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Summary 
Strava is an online application that acts as a tool for tracking and recording physical activity via a smartphone or 
GPS device. It primarily records cycling and running, although a wide range of other sports can also be 
recorded. The data produced by people using Strava to record their cycle trips offers the prospect of detailed 
information about how, where and when people are cycling, and where they are travelling to and from. This 
paper investigates how Strava cycling data can be used to create these insights. 

The existing literature identifies several potential uses for Strava cycling data in transport planning: 

• Estimating total usage figures for infrastructure appraisal and evaluation 
• Identifying route preferences and desire lines 
• Accounting for displacement between routes when evaluating new infrastructure 
• Identifying errors and deviations in route mapping. 

However, the research also indicates that there are substantial problems with each of these possible uses, 
primarily as a result of the demographic unrepresentativeness of Strava users and the inconsistent relationship 
between the cycle trips recorded using Strava and the total level of cycling in different locations. 

The exploration of the data in this paper supports some of these findings. This paper compares cycle trip counts 
collected from Automatic Cycle Counters (ACC) with cycle trips counts recorded on Strava from the same 
location. It shows that, although the two are correlated, there is substantial variation in the relationship between 
the number of cycle trips that are recorded using Strava and the total number of cycle trips recorded by ACC, 
both between locations and from day-to-day at individual locations. 

This paper concludes that, although it may be possible for Strava cycling data to be used as part of a 
sophisticated model of cycle usage, it cannot be used by itself to estimate total cycle usage without any other 
explanatory variables. 

However, this does not mean that Strava cycling data cannot be used to create insights into cycling behaviour, 
although any insights must be interpreted with an understanding that they are related to a very specific subset of 
cyclists. 

This paper demonstrates some of these insights, using the Strava cycling data to: 

• Show how levels of Strava cycle usage change along a route 
• Show how Strava cycling usage changes over the course of a typical day at a single point or along 

a route 
• Identify a desire line for Strava users that is not serviced by existing cycling infrastructure 
• Visualise the origin and destinations of Strava users who are travelling along a stretch of route 
• Estimate the range of speeds achieved by Strava users at different points on a route 

Although these insights must be interpreted in light of where they have come from, they still provide valuable 
information for transport planners, especially when used alongside other methods and data sources. 
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1 Introduction 
The Scottish Research Programme is funded through Sustrans Scotland’s grant from Transport Scotland. Its 
aim is to provide high quality analysis and insight into the impact and benefits of walking and cycling 
interventions in Scotland. This paper investigates the use of Strava data to create insights about active travel 
behaviour. 

Because this paper is designed to be an initial exploration of Strava data, it is not designed to provide definitive 
answers to whether or how Strava data can be used for monitoring active travel. It instead offers the reader an 
introduction to the data and areas of potential for further exploration. 

Strava is a tool for tracking and recording physical activity. It primarily records cycling and running, although a 
wide range of other sports can also be recorded. It works using the GPS functions on a smartphone or a 
dedicated GPS device, recording various metrics including trip distance, trip time and the route taken. The 
primary market for Strava is individuals tracking their exercise for training purposes and to compete with other 
individuals using the same routes. 

Strava Metro is the data science arm of Strava, making aggregated and anonymised data from activities logged 
on Strava available to customers, primarily for advocacy and transport planning purposes. Through the Urban 
Big Data Centre (UBDC) in Glasgow, Sustrans’ Research and Monitoring Unit (RMU) have been given access 
to a number of Strava Metro datasets.  

Using Strava as a monitoring tool offers the prospect of detailed information about how, where and when people 
are cycling, and where they are travelling to and from. When compared to the existing approaches (surveys, 
with the risk of sampling bias, and static counts, which are limited to their immediate location) Strava has the 
potential to be a rich source of data. 

This paper seeks to explore this potential, looking at what the datasets contain, how they compare to other data 
sources, and how we might use them. 
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2 Literature review 
This section outlines the current state of the literature about using Strava data for monitoring cycling, although it 
is not intended to be a comprehensive review of the available literature. We used the first three pages of 
matches to the search term “Strava bicycle” on Google Scholar, sorted by relevance. Relevant papers were 
identified by examining the abstracted text presented with the results. Additional papers were sourced from the 
citations contained within the first set of papers.  

Strava data are already being used to monitor active travel on at least four continents, with regional case 
studies in South Africa (Selala and Musakwa, 2016), Canada (Jestico, Nelson and Winters 2016), the USA 
(Moore 2015, Gilroy 2014, Figliozzi 2015), New Zealand (Norman and Kesha, 2015), Australia (Heesch & 
Langdon 2016, Clarke & Steele 2011), Iceland (Jonasson et al 2013) and the UK (Haworth, 2016). However, 
these papers all recognise that there are limitations to using Strava data in transport planning, primarily that 
Strava users – known as ‘athletes’ – are not representative of the wider cycling populations (Heesh and 
Langdon, 2016).  

