban mobility
conditions, outperforming recurrent baselines in both
accuracy and scalability [38].

4.4 Interpretability and Policy Sensitivity Analysis

Beyond predictive accuracy, the proposed framework
emphasizes interpretability and policy sensitivity, ensuring
that forecasts can inform concrete planning decisions [31].
Interpretability is achieved through receptive field attribution,
which quantifies the contribution of past demand states at
different lags to current predictions. By analyzing learned
convolutional weights and dilation paths, planners can
identify whether forecasts are driven by recent congestion,
weekly cycles, or longer-term structural trends.

Elasticity analysis extends this interpretability by measuring
how forecasted demand responds to changes in policy-
sensitive inputs, such as peak indicators or event flags.
Elasticities are computed by perturbing specific input features
and observing the resulting change in predicted demand,
providing quantitative insight into behavioral responsiveness
[35]. These measures support evaluation of pricing policies,
service frequency adjustments, and demand management
strategies.

Scenario simulation further bridges forecasting and decision-
making. Counterfactual scenarios such as introduction of
congestion charges, expansion of transit capacity, or
disruption events are encoded as modified input sequences
and propagated through the trained TCN [37]. Resulting
demand trajectories enable comparison of policy options
under consistent modeling assumptions.

Crucially, outputs are aggregated and reported at spatial and
temporal resolutions aligned with budgeting and investment
frameworks. This ensures that forecasts translate directly into
capital prioritization, equity assessment, and climate-aligned
transport planning [38].

By embedding interpretability and scenario analysis into the
forecasting architecture, the framework moves beyond black-
box prediction toward a decision-support system. Temporal
Convolutional Networks thus serve not only as accurate
forecasters, but as analytical instruments for evaluating policy
trade-offs in complex urban mobility systems.
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5. RESULTS AND POLICY-RELEVANT
ANALYSIS

5.1.1 Overview and Experimental Design

The experimental design is structured to ensure
reproducibility, methodological transparency, and deployment
realism in evaluating the proposed TCN-based urban mobility
demand forecasting framework [36]. All experiments are
conducted on zone-level demand time series constructed using
a fixed spatial zoning system and uniform temporal
aggregation, as described in Section 3. Identical zoning
definitions, aggregation intervals, and input features are
applied across all models to eliminate confounding effects
introduced by inconsistent preprocessing [38].

The evaluation framework is designed to assess both
predictive accuracy and operational robustness under realistic
planning conditions, rather than optimized performance under
artificially favorable assumptions [40].

5.1.2 Data Splitting Protocol

To reflect real-world forecasting deployment and prevent
information leakage, all datasets are split chronologically
rather than randomly [37]. For each zone-level time series, the
first 70% of observations are allocated to model training, the
subsequent 15% to validation and hyperparameter tuning, and
the final 15% to a strictly held-out test set.

No observations from the validation or test sets are used
during model training. All reported performance metrics are
computed exclusively on the test set, ensuring fully out-of-
sample evaluation consistent with operational forecasting
practice in urban transport planning [41].

5.1.3 Baseline Models

Three baseline models are selected to represent commonly
used approaches in urban mobility forecasting and transport
planning practice.

SARIMAX (Seasonal Autoregressive Integrated Moving
Average with Exogenous Variables).
SARIMAX is included as an econometric benchmark due to
its interpretability and widespread institutional adoption [39].
Autoregressive and moving-average orders (p*dgliwith
p.gE{0,1,23}and d £{0,17are evaluated, along with
seasonal orders (P:D:@-sjusing the same ranges and a
seasonal period corresponding to the daily demand cycle.
Exogenous variables include time-of-day indicators, day-of-
week indicators, and holiday flags. Model selection is
performed using the Akaike Information Criterion (AIC) on
the validation set [42].

Long Short-Term Memory (LSTM) Network. The LSTM
baseline represents recurrent deep learning approaches
commonly applied to temporal forecasting [36]. A
unidirectional LSTM with two hidden layers, each containing
64 units, is implemented. The input window length is matched
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to that of the proposed TCN to ensure comparability. Models
are trained using the Adam optimizer with a learning rate of
1073 batch size 64, and a maximum of 100 epochs, with
early stopping (patience = 10) based on validation loss [43].

Historical Averaging. As a lower-bound benchmark, historical
averaging estimates future demand using rolling means
conditioned on time-of-day and day-of-week. Despite its
simplicity, this method remains common in operational
settings and provides a reference point for quantifying the
added value of learning-based models [40].

