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Species Occupancy Modeling for Detection
Data Collected Along a Transect

Gurutzeta GUILLERA-ARROITA, Byron J.T. MORGAN,
Martin S. RIDOUT, and Matthew LINKIE

The proportion of sampling sites occupied by a species is a concept of interest in
ecology and biodiversity conservation. Occupancy surveys based on collecting detec-
tion data along transects have become increasingly popular to monitor some species.
To date, the analysis of such data has been carried out by discretizing the data, divid-
ing the transects into discrete segments. Here we propose alternative occupancy models
which describe the detection process as a continuous point process. These models pro-
vide a more natural description of the data and eliminate the need to divide transects
into segments, which can be arbitrary and may lead to increased bias in the estimator of
occupancy or increased chances of obtaining estimates on the boundary of the param-
eter space. We present a model that assumes independence between detections and an
alternative model that describes the detection process as a Markov modulated Poisson
process to account for potential clustering in the detections. The utility of these models
is illustrated with the analysis of data from a recent survey of the Sumatran tiger Pan-
thera tigris sumatrae. The models can also be applied to surveys that collect continuous
data in time, such as those based on the use of camera-trap devices. Supplementary ma-
terials for this article are available online.

Key Words: Clustered data; Markov modulated Poisson process; Wildlife monitoring;
Zero-inflated Poisson process.

1. INTRODUCTION

Occupancy, the probability of a site being occupied by a species, is a parameter of in-
terest in ecology where it is frequently used for modeling habitat relationships, as a state
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variable for wildlife monitoring programmes and in metapopulation studies. To obtain an
unbiased estimator of occupancy it is necessary to take into account the fact that species
often remain undetected even when present at a site. The issue of imperfect detection in
the context of occupancy modeling has received much attention in recent years. MacKen-
zie et al. (2002) proposed a model that allows the simultaneous estimation of occupancy
and detection probability. This model assumes that a number of discrete independent repli-
cate surveys are carried out in each sampling site and describes the detection/non-detection
data as coming from independent Bernoulli trials (i.e. a discrete Bernoulli process). Since
then a number of developments and refinements of this model have been proposed includ-
ing extensions to multiple seasons (MacKenzie et al. 2003), multiple species (MacKenzie,
Bailey, and Nichols 2004) and heterogeneous detection probability (Royle 2006).

The basic sampling situation described by MacKenzie et al. (2002) to account for im-
perfect detection requires replicate surveys at a number of sampling sites at distinct times.
Other methods to achieve replication include the simultaneous use of independent ob-
servers or detection methods and surveying different sectors within each sampled site. This
last method would require a sampling procedure that ensures independence of detections
among the spatial replicates so as not to violate the assumptions of the basic occupancy
model (MacKenzie et al. 2006). For instance, dependence may be induced by the way sec-
tors are chosen spatially, if sites are only partially occupied by the species (or its tracks).
The occupancy status of sectors in close proximity will tend to be correlated, and so will
be the detections. However, for logistical convenience, sometimes replicates are assigned
to consecutive transect segments. For instance, this type of sampling has been applied
recently to various surveys designed to monitor large carnivores, such as tiger Panthera
tigris and snow leopard Panthera uncia. To address the potential lack of independence
among consecutive replicates when data are collected in this fashion, Hines et al. (2010)
relax the independence assumption of the basic occupancy model by incorporating Marko-
vian dependence among consecutive replicates. Detection/non-detection data continue to
be modeled as arising from Bernoulli trials but these trials are no longer assumed to be
independent.

Here we present a new framework for modeling occupancy when detection/non-
detection data are collected along a continuous axis (time or space). Instead of model-
ing occurrences based on a discretization of the data, as done conventionally (e.g. Hines
et al. 2010), we describe the species detections as a continuous point process (Cox and
Isham 1980). This framework provides a more natural description for data collected along
a transect and eliminates the need to divide the transect into discrete segments, which can
be arbitrary and may lead to increased bias in the estimator of occupancy or increased
chances of obtaining estimates on the boundary of the parameter space. In this paper we
start by presenting in Section 2 an occupancy model that describes the detection process
as a Poisson process. The Poisson process is the simplest point process and assumes that
events occur totally at random along the axis. Although mathematically convenient for
some scenarios, generalizations of the Poisson process that relax the requirement of inde-
pendence are often a more appropriate representation of reality. In Section 3 we propose an
occupancy model that accounts for clustering in the detections using one such generaliza-
tion: the two-state Markov modulated Poisson process (2-MMPP). The 2-MMPP models
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a system with two different event rates. Which of the two rates is effective at each point
of time/space is governed by a two-state Markov process. This structure allows the mod-
eling of clustering in the occurrence of events and thus may be of use for describing the
detections of certain species along a line transect (e.g. minke whales, Skaug 2006). In our
study we use maximum-likelihood estimation for model fitting and evaluate the perfor-
mance of the described models via simulations in Section 4. Finally in Section 5 we apply
the models to data from a survey of the Sumatran tiger Panthera tigris sumatrae carried out
in Kerinci Seblat National Park, in which transects were walked within a number of sam-
pling sites. Tigers are wide-ranging animals. They maintain large home ranges and walk
long distances. Even resident breeders, which keep a relatively fixed home range, move
over 10–15 km per day (Karanth and Nichols 2002). There are various mechanisms that
can give rise to clustering in the detection of tiger footprints. Given the ruggedness of the
landscape in the Kerinci area, the transects surveyed often followed ridges along which
walking is relatively easier. It is believed that tigers frequently use ridges to move across
their territory so it is reasonable to expect some clustering in the data. Clustering has been
reported in transect survey data from tigers in India, as they tend to walk along forest roads
and trails (Hines et al. 2010).

