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Motivation & Objective

Cycling is gaining traction as a sustainable mode of transport, yet most
route-choice models rely on static infrastructure (distance, lane type,
slope) and ignore the dynamic context.
Evidence shows route choice is also shaped by weather, time of week,
and the rider. This thesis develops a framework to integrate these dynamic
conditions into a data-driven, static, infrastructure-only model and tests
whether they add explanatory power for cyclist route choice.
Research hypothesis
Including dynamic variables improves the prediction of observed cyclist
routes relative to a static-only baseline.

Data & Variables

4,595 GPS bicycle trips from the Mobilitaet.Leben panel study, map-
matched to an OSMNetFusion-simplified Munich network of 7,870 directed
edges.
A temporal join attaches DWD hourly weather to each trip departure;
14.8% of trips with missing weather are flagged. Final unified input: 37
features.
27 static features
• Geometry (length, slope, surface, width), cycling infrastructure (bike 

road, lanes, paths), traffic exposure (speed, volume, lanes), 
environment (lighting, green/retail areas), road hierarchy.

10 dynamic features
• Weather: temperature, humidity, wind U/V components, precipitation. 

Temporal: weekend flag. Socio-demographic: age, gender, income.

Model Family 

Three model variants share one idea: convert each edge’s features
into a scalar cost, then let Dijkstra’s algorithm find the lowest-cost
path. They differ in how static and dynamic features are combined.
1. Sequential — Linear Regression
• Static (27) and dynamic (10) features are concatenated into one 37-

vector and mapped to edge cost by a single weighted sum plus bias, 38 
learnable parameters. Coefficients are directly interpretable as 
attractors or deterrents.

2. Sequential — Neural Network
• Same concatenated input, but passed through a hidden layer (Softplus 

output) so non-linear feature interactions can be,
3. Gated Fusion
• A static stream forms a 16-dim infrastructure embedding; a dynamic 

stream forms a 16-dim sigmoid gate. The gate multiplies the embedding 
element-wise, so dynamic context modulates the weighting of each 
infrastructure dimension.

Optimisation & Metric

Training: all variants are optimised with CMA-ES (Covariance Matrix
Adaptation Evolution Strategy), a gradient-free evolutionary optimiser,
by maximising route overlap on the training trips.
Metric — Actual Path Coverage (APC): the share of the observed
route length that overlaps the predicted shortest path. APC = 0 means
no overlap; APC = 1 means perfect prediction.

Key Results

Adding dynamic variables raised test APC from 0.473 (static-only
baseline) to 0.587 — a 24% relative improvement in route prediction.
The simplest model (Linear Regression, 38 parameters) performed best:
added complexity in the Neural Network and Gated Fusion did not improve
APC at this trip volume.

Feature Importance (SHAP)

SHAP analysis on the trained model ranks feature contributions to route
prediction. Socio-demographic and weather features dominate the top of
the ranking, confirming that dynamic context — not infrastructure alone —
drives cyclist route choice.

Three-Way Interaction

The trained Neural Network version of the Sequential Routing Model is
used to develop the interactions among socio-demographic, weather, and
static infrastructure variables.
The structure of a three-way interaction includes three domains: who rides
(rider demographic profile), under what conditions (weather and temporal
context), and where (static infrastructure along predicted routes).

Application & Conclusions

Live routing tool: a web application turns the trained model into a real-
time, personalized router, showing observable route adaptation across
rider profiles and live weather conditions.
Conclusions
• Dynamic conditions carry genuine route-predictive information (+24% 

APC).
• Rich, meaningful trip data outweighs model complexity.
• Demographics and weather are the strong behavioral drivers.
Future work
• Multi-city validation, richer trip-purpose data, and different forms of 

incorporation of dynamic data. 
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