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Introduction to Telco Data Quality
HOW TELCO DATA CAN BE USED TO SOLVE EVERYDAY PROBLEMS
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INTRODUCTION
We live in a world with a staggering abundance of data. The world produces 2.5 ex-
abytes (1 exabyte = 1 billion gigabytes) of data each day from billions of electronic 
devices.1 Mobile devices alone produced 8 exabytes of data each month in the final 
quarter of 2016.2 Location signals from cellular networks are valuable for a wide va-
riety of use cases in retail, transport, telco and other industries. MarketsandMarkets 
estimates that the global location analytics market will grow to USD$16.3 billion by 
2021.3

While the untapped potential in cellular location data is exciting, the nature of the 
data and how it is generated also present challenges to value extraction. Though 
data is abundant, not all data is of the right quality required to produce useful in-
sights for every use case. A thorough understanding of the quality of cellular loca-
tion data goes a long way to using them in the right way, for the right applications.

This paper will define and examine the quality of the cellular location data that 
forms the foundation of DataSpark’s ability to produce mobility insights, and ex-
plore how data quality affects the use of data in different scenarios.

1 IBM. “10 Key Marketing Trends for 2017 and Ideas for Exceeding Customer Expectations.” 10 Key Marketing Trends for 2017, 19 July 
2017, www-01.ibm.com/common/ssi/cgi-bin/ssialias?htmlfid=WRL12345USEN.
2 Kemp, Simon. “The Global State of the Internet in April 2017.” The Next Web, 9 May 2017,
thenextweb.com/contributors/2017/04/11/current-global-state-internet/#.tnw_8pHvZxpk.
3 MarketsandMarkets. “Location Analytics Market by Application, Component (Software and Services), Location (Indoor and Outdoor), 
Organization Size, Deployment Model (On-Premises and Hosted), Industry Vertical, and Region - Global Forecast to 2021.” Location Analytics 
Market by Application & Services - 2021, Oct. 2016,
www.marketsandmarkets.com/Market-Reports/location-analytics-market-177193456.html.
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Cellular location data is created from signals transmitted by mobile devices con-
nected to mobile networks such as cell phones and laptops. Signals are relayed 
when the device performs an action such as sending a message or simply logging 
onto the mobile network. These signals get picked up by antennae on cells in cell 
towers and are then routed through the mobile network. 

A probe in the network picks up the signal and further relays the information it 
holds, such as the timestamp, the event type and the ID of the cell tower the device 
was connected to, to a data aggregator that collects this information. The data is 
anonymised as it gets sent from this central hub to DataSpark where it is cleaned, 
processed and analysed. 

The analysis provides location and human behaviour insights in an aggregated and 
anonymous form. For example, DataSpark might provide the hourly count of peo-
ple entering and leaving an airport, to help an airport operator manage and opti-
mise ground traffic.

Before examining data quality, we must first understand how cellular location data is created and 
its key characteristics.

HOW CELLULAR LOCATION DATA IS CREATED

The diagram shows the journey data takes to be sent from a mobile device to DataSpark.
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While there are many definitions of data quality, the most important ones for the purposes of this 
paper are coverage, location accuracy, and counting accuracy.

HOW TO MEASURE CELLULAR LOCATION DATA QUALITY?

Coverage refers to the proportion of a dimension of the data that is captured and 
represented, and can be further categorised in terms of time, geographic, and pop-
ulation coverage. The higher the coverage, the more representative the data is of 
actual human behaviour. 

Time coverage measures whether the data is available all the time, or only during 
certain times or events. For example, more cellular location data is typically gener-
ated when a user is moving than when he or she is stationary. Geographic coverage 
looks at the extent to which data can be collected in different geographical regions 
such as suburbs, cities, and states. Population coverage or sample size looks at how 
much of a region’s population is captured by the data, and therefore how represen-
tative of the population the data is.

Location accuracy refers to how accurately the cellular data is able to represent the 
physical location of a mobile device. This can be measured by the error distance 
between the observed and actual locations of an object. High location accuracy 
(or low error distance) is important in solving problems involving small areas that 
afford smaller room for error such as pedestrian crossings. In comparison, lower 
location accuracy (or higher error distance) is often sufficient for use cases involving 
larger areas such as studying the number of people in a suburb or neighbourhood.

Counting accuracy refers to how accurately the data is able to represent the total 
number of mobile devices in a particular area, within a particular time frame. This is 
useful in understanding how many people may be inside a shopping mall or in the 
downtown area at different hours.

