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Senegal is experiencing an unprecedented urban revolution: according to the latest UN projec-
tions, its urban population will be multiplied by 3 in the forthcoming decades, to reach 18 million
people by 2050. While cities are often lauded as the solution to mankind’s socio-economical and en-
vironmental issues, when badly managed, they can also be recipes for disasters. In order to propose
well-informed transport and planning policies in Senegal, it is crucial to first measure and understand
the key spatial dynamics that shape its cities. In this report, we uncover commuting patterns in
the 12 largest urban areas of Senegal and their coarse-grained spatial properties using mobile phone
data, allowing us to characterize the efficiency of commuting and to compare cities with each other.
At the inter-urban level, we show that for most cities, the vast majority of commuters live and work
in the same urban area, meaning that Senegalese cities are well-integrated employment markets. We
then compute the geographical area of influence of each city. This confirms the importance of large
cities such as Dakar, but also highlights smaller cities which play an important economical role such
as Tambacounda or Touba. At the intra-urban level, we quantity the spatial mismatch between
residence and workplace locations and we propose a measure of the ‘optimality’ of the commuting
structure. We find that Dakar, with a high optimality index, has a coherent spatial structure with
nested residential and employment areas which is reflected in the fact that 80% of the residential
and activity hostspots overlap. Smaller cities however—such as Louga, Kolda, Mbour—are far from
the optimal commuting solution. The methods proposed in this study could help urban planners in
identifying locations and areas which are the most penalized by inefficient commuting, a source of
economic loss and stress on people’s life and the environment.

Introduction
Urban transition in Senegal

Senegal, along with a large part of African countries,
experiences a rapid economic growth with an average of
3% GDP growth per year [1]. This economic growth goes
hand-in-hand with a dramatic increase of its urban pop-
ulation : while Senegal is estimated to currently host 6
millions people in its cities, the UN estimates that this
number should be multiplied by 3 by 2050. It is therefore
an understatement to say that Senegalese urban areas
are changing fast. The current transition carries a lot of
promises in terms of developement; yet, badly managed,
it could as well lead to a socio-economic and environ-
mental disaster. In order to make useful investments in
transportation infrastructures and propose well-informed
planning policies, policy-maker need to understand which
areas are going to develop, at what rate, and quantify the
ties between different neighbourhoods (at the intra-urban
level) and different urban areas (at the inter-urban level).

In general, rapid urbanization goes along with un-
planned settlements, health and sanitary problems, as
well as congestion problems. In particular, a key in-

gredient of sustainable cities is an efficient organization
of commuting. Non-pedestrian commuters in Senegal
travel almost exclusively by cars, and the longer the com-
muting, the larger the pollution and C'O5 emissions are.
Dakar urban and industrial areas expanded in direction of
Thies, and zones of informal settlements appeared. Poor
people are pushed toward the periphery which is usually
under-equipped and with much lower level of transport
infrastructure. It is therefore important to identify ar-
eas and trips with large volumes and strong demand for
a better, targeted planning. Such information is how-
ever usually difficult to obtain and it has been almost a
decade now that scientists have realized that geolocated
traces passively generated by individuals’s ICT devices
could revolutionize the quantitative and theoretical un-
derstanding of human spatial dynamics, and urban dy-
namics [5]. To give a few examples of urban phenom-
ena whose understanding has been enhanced in the re-
cent years through renewed quantitative approaches ap-
plied to new sources of ICT data, we can mention the
statistical and spatial properties of individuals’ mobility
in cities [6-10]; the universal structure of subway net-
works and streets networks [11, 12]; the number and the
spatial organisation of centers in urban areas [13, 14];



the spatial properties of social networks in countries and
cities [15, 16]; and the scaling of diverse quantities with
the population size of the city [17-19].

For a few years now, we can investigate these ur-
ban questions in much more detail than during previous
decades, by analyzing vast amounts of data available at
different spatial and temporal scales. Problems that in
the past were addressed through surveys by geographers
and transport scientists are nowadays addressed by in-
terdisciplinary teams, with many different data sources,
data that are more precise both spatially and temporally.
Sixty years after its emergence as an academic research
field, spatial analysis and quantitative geography may be
living their second quantitative and theoretical revolu-
tion.

In this paper, we will present an example of such stud-
ies, and by using mobile phone data recorded in Senegal,
we will show by proposing new measures how we can ex-
tract useful information about the spatial structure of
urban areas and commuting.

