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Abstract: With volunteered geographic information (VGI) platforms such as OpenStreetMap (OSM)
becoming increasingly popular, we are faced with the challenge of assessing the quality of their
content, in order to better understand its place relative to the authoritative content of more traditional
sources. Until now, studies have focused primarily on developed countries, showing that VGI content
can match or even surpass the quality of authoritative sources, with very few studies in developing
countries. In this paper, we compare the quality of authoritative (data from the Regional Center
for Mapping of Resources for Development (RCMRD)) and non-authoritative (data from OSM and
Google’s Map Maker) road data in conjunction with population data in and around Nairobi, Kenya.
Results show variability in coverage between all of these datasets. RCMRD provided the most
complete, albeit less current, coverage when taking into account the entire study area, while OSM and
Map Maker showed a degradation of coverage as one moves from central Nairobi towards rural areas.
Furthermore, OSM had higher content density in large slums, surpassing the authoritative datasets
at these locations, while Map Maker showed better coverage in rural housing areas. These results
suggest a greater need for a more inclusive approach using VGI to supplement gaps in authoritative
data in developing nations.

Keywords: volunteered geographic information; crowdsourcing; road networks; population
data; Kenya

1. Introduction

Web 2.0 and the increased availability of relatively low cost location-aware mobile devices over
the last decade have led to enormous amounts of user-generated geographical content online. Sources
of such user-generated information include wikis, blogs, social media feeds, such as Twitter and
Flickr, and open web mapping platforms, such as OpenStreetMap (OSM) [1]. Such information,
once harvested, can be of immense benefit for a variety of applications. For example, it can be
used to supplement existing geographical layers, such as remote sensing imagery for improving the
mapping of floods (e.g., [2]), or to provide a new lens through which to better understand people,
communities and their interaction with their surroundings (e.g., [3]). This user-generated content is
broadly referred to as volunteered geographic information (VGI, [4]), while additional terms, such as
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ambient geographical information (AGI, [5]), have also been used to make the distinction between
explicitly and implicitly crowd-contributed geographic content.

Crowdsourcing activities such as these are the product of digital and civic engagement [6,7].
As such, they reflect convoluted social and psychological processes, and the mechanisms that drive
participation in various crowdsourcing projects have only recently begun to be studied (e.g., [7–11]).
When it comes to VGI in particular, advancing our understanding of user motivations to participate in
such activities will improve our ability to take full advantage of the value of such crowd-contributed
information. Research by Neis and Zielstra [12] suggests that people contribute for intrinsic (e.g.,
altruism, fun/recreation, learning/personal enrichment, unique ethos and self-expression/image)
or extrinsic (e.g., social reward/relations, career, personal reputation, community/project goal and
system trust) reasons. Each community is expected to be unique in the combinations of factors that
drive the contribution of VGI because of differences, for example, in mapping interest, culture and
socio-economic standing. Such differences make the process used to generate VGI different from
one group to the next. For instance, while some developed countries may be motivated by personal
reputation or VGI as a fun or recreational event (e.g., [13]), most of the literature on VGI in supporting
developing countries (e.g., [14–16]) has suggested its use for mainly addressing the often lack of
available and updated geographic datasets at these locations.

When it comes to developing countries, VGI contributions tend to be made in spurts, for example
in response to a country entering the global spotlight, as may be the case in the aftermath of a natural
disaster (e.g., [17–19]), rather than as a regular, continuous process. Most large-scale instances of
VGI for developing countries, at least those often reported in the literature, occur during time of
disasters (e.g., the 2010 Haiti earthquake) or for other humanitarian purposes (e.g., Map Kibera [20]).
Within recent years, there has also been various map drives (i.e., mapping events/mapathons) by
organizations, such as the Humanitarian OpenStreetMap Team and MapGive (an initiative of the U.S.
Department of State’s Humanitarian Information Unit) to increase the penetration of VGI mapping
activities in developing countries. However, the sustainability and utility of these types of activities is
still yet to be proven. This is in addition to the various factors reported in the literature that influence
the overall low contribution of VGI in developing countries (which will be discussed in more detail in
Section 2). For example, a recent national mapping event in the small tropical and Caribbean island of
Saint Lucia [21] suggests that some governments in developing countries do recognize the value of
VGI, in the sense that it can be used to monitor the public’s perception [22], along with providing new
ways to interact with and capture information on cities [23,24] and strengthening civil society [25].

Developing countries are currently facing challenges with rapid and unsustainable population
growth [26], rapid urbanization and massive infrastructure development, which often lead to issues,
such as the proliferation and expansion of slums. To adequately address such issues, there is a critical
need for up-to-date and reliable spatial information [27]. However, for many developing countries,
the cost of creating and maintaining an updated national geographical database is very high. Some
developing countries are unable to make the financial commitments necessary to support these types
of large-scale projects [28]. This makes the availability and potential use of VGI an attractive alternative
due to its low cost compared to more traditional spatial data collection methods. However, little is
known about the quality of VGI data sources and their suitability for such application domains given
the spatial data needs in the developing world.

