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Abstract.  

Active travel researchers often use satellite navigation 

data to investigate relationships between behaviour, 

infrastructure, environmental exposures, and/or health. 

These studies often employ map-matching algorithms to 

convert the raw waypoints into trajectories through a 

transport network. While less common, satellite 

navigation data can also be used to investigate motion 

characteristics such as variations in speed and 

acceleration, which is especially relevant for 

investigating safety and physical activity. Emerging 

literature has demonstrated the value in combining map-

matching with motion characteristics, but current 

methods are unreliable on noisy data. We present an 

open-source framework that integrates state-space 

modelling and map-matching to produce precise 

trajectories and consistent motion profiles using satellite 

navigation data. Our methodology takes advantage of 

additional information provided the raw waypoints (e.g., 

speed, accuracy) and knowledge of physical motion to 

capture plausible active travel behaviour even with noisy 

and variable-quality data. Through several examples, we 

demonstrate how the integrated methodology can produce 

more accurate motion profiles and map-matched 

trajectories versus existing methods, which is especially 

beneficial for data from older devices. This framework 

aims to support active travel research particularly in 

safety, environmental epidemiology, and physical activity, 

by enabling investigators to take greater advantage of 

available satellite navigation and network data. 
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BoK Concepts. [GC3-11-2] Space-time dynamic 

reasoning  

Keywords. Map-matching, Kalman filters, Active travel, 
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1 Introduction 

Supporting active travel (walking and cycling) is a 

growing policy and interdisciplinary research focus 

spanning geoscience, urban planning, transport, and 

health. Active travel is increasingly promoted for 

improving physical activity while reducing the carbon 

impacts of transport. While the health and sustainability 

benefits of increasing active travel are well-recognised, 

trade-offs with safety and road pollutant inhalation cause 

these health impacts to be unequally distributed both 

spatially and socio-demographically. 

Satellite navigation (GNSS) data has helped researchers 

better understand active travel behaviour. Smartphone 

apps with GNSS have modernised data collection in 

transport and physical activity surveys to more accurately 

capture walking and cycling in the context of everyday 

travel. Detailed GNSS traces can be linked with transport 

network and micro-geospatial data to understand the 

environments active travellers experience during their 

journeys. This linking can offer valuable information on 

health-relevant environmental exposures such as noise 

and pollutant inhalation (Woodcock et al., 2014). It can 

also help behavioural researchers understand and model 

the relationships between micro-environmental features 

(e.g., greenness and infrastructure) and the routes and 

modes active travellers choose (Broach & Dill, 2016; 

Basu et al., 2022). 

While existing active travel research has harnessed the 

spatial detail in GNSS data, there has been less attention 

to its potential for understanding motion dynamics. Speed 

and acceleration patterns are important for understanding 

active travel behaviour and health. They affect the energy 

intensity of walking and cycling (Herrmann et al., 2024), 

consequently influencing physical activity and pollutant 

inhalation. Excessive stopping and starting makes cycling 

less attractive (Winters et al., 2010; Grudgings et al., 
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2023), and acceleration dynamics are also indicative of 

cycling injury risks (Micucci & Sangermano, 2020). 

Motion dynamics depend on person-specific tolerances, 

abilities, and fitness (Ausri & Bigazzi, 2024), so the trade-

offs between potential benefits and risks of active travel 

vary from person to person. Data on motion dynamics can 

help active travel planners decide who and where to target 

for designing effective and safe infrastructure. 

We present a methodology and open-source framework 

for modelling active travel motion through a transport 

network using GNSS data. The methodology integrates 

state-space models and novel map-matching strategies to 

convert noisy GNSS traces into plausible moment-by-

moment motion traces. In the results section, we 

demonstrate how the integrated methodology can produce 

more realistic motion profiles and map traces versus 

existing approaches. 