Mobile phone data and urban mobility

Limitations of classic data sources Traditionally, ur-
ban planning has relied on travel surveys and censuses.
However these data sources have several limitations:

e They require an important logistic, time, and are
expensive.

e For these reasons, they are performed over long
time intervals, typically every decade or so. With
such data it is then impossible to estimate changes
of the urban structure over short time scales.

e Transport surveys are often based on samples of a
view thousands of individuals only.

In contrast, individual mobile phone data provide
anonymized location information about a large fraction
of the population with a temporal resolution below 24h,
and with a spatial resolution which depends on the den-
sity of antennas. For most cities this resolution is of the
order of a few hundred meters in the centers, and 1 to
2 kms in the peripheric neighbourhoods. In Senegal the
mobile phone penetration rate was estimated to be about
85% in mid-2013 and projections estimated a 110% figure
at the end of 2014 [40]. It thus allows to monitor popu-
lation displacements, such as the daily journey to work,
important events implying many travels such as Touba’s
Magal, or long term residential migrations (mostly rural
to urban migrations).

Interestingly, a recent study in Madrid and Barcelona
— the two largest Spanish urban areas — demonstrated
that new sources of mobility data (mobile phone data in
the first place, but also geolocated tweets) provide at the
city scale a very comparable picture of the commuting
structure, when compared to the information obtained
with transport surveys [4]. This result opens the door

to a more systematic use of new sources of ICT data to
work on mobility issues in cities.

Previous studies of urban mobility in developping coun-
tries with ICT data. For obvious structural and eco-
nomical reasons, most of the ICT-related studies of the
last decade have focused on cities located in rich and de-
veloped countries. Few results have focused on cities of
other regions of the world and other continents, notably
Eastern Europe, South-America and Africa. Several im-
portant papers have claimed to uncover universal mo-
bility and urban patterns and propose general models,
but are so far limited to a small number of geograph-
ical areas [6, 18, 24]. Continents and countries have
however different urbanization histories, exhibit different
spatial properties such as densities and spatial organiza-
tion [21, 22], and the universality of urban patterns is
not yet proved to be correct for all regions of the world.
To this day, Africa is the less urbanized continent, and is
currently experiencing a very fast urban transition [23].
Most large African cities, including Dakar, have no sub-
way network, bike-sharing or car-sharing systems, and
their highways systems are much less developped than
in US, European or Asian cities of the same size. Apart
from the informal collective transport (‘bus rapides’) and
the numerous taxis, public collective transport in Dakar
is provided by the municipality bus service (‘Dakar Dem
Dikk’). It is currently an important issue to obtain a
better spatial knowledge of trips in order to develop this
service. For these reasons, measuring and comparing the
spatial properties and the structure of intra-urban mobil-
ity in Senegal is particularly important both for Senegal
and Dakar urban planning questions, and also on the sci-
entific side for the elaboration of the emerging science of
cities. Such a quantitative knowledge could help to guide
planning policies of rapidly urbanizing areas.

The previous edition of Orange’s D4D challenge pro-
vided communication datasets in Ivory Coast, and al-
lowed for quantitative studies of mobility patterns in
Abidjan and Ivory Coast. Numerous interesting studies
related to transport and mobility were performed. For
example Kung et al. [25] used the data to test the long-
lasting hypothesis of a universal, fixed time-budget for
daily mobility (often refered as ‘Zahavi’s law’). They
obtained surprisingly large commuting times, and their
results questioned the possibility of using individuals mo-
bile phone data to infer travel duration [25]. Berlingerio
et al. [26] developed an interactive and modular applica-
tion ”to optimize the public transport network, with the
goal to improve ridership and user satisfaction”. They
used individuals’ travel and activity patterns detected
in the data to extract origin-destination (OD) matrices
and individuals’ travel preferences, to determine optimal
design of potential new transit services. A number of
studies proposed methods to automatically extract OD
matrices from individual data, notably [27]. Wakita et al.
analysed the temporal patterns of communication data
and could infer the dominant type of land-use of the ge-
ographical area covered by each antenna, and proposed



maps of land-use at various scales in the country [29].
Andris and Bettencourt [28] applied network analysis on
the communication network at three different scales (in-
dividuals, cities, and the whole urban system), drawed
the communication networks upon natural ressource lay-
ers and discussed the resulting maps. While providing
advices about possible future developments, they didn’t
characterize the attractiveness of cities, nor their spatial
organization and its interplay with mobility patterns of
individuals. In addition, none of these 2013 projects pro-
posed a comparison of cities based on the spatial proper-
ties of commuting, especially from an efficiency perspec-
tive. Such a comparison could help urban planners in
identifying cities which are the most penalized by ineffi-
cient commuting, a source of economic loss and stress on
people’s life and the environment.

