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Abstract urban infrastructure information that drives mobility patterns at

Urban mobility systems require accurate short-term forecasts for
effective resource management and infrastructure planning. While
Graph Neural Networks (GNNs) have advanced spatio-temporal
prediction in transportation, they largely neglect explicit multi-
scale urban context that drives mobility patterns. We introduce
an enhanced Diffusion Convolutional Recurrent Neural Network
(DCRNN) that enriches standard architectures with multi-scale
OpenStreetMap features and attention-based fusion mechanisms.
Our approach integrates comprehensive urban infrastructure char-
acteristics across 500m, 1000m, and 1500m radii, enabling adaptive
spatial scale selection based on station characteristics. Evaluated
on 90,000 trips across 714 Swiss bike-sharing stations, our method
achieves significant improvements over strong baselines (ConvL-
STM, ST-GCN): approximately 13% RMSE reduction with RMSE
of 2.52, MAE of 1.74, and R? of 0.723. The attention mechanism
reveals interpretable patterns aligned with urban planning intu-
itions, where downtown stations emphasize local accessibility while
peripheral stations focus on broader connectivity.

CCS Concepts

« Computing methodologies — Neural networks; Machine
learning; « Information systems — Geographic information sys-
tems; » Networks — Network algorithms.

Keywords

Graph neural networks, spatio-temporal forecasting, urban mobil-
ity, attention mechanisms, bike-sharing systems, OpenStreetMap,
multi-scale features

1 Introduction

Urban bike-sharing systems generate massive mobility flows that
cities must predict to optimize rebalancing operations, plan infras-
tructure investments, and enhance user experience. The fundamen-
tal challenge lies in modeling both spatial dependencies between
stations and temporal dynamics simultaneously, while incorporat-
ing the rich urban context that fundamentally influences mobility
patterns [4].

Current spatio-temporal forecasting methods face a critical lim-
itation: they largely ignore the explicit multi-scale urban context
available through comprehensive geographical databases. While
Graph Neural Networks have advanced spatial modeling capabili-
ties and Recurrent Neural Networks excel at temporal prediction,
existing approaches fail to systematically leverage the hierarchical

different spatial scales.

Our work addresses this gap by enhancing the Diffusion Convo-
lutional Recurrent Neural Network (DCRNN) with two key innova-
tions: (1) systematic multi-scale OpenStreetMap feature extraction
capturing urban context at 500m, 1000m, and 1500m radii, and (2) a
soft attention fusion mechanism that learns to select appropriate
spatial scales for each station based on local urban characteristics.

This approach enables adaptive spatial reasoning where down-
town stations can focus on immediate walkability features (500m
radius) while peripheral stations emphasize broader connectivity
patterns (1500m radius). The result is a more contextually-aware
model that better captures the diverse urban morphologies present
in modern cities.

1.1 Related Work

Recent advances in spatio-temporal forecasting have explored var-
ious neural architectures for urban mobility prediction. ConvL-
STM [5] combines convolutional and recurrent mechanisms but
treats spatial relationships as Euclidean, missing the complex con-
nectivity patterns of urban networks. ST-GCN [7] applies graph
convolution to spatio-temporal data but lacks hierarchical urban
context integration.

DCRNN [4] models spatial dependencies through graph diffusion
convolution with recurrent units, showing promising results for
traffic forecasting. However, existing work focuses primarily on
transportation networks without systematic integration of urban
geographic features. Recent attention-based approaches [3, 6] have
shown benefits of adaptive spatial-temporal modeling, but have not
explored multi-scale urban context fusion.

Our approach uniquely combines DCRNN with systematic multi-
scale urban features and attention-based fusion specifically de-
signed for bike-sharing prediction, creating a framework that is
both theoretically grounded and practically applicable to urban
mobility management.

1.2 Contributions
Our main contributions are:

e Multi-scale urban context integration: We introduce
an attention-based fusion of multi-scale OSM features, en-
abling interpretable spatio-temporal GNN forecasts that
align with urban morphology across multiple spatial scales
(500m/1000m/1500m).

e Attention-based scale fusion: Novel soft attention mech-
anism that adaptively weights spatial scales based on station
urban characteristics and geographic context.
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e Strong empirical validation: Comprehensive evaluation
showing approximately 13% RMSE improvement over strong
baselines on 90,000 trips across 714 stations.

o Interpretable urban insights: Analysis demonstrating
that learned attention patterns align with urban planning
principles and provide actionable insights for infrastructure
development.

2 Multi-Scale Urban Context Framework

2.1 Problem Formulation

Given a bike-sharing network represented as a graph G = (V, E, A)
with N = 714 stations, our objective is to predict the future flow
matrix ¥+ e RN*N from historical sequences h*~T*) and multi-
scale urban features X.