2. INDEPENDENT DETECTIONS: POISSON PROCESS
OCCUPANCY MODEL

2.1. BASIC MODEL

Let us consider a study with S sampling sites where detection/non-detection surveys
have been carried out along transects, providing the location of each detection. Let us
assume that each site is closed to changes in occupancy, has a probability ψ of being
occupied and that detections along each transect can be considered independent and so can
be modeled as a Poisson process with intensity λ, where λ represents the average number
of detections per unit length. Note that at this stage we assume that occupancy probability
ψ and detection intensity λ are constant across sites. The likelihood function for this model
is constructed as the likelihood function of a Poisson process but allowing for zero-inflation
to account for unoccupied sites. For sites where the species was detected at least once the
likelihood contribution is

ψ

Ri∏

j=1

λ exp(−λlij1) · · ·λ exp(−λlijdij
) exp(−λlijdij +1) = ψλdi exp(−λLi),

where Ri is the number of independent transects in cell i, dij is the number of detections in
transect j at site i and lij1, . . . , lijdij +1 are the inter-detection distances, with lij1 defined
as the distance to first detection from the beginning of the transect and lijdij +1 the distance
from the last detection until the end of the transect; di and Li represent the total number
of detections and the total length surveyed at site i respectively, so di = ∑Ri

j=1 dij and

Li = ∑Ri

j=1

∑dij +1
k=1 lijk . The likelihood contribution for cells with no detections is

(1 − ψ) + ψ exp(−λLi)



304 G. GUILLERA-ARROITA ET AL.

that is, either the species was not present at the site or it was present but it was not detected
in a total surveyed length Li . Assuming independence of the sites, the likelihood for the
whole detection data set can be constructed as the product of site likelihoods and written
as follows:

L(ψ,λ) =
S∏

i=1

{
ψλdi exp(−λLi) + (1 − ψ)I(di = 0)

}
,

where I(·) represents the indicator function. Note that for this model the data can be sum-
marized by the total number of detections at each site {di}, given design parameters S

and {Li}.

2.2. MLES AND ASYMPTOTIC DESIGN RECOMMENDATIONS

Let us assume that the length surveyed within each site is constant L. Although this
simplification may not always be realistic in practice, it allows us to provide general study
design recommendations. The likelihood can now be written in a compact form as follows:

L(ψ,λ) = ψSd λdT exp(−SdλL){(1 − ψ) + ψ exp(−λL)}S−Sd , (2.1)

where dT is the total number of detections in the survey and Sd is the number of sites
where the species was detected at least once. In this case (Sd, dT ) is a sufficient statistic.
The likelihood in (2.1) can be rewritten using a reparameterization of the type suggested
by Morgan, Revell, and Freeman (2007) for likelihood functions of this form. Setting θ =
ψ(1 − e−λL), the probability of detecting the species at an occupied site leads to:

L(θ,λ) = {
θSd (1 − θ)S−Sd

}{ λdT

(exp(λL) − 1)Sd

}
.

From this factorization we can easily derive expressions for the maximum-likelihood pa-
rameter estimates (MLEs). The estimate θ̂ is the proportion of cells where the species was
detected θ̂ = Sd/S, and therefore the estimate of occupancy ψ satisfies

ψ̂ = Sd/S

1 − exp(−λ̂L)
. (2.2)

The MLE for the detection rate λ̂ satisfies

λ̂

1 − exp(−λ̂L)
= dT

SdL
. (2.3)

An explicit expression for λ̂ can be written using the Lambert function (Corless et al. 2005),
which is defined as the inverse of xex , as follows:

λ̂ = 1

L

{
dT

Sd

+ W0

(
−dT

Sd

exp

(
−dT

Sd

))}
, (2.4)

where W0(·) is the principal branch of the Lambert function. It can be shown that these
MLE expressions hold when the observed detection history fulfils the condition

ln

(
S − Sd

S

)
> −

{
dT

Sd

+ W0

(
−dT

Sd

− exp

(
−dT

Sd

))}
,
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and that otherwise, the MLEs are:

ψ̂ = 1, λ̂ = dT

SL
. (2.5)

It can be seen from (2.2) that, as 1 − exp(−λ̂L) decreases, that is, as the estimated proba-

bility of detecting the species at an occupied site when a transect of length L is surveyed

decreases, the estimate of occupancy (ψ̂) increases relative to the naïve estimate obtained

assuming that species is always detected at occupied sites (ψ̂naive = θ̂ = Sd/S), until it

reaches the boundary (2.5). For a comparison with the analytical expressions for the MLEs

in the basic Bernoulli occupancy model, see Guillera-Arroita, Ridout, and Morgan (2010).