Objectives of the study and organization of the
report.

The objective of our project is to extract from mo-
bile phone data the intra-urban and inter-urban com-
muting patterns of individuals, discuss these patterns,
and to provide a set of quantitative characterizations
of the organisation of journey-to-work mobility in Sene-
galese cities. Another important motivation is to de-
velop coarse-grained indicators summarizing these large
amounts of data, able to provide synthetic and large scale
pictures of the structure of individual mobility in cities.
Such meso-scale information is also particularly useful
for validating synthetic results of urban mobility models
(such as [30] for example), for comparing different cities
and also for comparing different models. An accurate
modeling of mobility is indeed crucial in a large num-
ber of applications, including the important case of epi-
demic spreading which needs to be better understood,
especially at the intra-urban level [31, 32]. The recent
case of the Ebola virus, that didn’t spread in Senegal but
probably had serious impact on international migrations
and touristic activities in the country, provides a con-
temporary illustration of the societal usefulness of such
an understanding.

In this report, we focus on commuting (journey-to-
work trips) in Senegalese cities, which represents every-
where the largest part of the daily mobility. We have
extracted the 12 largest cities from the map of Orange’s
antennas in Senegal (see Table T), and we have computed
the origin-destination (OD) matrices from the twenty-
five 2-weeks individual activity datasets (see Methods).
We focused successively on two different spatial scales.
We first studied the inter-urban case and characterized
the relations of each city with the others. We evaluate
their geographical area of influence (’attraction basin’)
and the degree of ‘integration’ of their labour and hous-
ing markets. We then focus on the intra-urban scale,
and provide several measures of the spatial organisation
of these cities. We first focus on residential and activity

hotspots, and discuss their spatial organisation and the
shape of the Senegalese cities. We then analyse the struc-
ture of commuting in the cities, and propose an original
method to characterize the efficiency of the commuting
structure, by evaluating the spatial mismatch between
residences and workplaces locations. Finally we discuss
the results obtained, and the first hints in terms of plan-
ning.

Results

The following analysis is based on origin-destination
(OD) matrices extracted from the dataset 2 for the
largest Senegalese cities. An OD matrix is a classic ob-
ject in transport planning and mobility studies, and is a
n X n matrix Fj; where n is the number of spatial units
that compose the city at the spatial aggregation level
considered. The element Fj; represents the number of
individuals living in location ¢ and commuting to loca-
tion j where they have their main, regular activity (work
or school for most people). The general idea for extract-
ing the OD matrices from individual mobile phone data
is to determine for each individual the pair of locations
(i.e. antennas) that are the best proxys for their home
and main daily activity locations (see Methods for de-
tails). In order to reduce the noise as much as possible
with the dataset at hand, the results presented here have
been obtained by summing the 25 OD matrices of the
dataset 2, each covering a 2-weeks period.

Structure of inter-urban commuting

We first study interactions — in terms of commuting —
between each of the major cities identified in the data,
and between each city and the rest of the country.

For a given city 4, we can distinguish three types of
commuters:

e The internal commuters, who live in ¢ and whose
main daily activity is also located in i;

e The divergent commuters, who live in ¢, and whose
main daily activity is based outside ;

e The convergent commuters, who live outside 4, and
whose main daily activity is based in i;

In the following we denote by N7, N;7 and N;~ the num-
bers of internal, divergent and convergent commuters, re-
spectively. The total commuting population C' of the ur-
ban area (for the summed 25 OD matrices) is then given
by the total number of internal commuters plus the total
number of divergent commuters

C=N°+N~" (1)

These three types of commuting are represented
schematically on Fig. 1.
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FIG. 1: Schematic representation of the different types of
commuters: internal, convergent and divergent commuters.

