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Telematics data for geospatial and temporal mapping of urban mobility: 
New insights into travel characteristics and vehicle specific power 

Omid Ghaffarpasand , Francis D. Pope * 

School of Geography, Earth, and Environmental Sciences, University of Birmingham, Birmingham, UK   

A R T I C L E  I N F O   
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A B S T R A C T   

This paper describes a new approach for understanding urban mobility called geospatial and temporal (GeoST) 
mapping, which translates telematics (location) data into travel characteristics. The approach provides the speed- 
acceleration profile of transport flow at high spatial and temporal resolution. The speed-acceleration profiles can 
be converted to vehicle-specific power (VSP), which can be used to estimate vehicle emissions. The underlying 
data used in the model is retrieved from a large telematics dataset, which was collected from GPS-connected 
vehicles during their journeys over the UK’s West Midlands region road network for the years 2016 and 2018. 
Single journey telematics data were geospatially aggregated and then distributed over GeoST-segments. In total, 
approximately 354,000 GeoST-segments, covering over 17,700 km of roads over 35 timeslots are parameterized. 
GeoST mapping of the average vehicle speed (traffic flow), and VSP over different road types are analysed. The 
role of road slope upon VSP is estimated for every GeoST-segment through knowledge of the elevation of the start 
and end points of the segments. Previously, road slope and its effect upon VSP have been typically ignored in 
transport and urban planning studies. A series of case studies are presented that highlight the power of the new 
approach over differing spatial and temporal scales. For example, results show that the total vehicle fleet moved 
faster by an average of 3% in 2016 compared to 2018. The studied roads at weekends are shown to be less safe, 
compared to weekdays, because of lower adherence to speed limits. By including road slope in VSP calculations, 
the annually averaged VSP results differ by +12.6%, +14.3%, and + 12.7% for motorways, primary roads, and 
secondary roads, respectively, when compared to calculations that ignore road slope.   

1. Introduction 

Road transport is the backbone of the global economy, development, 
and prosperity, with over 1.4 billion road vehicles currently in use. Less 
positively, road transport is one of the leading global sources of air 
pollution and accidents. For example in the EU, approximately 28% of 
the total nitrogen oxides (NOx = NO + NO2) emissions are attributed to 
the transportation sector in 2018 (EEA, 2019). In 2016, over 7.9 million 
tonnes CO2 emissions were registered for road transport across the globe 
(21% of total global emissions), and so it is also a major source of 
greenhouse gas and hence climate change (IEA, 2020). 

Various abatement strategies have been established across the globe 
to mitigate environmental and health drawbacks of the transportation 
sector, while simultaneously optimizing economic and developmental 
benefits. The implementation of low emission zones (LEZs) and the 
establishment of emission regulations are examples of such strategies to 
mitigate on-road emissions, see for example (Börjesson et al., 2021; Osei 

et al., 2021; Pestel and Wozny, 2021). A deep understanding of urban 
mobility and road transport is a prerequisite for all those strategies and 
approaches (Ghaffarpasand et al., 2024). If available, this data could 
also be exploited for other urban and transport planning purposes. The 
essential need for ‘big data’ approaches for the modelling and planning 
of transport systems was discussed by previous investigators such as 
(Milne and Watling, 2019). Intelligent transport systems (ITS), which 
are proposed to control traffic flow and reduce congestion in urban 
environments, require detailed data about urban mobility over the street 
network (Javed et al., 2019). The application of almost all of the new 
advanced technologies such as Vehicle to Vehicle (V2V) communica
tions, Internet of Things (IoT), and Internet of Vehicles (IoV) in urban 
transport is strongly linked to such a deep understanding of urban 
mobility, see for example (Wu et al., 2021). 

Before the civilian availability of geographic positioning systems 
(GPS), road data were primarily generated using test or traced vehicles 
(Mcfarland, 1956; Michon and Koutstaal, 1969). After the wide global 
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access to GPS and the advancements in computational processing ca
pabilities, the breadth and depth of the information extracted from roads 
were hugely extended; the transport applications of data collected from 
GPS-connected vehicles have been evidenced by a wide body of 
research. For example, (Necula, 2015) applies a statistical approach on 
data collected from 10,000 GPS-connected vehicles to extract outlier 
traffic patterns. (Tang et al., 2015) used the data of >1100 taxis in the 
city of Harbin, China, to analyse human mobility across the studied area 
using the estimated average speed. (Gately et al., 2017) use GPS data of 
in-vehicle mobile phones and onboard navigation systems to study 
vehicle emissions across the metropolitan area surrounding Boston, 
Massachusetts, US. They used GPS data to quantify hourly vehicle 
average speeds over 67,000 segments across the domain. The corre
sponding speed-based emission factors (EFs) for every segment were 
then extracted from the EPA Motor Vehicle Emission Simulator 
(MOVES). (Ibarra-Espinosa et al., 2020) use the data collected from the 
GPS-connected vehicles moving over the city of Sao Paolo, Brazil, to 
develop vehicular emission inventory with high spatial and temporal 
resolutions, where they used GPS records and the Vehicular Emission 
Inventory (VEIN) model to estimate traffic flow information and then 
model vehicle emissions accordingly. 

The published studies that use GPS data of vehicles already provide a 
detailed spatial understanding of the average speed of traffic flow over 
the roads. Similarly, satellite navigation (SatNav) services such as 
GoogleMap, Waze, etc., provide detailed spatial and temporal infor
mation on traffic routing that can estimate travel and arrival times that 
consider characteristics such as shortest distances, avoiding motorways, 
and avoiding tolls. They achieve this through the calculation of average 
speeds along connected links between pairs of destinations as well as 
using traffic forecasts, incident reports and other cognate information. 
However, existing studies and services do not deliver a detailed picture 
of the speed-acceleration-variation profile of the roads (road dynamics), 
hence they cannot determine real-world emissions and energy con
sumption patterns. Moreover, satnav services are typically only online 
and in real-time, so it is difficult to access and analyse their historical 
data, which precludes their use in transport planning and decision- 
making. 

