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Abstract
We use geolocation data from smartphones to analyze daytime commuting patterns of populations living in
informal urban settlements, as well as to provide a real-time measure of population density that can be used to
observe changes in land use and growth at a higher frequency and resolution than could be generated using
traditional sources such as surveys. We test these tools using geospatial data from Cairo, Egypt as it a region of
high urban growth with sufficient smartphone usage to generate actionable insights. Cairo is also of interest
as there are substantial informal settlements that the government has for decades attempted to control and
regularize.
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1. Introduction
Urbanization processes in the developing world are often
associated with the creation of informal settlements. These
areas frequently have few or no public services exacerbating
inequality even in the context of substantial economic growth.
In the past, the high costs of gathering data through traditional
surveying methods made it challenging to study how these
under-served areas evolve through time and in relation to the
metropolitan area to which they belong. However, the advent
of mobile phones and smartphones in particular presents an
opportunity to generate new insights on these old questions.
In June 2019, Orbital Insight and the United Nations Development Programme (UNDP) Arab States Human Development Report team launched a collaborative pilot program
assessing the feasibility of using geolocation data to understand patterns of life among the urban poor in Cairo, Egypt.

The objectives of this collaboration were to assess feasibility
(and conditionally pursue preliminary analysis) of geolocation
data to create near-real time population density maps, understand where residents of informal settlements tend to work
during the day, and to classify universities by percentage of
students living in informal settlements.
The report is organized as follows. In Section 2 we describe the data and its limitations. In Section 3 we briefly explain the methodological background. Section 4 summarizes
the insights derived from the data for the Egyptian context.
Section 5 concludes.

2. Data
2.1 Geolocation Data
Cellphone applications (‘apps’) sometimes track users’ locations with user permission as outlined in end-user license
agreements. Locations are latitude and longitude coordinates,
paired with timestamps and some other metadata. We refer to
each reported coordinate / timestamp pair as a ‘ping.’ Pings
are not reported continuously, but are reported as a function of
app usage, terms of agreement, and app. For example, one app
may only report pings when the app is in use, whereas another
app may report pings frequently when the app is in active
use and infrequently when the app is not in active use but is
open. Some apps sell this geolocation data to third-parties,
who aggregate data into a single panel and then sell it to other
entities (generally for the purpose of targeted advertising).
Geolocation data are usually reported with device IDs,
which are not considered personally identifiable information
(PII) by the U.S. Government. However, the granularity of
the data makes individual privacy a serious concern. Orbital
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Insight takes this concern seriously — please see our website
or contact us for more information about our geolocation data
privacy policy.
While the spatiotemporal granularity of geolocation data
poses a challenge to data privacy, responsible aggregation and
anonymization enables a rich view into human behavior and
economic activity. By dynamically analyzing that behavior,
we can understand how a population moves through their
lives and what kinds of choices they make. We can quantify
access to essential goods and services, asking questions at
novel granularity and in real time. Which universities and
hospitals actually serve the poor and should receive support?
How does the transportation network impact where underserved communities work? Where do people go when they
are displaced from informal settlements?
2.2 Limitations
Answering these questions with confidence is technically challenging. Device ownership is not uniform across the population—not everyone owns smartphones, and those smartphones
are not uniformly randomly distributed. Third-party data vendors are not consistent in the apps they include in their panel,
and these apps change as a function of time. The apps themselves sample different segments of the population (consider
a banking app vs. a video-sharing app). Sampling is affected
by users’ phone usage patterns which vary by app and demographic. In aggregate, raw geolocation data does not provide
anything close to simple random sampling, rendering inference challenging. Orbital Insight specializes in leveraging
machine learning and artificial intelligence to correct for this
complicated sampling frame, but some questions are still easier to confidently answer than others. Given data sparsity
among under-served populations (third-party providers tend
to optimize their panels for wealthier consumers in developed
nations) and resource limitations of the pilot, we focused on
assessing the feasibility of answering a set of novel questions.

3. Methodological Background
For this analysis we rely on polygons (geographic boundaries stored in a computer-consumable format) provided by
UNDP which demarcate the boundaries of Cairo’s informal
settlements / slum areas. We further subdivide Cairo into five
sectors for additional granularity: Inner, East, West, North,
and South. These polygons, color-coded by sector, can be
seen in Figure 1.
For geospatial analyses we further subdivided Cairo using
the Geohash public domain geocode system, which subdivides
the globe into grids of varying sizes. Geohashes vary in size
from g1 (subdivides the globe into squares roughly 5000 km
x 5000 km) to g12 (subdivides the globe into squares roughly
40 mm x 20 mm). For this analysis we often aggregate to the
level of a Geohash 6 (g6), which is roughly 1 km x 0.5 km.