While these definitions can provide objective measurements of data quality, it also 
needs to be assessed in the context of how the data is used. The same data set may 
be a perfect fit for one use case, but not useful for another.  

For example, a two-seater sports car may not be as effective and useful for ferrying  
family members around town. However, it cannot necessarily be described as a 
poor quality car. Likewise, data quality can only be accurately assessed in the con-
text of a clearly defined use case.
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In this section, we will use our understanding of location data quality to examine the characteristics 
of raw cellular location data and how they affect coverage, location and counting accuracy.

CHARACTERISTICS OF RAW CELLULAR LOCATION DATA

Coverage
Cellular location data is collected round the clock, all year round, with little to zero 
blackouts, providing high time coverage to the data. Unlike surveys, which may be 
conducted annually and report the respondent's “typical” day, cellular location sig-
nals reveal real behaviours with much greater time granularity, trends over time, and 
both typical and unusual behaviours (for example, different traffic patterns around 
a big sports event).
 
Geographic coverage depends on the number of cell towers and how much area 
they are able to cover. In general, cell towers are most dense in urban and especial-
ly, downtown areas, and less dense in rural areas. This provides higher geographic 
coverage in urban areas than rural areas as more granular data can be collected in 
areas with more cell towers. 

Sample size depends on the proportion of users in the country or city the data is 
able to capture. DataSpark has a large sample size as it gets its raw cellular location 
data from large telcos, in Singapore and Australia, with a combined 15 million us-
ers. These sample sizes are many times larger than other data sources in the market, 
that are sometimes as small as 0.1%. 

Higher coverage translates into greater confidence that the data is representative of 
real-world behaviour across the population. This allows for a better basis for sound 
business decisions.
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Location Accuracy
Location accuracy of cellular location signals depends on several factors. Most im-
portantly, there is a high correlation between cell tower density in a given region 
and the distance error of cellular location data. Location signals are generally far 
less accurate in rural areas, where cell towers are often several kilometres apart, 
than in urban areas where cell towers are much closer together.

The type and configuration of cells also affects location accuracy. Some cell anten-
nae are designed for short-range indoor coverage, while others can be configured 
to cover several kilometres in specific directions.

Furthermore, mobile devices do not necessarily connect to the nearest cell tower. 
Instead, the mobile device seeks the most suitable cell tower based on many fac-
tors such as signal strength, terrain, reflections off building materials, and each cell 
tower’s workload. As mobile devices are constantly seeking suitable cell towers to 
connect to, they may continuously ‘hop’ between cell towers. This phenomenon is 
referred to as oscillation.

Despite these challenges, it is possible to derive meaningful insights from cellular 
location data using some of the techniques described in the next section.

Counting Accuracy
While counting accuracy is partially dependent on the location accuracy of the un-
derlying location signals, DataSpark’s proprietary algorithms can achieve good lev-
els of counting accuracy even if the location accuracy is not very high. For example, 
in a study of foot traffic on the platform of Bondi Junction Train Station in Sydney, 
DataSpark’s raw data counts from in-building cells were within just 5% of the actual 
passenger counts measured by electronic ticketing data. This difference could po-
tentially be whittled down further with improvements to the data described in the 
following section. 
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TRANSFORMING DATA INTO USEFUL INSIGHTS
DataSpark’s Mobility Genome™ framework is its signature analytics engine that uses various algo-
rithms to turn raw data into useful insights.4 In this section, we will examine key DataSpark process-
es that transform raw cellular location data into data that forms the foundation for these insights.

Oscillation Removal
DataSpark has developed an algorithm to correct or remove oscillation in raw cel-
lular location data. DataSpark identifies records affected by oscillation, based on 
speed and other features, and eliminates them. 

The oscillation removal algorithm also adjusts the positions of observations to 
smoothen the trajectory recorded. Intermediate points in the trajectory are also 
inferred from preceding and following observations, and added.

4 Dang, The Anh, et al. Mobility Genome - A Framework for Mobility Intelligence from Large-Scale Spatio-Temporal Data. IEEE Inter-
national Conference on Data Science and Applied Analytics, 2017, Mobility Genome - A Framework for Mobility Intelligence from Large-Scale 
Spatio-Temporal Data.

The diagram on the left shows trajectory before oscillation removal, and shows an inaccurate 
representation of the user’s journey. The diagram on the right shows trajectory after oscillation 
removal, and shows a more accurate representation of the user’s journey. 