Survey design recommendations can be based on the asymptotic variance-covariance

matrix as it allows us to explore analytically how the performance of the estimator changes

for different design parameters, under the assumption of sufficiently large sample size.

It can be shown that for the basic Poisson process occupancy model the elements of the

asymptotic variance-covariance matrix are:

var(ψ̂) = ψ

S

{
(1 − ψ) + 1 − λ∗

λ∗ − (1 − λ∗)λL

}
, (2.6)

var(λ̂) = λ

ψSL

{
λ∗

λ∗ − (1 − λ∗)λL

}
, (2.7)

cov(ψ̂, λ̂) = −λ

S

{
1 − λ∗

λ∗ − (1 − λ∗)λ

}
, (2.8)

where λ∗ = 1 − exp(−λL). As λ∗ approaches unity (i.e. the probability of missing the

species at occupied sites approaches zero), (1) the variance of the occupancy estimator

(2.6) tends to the variance dictated by the binomial proportion ψ(1 − ψ)/S and decreases

as the number of sites increases; (2) the variance of the intensity parameter, in (2.7), tends

to λ/(ψSL) and decreases as the total effort increases regardless of whether it is spent

on surveying more sites or longer transects within each site; (3) the covariance (2.8) ap-

proaches zero.

Suppose that a study can employ a fixed amount of surveying effort (E = SL) and that

we wish to maximize the precision of ψ̂ , the estimator of occupancy. Table 1 shows the

optimal survey design based on (2.6). The optimal length to survey per site is determined

by the parameter values (ψ and λ), irrespective of the total effort allocated to the survey.

The probability of occupancy (ψ) determines the mean number of detections at occupied

sites (λL) that maximizes the precision of ψ̂ , from which the optimal length can be derived.

For rare species (i.e. low ψ ) it is best to sample more sites (at the expense of increasing

the probability of false absence), while for commoner species (i.e. higher ψ ) it is best to

allocate the effort so that fewer sites are more intensively surveyed. MacKenzie and Royle

(2005) provide similar observations regarding the Bernoulli occupancy model. Note that

the optimal length is the same if the study is designed to minimize the total surveying effort

for a given precision of the occupancy estimator.
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Table 1. Mean number of detections at occupied sites (λL) to minimize the variance of the occupancy estimator
in the Poisson process occupancy model for different levels of occupancy (ψ ). From this, the optimum
survey length per site can be derived by dividing by λ. The corresponding probability of detecting the
species at occupied sites (λ∗) is also shown.

ψ 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

λL 1.44 1.52 1.62 1.74 1.88 2.08 2.34 2.75 3.53
λ∗ 0.76 0.78 0.80 0.82 0.85 0.87 0.90 0.94 0.97

2.3. INTRODUCING COVARIATES

The model may readily be expanded to allow the probability of occupancy (ψ) and/or
the detection intensity (λ) to depend upon site characteristics, such as habitat type or level
of human disturbance, using a generalized linear model framework, with a logistic link
function for the vector of site occupancies ψ and a log link function for the vector of
detection intensities λ:

ψ = 1

1 + exp(−Cα)
, λ = exp(Dβ), (2.9)

where C and D are matrices with site covariate information and α and β are vectors of
model parameters. The model can also be extended to accommodate within-site variation
in the detection rate, by describing the detection process as a non-homogeneous Poisson
process (Cox and Isham 1980, p. 48). This results in the following construction for the
likelihood function:

L(ψ,λ) =
S∏

i=1

{
ψ

di∏

j=1

λ(tij ) exp

(
−

∫

TLi

λ(t) dt

)
+ (1 − ψ)I(di = 0)

}
, (2.10)

where tij are the locations of detections and TLi
is the interval of length Li surveyed. The

detection rate can now be expressed as a function of covariates that vary along the transect
via a log link function:

λ(t) = exp(β0 + β1D1(t) + β2D2(t) + · · ·).
Most commonly in practice there will not be an explicit function describing the variation
of the covariates along the transect, but rather discrete covariate values corresponding to
transect sections, so the integration in (2.10) reduces to a finite summation as follows:

L(ψ,λ) =
S∏

i=1

{
ψ

di∏

j=1

λ(tij ) exp

(
−

Ni∑

n=1

λinLin

)
+ (1 − ψ)I(di = 0)

}
, (2.11)

where Ni is the number of transect sections at site i with distinct values for the intensity
parameter, λin refers to the intensity parameter at transect section n and Lin refers to the
length of transect section n. Note that the model assumes that sites are closed in terms of
occupancy, so its structure does not allow for changes of occupancy within sites.
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2.4. RELATION WITH THE BERNOULLI PROCESS OCCUPANCY MODEL

The Bernoulli process occupancy model proposed by MacKenzie et al. (2002) models
the detections at a site as coming from K independent Bernoulli trials each with probability
of success p, the detection probability. The binomial distribution is a good approximation
to the Poisson distribution when the number of trials is large and the probability of success
at each trial is small. Therefore the Bernoulli process occupancy model will be a good
approximation to the Poisson process occupancy model described here if the continuous
detection data are discretized using sufficiently small intervals, that is, if the transect is cut
into sufficiently small segments. The parameter p will approximately be 1−exp(−λL/K),
that is, the probability of having at least one detection in a segment of length L/K given a
Poisson process with detection rate λ.