2. Literature review 

Investigations into motion dynamics for active users have 

traditionally involved small-scale experiments on 

specialised equipment. For walking, treadmill tests are 

commonly used to assess how energy expenditure varies 

with speed and incline (Brage et al., 2007). For cycling, 

Parkin and Rotherham (2010) attached bar-mounted 

tracking devices to bicycle handlebars to estimate the 

relationship between gradient, acceleration, heart rate, 

and cycling energy expenditure. Zaripov and Gavrilovs 

(2019) monitored acceleration and energy profiles of an 

electric bicycle to capture relationships between 

acceleration, motor power, and human power. Milan et al. 

(2025) used an instrumented bike with various treadmill 

tests to investigate e-bike safety. 

Large-scale population studies typically simplify the 

motion characteristics of pedestrians and cyclists. Energy 

expenditure estimates often disregard the impact of 

acceleration and/or assume constant speeds (Woodcock et 

al., 2014; Staves et al., 2023). Studies that have explicitly 

considered acceleration have had to rely on modelled 

estimates rather than directly observed data (Cappelli et 

al., 2024; Cazor et al., 2025). Exceptions include Ma and 

Luo (2016) who used smartphone GNSS trajectories to 

understand and model bicycle motion, and Mohamed and 

Bigazzi (2019) who used smartphone GNSS trajectories 

to compare the dynamics and energy requirements of 

bikes and E-bikes. In these cases, motion was modelled in 

open 2D space without considering network constraints or 

features. 

Map-matching techniques have evolved over several 

decades to convert noisy GNSS data into plausible 

trajectories on a transport network (Lamb & Thiébaux, 

1999; Newson & Krumm, 2009; Millard-Ball et al., 

2019). The dominant approach in the state-of-the-art is 

hidden Markov modelling (HMM), which models 

potential matches as a series of hidden states with 

corresponding observation and transition probabilities 

(Han, 2015). Traditionally these probabilities were based 

on distances, but various adaptions have emerged to 

improve matching accuracy and realism. Haunert & 

Budig (2012) incorporated potential off-road movements 

due to incomplete network data. Wöltche (2023) 

introduced an open-source algorithm with novel pre-

processing, candidate search, and scoring strategies to 

improve accuracy. These existing implementations have 

primarily focused on motor vehicle traffic. In the context 

of active travel, Gao et al. (2024) introduced a cycle-

oriented algorithm with speed constraints and scoring that 

varied by link type. 

In separate but related work, state-space models and in 

particular Kalman filters have been applied extensively in 

vehicle and aviation navigation to estimate smooth 

trajectories using noisy GNSS data. Kalman filters can 

output reliable moment-by-moment estimates of position, 

speed, and acceleration in space. Applications for walk 

and cycle map-matching exist but focus on bespoke 

sensor arrays with small highly detailed networks (Harder 

et al., 2022; Perul & Renaudin, 2022). Kalman filtering 

on large-scale cycling GNSS data was employed by Ma 

and Luo (2016) however, as mentioned earlier, this was in 

open 2D space without map-matching. 

While there has been substantial progress in accurately 

map-matching active trips and modelling their motion, 

these areas have mainly developed independently. 

Emerging cycling literature has demonstrated the 

advantage of doing both together; for example, to 

precisely estimate energy expenditure (Ausri & Bigazzi, 

2024) and to explore the relationship between speed, 

infrastructure, and terrain (Maurer et al., 2025). These 

existing studies estimated map-matched dynamics 

crudely through distance-time differencing and then 

smoothing and/or discarding infeasible points. While this 

can be suitable for large aggregate analyses and/or very 

high-precision data, it poorly handles noisy data and 

causes potentially useful trajectories to be discarded. Our 

proposed methodology combines advances in map-

matching and state-space models, taking greater 

advantage of the information provided in GNSS 

datapoints (i.e., including accuracy and speed through 

doppler shift) and our understanding of physical motion. 

We demonstrate how this framework can be used to model 

plausible and accurate motion estimates through a 

network with noisy and variable-quality data. 
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3. Methodology 

The structure of the framework is given in Figure 1.  