National emission inventories (NEI) for vehicle emissions typically 
develop emission factors (EFs) which are related to the annual average 
speed over every link of the city. For example, NEI in over 22 European 
member states is developed using the vehicle emission model of COPERT 
(COmputer Programme to calculate Emissions from Road Transport) 
which provides a detailed list of speed-based EFs (Dey et al., 2019). 
Recent sensitivity and technical analyses show significant uncertainties 
for speed-based emission factors (EFs) and strongly advise using speed- 
acceleration-based EFs instead (Dey et al., 2019; Kioutsioukis et al., 
2010). Some vehicle emission models, such as International Vehicle 
Emissions (IVE), use vehicle-specific power (VSP) to estimate EFs, see 
for example (Ghaffarpasand et al., 2021b). VSP is a highly informative 
metric for the study of vehicle emission and fuel consumption trends, 
which is estimated through the speed-acceleration-variation profile 
(Jimenez-Palacios, 1998). All techniques, methods, and services 
mentioned above which have been working with vehicle float data are 
not able to provide a detailed picture of speed-acceleration-variation 
profile over the roads. 

The development of driving cycles (DCs) is an attempt to deepen our 
understanding of the speed-acceleration-variation profile over urban 
environments. DCs are primarily designed to analyse typical journey 
patterns and extents of operation for different transport modes (Ghaf
farpasand et al., 2021b; Frey and Zheng, 2002; Nam, 2009). DCs, which 
support the compliance testing of road vehicles, provide speed-time 
patterns to represent the driving behaviour of a population of vehicles 
within a study area (Galgamuwa et al., 2015; Lyons et al., 1986; Tong 
and Hung, 2010). However, the spatial and temporal representativeness 
of DCs beyond their study areas has been seriously queried (Ghaffar
pasand et al., 2021a; Pouresmaeili et al., 2018). DCs provide an annual 

overview of transport within a city-scale resolution. They do not capture 
the full complexity and dynamics of urban mobility due to the lack of 
adequate spatial and temporal road data during their development. The 
DCs are typically developed using data from a limited number of test 
vehicles travelling on the roads. 

Telematics data is a valuable resource for transport research as it can 
help address the shortage of road data mentioned above. However, its 
full potential has not been adequately explored (Gao et al., 2022). Tel
ematics data refers to GPS data collected from vehicles for specific 
purposes, such as insurance, freight transport, and improving Intelligent 
Transport Systems (ITS) credibility. The primary source of telematics 
data within urban environments is the GPS-connected vehicles, whose 
drivers would like to enjoy fairer insurance premia and so voluntarily 
share their location data with the insurance companies. The research 
studies in the literature predominantly use telematics data to investigate 
driving behaviour (Xiang et al., 2024). For example (Huang and Meng, 
2019) investigated the use of extensive driving behaviour characteristics 
extracted from telematics data in predicting the risk probability of 
insured vehicles. (Ziakopoulos et al., 2022) investigated the role of tel
ematics data in road safety and found a reduction of 20–43% in car 
crashes. (Alrassy et al., 2023) used telematics data of 4500 light-duty 
vehicles to analyse the driving behaviour within New York, US. Their 
method was unable to deliver a temporal picture of urban mobility. 
While valuable research has explored the wide applications of telematics 
data in road safety and driving behaviour analyses, a universal approach 
to translating telematics data into road dynamics in terms of the 
speed-acceleration-variation profile of the roads has not been developed 
until this study. 

This study develops a new approach to understanding and parame
terizing urban mobility, road dynamics and road transport via geospatial 
and temporal mapping. We used a large telematics dataset to determine 
the travel characteristics of the whole West Midlands region of the UK. 
Using this data, we exemplify the approach by investigating the tem
poral variation of vehicle fleet speed over different geospatial scales, 
from a single road segment to the whole of the West Midlands region. We 
compare the outputs from the approach with other traffic flow datasets. 
Finally, we provide an example of how the speed and location derived 
from telematics can be used to generate estimates of fleet-averaged VSP 
from which fuel consumption and air pollutant emission estimates can 
be derived (Ghaffarpasand and Pope, 2023). It is noted that to generate 
fuel consumption and emissions estimates further information is 
required, including fleet composition, and emission factor datasets. 
These datasets are not presented in this paper. This paper provides a new 
methodology for obtaining road segment and temporally aggregated 
road dynamics, including VSP, from telematics data. 

The paper is structured as follows: the next section details the ma
terials and methods used. Section 3 assesses the results of this study 
against figures provided by local transport organizations. Section 4 
provides the results and discussions, while Section 5 outlines the major 
take-home messages of the paper. 

2. Material and methods 

2.1. Telematics data 

The telematics data was obtained from The Floow, a UK-based tel
ematics company (www.thefloow.com), which sampled a fraction of the 
light-duty vehicle (LDV) fleet in the West Midlands region of the UK. 
Telematics data is usually collected by various devices such as black 
boxes, onboard diagnostic (OBD) devices, 12 V plugin devices, original 
equipment manufacturer (OEM) devices, tachographs, and driver 
smartphones (Ghaffarpasand et al., 2022). The predominant contribu
tion data used in this study was collected from the OBDs. The sample 
vehicles in the fleet are GPS-connected passenger cars, in which the 
drivers share their driving data to reduce the cost of their insurance 
premia. It is estimated that approximately 3–7% of the total on-road 
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fleet provides the telematics data in this study, with the exact percentage 
depending on the time and place of the data sampling. 

The instantaneous speed-time data of the individual vehicles were 
measured using the doppler-aided positioning method. A schematic di
agram of the doppler-aided positioning technique is provided in Fig. 1. 
Global navigation satellite systems (GNSS) allow for two techniques of 
precise point positioning (PPP) and real-time kinematics (RTK), which 
were developed for precise positioning and navigation. RTK can achieve 
high accuracy positioning, on the order of cm, with quick convergence in 
real-time monitoring and post-monitoring analysis. Doppler-aided 
positioning significantly improves single-frequency RTK in urban envi
ronments (Bahrami and Marek, 2010). GPS and other GNSS usually use 
the doppler shift of the received carrier frequencies to determine the 
speed of a moving object. The instantaneous speed-time data used in the 
current study were measured using the doppler-aided positioning 
method. The corresponding instantaneous accelerations are then 
calculated using the temporal variation of speed. 

The instantaneous speed-acceleration-time telematics data are 
collected from the individual GPS-connected vehicles for their journeys 
over road segments providing the raw material for the current study. A 
journey is a time series of telematics data and so the concepts of 
‘journey’ and ‘telematics data’ are interchangeably used in this study. 
The individual vehicle telematics data are firstly QC/QA checked by the 
company (The Floow). The company is not allowed to deliver the data of 
individual vehicles because of the General Data Protection Regulation 
(GDPR) in the EU and UK. Hence, they anonymized and then aggregated 
the data by road segment and time bins. After aggregation, every road 
segment contains the average collection of all journeys (speed-acceler
ation-time data) for certain time bins. 