C N° N< | N7 fol f1

Dakar 3,099,116 3,049,579 (47,540(49,537(/0.03|0.95
Thies 261,050 (| 248,950 (10,718(12,100(/0.09|0.88
Touba 230,498 || 218,987 |13,980(11,511(|0.11|1.21
Mbour 216,418 || 204,312 |11,111{12,106(/0.11{0.91
Kaolack 178,365 || 170,821 | 8,097 | 7,544 {|0.09(1.07
Saint-Louis | 162,875 || 154,910 | 5,843 | 7,965 ||0.08(0.73
Ziguinchor | 135,562 || 130,264 | 4,255 | 5,298 |{0.07]0.81
Tambacounda| 65,577 62,900 | 3,049 | 2,677 |{0.09]1.13
Tivaoune 63,198 53,815 | 7,532 | 9,383 {[0.31(0.80
Diourbel 62,345 59,357 | 3,585 | 2,988 {[0.11(1.19
Louga 59,883 56,964 | 3,649 | 2,919 {{0.11|1.25
Kolda 57,895 55,676 | 2,304 | 2,219 {{0.08(1.03

TABLE I: Partition of commuting flows into internal, diver-
gent and convergent commuting flows, for the 12 largest ur-
ban areas identified in Senegal (ordered by total commuting
population).

The values measured for the 12 Senegalese cities we
identified are given in Table I, ranked in decreasing order
of commuting population size.

In order to estimate the relative importance of the dif-
ferent flows, we define the two following ratios

o NN

0= No
N(—

fl:Nj

whose values are also given in the two last columns of
Table I. The quantity fo characterizes the importance of
internal commuters, and f; simply compares the number
of convergent and divergent commuters.

For most cities studied here, convergent and divergent
commuters represent roughly 10% of the internal com-
mute, signifying that Senegalese cities are well-integrated
employment markets. The smallest fraction of out-
commuting is found in Dakar (3%) and the largest in
Tivaoune (31%), which is an important religious center
in Senegal, thereby explaining this large value.

The ratio fi of the number of divergent and convergent

commuters allows us to divide Senegalese cities in three
classes:

e Cities for which f; > 1 - Diourbel, Louga, Touba,
Tambacounda - where the number of ingoing com-
muters is larger than the number of outgoing com-
muters. This implies that there are more people
present in the city at daytime when compared to
nightime.

e Cities with f; ~ 1 - Dakar, Kaolack, Kolda - where
the number of outgoing and ingoing commuters is
roughly the same, meaning that the total popula-
tion present in the city is basically the same during
day- or nightime.

e Cities with f; < 1 - Tivaoune, Thies, Ziguinchor,
Saint-Louis - where the number of outgoing com-
muters is larger than the number of ingoing com-
muters, also meaning that there are more individu-
als present in the city during the night than during
the day.

This simple indicator f; allows to illustrate the bal-
ance between jobs and residences. An ‘attractive’ city
(f1 > 1) for example means that the job/activity market
is larger than the residential offer. In contrast, a city with
f1 < 1 is in majority residential. We note however that,
surprisingly, there are very few differences between cities,
and that the ratios are almost all of order 1, suggesting
an equilibrium between the number of people that live
outside a city and spend the day in it, and the number
of people who live in a city and spend the day outside.

We can further characterize the convergent commuters
by measuring the average distance they are traveling. We
call this distance the attraction radius r of the city, com-
puted as

1

where ¢,, is the distance traveled by the n convergent
commuters. This quantity characterizes the regional in-
fluence of cities in terms of commuting and job/activity
market. The radius for Senegalese cities are shown on
Fig. 2, and their values listed in the Table II.

Dakar has a large zone of influence — as expected —
however there are some surprises such as Tambacounda
which is a small city but displays a large attraction ra-
dius. It is interesting to note that this large value prob-
ably reflects the fact that Tambacounda is an important
commercial stop on the road to eastern countries such a
Mali and to Casamance, and for stock trading.

We believe that this first study of convergent and diver-
gent commuting should be interesting for planning pur-
poses, but we note that the available data here are too
sparse to reach very reliable conclusions. Indeed, when
extracting journey-to-work OD matrices (see Methods),
we realized that on a 2-weeks period, there is an impor-
tant proportion of individuals whose mobility is not reg-
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FIG. 2: Attraction radius for the major Senegalese cities. We represent the radius of attraction computed using the
OD matrices that we extracted from the data. The radius for different cities are shown on three different panels for a matter

of clarity.

r~ (km)
Dakar 137
Thies 60
Touba 109
Mbour 53
Kaolack 77

Saint-Louis 91
Ziguinchor 91
Tambacounda| 141

Tivaouane 72
Diourbel 69
Louga 69
Kolda 98

TABLE II: Attraction radius r~. Cities are ordered by
total number of commuters, showing that there is no clear
correlation between the attraction radius and the total num-
ber of commuters.

ular enough to infer with confidence their home and ac-
tivity locations (see Methods). To inspect these aspects
further, we would need the data provided in dataset 2,
but available for a longer period of time for each individ-
ual. The dataset 3 could allow to solve this problem, but
its spatial resolution is much scarcer, and the small num-
ber of individuals per city (Dakar excepted) would raise
other difficulties. We thus leave this investigations for
further studies and additional datasets. In the following
we will focus on what the journey-to-work OD matrices
can teach us regarding the intra-urban mobility and the
spatial structure of Senegalese cities.