The spatial adjacency matrix A encodes station proximity using
Gaussian kernel weighting:

2
Ay = %
ij =expl-—5 s Lie N (i) 1)

where d;; is the haversine distance between stations i and j, o = 2
km is the bandwidth parameter, and Nj (i) represents the k = 10
nearest neighbors of station i.

Each station v; is enriched with hierarchical OpenStreetMap-
derived features extracted at multiple spatial scales:

Xi(r) = OSMExtract(lat;, lon;, radius = r) 2)
_1f0 (r) ¢(r) (r)
- [ftrz:nsport’ fl‘)(:l ’fla;duse’ in;ra] (3)

For r € {500m, 1000m, 1500m}, this yields 47 features per scale
encompassing transportation infrastructure (road density, inter-
section count), points-of-interest diversity (restaurants, retail, ed-
ucation), land use patterns (residential, commercial ratios), and
network connectivity metrics.

Figure 1 illustrates our enhanced DCRNN architecture that sys-
tematically integrates multi-scale urban context through attention-
based feature fusion mechanisms.

2.2 Attention-Based Multi-Scale Feature Fusion

Rather than simple concatenation of multi-scale features, we em-
ploy learnable attention with station-specific context awareness.
The fusion mechanism computes attention weights based on both
the features themselves and the station’s urban context:

¢; = tanh(W, - [lat;, lon;, degree;]) 4)

ai(r) = softmax(W, - [XESOO),XEIOOO),XS‘%OO), ci]) (5)

Xgused — Z a,i(r) . Xl(r) (6)
r

Here, c; captures station centrality characteristics and degree;
represents the node degree in the spatial graph. This design enables
urban core stations (high centrality) to emphasize fine-grained walk-
ability features (500m) while peripheral stations (low centrality)
focus on broader accessibility patterns (1500m).
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2.3 Enhanced DCRNN Architecture

We integrate the fused multi-scale features into DCRNN’s Diffusion
Convolutional GRU cells. The core innovation lies in the precise
mathematical formulation of spatial diffusion that captures both
incoming and outgoing flow dependencies.

Diffusion Convolution Operator: The diffusion convolution
captures spatial dependencies through bidirectional random walks
on the station graph:

K-1
D6(X,0) = > 0P X + 0P X )
k=0

where the transition matrices are defined as:

pleu) =p; LA, PUM =D IAT (8)
Dous = diag( )’ Aij), Din = diag( )’ Aij) )
Jj i

DCGRU Cell Implementation: The Diffusion Convolutional
GRU cell integrates spatial and temporal dependencies:

' = o(Dg([H'V, X1, X, @) (10)
u = o(Dg([H'V, X1, X, 0,)) (11)
C" = tanh(Dg (X, 1 o H7D, X @)  (
H® =u® oygt-b 4+ (1- u(t)) oc® (

12)
13)

where X(©) € RN*N represents the flattened flow matrix at time
¢, Xfused ¢ RNX141 ohtaing the attention-fused multi-scale features,
and [+, -] denotes concatenation along the feature dimension.

Encoder-Decoder Framework: The complete architecture pro-
cesses T = 6 historical time steps to predict 7 = 1 future step:

H{}) = DCGRU-Encoder({X*~T*)} xfused ) (14)
Y+ — DCGRU-Decoder(ng> xtused ) (15)

Node-to-Flow Transformation: While DCRNN outputs per-
station hidden states H") € RN*9: e transform these to origin-
destination flows through a learned projection. Each station’s hid-
den state captures both its role as origin and destination. The final
prediction layer computes pairwise flows as:

Sl{origin) _ WoutHEt) +bous (16)
) W, 1O 1, )
U = ReLU(S{™ ™ - 190 4 Wiyiq,) (18)

where Wy, Wi, € R¥%>dproj project hidden states to origin/destination

embeddings, and the dot product captures flow affinity between
station pairs.

The decoder employs scheduled sampling during training with
decay probability ¢; = max(0,1 — t/T;zq1) Where Tyorq1 = 1000
represents the total training epochs. Parameter dimensions: K =3
diffusion steps, hidden dimensions dj, = 64, and learnable parame-
ters ©,,0,, 0, € R(141+64+N)><64.

3 Experimental Setup and Results

3.1 Dataset and Preprocessing

Our evaluation leverages a comprehensive Swiss bike-sharing dataset
with detailed data collection and preprocessing pipeline:
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DCRNN Architecture for Spatio-Temporal Flow Prediction

k=1
Diffusion Convolution: Dg(X,©) = > Ox(D5'A)X
K=o

(Graph Structure (Adjacency Matrix A))

DCGRU DCGRU DCGRU DCGRU DCGRU DCGRU DCGRU
t6 t5 t4 t3 t-2 t1 Decoder
A A A A A
OsM osM OosM osM 0OosM OsM OosM
Features Features Features Features Features Features Features

Historical Flow Sequences
F(t*ﬁ t)

Predicted Flow
Fle+1)

Figure 1: DCRNN Architecture with Multi-Scale OSM Feature Integration. The encoder processes historical flow sequences with
spatial diffusion convolution while the decoder generates future predictions using attention-fused multi-scale urban features.

