
Introduction

The commercial harvest of kangaroos (Macropus spp.) in
Australia is managed through an annual quota system, where
quotas are set as a percentage of the estimated population size
(Pople and Grigg 1998). Most harvesting occurs over vast, rela-
tively open regions of arid and semiarid Australia, so population
estimates are largely obtained from aerial surveys (e.g.
Caughley and Grigg 1981). Traditionally, aerial surveys used
strip transects with fixed-wing aircraft (Caughley et al. 1976),
but more recently there has been increasing use of line-transect
surveys with helicopters (Clancy et al. 1997; Southwell and
Sheppard 2000). Roughly 50% of the Australian kangaroo
harvest is taken in Queensland, where the size of the kangaroo
population is determined almost solely from helicopter surveys
(Lundie-Jenkins et al. 1999). Helicopter surveys are more
expensive than fixed-wing surveys, but have the advantage of
substantially improved visibility (Pople et al. 1998a, 1998b).

Bias in estimates of population size can lead to over- or
underharvesting, so there has been considerable research effort
in estimating kangaroo population size accurately (Pople 2004).
Two methodologies for estimating population size are line-tran-
sect distance sampling (Buckland et al. 2001), and mark–recap-
ture methods using two simultaneous observers. Both methods
rely on assumptions that might be difficult to meet for aerial
surveys of kangaroos.

Conventional line-transect distance sampling makes the
assumption that all animals directly on the transect line are

detected with certainty. This assumption is unlikely to be true
for aerial surveys, because of the difficulties of detection from
high altitude. In general, this method will overestimate detec-
tion probability, and therefore underestimate density of kanga-
roos. This was noted by Clancy et al. (1997), who compared
results from helicopter line-transect surveys with those from
walked line-transect surveys. Estimates of red kangaroo
(Macropus rufus) and eastern grey kangaroo (Macropus gigan-
teus) density were found to be similar between helicopter
surveys and walked line transects, but helicopter estimates were
2–3 times lower than ground-based estimates for common
wallaroos (Macropus robustus). Furthermore, walked line-tran-
sect surveys are themselves prone to underestimate density,
because of evasive responsive movement by the kangaroos away
from the observers (Southwell 1994).

Mark–recapture methods have been used in aerial surveys of
both aquatic and terrestrial fauna in Australia (Marsh and
Sinclair 1989; Bayliss and Yeomans 1989; Pople et al. 1998c),
including kangaroos (Choquenot 1995). They are often referred
to as ‘double-count’methods. The methods involve two teams of
observers counting independently along the same transect.
A protocol is established for identifying which animals were
seen by both observers (known as duplicates), and which were
seen by only the first or only the second observer. The
mark–recapture method relies on an assumption that all factors
affecting detectability can be identified, and that their influence
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on detectability can be correctly modelled. If there is unmod-
elled heterogeneity in detection probabilities, density estimates
will be biased (Caughley and Grice 1982).

Owing to the known shortcomings of both conventional dis-
tance sampling and mark–recapture analysis methods for aerial
and other surveys, new methods that combine the strengths of
both approaches have recently been developed. The new
methods are collectively known as mark–recapture distance-
sampling methods. Roughly speaking, they use the mark–recap-
ture data gained from the independent observers to estimate
each observer’s detection probability on the transect line. This
removes the need for the conventional distance-sampling
requirement that detection is certain on the line. The distance-
sampling data can then be used in conjunction with the esti-
mated on-line detection probabilities to estimate animal density.

The basic principle above is common to all mark–recapture
distance-sampling methods, but there are many different ways
in which the mark–recapture and distance-sampling data may be
combined. This has led to a confusing array of analysis methods,
all of which have individual strengths and weaknesses. Effort is
now required to establish firm analysis guidelines for
mark–recapture distance-sampling data.

In this article, we describe the implementation of
mark–recapture distance-sampling survey methods for aerial
surveys of kangaroos in Queensland. Using the survey data for
eastern grey kangaroos in four survey blocks, we aim to show-
case the flexibility of mark–recapture distance-sampling analy-
sis techniques for estimating kangaroo density. We also aim to
compare results from three different approaches to analysis of
mark–recapture distance-sampling data, and to assess the suit-
ability of the different approaches for future surveys.