Heesch and Langdon (2016) noted that cyclists recording Strava trips in Queensland, compared to the 
demographic profile of cyclists as measured in a household survey, overrepresented men overall (80.1% of 
Strava users to 72.1% of cyclists) and men aged 34-44 in particular (29.2% of Strava users to 17.7% of cyclists) 
while women were underrepresented in all age groups. It is worth noting that the demographic profile of the 
actual trips being made is unclear, as the household survey does not account for frequency effects. 

Two of the studies identified attempt to scale up from Strava usage data to wider levels of cycling in a multiple 
regression model. Results from Jestico, Nelson and Winters (2016) indicate a weak linear correlation between 
Strava counts and manual counts with 1 Strava trip scaling to 51 actual trips on average (R2 0.40 to 0.58) in a 
pro-cycling urban area (Victoria, BC, Canada), while Haworth (2016) compared Strava data to Cycle Census 
data in London in a multiple regression and found an R2 value of ~0.7, with 1 Strava trip to 19 actual trips on 
average. The difference in conversion factors and relatively low R2 indicate that there is considerable 
uncertainty in scaling up from Strava usage to total cycling. In both studies, route characteristics also had a 
significant effect on model fit - Jestico, Nelson and Winters (2016) used slope, speed restriction and parking, 
while Howarth (2016) used road classes. While neither study quantify the possible interaction between route 
characteristics and the Strava conversion factor, the authors of both studies comment that Strava users’ 
demographic bias may lead to unrepresentative route choice, leading to conversion factors which vary by route 
characteristics. 

Heesch and Langdon (2016) found substantial variation in Strava usage between sites in Queensland, Australia 
– for example on two important commuter bridges, Strava journeys made up 2.7% and 6.6% of all recorded 
cycle trips. This disparity again highlights the lack of consistency in scaling from Strava trips to all cycle trips. 
Another important consideration when using Strava data to estimate usage across different timescales is that 
Strava membership is increasing rapidly worldwide. Heesch and Langdon conclude that using Strava data to 
evaluate interventions is advisable only over a short timescale – e.g. 3 months from baseline to follow-up – as 
over longer timescales the impact of the intervention is likely to be dwarfed by the increase in Strava 
membership, and the resulting uncertainty around usage estimates. Even over short timescales, Heesch and 
Langdon recommend adjusting conversion rates to reflect Strava uptake. 

Another complication introduced by Strava’s approach is that users are encouraged to compete with one 
another over for route records over particular route sections. We speculate that this may be an incentive for 
Strava riders to cluster on particular routes rather than distributing themselves evenly on routes which are 
representative of general ridership. If true, this effect would contribute to local differences in Strava usage, 
complicating attempts to estimate overall usage over wider areas. 

Relative levels of Strava recorded trips can still provide useful insights when it is not possible to estimate the 
total number of trips. Figliozzi and Blanc (2015) note that relative Strava usage provides a volume of information 
about route preferences which was not previously available, giving transport planners high resolution data on 
which paths and routes are used more than others.  

Norman and Kesha (2015) describe how Strava data has helped identify revealed preferences between different 
route options for new infrastructure, discounting routes which are underused by Strava users. When a network 
view is needed, Strava has potentially major advantages over traditional monitoring approaches, as static 
counts and surveys cannot reproduce the spatial dimension offered by Strava GPS traces.  

Similarly, when evaluating infrastructure interventions, changes to the distribution of the relative usage of 
different adjacent routes can also be used to demonstrate displacement between routes. Displacement is an 
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important consideration when evaluating a new piece of infrastructure which can be challenging and expensive 
to account for comprehensively using traditional monitoring tools.  

However, the demographic unrepresentativeness of Strava users also pose problems for the use of Strava trip 
data in both identifying desire lines and route preference and exploring displacement. For example, riders using 
road bikes may make different route decisions to riders on other types of bicycles – for example prioritising 
smooth road surface and faster routes over safer but bumpy off-road routes. The bicycle type may also be 
indicative of the experience and confidence of the cyclist in question. In addition, while Strava Metro can identify 
desire lines via GPS traces, these reflect the desires of the demographic subset engaging with Strava. As such 
it would be best to use Strava Metro as part of a larger set of planning tools and not as a stand-alone solution. 