Data Collection Pipeline:

e Temporal Coverage: 192 hours of continuous mobility
data with 98.7% data completeness, hourly aggregation

e Spatial Scale: 714 stations across 3 major Swiss cities with
mean inter-station distance of 1.2km

e Flow Statistics: 90,000 trips with mean flow of 12.6 and
standard deviation of 18.3 trips/hour/station (aggregated
station-level flows, not pairwise)

e Network Properties: Mean degree 10.0, clustering coeffi-
cient 0.31, network diameter 8 hops

OSM Feature Extraction Methodology: Multi-scale feature
extraction employs the OSMnx framework [1] with systematic
spatial buffering:

(1) Spatial Buffering: Create circular buffers of radius r €
{500, 1000, 1500} meters around each station

(2) Transportation Features (15 features): Road network
density, intersection count, highway access, bike lane length,
public transit stops

(3) Land Use Features (12 features): Residential ratio, com-
mercial density, industrial coverage, green space percentage

(4) POI Features (11 features): Restaurant count, retail den-
sity, educational facilities, healthcare access, entertainment
venues

(5) Infrastructure Features (9 features): Parking facilities,
traffic signals, pedestrian crossings, bridge access

Total feature dimensionality: 47 features x 3 scales = 141 dimen-
sions per station.
Data Preprocessing Pipeline:

(1) Flow Matrix Construction: Aggregate trip data into hourly
origin-destination matrices F(*) e R714x714

(2) Temporal Smoothing: Apply moving average filter with
window size 3 to reduce noise

(3) Feature Normalization: StandardScaler normalization:
X = x%” for each feature dimension

(4) Graph Construction: Gaussian kernel adjacency with
o = 2 km, k-NN connectivity with k = 10

(5) Train/Val/Test Split: 60%/20%/20% temporal split main-
taining chronological order

Evaluation Protocol: The 60%/20%/20% split provides the pri-
mary train/validation/test division for model development and final
evaluation. Additionally, 5-fold temporal cross-validation is per-
formed within the training set for hyperparameter selection and
model validation, ensuring robust parameter selection while main-
taining temporal ordering constraints.

Data Quality and Statistics: Missing data handling employs
linear interpolation for gaps < 2 hours, zero-padding for longer
gaps. Outlier detection employs the Isolation Forest algorithm with
contamination factor 0.05 to identify and remove anomalous flow
patterns. Weather integration includes temperature, precipitation,
and wind speed from MeteoSwiss stations. The comprehensive
dataset captures weekday/weekend patterns (p = 0.34), peak hour
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Multi-Scale OSM Feature Extraction

Restaurants

Roads

Parks

Xfused = zar . X(r)
r

Figure 2: Multi-Scale OSM Feature Extraction and Attention-Based Fusion. Shows how different spatial scales (500m, 1000m,
1500m) capture varied urban context and how attention weights adapt based on station characteristics.

dynamics (morning: 7-9am, evening: 5-7pm), and weather impacts
(rain days show 23% flow reduction).

3.2 Training Configuration and ML Pipeline

Model Implementation: Our PyTorch implementation employs
the following architecture specifications:

e Optimizer: Adam with learning rate 1073, f; = 0.9, 8, =
0.999, weight decay 107

e Batch Configuration: Batch size 32, sequence length 6
hours, prediction horizon 1 hour

o Network Architecture: Hidden dimensions 64, dropout
rate 0.2, 3 diffusion steps

e Regularization: L2 penalty A = 107, gradient clipping at
norm 5.0

Training Procedure:
Hyperparameter Selection: Grid search optimization over key
hyperparameters:

e Learning rate: {107%,5x 1074,1073,5 x 1073}
e Hidden dimensions: {32, 64, 128}
o Diffusion steps: {2,3,4}

e Dropout rate: {0.1,0.2,0.3}

Validation RMSE guides selection with 5-fold temporal cross-validation.

Computational Infrastructure: Training performed on NVIDIA
RTX 3080 GPUs with 8GB memory. Single model training requires
approximately 71.4 minutes with early stopping. Memory usage:
2.4GB peak during training, enabling efficient batch processing.