3. CLUSTERED DETECTIONS: 2-MMPP OCCUPANCY MODEL

3.1. BASIC MODEL

Suppose that species detections within sampling sites exhibit some degree of clustering
and thus cannot be considered independent. We propose the use of a two-state Markov
modulated Poisson process (2-MMPP) to model the clustering in the detections. The 2-
MMPP is a particular type of doubly stochastic Poisson process or Cox process (Cox and
Isham 1980, p. 70) where the intensity is governed by an unobserved two-state Markov
process. According to a 2-MMPP, species detections occur at two different rates, λ1 and
λ2, and the interval spent surveying in each of these two states is stochastic and defined
by parameters μ12 (switching intensity from λ1 to λ2) and μ21 (switching intensity from
λ2 to λ1). The particular case with one detection rate equal to zero is often referred to
as an Interrupted Poisson Process (IPP). The 2-MMPP may be, for instance, an adequate
representation for transect survey data from a species that only partially covers occupied
sampling sites or when surveying along trails that a species may cross or intermittently
follow. The likelihood for the occupancy model can now be written as

L(ψ,λ,μ) =
S∏

i=1

{
ψ

Ri∏

j=1

Mij + (1 − ψ)I(di = 0)

}
,

where Mij is the expression for the contribution to the likelihood of data from transect j at
site i described as a 2−MMPP. To construct Mij we use a number of well-known results
about the MMPP (see Fischer and Meier-Hellstern 1992 and Rydén 1994 for details). Let
π be the initial distribution of the underlying 2-state Markov process, that is the probability
of being in each of the two states (λ1 or λ2) at the beginning of the transect. If the start
of the transect is chosen randomly, an appropriate specification for π is the equilibrium
distribution of the underlying Markov process given by

π ′ = [π ′
1 π ′

2] =
[

μ21

μ12 + μ21

μ12

μ12 + μ21

]
. (3.1)
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If the transect is started at a point of detection, an appropriate specification for the initial
distribution π is

π∗ =
[

λ1π
′
1

λ1π
′
1 + λ2π

′
2

λ2π
′
2

λ1π
′
1 + λ2π

′
2

]
, (3.2)

where π ′
1 and π ′

2 are given by (3.1).
Let Q be the generator matrix of the underlying Markov process:

Q =
[

−μ12 μ12

μ21 −μ21

]
.

Now Mij can be written as

Mij = π exp(Clij1)� · · · exp(Clijdij
)� exp(Clijdij +1)e, (3.3)

where � = diag{λ1, λ2},C = Q − �, e′ = (1 1), lij1, . . . , lijdij +1 are the inter-detection
distances and ‘exp’ denotes the matrix exponential function. A closed form for the matrix
exponential exp(Cl) is available for 2-MMPP, see Rydén (1994). For transects with no
detections, (3.3) reduces to

Mij = π exp(CLij )e. (3.4)

Note that (3.3) holds for higher-dimensional MMPP with the corresponding definitions for
matrices π ,Q and �.

3.2. IDENTIFIABILITY

In a 2-MMPP, clustering in the data arises as the two intensity parameters, λ1 and λ2,
differ from each other. When the two intensities are the same, the model reduces to a ho-
mogeneous Poisson process and the parameters μ12 and μ21 are not identifiable. For any
given value of ψ = ψ̃ the likelihood function takes the same value for all combinations of
parameters satisfying λ1 = λ2 = λ̃, regardless of the values of μ12 and μ21. An identical
likelihood value is achieved for λ1 = λ̃ when μ12 � μ21, regardless of λ2, as in effect this
represents a case with only one state. Note that, if the data are such that there are no tran-
sects without detections at sites where the species was detected (e.g. if only one transect
is surveyed per site), then the likelihood function will take the same value as above for
ψ = ψ̃(1 + μ̃12/μ̃21), λ1 = λ̃, λ2 = 0, μ12 → 0, μ21 → 0. The model has two alternative
explanations for cells without detections (unoccupied or occupied in state 2), so the param-
eter ψ and the ratio of the switching parameters μ12/μ21 are not separately identifiable.
This same lack of identifiability arises for species that occupy sampling sites partially (i.e.
λ1 = λ̃, λ2 = 0), if transects are short and without replication within sites.