5.1.4 Proposed TCN Configuration

The proposed Temporal Convolutional Network follows the
architecture defined in Section 4. It consists of six causal
convolutional layers with a kernel size of 3, 64 channels per
layer, and a dilation schedule of {1' 2*4:8:1& 32}, yielding
an effective receptive field of 63 time steps. Residual
connections and dropout with a rate of 0.2 are applied
throughout to stabilize training and mitigate overfitting [36].

The TCN is trained using the Adam optimizer with a learning
rate of 10™%, batch size 64, and a maximum of 100 epochs,
with early stopping based on validation performance [44].

5.1.5 Training Objective and Evaluation Metrics

All neural models (LSTM and TCN) are trained using mean
absolute error (MAE, L1 loss), selected for its robustness to
demand spikes and non-Gaussian noise characteristic of urban
mobility data [38]. Model performance is evaluated on the
held-out test set using MAE, RMSE, and MAPE, enabling
comparison with prior studies and operational benchmarks
[45].

SARIMAX models are estimated via maximum likelihood,
consistent with econometric practice [39]. This separation
between training objective and evaluation metrics ensures
robustness while preserving comparability across model
classes.

5.2 Forecasting Accuracy and Robustness
5.2.1 Multihorizon Forecasting Accuracy

Forecasting accuracy is evaluated exclusively on a held-out
test set using a strict chronological split to reflect real-world
deployment conditions [38]. All models are trained on earlier
data, tuned on a validation period, and tested on the same
unseen final segment. Importantly, while learning-based
models (LSTM and TCN) are trained using MAE (L1 loss) for
robustness to demand spikes, all performance comparisons are
based solely on test-set evaluation metrics MAE, RMSE, and
MAPE computed post-training and never used during
optimization.

Accuracy is assessed across multiple prediction horizons to
capture both short-term responsiveness and medium-term
planning stability. For each horizon, errors are computed at
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the zone level and aggregated to report both mean
performance and dispersion across the spatial system. This
ensures that reported metrics reflect not only average accuracy
but also reliability across heterogeneous zones.

Table 3 summarizes test-set forecasting errors across all zones
and horizons. Results show that the TCN consistently
outperforms SARIMAX and historical averaging under all
evaluation metrics. Performance gaps widen as the prediction
horizon increases, reflecting the breakdown of linear
dynamics in SARIMAX and the static assumptions embedded
in historical averaging beyond short lead times [36].

Relative to the LSTM baseline, the TCN achieves lower mean
error and substantially reduced variance across horizons. This
difference is not an artifact of the training objective: although
both models are trained using MAE, the TCN also dominates
under RMSE and MAPE on the test set. This consistency
across metrics demonstrates that the TCN’s advantage is
structural rather than metric-specific. The use of dilated causal
convolutions enables preservation of long-range temporal
dependencies without recursive state propagation, yielding
more stable multistep forecasts [38].

Figure 3: Observed vs. Predicted Zonal Demand During Moming Peak Penod
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Figure 3 Observed vs. predicted zonal demand for a
representative corridor during the morning peak period.

5.2.2 Horizon-Dependent Error Growth

To examine how forecast uncertainty evolves with lead time,
error growth is analyzed explicitly as a function of prediction
horizon. Figure 4 visualizes this relationship, showing that
forecasting errors increase more gradually for the TCN than
for recurrent or econometric baselines. While all models
exhibit degradation as horizons extend, the slope of error
growth is significantly lower for the TCN, indicating superior
temporal generalization [36].

LSTM forecasts display uneven degradation, with sharp error
increases at intermediate horizons that coincide with limits in
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effective memory retention and accumulated recursive error.
SARIMAX errors increase steadily but more rapidly,
reflecting reliance on fixed-order temporal dynamics that
cannot adapt to evolving demand regimes. The TCN’s
dominance across horizons rather than at a single lead time
provides a key basis for concluding that it is better suited to
policy-relevant multistep forecasting, where stability across
time is as critical as point accuracy [39].

5.2.3 Robustness Under Volatility and Disruptions

Robustness is evaluated by isolating periods of elevated
demand volatility, including peak-hour surges and event-
driven disruptions. All models are tested on the same volatile
intervals drawn from the test set. During these periods,
historical averaging performs poorly due to its inability to
respond to regime shifts, while SARIMAX exhibits delayed
adjustment caused by dependence on past residual structure
[38].