This helps to provide a more accurate representation of the actual location of the 
individual or mobile device. Moreover, removing oscillation reduces the level of 
noise or meaningless records in the data, improving the counting accuracy when 
determining footfall counts.
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The diagram shows the locations of the cell tower and the mapped cells.

Improvement in location accuracy was seen in DataSpark’s experiments in Sin-
gapore and Australia. The location accuracy was derived from the percentage of 
matches between GPS data and cell tower locations and their adjusted locations 
after cell mapping.

In general, the error distance between the GPS location and the location of the cell 
tower in Singapore fell from 570m to 460m after mapping the cells of each tower, 
an improvement of about 20%. Similarly, in Sydney, Australia, the error distance 
improved by about 95%.

Cell Mapping
DataSpark has developed a cell mapping algorithm to attribute the locations of 
mobile devices more accurately. The algorithm maps individual cells within a tower 
to a location around it where people will most likely be. This increases the area of 
land covered by the data and improves the location accuracy of the data.
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HOW TO USE DATASPARK'S DATA
We’ve examined how DataSpark’s Mobility Genome™ improves raw cellular location data by pro-
cessing and testing it. In this section we will look at the importance of matching data to the prob-
lems they solve and what use cases best utilise DataSpark’s data.

The paper has largely focused on the need to improve location and counting accu-
racy to improve data quality but as mentioned earlier in the paper, it is also import-
ant that the data is used for its most fitting purposes.

Data that does not represent real-world events truthfully is often regarded as poor 
quality data. However, data that is improperly used in a case that demands charac-
teristics it does not have, will lead to poor results. For example, data used to exam-
ine mobility across Singapore has to have high coverage and a large sample size. 
However, if data with low coverage is used, it will perform poorly. It is important to 
ensure that data that fits the requirements is used to avoid misclassifying otherwise 
good quality data as poor.

While DataSpark is unable to fulfill cases that involve tracking people’s movement 
in very small areas such as determining if they are walking on the left or right side of 
the road, as these require very high location accuracy, it is able to track movement 
in and around buildings and landmarks. 

DataSpark’s Mobility Genome™ powers mobility intelligence reports which track 
footfall, duration of stay and visitors’ demographic information through data from 
indoor cells. One such report of the National Library in Singapore, a building with a 
site area of approximately 11,300 square metres (one and a half standard football 
fields), revealed significant drops in footfall volume in December 2017, on Christ-
mas Eve, Christmas Day and New Years’ Eve.5 

The graph from the National Library mobility intelligence report showing the footfall trend in De-
cember 2017.

5 National Library Board. "National Library Building." National Library Board > Visit Us > National Library Building, www.nlb.gov.sg/
VisitUs/NationalLibraryBuilding.aspx.
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The graph from the National Library mobility intelligence report showing the age and gender dis-
tribution of distinct visitors in December 2017.

The high counting accuracy of DataSpark’s cellular location data is useful in cas-
es that require counting footfall. Extrapolation is necessary when trying to use 
just a small population sample to estimate a trend about the entire population. 
DataSpark’s project studying the footfall count during various sporting events in 
stadiums in Melbourne and Brisbane, Australia, involved first counting footfall for 
a small population sample and then extrapolating the footfall count of the entire 
population by using individual-level weights.

The extrapolated number and the actual number of the people in the crowd for do-
mestic soccer matches were similar as can be seen in the graph below. The actual 
crowd size was derived from ticketing numbers and these were considered to be 
the true representation of the crowd size.

The report also showed that 44% of visitors to the library were between the ages of 
36 and 55.
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Extrapolated crowd sizes were very similar to actual crowd numbers for domestic league match-
es. 

For example, the difference between the extrapolated and actual crowd size for the 
A-League soccer game between Melbourne City and Brisbane Roar was about 160 
people, or just 1%. The difference in the numbers for international games may be 
attributed to the greater number of foreign guests who may have attended them. 
An extrapolation algorithm for international visitors has since been developed. 
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CONCLUSION
We live in a world in which massive amounts of information is being generated and 
analysed each day, propelling the need for quality data that can be used to drive 
business decisions. In this paper, we talked about how to assess quality of cellular 
location data. Using these measures, we considered how DataSpark’s Mobility Ge-
nome™ framework improves and transforms raw cellular location data into useful 
data. We also highlighted the importance of applying data to use cases according 
to the case requirements. We then looked at the cases DataSpark’s data can be 
useful in. 

DataSpark will continue to improve its Mobility Genome to better power existing 
capabilities and add new ones, to better understand where, why and how people 
move. For more information, please drop us a line at info@datasparkanalytics.com 
or find us here.
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