GPS traces produced from Strava Metro can also be used to correct existing mapping, highlighting GPS traces 
which deviate from the marked road or path. Strava has developed an algorithm to do this which is integrated in 
the main map editor used in the open source map system, OpenStreetMap, so that users can use Strava traces 
to correct mapped lines1. A similar potential use of Strava data may be to identify gaps and inadequacies in 
cycling infrastructure – assuming a correctly mapped route, problems with existing cycling infrastructure may be 
leading cyclists to deviate from a dedicated route.  

To summarise, the main potential uses for Strava data in transport planning are: 

• Estimating total usage figures for infrastructure appraisal and evaluation 
• Identifying route preferences and desire lines 
• Accounting for displacement between routes when evaluating new infrastructure 
• Identifying errors and deviations in route mapping. 

However, there are substantial problems with each of these possible uses, primarily as a result of the 
demographic unrepresentativeness of the data and the inconsistencies in the relationship between Strava 
usage and total usage in different locations. 

 

  

                                                
1 http://labs.strava.com/slide/ 
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3 Exploring Strava data 
This section of the paper explores the datasets that have been provided via the UBDC. It is intended to be an 
exploration of the data rather than focusing on a specific element or type of analysis. 

 

3.1 Types of data 
The datasets provide three views of the data recorded by Strava users: 

• Edges 
• Nodes 
• Origin/Destination (OD) polygons 

Edges are the individual sections of ‘street’ – as defined by Open Street Map – on which at least one Strava 
user has been recorded in the time period covered by the dataset. These edges are separated by Nodes. These 
are simply the locations where two (or more) edges meet. Both of these datasets present time-stamped counts 
of Strava users as they intersect with a node or edge. These data are available at the level of minutes, so if 
more than one Strava user is recorded on a single edge in any one minute, the total count is given. 

OD polygons are two dimensional shapes used to identify the start and end points of each trip. Polygons are 
used to avoid identifying individual trips. This dataset also includes the polygons that have been intersected by 
each trip (although not given in the order in which they have been intersected). 

The three datasets provided by UBDC include all Strava cycling activity in Scotland in 2015 and in the first half 
of 2016. In all three views, the data have been aggregated so that individual Strava users’ data is confidential. 
Data is provided at the edge, node and polygon level so that individual journeys cannot be reproduced from the 
data. 

The data provided by UBDC only includes aggregated demographic information for the whole dataset. If 
demographic data was available at a more granular level (i.e. at edge/node/polygon level), it would provide a lot 
of valuable information for transport researchers.  

 

3.2 Summarising the edge dataset 
This section looks at Strava usage on edges across the whole of Scotland in 2015. This dataset is henceforth 
referred to as ‘the Edge dataset’. Table 3-1 shows some summary information about the Edge dataset. 

Table 3-1 Scotland Edges 2015 summary 

Information Value 

Date range 01/01/2015 – 31/12/2015 

Number of edges in dataset 590,092 

Number of recorded Strava activities 188m 

Maximum number of Strava users recorded on a single edge in 
a day2 1,665 

 

3.3 Visualising Strava counts 
Chart 3-1 shows the distribution of the daily Strava counts across all edges in the dataset. It clearly shows that 
very low Strava counts are recorded on the majority of days in the dataset. 

                                                
2 Recorded on the route of Etape Caledonia, a large cycling event that took place on the 5th May 2015. 
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Chart 3-1 Number of Strava counts recorded each day (sampled dataset3) 

 

 

Extending this analysis, we can see the number of days in 2015 on which counts have been recorded for each 
edge (Chart 3-2). The majority of edges are recording Strava users on a very small number of days. 4 

Chart 3-2 Number of days on which Strava counts have been recorded 

 

We can also see when Strava counts are being recorded across the year (Chart 3-3). A strong seasonal effect 
can be seen, with the majority of Strava counts being recorded between April and September. 

                                                
3 Because of the size of the full Edge dataset, to produce some visualisations of the dataset we randomly sampled the data for 10,000 
edges to produce a test dataset that could be easily manipulated and analysed. The charts that use the sampled dataset are clearly 
identified. 
4 It is worth noting here that all edges in the dataset have recorded at least one count across the time period. If no counts were recorded 
then it would not be identified as an edge. 
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Chart 3-3 Total Strava counts by month 

 

Chart 3-4 shows the Annual Average Daily Strava Total (AADST) for each edge in the dataset. This is simply 
the average count of Strava trips on an edge in 2015. We can see that the vast majority of sites have very low 
AADST. However there are still over 8,500 edges with an AADST greater than or equal to 10 (Chart 3-5) – albeit 
just 1.5% of the edges in Scotland. 