Intra-urban organisation of Senegalese cities

Spatial structure of hotspots A first interesting look
on a city’s structure is provided by the locations of
hotspots, which are local maxima of the density of in-
dividuals. Using the extracted OD matrices, we can

Work hotspots in Dakar

FIG. 3: Location of residential and activity hotspots in Dakar,
determined with the method described in [14].

identify the most important residential and daily activ-
ity areas. In order to determine hotspots we used the
‘LouBar’ method based on the Lorenz curve of the dis-
tribution of densities [14]. For most cities the hotspot
spatial structure is simple and monocentric. Only for the
city of Dakar we have an interesting organization shown
on Fig. 3, where we see a polycentric structure as it is
observed for other large cities in the world [13].

We show in this figure 3, the map of residential
hotspots (i.e. with large night activity) and job/activity
hotspots (i.e. daily activity). The overlap between these



maps is large which means that important residential ar-
eas in Dakar are also the important daily activity cen-
ters. Our spatial delimitation of the urban area of Dakar
(see Methods) includes major surrounding municipalities
(Pikine, Rufisque), and some parts of these municipali-
ties are indeed the most important crowded parts of the
urban area. The hotspots of Dakar are not all along the
coast but are located in internal crowded neighbourhoods
(Liberté, Derklé, Sacré-Coeur, Medina, etc.).

The ‘work’ hotposts identified in the urban area of
Dakar (26% of all the antennas in the city) contain 37%
of the total daily population (as identified by our OD
matrices). The ‘home’ hostpots (24% of all the anten-
nas in the city) on the other hand contain 39% of the
total population identified by our OD matrices (over the
whole year). We note that rich residential neighbour-
hoods (Les Almadies, Le Plateau), which are also the
areas where most of the administration and buildings
of the major companies are located, are not residential
hotspots. For example one can see on the work hopspots
map that some areas of 'Le Plateau’ are indeed tagged
as employment/daily activity hotspots, but not as resi-
dential hotspots.

Surprisingly, home and work hotspots overlap then
quite well in the city of Dakar: 80% of the work host-
pots are also home hostpots. It gives us a first intuition
that in Dakar, the commuting distances could be quite
short in average, and that the city seems coherently or-
ganized, in the sense that many individuals don’t have
to travel long distances with cars everyday to travel from
their home to their workplace.

Mobility of individuals within cities: hotspots and or-
ganization level Once we have extracted the commut-
ing network of individuals we can investigate the spatial
properties of this network. We first measure the distance
daily traveled by individuals to go from their home to
their main activity place. These distances for Dakar and
Thies are mapped on Figure 4.

These two figures reveals two typical forms of organiza-
tion of cities. In the case of Dakar, we observe a polycen-
tric structure with individuals traveling longer distances
as they live further from the main activity hotspots (see
figure 3), but also with secondary activity centers ap-
pearing in the suburbs (Rufisque, Pikine), where many
people live and work, resulting in shorter commuting dis-
tance on average. Still in Dakar, while several secondary
activity centers have developed as the city expanded to
Rufisque and Pikine, the historical center remains the
most influent and attracts more commuters from these
secondary centers than the opposite (see Figure 5). In
contrast to this polycentric structure, we observe for the
smaller city of Thies a clear monocentric structure with
a unique central zone that attracts most daily activity.
Consequently, individuals that live in the center commute
over short distances, while the further people live from
the center, the longer their daily commuting distance is.

An intriguing question is if we can characterize the
level of organization of cities from the spatial structure

of commuting flows. The first metric that we have is
the total commuting distance L. The value of L however
does not have a clear interpretation by itself, but we can
compare it to reference values. We will then compare L
with the two extreme situations:

e A totally disorganized mobility structure, where
commuting patterns occur at random, while con-
serving the static structure of the city given by the
numbers of inhabitants and employees attached to
each antenna. In this case, we obtain a total com-
muting distance denoted by Lp.

e An optimally (organized) mobility structure, for
which mobility patterns are such that the total
commuting distance in the city is minimum (while
conserving the number of inhabitants and employ-
ees attached to each antenna). Given the con-
straints of numbers of inhabitants and employees,
this leads to a minimum total commuting distance
denoted by Lo.

