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Modeling the movements of humans and animals is critical to understanding the transmission of infectious diseases in complex social and ecological systems. In this paper, we
focus on the movements of pastoralists in the Far North Region of Cameroon, who follow an
annual transhumance by moving between rainy and dry season pastures. Describing, summarizing, and modeling the transhumance movements in the region are important steps for
understanding the role these movements may play in the transmission of infectious diseases affecting humans and animals. We collected data on this transhumance system for
four years using a combination of surveys and GPS mapping. An analysis on the spatial
and temporal characteristics of pastoral mobility suggests four transhumance modes, each
with its own properties. Modes M1 and M2 represent the type of transhumance movements
where pastoralists settle in a campsite for a relatively long period of time (20 days) and
then move around the area without specific directions within a seasonal grazing area.
Modes M3 and M4 on the other hand are the situations when pastoralists stay in a campsite
for a relatively short period of time (<20 days) when moving between seasonal grazing
areas. These four modes are used to develop a spatial-temporal mobility (STM) model that
can be used to estimate the probability of a mobile pastoralist residing at a location at any
time. We compare the STM model with two reference models and the experiments suggest
that the STM model can effectively capture and predict the space-time dynamics of pastoral
mobility in our study area.

Introduction
Humans and animals constantly move from one place to another. Modeling such movements
is critical for understanding the transmission of infectious diseases in complex social-ecological
systems [1–5]. In this research we focus on a special human mobility system called
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transhumance, a common practice where pastoralists move their livestock seasonally across
different grazing lands [6]. Researchers distinguish between different forms of transhumance,
including vertical transhumance from winter pastures in the valleys to summer pastures in the
mountains [7] and horizontal transhumance, for example, from rainy season pastures in the
northern Sahel to dry season pastures in the southern Sahel [8]. Transhumance patterns vary
in terms of the distance covered, the number of movements, the duration of stays in each location, and the direction of movement when the season changes. While these movements are
beneficial in terms of optimizing the use of land and other natural resources [9, 10], they also
may play a role in disease transmission [11–17] and have other significant regional or local
social/economic impacts [18, 19]. Understanding the spatial and temporal patterns of these
transhumant systems will help us understand the role of such movements in the transmission
of infectious diseases. For example, the specific movement patterns of animals in conjunction
with demographic patterns (e.g., birthing seasons) and environmental conditions (e.g., wet versus dry and cold versus hot) could result in significant changes in whether transmission of
infectious diseases is prevented or facilitated by movements [20, 21].
There are different spatial and temporal levels to analyze pastoral mobility, ranging from
daily movements to pasture and water [22, 23], to seasonal transhumance movements between
rainy and dry season grazing areas [8, 24], and migration across country borders at the scale of
decades [6, 25, 26]. Empirical research has shown that pastoral mobility is a highly efficient
and sustainable strategy to cope with spatial and temporal variation in grazing resources that is
typical in arid and semi-arid ecosystems [27–30]. While researchers have been studying pastoral mobility for long [6, 7], the use of GPS and mapping technology has facilitated the study of
pastoral mobility enormously [31, 32] through the use of hand-held devices and/or tracking
devices [33]. However, because of the challenges involved in following multiple herds distributed over large rangelands, most studies track only relatively few individual households, ranging from one [34] to twenty-four [31]. These small samples may not be representative of the
movements of the larger population of mobile pastoralists in a region. Descriptions of transhumance patterns at the population level are often too general and are simply indicated with
broad arrows on a map [35]. What also remains unclear is whether and how transhumance
patterns affect the transmission of infectious diseases, but to examine that we first need to
describe and model transhumance patterns of the pastoral population at a regional scale.
In this paper, we study human and animal mobility focusing on the transhumance of mobile
pastoralists in the Far North Region of Cameroon. One of the main reasons we model the
movements of these pastoralists is to understand the potential role of pastoral mobility in the
risks of spreading infectious diseases, in particular foot-and-mouth disease [36, 37], in the
region. We address two key questions: (1) what are the fundamental spatial and temporal characteristics of the mobile pastoralists’ transhumance movements in the region, and (2) how to
develop a statistical model that can be used to describe these movements? Our goal is to
develop a model that can be used to predict transhumance movements. In other words, what is
the probability that a pastoralist will appear at a specific location at a specific time? Answers to
these questions will effectively help us link pastoralist movements to the rest of the regional
population and their herds in the region and thus help model disease transmission.
Many methods developed in the space-time geography and ecology literature are related to
this research. The traditional space-time geography [38] focused on the analysis of the potential
areas (called space-time prisms) an individual can reach between the origin and destination
locations given a time budget and speed [39–41]. In reality, individuals do not visit every location in the potential area equally. Instead, some locations have a higher probability to be visited
than others. In recognizing such heterogeneity, researchers utilized kernel density estimation
methods [42] to generate surfaces of probability of an individual visiting a location in an area
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[43, 44]. Though kernel density models provide more details about the space-time activities of
individuals, these models do not account for directional movements that are common in many
forms of human mobility. In the ecology literature, researchers have used Brownian bridge
motion model to describe animal movements so that we can estimate the location of animals at
a time in the area around a migration route [45]. All these methods provide valuable context to
this research. However, as will be demonstrated below by an analysis of our data, pastoralist
transhumance patterns exhibit more heterogeneous modes that may not be captured using a
single model and it is necessary to develop a new approach to modeling space-time behavior of
the pastoralists. In the remainder of the paper we first discuss our study area and the data collecting process. Then we discuss the methodological details of analyzing the data and building
a spatial-temporal mobility model to capture the dynamics of pastoral mobility in the region.
Two reference models are developed and are compared with the spatial-temporal model. We
discuss how the three models are fitted using the data and demonstrate the use of these models
in simulating transhumance in the region. The performance of the three models is tested using
a subset of our data. We conclude the paper with a discussion on a broader context of the analysis and modeling of mobility data.