Chart 3-4 Annual Average Daily Strava Total 

 

Chart 3-5 Annual Average Daily Strava Total >= 10 
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We can identify where the busiest edges are located. Figure 1 shows a heatmap of edges in Scotland in 2015, 
with the brightest edges having the highest AADST. These are typically found in the urban areas in Scotland, 
although the Great Glen is a notable exception. 
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Figure 1 Edge locations AADST heat map 
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3.4 Comparing Strava counts with Automatic Cycle Counter data 
The most obvious function of the Strava data is for measuring levels of cycling. When compared to the existing 
approaches (surveys, with the risk of sampling error and other biases, and static counts, which are limited to 
their immediate location) Strava has the potential to provide rich data on cycling counts at fine spatial and 
temporal scales. 

Access to accurate usage data at this level of detail would revolutionise approaches to active transport planning 
and evaluation, with stakeholders being able to easily identify areas of high and low demand and to explore the 
effects and impact of interventions with an unprecedented level of detail and accuracy. 

This section sets out to explore the viability of using Strava counts as a way of estimating total cycle counts. It 
does this by comparing the Strava data with data from automatic cycle counters (ACC) across Scotland. 

The literature review has already indicated that there seems to be too much variation in the relationship 
between Strava counts and total counts for a universal ‘scaling factor’ to be viable. This section of the paper 
explores this using ACC data rather than manual counts. 

 

3.4.1 ACC data 

Sustrans collate data from ACC owned by local authorities across Scotland. A total of 94 ACC have been 
identified where data from 2015 is held. Eighteen of these ACC have data for every day in 2015, while 55 have 
at least 300 days of data. All 94 ACC have at least 100 days of data, which is the minimum volume of data that 
Sustrans require for an ACC to be used in an evaluation.5 

Figure 2 shows the locations of these ACC across Scotland. They are largely located in urban areas, and are in 
off-road or road-adjacent locations. 

Figure 2 ACC locations 

 

                                                
5 Research by Sustrans indicates that AADTs calculated from 100+ days of data are sufficient for calculating robust estimates of usage. 
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These ACC are matched with the Strava edge on which they are located. This means that we can compare the 
Strava count with the equivalent ACC count. 

 

3.4.2 Comparing ACC and Strava data 

The Strava and ACC data are first compared at the level of individual days. Chart 3-6 shows the relationship 
between the matched daily Strava and ACC counts. Although some form of positive correlation is apparent, it is 
clear that the relationship is complex. 

We can also see that there are some days/locations where the Strava count is greater than the ACC count. This 
is likely to be because the ACC counts do not cover the whole of the edge, so not all Strava users are recorded. 
It may also be a result of errors in the ACC data, although the ACC data are cleaned prior to inclusion in this 
analysis. 

Chart 3-6 Relationship between Strava and ACC daily counts from the same Strava edge 

 

Using this dataset we can also explore one of the findings from the literature review; that changes in the uptake 
of Strava amongst the cycling population will affect the relationship between Strava counts and overall usage. 

Chart 3-7 shows the total number of Strava users in the dataset as a proportion of the total number of cycle 
counts recorded by the ACC. We can see that this proportion falls away during the winter months, suggesting 
that Strava use is less popular during winter, relative to overall levels of cycling. 

It is not possible to isolate the change in Strava uptake from the impact of other other factors such as seasonal 
levels of usage. However, an increase in Strava uptake would be expected to be revealed in an increased 
proportion of Strava counts compared to total levels of usage – this is not apparent in the data. 
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Chart 3-7 Total Strava users as a proportion of total ACC counts 

 

Chart 3-8 shows a similar finding, revealing that the proportion of Strava users among the total count at each 
location does not consistently trend in any direction across the year.6 

Chart 3-8 Total Strava users as a proportion of total ACC counts at each location 

 

Chart 3-9 compares the Annual Average Daily Total (AADT) from each of the ACCs and the AADST from the 
same Strava edge. Where the ACC holds less than 365 days of data, the AADT is calculated from the ACC data 
that are available and the AADST is calculated from the equivalent Strava data. This means that the values are 
directly comparable. 

There is a strong correlation between the AADST and the AADT (Pearson's product-moment correlation, p < 
0.001). However a simple linear regression between the two shows that the R2 is relatively low (0.37), meaning 
that, by itself, the AADST only has a limited ability to explain variation in the AADT. This means that there is 
limited consistency in the relationship between the number of Strava counts and the total cycle counts at these 
locations. 

                                                
6 Note that the y axis of the chart has been limited to improve visual clarity. 
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Chart 3-9 Relationship between Strava and ACC annual average daily totals 

 

 

From this basic analysis, we can conclude that modelling levels of usage from Strava counts alone is unlikely to 
be a viable approach. This supports the findings in the literature that there is not a single consistent factor that 
would allow us to scale up Strava data to total usage. 