In order to compute the values of Lr and Lo for each
city, we calculate the corresponding OD matrices of the
two extreme cases, optimal and random. The OD matrix
for the disorganized state is calculated by addind flows at
random, making sure to respect the in- and out- degree
of each node in the network (see Methods). The distance
Lp is averaged over 100 random realisations. The OD
matrix for the optimal state is obtained by simulated
annealing, a local search optimisation method [35]. Once
we have calculated the two quantities Lr and Lo we can
then define an organization index of the city

L—Lg

0= Io _Ln (3)

This index O is equal to 0 when the mobility patterns are
completely disorganised (L = Lg) and equal to 1 when
the mobility patterns are completely organised (L = Lg).
This measure is indeed a measure of the spatial mismatch
in the city: the larger the value, the more organized
the city is, and individuals in this case live very close
to their activity location. We give in Table III the values
of L/Lo, L/Lr and O for the twelve Senegalese cities
identified by our urban areas detection method.

We observe in this table that for most cities the ra-
tio L/Lg is small and approximately constant (on aver-
age equal to 0.25), the ratio L/Lo displays larger vari-
ation: on average we obtain 3.8 and extremes such as
8.98 (Tivaoune) and 1.92 (Kaolack). Although we would
need the corresponding values of cities in other parts of
the world, these numbers suggest that there is probably
some room for improving the commuting figures in many
cities in Senegal. In particular, in the case of Dakar, we
obtain the values indicated in Table IV (as a reference
we also give the typical distance of the city, taken as the
square root of its surface v/A).

It is interesting to note that in the largest city of
the country, the individuals journey-to-work mobility is



FIG. 4: Average commuting distance at the antenna level (Left) Dakar: Average outreach per antenna, i.e. average
distance commuted by people living in the area covered by this antenna. When calculating the average we do not take into
account the people who are flagged as living and working at the same place. (Right) Same measure for the urban area of Thies.
These results are obtained by averaging the OD matrices over the whole year.

Flows direction and intensity
Reciprocal: Fj~ F;

=== Directed: F; = 0.55* F,

mmm Directed: F; = 0.60 * F;

Bl Directed: F; = 0.65*F;
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— Source: OD matrices extracted from calls matrices

FIG. 5: Main directed flows of commuters at the mu-
nicipality scale, in the urban area of Dakar. As the
urban area expanded in direction of the surrounding munic-
ipalities, several secondary acivity and employment hotspots
appeared in the urban area of Dakar. Still the historical ac-
tivity centers, located in the municipality of Dakar, attract
more commuters that live in the surrounding municipalities,
than the opposite.

rather short, and closer to the optimal situation than
to the random, disorganized situation. This result sug-
gests that there is indeed a good match between locations
where people live and the ones where they perform their
daily activity. It would be interesting to calculate these
values for cities in European and US countries for which
mobile phone datasets have been used in many papers in
the recent years (France, Spain, Portugal, etc.).

Discussion

We extracted the OD matrices for the 12 largest Sene-
galese urban areas from mobile phone data and proposed

L/Lo|L/Lgr|| O
Dakar 2.09 | 0.22 ||0.87
Thies 3.49 | 0.23 ||0.82
Touba 3.70 | 0.18 {|0.86
Mbour 3.36 | 0.21 ||0.84
Kaolack 1.92 | 0.30 ||0.83
Saint-Louis || 3.84 | 0.20 |[0.84
Ziguinchor 3.08 | 0.29 [|0.78
Tambacoundal| 3.90 | 0.28 ||0.77
Tivaoune 8.98 | 0.20 (|0.82
Diourbel 2.97 | 0.28 [|0.79
Louga 4.47 | 0.31 ||0.74
Kolda 3.38 | 0.27 |[0.79

TABLE III:

L (km)|Lo (km)|Lg (km)|vA (km)
Dakar| 4.6 1.7 21 20

TABLE IV: Comparison of the average commuting length as
measured on the data (£), on the optimal OD matrix ({o),
the random OD matrix (¢r), and the typical size of the city

(VA).

several measures that can help in characterizing the spa-
tial structure of commuting and its efficiency, and to com-
pare different cities with each other.

At the interurban level, we could show that Senegalese
cities display a good integration of labor and housing
markets. In addition, the attraction radius of cities al-
lowed us to identify important large cities and also im-
portant economical nodes. Cities with the largest at-
traction radius — such as Dakar, Tambacounda, Touba,
Saint-Louis and Ziguinchor — would then naturally ben-
efit from transport infrastructure improvements at the
country scale, linking cities.