Study Area and Data
The Logone Floodplain is one of the most important dry season grazing areas in the Chad
Basin, supporting more than 200,000 cattle [46]. The floodplain is flooded by the Logone River
and its branches in the rainy season and mobile pastoralists from the Far North Region of
Cameroon and nearby countries (Chad, Nigeria, and Niger) find nutritious regrowth and surface water in the floodplain after the water recedes elsewhere in the dry season that typically
starts in November. Many pastoralists remain there until the start of the rainy season in June,
while others move to the grazing lands south to Lake Maga. At the start of the rainy season,
pastoralists return to the higher elevated dunes in Diamaré in Cameroon or their respective
countries [47]. Fig 1 shows the overall environment of the region along with three sample
transhumance routes used by Cameroonian pastoralists in the year of 2007–2008.
Seasonal change in rainfall is the major force that drives pastoralists to seek forage and
water for their cattle. In their transhumance process, the pastoralists set up camps and stay at
each campsite for a number of days. There are two main kinds of campsites: sojourn campsites
where the pastoralists stay for an extended period of time, and transit sites where they may
only stay for a few days. We conducted a transhumance survey to reconstruct the annual transhumance routes used by the mobile pastoralists in the study area. The survey was conducted in
the rainy season on each camp and we asked the names and number of days of all the campsites
the pastoralists had stayed in the previous year. While most pastoralists were able to recall with
ease the campsites that they stayed, the days of the stay did not always add up to 365 days. By
assuming the lack of accuracy was more likely to occur when the pastoralists reported their
stays at sojourn sites, we adjusted the days for the locations where they stayed the longest. We
also recorded the number of pastoral households, the number of herds, and estimated the size
of the herds.
To map the locations of the camps of mobile pastoralists in our study area, our research
assistants traveled to the reported campsites four times a year in February, May, August, and
November. The campsites were straightforward to recognize in the field and we used GPS technology to get the coordinates. Some of the campsite locations were also confirmed and adjusted
using Google Earth and Google Maps that have high resolution satellite images for some of the
areas in our region. We used the data collected in the mapping of mobile pastoralists to create a
list of all the campsites (sojourn and transit) in our study area. The list currently has more than
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Fig 1. The study area and three sample transhumance routes. The base map is prepared using the public domain data of 1:50 Million world countries
from Natural Earth.
doi:10.1371/journal.pone.0131697.g001

400 campsites. A campsite typically consists of multiple households that during the year may
split and some households may join other camps. Some campsites may not be available for our
survey at some years. As a result, the composition of these camps changes throughout the year
and the total number of campsites in our data varies from year to year. Our finalized data set
has 553 households and herds and 46,725 cattle (estimated based on the average number of cattle per herd per ethnic group [47]). At the time the work presented in this paper started, data
from four years, 2007–2011, were available for analysis and modeling. There are 71, 62, 83, and
62 camps for the four years of 2007–08, 2008–09, 2009–10, and 2010–11, respectively. This
data set has been used in multiple previous studies [10, 23, 48].

Ethics Statement
The research conducted in Cameroon was permitted by the Ministry of Scientific Research and
Innovation of Cameroon and administered by the Garoua Wildlife College and the Higher
Institute of the Sahel at the University of Maroua. Access to pasture lands is public in the Far
North of Cameroon and does not require specific permission. We did not record participant
consent. We used a verbal consent script and have obtained a waiver to document consent
from the Institutional Review Board at the Ohio State University. The main reason for not documenting consent is that most informants are illiterate and documentation of consent is threatening and alienating in the cultural context in which we conduct our research. The
participation in the research is voluntary and there is no consequences of non-participation.
The private data and personally identifiable information are recorded separately. The transhumance survey protocol and informed consent procedure were approved by the Ohio State University Institutional Review Boards under #2010B0004 and #2007B0301.

Analyzing Transhumance Modes
We define a transhumance mode as a set of characteristics related to the camping, grazing, and
migration activities that are shared by a group of pastoralists during a certain period of time in
an area. The mobile pastoralists in our study area clearly exhibited different kinds of transhumance activity that can be identified as distinctive transhumance modes. We started by examining the seasonality in the region. While the dry and rainy seasons are the two salient
phytogeographic conditions in the region, the pastoralists also respond to smaller environment
changes such as changing pasture conditions to bush fires or the presence of herds with infectious diseases. We identified the following five distinctive time periods (or seasons) in the Far
North Region of Cameroon [23, 47].
• The period of July to September is the typical rainy season of the region and the mobile pastoralists mostly locate their herds in sojourn campsites in the areas of Mindif-Moulvoudaye
and Pette. The largest amount of rainfall comes in July and August.
• In the end of the rainy season, generally in September, pastoralists start transhumance toward
the floodplain where sufficient resources will be present in the rest of the annual cycle and
the pastoralists tend to set up transit camps on their transhumance routes in this period of
time.
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Fig 2. Cumulative distributions of the days of stay. The dashed vertical line indicates the stay of 20 days.
doi:10.1371/journal.pone.0131697.g002