3.1 Input data 

The required inputs are: 

1. Raw GNSS waypoints grouped into trips 

2. Transport network 

Raw waypoints should include position coordinates, 

timestamps, accuracy, and speed readings (where 

available) through doppler shift. These attributes can 

normally be obtained using smartphone data collection 

apps like motiontag (motiontag.com) and TravelVU 

(www.travelvu.app). 

The network map can be a directed or undirected graph 

representation of the transport network for the mode(s) 

under investigation in geospatial data format. Network 

links can be enriched with classification data (e.g., on-

road versus off-road cycle path) to facilitate more accurate 

matching. This data can often be obtained from 

OpenStreetMap (www.openstreetmap.org) using tools 

like OSMnx (Boeing, 2025). 

 
1 Higher accuracy values indicate greater uncertainty, so ‘maximum’ is 

a conservative estimate 

3.2 Cleaning 

A preliminary cleaning stage merges simultaneous 

measurements and remove clusters of clearly erroneous 

measurements.  

To merge simultaneous measurements, readings with 

identical timestamps are combined into a single reading 

with average X/Y position, average speed, and maximum 

accuracy1. 

Erroneous measurements were identified through a two-

step process. The first step identified outliers in the 

position-time differential between measurements in a 

120-second moving window. After, sets of waypoints 

between outliers were flagged as erroneous clusters based 

on duration and distance from the rest of the trajectory. 

3.3 Map-matching 

Our map-matching algorithm builds from the open-source 

GraphLibrary repository (Forsch, 2020), written for Java, 

which applies Newson and Krumm’s (2009) HMM 

methodology extended for off-road trajectories as 

described in Haunert & Budig (2012). We introduce 

several additional enhancements to take advantage of 

GNSS speed readings and more precisely estimate the 

paths active travellers use while minimising unrealistic 

detours and U-turns in the matched trajectory. 

Smoothing in 2-dimensional space 

To reduce GNSS measurement noise and irregularity 

before map-matching, the waypoints and speed estimates 

undergo a smoothing process. The smoothing procedure 

applies an extended Kalman filter in which the state vector 

contains X and Y position and their respective first 

derivatives. The measurement vector contains X, Y, and 

reported speed, and the measurement covariance depends 

on reported accuracy. The previously identified erroneous 

measurements are treated as missing datapoints. 

Kalman filtering was performed using the Bayesian filters 

python library (Pearse, 2025). Full specifications of the 

Kalman filters are presented in a readme file in the 

corresponding GitHub repository (Section 3.5). 

Identifying candidates 

Following standard procedure, the first stage of map-

matching identifies for each measurement the nearest 

point (‘candidate’) on nearby links. Our methodology 

then expands each measurement’s candidate set to also 

include the candidates of nearby measurements. This 

minimises erroneous back-and-forth movements caused 

Figure 1 Integrated framework 

INPUTS 

MAP-MATCHING 

Smooth in 2D space 
(extended Kalman filter) 

CLEANING 

Merge simultaneous 
measurements 

Identify erroneous 
measurements 

Identify candidates 

Estimate path 
(HMM algorithm) 

MOTION 

MODELLING 

Identify candidates 

Project along path 

Smooth in 1D space 
(Kalman filter) 

Reproject to 2D space 

GNSS measurements 

(timestamp, X/Y, 

accuracy, speed) 

Transport network with 

link classifications 

ANALYSIS 

(e.g., physical activity, speeds, stopping behaviour) 
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by noisy measurements, especially when moving slowly. 

This enhancement is similar to the candidate adoption 

procedure described and illustrated in Wöltche (2023). 

Enhanced transition costs 

Transition costs traditionally consider routing distance 

alone. We expand this with three additional parameters. 

First, link-type penalty factors 𝛽ℎ𝑙  are assigned so the 

matched path avoids link types unlikely to be used (e.g., 

footways if cycling), like in Gao et al. (2024). Second, to 

reduce unrealistic detours, we penalise deviations 

between the network distance and Euclidean distance 

between smoothed measurements. Third, to reduce 

unrealistic turning due to GNSS drift, we penalise 

deviations in the length and direction the matching lines. 