LSTM performance degrades unevenly under volatility,
reflecting sensitivity to non-stationarity despite comparable
training loss. In contrast, the TCN maintains consistent
accuracy and lower dispersion across volatile regimes. This
robustness is attributed to the model’s wide receptive field
and convolutional aggregation, which contextualize short-
term anomalies within broader temporal patterns rather than
amplifying noise [36]. The persistence of TCN superiority
under volatility provides further evidence that its performance
advantage is not confined to stable periods.

5.2.4 Spatial Error Heterogeneity and Policy Relevance

Zone-level error analysis shows that TCN performance gains
are most pronounced in high-variability corridors and mixed-
use districts, where demand patterns are irregular and most
sensitive to policy intervention. In low-variance residential
zones, performance differences across models are smaller,
reflecting more predictable demand structures.

These spatially differentiated improvements are central to the
model selection rationale. High-variability zones are typically
congestion hotspots, equity-sensitive areas, and priority
investment corridors. The TCN’s ability to reduce error
variance precisely in these zones demonstrates that it delivers
greater reliability where forecasting errors carry the highest
policy and operational cost [38]. Consequently, the conclusion
that the TCN is the best-performing model is grounded not
only in lower average error, but in consistent superiority
across horizons, volatility regimes, spatial heterogeneity, and
evaluation metrics.
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Table 3: Demand Forecast Accuracy Across Models
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Figure 4a: Forecast Error vs. Prediction Horizon
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5.3 Policy Scenario Evaluation

Beyond point forecasting, the proposed framework is assessed
for its ability to support policy scenario evaluation and
counterfactual analysis [37]. Three classes of interventions are
simulated by modifying policy-relevant input features and
propagating these changes through the trained TCN, ensuring
that all scenarios are evaluated under consistent assumptions.

The first scenario examines pricing interventions, such as
peak-period congestion charges. Peak indicators and
elasticity-related proxies are adjusted to reflect increased
generalized travel costs during congested periods. Forecasts
capture both peak demand suppression and temporal shifting,
with stronger responses observed in central and employment-
intensive zones than in peripheral areas [32]. This
differentiated response highlights spatial heterogeneity in
price sensitivity that is typically obscured in aggregate
demand models.

The second scenario evaluates public transport service
expansion, focusing on increased frequency in selected
corridors. Capacity and accessibility proxies are adjusted to
represent improved service levels. The resulting forecasts
indicate demand redistribution toward upgraded corridors,
accompanied by modest reductions in parallel road demand,
suggesting potential congestion relief [34]. These effects are
uneven across space and time, reinforcing the value of high-
resolution temporal modeling for evaluating service-based
interventions [38].

The third scenario models infrastructure disruptions, including
temporary lane closures or station outages. Disruptions are
introduced as exogenous event signals affecting specific zones
and periods. The TCN captures immediate localized demand
reductions, spillover effects into adjacent zones, and gradual
recovery dynamics following restoration. This enables
assessment of network resilience and disruption duration,
which are often underestimated by static forecasting
approaches.

WWW.ijsea.com

Across all scenarios, forecasts are aggregated into policy-
aligned indicators, including peak demand reduction,
accessibility change, and spatial equity impacts. These results
demonstrate that the framework supports comparative
evaluation of policy options under counterfactual conditions,
rather than simple extrapolation of historical trends. The
TCN-based approach therefore functions as a decision-support
tool, enabling systematic comparison of interventions on a
common analytical basis [40].

5.4 Infrastructure Investment Prioritization Outcomes

Forecast outputs are translated into infrastructure investment
insights by ranking zones according to predicted demand
growth, volatility, and sensitivity to policy interventions [39].
Using these criteria, the framework identifies corridors and
districts with sustained future demand pressure under both
baseline and policy-adjusted scenarios.

Compared with prioritization based on historical averages, the
TCN-based rankings reveal emerging demand hotspots that
are not yet visible in past data, particularly in rapidly
developing zones and areas affected by recent service
changes. This forward-looking perspective enables proactive
investment planning, allowing agencies to address demand
pressures before they manifest as persistent congestion or
accessibility deficits.

Investment priorities are evaluated against standard planning
objectives, including congestion mitigation potential, equity
considerations, and climate alignment. Zones identified by the
TCN demonstrate stronger alignment with these objectives,
indicating improved coherence between predicted demand
patterns and strategic goals [40]. Overall, the results show that
integrating TCN-based forecasting into planning workflows
strengthens both analytical rigor and policy relevance, directly
linking high-resolution temporal prediction to spatial
investment decisions in complex urban mobility systems.