The studied street network is quantized into segments as geographic 
polylines with known start and end points. The segments cover all fea
tures of the studied road network, with segment lengths varying be
tween approximately 15 and 150 m. Segments are used to approximate 
straight and curved sections and distinct road features such as round
abouts, junctions, etc. Segments have a spatial identity complemented 
by a temporal identity, in addition to having a direction, so henceforth 
they are named GeoST (geospatial and temporal) segments. 

The aggregated journeys are subset over GeoST segments, and a 
speed-acceleration-frequency-distribution (SAFD) matrix is calculated 
for every GeoST-segment. SAFD of the GeoST-segments were delivered 
by the telematics company. SAFD is a normalized matrix representing 
the distribution of the instantaneous speeds and accelerations over every 
GeoST-segment; an example of SAFD for a typical GeoST-segment is 
shown in Table 1. Here, for example, the shaded element indicates that 
7.78% of journeys in the studied GeoST-segment have speed and ac
celeration within the ranges of 16-18 m/s and − 1-0 m/s2 respectively. 
SAFDs have previously been used to develop driving cycles and within 
the literature, there are different selections of bin properties for the 
classification of speed and acceleration, see for example (Huertas et al., 
2018; Yuhui et al., 2019). 

With the speed and acceleration divisions presented in Table 1, SAFD 
is an 18 × 10 matrix which provides the frequency distribution across 
the combination of 18 speeds and 10 acceleration bands. The average 
speed and acceleration of each GeoST-segment are calculated by the 
following equations: 

v =
∑18

i=1

∑10

j=1

[
[SAFD]18×10 × [vmedian]18×10

]

i,j (2) 

Fig. 1. A schematic diagram of different elements in GeoST mapping of urban transport/mobility including connected vehicles to the GPS satellites, the Doppler- 
aided positioning technique for estimating the instantaneous vehicle speed, a typical GeoST segment, and a diagram of the exerted forces on a typical vehicle. 
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a =
∑18

i=1

∑10

j=1

[
[SAFD]18×10 × [amedian]18×10

]

i,j (3)  

where v, a, [SAFD]18×10, [vmedian]18×10, and [amedian]18×10 are the average 
speed (m/s), the average acceleration (m/s2), SAFD matrix, the median 
speed matrix and the median acceleration matrix, respectively. Median 
speed and acceleration matrices are produced using the corresponding 
median values of speed and acceleration ranges for every element of the 
SAFD matrix. Travel time (t) of every GeoST segment for each time slot 
can be calculated by: t = l/v, where l is the segment length. 

2.2. Segment-based estimation of vehicle-specific power (VSP) 

The approach proposed here can provide a detailed picture of VSP 
spatiotemporal distribution over the roads. VSP was first used by 
(Jimenez-Palacios, 1998) as the vehicle power demand at a particular 
point to overcome the external forces, including inertial forces to keep 
acceleration a (Finertial = ma), resistance force caused by the road friction 
(FR), air resistance drag (Fdrag), and road slope force (Fslope), imposed on a 
moving vehicle, as represented in Fig. 1. Accordingly, power demands 
for a vehicle at constant speed include the power to accelerate the 
vehicle (Pacc), to overcome rolling resistance from the road (Proll), to 
overcome air resistance (Pair), to overcome road slope force (Pgrad), and 
to operate auxiliary devices (Paux). Ptrans should be also considered as the 
power losses in the transmission. The following equation is proposed as 
the total power demand (in W): 

where m, a, v, Cd, and A are vehicle mass (t), vehicle acceleration (m/s2), 
vehicle speed (m/s), aerodynamic drag coefficient, and frontal surface 
area (m2), respectively. R0(N) and R1(N/(m/s) ) are road load co
efficients. g and ρ as the gravity and air density are assumed as 9.81m/s2 

and 1.2kg/m3 in the ambient temperature of 20 ◦C and the atmospheric 
pressure of 1 atm. Grad stands for road slope and will be discussed in the 
sections ahead. To arrive at the equation above, a few assumptions are 
required (Davison et al., 2020). First, it is assumed that 4% of the power 
for translational mass is consumed to accelerate rotational accelerated 
mass. Also, 8% of the power at the driven wheel losses during 

transformation. Finally, the fixed value of 2.5kW is the power demand of 
auxiliaries. Under these assumptions and for passenger cars, VSP as the 
required power per mass (VSP = Ptot/m) is given by: 

VSP = v×

(

1.1× a+(9.81 × Grad + 0.132)slope part
⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞

)

+ 0.00302× v3 (5) 

A VSP based matrix ([VSP matrix]18×10) is calculated for which every 
element is estimated by the equation above and corresponding median 
values of speed and acceleration (see Eqs. (2) & (3)). The VSP of every 
segment is then calculated by the following equation: 

VSPseg =
∑18

i=1

∑10

j=1

[
[SAFD]18×10 × [VSP matrix]18×10

]

i,j (6) 

(Davison et al., 2020) found an acceptable agreement between the 
vehicle emissions modelled by the VSP equation and real-world emis
sion measurements. VSP plays a vital role in translating the driving 
dynamics into the transport environment dimensions such as fuel con
sumption and exhaustive emissions, see for example (Grange et al., 
2019). In most of the literature, however, the slope part in Eq. (5) is 
ignored. To discuss the role of road slope in urban mobility character
istics, two VSPseg values are estimated for every GeoST-segment, one in 
which includes the slope part of Eq. (5), and one where the influence of 
slope is ignored. 

2.3. Spatial and temporal scope of the study 

The street network of the West Midlands in the UK (Fig. 2(a)) is the 
spatial scope of the present study. The West Midlands is one of the nine 
official regions of England in Great Britain. It contains 27 constituencies 
(Fig. 2(b)) and seven main boroughs including Birmingham, Coventry, 
Wolverhampton, Dudley, Sandwell, Solihull, and Walsall which are 
distinguished by different colours in Fig. 2(c). The population of the 
West Midlands was around three million inhabitants in 2020. Using the 
segment-based method discussed in Section 2.1, the West Midlands 
street network is subdivided into 353,579 GeoST segments which cover 
17,745 km (around 4.5% of England’s road length); 398,312 km is the 

Table 1 
The speed-acceleration-frequency-distribution (SAFD) matric (in %) of a typical GeoST-segment averaged over the whole of 2018.   