This paper presents one of the first studies to assess the quality of VGI data in developing countries.
Our aim is to contribute to the assessment of the coverage of authoritative and non-authoritative
sources of road data in a developing country in Africa, Kenya in this case, in order to advance our
understanding of the value of VGI for the developing world. Towards this goal, we build upon
earlier work (see Section 2) to highlight how such methods can be utilized in order to gain insights
into the potential of VGI as a complementary data source for addressing the spatial data needs of
such countries.
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Our case study focuses on Nairobi, Kenya, and we compare and contrast VGI data, as captured
by OSM and Google Map Maker, to what was at that time the most current authoritative national-level
data. This introduces an additional challenge that is endemic to such developing countries, namely the
lack of the concurrency of such data. These authoritative data, while being the most current at that
time, were three years old (last updated in 2011), whereas our study focused on data available in 2014.
To properly address this challenge, we have to consider three research questions that comprise the
contribution of this paper. First, how does VGI road data compare to authoritative road data in terms
of coverage for the same time period? Second, how does more recent VGI road data compare to the
only source of older authoritative road data in terms of coverage? In addressing these questions, we
have to explore two key characteristics of VGI: its coverage (with respect to roads) and its relationship
with population density. Consequently, the third research question addressed herein is to explore the
relationship between population density and road coverage in our study area.

This study therefore contributes in advancing our understanding of the utility of VGI contributions
for supplementing, or even extending, authoritative data sources in developing countries. Through
such analysis, developing countries could better leverage VGI for meeting their growing spatial
data needs.

The remainder of this paper is organized as follows. In Section 2, we review previous research
on the contribution patterns, completeness and coverage of VGI data. Section 3 briefly introduces
our study area and data used in our analysis before outlining our methodology in Section 4 and
the results and analysis of our case study in Section 5. Finally, Section 6 concludes this paper with
recommendations for future work.

2. Background

Over the past decade, there has been immense growth and interest in the use of VGI as an
alternative and supplementary source of spatial data, compared to traditional sources, such as national
mapping agencies. A prototypical example of VGI is the OSM project. This project was started at
the University College of London in July 2004, and by May 2008, it had already enlisted more than
35,000 registered users [29]. Today, the number of registered OSM users has risen to almost three
million globally [30], signaling the continued interest in the creation and use of OSM data. OSM
data have been used to support a plethora of studies in many different disciplines (see [31] for a
comprehensive review). For example, OSM has been used to assess the reliability of wheelchair routes
(e.g., [32]), to create 3D models of cities, for real-time navigation (e.g., [33,34]) and for supporting
disaster relief. Examples include the Ebola outbreak in West Africa in 2014 [35] and the Haitian [17] and
Nepal [36] earthquakes in 2010 and 2015, respectively. In addition, OSM has been used for supporting
community-based mapping of marginalized communities, such as slums (e.g., [37]). Given the growing
number of OSM users and the use of these data, it is expected that the number of applications using
OSM will continue to grow in the foreseeable future.

Motivated by the various benefits of VGI, several studies have compared the quality between VGI
extracted from open data platforms and authoritative data. While some level of quality assurance can
usually be obtained from more authoritative commercial data providers [38], such measures are often
non-existent or very limited in the case of VGI [39–42]. This has prompted concerns to be raised about
the quality of VGI and its appropriateness for use, especially when these data are used to support
critical applications (e.g., humanitarian assistance and vehicle navigation). As a result, several studies
have examined the quality of VGI data by comparing it to commercial or authoritative sources of
data. Haklay [43], for example, compared the positional accuracy and completeness of OSM with
Ordinance Survey (OS) road data, a trusted authoritative source of data in the U.K. In that study,
positional error was calculated using a set of buffered distances, which radiated outwards from OS
roads. The percentage of OSM roads that overlapped with those buffers was then calculated. The
completeness of roads was determined by comparing the total length of roads per 1 km × 1 km
grid cell for both OSM and OS. That study reported the average positional accuracy for OSM to be
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about 6 m when compared with the OS data, including an almost 80% overlap between motorways
in both datasets for London. Further, comparing the completeness of OSM roads for the entire U.K.,
Haklay [43] found that at the time, OSM roads accounted for 69% of OS data with as much as 25% better
coverage using OSM data in some areas. A similar high correspondence (97% in urban areas) was
reported by Ludwig et al. [44], comparing the completeness of road features (e.g., primary, secondary
and cycle paths) in OSM with Navteq data in several German cities. With respect to the latter study in
Germany, however, care must be taken when extrapolating the results of such studies to other cities,
since, as Neis et al. [45] suggests, Germany contains the most active OSM communities. It is therefore
not surprising to have reported cases of OSM coverage matching or even exceeding the quality of
commercial or authoritative data at those locations. This statement is further exemplified by the work
of the Map Kibera project in Nairobi, Kenya, a community-based mapping initiative to map slums
in Kenya, making them visible to the world [20]. It is expected that OSM coverage in active project
areas will be much higher when compared to other areas where there has been little or no similar types
of projects.

However, besides the work of Haklay [46] in Haiti and Camboim et al. [16] in Brazil, to the
authors’ knowledge, no other studies currently exist for comparing such data for developing countries.
In Haklay [46], this preliminary study used the same method as in Haklay [43] to calculate road
completeness, comparing the road coverage between OSM and Map Maker data obtained after the
2010 Haitian earthquake. The author showed that within days immediately following the event, OSM
had more comprehensive coverage at the earthquake’s epicenter in the capital city Port-au-Prince and
immediate surrounding areas. Map Maker, on the other hand, showed greater coverage in some of
the more rural areas near the northern and southwestern parts of the country. The same measure of
completeness was used by Camboim et al. [16], along with three additional completeness measures
(road length, number of buildings and attribute completeness) and two temporal measures (number of
editors per region and days past last change) to assess the quality of VGI for urban and rural areas in
Curitiba, Brazil. That study showed higher completeness and temporal values in areas with larger
population densities. In addition to this, further correlation testing with derived completeness and
temporal measures with demographic information collected from census data showed that VGI alone
is insufficient for providing adequate demographic information in poorer and isolated parts of the
study area. Similar results showing differences in coverage in road networks and associated land
use and land cover were also shown by Arsanjani et al. [26], comparing OSM to land use and land
cover data in several German cities. Research has also explored the potential association between VGI
contribution patterns and variances in socio-demographic and socio-economic characteristics of the
population (e.g., [43,47–49]). Such studies have generally shown that such characteristics can impact
OSM contributions.