Baseline Methods: We compare against comprehensive base-
lines representing different methodological approaches:

e Historical Average: Simple temporal averaging baseline
(no OSM features)

o ARIMA: Auto-regressive integrated moving average for
time series prediction (no OSM features)

e XGBoost: Gradient boosting with engineered spatiotem-
poral features [2] (no OSM features)

e ConvLSTM: Convolutional LSTM for spatio-temporal mod-
eling [5] (no OSM features)

o ST-GCN: Spatio-temporal graph convolutional networks [7]
(no OSM features)

These baselines represent traditional statistical, machine learn-
ing, and state-of-the-art deep learning approaches to spatio-temporal
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Algorithm 1 Enhanced DCRNN Training Pipeline

Require: Flow data ¥, Multi-scale features X, Graph G
Ensure: Trained model ©*
1: Initialize parameters ©, optimizer, schedulers

2 Dirains Doal, Drest < temporal_split(F, [0.6, 0.2, 0.2])
3: for epoch = 1 to max_epochs do

4: for batch in Dy, 4 do

5: Xfusea < attention_fusion(X, @)

6: Y « DCRNN_forward(batch, Xfused» G» ©)
7 L — MSE(Y, Yyrue) + A1O]]2

8 © « Adam_update(Vo L)

9: end for

10: Lya1 — validate(D,,;, ©)

11: if L, improves then

12: save_checkpoint(®)

13: else

14: patience_counter += 1

15: end if

16: if patience_counter > 15 then break

17: end if

18: end for

=

9: return ©" from best checkpoint

prediction. Importantly, none of the baseline methods incorpo-
rate OpenStreetMap features, ensuring that performance gains
are attributed to our architectural innovations rather than access
to additional input features.

3.3 Performance Comparison

Table 1 presents the comparative performance showing substantial
improvements from our multi-scale approach.

Table 1: Performance comparison on Swiss bike-sharing
dataset

Table 2: Ablation study showing component contributions

s

Configuration RMSE MAE R’

DCRNN baseline 3.21 234  0.598
+ Single OSM 2.78 1.89 0.687
+ Multi-scale 2.64 1.81 0.704
+ Attention 2.52 1.74 0.723

The ablation study demonstrates that OpenStreetMap features
provide the largest performance gain (13.4% RMSE reduction), multi-
scale integration adds ~5.0% additional RMSE reduction over single-
scale, and attention fusion yields a further ~4.5%.

RMSE Comparison

MAE Comparison

sa7

sas

204

Figure 3: Performance comparison across all baseline meth-
ods showing consistent improvements from our multi-scale
approach. Error bars indicate 95% confidence intervals from
5-fold cross-validation.

by

Type

Learned Af
Urban Dense
Urban Medium
g
g
&
<
s
g
@
Suburban 0.3
Peripheral 0.2

0.1

0.2

0.3

500m

1000m
Spatial Scale

1500m

°
=
ublapm uonuaNY

0.2

0.1

Method RMSE MAE R?

Historical Avg.  4.23 312 0421
ARIMA 3.87 2.89 0.534
XGBoost 3.34 243 0.598
ConvLSTM 3.12 2.19 0.634
ST-GCN 2.89 1.97 0.672
Ours 2.52 1.74 0.723
vs ST-GCN 12.8% 11.7% 7.6%

The results demonstrate consistent and significant improvements
across all metrics. Statistical validation through paired t-tests con-
firms significance (p < 0.001, Cohen’s d = 1.34). Performance gains
are consistent across different station types: urban core stations
(+15% vs. ST-GCN), suburban stations (+12%), and mixed urban
zones (+14%).

3.4 Ablation Study

Table 2 reveals the progressive contribution of each component in
our framework.

Figure 4: Learned attention weights visualization showing
adaptive spatial scale selection. Downtown stations (red) em-
phasize 500m features while peripheral stations (blue) focus
on 1500m context.

3.5 Computational Performance and Scalability

Computational efficiency is critical for real-time deployment in
operational bike-sharing systems. Our implementation demon-
strates competitive performance characteristics while maintaining
superior predictive accuracy. Training on the 714-station network
requires 71.4 minutes on NVIDIA RTX 3080 with 8GB memory,
achieving convergence within 200 epochs through early stopping
mechanisms.
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Inference time scales linearly with network size, requiring 97.1
milliseconds for full 714x714 flow matrix prediction. The attention
mechanism adds minimal computational overhead (3.2% increase)
while providing substantial accuracy improvements. Memory con-
sumption remains reasonable at 2.4GB peak usage during training,
enabling deployment on standard GPU infrastructure.

Profiling analysis reveals that graph convolution operations con-
sume 67% of computation time, attention fusion requires 18%, and
temporal modeling accounts for 15% of total inference cost. This dis-
tribution suggests opportunities for further optimization through
sparse matrix operations and attention pruning techniques.

3.6 Detailed Feature Analysis and Urban
Insights

The multi-scale feature extraction captures comprehensive urban
context across three spatial scales, yielding distinct insights into
mobility-driving factors:

Fine-Scale Features (500m radius): Emphasize immediate
walkability and accessibility. Key features include pedestrian cross-
ing density (weight=0.34), sidewalk continuity (0.29), and retail
accessibility (0.28). These features strongly predict short-distance
trips and station choice for casual users.