The enhanced transition cost function between position 𝑖 

and subsequent position 𝑗 = 𝑖 + 1 is computed by 

𝑐𝑖𝑗 = ∑ 𝛽ℎ𝑙𝑥𝑙
𝑙∈𝑃𝑖𝑗

+ 𝛼 [𝛽𝑑𝑑𝑖𝑗 + 𝛽𝑚 (
𝑧𝑖𝑗

∥ + 𝑧𝑖𝑗
⊥

Δ𝑡𝑖𝑗
)] (1) 

where 𝑃𝑖𝑗 is the least-cost path between 𝑖 and 𝑗 consisting 

of links 𝑙, 𝛼 is the candidate cost weight as implemented 

in Forsch’s (2020) algorithm, 𝑥𝑙  is link length, 𝛽ℎ𝑙  is a 

penalty factor based on the highway classification ℎ𝑙  of 

link 𝑙, and Δ𝑡𝑖𝑗 is the time difference between waypoints 

𝑖  and 𝑗 . The difference 𝑑𝑖𝑗  between network and 

Euclidean distance is defined by  

𝑑𝑖𝑗 = |(∑ 𝑥𝑙
𝑙∈𝑃𝑖𝑗

)

2

− ‖𝒘𝑗 −𝒘𝑖‖2
2
| (2) 

where 𝒘𝑖 is the smoothed waypoint coordinate at position 

𝑖. The corresponding coefficient is 𝛽𝑑 . 

Next, 𝑧𝑖𝑗
∥  and 𝑧𝑖𝑗

⊥  describe the parallel and orthogonal 

components of the deviation between matching lines 𝒎𝑖  

and 𝒎𝑗 calculated by 

𝑧𝑖𝑗
∥ = |‖𝒎𝑖‖2

2 − (
𝒎𝑖 ∙ 𝒎𝑗

‖𝒎𝑖‖2
)
2

| (3) 

𝑧𝑖𝑗
⊥ = (

𝒎𝑖
⊥ ∙ 𝒎𝑗

‖𝒎𝑖‖2
)

2

(4) 

Where 𝒎𝑖  is the vector from waypoint 𝒘𝑖  to the 

respective candidate 𝒄𝑖  on the network: 

𝒎𝑖 = 𝒄𝑖 −𝒘𝑖 (5) 

The components 𝑧𝑖𝑗
∥  and 𝑧𝑖𝑗

⊥  capture changes in 

direction along the matched path relative to the GNSS 

trajectory. When both lines run parallel, these components 

become zero. The corresponding coefficient is 𝛽𝑚. 

3.4 Motion modelling 

This final module models the dynamics of traveller 

motion along the map-matched path including positions, 

speeds, and acceleration at the requested time intervals. 

First, one or two candidate positions for each waypoint 

are identified along the path. This includes the nearest 

point on the path (i.e., the global minimum) and the 

second-nearest local minimum when the match is 

ambiguous (e.g., near corners), as shown in Figure 2. 

After identifying candidates, the path and candidate 

positions are projected to one dimension. The projection 

explicitly handles discrepancies between map-matched 

and real distances travelled when turning, which occur 

due to simplifications of network links along road 

centrelines. While these discrepancies are minor at the 

macro-level, they cause unrealistic speed changes when 

turning (e.g., ‘slingshot’ movements) and consequently 

overestimations of acceleration and physical activity 

intensity at intersections. For each consecutive pair of 

measurements, the projected distance is given by 

𝑥𝑝𝑟𝑜𝑗 = 𝑥𝑛𝑒𝑡 − (𝑟𝑎 + 𝑟𝑏) tan(
𝜃

2
) ≥ 𝑥𝑒𝑢𝑐 (6) 

Where 𝑥𝑒𝑢𝑐  is the Euclidean distance between the 

measurements,  𝑥𝑛𝑒𝑡  is the map-matched network 

distance between their nearest candidate positions, 𝑟𝑎 and 

𝑟𝑏 are the candidate distances, and 𝜃 is the turning angle 

(i.e., the angle between lines linking measurements with 

their nearest candidates), as shown in Figure 2. 