More qualitative approaches have also been used to assess the quality of VGI road data. For
example, Ciepłuch et al. [50] compared the accuracy of Google Maps, Bing Maps and OSM data for
Ireland. In that study, a web application was developed to have all three datasets superimposed on
each other. A 4 km × 4 km regular grid of cells was then used to visually compare differences in
coverage between road networks. Ciepłuch et al. [50] suggested that because of spatial variation in
road coverage reported by all three data layers, that is some areas were better served by one data
source compared to the others, no single data source could be said to have overall better coverage.
More recently, Hochmair et al. [51] compared the completeness of cycling features in OSM and Google
Maps in several U.S. cities with data collected from local planning agencies. Greater OSM coverage
was reported for trails compared with bicycle lanes in inner city locations where Google coverage was
better. Ultimately, as was suggested in that study and others, both OSM and Google Maps data can be
used to complement each other, with further improvement in the coverage of cycling features gained
from the use of local planning data where available. Such studies highlight the increasing interest in
the use of OSM.
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However, while the amount of VGI data continues to grow, the spatial distribution of these data
has not been equal. Studies in the Western world suggest that urban areas tend to receive much higher
coverage of VGI compared to rural areas (e.g., [43,52,53]) and cities with a higher socio-economic
standing (e.g., [45]). As suggested by Johnson and Hecht [54], this is due to systematic differences
in population densities, that is urban areas have a larger number of users per area to map features
compared to rural areas. As a result, places with higher population densities often have greater
completeness and positional accuracy in VGI data when compared to other areas with low population
densities, for example rural areas [55].

In this paper, we extend this body of work by addressing the potential correlation between
population density and VGI contributions in Kenya, in order to gain insights on this interrelationship
in the developing world.

3. Study Area and Data

Nairobi is the capital city of Kenya in eastern Africa. The city is situated between longitudes 36◦04′

and 37◦01′ E and latitudes 1◦09′ and 1◦28′ S, with an area covering 689 km2 [56]. Nairobi is among the
largest commercial, industrial, financial, education and communications hubs in Africa [57]. In July
2011, Kenya became the first Sub-Saharan African country, second only to Morocco for developing
countries, to launch an open data geoportal called OpenKenya. As of May 2015, almost 500 datasets
had been uploaded to OpenKenya [58]. Supporting Kenya’s open data initiative has been substantial
investments in information communication technology (ICT), funded by both the Kenyan government
and external sources, such as the World Bank. For many, open data platforms such OSM, an Internet
connection is necessary to upload new map edits [4]. In 2013, Kenya’s Internet penetration rate was
exceeding 20%, well above average compared to many other low income countries, and rose to 39% as
of 2015 [59]. Unlike some developing countries, for example, Bangladesh, where OSM penetration has
been relatively low [60], there has been a hub of activity in Nairobi. This is in part due to the impact of
the Map Kibera project.

Being the largest city in Kenya, Nairobi attracts many people from other urban and rural areas in
search of better economic and livelihood opportunities. This has led to rapid and uncontrolled urban
growth, leading to the proliferation of slums, a problem with which the Kenyan government continues
to struggle. According to the African Population and Health Research Center (APHRC) [61], about
60%–70% of Nairobi’s population (about three million according to the last census [62]) currently live
in slums. Not surprising, many international organizations, such as the United Nations and the World
Bank, continue to fund projects geared towards improving the quality of life in slum communities
in and around Nairobi. This has also given rise to many studies that use Nairobi as a test bed to
study poverty and for politicizing the need for improving conditions of poor populations in general
(e.g., [63–65]).

Given the impact of ICT in and around Nairobi and current issues with increasing urbanization
and poverty, there is need for up-to-date and reliable geographical data on critical infrastructure, such
as roads, for this area. This makes Nairobi a suitable and, at the same time, a very interesting area
for examining the coverage of road infrastructure from different authoritative and non-authoritative
sources. Figure 1 shows the study area, Nairobi, and its immediate surroundings, an area covering
an extent of 48 km × 72 km. As shown in Figure 1, Nairobi is immediately surrounded by three
other counties: Kiambu, Kajiado and Machakos. Nairobi is highly urbanized, whereas its surrounding
counties contain a mix of agrarian and rural land covers. The land cover information used in Figure 1
is a generalized version of the GlobCover global land cover product [66]. This product has a spatial
resolution of 300 m× 300 m, which because of its coarse resolution, hides the presence of transportation
types of land uses, such as roads. This image is therefore used in this paper for describing the general
physical qualities of the study area.
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In Table 1, we summarize the available data sources for our study. We list the data source, mode
of acquisition and the most recent update of each database (as of the time of this study). Road data
were acquired from three leading sources of geospatial information for Kenya, representing their most
current data as of 2014:

• RCMRD (Regional Center for Mapping Resources for Development)
• OSM
• Google’s Map Maker.

Table 1. Datasets used for this study. RCMRD, Regional Center for Mapping of Resources for
Development; ORNL, Oak Ridge National Laboratory.