4. Main Insights

4.1 Population Density Map
We found a strong correlation between device density and
population density (sourced from SEDAC’s v4 global population raster) at the g6 level within slums. This is reported in
Figure 2.
The strength of correlation may be due in part to uniformity in geolocation behavior between slum areas. The
correlation actually weakens slightly when all Cairo (rather
than just our labeled slum areas) is considered. This would be
expected if, for example, the ratio of people to devices is similar in slum areas but varies between slum areas and non-slum
areas. This aligns with our expectations on the relationship
between wealth and smartphone ownership.
This finding raises our confidence in the value of geolocation data for near-real time poverty mapping, particularly
if geolocation-based metrics for population density can be
combined with land use change detection based on satellite
data.
4.2 Commuter Behavior
To understand commuter behavior at the community level, we
generated estimates for home and work locations associated
with devices, built metrics from them, and aggregated those
metrics. Home locations are approximately defined as the
location where an individual pings most during hours when
individuals are expected to be at home, and likewise for work
locations. The results for this analysis were also promising, as
our home and work location algorithms yielded high quality
results. We computed average commuting distances for informal settlements by region and compared them to commuting
distances of selected affluent neighborhoods as well as public
housing areas (Figure 3).
We found that commute distances from public housing
were higher than commute distances from slum areas. This
kind of information is relevant to the assessment of slum resettlement programs, which sometimes offer residents an option
between monetary compensation or a place in public housing.
Note that this does not mean that relocating individuals would
necessarily increase their commuting distances as those currently living in public housing are a selected sample that chose
to move to that particular location and thus may have different

Figure 1. Main slum areas in Cairo, Egypt
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Figure 4. Day-time commuting locations for Inner-slum
Figure 2. Population Density vs. Smart-phone Density

characteristics than the average slum-dweller. Nevertheless,
making this or similar information available in real time may
help stakeholders and residents understand hidden aspects of
proposed options.

dwellers

backgrounds can access public services and social support.
As part of this pilot, we explored the composition of frequent
visitors to public universities in Cairo in reference to whether
their home is predicted to be in a slum area or not. Estimates
of the fraction of a university’s student body commuting from
informal settlements are useful to understand the degree to
which various universities serve the poor.

Figure 3. Average Commuting Distance by Home Region

This kind of analysis holds additional richness that can
be exploited in combination with local knowledge. For example, we can generate spatially and temporally granular,
anonymized heat maps of the commuting patterns of residents
of a given slum. Consider the map on Figure 4 that presents
commuting behaviors of residents of the Inner slum region.
An analyst with a strong qualitative understanding of
Cairo’s geography and economic life may be able to glean
important details about residents’ patterns of life and employment opportunities from this information.
4.3 University Demographics
The measurement of aggregated commuting patterns opens
the door to much richer analyses. Geolocation data allows us
to quantify how segregated certain sub-populations are as well
as the ease with which citizens of different socioeconomic

Figure 5. Frequent Visitors of Cairo University

We were able to generate estimates for several of Cairo’s
major universities, but we believe these numbers cannot be
taken as a good measure of the actual composition of the
student body. As it can be seen in Figures 5 and 6, Cairo
University, which is in a central location and adjacent to
major slum areas, has a substantial fraction of visitors coming
from informal settlements whereas Ain-Shams University,
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Figure 6. Frequent Visitors of Ain-Shams University

located north-east of central Cairo, has only a few. We expect
more non-student slum dwellers to pass near or through Cairo
University during the day as part of their daily routines than
through Ain-Shams. Moreover, conclusions about the student
body must be tempered as frequent visitors could also be staff,
faculty or informal workers. While some of these forms of
noise can be reduced through a number of strategies (such as
improving source data or increasing the level of aggregation),
we were unable to achieve results that adhere to our quality
standards during this pilot. However, we believe this class
of question to be fundamentally answerable with geolocation
data, and are continuing to invest heavily in our capability to
do so.

5. Conclusion
Geolocation data enables us to ask granular questions about
the social and economic choices people make. Challenges in
the implicit sampling frame associated with most commercial
geolocation data demand significant technical expertise and
some skepticism of grand claims, but our pilot study shows
that there are low-hanging fruit to be pursued. In Cairo, we
found two out of three novel use cases to be feasible using our
existing capabilities. We hope this inspires stakeholders in
the international development community to ask and answer
a new generation of questions, using the power of geolocation
data for social good.