Medium-Scale Features (1000m radius): Capture neighbor-
hood characteristics and mixed-use development patterns. Dom-
inant features include public transit connectivity (weight=0.41),
cycling infrastructure quality (0.35), and land use diversity (0.31).
This scale effectively predicts commuting patterns and rush-hour
demand.

Broad-Scale Features (1500m radius): Reflect regional acces-
sibility and transportation infrastructure. Major highways density
(weight=0.47), employment center proximity (0.38), and regional
connectivity (0.33) dominate this scale. These features predict long-
distance trips and weekend recreational usage.

Feature importance analysis employs integrated gradients attri-
bution, revealing that transportation infrastructure accounts for
32% of predictive importance, followed by points-of-interest (28%),
land use patterns (24%), and connectivity metrics (16%). This dis-
tribution aligns with transportation planning theory emphasizing
infrastructure and accessibility as primary mobility determinants.

3.7 Cross-City Generalization and Transfer
Learning

Evaluation across different Swiss cities demonstrates robust gen-
eralization capabilities. Training on Zurich data and testing on
Basel achieves 89% of in-city performance (RMSE metric: 2.83 vs
2.52), indicating effective capture of generalizable urban mobility
patterns.

Transfer learning experiments show that pre-training on large
city networks and fine-tuning on smaller cities requires only 23%
of original training time while achieving 94% of full training per-
formance (RMSE metric). The 23% refers to fine-tuning epochs (ap-
proximately 46 epochs out of 200), chosen through early stopping
when validation loss plateaued. Cross-city protocol details: The
spatial graph maintains block-diagonal structure with no inter-city
edges during transfer learning. Results represent averages across 3
random seeds. Graph adjacency is constructed independently for

Oyolo et al.

each city using the same k-NN connectivity (k=10) and Gaussian
kernel parameters (o = 2 km), ensuring consistent spatial modeling
across different urban contexts.

The attention mechanism proves particularly transferable, with
learned scale preferences showing consistent patterns across cities:
urban core stations maintain fine-scale focus (asg9 = 0.64 + 0.11)
while peripheral stations emphasize broad-scale features (at1500 =
0.57 £ 0.13) regardless of specific city characteristics.

3.8 Attention Pattern Analysis and
Interpretability

Analysis of learned attention weights reveals three distinct station
clusters with interpretable urban characteristics:

e Urban Dense (n=187): High attention on 500m features
(as00 = 0.68 + 0.12), emphasizing local walkability and
immediate amenity access.

e Peripheral (n=342): Strong weighting on 1500m features
(a1500 = 0.59 =+ 0.15), focusing on broader connectivity and
accessibility patterns.

e Mixed Zones (n=185): Balanced attention weights across
scales, reflecting intermediate urban morphology and tran-
sitional characteristics.

Statistical correlation analysis shows attention weights strongly
correlate with urban density metrics (r = 0.74, p < 0.001) and neg-
atively with distance-to-city-center (r = -0.68). This validates our
hypothesis that urban morphology drives optimal spatial scale se-
lection.

3.9 Comprehensive Methodology Details

Our enhanced DCRNN architecture incorporates several technical
innovations beyond basic multi-scale feature integration. The data
preprocessing pipeline handles missing values through spatial in-
terpolation using K-nearest neighbor imputation (K=5) based on
geographical distance and historical similarity. Outlier detection
employs the Isolation Forest algorithm with contamination factor
0.05 to identify and remove anomalous flow patterns.

Advanced Spatial Graph Construction: The spatial depen-
dency graph construction extends beyond simple distance-based
connectivity. We incorporate multi-layer graph representations
capturing different interaction types:

e Geographical Layer: Euclidean distance-based connec-
tions with Gaussian weighting

o Functional Layer: Similarity-based connections using co-
sine distance on station features

e Temporal Layer: Historical flow correlation-based con-
nections (p > 0.3)

The final adjacency matrix combines these layers through learned
attention weights: Afing; = @gAgeo + afApunc + arAremp, Where
weights are learned during training,.

Enhanced Training Procedures: Model training employs sev-
eral stability-enhancing techniques:

e Curriculum Learning: Progressive increase in prediction
horizon from 1-step to full 6-step ahead

e Mixup Augmentation: Linear interpolation of input se-
quences with mixing coefficient A ~ Beta(0.2,0.2)
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e Gradient Clipping: Norm-based clipping at threshold 1.0
to prevent exploding gradients

e Learning Rate Scheduling: Cosine annealing with warm
restarts every 50 epochs

4 Urban Planning Insights and Applications
4.1 Interpretable Spatial Patterns

The learned attention mechanism provides actionable insights for
urban planning and infrastructure development. Downtown sta-
tions’ emphasis on 500m features aligns with walkability principles
and 15-minute city concepts, while peripheral stations’ focus on
1500m connectivity reflects car-dependent suburban mobility pat-
terns.

These patterns suggest targeted infrastructure strategies: dense
urban areas benefit from local amenity integration and pedestrian
infrastructure, while suburban stations require enhanced connec-
tivity through transit links and cycling infrastructure extending to
broader catchment areas.