Data Source Mode of Acquisition Last Updated Reference

Road datasets:

RCMRD Virtual Kenya geoportal 2011 [67]
OSM OpenStreetMap 2011 [68]
OSM BBBike online application 2014 [69]

Map Maker Application submitted online to Map Maker program 2014 [70]

Auxiliary datasets:

LandScan ORNL LandScan geoportal 2014 [71]
County Kenya Open Data geoportal 2014 [58]

Land cover European Space Agency geoportal 2009 [66]
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RCMRD serves as the authoritative data baseline for our study. OSM and Map Maker are
both non-authoritative and well-known sources of VGI data, and these are the two datasets that
will be contrasted with RCMRD in this study. In order to address the above-stated challenge of
the non-concurrency of these datasets, we also considered the relevant OSM datasets as of 2011.
By considering both 2014 and 2011 OSM datasets, we are not only able to compare the authoritative
and VGI datasets available as of 2014, but also to highlight potential progress made within OSM in
mapping Nairobi during the three-year period of 2011–2014. Unfortunately, such a comparison cannot
be made with the Map Maker dataset, as 2011 data were not available for this study.

Our rationale for including Map Maker was two-fold. First is to compare and contrast differences
between VGI products for the same time period (e.g., 2014). Studies have compared data from both
OSM and Map Maker (e.g., [43]), identifying differences in their spatial coverage; however, such
differences have not been widely studied. Secondly, this comparison provides us with another VGI
product to contrast against authoritative data. Together, such analysis could be used to help better
understand the variations in VGI coverage from different platforms. This can potentially suggest areas
where one dataset may provide more comprehensive coverage compared to another, as well as where
such datasets can be complementary to each other.

The Regional Center for Mapping Resources for Development is an intergovernmental
organization set up by the United Nations Economic Commission for Africa in 1975. The goal of
RCMRD is to promote sustainable development through the generation, use and dissemination of
geographical information, supporting information and communication technologies, products and
services [72]. RCMRD is considered to be one of the foremost sources of authoritative geographical
data for several African countries, including Kenya. The RCMRD data obtained for this study were
obtained through the Virtual Kenya geoportal. As shown in Table 1, while the data were harvested
in 2014, the latest update time for that dataset was 2011. This lack of current data is common in
developing countries and is reflective of the data poverty associated with such nations, with African
nations being particularly disadvantaged in that regard [73]. Considering spatial data availability in
Kenya, in particular, studies have captured the poor state of the Kenyan spatial data infrastructure
and spatial data availability overall [74,75]. Therefore, it is not uncommon for the ‘most current data’
available in countries, such as Kenya, to be slightly outdated. This is in sharp contrast to the rapid
growth of these nations, which further emphasizes the nature of the problem and the need to address
it, which is exactly the main focus of this publication.

In order to support our analysis, we also needed auxiliary datasets in the form of population data
and country boundaries, and the sources of these datasets are also included in Table 1. Population
data were acquired from Oak Ridge National Laboratory’s (ORNL) global LandScan database [69].
LandScan represents one of the most complete sources of population data and is the only source of
global population data available annually. As discussed by Bhaduri et al. [76], LandScan incorporates
a mix of open, commercial and non-disclosed sources of information in the generation of its product.
Counties for Kenya were obtained from the Kenya Open Data geoportal [58], while land cover
information was collected from the European Space Agency geoportal [66].

4. Methodology

To capture the extent of road coverage, we followed an approach comparable to the one introduced
by Haklay [43]. The test area was tessellated into 1 km× 1 km grid cells coinciding with LandScan data,
and within each cell, we computed the corresponding total road length. In doing so, we considered
all road types, not just motorways, as was the case in [43], to better accommodate for the lack of road
classification standardization across data sources of our case study area, which is quite prevalent in
developing countries (see, e.g., Okuku et al. [77] for an assessment of the situation in Kenya).

In order to demonstrate this issue with standardization, consider a residential area located
immediately to the west of downtown Nairobi, as depicted in Figure 2. Overlaying the three
data sources (RCMRD, OSM for 2014 and Google Map Maker) reveals substantial overlap between
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“residential” roads in OSM and “local” roads (Google’s classification for residential roads) in Map
Maker. The RCMRD road layer obtained for use in this study contained roads classified according
to different surface types, with “bound” and “dry weather” surface type roads covering the extent
in Figure 2 and also overlapping with roads from OSM and Map Maker. Figure 2 also show several
roads as “unclassified” in the OSM data and overlapping with roads from Map Maker and RCMRD.
It should be noted to the reader that according to its OSM classification, “unclassified” roads are
minor non-residential roads that are meant for local traffic and for connecting small towns [78].
However, many roads within the study area, as Figure 2 shows, have been labeled by contributors as
“unclassified” in the OSM data. These include major roads in and around downtown Nairobi. Such
instances of mislabeling are common to OSM as users are not required to accept the OSM suggested
tags for labelling their mapped features [79]. Therefore, in this study, we use all roads labelled as
“unclassified” in the same manner as any other type of classified road in the OSM database. In the
2014 OSM database, “unclassified” roads accounted for 23% of all OSM roads for the study area.
The non-standardization of road types from all three data sources, along with the large amount of
“unclassified” roads in the OSM in the study area make the conflation of roads a challenging task.
Moreover, for some communities in Kenya, for example, the Kibera slum, a large number of roads in
this slum is classified as “tracks”, “footpaths” and “dirt roads” in OSM data, as compared with much
more limited coverage in RCMRD and Map Maker. Some of these informal roads were also labeled as
“local roads” in Map Maker. Similarly, in the Karura forest reserve, just north of downtown Nairobi,
several trails are labelled in OSM as “tracks” and “footpaths”.
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It is important to note that these differences between road classifications are not only semantic.
Failure to capture all roads can have a significant impact on the analysis in that focusing on specific
types of roads may fall short of capturing the intricate nature of the transportation networks within
and around slums. Residents in slums such as Kibera depend on these informal roads for accessing
places both within and outside of their slum [65]. Consequently, failure to capture these types of roads
in the analysis could potentially lead to a bias in road coverage favoring more authoritative sources of
road data. In this study, we therefore make no distinction between different types of roads. A similar
comparison of total road length of all road types between OSM roads and road lengths contained in
the World Fact Book [81] is provided at the national level of aggregation by MapBox [82].