Acceleration (m/s2) 

< − 4 − 4 − 3 -3 − 2 -2 − 1 -1-0 0–1 1–2 2–3 3–4 4 <

Speed (m/s) 

0–2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
2–4 0.00 0.00 0.00 0.16 4.86 6.77 0.97 0.16 0.00 0.00 
4–6 0.00 0.00 0.07 0.62 2.71 2.44 0.80 0.11 0.00 0.02 
6–8 0.00 0.01 0.15 0.73 2.91 2.99 0.63 0.02 0.00 0.00 

8–10 0.00 0.02 0.16 0.73 2.89 2.25 0.40 0.02 0.00 0.00 
10–12 0.01 0.01 0.15 0.71 3.92 2.32 0.19 0.05 0.00 0.00 
12–14 0.00 0.01 0.13 0.77 7.06 4.07 0.50 0.02 0.00 0.00 
14–16 0.01 0.02 0.09 0.52 8.94 6.15 0.30 0.01 0.50 0.00 
16–18 0.00 0.01 0.03 0.40 7.78 5.91 0.45 0.01 0.00 0.00 
18–20 0.00 0.01 0.03 0.17 4.10 2.94 0.40 0.01 0.00 0.00 
20–22 0.00 0.01 0.01 0.20 2.31 1.08 0.40 0.30 0.00 0.00 
22–24 0.00 0.01 0.01 0.20 0.39 0.44 0.01 0.30 0.00 0.00 
24–26 0.00 0.01 0.01 0.30 0.27 0.06 0.02 0.01 0.00 0.00 
26–28 0.00 0.01 0.01 0.40 0.24 0.04 0.40 0.01 0.00 0.00 
28–30 0.00 0.00 0.01 0.01 0.21 0.02 0.00 0.00 0.00 0.00 
30–32 0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.01 0.00 0.00 
32–34 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
> 36 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00  

Ptot = Pacc +Proll +Pair +Pgrad +Paux +Ptrans =
[
m× a× 1.04+R0 +R1 × v+ 0.5×Cd ×A× ρ× v2 +m× g×Grad

]
× 1.08× v+ 2500 (4)   
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Fig. 2. (a) West Midlands as the scope of the current study; (b) 27 constituencies of the West Midlands; (c) LSOAs in the West Midlands; (d) annual average speed 
over West Midlands street network; (e) annual average speed over the street of Sutton Coldfield, one of the West Midlands constituencies; annual average speed over 
the streets of three LSOAs of Sutton Coldfield for Mondays (f) 07:00–08:59, (g) 09:00–11:59, (h) 12:00–13:59, (i) 14:00–16:59, (j) 16:00–18:59, and (k) 19:00–23:59. 
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total road length of England (DFT, 2020; DFT, 2022). We follow the 
standard national guidelines for mapping roads in the United Kingdom 
(UK) proposed in OpenStreetMap (https://wiki.openstreetmap.org/wik 
i/Roads_in_the_United_Kingdom) which divide the UK roads into 
motorway, trunk, primary, secondary, tertiary, unclassified, residential, 
service, private, and track. In this study, we present the results for the 
motorways, primary, and secondary roads of the West Midlands. 

The West Midlands telematics dataset is generated for two whole 
years: 2016 and 2018. These years were chosen because they represent 
baseline years which were not significantly affected by either planned or 

unplanned interventions such as the COVID-19 pandemic (2020 to 
present times) or the implementation of the Clean Air Zone (CAZ, 01/ 
06/2021 to present times), respectively. 

The annual data is temporally split into 35 time-slots including seven 
diurnal time-slots (00:00–06:59, 07:00–08:59, 09:00–11:59, 
12:00–13:59, 14:00–15:59, 16:00–18:59, and 19:00–23:59) in five days 
(Mondays, Tuesdays, Fridays, Saturdays, and Sundays). It was assumed 
that the traffic behaviour on Wednesdays and Thursdays was similar to 
Tuesdays. The selected hours of the day were chosen to correspond to 
weekday ‘early morning hours’, ‘morning rush hours’, ‘morning non- 

Fig. 3. (a) The elevation contour and (b) DEM of the West Midlands; (c) speed limit over a small area of the constituency of Erdington in the city of Birmingham, 
West Midlands, UK. 
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rush hours’, ‘noon rush hours’, ‘afternoon non-rush hours’, ‘evening 
rush hours’, ‘evening non-rush hours’, respectively. The same de
scriptors are used throughout the manuscript for the different time slots 
even for weekends when the busy and slow periods are distinct from 
weekdays. 

2.4. Geospatial estimation of segment slopes 

Road slope is an important geospatial characteristic which affects 
VSP and hence emissions, see Eq. (5), which has been ignored in most of 
the transport and urban planning studies. Road slope is calculated 
through knowledge of elevation variation and the length of the road 
segment. The open elevation contour lines for West Midlands are 
downloaded from Ordnance Survey (OS), through www.ordnancesur 
vey.co.uk, the national mapping agency of the UK. OS provides the 
most accurate and up-to-date geographic data, relied on by local au
thorities, businesses and individuals; the standard errors for OS Net base 
station coordinates are generally better than 0.008 m in plan and 0.020 
m in height. The elevation contour map of the West Midlands is given in 
Fig. 3(a). Using ArcGIS Pro 2.8.2, the elevation contours are converted 
into a digital elevation model (DEM). The DEM for the West Midlands is 
shown in Fig. 3(b). The inverse distance weighted (IDW) technique is 
applied to interpolate the elevation values for the unknown points. As 
shown in Fig. 1, each GeoST-segment is determined by a pair of start and 
end points. Hence, two point-layers including the location of starting 
and ending points are produced and the incorporated elevations are 
estimated using the DEM for the West Midlands, and the tool Extract 
Values to Points from Spatial Analyst section of ArcGIS Pro. The segment 
slope is then calculated by the following equation 

Grade (Road Slope) =
h2 − h1

l
(7)  

where h1, h2and l are the elevations of the start and end points, and the 
segment length, respectively. The start and end points are defined with 
respect to the direction of the traffic flow, whereby a pair of GeoST- 
segments are determined for every piece of the considered roads. Most 
of the existing traffic flow models provide singular values for the vast 
majority of road networks, i.e., they do not differentiate between the 
direction of travel on the same road. The calculation of road slope is 
reliant on the heights and the end points of a segment, and it is theo
retically possible that multiple slopes could exist within individual 
gradients. However, the West Midlands is not a particularly hilly area, 
and the estimated mean (positive) road slope is 0.015. All the GeoST 
segments have lengths smaller than 150 m (81% of them have lengths 
smaller than 100 m), and the estimate of slope is unlikely to be signif
icantly over or under-estimated. 