However, there may be other explanatory variables that can be used to make a more accurate model, as 
suggested in the literature review. This is an area for further exploration. 

 

3.4.3 Intra-site relationship between Strava and ACC counts 

Although the above analysis indicates that using Strava data to model usage in locations where there are no 
existing usage data requires substantial further exploration, there may still be scope for Strava data to be used 
where there are already existing count data. These could be in the form of a manual count over a small number 
of days, or an ACC where there are some missing data. Strava data could be used to estimate the values that 
would ‘fill the gaps’. 

We first conduct a linear regression between the daily ACC and Strava counts at each of the 94 ACC locations 
individually. The relationship between the daily counts is visualised for 10 sites selected at random (Chart 3-10), 
while Table 3-2 shows the summary statistics of the linear regressions for the same sites.  

We can see that the relationship varies widely between locations. This is supported by Chart 3-11, which shows 
that there is a correlation between the scale of the Strava count and the relationship with AADT – the higher the 
AADST, the higher the R2 of the relationship between the AADST and the AADT (Pearson's product-moment 
correlation, p < 0.001). 

 



STAR 2018 
George Macklon, Nancy Burns 
 

15 

 
 

Chart 3-10 Comparison of Strava and ACC daily totals at 10 randomly selected sites in Scotland 
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Table 3-2 Summary statistics of linear regression between daily Strava and ACC data 

counter.ref R2 p.value coefficie
nt 

intercept AADST AADT AADST: 
AADT 
ratio 

1138 0.41 <0.01 8.88 31.34 3.94 66.34 1:16.82 

1243 0.28 <0.01 3.30 10.47 2.52 18.79 1:7.46 

139 0.21 <0.01 7.84 36.90 0.90 43.98 1:48.72 

1990 0.25 <0.01 6.55 12.11 1.18 19.82 1:16.82 

2959 0.00 0.32 4.97 84.06 0.24 85.27 1:351.00 

2960 0.22 <0.01 8.35 106.48 6.54 161.10 1:24.63 

2964 0.56 <0.01 4.83 44.00 13.62 109.82 1:8.06 

3064 0.21 <0.01 2.42 38.05 3.25 45.92 1:14.12 

3226 0.70 <0.01 8.01 27.22 7.37 86.29 1:11.71 

Portrait.Bench.Falkirk 0.48 <0.01 11.47 53.63 5.93 121.64 1:20.51 

 

Chart 3-11 Relationship between AADST and R2 

 

This shows that at some sites, particularly those where there is a high level of daily Strava counts, the 
Strava data can explain a lot of the variation in the AADTs recorded by the ACCs. This suggests that 
using the Strava data to estimate missing values might be a viable approach. 

To explore this possibility, we first create a ‘synthesised’ dataset where there are missing counts. We 
take the 18 ACCs with a full set of data for 2015 and randomly select a single ACC. We then 
randomly select the number of days of data to be retained (from 1 to 365). The specific days to be 
retained are then randomly selected from the ACC data. This process is conducted 10,000 times to 
make sure that we are testing the approach across a wide range of different volumes of missing 
counts, and that the retained counts are taken from different times across the year. This process 
produces a large dataset with the following variables: 

• Total ACC count for 2015 
• Total Strava count for 2015 
• The number of days that have been retained for the synthesised datset 
• The ‘partial’ ACC count from the days that have been retained 
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• The ‘partial’ Strava count from the same days 

It is important to note that the results will necessarily be biased because the small number of ACC 
used to create the synthesised dataset. However, because this is meant to be an exploratory 
analysis, the impact of this bias is not assessed. 

To represent the current practice of dealing with missing data, we can estimate the total ACC count 
from the partial ACC count directly.7 We divide the partial ACC count by the number of days that it 
has been calculated from, and then multiply it by 365. We then calculate the percentage difference 
between the estimated total ACC count and the actual total. The mean of the absolute percentage 
error values across the synthesised dataset is used to assess the overall accuracy of the approach – 
this is the Mean Absolute Percentage Error (MAPE). 

Chart 3-12 shows the relationship between the percentage error and the number of days used to 
estimate the partial AADT. We can see that the number of days included in the calculation has a 
substantial effect on the accuracy of the estimate. The MAPE for this approach is 3.3%. 

Chart 3-12 Comparison of number of day’s data and the percentage error of the resulting 
estimated total ACC count. 

 

 

We can use the Strava data to try and improve the accuracy of the estimated AADT. This is best 
shown as an example drawn from the synthesised dataset.  