The first of our analysis methods can be described as a
mark–recapture analysis in which distance is included as a
covariate, and is described in full by Borchers et al. (1998a,
1998b). This method is based on a mark–recapture likelihood,
and distance of the animals from the transect line enters the
model only as a covariate. We will refer to this as our Method M.

The second method is the full-likelihood analysis of
Borchers et al. (1998a), in which the likelihood includes com-
ponents based on mark–recapture, distance sampling, and other
covariates in addition. We refer to this as Method F. Method F
has the advantage that the distance-sampling data are included
explicitly in the likelihood, but it has the disadvantage that it is
necessary to specify likelihood components for quantities about
which there might be very little information (for example, the
distribution of animal group size in the population).

The third method (Method P) is the point-independence
method of Borchers et al. (2006), which includes the
mark–recapture and distance-sampling components of the like-
lihood, but not the other components. Additionally, the point-
independence method relaxes an important assumption of the
other two methods, namely that the two observers make detec-
tions independently at all distances, once the observed set of
covariates is accounted for. Under point independence, it is only
necessary for the observers to be independent at a single point
or distance, which is generally taken to be zero distance from the
transect line. This addresses the key problem of unmodelled
heterogeneity in mark–recapture analyses. If there are covariates
that simultaneously make both observers more likely to detect

an animal group (for example, a movement cue), but which are
not included in the model, the result is that detections from the
individual observers are no longer independent, given only the
set of covariates that the model does include.

The point-independence Method P is a new method and may
represent an important advance over previous techniques. As
such, it is important to evaluate the methodology relative to
other techniques in a range of applications. The point-inde-
pendence method has been applied to aerial surveys of pack-ice
seals and penguins in Antarctica (Southwell et al. 2007, 2008)
and to Australian wild horses (Laake et al. 2008). Laake et al.
(2008) provide a more thorough description of the various anal-
ysis approaches than we give here, and compare the point-inde-
pendence Method P with conventional distance-sampling and
mark–recapture approaches.

This article is among the first to explore the performance of
Method P relative to the more sophisticated of the previous
techniques for combining distance-sampling and mark–recap-
ture data. Borchers et al. (1998a) compared Methods M and F
together, and demonstrated that they did not always give equiv-
alent answers. Borchers et al. (2006) briefly displayed problems
with the mark–recapture Method M compared with Method P,
although they did not examine Method F. Laake and Borchers
(2004) also compared Methods M and P, together with another
mark–recapture distance-sampling method, using a known
population of golf tees. By comparing Methods M, F and P
together for a real aerial survey application, we aim to validate
previous expectations about their relative performance, and
assist in providing clear guidelines for the appropriate analysis
of aerial survey data.

Materials and methods

Study area

The survey was conducted in two survey blocks of ~10000 km2

centred on the southern Queensland towns of Roma, in the
brigalow belt bioregion, and Charleville, in the mulga lands
bioregion. The Roma block is a mixture of tussock grasslands
mostly sown to cereal crops, and Eucalyptus, Casuarina and
conifer open grassy woodlands. Eastern grey kangaroos are
abundant in the Roma district, whereas red kangaroos and
common wallaroos occur at relatively low densities. The
Charleville block is dominated by low Acacia and Eucalyptus
woodlands, with a lower stratum of tall shrubs and tussock
grasses. Large areas of the original vegetation around
Charleville and much of the mulga lands have been ‘pulled’with
tractors and chains, but not cleared, leaving areas of fallen
timber and regenerating vegetation. All three species of macro-
pod are common in the Charleville district. Sheep grazing is the
principal form of land use in both blocks, with cereal crops
being grown around Roma.

Helicopter mark–recapture distance-sampling methods

Independent-observer surveys were undertaken during the
annual aerial survey of 10 blocks in 2000. Clancy et al. (1997)
give a full description of the independent-observer procedures,
also known as double counting. Briefly, a Robinson R44 heli-
copter with the doors removed was flown at a ground speed of
93 km h–1 (50 kts), at 61m (200ft) above ground level. The heli-
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copter housed a double-observer team sitting in the front and
back left positions, simultaneously recording sightings to the
left side of the transect line. Additionally, there was a third
observer in the back right position, recording sightings to the
right side of the aircraft. The right-side sightings do not con-
tribute to the double-observer scheme, so they are not included
in this analysis.