• The cold dry season generally lasts from November to January. In this season, most pastoralists move around in the floodplain area.
• In the hot dry season that typically lasts from February to May, most pastoralists are settled
in their sojourn campsites in the floodplain, while some have left for the areas south to Lake
Maga where they establish sojourn sites to stay until the beginning of the rainy season.
• In June, a transition season called seeto or the beginning of the rainy season, pastoralists start
to migrate back to the rainy season grazing lands.
Fig 2 shows the cumulative frequency of the duration the pastoralists stayed in each campsite in each season in the four years of our data. It is clear that in the end and beginning of the
rainy season, the pastoralists tended to stay at each location in a relatively short amount of
time as more than 95 percent of the stays are shorter than 20 days. On the other hand, in the
rainy and dry (both cold and hot) seasons, many stays were longer as more than 15 percent of
the stays were longer than 20 days. The 15 percent of the stays is significant, accounting for the
majority of the days when these pastoralists stayed in their sojourn camps during these seasons.
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Fig 3 shows all the 71 transhumance routes in our data in year 2007–2008 with the locations of
the campsites colored for the seasons, and the stays longer than 20 days are highlighted. We
note the sojourn campsites were mainly located in the floodplain, the lands south to Lake
Maga, and the rainy season lands in the area around Mindif and Diamaré.
The transhumance routes in Figs 1 and 3 show different overall shapes, paths, and rainy season locations. We used pastoralists’ toponyms and discussions of their transhumance routes to
identify two important rainy season grazing areas: areas around Pette (referred to as Woylare
by the pastoralists), and the Mindif-Moulvoudaye area (Fombina). Many pastoralists used relatively linear or straight transhumance routes. Most of the pastoralists who used the lands near
Mindif-Moulvoudaye went back to their rainy season lands from the Floodplain through the
paths west to Lake Maga (see the green route in Fig 1). Those who used areas near Pette as
their rainy season lands had a similar linear shape of their routes (see the blue route in Fig 1).
However, a small number of the pastoralists using the Mindif-Moulvoudaye area went back
from the Floodplain through the paths east to Lake Maga (see the red route in Fig 1). Identifying these three groups of pastoralists is important to understand and to model pastoralist
mobility because pastoralists in each group have similar spatial pattern (in routes and grazing
areas) and temporal trends (in seasons). While there are other differences in these transhumance routes, these three groups are stable. Each pastoralist typically stayed in the same group
over the years. In all the pastoralists surveyed in our data, only one changed the rainy season
area (from Pette to Mindif). To quantitatively classify these patterns, we conducted a cluster
analysis to distinguish the routes into three groups (see S1 Text for more methodological
details). The first group included the pastoralists with their rainy season grazing lands around
Mindif in the southwest part of the region and dry season lands in the floodplain (Fig 4, left).
The second group included pastoralists who spent their rainy season in the Pette region (Fig 4,
center). Both groups of pastoralists followed a relatively straight path between their seasonal
locations. The third group, however, had a triangular shape.
The transhumance movements in the first two groups can be conceptualized in Fig 5A
where they establish sojourn campsites in the south during the rainy season and we denote this
type of transhumance mode as M1. In the end of the rainy season, the pastoralists start to
move toward the floodplain and set up transit campsites en route to the floodplain. We denote
their transhumance mode in this period of time as M3. In the floodplain, the pastoralists generally stay there over the cold and hot dry seasons, until the beginning of the rainy season. They
utilize sojourn campsites during this period of time and we denote this type of transhumance
as M2. We separate modes M1 and M2 because they occur in different parts of the region and
in different seasons. Finally when the rain starts in June, pastoralists start to move back to their
southern lands and we use M3 again to denote their transhumance patterns because the pastoralists use similar routes but in an opposite direction as they move in the end of the rainy
season.
The third group of pastoralists have a more complicated transhumance pattern in space and
time (Fig 5B). They still exhibit the M1 mode in the south. But their transhumance in the floodplain and the Lake Mega area during the cold and hot dry seasons have both sojourn and transit campsites, as shown in both large and small circles in the right map in Fig 4. We do not find
a clear cut to separate the sojourn camps in the north and south and therefore use M2 to indicate the mode of using sojourn sites for long stays. In the mean time, some pastoralists in this
group also set up transit camps as then move to the south and we add a new notation of M4 to
denote this mode. They still use the M3 mode when they leave and come back to their rainy
season grazing lands in the southwest part of the region.
Table 1 summarizes our notation system. Modes M1 and M2 are fundamentally different
from modes M3 and M4. A pastoralist in M1 or M2 concerns relatively short movements in a
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Fig 3. Transhumance routes and seasonality. The map shows all the pastoralists in year 2007–2008. Circles represent campsite locations and
consecutive sites are linked using straight lines. Large circles represent sojourn campsites ( 20 days). Here the seasons are the time when the pastoralists
start the camp. The shaded area shaded is part of the Far North Region.
doi:10.1371/journal.pone.0131697.g003

Fig 4. Three groups of transhumance routes.
doi:10.1371/journal.pone.0131697.g004

relatively small area and may choose to stay at one location for a long period of time and then
to move to a new location for the herd to graze. In modes M3 and M4, however, the pastoralist
has a sense of moving toward the destination of a dry or rainy season area where grass is abundant, which forces the pastoralist to follow a clear, directional path.

Modeling mobility
While the data analysis described in the previous section provides useful insight about pastoral
mobility, to effectively link patterns in the data to other factors in a complex social and ecological system, a model is necessary and critical [49, 50]. We assume each pastoralist belongs to
one of the three groups discussed in the previous section. We develop a statistical model that
can be used to predict the probability of a pastoralist setting a camp at a location at a time. We
denote this probability as P(xt = x), where xt is the location of a pastoralist at time t, and x refers
to any location. We use P(xt = xjst) to denote the probability of a pastoralist at location x at
time t given its transhumance mode at that time, st, and P(st = Mi) to specify the probability of
the transhumance mode at time t being Mi, where Mi is one of the modes (M1 through M4).
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Fig 5. Transhumance modes for pastoralists in groups 1 and 2 (A) and group 3 (B).
doi:10.1371/journal.pone.0131697.g005

According to the total probability theorem [51], we can decompose P(xt = x) as follows:

Pðxt ¼ xÞ ¼

X

Pðxt ¼ xjst ¼ Mi Þ  Pðst ¼ Mi Þ :

ð1Þ

Mi 2M

Using the modes listed in Fig 5 and Table 1, we have M = {M1,M2, M3} for pastoralists in
groups 1 and 2, and M = {M1,M2, M3, M4} for group 3. Mode M3 appears twice for all the
groups, and M2 appears twice for group 3; we will discuss how to reconcile this below. The two
items in Eq (1) specify two different dimensions of transhumance. We call P(xt = xjst = Mi) a
spatial model, and P(st = Mi) a temporal model. Because these two dimensions are explicitly
considered in our model, we will refer to this model as the spatial-temporal mobility (STM)
model in the rest of this paper.
Table 1. Transhumance modes.
Modes

Season

Campsite type

Months

Dates*

Group 1, 2

Group 3

M1

M1

Rainy

Sojourn

July-August

1–17, 321–365

M3

M3

End of rains

Transit

September-October

18–78

M2

M2, M4

Cold dry

Sojourn, Transit (group 3)

November-January

79–170

M2

M2, M4

Hot dry

Sojourn, Transit (group 3)

February-May

171–290

M3

M3

Begin rainy season

Transit

June

291–320

*Dates are continuously numbered with day 1 starting on August 16.
doi:10.1371/journal.pone.0131697.t001
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Fig 6. The kernel density of the camps during the hot dry season. A kernel of 5 km is used. The dots are
the locations over the four years of the transhumance data.
doi:10.1371/journal.pone.0131697.g006

Spatial modeling
Campsites are not randomly distributed on space. Fig 6 illustrates this point using the locations
in the hot dry season for the four years in our data on a smoothed kernel density field. It is
clear that pastoralists have a high tendency to go to the places that are rendered darker on the
plot. For this reason, we use a bivariate normal distribution to model the locations of pastoralists, with the two variables from the X and Y coordinates on the Euclidean space.
When pastoralists are in transhumance modes M1 (all groups) and M2 (groups 1 and 2), we
model their locations using a bivariate normal distribution:
Pðxt ¼ xjst ¼ Mi Þ  Nðmi ; Si Þ ;

ð2Þ

where μi and Si are the mean and variance matrix of locations for transhumance mode Mi (i 2
{1,2}).
Pastoralists in group 3 have a special case of mode M2 because the non-directional movements concentrated in two areas in this mode: the north mainly in the cold dry season and the
south mainly in the hot dry season (Fig 5B). For this special case, we use a mixture of bivariate
normal distributions with two components:
Pðxt ¼ xjst ¼ M2 Þ ¼