2.5. Speed limits over the GeoST-segments 

The road speed limit provides legal guidance on what threshold 
speed is allowed for a given road; the threshold value is chosen to pro
vide safety to users of the road vehicles and other users of the road and 
surrounding areas (Administration, F. H, 1998; DFT, 2013). A wide body 
of research has analysed the existing correlations between speed limits 
and road safety measures, see for example (Elvik, 2005; Zhai et al., 2022; 
Li et al., 2013). The speed limit maps of many areas around the world are 
widely available on the web. We use OpenStreetMap (https://www.ope 
nstreetmap.org/) to generate the speed limit map of the West Midlands. 
Shapefiles are downloaded from http://geofabrik.de which is the 
download server for the OpenStreetMap datasets. The speed limit map of 
a small area in the constituency of Erdington in the city of Birmingham is 
represented in Fig. 3(c) as an example. The speed limit map of the 
studied area is a GIS polyline layer. The corresponding speed limit of 

Fig. 3. (continued). 
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every GeoST-segments is determined by the consecutive use of Buffer 
and spatial join tools in the ArcGIS Pro. The method is discussed in more 
detail in the next section. The number of GeoST segments whose average 
speed exceeds the corresponding speed limit to the total number of 
GeoST segments is introduced as the percentage of the segments with 
average speed exceeding the speed limit. 

As discussed earlier, GeoST-segments contain aggregated data, for 
which the parameter “percentage of the segment with average speed 
exceeding the speed limit” can be considered as a proxy of relative road 
safety. 

3. Justifications and limitations for using telematics data 

Telematics data are mainly collected from the vehicles of drivers who 
would like to have fairer insurance premia. Hence, there is a concern 
that telematics enabled vehicles to drive unusually (at slower speeds and 
with fewer harsh accelerations) to secure their insurance discount; a 
manifestation of the so-called Hawthorne effect (Brannigan and Zwer
man, 2001). However, it has been evidenced that the Hawthorn effect is 
short-lived; typically 2–4 weeks before reverting to normal behaviours 
meaning most tracked drivers are not influenced significantly by the 
tracking itself (Brannigan and Zwerman, 2001). Meanwhile, there are 
concerns about the spatiotemporal distribution of telematics data den
sity as well as the credibility of the extracted statistics over the road 
network. The data density of telematics is much greater than most DCs, 
which are typically developed with the data of a few (less than five) GPS- 
connected vehicles which move over the roads of the studied area 
(Ghaffarpasand et al., 2021b; Frey and Zheng, 2002; Nam, 2009). It has 
been argued that the travel data of test vehicles could reflect the cor
responding transport status there; the vehicles flow through the traffic 
stream and obey the road conditions. The same can be argued for tele
matics data. In this study, we had access to the data of at least 3–7% of 
the total on-road fleet. 

Although vehicle telematics data has wide potential applications, the 
telematics industry is faced with some limitations. The transparency of 
telematics data is a major issue, particularly for online initiatives. 
Existing regulations, such as GDPR, enforce strict rules on data ano
nymisation. Despite the pace of advancements in edge computing, there 
is still a long way to go in terms of node anonymisation and online 
exploitation of telematics data. Another potential limitation is the 
source of telematics data. OBDs have been the primary source of data 
from 2010 to 2020, although the use of drivers’ cell phones to collect 
telematics data has been increasingly considered in recent years. 
Combining data from multiple sources is crucial to ensure the accuracy 
of the results, given the use of different data collection techniques. For a 
detailed discussion of the challenges facing the telematics industry, 
please refer to the review paper written by (Ghaffarpasand et al., 2022). 

4. Results and discussions 

As was discussed above, the low level of spatial and temporal reso
lutions are the main drawbacks of the traditional transport data which 
cause several issues in transport planning, policy formulation and 
decision-making, see for example (Milne and Watling, 2019). To 
demonstrate the power of the new telematics-based approach intro
duced in this paper, we provide a series of case studies: (1) mapping 
travel characteristics over a variety of spatial scales, (2) comparison 
with other traffic model data, (3) detailed travel characteristics of single 
road GeoST-segments, (4) detailed travel characteristics of a set of 
GeoST-segments. The case studies do not just show the mapping power 
of the approach but also deliver new insights into the travel character
istics and microfeatures of traffic behaviour over the urban road 
network that hitherto have not been evidenced. Further, we study the 
spatiotemporal distribution of VSP over different road types and analyse 
the role of road slope in the VSP estimations which have been ignored in 
almost all published transport studies. 

4.1. Mapping travel characteristics 

GeoST mapping of urban mobility can translate vehicle telematics 
data into various travel characteristics such as average speed, average 
acceleration, travel time, etc., over high spatial and temporal resolu
tions. Here, we present the average speed of vehicles over the studied 
roads. The annual average speed of vehicles over the West Midlands 
street network is shown in Fig. 2(d). The telematics data can be used to 
map different spatial scales, from regional to street level. All the West 
Midlands LSOAs (layer super output areas) are represented in Fig. 2 (c). 
Fig. 2(e) provides the annual average speeds over the street network of 
the constituency Sutton Coldfield. The temporal variations in the annual 
average speed are demonstrated in Fig. 2 (f-k), where the average speed 
for different periods is represented. 

The generated maps, which are exemplified in Fig. 2, are very useful 
for hotspot analysis of congestion and other travel characteristics. Such 
urban mobility maps can identify the spatiotemporal clustering of, for 
example, the percent time driving spent in the creeping condition (v < 5 
km/h, and − 1 m/s2 < a < + 1 m/s2), which represents the congestion 
pattern over the studied area (Arun et al., 2017). Typically, pre-existing 
traffic models just provide annual values over much larger aggregated 
areas, whereby temporal analysis of congestion patterns is less useful. 
Satnav services also deliver an instant picture of the average speed over 
the studied area which could be significantly affected by temporal road 
constructions, car accidents, etc. Hence, they could not deliver a detailed 
picture of urban transport suitable for further hotspot analysis and 
transport planning. Hence, the approach provided here will provide a 
significant new data source and tool for urban and transport planners. 

4.2. Comparison of telematics-derived speed with existing models 

The telematics-based dataset is generated by the real-world location 
data collected from the real vehicles travelling on real roads, whereas 
traffic flow is usually characterized by numerical models complemented 
by a wide range of field experiments/surveys such as automatic traffic 
number counter, ordnance surveys, GPS data of some test vehicles, etc. 
(Papamichail et al., 2019). We compare here (for the first time) the re
sults of our telematics-based approach with the existing traffic models to 
assess the credibility and reliability of those models. Developing traffic 
models is time-consuming, expensive, and requires deep technical 
transport knowledge. 