The two back-seat observers (A and B) rotated positions
between flights, while the front-seat observer (C) retained the
same position throughout the survey. The two observer teams,
C–A and C–B, operated for roughly equal amounts of survey
effort. Due to differences in individual observer patterns, we
analyse data from the different observer teams separately. This
provides data from four survey blocks, which we call Roma1
(Roma block with team C–A), Roma2 (Roma block with team
C–B), Char1 (Charleville block with team C–A) and Char2
(Charleville block with team C–B).

Observers searched ahead of the helicopter and to the side to
detect clusters of kangaroos. Detected clusters were placed into
25-m distance classes up to 125 m perpendicular to the transect
line, measured from directly below the observer. The distance
classes were delineated on aluminium poles extending perpen-
dicularly from either side of the helicopter. The front-seat
observer used a separate pole extending out from the helicopter.
Distances were measured to the position at which the animal
was first seen, to mitigate problems of responsive movement.
Species and cluster size were also recorded with each sighting.

Sightings were recorded into microcassette recorders. The
sightings of the two left-side observers constituting the double-
observer team were recorded independently in continuous time
into a dual-channel tape recorder. Following the survey, tapes
were replayed and sightings were identified as being made
either by the front observer only, the rear observer only, or both
observers (duplicates). All three observers had over 100 h of
experience in helicopter surveys of kangaroos using line-tran-
sect sampling.

Helicopter surveys in both Roma and Charleville followed
parallel east–west transect lines, ~80 km long and 10 km apart.
The exact distances were determined by a global positioning
receiver. Four lines were completed in three of the survey
blocks, and three lines were completed in the Char2 block. The
observers counted in 5-minute units with a 30-s break between
them, so effort was divided into consecutive transect segments
each separated by ~800 m. Surveys were conducted during the
3 h after sunrise and the 2 h before sunset in late May 2000.

Statistical analysis
A complete likelihood for mark–recapture distance-sampling
data is provided by Laake and Borchers (2004) and Borchers
et al. (1998a, 2006). Laake and Borchers (2004) and Borchers
et al. (2006) outline several of the possible options for
analysing these data, and show that the different options arise
from using different components of this full likelihood. Within
each option there are generally submethods arising from dif-
ferent analysis choices. To avoid making our discussion too
complicated, we select one method from each of the three broad
analysis choices. We use the notation of Laake and Borchers
(2004) and Borchers et al. (2006), and leave most of the math-
ematical detail to these sources.

Let yi be the perpendicular distance of a kangaroo cluster
from the transect line. Let ωi be the observed capture history for
detected cluster i. This means that ωi is either (1, 0), (0, 1), or (1,
1), respectively denoting detection of cluster i by Observer 1
only, Observer 2 only, or both observers (a duplicate). Let zi be
the cluster size of group i. For the analysis of eastern grey
kangaroos, zi is the only recorded covariate assumed to have an
influence on detection probability in addition to yi. The
unknown number of clusters in the search strips, which we wish
to estimate, is written Nc. The total number of sightings made by
both observers combined is n•.

The full likelihood for mark–recapture distance sampling
can be written as follows:

The individual components are explained below. Here, Nc is
treated as an unknown parameter, and it is the only parameter
that is of real interest. The other parameters, (φ, θ), are nuisance
parameters that are needed to explain how our survey data relate
to the parameter of interest, Nc. The parameters θ control the
detection process. This means that θ determines the detection
functions of Observer 1 and Observer 2, which give the proba-
bility that the observer will detect a cluster with specified size
and at specified distance from the line. The parameters φ control
the unknown statistical distribution of cluster size in the popu-
lation. For example, we will model cluster size using a negative
binomial distribution with parameters φ to be estimated. We
need a term in φ because the distribution of cluster size among
the detections is not likely to be the same as that in the overall
population, because larger clusters are usually more detectable
and are therefore over-represented in the detections.