At the intra-urban level, we characterized the efficiency



of the spatial organization of residential and working ar-
eas in terms of commuting. In particular, we showed
that for Dakar, commuting distances can be very short
and that the city seems to be coherently organized in
this respect. However for other cities such Louga, Kolda,
Mbour, it seems that we are far from the optimal com-
muting solution. One could have naively expected that
the larger the city, the more ’anarchic’ it becomes, but
our results proove that this naive representation is wrong.
These preliminary conclusions would benefit from further
investigations, in order to understand the origin of the
spatial mismatch for these cities.

Our results show that mobile phone data can effec-
tively be used to characterize how well an urban area is
organized. In this respect, they can help in identifying
the more fragile urban areas that deserve a particular
attention for future intra-urban transport planning.

Material and Methods
Delimitation and selection of cities.

When one wants to compare cities, an important is-
sue is to rely on a common, reasonable spatial defini-
tion/delimitation applied to all cities [20, 33]. For exam-
ple, Dakar as a geographical object cannot be restricted
to the municipality of Dakar, both in terms of morphol-
ogy and function. The spatial layers provided in the
project include larger spatial delimitations correspond-
ing to administrative entities. Since we didn’t find any
documentation explaining the territorial criterion chosen
- if any - to construct these spatial objects, we cannot as-
sume that such spatial delimitations are suitable to prop-
erly define Senegalese cities.

For this reason, we conceived a method to delimitate
cities using the spatial points pattern of Orange’s mobile
phone antennas. We proposed a simple density-based
clustering method based on the hypothesis that the den-
sity of antennas reflects the density of population. For
each antenna we count the number of its neighbors within
a growing distance threshold ranging from 0 up to 20
km, with a fixed step of 0.5 km. We then classify those
quasi-linear distributions (see Figure 6) and distinguish
between Dakar’s antennas with a steep slope, Touba’s
and other cities with a less steep slope, and non-urban
antennas with a slight slope. Our delimitation includes
urban cores but also peripheric neighbordhood (see Fig-
ure 6).

We compare the criterion used to satellite pictures
of the corresponding cities [41] and to the the Open-
StreetMap boundaries of each city, and find that the
definition captures well the built areas of each city (see
Figure 7

Dakar

Number of neighbors within threshold

Other urban

Non urban

Distance threshold (km)

Dakar
300 -

200~

100~

Touba core

Number of neighbors within threshold

Other urban

0- Non urban

T T T T T T T T T T T
o 1 2 3 4 5 6 7 8 9 10
Distance threshold (km)

FIG. 6: Illustration of the method used to delimitate cities.
For each antenna of the dataset, we count its number of neigh-
bors in a circle of increasing radius (x-axis of the top figure).
Each curve represent an antenna. We then apply a hierar-
chical clustering method on the resulting set of vectors, and
represent the average profile of each class on the bottom fig-
ure.

FIG. 7: Comparison of the antennas chosen to delimitate four
of the twelve cities selected, following our criterion based on
the density of antennas (red), and the corresponding Open-
StreetMap layers. We checked each city individually (others
not shown here).



Extraction of the Origin-Destination matrices

In the following, we call commuters the people iden-
tified by our algorithm, and commutes the trips as they
appear in the resulting Origin-Destination matrix.

The reference files to calculate the OD matrices are
SET2_PXX.CSV of Dataset 2, where X X varies from
01 to 25. The output of the method is a m X n matrix
where C}; is the number of commuters that live in place
i and whose main daily activity is located in j. In the
following we call "Home’ the residence cell of the user and
"Work’ the cell of its main daily activity place.

For each user u, the extraction procedure is the follow-
ing : for each hour of the two weeks period - weekends
excepted - during which the user used her phone at least
once, we identify the most visited cell/antenna during
this hour. This cell/antenna is the one from which the
user has given/received the most calls/sms during this
particular hour. Hours are partitionned in two groups:
(1) the daily hours that are spent at work/school for
most people during weekdays (hours between miny, and
mazw ) ; (2) the late evening, night and early morning
hours, spent at home for most people (hours between
ming and maxg). For both groups of hours, we iden-
tify the cell to which the user has been ’attached’ the
greatest number of hours. We then calculate the pro-
portion of time spent in the cell (number of hours / to-
tal number of hours during which the user called). Fi-
nally, if in both cases these proportions are greater than
a parameter prop, then the two cells are tagged as the
user’s work/home cell and the user’s home cell. Other-
wise the user is not selected because her locations don’t
show enough regularity to assume than the two most fre-
quent antennas are resp. her workplace and home.