Both first order statistics, such as mean and standard deviation, and the geographic distribution
of each source of road data were examined. Following this, the pairwise difference in coverage
between road networks was extracted by subtracting the values of overlapping grid cells. Next, local
instances of spatial autocorrelation (LISA, [83]) were used to examine significant spatial patterns of
clustering between the pairwise differences in road coverage. Specifically, LISA was used to identify
patterns in the spatial differences between roads, population density and road coverage in relation to
population density. LISA, a local adaptation of the global Moran’s I test statistic, is given as: lack of
road classification standardization across data sources of our case study area:

Ii =
xi − X

S2
i

n

∑
j=1,j 6=i

wi,j(xi − X)

where xi, is an attribute (i.e., road coverage, population density and road coverage in relation to
population density) belonging to feature i (a 1 km by 1 km grid cell), X is the mean attribute value of
feature xi, wi,j is the spatial weight between features i and j and:

S2
i =

∑n
j=1, j 6=i (xi − X)

n− 1

with n representing the number of features. Implemented in the ArcGIS 10.3.1 geospatial software
suite, a Pearson’s significance value of 0.05 is used to indicate areas of high and low spatial clusters of
values. Two different types of outliers are also identified: areas of high values surrounded by areas of
low values (high-low) and areas of low values surrounded by other areas with high values (low-high).

To study the impact of population density on road coverage, extending the work of Haklay [43],
the procedure outlined above was repeated with the road data first being normalized using the
LandScan data before moving forward. This gave the total length of roads per 1 km × 1 km population
density grid cell.

5. Results and Analysis

5.1. A Spatial Comparison of Road Network Coverage

Figure 3 shows the spatial distribution of the OSM, RCMRD and Map Maker road networks.
Not readily observable in this figure is the dense coverage of Map Maker in Central Nairobi. This is
because OSM and Map Maker coverage are very similar in this part of the study area, with roads from
Map Maker being overshadowed by OSM roads. Moving away from Central Nairobi, however, it
can be seen that there is a greater variability in coverage between road networks, with Kajiado and
Machakos having a much higher presence of RCMRD coverage. In the same figure, we can see the
sparse coverage of OSM and Map Maker in the county of Machakos.
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In order to address the first and second research questions set forth in the Introduction, we
compare and contrast authoritative and VGI road data for the same time period, as well as for different
time periods. As mentioned earlier, the authoritative RCMRD road dataset available in 2014 was circa
2011, whereas OSM data were available for both 2011 and 2014 (referred to herein as OSM 2011 and
OSM 2014, respectively). Map Maker data, on the other hand, were only available for 2014. In Table 2,
we summarize the key statistics of these datasets. RCMRD has higher (total) road coverage in the
overall study area compared to its counterparts. More specifically, OSM 2011, OSM 2014 and Map
Maker only represent 50%, 83% and 94%, respectively, of RCMRD’s total road length.

Table 2. Summary statistics of road data for Nairobi and surrounding area.

RCMRD OSM 2011 OSM 2014 Map Maker

Cells containing roads (out of 4056) 3521 1611 2254 2197
Maximum total road length per cell (m) 11,903.5 20,915.6 20,951.8 16,799.1

Total road length per dataset (m) 7,522,529.5 3,737,231.1 6,228,540.1 7,078,607.4
Mean value of road coverage length per cell (m) 1854.7 921.4 1535.7 1745.2

In order to assess the spatial distribution of these road networks, we tessellate our area of study
into 4056 cells of 1 km × 1 km each. We observe then that 97% of these cells had at least one road
segment crossing through them in RCMRD, providing a measure of the broad spatial coverage of
that dataset. In contrast, OSM 2011, OSM 2014 and Map Maker datasets had 40%, 66% and 64%,
respectively, of their cells containing at least one road segment. This pattern is visible in Figure 4,
which also shows that OSM 2011, OSM 2014 and Map Maker have much denser coverage in Central
Nairobi compared to RCMRD. In general, OSM 2014 and Map Maker show comparable road coverage,
which extends towards the northern county of Kiambu. OSM 2011 and OSM 2014, as also shown
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in Table 2, have the highest (maximum) density of roads (almost 21,000 m), which occurs in Central
Nairobi and is visible in Figure 4.ISPRS Int. J. Geo-Inf. 2017, 6, 24  11 of 24 
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Figure 4. Road coverage per km2.