4.2 Policy Implications and Urban Design
Guidelines

Our analysis provides evidence-based recommendations for urban
planners and transportation authorities:

Station Placement Optimization: Attention weight analysis
identifies optimal station locations based on multi-scale urban char-
acteristics. High-attention fine-scale features suggest placement
near pedestrian-friendly intersections with rich amenity access.
Broad-scale attention indicates strategic positioning at transporta-
tion hubs and employment centers.

Infrastructure Investment Priorities: Feature importance
rankings guide infrastructure investment decisions. Transportation
infrastructure improvements yield highest impact (32

Demand-Responsive Planning: Predicted flow patterns en-
able proactive urban planning. High-demand corridors identified
through model predictions can guide protected bike lane develop-
ment, while low-utilization areas suggest opportunities for demand
stimulation through amenity development.

4.3 Operational Applications and Real-Time
Deployment

The model’s computational efficiency (97.1 milliseconds inference
time for 714 stations) enables real-time deployment for operational
decision-making. Applications include:

e Dynamic Rebalancing: Proactive truck deployment based
on predicted flow imbalances, reducing rebalancing costs
by estimated 23%

e Pricing Optimization: Dynamic pricing strategies based
on anticipated demand patterns, improving revenue while
managing congestion

e Infrastructure Planning: Station placement optimization
using attention weight analysis for expansion planning

e Capacity Management: Proactive capacity adjustments
to reduce user wait times and improve service quality

4.4 Scalability and Smart City Integration

The framework demonstrates strong scalability characteristics suit-
able for smart city deployment. GPU memory usage scales approxi-
mately O(N?) with network size, remaining practical for cities up
to 2000 stations. Distributed training across multiple GPUs enables
handling of larger metropolitan networks.

Integration with smart city infrastructure provides additional
benefits:

e Traffic Management: Real-time bike flow predictions in-
form traffic signal optimization and congestion manage-
ment

e Public Transit Coordination: Predicted demand patterns
enable coordinated bike-transit service planning

¢ Environmental Monitoring: Flow predictions contribute
to air quality modeling and emission reduction strategies

e Economic Analysis: Mobility patterns inform commercial
development and urban economic planning

5 Discussion and Future Directions

5.1 Technical Contributions and Limitations

Our framework introduces systematic multi-scale urban context
integration and attention-based fusion for spatio-temporal GNNs.
The approach maintains computational efficiency while providing
substantial performance improvements and interpretable insights
aligned with urban planning principles.

Current limitations include reliance on static OpenStreetMap
features that miss dynamic urban factors such as weather condi-
tions, public events, and real-time transit disruptions. The focused
temporal dataset of 90,000+ trips across 192 hours, while compre-
hensive in trip volume, represents limited seasonal variation and
may not capture long-term mobility pattern evolution.

5.2 Methodological Advances and Novel
Contributions

The multi-scale attention mechanism represents a significant method-
ological advance over existing approaches. Unlike previous methods
that use single-scale features or simple concatenation, our approach
learns adaptive scale selection based on local urban characteris-
tics. This innovation addresses a fundamental limitation in current
spatio-temporal GNN literature where spatial context is either ig-
nored or treated uniformly across all locations.

The attention visualization capabilities provide unprecedented
interpretability for urban mobility prediction models. Previous GNN
approaches in transportation operate as black boxes, offering lim-
ited insights for urban planners and transportation authorities. Our
attention weights directly translate to actionable urban design prin-
ciples, bridging the gap between machine learning predictions and
urban planning practice.

Comparison with State-of-the-Art Methods: Recent advances
in spatio-temporal prediction include Transformer-based architec-
tures and advanced graph neural networks. However, these ap-
proaches generally focus on improving temporal modeling or graph
representation learning while neglecting the integration of rich
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urban context. Our work demonstrates that systematic feature engi-
neering combined with attention-based fusion can achieve superior
performance compared to purely architectural innovations.

The computational efficiency of our approach enables practical
deployment scenarios that many recent deep learning methods
cannot support. While transformer-based spatio-temporal mod-
els achieve impressive results on benchmark datasets, their com-
putational requirements often exceed operational constraints for
real-time bike-sharing applications.

5.3 Urban Morphology and Mobility Patterns

Our analysis reveals fundamental relationships between urban mor-
phology and mobility patterns that extend beyond bike-sharing to
general urban transportation understanding. The learned attention
patterns reflect established urban planning principles:

Dense Urban Core Patterns: High attention on fine-scale fea-
tures (500m) in dense urban areas aligns with walkability theory
and the 15-minute city concept. These stations emphasize imme-
diate accessibility features including sidewalk quality, pedestrian
crossing density, and retail diversity. The model learns that users
in dense areas make location decisions based on micro-level urban
characteristics.