3.3. INTRODUCING COVARIATES

As in the PP occupancy model, information on site covariates can be incorporated easily
in the 2-MMPP model using a logistic function for ψ and a log function for λ (2.9). Within-
site detection covariates can also be incorporated in a similar way as in (2.11). Let us
consider a case in which transect ij consists of two sections (A and B) with different
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intensity parameter vectors, λA and λB , and suppose that there were two detections in
section A and none in section B . The expression for Mij is:

Mij = πA exp(CAlijA1)�A exp(CAlijA2)�A exp(CAlijA3) exp(CBlijB1)e, (3.5)

where πA,CA and �A are calculated with the intensity parameters for section A and lijAk

are the inter-detection distances in section A, with lijA1 the distance to the first detection
and lijA3 the distance from the last detection to the end of the section; the same argument
applies to section B .

3.4. RELATION WITH THE BERNOULLI PROCESS OCCUPANCY MODELS FOR

CLUSTERING

The counterpart to the 2-MMPP occupancy model for discretized data would be a two-
state Markov modulated Bernoulli process (2-MMBP) occupancy model. In such a model,
detections at occupied sites are described as coming from Bernoulli trials with two possible
probabilities of success (detection probabilities p1 and p2). Which of the two probabili-
ties of success is effective at each replicate is governed by a Markov chain, with transition
probabilities q12 (from state p1 to p2) and q21 (from state p2 to p1). We can expect the dis-
crete 2-MMBP occupancy model to be a good approximation to the continuous 2-MMPP
occupancy model if the continuous detection data are discretized using sufficiently small
intervals, with pi ≈ 1 − exp(−λiL/K) and qij ≈ 1 − exp(−μijL/K), where L/K is the
length of transect segments.

Hines et al. (2010) propose two models that refine the Bernoulli process occupancy
model to account for dependence between consecutive spatial replicates. They refer to their
models as a “Markov process for segment occupancy model” and a “trap response model”.
These two models are in effect particular cases of a 2-MMBP occupancy model where p2

is set to zero, that is, detections are modeled as an interrupted Bernoulli process (IBP). In
the “trap response model” p1 is also fixed, set to 1 (see Supplementary Materials).

4. SIMULATION STUDY

4.1. INDEPENDENT DETECTIONS

We conducted a simulation study to evaluate the performance of the Poisson process
occupancy model compared to the Bernoulli process occupancy model for detection data
collected under continuous sampling. For each sampling site the occupancy status was
determined as the outcome of a Bernoulli trial with probability ψ . Detection data for oc-
cupied sites were generated following a homogeneous Poisson process. We ran 10,000
simulations of a study design where the total survey effort available was 600 km and the
length surveyed per site was 6 km, therefore resulting in 100 sampled sites. Occupancy was
set to ψ = 0.25, 0.5 and 0.75. The detection rate was λ = 0.1, 0.2 or 0.3 detections/km,
which give probabilities λ∗ of detecting the species at an occupied site of 0.45, 0.70 and
0.83, respectively. For the Bernoulli process occupancy model the detection data were dis-
cretized based on three segment lengths (1, 2 and 3 km). The simulation results (Table 2a)
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Table 2. Performance of the occupancy estimator in the Poisson process (PP) and Bernoulli process (BP) occu-
pancy models when data are generated according to a Poisson process with detection rate λ, occupancy
ψ , the total survey effort available 600 km and a sampling design based on either (a) L = 6 km or (b)
the optimal L. Three segment lengths (1, 2 and 3 km) are tested for the BP model. Mean and mean
square error (in square brackets) of the occupancy estimator ψ̂ based on 10,000 simulations are shown.

ψ̂

ψ λ L PP BP 1 km BP 2 km BP 3 km

(a) 0.25 0.1 6.0 0.34 [0.055] 0.35 [0.069] 0.38 [0.090] 0.41 [0.123]
0.2 6.0 0.26 [0.006] 0.27 [0.007] 0.27 [0.010] 0.28 [0.015]
0.3 6.0 0.25 [0.003] 0.26 [0.003] 0.26 [0.003] 0.26 [0.004]

0.50 0.1 6.0 0.55 [0.038] 0.56 [0.044] 0.57 [0.051] 0.58 [0.061]
0.2 6.0 0.51 [0.008] 0.52 [0.009] 0.52 [0.011] 0.53 [0.015]
0.3 6.0 0.50 [0.004] 0.51 [0.004] 0.51 [0.005] 0.51 [0.005]

0.75 0.1 6.0 0.77 [0.026] 0.77 [0.029] 0.77 [0.031] 0.78 [0.035]
0.2 6.0 0.76 [0.009] 0.76 [0.010] 0.77 [0.012] 0.77 [0.014]
0.3 6.0 0.75 [0.004] 0.76 [0.005] 0.76 [0.005] 0.76 [0.006]

(b) 0.25 0.1 15.7 0.28 [0.016] 0.28 [0.018] 0.29 [0.022] 0.29 [0.024]
0.2 7.9 0.26 [0.004] 0.26 [0.005] 0.27 [0.007] 0.27 [0.010]
0.3 5.2 0.26 [0.003] 0.26 [0.003] 0.26 [0.005] –

0.50 0.1 18.8 0.51 [0.014] 0.52 [0.014] 0.52 [0.015] 0.52 [0.015]
0.2 9.4 0.51 [0.006] 0.51 [0.006] 0.51 [0.007] 0.51 [0.007]
0.3 6.3 0.50 [0.004] 0.51 [0.004] 0.51 [0.005] 0.51 [0.005]