• The total ACC count for counter X is 50,000.  
• The total Strava count is 5,000. 
• In one row of the synthesised dataset, only 50 days of data are retained for counter X.  
• The partial ACC count for these 50 days are 10,000, while the partial Strava count is 

1,000. 
• The current practice method detailed above would give an estimate ACC usage of 73,000 

(10,000 / 50 x 365) 

We can use the Strava data to refine our estimate, as we know the relationship between the partial 
Strava count and the total Strava count. 

• The partial Strava count is 20% of the total Strava count. 
• We assume that the relationship between the Strava count and the ACC count is 

consistent across the year – including the period where the data are missing8 
• It then follows that the relationship between the partial and total Strava count will hold for 

the partial and total ACC count. 

                                                
7 It is important to note this is a representation only, Sustrans’ method for estimating usage is more sophisticated. 
8 This assumption is somewhat supported by Chart 3-8, although more detailed analysis may allow us to incorporate more 
sophisticated seasonal factors. 
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• The partial ACC count is 10,000. If this is also 20% of the total ACC count, the estimated 

ACC total is 50,000 – an exactly accurate result. 

However, when we use this approach on the full synthesised dataset, the MAPE is larger than it was 
when using the representation of current practice – 8.1%. 

We can see from Chart 3-13 that the error appears to decreases as the level of Strava usage 
increases – supporting earlier findings. 

Chart 3-13 Comparison of absolute percentage error and AADST 

 

 

The findings here suggest that using Strava data to help the interpolation of missing count data is not 
a straightforward proposition and requires more detailed analysis that is beyond the scope of this 
paper. 
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3.5 Exploring the Strava data at a specific site 
This section of the report considers using Strava data in a slightly different way by focusing on two 
specific sections of the Union Canal in Edinburgh. These sections were selected for expediency as 
there are plans to develop this route, but it is also a useful site for a case study as there are ACC on 
the route sections and there is a sufficient volume of Strava usage to allow for analysis of the data. 
The Strava data are taken from the first six months of 2016. 

The two sections of route used as case studies are shown in Figure 3 and Figure 4. These sections 
have been selected by project staff as being of particular interest. These sections of the canal include 
a number of different edges – 16 edges for location 1 and 30 for location 2. The edges are also shown 
on the map, numbered from west to east. The line connecting an edge and its identifying number 
connects to the centre of each edge. 

We will look at the edge data and the origin destination polygon data for these sections. We do not 
consider the node data as it is unlikely to provide any useful insights in addition to those shown in the 
edge data, particularly as the route on which the sections are located is an arterial route with few 
significant intersections.  

Figure 3 Section 1, Union Canal, Edinburgh showing individual edges
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Figure 4 Section 2, Union Canal, Edinburgh showing individual edges

 

Summary analysis of the daily Strava edge data from 2016 for these two sections is shown in Table 3-
3. 

Table 3-3 Daily summary statistics- Union Canal 

Strava daily 
count statistic 

Section 1 Section 2 

Min 0.00 0.00 

1st Quartile 14.00 13.00 

Median 23.00 22.00 

Mean 26.01 24.77 

3rd Quartile 35.00 35.00 

Max 88.00 92.00 

We can see that Strava usage is very similar on these two stretches, with both seeing an average of 
around 25 Strava trips per day in the first half of 2016. 

 

3.5.2 Whole-route usage levels 

If we break the usage on each stretch down into the different edges (Chart 3-14), we can start to see 
some differences in the level of usage of Strava users across the sections. For instance, a visual 
inspection of the Section 1 chart shows that Strava usage falls off as the route approaches the centre 
of town, while on Section 2 there appears to be a drop off in Strava usage in the middle of the section, 
particularly at edge 18, near Wester Hailes. The decline towards the centre of town seen on Section 1 
is corroborated by data taken from two ACC on the Union Canal in Edinburgh. An ACC located at the 
end of the canal in the city centre counted approximately half the number of cyclists as an ACC 
located on Edge number 09 (67,000 compared to 126,000 between January and June 2016). 
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Chart 3-14 Edge by edge Strava usage on the Union Canal Section 1 (top panel) and Section 2 
(bottom panel) 

 

 

3.5.3 Temporal trends in usage 

Using Strava data, it is also possible to explore usage across a day. Because of the relatively small 
number of counts, the total number of counts across the whole time period covered by the data are 
aggregated. However, because of the likelihood that many of the trips recorded are being made by 
the same individuals, it is only possible to infer that among this cohort of Strava users at least, usage 
is focused on typical commuting periods at both locations. 
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Chart 3-15 Strava usage by time of day – Union canal, Section 1 (top panel) and Section 2 
(bottom panel) 

 

 

3.5.4 Cycling speed 

The Strava dataset also includes the time that users took to complete each edge9. When we combine 
this with information about the length of each edge, it is possible to calculate the average speed at 
which Strava users are passing along that edge. Chart 3-16 presents this in the form of boxplots. This 
presentation allows for the variation in speed to be shown both between edges and between users on 
each edge. 