To compare and contrast these datasets, we explore the following pairwise dataset comparisons:
(1) RCMRD 2011 vs. Map Maker 2014; (2) RCMRD 2011 vs. OSM 2011; (3) RCMRD 2011 vs. OSM
2014; (3) OSM 2014 vs. Map Maker 2014. Figure 5 shows the pairwise difference in coverage between
these different road datasets. In that figure, red cells indicate that the first layer of the ordered pair has
higher values (greater coverage), whereas green cells indicate the opposite, namely that the second
layer provides higher road coverage. For example, where OSM 2014 and Map Maker are compared
(Figure 5iv), red cells show locations where OSM has greater coverage, whereas green cells show
locations where Map Maker has greater coverage. The comparisons of RCMRD vs. OSM 2014 and
RCMRD vs. Map Maker display comparable patterns. This is not unexpected, given the similar
patterns of spatial coverage offered by OSM 2014 and Map Maker (Figure 4). The OSM 2011 vs.
RCMRD comparison leads to higher discrepancies, but nevertheless displays a comparable pattern,
as well: OSM 2011 leads in the central Nairobi area and some parts of Kajiado, but lags behind
RCMRD elsewhere.

The comparison of OSM 2014 vs. Map Maker (Figure 5iv) shows there is a much higher
concentration of OSM 2014 roads in Central Nairobi compared with Map Maker (a difference of nearly
12 km length in some places). This is primarily the case in downtown Nairobi. The greater prevalence
of OSM 2014 is also noticeable in southern and western areas where Nairobi meets the borders of the
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surrounding counties. These areas represent the transition from urban to rural. In contrast, Map Maker
leads in areas north and east of Nairobi.ISPRS Int. J. Geo-Inf. 2017, 6, 24  12 of 24 
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Most of the additions in OSM 2014 occur near and towards the outer periphery of Nairobi. As 
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few negative differences (green cells). This may appear to be counterintuitive; however, it becomes 
clear when one considers that OSM is an evolving product and as such is subject not only to extension, 
but also to cleanup and deletions [84]. In Figure 7, we show an example of such a negative cell, 
showing the loss of coverage that results from the deletion of forest trails between 2011 and 2014 in 
the OSM database.  

Figure 5. Pairwise difference in road coverage. Clockwise from top left: (i) RCMRD 2011 vs. Map
Maker 2014; (ii) RCMRD 2011 vs. OSM 2011; (iii) RCMRD 2011 vs. OSM 2014; (iv) OSM 2014 vs. Map
Maker 2014 (red cells: first layer has higher coverage; green cells: second layer has higher coverage).

In conjunction with the comparison between OSM 2011 and RCMRD and between OSM 2014 and
RCMRD, it is also of interest to compare OSM 2011 with OSM 2014 in order to study the evolution
of OSM coverage as it applies to this particular dataset. Figure 6 shows the result of this comparison.
As can be seen therein, the differences between these two datasets were due to both wider coverage
through the incorporation of additional cells (2254 cells include at least one road segment in OSM 2014,
compared to 1611 in OSM 2011), as well as the overall extension of the mapped network (a growth of
60% in the total length of mapped road network, from a little less than 4000 km in 2011 to over 6000 km
in 2014).

Most of the additions in OSM 2014 occur near and towards the outer periphery of Nairobi.
As Figure 6 demonstrates, the differences are not solely due to additions (red cells), but we also have
few negative differences (green cells). This may appear to be counterintuitive; however, it becomes
clear when one considers that OSM is an evolving product and as such is subject not only to extension,
but also to cleanup and deletions [84]. In Figure 7, we show an example of such a negative cell,
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showing the loss of coverage that results from the deletion of forest trails between 2011 and 2014 in the
OSM database.ISPRS Int. J. Geo-Inf. 2017, 6, 24  13 of 24 
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In order to spatially assess the pairwise differences between RCMRD and OSM 2014, RCMRD
and Map Maker and OSM 2014 and Map Maker, we applied LISA analysis. The results of this analysis
for these differences are shown in Figure 8. Overall, the comparison between RCMRD and OSM
2014 and RCMRD and Map Maker show distinct patterns of change. On the other hand, between
OSM 2014 and Map Maker, areas of high-high values are shown clustered in Central Nairobi. The
northern part of this area represents a forested region, Karura forest, with much better coverage of
trails visible in OSM 2014. The southern connected area contains residential settlements with OSM
2014 capturing more of the minor roads. The eastern connected area and the other two clusters of
high-high values overlap with large slums. These slums continue to be mapped by the Map Kibera
project, and therefore, it is understandable why they have very high coverage of roads in OSM 2014.
In areas to the east and north of Nairobi where there are clusters of low-low coverage values, these
represent areas with large amounts of vegetation, which helps explain the low coverage of roads in
these locations. The other two main areas of high-high clustered values were residential settlements
to the west and south and on the periphery of Nairobi. There were also a few cases of high-low and
low-high outliers observed, which upon further investigation were found to be mainly clusters of
roads surrounded by large areas of vegetation and settlements containing minor roads. The LISA
analysis results, particularly comparing RCMRD to OSM 2014 and Map Maker, highlight the potential
utility of VGI contributions for supplementing, and even extending, authoritative data sources in
developing countries.
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5.2. The Relationship between Population Density and Road Coverage