2
X
wk P2;k ;

ð3Þ

k¼1

where P2,k * N(μ2,k, S2,k) is one of the two component bivariate normal distributions
described by the mean (μ2,k) and variance matrix (S2,k) of locations in the north (k = 1) or
south (k = 2), and wk is the weight given to each distribution. Note a subscript of 2 is used to
indicate the mode of M2 in this case.
In modes M3 and M4, the pastoralist moves in an overall linear fashion from an origin
place to a destination. The pastoralist may move away from the linear path while following the
general direction. But between the start and end points, the likelihood of the pastoralist moving
away from the linear path increases initially, reaches the maximum, and then decreases to zero
at the end point. We describe movements in these two modes using the Brownian bridge
motion model (BBMM), a continuous time movement model with the probability of an individual being at a location related to the two end points of the path during a specified period of
time from t = 0 to T, where T is the total number of days in M3 or M4 [45, 52]. Compared with
alternative modeling approaches such as kernel estimation that often assume temporal independence, the BBMM is based on a temporal sequence of movements [53]. Thus, the expected
position at time t follows a normal distribution:
Pðxt ¼ xjst ¼ Mi Þ  Nðmi;t ; Si;t IÞ ;

ð4Þ

where i is either 3 or 4 (for modes M3 and M4, respectively), μi,t and Si,t are the mean and variance of locations at time t for mode Mi, respectively, and I is an identity matrix. The mean location, μi,t, is proportional to the time moving between a origin (a) and a destination (b):
mi;t ¼ a þ ðb  aÞ  t=T ;

ð5Þ

where T is the total time in the mode. We discuss how these parameters are set later in the
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model ﬁtting section. The variance at time t, Si,t, increases from 0 at t = 0 to the midpoint in
time and then decreases to 0 when t = T:
Si;t ¼

tðT  tÞ
Si ;
T

ð6Þ

where Si is the maximum variance related to the mobility of an individual in mode Mi (i 2 {3,4}).
Mode M3 occurred twice for all groups (Fig 5), and we can use a subscript k to distinguish
them as we did in the temporal model: S3,1 for the period when pastoralists move from rainy
season lands to dry season lands and S3,2 when they move back. Similarly we can distinguish
the mean locations for mode M3 as μ3,1,t and μ3,2,t.

Temporal modeling
The temporal models stipulate the probability of a particular transhumance mode at a given
time. In general, we assume the likelihood of a pastoralist being in a specific mode at a given
time follows a normal distribution:
Pðst ¼ Mi Þ  Nðti ; s2i Þ

ð7Þ

where τi and s2i are the mean and variance of dates mode Mi. We have Mi to be M1 and M2 for
groups 1 and 2, and M1 and M4 for group 3.
There are two cases when the same transhumance mode appears twice during the year: mode
M3 for all the three groups and mode M2 for group 3 (Table 1 and Fig 5). We use the mixture of
two normal distributions with two components to capture these temporal dynamics:
Pðst ¼ Mi Þ ¼

2
X
lk Pi;k ;

ð8Þ

k¼1

where k (1  k  2) indicates the time when the mode Mi occurs in the year (i 2 {2,3}) (for example, for M3, we have k = 1 for the transhumance from rainy season lands to dry season lands and
k = 2 for the opposite direction), Pi,k follows a normal distribution Nðti;k ; s2i;k Þ where τi,k and s2i;k
are the mean and variance of the date for mode Mi in component k, and λk is the weight given to
each component.

Reference Models
In order to compare and evaluate the above spatial-temporal mobility model, we develop two
simple but non-trivial reference models. The first reference model is called KRN that is based
on a two dimension kernel smoothing method [54]. Specifically, the probability of a pastoralist
being at location x at time t is calculated as
t
1X
K ðx  xit Þ ;
n i¼1 H

n

Fðxt ¼ xÞ ¼

ð9Þ

where x is a location determined by a pair of coordinates, nt is the number of pastoralists in the
data at time t, xit is the location of the i-th pastoralist at time t in the data, and KH(x) = jHj1/2 K
(H1/2 x) is a kernel function that uses a 2 × 2 bandwidth matrix denoted as H. Function K
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R
satisﬁes K(x)dx = 1 and we adopt a commonly used normal density form written as
1 T
1  x x
KðxÞ ¼ e 2
:
2p

ð10Þ

In other words, KH(x − xi) follows a normal distribution of N(xi,H).
The second reference model is based on a multivariate normal distribution (MVN). We utilize a bivariate normal distribution of locations for each day. Formally, the distribution of pastoralist locations at time t follows a normal distribution of
Gðxt ¼ xÞ  Nðmt ; St Þ ;

ð11Þ

where μt and St are mean and variance of locations at time t.

Model Fitting
The spatial models in the STM model contain parameters denoted as w, μ, S, and the temporal
models contain parameters denoted as λ, τ and σ. There are a total of 66 parameters to estimate,
as summarized in Table 2. All the locations in our data set were projected to zone 33 north of
the Universal Transverse Mercator coordinate system and their unit was meter. The temporal
unit was day.
Temporal models were fitted using related dates extracted from the data. For the temporal
models using a single normal distribution (i.e., mode M1 for all groups, mode M2 for groups 1
and 2, and mode M4 for group 3), we used the dates when pastoralists in each group moved in
the corresponding mode. As discussed before, pastoralists typically stayed more than 20 days
when they were in modes M1 and M2. On the other hand, pastoralists tended to stay at a location in less than 20 days when they moved directionally in modes M3 and M4. For this reason,
the temporal models for mode M1 were fitted using the dates in the rainy season (days 1
Table 2. Parameters for the spatial and temporal mobility (STM) model.
Group