Suburban and Peripheral Patterns: Emphasis on broad-scale
features (1500m) in peripheral areas reflects car-dependent subur-
ban mobility patterns where accessibility to regional transportation
infrastructure dominates location choices. These areas require dif-
ferent infrastructure strategies focused on connectivity rather than
local walkability.

Transitional Zone Characteristics: Mixed attention patterns
in transitional zones reveal the complexity of urban morphology
where neither pure walkability nor pure connectivity adequately
captures mobility drivers. These areas represent opportunities for
targeted interventions that could shift mobility patterns toward
more sustainable modes.

5.4 Policy Implications and Implementation
Strategies

The framework provides evidence-based support for several key
policy directions:

Infrastructure Investment Prioritization: Feature impor-
tance analysis quantifies the relative impact of different infras-
tructure types on mobility patterns. Transportation infrastructure
improvements show highest predictive importance (32%), suggest-
ing that connectivity investments yield maximum impact on bike-
sharing usage. This finding supports prioritizing protected bike
lanes and transit integration over amenity development alone.

Zoning and Land Use Planning: The 24% importance of land
use features demonstrates the significant impact of mixed-use de-
velopment on bike-sharing success. Areas with diverse land use
patterns show higher usage and more predictable demand, support-
ing zoning policies that encourage mixed-use development near
bike-sharing stations.

Equity and Access Considerations: Attention pattern analysis
reveals systematic differences in infrastructure needs across differ-
ent urban contexts. Dense areas require different interventions than
peripheral areas, suggesting that equitable bike-sharing expansion

Oyolo et al.

must consider context-specific infrastructure requirements rather
than uniform deployment strategies.

5.5 Broader Impact for Smart Cities

This work contributes to the development of more intelligent and
responsive urban mobility systems. Enhanced prediction accuracy
supports sustainable transportation through improved bike-sharing
efficiency, potentially encouraging mode shift from private vehicles
and reducing urban emissions.

The interpretable attention mechanism provides transparency
for urban planners and transportation operators, supporting evidence-
based infrastructure decisions and policy development. However,
algorithmic bias toward high-demand areas requires careful consid-
eration to ensure equitable service provision across different urban
communities.

5.6 Future Research Directions and Extensions

Future extensions include several promising research directions
that could further advance the field:

Dynamic Feature Integration: Incorporating real-time dy-
namic factors such as weather conditions, public events, and transit
disruptions represents a natural extension. Weather data integra-
tion could capture the 23% usage reduction observed during rain
days, while event detection could predict demand spikes during
festivals or sports events. Real-time traffic data could enhance the
transportation infrastructure features with dynamic congestion
information.

Temporal Attention Mechanisms: Current work focuses on
spatial attention for feature fusion. Temporal attention mechanisms
could provide adaptive historical context weighting, allowing the
model to emphasize recent trends during stable periods while draw-
ing on longer historical patterns during disruptions. This could
improve prediction accuracy during holidays, extreme weather, or
special events.

Multi-Modal Transportation Integration: Extension to multi-
modal transportation systems including scooters, car-sharing, and
public transit represents a significant opportunity. The attention-
based framework could learn cross-modal dependencies, enabling
coordinated prediction across different transportation modes. This
would support integrated mobility-as-a-service platforms and holis-
tic urban transportation planning.

Causal Modeling and Policy Analysis: Current work focuses
on prediction accuracy without addressing causality. Causal model-
ing approaches using interventional data or natural experiments
could enable counterfactual analysis for policy evaluation. Ques-
tions such as "How would protected bike lane installation affect
demand patterns?" require causal rather than predictive modeling
frameworks.

Graph Structure Learning: Static spatial graphs may not cap-
ture evolving urban networks and changing mobility patterns.
Graph structure learning approaches could adapt connectivity pat-
terns based on observed flow patterns, seasonal variations, and in-
frastructure changes. This would enable the model to automatically
detect emerging mobility corridors and adjust spatial dependencies
accordingly.
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Long-Term Seasonal Modeling: Current evaluation covers
a focused 192-hour period, limiting seasonal analysis. Long-term
studies covering multiple seasons could reveal how attention pat-
terns adapt to seasonal variations in mobility behavior. Winter
cycling patterns likely emphasize different infrastructure features
than summer patterns, requiring seasonal attention adaptation.

Transfer Learning and Cross-City Adaptation: While initial
transfer learning results show promise, deeper investigation of
cross-city generalization could enable rapid deployment to new
cities with limited data. Meta-learning approaches could identify
universal urban mobility principles while adapting to city-specific
characteristics. This would accelerate global bike-sharing system
optimization.

Privacy-Preserving Approaches: Increasing privacy concerns
require development of federated learning approaches that enable
model training without centralized data sharing. Differential pri-
vacy techniques could protect individual mobility patterns while
preserving aggregate prediction accuracy. This would enable cross-
city model sharing while respecting privacy regulations.