0.75 0.1 25.1 0.76 [0.012] 0.76 [0.013] 0.76 [0.013] 0.76 [0.013]
0.2 12.5 0.75 [0.006] 0.75 [0.006] 0.75 [0.006] 0.76 [0.006]
0.3 8.4 0.75 [0.004] 0.75 [0.004] 0.75 [0.004] 0.76 [0.004]

show that, at this sample size (600 km), the occupancy estimator has in general little bias.
However, for rare and elusive species (low occupancy and low detection rate), the occu-
pancy estimator is biased and its variance is larger than that predicted by the asymptotic
approximation (e.g., for ψ = 0.25, λ = 0.1 and L = 6, the asymptotic MSE, which corre-
sponds to the asymptotic variance given the estimator is asymptotically unbiased, is 0.013
while the actual MSE is 0.055). This reinforces the value of using simulations for study
design. When the detection process follows a continuous process, the discretization of the
data produces an occupancy estimator with larger bias and variance, especially when tran-
sects are divided into a few large segments. The estimator is more prone to estimates at the
boundary of the parameter space (e.g., the proportion of estimates ψ̃ = 1 is 0.052 in the
Poisson process model, and 0.078, 0.118 and 0.188 in the Bernoulli process model with 1,
2 and 3 km segment lengths, when ψ = 0.25, λ = 0.1 and L = 6). Simulations run assum-
ing a study design based on the optimal per-site survey length (Table 2b) illustrate how the
estimator properties improve in this case.

4.2. CLUSTERED DETECTIONS

We used simulations to investigate the performance of the occupancy models presented
for clustered detection data. We generated data based on a 2-MMPP with one state without
detections and another state, in which less time is spent, with detections. The probability
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Table 3. Performance of the occupancy estimator in the Poisson process (PP) and 2-state Markov mod-
ulated Poisson process (2-MMPP) occupancy models when data are generated according to a 2-
MMPP with detection rates λ = [0 5] and switching rates (a) μ = [1/15 1/10], (b) μ = [1/15 1/2],
(c) μ = [1/15 1/1], (d) μ = [1/15 1/0.5] and (e) μ = [1/15 1/0.2]. The simulated sampling design
consists of surveying 100 sites, with one 20 km transect surveyed per site. Mean and mean square error
(in square brackets) of the occupancy estimator ψ̂ based on 500 simulations are shown. The probability
of detecting the species at occupied sites is also shown.

ψ̂

ψ λ,μ p (detect) PP 2-MMPP

0.25 (a) 0.83 0.21 [0.004] 0.26 [0.004]
(b) 0.73 0.18 [0.006] 0.26 [0.005]
(c) 0.68 0.17 [0.007] 0.27 [0.007]
(d) 0.62 0.15 [0.010] 0.27 [0.007]
(e) 0.49 0.13 [0.017] 0.27 [0.013]

0.50 (a) 0.83 0.41 [0.010] 0.51 [0.005]
(b) 0.73 0.37 [0.020] 0.51 [0.007]
(c) 0.68 0.34 [0.027] 0.51 [0.009]
(d) 0.62 0.31 [0.038] 0.51 [0.011]
(e) 0.49 0.26 [0.061] 0.51 [0.017]

0.75 (a) 0.83 0.62 [0.018] 0.76 [0.007]
(b) 0.73 0.55 [0.042] 0.77 [0.010]
(c) 0.68 0.51 [0.059] 0.75 [0.011]
(d) 0.62 0.46 [0.084] 0.76 [0.014]
(e) 0.49 0.38 [0.142] 0.77 [0.023]

of occupancy was set to ψ = 0.25, 0.5 and 0.75 and the sampling design had 100 sites
with one transect of length L = 20 km surveyed per site. The 2-MMPP parameters used
were detection rates λ = [0 5] and switching rates μ = [1/15 1/10], μ = [1/15 1/2],
μ = [1/15 1/1], μ = [1/15 1/0.5] and μ = [1/15 1/0.2]. With these parameter values
and sampling design the probabilities of detecting the species at an occupied site, 1 −
π exp(CL)e, were 0.83, 0.73, 0.68, 0.62 and 0.49, respectively. The simulation results
(Table 3) show that the occupancy estimator in the Poisson process occupancy model is
negatively biased in the presence of clustering in the detection data.

5. APPLICATION TO SUMATRAN TIGER DETECTION DATA

5.1. DATA DESCRIPTION

We illustrate the use of the models proposed here with the analysis of detection/non-
detection data from a survey of the Sumatran tiger carried out by Fauna and Flora Interna-
tional (FFI) / Durrell Institute of Conservation and Ecology (DICE) in the forested areas in
and around Kerinci Seblat National Park, the largest national park in Sumatra (Indonesia),
during 2007 and 2008. Surveys were carried out in 89 sampling sites (17 × 17 km squares)
where survey teams walked transects in the forest noting down the location of any tiger
footprints that were detected. A total distance of 2826.5 km was covered. The distance
covered per site varied from 1.8 to 108.3 km, and was typically around 15–45 km (Fig-
ure 1). Within each cell the length surveyed was often made up of several transects which
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Figure 1. Box plot of distances walked within each site and transect lengths.