1

Model

Spatial
Temporal

Transhumance Modes
M1

M2

M3

μ1

μ2

μ3,1,t, μ3,2,t

Σ1

Σ2

Σ3,1, Σ3,2

τ1

τ2

τ3,1, τ3,2

s21

s22

s23;1 , s23;2

M4

λ1, λ2
2

Spatial
Temporal

μ1

μ2

μ3,1,t, μ3,2,t

Σ1

Σ2

Σ3,1, Σ3,2

τ1

τ2

τ3,1, τ3,2

s21

s22

s23;1 , s23;2
λ1, λ2

3

Spatial

μ1

μ2,1, μ2,2

μ3,1,t, μ3,2,t

μ4,t

Σ1

Σ2,1, Σ2,2

Σ3,1, Σ3,2

Σ4

w1, w2
Temporal

τ1

τ2,1, τ2,2

τ3,1, τ3,2

τ4

s21

s22;1 , s22;2

s23;1 , s23;2

s24

λ1, λ2

λ1, λ2

doi:10.1371/journal.pone.0131697.t002
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through 78, and 321 through 365 in Table 1, with day 1 set on August 16) on which the pastoralists stayed for longer than 20 days. Similarly, the temporal models for mode M2 of groups 1
and 2 were fitted using the cold and hot dry seasons days (79–290) on which the pastoralists in
each group stayed longer than 20 days at each location. The temporal model for pastoralists in
group 3 who moved in mode M4, days of stay shorter than 20 days in the cold and hot dry seasons were used to fit the model. The actual model fitting of calculating their means and standard deviations was conducted using the maximum likelihood estimation method in an R
package called mclust [55].
To fit the mixture temporal model (Eq (8)) for mode M2 for the group 3 pastoralists, dates
in cold and hot dry season (day 78 through 290 in Table 1) were used if the stay is longer than
20 days. An expectation-maximization algorithm [56, 57] in the R package mclust was used to
find the maximum likelihood estimation of the three sets of parameters, λ, τ, and σ, for the mixture of two normal distributions.
To fit the mixture model for mode M3 for all three groups, the expectation-maximization
algorithm was again used to find the maximum likelihood estimation of the parameters (λ, τ,
and σ) for the mixture of two normal distributions. As illustrated in Fig 2, the majority of the
short stays (duration less than 20 days) occurred when the pastoralists were in a transit mode
when they tried to migrate toward a location following a direction. For this reason, the dates
for all the short stays in the year were used to fit this model.
Spatial models were fitted using locations related to each transhumance mode of each pastoralist group. The spatial models of mode M1 (for all groups) were fitted using the locations in
the rainy season where the pastoralists stayed longer than 20 days. To fit the spatial model of
M2 for groups 1 and 2, we used the set of the farthest points of each pastoralist from the rainy
season locations. The mode M2 spatial model for group 3, however, was a mixture multivariate
normal distribution model, and we fitted this model using the locations visited by the pastoralists in the cold and hot dry seasons.
The Brownian bridge motion variances (Eq (6)) for modes M3 and M4 were estimated
using an R package called BBMM [52]. Locations and days of stay at each location when the
pastoralists were in modes M3 and M4 were used to fit the spatial models for these two modes.
We used the mean of variances of all pastoralists in a group as the overall variances of S3,1,
S3,2, or S4. The mean locations in these models (μi,t in Eq (4)), however, were not directly estimated. Instead, we estimated the start and end points of each mode and used Eq (5) to compute
the mean locations. We used the mean locations of the mode that immediately precedes and
that follows M3 or M4 to represent the start (a) and end (b) locations, respectively, and the difference in the mean times of the preceding and following modes as the total time (T):
• Mode M3 appeared twice in pastoral transhumance and we used it twice separately in the
spatial model. The first occurrence of mode M3 took place in the end of the rainy season for
all groups 1 and 2 when the pastoralists moved toward the dry season lands and we set a =
μ1, b = μ2, and T = τ2 − τ1, where μ1 and μ2 are the mean locations of modes M1 and M2, and
τ1 and τ2 are the mean times of modes M1 and M2, respectively, for the same group. For
group 3, we have a = μ1, b = μ2,1, and T = τ2,1 − τ1, where μ2,1 and τ2,1 are the mean location
and mean time of the first component of mode M2, respectively. We can then estimate the
mean location at time t, μ3,1,t, using Eq (5). For example, we have μ3,1,t = μ1+(μ2 − μ1)t/(τ2 −
τ1) for group 1 or 2.
• The second occurrence of mode M3 was when the pastoralists move back to their rainy season lands. For groups 1 and 2 we set a = μ2, b = μ1, and T = 365 − (τ2 − τ1). For group 3, we
used a = μ2,2, b = μ1, and T = 365 − (τ2,2 − τ1), where μ2,2 and τ2,2 are the second component
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Fig 7. Results of fitting the temporal models. Each curve represents the probability of a particular day being in a specific transhumance mode. The
horizontal axis indicates the days in a year starting on August 16.
doi:10.1371/journal.pone.0131697.g007

of the mean location and mean time of mode M2, respectively, for the same group. These are
input to compute μ3,2,t.
• To compute μ4,t for mode M4 (group 3 only), we set a = μ2,1, b = μ2,2, and T = τ2,2 − τ2,1.
Finally, the reference models, KRN and MVN, were fitted for each day using the locations
of pastoralists in each group on that day. For KRN, a bandwidth must be specified to give a
standard deviation to each dimension of the reported location in the data. While the literature
has indicated that 5 km is the average daily grazing distance in the area [23], we tested a wide
range of bandwidths to explore the impact of bandwidth on model fitting. Specifically, we fitted
the KRN model using four bandwidths: 1, 5, 10, and 20 km, and the results obtained using
these bandwidths are denoted as KRN1, KRN5, KRN10, and KRN20, respectively. The R package called KernSmooth was used to fit the model [54]. The parameters of the MVN model were
estimated using the mclust package [55].

Modeling Results
With the four years data collected, we used 2007–2008 data to fit the models (see the result in
S1 Table). The fitted models were then tested using the data from the other three years (next
section). Fig 7 shows the result of fitting the temporal models. Groups 1 and 2 had similar
trends in terms of how the transhumance modes changed throughout the year. Pastoralists in
these groups tended to move around their rainy season locations at the beginning of the year
(again, the first day here is August 16) as the peak of the curve for mode M1 concentrated on
the early days (i.e., day 10 for group 1 and day 19 for group 2, see Table 2). The major transhumance mode transited to M3 when the pastoralists started their transhumance toward the dry
season lands. The results suggested that M3 “took over” at around day 60 for both groups
when the blue curve surpassed the green curve. After day 150 for group 1 and day 170 for
group 2, the majority of the pastoralists exhibited mode M2 when they reached their dry season
lands and started to stay at each location in a relatively longer period of time. This continued
until day 290 (group 1) or day 280 (group 2) when the probability of mode M3 started to surpass M2 as the pastoralists began their transhumance back to the rainy season lands in the
south. Mode M1 became the main transhumance mode after day 320 (group 1) or 350 (group
2) after the pastoralists arrived the south.
For group 3, while the trends related to modes M1 and M3 were still similar to those in
groups 1 and 2, the curve of mode M2 now had two peaks, resulted from the mixture
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Fig 8. Results from the STM model. Each contour encloses an area where P(xt = x)  95%. Each map shows the result after overlaying the contours of
every 5 days throughout the year. Groups 1, 2, and 3 are represented in the figures from left to the right. The part of contours outside the study area is not
shown in the maps.
doi:10.1371/journal.pone.0131697.g008