Clearly some of the outliers represent erroneous values that have been recorded by the Strava users 
– it is unlikely that speeds over 40kph are regularly recorded on the canal towpath. As cycling speed 
data has not generally been available before, to develop standard protocols for using cycling speed 
data it will be necessary to set thresholds (both high and low) for identifying outliers and incorrectly 
tagged data – for example, walking incorrectly tagged as cycling, or driving on a road parallel to the 
towpath while Strava is still collecting data.  

The mean speed across all edges at section 1 is 17.4kph, compared to 21.6kph at section 2. 
However, we can see from the charts that there is substantial variation in the speed both between 
edges and within each edge. This latter point is likely to be a function of the varying levels of fitness 
among Strava users, but the former point may deserve closer attention in a future study. 

 

  

                                                
9 The most granular Strava data available is by minute. If more than one Strava trip is recorded on an edge in any one minute, 
the median time taken is presented. 
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Chart 3-16 Strava user average speed on the Union canal, Section 1 (top panel) and Section 2 
(bottom panel) 

 

 

 

3.6 Using Strava to identify routes and desire lines 
This section of the paper considers the aspect of Strava data that is identified in the literature review; 
its value as a way of identifying route choice and desire lines. 

 

3.6.1 Origin and destination data 

Data on trip origin and destination, and the areas passed through on the trip is relatively rare, with 
only UK census data on commuting trip origin and destination containing similar information at the 
same scale. Even then, the Strava data is not limited to only commuting trips – albeit because there is 
no trip purpose information included in the dataset. 

However a key difference between this and census data is that due to the aggregation and 
anonymisation of the Strava data, it is not possible to explore the number of individuals making the 
trips, only the number of trips between each origin and destination.  
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The origin and destination (OD) data in the Strava dataset comes in the form of polygons10. These are 
2 dimensional shapes in geographic space. We are provided with the origin polygon and destination 
polygon for every trip in the dataset. We are also given all of the polygons with which that trip has 
intersected, although not in the order that they were intersected. For the purposes of this paper we 
look at the OD polygons in relation to Section 1 on the Union Canal in Edinburgh. 

First we consider the trip routes using the polygons with which trips intersect. Figure 5 shows all of the 
polygons within 2km of Section 1 on the Union Canal (shown in red). A subset of trips have been 
selected – those that intersect at least one polygon on the Section 1 of the Union Canal. The map is 
coloured according to the number of the selected trips that intersect with each polygon. 

This allows us to see where the Strava users are travelling before and after they are on the selected 
section of route. For additional information, designated cycle routes in the area are highlighted in 
grey. 

We can see a distinct path heading north from the canal path, which appears to join on to the North 
Edinburgh Path Network at Roseburn. However, there is not a cycle path for the first stretch once it 
leaves the canal. This highlights the existence of a (previously recognised) desire line between the 
Union Canal and Roseburn. 

It should be noted that the density of trips is likely to reflect repeated usage by a few individual Strava 
users. Trends are likely to disproportionately represent commuting trips as they are more likely than 
other trip types to be regularly repeated, with one individual often taking exactly the same journey up 
to 10 times per week. 

Figure 5 Strava polygons passed through before or after travelling on the Union Canal

 

The data also shows the origin and destination of trips. In this case we have extracted those trips that 
intersect with any polygon on the relevant section of the Union Canal. We then map the origin and 

                                                
10 The factors determining the size and shape of the polygons are not specified in the Strava Metro documentation. 
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destinations of these trips, with the polygons coloured by the number of trips that originate or 
conclude within them, in Figure 6 and Figure 7. 

We can see that there is one main area, to the west of the city, where the majority of these trips both 
originate and conclude. This area includes several trip generators for work and study, including Heriot 
Watt University, the Royal Bank of Scotland campus at Gogarburn, and Edinburgh Airport. Darker 
polygons in the south of Edinburgh coincide with the University of Edinburgh’s King’s Buildings 
campus and Edinburgh Napier University’s Craiglockhart campus. Residential origins are less obvious 
on these maps, as they may be more diffusely distributed around the city.  