Table 4. Parameter estimates and AIC values for the occupancy models with a continuous detection process
fitted to the Sumatran tiger data where PP: homogeneous Poisson process, 2-MMPP: 2-state Markov
modulated Poisson process, IPP: Interrupted Poisson process and PP Mixture: mixture of two homoge-
neous Poisson processes. The unit of λ̂i is km−1 and the unit of ρ̂ij = 1/μ̂ij is km. Standard errors (in
brackets) were calculated using the delta method approximation from those obtained in the transformed
domain (logit or log).

PP 2-MMPP IPP PP Mixture

ψ̂ 0.82 (0.049) 0.96 (0.065) 0.97 (0.067) 0.96 (0.065)
λ̂1 0.11 (0.007) 0.23 (0.030) 0.19 (0.023) 0.22 (0.025)
λ̂2 – 0.03 (0.009) Fixed to 0 0.03 (0.008)
ρ̂12 – 121 (216) 28 (18) –
ρ̂21 – 243 (413) 28 (15) –
π̂1 – – – 0.35 (0.064)

AIC 1722.1 1662.5 1674.4 1660.8
�AIC 61.3 1.7 13.6 0

varied in length from 0.5 to 40.1 km, with most in the range 3–21 km. For the analysis,
these transects were assumed to be statistically independent, so that their contributions to
the likelihood can be multiplied. Tiger footprints were detected in 66 of the cells, which
gives a naïve occupancy estimate of 0.74.

5.2. MODEL FITTING

We implemented the models in MATLAB and obtained maximum-likelihood estimates
by numerical maximization. The results from fitting the homogeneous Poisson process oc-
cupancy model and the 2-MMPP occupancy model (Table 4) indicate that the latter model
fits the tiger data substantially better. Its Akaike Information Criterion (AIC) value was
almost 60 units lower despite the penalty due to having three additional parameters. Fitting
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an interrupted Poisson process for the detection process (i.e. λ2 fixed to zero) was also
better than the homogeneous Poisson process but considerably worse than the 2-MMPP.
We note that the estimate of occupancy under the 2-MMPP model is higher than under the
homogeneous Poisson process model, which confirms that disregarding the dependence
between detections causes a negative bias in the occupancy estimator. Since for this pa-
rameter the symmetric 95% confidence interval derived from the point estimate extended
beyond unity (0.835–1.090), we derived a new interval based on the profile log-likelihood
obtaining (0.831–1.000). The estimates associated with the detection process in occupied
cells suggest that the rate of encounter of tiger footprints is ten times higher in some ar-
eas compared to others and that the average distance traveled in areas with high encounter
rate (ρ12 = 1/μ12) is half the average distance traveled in areas with low encounter rates
(ρ21 = 1/μ21). We chose to use a parameterization for the embedded Markov process in
terms of expected holding times (ρ) instead of switching rates (μ) as this provides a more
straightforward interpretation of our results. The point estimates of the ρ parameters are
larger than what we expected initially; however, their standard errors indicate poor pre-
cision. A reparameterization of the model using the ratio and sum of the ρ parameters
(R = ρ12/ρ21 and A = ρ12 +ρ21) gave estimates R̂ = 0.5 (0.15) and Â = 365 (628) show-
ing that estimate of the ratio is relatively precise and that most of the uncertainty lies in
their magnitude. This is interesting, as it suggests that the tiger data are informative in
terms of the probability of being in each of the two states but carry little information on
the actual rate at which transitions between states occur. The transects walked in this sur-
vey were short compared to the rate at which state transitions seem to take place, which
prevents the accurate estimation of these parameters. Our results suggest that, due to their
length, transitions are unlikely to occur within transects so we could expect that a mixture
of two Poisson processes would describe our detection data well. Under this model the
detection rate along a transect can take one of two values with a given probability, but does
not change within the transect (see Supplementary Materials). Fitting this model provides a
very similar likelihood value (826.4 vs. 826.2) and practically the same estimates of occu-
pancy and detection rates as the 2-MMPP model. The estimate of the probability of being
in the state with high detection rate π̂1 = 0.35 (0.064) also matches the corresponding
estimate based on the 2-MMPP model π̂1 = R̂/(R̂ + 1) = 0.33 (0.067).

5.3. MODEL DIAGNOSTICS

We explored two aspects of goodness-of-fit for the models fitted: how well the models
describe (1) the inter-detection distances and (2) the distances from the beginning of each
transect until the first sighting. The survivor function for inter-detection distances for the
models fitted is given by

S2-MMPP(l) = π∗ exp(Cl)e, SPP(l) = exp(−λl)

and the survivor function for the distance until first sighting for the models fitted is given
by

S2-MMPP(l) = ψπ ′ exp(Cl)e + (1 − ψ), SPP(l) = ψ exp(−λl) + (1 − ψ).
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Figure 2. Survivor function for ‘distance to first detection’ (a) and ‘inter-detection distances’ (b) for: the Suma-
tran tiger data (solid line), the 2-MMPP occupancy model (dashed line) and the Poisson process occupancy model
(dotted line). The empirical survivor function is the Kaplan–Meier plot. The survivor functions for the models are
derived using parameter estimates in Table 4.