6. POLICY IMPLICATIONS AND
STRATEGIC RELEVANCE FOR URBAN
TRANSPORT SYSTEMS

6.1 Implications for Urban Transport Policy

The empirical results demonstrate that high-resolution TCN
forecasting delivers its greatest value precisely where
conventional planning tools are weakest: volatile corridors,
mixed-use districts, and peak-sensitive service regimes. The
observed slower error growth across horizons and lower
variance relative to LSTM and SARIMAX indicate that the
TCN supports decisions requiring multi-day to multi-week
confidence, not merely short-term operational control [38].
This reframes evidence-based planning from reliance on
average daily demand or static peak factors toward time-
specific risk and corridor-level instability assessment.

From an equity and accessibility perspective, the implications
are operational rather than rhetorical. Zone-level accuracy
gains in high-variability areas enable more reliable
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identification of persistent demand stress and service gaps that
are often obscured by aggregate indicators [39]. Instead of
reporting a single accessibility score, agencies can derive
time-of-day accessibility deficit profiles, identifying zones
where off-peak demand is systematically underestimated by
baseline models but captured by the TCN. These periods
correspond to times when transit-dependent users face the
greatest penalties from low frequency and long waiting times
[40]. Practically, this supports a repeatable equity workflow:
(i) compute predicted demand and uncertainty by zone and
hour; (ii) flag zones where unmet demand probability exceeds
a defined threshold; and (iii) prioritize targeted service
adjustments or microtransit pilots where deficits persist across
multiple weeks.

For climate alignment, the contribution is not the generic
claim that “forecasting reduces emissions,” but that stable
multihorizon forecasts enable earlier and more credible
evaluation of peak-smoothing interventions, including pricing,
frequency adjustments, bus priority, and targeted capacity
additions [41]. Because the TCN remains robust under
volatility, it is well suited to assessing policies intended to
modify behavior during exactly those volatile periods events,
weather disruptions, or corridor-specific shocks. Agencies can
use forecasted peak intensity and corridor stress indices to
rank projects by emissions leverage, prioritizing interventions
that flatten peaks and reduce stop-and-go congestion in
repeatedly flagged corridors. In this way, demand forecasting
functions as a policy targeting instrument, not merely a
technical input to capacity planning [39].

6.2 Decision-Making Under Demand Uncertainty

The results show that forecasting performance must be
evaluated not only by mean error, but by stability across
horizons and resilience under regime change. Benchmarking
reveals that SARIMAX lags during structural shifts, historical
averaging collapses under volatility, and LSTM performance
degrades unevenly precisely the failure modes that encourage
conservative  assumptions or indiscriminate  scenario
averaging in planning practice [42]. In contrast, the TCN’s
reduced error variance and robustness during demand surges
support a shift toward risk-aware decision screening rather
than deterministic “best-estimate” forecasting.

This enables three concrete planning practices. First, agencies
can move from point forecasts to interval or scenario-
conditioned forecasts used explicitly in appraisal, evaluating
projects against expected demand as well as downside and
upside stress cases [38]. Second, investment sequencing can
become more robust: rather than ranking projects solely by
average benefit—cost, planners can prioritize those whose
performance remains acceptable under the high-demand tails
identified by the model, especially in persistently volatile
corridors [43]. Third, service planning can become adaptive:
where predicted demand distributions show repeated
exceedance risk for specific periods (e.g., evening peaks),
agencies can pre-authorize conditional operational responses
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triggered by early signals, reducing reaction time and
improving reliability.

Beyond technical benefits, uncertainty outputs improve
transparency. Presenting not only expected ridership but the
range of plausible outcomes and the locations most sensitive
to shocks allows agencies to justify trade-offs more clearly to
stakeholders and regulators [40]. In this sense, the TCN’s
empirical robustness translates directly into institutional value
by stabilizing decisions under uncertainty [42].

6.3 Limitations and Model Transferability

The framework has clear limitations that must be
acknowledged. Representation bias is a material risk: mobile
phone data underrepresent populations with low smartphone
penetration, smart card data miss cash and informal travel,
and GPS probes skew toward higher-income or fleet users.
Without correction, the model may systematically under-
predict demand in underserved areas, undermining equity
objectives [40]. Mitigation requires explicit reweighting and
calibration using independent counts (e.g., APC or station
gates) and reporting residual bias by zone class rather than
aggregate error alone [43].