Assessing the results of the traffic model against the telematics-based 
dataset is not straightforward. There are significant differences between 
the spatiotemporal resolution and binning of the traffic model and the 
telematics-based dataset. Fig. 4(a) provides the annual average speed 
over a small area of the Erdington constituency in the city of Birming
ham for the year 2016. The data is provided by both the telematics- 
derived data described in this paper and the traffic model used by Bir
mingham City Council, which is constructed on the transport modelling 
software of SATURN (Simulation and Assignment of Traffic to Urban 
Road Networks, https://saturnsoftware2.co.uk/) (BCC, 2017). 

The solid and dashed lines correspond to the traffic model and 
telematics-based estimations, respectively. Significant differences in 
terms of spatial resolutions are observed between the two data sets. 
Within the model, minor and secondary roads are not included, and 
there is just one value for every street in the city, with the direction of 
travel ignored. The telematics data contains nearly all major and minor 
roads and is bidirectional. Notwithstanding the differences in the data 
sources, it can be seen in Fig. 4(a) that the results estimated by both 
approaches are almost in the same range (similar colours). 

In addition to the Birmingham City Council model, there is a regional 
model developed by Transport for West Midlands (TfWM), which pro
vides data for morning and evening rush hours (07:30–09:30 and 
16:00–18:00) for 2018. The morning and evening rush hours are rep
resented as AM and PM, respectively, hereinafter for the sake of brevity. 
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Note that morning rush hour timings are offset from the definitions used 
in this study (07:00–08:59). There are also significant discrepancies 
between the spatial resolution of the two datasets with the TfWM data 
giving single values for many streets and ignoring the direction of traffic 
flow. 

The TfWM data represented by the points layer correspond with 
2016 AM, 2016 PM, 2018 AM, and 2018 PM for the city of Birmingham 
containing 18,961, 30,817, 19,210, and 29,631 points which are mainly 
placed on the major roads. An example of produced points layer is 
shown in Fig. 4(b) through green pin markers. From the telematics- 
based dataset, the annual average speed layers for morning and eve
ning rush hours are calculated and reported as two polyline layers for 
the studied 2016 and 2018 study years and overlapped with the TfWM 
data. By using the Buffer tool in ArcGIS Pro, 10 m buffers are produced 
around any polylines of the considered layers. Buffered polylines are 
presented in Fig. 4(b) as blue rectangles. Finally, corresponding TfWM 
data with each buffered polyline of telematics-based results are 

determined using the tool Spatial Join in ArcGIS Pro. Two technical facts 
should be taken into account before analysing the results; (i) the 
assessment procedure is just carried out for the city of Birmingham for 
the years 2016 and 2018 for which the produced layers each contain 
64,745 polylines covering all roads and road features of the city; (ii) the 
average of intersected model data is assumed as the corresponding value 
for telematics-based results. The average speed difference among the 
studied datasets is represented in Fig. 4(c) in a boxplot format, while the 
short lines and black diamond markers there denote the median and 
mean average difference values, respectively. The average speed dif
ferences for a few case studies are reported in Table 2. Despite several 
technical discrepancies among the datasets, the average speed differ
ences between the two datasets are observed to be approximately 5 mph 
for the entire studied area and years 2016 and 2018. In motorways, 
however, the difference values exceed 10mph on some occasions. It is 
highlighted that telematics-based results are obtained by direct mea
surements from the roads, while TfWM (and also BCC) data is estimated 

Fig. 4. (a) The annual average speed over a small area of the city of Birmingham for 2016; solid and dashed lines stand for the results of the BCC traffic flow model 
and this study, respectively; (b) the annual average speed over a small area of the city of Birmingham for morning rush hours in 2018; red pin markers and blue 
buffered polylines stand for the result of TfWM model and this study, respectively; (c) the average speed difference between the results of the TfWM model and the 
method proposed here. The short lines and black diamond markers denote the median and average values, respectively. AM and PM stand for the morning 
(07:30–09:30) and evening (16:00–18:00) rush hours, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.) 
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by a series of models, surveys, measurements, etc. 

4.3. Travel characteristics (average vehicle speed) for single road GeoST 
segment 

In this section, we highlight the detailed information about micro
features of traffic behaviour that can be obtained for individual GeoST 
segments. Detailed information is necessary for planning and decision- 
making processes. New insights are achieved though by analysing the 
road transport over these small pieces of the roads, while the same 
spatiotemporal resolution has not been provided by previously devel
oped methods and models. We use two crossroad GeoST segments with 
the same length of 150 m located near the city centre of the city of 
Birmingham as examples. The first segment is on the A38 and the second 
segment is on the A456, shown in Fig. 5(a) and (b), respectively. Both 
segments are bidirectional dual carriageways with data for travel 
characteristics in both directions. The GeoST-segment is shown in Fig. 5 
(b) is next to a junction. The direction toward the Birmingham city 
centre is shown by a blue arrow in both figures, and the average speed in 
each direction, over different times of the day and days of the week 
(Sunday and Monday), are represented by different colours in the 
accompanying bar chart. 

The comparison of the two road segments shows distinct temporal 
and directional variations in speed. Overall, the A38 segment shows 
faster speeds over all times when compared to the A456 segment. The 
A456 segment is next to a junction controlled by traffic lights, whereas 

the A38 segment is more distant from traffic junctions, which likely 
explains the overall difference in speeds between the two segments. 

In general, for both segments on Monday, the average speed was 
slower for traffic travelling toward the city centre at all times of the day, 
except for the afternoon rush hour on the A38 segment. On Sunday, the 
average speeds for different time slices were more similar in both di
rections, when compared to Monday. 

The slowest average speed is observed on the A38 segment on 
Monday for traffic travelling away from the city centre in the evening 
rush hour. For the A456 segment, the slowest average speed was for the 
morning rush hour travelling toward the city centre. One of the major 
benefits of GeoST mapping of urban mobility is the opportunity of 
conceptualizing the spatial relationships between the urban mobility 
characteristics and the other urban features such as schools, retail, 
hospitals, etc. This might be considered one of the future research di
rections of the current study. 

4.4. Travel characteristics (average vehicle speed) for combined road 
segments 

In this section, we analyse the average speed over multiple GeoST 
segments from the A4540 and A38 roads; 85 segments, with 40 on the 
A38 described in the preceding section, and 45 segments from the 
A4540 which form part of Birmingham’s inner ring road. The selected 
segments are highlighted in blue in the West Midlands street network 
shown in Fig. 2(d). 