Figure 6 Origins of Strava trips on the Union Canal
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Figure 7 Destination of Strava trips on the Union Canal
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4 Conclusion and recommendations 
This paper has explored some aspects of the data provided by Strava Metro via UBDC. A brief review 
of existing literature suggests that the relationship between cycling and Strava usage varies from site 
to site, and indeed from day-to-day at an individual location. This indicates that Strava data cannot be 
used as a ‘single shot’ replacement for existing monitoring methods. Our exploration of the data is 
consistent with these findings. 

• Our comparison of Strava and ACC data supports the findings in the literature, 
demonstrating that there is no consistency in the relationship between ACC counts and 
Strava counts across different locations. 

• Our analysis also suggests that although there is greater consistency in the relationship 
between daily Strava and ACC counts at each location, this relationship varies from site 
to site, and is strongly correlated with the level of Strava usage. 

• Because Strava usage is strongly concentrated in urban areas, it seems unlikely that a 
universal approach could ever be developed that would be appropriate for wide ranging 
use. 

• Strava origin, destination and polygon data show clear potential for transport planners to 
identify desire lines and trip generators where cycling infrastructure is likely to be well 
used. However, it is important to remember that the data represent the repeated 
movements of a few unrepresentative individuals, and over-reliance on this and similar 
datasets is likely to perpetuate structural inequalities.11 

We can conclude therefore that although Strava Metro data has the potential to contribute valuable 
insights for urban transport planning and monitoring of active travel, it must be used with an 
understanding of its potential limitations. 

The opt-in nature of Strava activity recording and brand focus on athletic activity means that this rich 
dataset is focused on sport trips, and utility trips made by individuals who may be more athletic than 
the general population (Heesh and Langdon, 2016). Extrapolating from this rich dataset to draw wider 
conclusions about active travel as a whole should therefore be avoided until further understanding of 
the relationship between Strava users and the wider cycling population is developed. 

We recommend that areas of exploration should include: 

• Identifying explanatory variables that affect the relationship between Strava counts and those 
recorded by ACC. 

• A more detailed exploration of the power of Strava data to ‘fill the gaps’ when some usage 
data are already available. 

• Obtaining more detailed demographic information about Strava users to help improve 
modelling approaches and to provide valuable information to transport researchers. 

  

                                                
11 A detailed examination of some of the structural inequalities in active travel can be seen in Are We Nearly There Yet? 
(Sustrans, 2018), an exploration of gender and active travel. Accessible online from https://www.sustrans.org.uk/news/we-are-
calling-equal-representation-women-transport-planning-and-delivery-uk 
 

https://www.sustrans.org.uk/news/we-are-calling-equal-representation-women-transport-planning-and-delivery-uk
https://www.sustrans.org.uk/news/we-are-calling-equal-representation-women-transport-planning-and-delivery-uk
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Appendix 
A Scottish Research Programme 
Sustrans Scotland works in partnership with a wide variety of stakeholders to support the vision of the 
Scottish Government that by 2020 10% of everyday trips will be made by bicycle, that a culture of 
functional walking will be embedded throughout the country and that choosing to walk and cycle 
through high quality public space will be made easy and predictable. 

With our partners we help to demonstrate how travel behaviour in Scotland can change by delivering 
practical interventions in partnership, making the built environment more conducive to walking and 
cycling, and engaging with people to present the options available to them to travel actively. We do 
this work by managing funds for Transport Scotland and delivering a suite of projects, all match-
funded by recipients: projects include the challenge-fund infrastructure schemes Community Links 
and Community Links Plus, the 2,500 mile National Cycle Network, the community led design 
intervention Street Design and behaviour change interventions such as I-Bike in schools, Active 
Travel Champions in workplaces, Active Travel Hubs and support for education and young people, 
including the annual travel census – the Hands up Scotland Survey (HUSS). 

In 2014, with agreement from Transport Scotland’s Sustainable & Active Travel Team we decided to 
increase investment in research and monitoring by establishing a small research programme to 
provide insight and analysis of the investment in active travelling with the outcome being a better 
researched and more nuanced understanding of the effectiveness of interventions for walking and 
cycling in Scotland. We discussed this outcome with Sustrans’ Research & Monitoring Unit and 
commissioned them to produce a set of outputs in the form of a portfolio of research papers. The first 
phase of this programme was completed in 2016 and a second phase was commissioned for 2017. 
This report forms one of the outputs from the second phase of the programme. 

The programme as a whole helps to examine and model the scope for change and identify the most 
appropriate interventions. It includes research on aspects of behaviour change, analysis of 
infrastructure use, and examination of economic impacts. We will use these outputs with our partners 
to reflect on the projects we deliver, the focus for future investment in walking and cycling as well as 
research and insight. 
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