A comparison of the fitted survivor functions (Figure 2) with the empirical survivor func-
tion (Kaplan–Meier curve) confirms that the 2-MMPP model has a better fit than the Pois-
son process model. We used the Kaplan–Meier curve (Kaplan and Meier 1958) as it ac-
counts for right-censoring in the data, due to transects that ended before detecting the next
(or any) tiger footprint.

As an additional assessment of fit we fitted a three-state MMPP occupancy model. The
maximum likelihood estimates obtained were such that in effect the 3-MMPP model col-
lapsed to the 2-MMPP model, therefore indicating that a model structure with two states
provides good fit for the data.

6. DISCUSSION

Point process models provide a natural framework for the description of species detec-
tion data collected along transects. Although point processes have been used in the context
of distance sampling studies (Hedley and Buckland 2004; Skaug 2006), their potential for
occupancy modeling has not been explored to date. Transects have been used as the basis
for collecting detection data in surveys targeted to study species occupancy but the analysis
of such data has however been carried out by modeling the detection process as a discrete
process after pooling detections from transect segments of a given length (e.g. Hines et
al. 2010). Here we model the detection process in occupancy models based on transect
surveys as a continuous process. In particular we develop occupancy models that use a
Poisson process to describe detections that can be assumed independent and alternatively
a 2-MMPP process for cases with clustered detections. We found that the 2-MMPP occu-
pancy model was more appropriate than a model based on a homogeneous Poisson process
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for the Sumatran tiger detection data. We also propose an occupancy model that describes
species detections as a mixture of Poisson processes, which can be seen as a limiting case
of the 2-MMPP occupancy model when μ12 + μ21 approaches zero. This model is sim-
pler to fit and provided an adequate description of our tiger data. However, in general, the
2-MMPP model will be a more appropriate choice for modeling data of this type as it ac-
counts for potential state transitions within transects, which is relevant if transects are long
compared to the scale of clustering in detections of the species.

The use of point processes for the description of the detection process in occupancy
modeling opens the door to a number of different model developments, including the ex-
tension of the models described to account for abundance-induced heterogeneity, which
we are currently investigating. Note that all the models and discussion addressed here are
also applicable to surveys that collect detection data by monitoring each sampling site over
a continuous interval of time. Camera-trap surveys provide an obvious example of such
a design. To date these kind of data have been used to estimate occupancy by collapsing
trapping times in intervals of a given duration (e.g. 2 weeks, Linkie et al. 2007). Another
example is point count surveys, often targeted to avian species, which involve collecting
detection data over an interval of time at a number of sampling stations. Note that, since
the interval of time is usually relatively short in point counts (e.g. 10 minutes), indepen-
dent repeated surveys at each sampling station may be needed to deal with the issue of
closure. Otherwise the model would estimate the probability of the species being available
for detection at a site during the time interval, rather than actual species occupancy. In the
model structure presented in this paper these replicated surveys would be analogous to the
independent transects surveyed within each sampling site.

When discussing the use of the discrete occupancy model, Hines et al. (2010) raise the
question of whether there is an optimal transect segment length with respect to estimator
properties (precision or MSE). Here we argue that it is best to model the detection process
along transects as a continuous process, which in practice corresponds to dividing transects
into infinitesimal segments. Pooling detections from larger transect segments may result in
a poorer occupancy estimator, which is not surprising as data are lost in the discretization
process. The use of relatively long transect segments can however help to mitigate the
potential lack of dependence between adjacent segments, when not explicitly accounted
for in the model.

Finally, it is interesting to note the parallelism of the occupancy models described here
with models used in other applications. In survival analysis for instance the target is to
model the time to an event, such as the onset of a medical condition or the failure of
an electrical system (Cox and Oakes 1984). Survival data tend to be right-censored as
experiments often end before all susceptible individuals develop the condition, in the same
way as surveys may end before detecting the species of interest at occupied sites, causing
the so-called “false absences”. Furthermore, there are models that account for individuals
that are “immune” to the condition of interest. These individuals, referred to as “long-term
survivors”, introduce zero-inflation in the same way that non-occupied sites do in species
occupancy data. Survival analysis, counting processes and, in general, point process theory
therefore provide an opportunity for bringing new ideas into species occupancy modeling,
and vice versa.
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SUPPLEMENTARY MATERIALS

“Markov process for segment occupancy model” and “trap response model” as
2-MMBP occupancy models: This supplementary material shows the occupancy models
proposed by Hines et al. (2010) as models where the detection process is described as a
2-MMBP (SupMatA.pdf file).

“Poisson process mixture occupancy model”: This supplementary material provides
the likelihood function for the Poisson process mixture occupancy model (SupMatB.pdf
file).
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