multivariate distribution model to match the observation that the mode M2 for this group
occurs in two areas: the north and then the south of the region. It can also be noted that the
new mode M4 had a significant influence between days 230 and 290 when it surpassed all the
other modes. It is interesting to note that this period was also the time when all the three
modes (M2, M3, and M4) were prevalent, meaning the pastoralists may not exhibit a single
mode in this time. Instead, some pastoralists may stay at a location for long time (M2), some
may be in the process of moving to the south (M4), and some may have started the transhumance route back to the rainy season lands (M3).
To illustrate the STM model as a whole (Eq (1)), we discretized the continuous field of probability P(xt = x) using a grid of cells with a resolution of 1 by 1 km. The center of each cell is
used as the location x to compute the probability and for any given time t, we have ∑x P(xt = x)
= 1. For each day, we interpolated the contour line of 95 percent probability using the grid.
Areas within the contour meant that a pastoralist had a 95 percent or higher probability to be
in the area. Fig 8 shows the contour lines on an interval of 5 days throughout the year for the
three groups.
After parameterization of the KRN and MVN models, we again discretized their probability
fields, F(xt = x) and G(xt = x), on the same grid as for the STM model. To illustrate these values,
we again used contour lines on a 5-day interval throughout a year to represent the dynamics of
pastoralist movement (Figs 9 and 10). For a time t, we have ∑x F(xt = x) = 1 and ∑x G(xt = x) =
1. The KRN model has four sets of results, each corresponding to a bandwidth value, and
results of using three bandwidths are shown in Fig 9.
A visual observation on the contour lines in Figs 8, 9, and 10 indicates a clear difference
among the three modeling approaches. Both KRN and MVN models yielded results that highly
mimicked the spatial and temporal trend in the training data. Specifically, the KRN model results
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Fig 9. Results from the KRN model. Each contour encloses an area where F(xt = x)  95%. Each map shows the result after overlaying the contours of
every 5 days throughout the year. Groups 1, 2, and 3 are represented in the figures from left to the right. Each map shows the results from three bandwidths:
1 km (light grey solid lines), 5 km (colored solid lines), and 20 km (dashed light grey lines).
doi:10.1371/journal.pone.0131697.g009

using bandwidths of 1 and 5 km suggested significant gaps between the contour lines (though we
must consider the 5-day interval in the figure and the 95 percent cut-off value for illustration).
This was because of the places in gaps were not visited by the pastoralists in the data in the given
year (2007–2008). A greater bandwidth (e.g., 20 km) can be used to reduce or even eliminate the
gaps. While the MVN model returned results that had similar spatial pattern as STM, MVN
results appeared to be conservative in estimating the possible locations of the pastoralists. Additionally, STM results showed a smooth transition among contour lines, while the lines in MVN
result tended to have abrupt changes, even for a relatively short 5-day interval.

Model Comparison and Testing
To further evaluate the three models, we used the parameters and probabilities fitted from the
2007–2008 data (Figs 8, 9, and 10) to simulate transhumance routes and then compare these
simulations with the data for all four years. Each simulated route was created using the following steps. At day t, we drew a sample location xt0 from the grid where each location in the grid
was weighted by the probability from one of the ﬁtted models. The simulated pastoralist stayed
at xt0 for a total of dt days, which was drawn from a normal distribution of dt  Nðt0t ; s02t Þ,
where t0t and s0t are the mean and standard deviation of the days of stay by the pastoralists at
time t. At the end of dt stay, we set time to t+dt and repeated the above process.
For each combination of the year, model, and pastoralist group, we generated 100 sets of
simulations, where each set included the number of transhumance routes that was the same as
the number of pastoralists in that group in our data. The three pastoralist groups in 2007–2008
were discussed above (see Fig 4). For the other three years, 2008–2009, 2009–2010, and 2010–
2011, we conducted the cluster analysis to classify the pastoralists in each year’s data into three
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Fig 10. Results from the MVN model. Each contour encloses an area where G(xt = x)  95%. Each map shows the result after overlaying the contours of
every 5 days throughout the year. Groups 1, 2, and 3 are represented in the figures from left to the right. The part of contours outside the study area is not
shown in the maps.
doi:10.1371/journal.pone.0131697.g010

groups (again see S1 Text for details). Then the mean (t0t ) and standard deviation (s0t ) of stays
on each day were derived for each group and each year. For a simulated transhumance route,
we measured three metrics: the average closeness between pastoralists on each day, the mean
moving distance made by pastoralists between two consecutive days, and the convex hull that
encloses all the locations of the route; these metrics were then used to compare the simulated
routes with the data (see S2 Text for details).
Table 3 shows the mean difference in the closeness measure between the 100 simulated
routes and the routes in the data for the entire year for four years. It is clear that the STM
model outperformed the reference models in most of the cases as indicated by the numbers in
bold typeface in the table. Specifically, the STM model yielded better measures in all but three
cases. The actual difference in closeness between an STM simulation and the data varies from
as low as 0.145 (group 1, 2009–2010) to 0.718 (group 3, 2010–2011). In the other three cases,
two were yielded by the KRN model (1 km bandwidth) and one by the MVN. Among the KRN
results using the 4 different bandwidths, the 1 km bandwidth yielded the best results in 6 cases,
5 km in 5 cases, and 10 km in 1 case.
Fig 11 shows the daily closeness measure between pastoralists in the 2007–2008 data and
the averaged daily closeness of the 100 simulations from the three models. The difference in
KRN results using 1 and 5 km bandwidths was relatively small when compared with the difference between STM results and the reference models. The KRN and MVN models generally
captured the closeness between pastoralists when they were located in the rainy season lands.
This is the period of time when all the pastoralists stayed in their rainy season locations and
tended not to move as frequently as in other seasons (because of abundant forage due to seasonal rainfall). But the red curves (STM) started to be closer to the data curve approximately
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Table 3. The mean difference in the closeness measure between the simulations and the data for the year. The numbers in bold indicate the best measure among the three models for each year.
Metric