PDFs for the average speed over the considered journeys are shown 
in Fig. 6, for four time slots on five different days. Morning rush hours, 
evening rush hours, daytime non-rush hours (which are the combination 
of ‘morning non-rush hours’ and ‘afternoon non-rush hours’), and eve
ning non-rush hours (see Section 2.3) are presented by solid, dashed, 
dotted, dot-dashed lines and are labelled by Mo_RH, Ev_RH, DNo_RH, 
and EvNo_RH, respectively. Fig. 6, shows a near bimodal average speed 
distribution for weekdays, especially during rush hours. Over the 
weekend, the distribution becomes more unimodal in shape. The 
weekday bimodal variation is thought to be due to the spatial impact of 
the city centre which dictates directional congestion as shown in Fig. 5 
(a) and (b) for single segments. 

During the weekdays, the sharpest peaks in the PDF are observed 
during the early morning non-rush hours, whereas during the weekend 

Fig. 4. (continued). 

Table 2 
The average speed differences (mph) for different case studies. AM and PM stand 
for the morning (07:30–09:30) and evening (16:00–18:00) rush hours, 
respectively.  

Case The average speed difference, (mph) 

2016 AM entire West Midlands 5 
2016 PM entire West Midlands 7.3 
2018 AM; entire West Midlands 4.6 
2018 PM entire West Midlands 5.6 
Secondary roads (2016&2018) 6.6 
Primary Roads (2016&2018) 7.8 

Motorways (2016&2018) 10.1  
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days the sharpest peaks are during the morning rush hours (as defined 
for the working day). The differences between the weekend and week
day days are interesting and potentially highlight that average speed 
reflects both congestion and driving behaviour. 

The shape of the distribution of the theoretical journey shown in this 
section shows that the combination of individual segments, discussed in 
Section 4.3, leads to complex flow behaviour throughout the urban road 
network, which can be captured and explored with the telematics 
approach detailed in this paper. 

4.5. Travel characteristics (average vehicle speed) for the West Midlands 
region 

In this section, we produce average speed PDFs for different road 
types (secondary roads, primary roads and motorways) over the whole 
of the West Midlands region for the different time slices, see Fig. 7(a-c). 
The results for the years 2016 and 2018 are presented by the black 
dashed and solid lines, respectively. The official speed limits over every 
road type are represented by vertical red solid lines. 

The PDF profiles of the average traffic flow speeds for the primary 
and secondary roads show near unimodal distribution over all time sli
ces. The unimodal distribution of the average speed profile moves either 
right (faster) or left (slower) by hours of the day, while the peak height is 
almost constant. Average peak speeds decrease in rush hours. 

Fig. 7(a) also shows a significant contribution of vehicles exceeding 
the upper-speed limit of 30mph on secondary roads. In non-rush hours, 
and especially late night and early morning when the roads are emptier, 
more vehicles exceed the speed limits. A similar analysis is not 
straightforward for primary roads because the speed limit varies from 30 
to 40 mph dependent upon location, as indicated in Fig. 7(b). Never
theless, if the speed limit of 30 mph is assumed as the upper-speed limit, 
the percentage of vehicles exceeding the speed limit in non-rush hours is 
higher than during rush hours. 

Fig. 7(c) shows that the PDF profile of the average speed over the 
motorways is much more variable during a typical day, compared to 
primary and secondary roads. Whilst the peak of the profile moves to
ward the higher speed limit of 70 mph during the late night and early 
morning periods. During the daytime, it peaks closer to 60 mph. During 

Fig. 5. The average speed of vehicles moving over (a) a pair of GeoST segments far from the junction and (b) a pair of GeoST segments close to the junction.  
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rush hours, the average speed is much lower compared to the other time 
slices. 

The motorway PDFs show major differences between the 2016 and 
2018 data, whereas the secondary and primary road data were more 
similar between the two study years. The average speed of vehicles on 
the motorways in 2016 was higher than that of 2018. A total assessment 
of the results shows that the vehicles in 2016 were on average 1.4%, 
1.2%, and 6.4% faster than that in 2018 over secondary roads, primary 
roads, and motorways, respectively. Whilst the results of the current 
study show a 3% decrease in the average speed over all the studied roads 
from 2016 to 2018, the statistics from the UK Department for Transport 
(DfT) show a 2.4% increase in the number of licenced vehicles in the UK 
from 37.3 M in 2016 to 38.2 M in 2018 (DFT, 2017, 2019). This suggests 
a correlation between the average vehicle speed over the road network 
and the fleet population. The bigger observed differences for the mo
torways are more interesting and suggest there were major structural 
differences during the two time periods, and this will be investigated 
further in future work. 

The percentage of segments with average speeds exceeding the speed 
limit (% segment in excess) is estimated for different hours, days and 
roads, and is graphically shown in Fig. 7(d). The values here were 
estimated using the corresponding local speed limits, please see Section 
2.5. The percentage of speed limit exceedance in non-rush hours and 
weekends, when the traffic is lighter, is higher than that of the other time 
slots. Moreover, the percentage of speed limit exceedance on motorways 
is significantly smaller than that on secondary or primary roads. This 
might be due to the higher number of motorway speed cameras 
compared to the other roads. On average, vehicles exceed the speed 
limits by 30.4% more at weekends when compared to weekdays. 

The PDFs of the average vehicle speed on different days of a week 
and three example time slots of: afternoon non-rush hours 
(14:00–15:59), morning rush hours (07:00–08:59), and evening rush 

hours (16:00–18:59) for years 2016 and 2018 are shown in Fig. 8(a) and 
(b), respectively. The peak of the profiles moves toward higher speeds at 
the weekend, in addition to the peak height increasing. For primary and 
secondary roads, there are surprisingly few differences between the 
weekday PDFs for the three different diurnal time slices investigated. 
For motorways, there are clear differences. For Saturdays and Sundays, 
the morning rush hour period is on average faster than the two other 
investigated time slices. The day-of-the-week behaviour for 2016 and 
2018 is largely similar between the two datasets. 

4.6. Vehicle specific power (VSP) 

VSP over the roads is estimated using the corresponding speed- 
acceleration-variation profile and the approach proposed here trans
lates the vehicle telematics data into the road VSP with high spatial and 
temporal resolutions, see Section 2.2. The PDFs of VSP for the studied 
road types and time slots in the years 2016 and 2018 are presented in 
Fig. 9. It is noted that we are studying the VSP of light-duty vehicles 
moving over the West Midlands roads and the calculations reflect these 
assumptions. The black solid and red dashed lines represent calculated 
VSP when the road slope is considered or ignored, respectively; see Eq. 
(5). For most time slices, the VSP PDFs appear to have near normal 
distributions for the secondary and primary roads. The PDF peaks move 
to higher VSP values during non-rush hour periods, and to lower VSP 
values during rush hour periods. The impact of the time of travel upon 
the peak VSP value is small. The motorway PDFs are more skewed than 
the primary and secondary roads. The early morning (0:00–6:59) PDFs 
show a secondary peak with negative VSP, which likely indicates more 
aggressive driving occurring during these hours. 