To address our third research question, that is a possible relationship between population density
and coverage, we begin with an examination of population density for our study area. Figure 9 shows
the spatial distribution of population density, with the highest density of people located in Central
Nairobi and areas towards Kiambu. This figure shows similarities to road coverage for OSM 2014 and
Map Maker in Figure 3. One of the main sources of data used in LandScan is road data, as indicated by
Bhaduri et al. [76]. This suggests that roads play, or at least are weighted heavily, in the generation of
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the LandScan population data over the study area. The normalized coverage of roads using population
data is shown in Figure 10. RCMRD (as previously observed in Figure 3 and Table 1) has overall better
coverage when taking into account the entire study area. OSM 2014 and Map Maker, on the other
hand, have very limited coverage in most of Kajiado and Machakos counties, that is counties to the
east and south of Nairobi. All three datasets, however, have intersecting coverage in Nairobi and
most parts of Kiambu county, just northwest of Nairobi. Kiambu county contains a much larger and
dispersed population compared to the other counties surrounding Nairobi. Because there is also a
large amount of vegetation interspersed with residential housing in Kiambu, this helps explain why
the population distribution for this county, as viewed in Figure 9, shows an overall low distribution
per 1 km × 1 km grid cell. The very high number of roads per population grid cells visible in Figure 10
for all three coverage maps represents Nairobi National Park. Roads and trails are outlined in this
area, with little to no population, resulting in large values for road coverage. These results suggest that
population does impact coverage, with more populated areas having greater road coverage in OSM
and Map Maker VGI data than less populated areas.
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Figure 11 shows the pairwise differences in road coverage normalized using the population data.
The differences between RCMRD with OSM 2014 and RCMRD with Map Maker are comparable.
The green areas, as explained previously, suggest that RCMRD has limited roads in the Nairobi
National Park. The difference for OSM 2014 and Map Maker, however, shows that Map Maker has
greater coverage of roads for this park. Figure 12 shows the results after the application of LISA to the
different data layers normalized by population. The results confirm the previous observed clustering
in Figure 10 occurring in the Nairobi National Park.
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In order to assess the relation between population growth and changes in road coverage, we
compare the trends of change in OSM coverage in the three-year period between 2011 and 2014
to the patterns of change in population density in Nairobi for the same period. For the latter, we
use LandScan data as a proxy. Of course, we have to remain cognizant that possible changes in
the methodology that LandScan uses to estimate population density may have affected the input
datasets [85], but nevertheless, this is the closest approximation available, since the last census in
Kenya was conducted in 2009.

Figure 13 shows this comparison. In order to support the visual comparison of change trends we
have normalized both OSM and population change data. In that figure, dark red cells are the ones with
the highest rate of increase, whereas very light pink cells are the ones with no change. The comparison
of these two figures shows that while some population growth hotspots do indeed match coverage
growth hotspots (e.g., in the Ngong area at the tri-county border of Nairobi county with Kajiado and
Kiambu on the west), the pattern of growth in OSM coverage is not attributed solely to population
growth. Accordingly, one could argue that growth of coverage in OSM is likely the outcome of both
population growth and the broadening of the coverage of the OSM database.
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6. Discussion and Conclusions

By harnessing the power of the crowd, VGI has emerged as a prominent spatial data source.
As such, VGI presents a complementing, and sometimes even the only, spatial data source for a wide
range of domains. The specific role of VGI within a spatial data ecosystem for a given area can change
along a continuum that ranges between being complementing to that of being the only one available.
In developing countries, which often lack readily accessible authoritative spatial data, VGI has a
significant potential of overcoming such a lack of authoritative spatial data. However, in order to
fully understand the role that VGI can play in developing countries, a better understanding of the
characteristics of VGI is needed. In this paper, we contribute towards this issue by focusing primarily
on the coverage offered by VGI platforms in Kenya. By contributing this first case study of its type in
the African continent, we augment the very limited literature [16,46] on this topic and help advance
our understanding of the value of citizen-contributed data for developing countries, as well as of the
challenges associated with this evolving paradigm of geospatial data collection for such communities.

More specifically, we considered three different sources of road network data for the broader
Nairobi area, namely the OSM and Map Maker VGI platforms, and the authoritative dataset available
through RCMRD. We compared the spatial patterns of coverage of these three datasets primarily along
three lines of inquiry: (i) a comparison of authoritative and VGI road data in terms of coverage for the
same time period; (ii) an assessment of how the coverage of constantly updated and available VGI
data compares to rather fixed update cycles of authoritative datasets; and (iii) an exploration of the
relationship between population density and road coverage in our study area.

The results of this study show good coverage by all three sources of road data for Nairobi, with
OSM and Map Maker providing similar, but greater coverage in downtown Nairobi. However, moving
further outside of Nairobi to the surrounding counties of Kiambu, Kajiado and Machakos, the coverage
of OSM and Map Maker diminishes. In the more rural areas of Kajiado and Machakos, counties south
and east of Nairobi, road coverage provided by OSM and Map Maker was generally poorer compared
to RCMRD.

It is important to consider again the differences in update cycles for the compared datasets. While
all three datasets represent what was current at a certain moment in time (i.e., 2014), the RCMRD data
were last updated in 2011, therefore raising the possibility that some of the discrepancy between the
RCMRD data and the other two datasets (i.e., OSM and Map Maker) could be attributed to newer road
segments being added between 2011 and 2014. One could argue that the reason for their discrepancies
(i.e., lack of data or lack of currency) may be considered secondary to the fact that they are different.
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In this paper, we assess this degree of difference, as we argued above. As a matter of fact, lack of
authoritative data currency is endemic to developing nations, which renders volunteered content even
more valuable for these communities.