Group

Closeness

1

2

3

Model

2007–2008

2008–2009

2009–2010

2010–2011
0.272

STM

0.182

0.238

0.145

KRN1

0.185

0.240

0.218

0.174

KRN5

0.195

0.304

0.230

0.218

KRN10

0.268

0.256

0.301

0.277

KRN20

0.589

0.516

0.599

0.626

MVN

0.206

0.345

0.232

0.234

STM

0.385

0.600

0.450

0.395

KRN1

0.415

0.761

0.390

0.752

KRN5

0.598

0.852

0.695

0.496

KRN10

0.508

0.723

0.528

0.835

KRN20

1.173

1.338

1.104

1.511

MVN

0.600

0.844

0.714

0.510

STM

0.359

0.366

0.364

0.718

KRN1

0.499

0.675

0.780

0.973

KRN5

0.348

0.553

0.392

0.760

KRN10

0.630

0.563

0.769

0.930

KRN20

0.959

0.512

1.121

1.175

MVN

0.265

0.555

0.423

0.814

doi:10.1371/journal.pone.0131697.t003

after day 120. This is the time when the pastoralists had moved out of the rainy season lands,
and they exhibited a diversity in their spatial movements as some of the pastoralists had arrived
in the dry season lands, while other were still on their transhumance paths toward dry season
destinations. The STM model appeared to capture such diversity and dynamics.
Table 4 shows the mean difference of the moving distance between the 100 simulated routes
and the routes in the data for the whole year. It is clear that the STM model outperformed the
other two models in all of the cases as indicated by the numbers in bold typeface. The difference in moving distance yielded by all the STM simulations ranges from 1.702 (group 1, 2009–
1020) to 4.465 (group 3, 2010–2011) times than the moving distance in the data, and the
smoothed moving distance measures for the STM model were all below 1.0 except in group 1
for year 2010–2011. Given the diversity of pastoral movements, it is perhaps unlikely for any
model to predict exactly the same as in the data. The smoothed measures indicate the effectiveness of the models in average.
Fig 12 shows the dynamics of the mean daily moving distance over the 100 simulations for
all the groups against the 2007–2008 data. The Data curves in this figure show the diversity of
the pastoralist movements as these curves dramatically change through time, caused by the
diverse movement pattern of different pastoralists. The pastoralists generally do not move at
the same time, except at the end of the rainy season when they have the pressure to move
toward the dry season lands in the north. Therefore daily moving distance greatly varies
between pastoralists and from day to day as some may stay in a camp for a long time while others are on the move. To show the trend more effectively, we used a 20-day moving window to
smooth the moving distance measures (see S1 Fig) and the smoothing result suggested that all
the three models captured the overall trend of moving distance exhibited in the data and it
appeared that the STM curve stayed closer to the data curve for most of the days.
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Fig 11. Daily mean closeness between pastoralists obtained from the 2007–2008 data and 100 simulations using STM, KRN, and MVN.
doi:10.1371/journal.pone.0131697.g011

Due to the variation of convex hulls in different simulations, it is difficult to visualize all the
hulls in one figure. Here we show some example convex hulls from the simulations using the
models along with that from the data for the three pastoralist groups (Fig 13). It appeared that
the simulated pastoralist locations using the three models were generally consistent with the
convex hulls from the data, and it is clear that the KRN results of 1 km bandwidth match the
data for most of the cases because the areas enclosed by the solid green lines (1 km KRN
results) closely match the grey areas (data). Table 5 includes the overlapped convex hull area
ratio between each of the modeling results and the data.
The close match in convex hulls between the 1 km KRN model result and the data, however,
may not be an indication that the 1 km bandwidth KRN outperforms all other models. Using a
1km bandwidth, the kernel smoothing model produced a field where the high density areas
were extremely close to the original data points as indicated by the very small contours in solid
grey lines for the 1 km bandwidth in Fig 11. In this way, the simulation process essentially
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Table 4. The mean difference in the moving distance measure between the simulations and the data for the year. The numbers in bold indicate the
best measure among the three models for each year.
Metric

Group

Moving distance

1

2

3

Smoothed moving distance

1

2

3

Model

2007–2008

2008–2009

2009–2010

2010–2011

STM

2.118

1.702

1.707

2.323

KRN1

2.265

1.985

1.985

2.215

KRN5

2.297

1.901

1.971

2.586

KRN10

2.641

2.432

2.177

2.598

KRN20

3.694

3.356

2.925

3.663

MVN

2.181

1.804

1.903

2.462

STM

2.512

2.709

2.486

1.838

KRN1

2.962

3.804

3.924

5.263

KRN5

2.767

3.168

2.678

2.273

KRN10

3.626

4.911

4.610

6.346

KRN20

5.450

7.159

6.250

8.845

MVN

2.575

3.011

2.548

2.136

STM

2.367

3.122

3.301

4.465

KRN1

3.799

3.413

3.840

4.809

KRN5

3.076

4.037

3.907

5.482

KRN10

4.254

3.394

3.989

5.018

KRN20

5.363

4.383

4.871

6.013

MVN

2.888

3.748

3.782

5.146

STM

0.916

0.818

0.677

1.065

KRN1

1.145

1.114

0.990

1.247

KRN5

1.133

1.080

0.995

1.355

KRN10

1.585

1.508

1.186

1.619

KRN20

2.512

2.415

1.874

2.533

MVN

1.043

0.989

0.933

1.250

STM

0.935

0.506

0.389

0.468

KRN1

1.013

1.348

1.258

1.028

KRN5

1.199

1.056

0.748

0.806

KRN10

1.681

2.168

1.604

1.819

KRN20

2.936

3.648

2.551

2.821

MVN

1.080

1.002

0.743

0.753

STM

0.450

0.743

0.769

0.782

KRN1

1.327

1.287

1.195

1.377

KRN5

1.099

1.512

1.209

1.197

KRN10

1.629

1.323

1.191

1.559

KRN20

2.536

1.994

1.707

2.257

MVN

0.930

1.298

1.217

1.104

doi:10.1371/journal.pone.0131697.t004

sampled the original points which led to a close match between the convex hulls of the simulation (1km bandwidth) and the data. However, we should note that the overlapped convex hull
area ratios for KRN1 (1 km bandwidth) tend to be high for the first year (used for data fitting)
and then decrease significantly in the other years. This is because the pastoralists do not always
use the same set of campsites over the years, as shown by the overlap ratios between the convex
hulls of the data between other years and the first year (i.e., the numbers in the DATA rows in
Table 5 are not 1.000 except for the first year itself). This is especially the case for group 2
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Fig 12. Daily mean moving distance obtained from the 2007–2008 data and 100 simulations using STM, KRN, and MVN.
doi:10.1371/journal.pone.0131697.g012