After projecting to one-dimensional space, trajectories are 

smoothed using a Kalman filter in which the state vector 

Figure 2 Sample of a cleaned and map-matched bike 

trajectory near a turn.  

𝒙𝒏𝒆𝒕 

𝜽

 
𝒙𝒆𝒖𝒄 

𝒓𝒂 

𝒓𝒃 

Map data @2022 Google 
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consists of position, speed, and acceleration. The 

measurement vector contains the candidate position(s) 

and measured speed, and the measurement covariance 

depends on reported accuracy and candidate distance(s). 

In the final stage, the modelled motion is re-projected 

back to two-dimensional space along the map-matched 

path. 

3.5 Data and software availability 

This framework is open-source and written in Python and 

Java. It is available at 

https://github.com/MobiJoule/activetravelmotion with an 

enclosed README.md file containing further technical 

details of the enclosed framework. The Kalman filter 

specifications are described in script/filter/README.md 

within this repository. 

4. Example results 

This section demonstrates our methodology for a sample 

of cycling trajectories collected from smartphones. 

Network data was obtained from OSM including all link 

types that could realistically carry cyclists. For this 

analysis, parameters and cost coefficients were calibrated 

manually through trial and error using a selection of 

trajectories. The link-type penalties 𝛽ℎ𝑙 were set to 1.25 

for car links where a parallel cycle track exists alongside, 

1.4 for links where cycling is not allowed, and 10 for 

steps. The distance penalty 𝛽𝑑  and match deviation 

penalty 𝛽𝑚  were set to 0.6 and 1.4 respectively. The 

candidate cost weight 𝛼 was set to 0.01. 

4.1. Comparison of processing stages 

Figures 3 and 4 present estimated speeds, accelerations, 

and trajectories at each processing stage for a part of a 

bicycle trip obtained from an iPhone 13. Figure 3 

compares the modelled estimates (in red) against simpler 

measures of speed and acceleration based on first- and 

second-differencing positions. Cleaning removed the 

worst outliers, but cleaned results remain jagged with 

implausible peaks and variations when using these 

simpler measures. While these could be further smoothed 

independently, like in Auri and Bigazzi (2024), the 

estimated speeds and acceleration can be inconsistent and 

vulnerable to lateral noise in the waypoint positions. This 

can cause unrealistic energy expenditure estimates unless 

the noisy data are discarded. 

Figure 4 visualises this same trajectory sample on the 

network. Figure 4i shows the raw waypoints, of which 

some are simultaneous, missing speeds, and/or clearly 

erroneous. Figure 4ii shows the cleaned trajectory, with 

simultaneous points merged and erroneous points 

removed (marked ‘’). In the next stage (Figure 4iii), the 

waypoints are smoothed using a 2D Kalman filter and 

these smoothed points are map-matched to the network. 

Finally, Figures 4iv and 4v present the modelled speed 

and acceleration at one-second time intervals along the 

map-matched path. Despite the noisy input, the speed and 

acceleration values follow plausible behaviour; for 

example, slower speeds leading up to a bridge at 18:03:20, 

and then a brief acceleration as the cyclist rides downhill 

off the bridge. 

 

Figure 3 Comparison of speed and acceleration estimates  
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Figure  4 Example waypoint and trajectory data at each processing stage: (i) raw (ii) cleaned (iii) smoothed and map-

map-matched (iv) final modelled speed (v) final modelled acceleration 

(i) (ii) 

(iii) (iv) (v) 

Map tiles by CartoDB, under CC BY 3.0. Data by OpenStreetMap, under ODbL 
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4.2. Comparison of map-matching methods 

Figure 5 compares the enclosed map-matching 

methodology with Haunert & Budig’s (2012) algorithm 

and the matched route from a smartphone application. 

Due to significant lateral drift in these GNSS waypoints, 

both alternatives create deviating trajectories to minimise 

distances from the points to the path. However, both 

alternatives are implausible as they would imply 

exceptionally large speeds and accelerations as the cyclist 

moves through them. This would create inaccurate 

environmental exposure estimates away from the main 

road and exceptionally large energy expenditure 

estimates, likely causing these measurements to be 

discarded. 