Focusing on road networks, RCMRD showed greater overall coverage across the entire study area.
This is in line with the overall mission of national or regional mapping agencies, which are often tasked
with providing more complete coverage of roads for a country or region. On the other hand, OSM and
Map Maker have no such constraints, leading to a skewed distribution in road coverage within them.
However, OSM overall was found to offer greater coverage compared to the RCMRD authoritative
dataset in the impoverished slum areas of downtown Nairobi. As noted above, this is indicative of the
power of targeted civic engagement campaigns (e.g., Map Kibera), as OSM groups continue to actively
work with communities on the ground in slums in Nairobi, empowering the general public to map
such areas.

Moving beyond urban areas towards suburban and rural areas leads to a drop in road coverage in
OSM and Map Maker, suggesting a relationship between population density and coverage in these VGI
platforms. In rural green areas such as the Nairobi National Park, Map Maker outperformed OSM, but
both were behind the coverage offered by RCMRD. The lower road coverage of OSM compared to Map
Maker in the park may be attributed to differences in mapping interests by these two communities.

In practice, it is important to realize that there are many factors that influence VGI coverage,
ranging from individual contributors’ motivation to that of targeted mapping campaigns in response to
natural disasters. For example, our results show that the Map Kibera project has been highly influential
in VGI coverage over some slum areas in Nairobi. Moreover, in the wake of recent natural disasters
(e.g., Nepal earthquake in 2015) and pandemics (e.g., Ebola outbreak in West Africa in 2014), many
organized mapping efforts have tended to focus on urban areas. This could be attributed to a large
number of people at risk in these locations.

As this case study showed, both authoritative and volunteered geographical information in
developing countries offer certain advantages while suffering from some distinct disadvantages, such
as their coverage, feature typology or level of detail. The results presented in this paper suggest
that in developing countries, these data sources should be considered as complementary rather than
competing and that their fusion can potentially result in geographical data that better serve the needs
of such countries. For example, RCMRD can be used as the primary data source in rural areas with
roads from VGI sources being used to improve urban RCMRD coverage. Further, in areas where large
slums exist, OSM may provide the most up-to-date coverage of roads for such areas. This information
can be used for supporting better intervention strategies to assist these communities with respect to
increasing accessibility and the improving of much needed infrastructure among others. Moreover,
in emergency cases, for instance, in the wake of a natural disaster, a hybrid dataset containing the
most up-to-date spatial road coverage can be of immense benefit for steering populations to safety.
However, the conflation of such geographical data is not without its own set of challenges, with many
studies using different approaches to address this ongoing issue (e.g., [86,87]). Further research is
therefore required in order to leverage such research towards the creation of hybrid (i.e., VGI and
authoritative) datasets.

In view of the work presented here, several areas of inquiry could be further developed. The first
relates to the resolution at which the analysis is carried out. With much finer resolution up-to-date
population data becoming available (e.g., WorldPop at 100 m × 100 m [88]), a more detailed analysis of
the spatial and temporal variations of the relationship between population density and road coverage
in the developing world context could be performed. This would also further support the study
of VGI in the context of marginalized communities (e.g., slums) given the small footprint of many
such communities in comparison to the resolution of currently available up-to-date population data
(i.e., 1 km by 1 km). While in some developing countries, finer resolution data do exist, many
developing countries still continue to lack such data, particularly for marginalized communities and
rural areas [28].
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A second area of inquiry, which was eluded to above, relates to what drives users’ motivations
to contribute VGI. While population density clearly has a role in fueling such contributions, other
factors need to be explored. For example, our understanding of relationships between functional
elements of populated areas and the characteristics of the VGI corresponding to these areas is still
in its infancy. Specifically, the relationships between urban form and function and how it affects
VGI contributions [23,89] should be further examined. Moreover, with the increasing availability of
Internet access, it would also be interesting to explore the impact of such access on VGI contributions
in developing countries.

In line with the abovementioned areas of inquiry, it would also be interesting to study the types
of users contributing to VGI and to assess the accuracy of their contributions. For example, work by
Leeuw et al. [90] in western Kenya showed that local knowledge plays an important role in improving
the accuracy of VGI contributions. In that study, participants with local knowledge, on average,
were able to classify roads with over 92% accuracy, compared to professional surveyors (67.7%) and
other laymen users without local knowledge of the area (42.9%). Such results suggest the need for a
more inclusive framework, whereby local expertise may improve national mapping products. This
is a representative example of the types of inquiry that are becoming increasingly important as the
geospatial community attempts to improve their understanding of the underlying mechanisms that
govern VGI contributions and characteristics.

Much effort has also been focused on evaluating the potential of VGI using road networks;
however, the world of VGI extends well beyond roads. For example, several studies have investigated
the potential of VGI to support 2D and 3D mapping and characterizing buildings (e.g., [91–94]), land
use and land cover (e.g., [26,95–97]) and for cataloging spatial features, such as small fish ponds near
homes [14]. Given the increasing digital engagement of non-expert mappers, and the wikification of
geographic information [98], VGI is now enabling users to capture what they perceive as important ,
both tangible and intangible. It is therefore important to explore new methods and metrics that can be
used to adequately evaluate the potential of such data.

Pursuing areas of inquiry such as the ones outlined here is becoming increasingly important for
the developing world. As developing countries continue to evolve, so do their geospatial information
needs. This represents a self-reinforced data deprivation cycle for such countries: while such countries
are in need of reliable high quality spatial data for their development, they are increasingly burdened by
the lack of reliable geospatial datasets or the means to obtain them. VGI has the potential to break this
cycle. While many VGI studies have focused on the developed world where authoritative data are often
plentiful, this is not often the case in developing countries. This paper makes a contribution towards
a better understanding of the quality of VGI data in a developing country setting and highlights its
potential for such countries.
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