where the ratio for KRN1 decreases from 0.937 for the first year to 0.664 for the fourth year. It
should be noted that group 2 also showed the least overlapped area of the convex hulls from
the data, meaning the pastoralists had a relatively large variation of their annual paths through
the four years. In the last two years for this group, the STM actually outperformed the other
models in terms of the overlapped area. Putting aside the KRN results with 1 km bandwidth,
the STM model outperformed the other models in 5 out of the 12 cases as indicated by the italic
numbers in Table 5, and the KRN5, KRN10, and MVN models outperformed in 2, 4, and 1
cases out of 12, respectively.
We then tested whether STM statistically had the same mean measure as either KRN or
MVN. Given the closeness of 1 km bandwidth KRN results to the original training data, we
only tested the STM, KRN (5 km), and MVN models. We ran one-tailed t tests with an alternative hypothesis stating that, based on the 100 simulations for each year, the mean of STM
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Fig 13. The convex hulls of the data (shaded) and of simulation results for year 2007–2008. The dots represent the locations of the pastoralists in the
survey data. Pastoralist groups 1 through 3 are represented in the left, center, and right maps, respectively. For each group, only one example of the 100
simulations is shown.
doi:10.1371/journal.pone.0131697.g013

results were significantly better (i.e., smaller for moving distance and closeness, and greater for
overlapped convex area ratio) than those of the other two models for each a given metric. The
results (S2 Table) show that, except for the few cases that are italicized, the STM results were
significantly better than results from other models (at a significance level of 0.05), meaning
STM yielded simulations that were closer to the data than the results from the KRN5 and
MVN models.
The test results were also consistent with the results in Table 3, where the bold numbers
associated with STM were also significant in the t tests. The only exception is the overlapped
area ratio in 2007–2008 for group 1 where STM was greater (better) than that of the KRN
model, but the test did not show significant difference between them (with a p-value of 0.067).
For all four years, the test results indicated that STM returned significantly smaller closeness
measure, except for the third group in year 2007–2008 and the first group in year 2010–2011.
For the moving distance measure, results from the STM model are significantly closer to the
data than the other models. The tests on overlapped area ratio, however, did not suggest a clear
trend. In a half of the cases STM showed a significant larger overlapped area with the data,
meaning STM results have a higher overlapped area with the data than the other models, but
no significant difference was reported for the other half of the cases.

Discussion
An important effort in mobility research has been steered toward finding fundamental governing rules in movements and mobility is often represented using a measure of movement step
length. Much research has been conducted to develop models to explain the probability
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Table 5. The mean difference in overlapped convex hull ratio between the simulations and the data for the year. The numbers in bold indicate the best
measure among the three models for each year. Italic numbers refer to the highest ratios in all models except KRN1. The rows marked as DATA show the
overlapped convex hull ratio between the data of the year and that of year 2007–2008 for each group.
Metric

Group

Overlapped area ratio

1

2

3

Model

2007–2008

2008–2009

2009–2010

2010–2011

STM

0.863

0.815

0.822

0.838

KRN1

0.972

0.872

0.841

0.900

KRN5

0.858

0.794

0.817

0.790

KRN10

0.734

0.834

0.841

0.710

KRN20

0.525

0.612

0.625

0.502

MVN

0.841

0.815

0.837

0.778

DATA

1.000

0.974

0.999

0.913

STM

0.911

0.817

0.802

0.854

KRN1

0.937

0.791

0.689

0.664

KRN5

0.796

0.788

0.715

0.783

KRN10

0.687

0.812

0.679

0.668

KRN20

0.444

0.562

0.551

0.553

MVN

0.847

0.826

0.759

0.814

DATA

1.000

0.935

0.816

0.835

STM

0.801

0.743

0.673

0.594

KRN1

0.976

0.957

0.911

0.903

KRN5

0.820

0.844

0.711

0.689

KRN10

0.767

0.751

0.738

0.786

KRN20

0.550

0.551

0.567

0.612

MVN

0.785

0.808

0.726

0.660

DATA

1.000

0.979

0.913

0.911

doi:10.1371/journal.pone.0131697.t005

distribution of such length [58–61]. Using this type of models, regularity of human mobility
has been found in different kinds of data sets such as mobile phone users, taxicabs on street
networks, and social media check-ins [62–64]. While this line of research sheds insightful light
to our understanding of how humans (and animals) move, mobility can be more directly
related to the spatial and temporal dimensions of movements. In our model, we represent these
two dimensions explicitly by estimating of the probability of an individual at a location at a
time (Eq (1)). For this reason, we name our model the spatial and temporal mobility (STM)
model. The STM model integrates the locational distribution of the pastoralists with respect to
their transhumance movement modes and the temporal distribution of each mode throughout
the year. The integration of the two dimensions enables the STM model to capture the seasonality and hence the environmental drives that result in the annual cycles in the transhumance
pattern in our study region. The two reference models, on the other hand, are developed in a
“faithful” fashion to the data because the parameters are fitted for every day from the data, and,
in this way, the temporal trend is implicit and separated from the process.
To build the STM model, we do not assume that the probability, P(xt = x), follows a particular statistical distribution. Instead, the total probability can be decomposed into the sum of a
number of mobility modes and we can fit the model based on the identification of the modes in
the data. The key to applying the STM model to other data is to identify the unique movement
modes that drive different types of spatial and temporal behaviors because of different processes. Individuals’ daily activities, for example, are significantly different between weekdays
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and weekends, and between day and night [40, 64]. Animal populations also have migratory
and stationary periods in an annual cycle [65]. Though the exact triggers between modes are
problem specific and may be difficult to identify, the modes themselves can be described and
modeled. Successfully identifying these modes will help develop the spatial and temporal models in the STM model, and retrieve appropriate data to fit the model. While the focus of this
paper is to demonstrate the development of the STM model using the transhumance data in
the Far North Region of Cameroon, the modeling framework can be extended to other phenomena such as movements on a network, as well as space-time pattern of individual activities
such as studied in the time geography literature [41, 66].
The next step of this particular research is to incorporate the STM model with models that
can be used to describe the space-time distribution of other cattle herds (e.g., sedentary farmers) in the region and to investigate how the contact between these two groups of population
changes throughout the year and how that may impact disease transmission and other social/
economic issues. In this paper we focused on modeling the transhumance patterns of mobile
pastoralists in the Far North Region. However, mobile pastoralists are not living in isolation;
they live interspersed with agricultural populations that do not engage in seasonal movements.
To understand the potential role of pastoral mobility in the transmission of infectious diseases,
it is just as critical to examine what the role is of neighboring populations that do not make seasonal movements, which is what we plan to do in our future studies. Research in such a direction will also contribute to the recent developments in the research efforts on human mobility,
public health, and infectious diseases transmission [65, 67–69].
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