Fig. 9 shows that ignoring road slope causes distinct differences in 
the calculated VSPs. When averaged over the whole year and all seg
ments, the average impact of including the road slope when calculating 

Fig. 6. The average speed of vehicles moving over a set of GeoST segments consisting of 85 road segments of the A38 and A4540 roads which is highlighted in blue in 
Fig. 2(d). Morning rush hours, evening rush hours, daytime non-rush hours, and evening non-rush hours (see Section 2.3) are presented by solid, dashed, dotted, dot- 
dashed lines and are labelled by Mo_RH, Ev_RH, DNo_RH, and EvNo_RH, respectively. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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VSP, is to decrease the VSP by 12.7%, 14.3%, and 12.6% for driving over 
secondary roads, primary roads, and motorways, respectively. The 
observed VSP profiles for the 2016 and 2018 years are very similar. 

Fig. 10 shows the VSP PDFs for the morning rush hour, evening rush 
hours and afternoon non-rush hour periods for the different days of the 
week. The VSPs are also estimated with or without road slope, respec
tively. The weekday PDFs are approximately normal distributed for all 
road types. However, the weekend distributions have an additional peak 

around the zero VSP value, while the main peak of the profile is 
dampened compared to the weekdays. One of the interesting aspects of 
Fig. 10 is the cruise driving peak which is formed around the zero VSP 
value. It was formed through the morning rush hours and by moving 
toward the weekends, whereby Sunday’s peak is higher than Saturday’s 
one. This might be attributed to the road occupancy level then; roads are 
usually emptier on Sunday morning than the other times of the week. 

VSP is a very useful metric for the study of vehicle emissions and fuel 

Fig. 7. The probability distribution function (PDF) of the vehicles (traffic flow) speeds over (a) secondary roads, (b) primary roads, and (c) motorways of West 
Midlands; (d) percentage of segments in exceedance of the local speed limit (% segments in excess) for the different times and roads, see Eq. 8. In Fig. 6(a) – 6(c), 
black dashed and solid lines are for the results of 2016 and 2018, respectively, and the vertical solid red lines stand for official speed limits over the studied roads. In 
Fig. 6(d), black and blue colours represent the results for the years 2016 and 2018, respectively. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 
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consumption over the roads. With this telematics-derived VSP dataset, 
the corresponding emission factors as well as fuel consumption can be 
now calculated in future work. 

5. Conclusions and future research direction 

With the pace of advancements in telecommunication technologies, 
the access of civilians to global navigation satellite systems and hence 
the increasing number of connected vehicles moving within urban areas, 
telematics data has great potential for revolutionizing our understand
ing of vehicle flow. This paper provides a new approach to translating 
telematics data into useful parameterizations of urban mobility and 
travel characteristics. The approach, GeoST mapping of urban mobility, 

translates raw instantaneous speed-time data into multiple dimensions 
of urban mobility over highly detailed spatiotemporal frameworks. 

We have demonstrated that the GeoST approach can give detailed 
maps of vehicle flow over wide areas using data from the West Midlands 
area, which contains 4.5% of England’s road length, over two years: 
2016 and 2018. The geospatial data has been subset spatially into 
different road types: primary roads, secondary roads and motorways. It 
has also been subset into different days and diurnal time slices to be able 
to investigate the role of rush hours and other temporal features. From 
the maps, hot spot analysis can be conducted to locate areas with 
interesting features. 

The unparalleled depth of data makes quality checking of the data 
complex because there are no comparable real-world measurements to 

Fig. 8. The probability distribution function (PDF) of the vehicles (traffic flow) speeds over secondary roads, primary roads, and motorways for morning rush hours 
(Mo_RH), evening rush hours (Ev_RH), non-rush hours (No_RH) for the years (a) 2016 and (b) 2018. Mo_RH, Ev_RH, and No_RH stand here for the hours 7–8, 16–18, 
and 14–15, respectively. 
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compare against. When compared to modelled data from the local 
regional transportation organization (TfWM), which are generated for 
similar but non-identical conditions, a difference of ~5.1 mph is 
observed between the measured average speed and the modelled data. 

The GeoST approach is demonstrated at different scales. Data for two 
individual road segments, both approximately 150 m long are used to 
highlight the microfeatures of traffic behaviour that can be derived from 
telematics data. The derived data show how the presence of geospatial 
features such as junctions can affect traffic flow. By combining 85 road 
segments a theoretical journey is demonstrated and additional 
complexity in the speed distributions, as compared to individual seg
ments, is shown. Using the whole West Midlands dataset, differences in 
average speeds, travel times, and VSPs are shown throughout the study 
area. For example, it is shown that vehicle flow speeds were on average 
faster in 2016 compared to 2018 for the whole West Midlands region. 

The methodology calculates VSP with and without the inclusion of 
road slope into the VSP calculation. The inclusion of realistic road slope 
parameterizations changes the derived VSP over the whole of the West 
Midlands by ~12–14%. The new methodology is also used to demon
strate and parameterize adherence to speed limit regulations. For 
example, on average, vehicles exceed the speed limits by 30.4% more at 
weekends when compared to weekdays. 

This paper demonstrates that the new approach of GeoST mapping, 
using telematics as input data, provides excellent opportunities for un
derstanding urban mobility and opens new windows for transport 
planning and environmental research. 

Going forwards, the new GeoST approach provides a new tool for 
improving our understanding of urban mobility and will be of great 
benefit to multiple stakeholders. With the increasing availability of 
telematics data, the approach described can be extended to further lo
cations worldwide. 

The proposed approach visualises urban mobility over geospatial 
frameworks with fine resolutions. This enables the parametrization and 
discussion of the impact of other urban features, such as schools, hos
pitals, and car parks, on urban mobility. The approach also provides a 
foundation for advanced technologies, such as the Internet of Things 
(IoT) and Vehicle-to-Vehicle (V2V) or Vehicle-to-Road (V2R) commu
nication. Furthermore, this approach can be seen as a progression to
ward digitally constructed environments, including digital twins. The 
suggested method provides temporal attribution for digitally con
structed transportation. Smart algorithms can be trained using spatial 
and temporal variations from previous years to predict the future of road 
transport. This is a promising avenue for future research. 
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