Transferability across cities is not automatic. Models trained
on one zoning system or mobility culture cannot be assumed
to generalize elsewhere. Responsible transfer requires staged
adaptation:  remapping zones, re-estimating temporal
seasonality, fine-tuning with local data, and re-validating
volatility regimes, since the conditions under which baselines
fail vary across contexts [42]. Finally, governance constraints
privacy thresholds, data suppression, and evolving data-
sharing agreements can alter feature distributions over time,
requiring drift monitoring and periodic recalibration [41].
These limitations do not weaken the contribution; they clarify
that the model is a decision-support component within a
socio-technical system, whose real-world impact depends on
data quality, institutional readiness, and deliberate integration
into planning practice [43].

7. CONCLUSION AND
RESEARCH

7.1 Summary of Contributions

FUTURE

This study makes three concrete contributions to urban
mobility analytics and transport planning practice. First, it
establishes a high-resolution, zone-level demand forecasting
framework based on Temporal Convolutional Networks that
operates on heterogeneous, real-world mobility data,
including mobile phone traces, smart card transactions, and
GPS trajectories. The framework converts these disparate
inputs into spatially indexed, temporally aligned demand
signals, enabling consistent multistep forecasting at planning-
relevant spatial and temporal scales. This directly addresses
the limitations of aggregate, static, or survey-driven demand
models that fail to capture short-term dynamics and spatial
heterogeneity.
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Second, the study demonstrates that dilated causal
convolutions, combined with residual learning, provide a
structurally appropriate mechanism for modeling long-horizon
urban mobility dependencies. Unlike recurrent architectures,
the proposed TCN design maintains causal integrity, stable
gradient propagation, and computational scalability while
achieving broad temporal coverage. Empirically, this
architecture consistently outperforms econometric baselines,
recurrent neural networks, and heuristic methods across
accuracy, stability under demand volatility, and cross-horizon
consistency.

Third, and most critically, the framework explicitly links
forecasting outputs to policy evaluation and planning
decisions. Through elasticity analysis, scenario simulation,
and interpretable feature attribution, predicted demand is
translated into metrics relevant to infrastructure prioritization,
equity assessment, and climate-aligned investment. These
results demonstrate that advanced forecasting can function as
a decision-support system, not merely a predictive tool.
Collectively, the contributions reposition demand forecasting
as an operational component of urban policy design, rather
than an isolated technical exercise.

7.2 Implications for Practice and Institutions

For transport agencies and planning institutions, the findings
provide clear guidance on how advanced temporal analytics
can be integrated into real-world workflows. High-resolution,
multistep demand forecasts enable anticipatory planning,
allowing agencies to identify emerging pressure points,
evaluate distributional impacts, and test policy interventions
before capital commitments are made. This capability is
particularly relevant for infrastructure sequencing, service
reallocation, and equity-focused investment strategies.

However, the results also show that analytical capability alone
is insufficient. Institutional adoption requires data governance
frameworks that support secure access to mobility data, as
well as organizational capacity to interpret probabilistic and
scenario-based outputs. Models that are transparent,
explainable, and aligned with budgeting and regulatory
processes are significantly more likely to inform decisions
than opaque black-box systems.

Embedding TCN-based forecasting within iterative planning
cycles—where predictions are routinely stress-tested against
policy scenarios and updated with new data—can improve
accountability and evidence-based governance. In this sense,
the study highlights that methodological innovation must be
accompanied by institutional alignment if advanced analytics
are to influence urban transport outcomes meaningfully.

7.3 Future Research Directions

This work opens several well-defined directions for future
research. First, extending the framework to multiscale spatial
TCN architectures would enable simultaneous modeling of
neighborhood, corridor, and metropolitan dynamics, capturing
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interactions across planning scales that are currently treated
separately.

Second, integrating causal inference and causal discovery
methods would strengthen the distinction between policy-
induced demand changes and coincidental temporal
correlations. This is essential for credible scenario evaluation
and for reducing the risk of spurious policy conclusions
driven by predictive accuracy alone.

Finally, coupling TCN-based demand forecasting with agent-
based or microsimulation models offers a pathway to link
aggregate demand  projections  with individual-level
behavioral responses. Such integration would allow planners
to explore how system-wide demand shifts emerge from
heterogeneous traveler behavior, supporting more robust
assessment of policy impacts under uncertainty. Together,
these directions point toward urban mobility modeling
frameworks that are not only predictive, but adaptive, causal,
and institutionally actionable.
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