6 Conclusion

We present an attention-fused multi-scale framework that signifi-
cantly advances spatio-temporal GNN performance for urban mo-
bility forecasting. By systematically integrating hierarchical Open-
StreetMap features with learnable attention fusion, our approach
achieves approximately 13% RMSE improvement over strong base-
lines while providing interpretable insights aligned with urban
planning principles.

The key innovation lies in recognizing that effective urban mobil-
ity prediction requires adaptive spatial context—downtown stations
benefit from local accessibility features while peripheral stations
require broader connectivity information. This insight, validated
through comprehensive evaluation on 90,000 trips, offers a promis-
ing direction for developing more intelligent and contextually-
aware urban mobility systems.

Our results demonstrate that incorporating explicit multi-scale
urban context through attention-based feature fusion provides a
strong foundation for next-generation smart city applications, sup-
porting both operational efficiency and strategic infrastructure
planning in urban transportation systems.

6.1 Technical Summary and Key Findings

The multi-scale attention framework achieves superior performance
through three key technical innovations: (1) systematic OpenStreetMap
feature extraction across three spatial scales capturing different
aspects of urban morphology, (2) station-specific attention mech-
anisms that learn to weight spatial scales based on local urban
characteristics, and (3) integration with DCRNN architecture that
preserves both spatial and temporal modeling capabilities.
Experimental validation demonstrates consistent improvements
across multiple metrics: 12.8% RMSE reduction, 11.7% MAE im-
provement, and 7.6% R* increase compared to state-of-the-art spatio-
temporal GNNs. These gains translate to practical benefits includ-
ing reduced prediction errors for operational decision-making and
enhanced model interpretability for urban planning applications.

The attention analysis reveals interpretable patterns that align
with established urban planning principles. Dense urban areas em-
phasize fine-scale walkability features while peripheral areas focus
on broad-scale connectivity patterns. This differentiation provides
actionable insights for infrastructure investment prioritization and
evidence-based urban design decisions.

6.2 Broader Impact and Societal Implications

This work contributes to sustainable urban transportation by en-
abling more efficient bike-sharing operations that could encourage
modal shift from private vehicles. Enhanced prediction accuracy
supports proactive rebalancing strategies, reducing operational
costs while improving user experience. The interpretable attention
mechanism provides transparency for policy decisions, supporting
evidence-based infrastructure planning.

The framework’s computational efficiency enables real-time de-
ployment in operational systems, supporting immediate practical
applications. Cross-city generalization results suggest scalability to
global bike-sharing networks, potentially accelerating sustainable
transportation adoption in diverse urban contexts worldwide.

However, careful consideration of algorithmic bias and equity
implications remains essential. The model’s tendency to achieve
higher accuracy in high-demand areas could inadvertently reinforce
existing transportation inequities if deployment strategies favor
accuracy over equitable service provision across diverse urban
communities.

6.3 Research Contributions and Future Impact

Our work establishes a new paradigm for incorporating multi-scale
urban context into spatio-temporal neural networks. The attention-
based feature fusion mechanism provides a general framework
applicable beyond bike-sharing to other urban mobility prediction
tasks including scooter-sharing, car-sharing, and pedestrian flow
forecasting.

The systematic OpenStreetMap feature extraction methodology
provides a replicable approach for capturing urban context that
could benefit broader urban analytics applications. The feature im-
portance analysis methodology offers a template for understanding
how different aspects of urban infrastructure influence mobility
patterns.

Future research building on this foundation could explore dy-
namic feature integration, temporal attention mechanisms, and
causal modeling approaches for policy analysis. The interpretable
attention framework provides a foundation for developing more
transparent and accountable urban Al systems that support collab-
orative human-AI decision-making in urban planning contexts.

The methodological framework established in this work provides
a template for incorporating domain-specific contextual features
into spatio-temporal neural networks across various application
domains. Beyond transportation, similar multi-scale attention ap-
proaches could benefit air quality prediction, energy consumption
forecasting, and urban growth modeling by systematically integrat-
ing relevant geographical and infrastructure features.

Our open-source implementation and comprehensive experi-
mental validation provide a foundation for reproducible research in
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urban Al applications. The systematic evaluation methodology, at-
tention visualization techniques, and cross-city validation protocols
offer standardized approaches for future research in context-aware
urban mobility prediction.

The computational efficiency and interpretability characteris-
tics of our framework make it particularly suitable for operational
deployment in smart city environments. Real-time prediction ca-
pabilities combined with transparent decision-making processes
support both automated system operations and human oversight
requirements essential for responsible AI deployment in urban
infrastructure management.

This work establishes multi-scale context integration as a funda-
mental requirement for effective urban Al systems, providing both
theoretical foundations and practical implementation strategies for
next-generation intelligent transportation systems that can adapt
to diverse urban environments while maintaining transparency and
accountability in decision-making processes.
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