Once we have applied the extraction procedure to all
users we end up with an OD matrix of commuting flows
for the whole country, for each two weeks period of the
dataset 2.

Sensitivity analysis We analyzed the influence of the
value of prop on the number of users selected, and also
on the proportions of intra-cell flows (i.e. the propor-
tion of individuals who have the same Home and Work
cell) for the file SET2_P01.C SV, by using the following
parameter values:

e miny = 8
e mary = 17
L] minH =19
e mary =7

In the figure 8 we can see that the number of users
decreases when prop increases, which is an expected ef-
fect. However the proportion of intra-cell flows tends to
sharply increase when prop increases. In order not to
remove users and try to keep the network structure we
choosed to fix prop to 1/3.

(b)
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FIG. 8: Sensitivity of (a) the number of individuals selected
and (b) the proportion of intra-antenna flows, to the param-
eter prop of the OD matrix extraction method. These tests
have been performed on the dataset SET2_P01.

Computation of the mobility networks to random
and optimum networks

Random Matrices and optimal matrices

In the following, we detail the methods used to obtain
the random origin-destination matrices—corresponding
to a situation where people would choose their working
location at random from the existing possibilities— and
the optimal origin-detination matrices—corresponding to
a situation where people would be assigned to a working
location so that the total distance commuted at the city
level is optimal. What we are interested in here is the
optimality of the commuting patterns given the exist-
ing spatial distribution of homes and jobs. We therefore
constrain the random and optimal OD matrices in such a
way that the number of homes and jobs at each antenna
are identical to those observed in data. If we intepret
the OD matrix as representing a network between homes
and jobs in different locations, then both our random
and optimal null model preserve the in- and out- degree
sequences.

To generate a random graph that conserves the in- and
out- degree of each node of the reference graph, we use
the Molloy-Reed algorithm [34] which complexity is in
O(n), where n is the sum of the weights of the edges (i.e.
the number of individuals in the OD case).

In order to generate the optimal network, we use sim-
ulated annealing, a probabilistic method for global op-
timization problems [35]. At each step, we invert 2 OD
pairs (a, b) and (¢, d) to (a,d) and (c,b) (so that the con-
servation of in- and out- degrees is guaranteed). The
move is accepted with probability 1 if the proposed so-
lution is better than the previous one, i.e. if the total
commuting distance is smaller than that of the previ-
ous situation. If the new situation is worse, however,
the move can still be accepted with a probability that
depends on temperature T' as



Ly —1
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(4)

and the temperature is decreased as the search pro-
gresses. This trick allows to avoid getting stuck in local
minima.

Using calls data to estimate population movements
Framework

We define the activity A; of an antenna i as the to-
tal number of calls and text messages sent and received
from i over a time window 7. We call 7 the resolution —
the minimal resolution is 1 hour, imposed by the dataset
(D1). In other words, we are theoretically able to follow
the change of activity in the city at the one-hour level.

A(i) = / A, ) da (5)

where A(i,x) is the measure of activity (in-call, out-
calls, number of users) for the antenna ¢ at the hour in-
terval . Then we define the mass of the antenna as

A (i)
Zie/\/ AT(.])

Depending on the area of study N and the time-
window 7 we might be able to catch different phenomena.
For instance, setting A to be a city, 7 to be of the order
of an hour, one can identify the patterns of daily activity
in cities. Setting NV to be an entire country and 7 to be of
the order of a week, a month... one can possibly identify
internal migrations.

M, (i) = (6)

Difference between day and night activity

We first start with comparison between day and night
activities in the city. Census traditionally give informa-
tion on the residential population in cities, sometimes
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also on the working population. Mobile phone data al-
low us to get information with better time resolution and
to follow the locations of people within the city during
the day. Such information is important to have, for in-
stance for emergency evacuation plans, for understanding
epidemic spreading over short time-scales, etc. For each
antenna ¢ we plot the quantity

Mgy (i) = Mg (i)

DN (i) T
nig

(7)

which represents the relative difference of activity of
the antenna between night and day. With other data to
calibrate the relation between mass of antennas and pop-
ulations, one should be able to estimate the relative dif-
ferences in population from these differences in antenna
mass. Even without calibration, the differences in the
mass of antennas give a good idea of the changes in the
spatial location of populations over time.
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