The enclosed method penalises deviations between 

Euclidean and path distance to reduce unrealistic detours. 

It also penalises deviations between consecutive matching 

lines to reduce unrealistic direction changing. Both 

penalties help to avoid implausible movements leading to 

a more accurate match, especially in the presence of 

GNSS drift. 

 

Figure 5 Example comparison of map-matching methods 

with GNSS drift 

4.3. Comparison of aggregate distributions 

Figure 6 explores the distributions of modelled speeds and 

accelerations for 8 smartphone users with 3+ hours each 

of urban conventional bicycle travel. The modelled speeds 

are compared against a baseline in which speed and 

acceleration are estimated using position-differentials 

from the raw GNSS dataset. There is substantial 

heterogeneity in observed behaviour for different users, 

which is consistent with previous findings (Maurer et al., 

2025). For some cyclists, baseline distributions aligned 

well with modelled estimates, but for others results were 

inconsistent. Handset type played a large role, with the 

closest estimates coming from users with more modern 

devices (including Samsung A56 and iPhone 16), and the 

poorest baseline estimates coming from older devices 

(including Samsung A13 and iPhone 13).  

 

Figure 6 Speed and acceleration estimates for 8 cyclists using 

raw and modelled data 

Physical activity estimates depend strongly on speed and 

acceleration (Wilson & Schmidt, 2020). This comparison 

highlights the value of the enclosed framework for 

producing realistic estimates of motion dynamics for 

assessing energy expenditure, especially when working 

with older devices. 

5. Discussion 

This paper demonstrates the potential for combining state-

space models with advanced map-matching algorithms to 

model active travel motion on a transport network with 

high precision. The examples presented deal with cycling, 

but the framework can also be applied to walking by 

modifying the network and link penalties 𝛽𝑙 . 

Our methodology is intended for applications where it is 

advantageous to have detailed motion profiles linked with 

transport infrastructure, including road safety, transport 

mode and route choice, physical activity, and 

Map data @2022 Google 

AGILE: GIScience Series, 7, 43, 2026 | https://doi.org/10.5194/agile-giss-7-43-2026 7 of 9



environmental epidemiology. In contrast with current 

approaches that capture motion dynamics without 

network constraints, or use crude (e.g., distance-

differenced) motion estimates on a map-matched 

network, the proposed methodology can capture realistic 

motion profiles through a network even for noisy and 

mixed-quality GNSS data.  This can be especially 

valuable when working with older devices, smaller 

sample sizes, or panel datasets where it is important to 

preserve as much information as possible. 

The enclosed analysis is demonstrative and qualitative, 

limited by a small dataset. As more data is collected, it 

could be feasible to perform quantitative benchmarking of 

map-matched routes like in Wöltche (2023) and Gao et al. 

(2024). 

The code repository is under active development and 

continues to be refined as it is tested on additional GNSS 

datasets and use-cases. There is considerable potential to 

advance this framework to better model motion. The 

current framework is sequential and applies simple  

Kalman filter implementations that do not take full 

advantage of our knowledge of GNSS data or physical 

movement especially for bicycles. It does not incorporate 

lateral or vertical acceleration to ensure realistic motion 

dynamics through turns or slopes. For cycling, it could be 

more realistic to model energy expenditure directly using 

an advanced state-space representation that incorporates 

the kinematics of bicycle movement. Finally, a ‘tighter’ 

integration of map-matching with state-space modelling 

could provide a more elegant and robust framework that 

avoids multiple sequential processing stages. Such an 

integration could apply Kalman filters directly inside the 

HMM routine like in Lamb and Thiébaux (1999), and/or 

explicitly model GNSS drift like in Hu et al. (2010). 

While the current framework combines open-source 

packages in two programming languages (state-space 

models in Python and map-matching in Java), a more 

integrated and user-friendly framework could be written 

within a single programming language and repository. 
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