The likelihood formulation is explained as follows. Each of
the four components builds upon the previous ones using a con-
ditional hierarchy. For a cluster to be included in the data, it must
be detected by at least one observer. Overall detection is
modelled by the binomial component Ln•

(Nc,φ,θ), which relates
the total number of detections n• directly to the number present,
Nc, taking into account the overall detection probabilities con-
trolled by the nuisance parameters φ and θ.

Given overall detection, the observed cluster size z has a
distribution that depends on the distribution of cluster sizes in
the population at large (controlled by φ), and their relative
detectabilities (controlled by θ). The component Lz(φ,θ) models
the distribution of detected cluster sizes. This component is a
nuisance component, with a distinct disadvantage that it forces
us to articulate a statistical model such as negative binomial for
cluster size. If z contained extra covariates in addition to cluster
size, this component might become intractable, because we
would then have to specify a model for the joint distribution of
all covariates in the population at large. For example, a model
might be needed for the joint distribution of cluster size and
weather conditions. Such a model is likely to be fanciful at best.

Given both overall detection and cluster size, the detection
distance y has a distribution captured by Ly|z(θ), which takes
into account the fall-off of detections with distance from the
line, for this cluster size. The component Ly|z(θ) is the distance-
sampling component. It depends on θ only, and requires the
assumption that distances are uniform in the population at
large, before detection.

LL(N
c
,φ,θ) = n•

(1)(N
c
,φ,θ)× L

z
(φ,θ) × L

y |z
(θ) × Lω(θ).
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Finally, given all three of overall detection, cluster size z, and
detection distance y, the mark–recapture component Lω(θ)
describes the detailed capture history ω: whether the detection
is made by Observer 1 only, Observer 2 only, or both. Each
observer’s sightings serve as ‘marks’ for the other observer, who
‘recaptures’. The component Lω(θ) depends only upon detection
parameters θ, and makes no assumptions about the distribution
of either y or z in the population at large.

All four of the components involve the detection parameters
θ, which enter via modelled detection functions specified in
Models 1–4 in the detection model section below. In particular,
the mark–recapture component Lω(θ) and the distance-sam-
pling component Ly|z(θ) show how the combined mark–recap-
ture distance-sampling analysis uses two different aspects of
the data to give us strengthened evidence about the detection
process θ.

From the discussion above, it is clear that some likelihood
components are more desirable than others. The component
Lz(φ,θ) will often be problematic to formulate, and the binomial
component, Ln•

(Nc, φ,θ), relies on a binomial detection process.
However, these less desirable components each involve the
detection parameters θ, so we risk losing information about θ if
they are omitted and θ is estimated only from the other compo-
nents. This conspires to ensure that the best choice of analysis
method is not clear-cut.

The various different analysis options operate by using only
selected components of the likelihood, and using empirical
methods (primarily Horvitz–Thompson-based methods) to fill in
the remaining pieces of missing information. For example, if the
detection process θ is estimated using the components Ly|z(θ) and
Lω(θ) only, we do not gain an estimated distribution for cluster
size because Lz(φ,θ) is missing, but it can be estimated empiri-
cally. Specifically, if it is estimated that a cluster of size 1 is
detected with overall probability 0.5, then we estimate that for
every detected cluster of size 1, there were two such clusters in
the population. This process is repeated for clusters of every dif-
ferent size, to form an empirical distribution of cluster size.
Estimates of Nc follow similarly. The Horvitz–Thompson-like
approach on which these methods operate is discussed in detail
by Borchers et al. (1998b).

The analysis options that we examine in this paper are as
follows.

Method M: mark–recapture component
This method uses only the mark–recapture component Lω(θ) to
estimate θ, and all other quantities are estimated by the
Horvitz–Thompson-like approach. We implement this method
exactly as in Borchers et al. (1998a), although with some dif-
ferent detection models described below.

Method M can be described as a mark–recapture analysis
with distance as a covariate. It is one of the better known
methods in the literature. However, it is known to be extremely
sensitive to unmodelled heterogeneity in capture probability,
and it does not exploit the full power of mark–recapture dis-
tance-sampling methods because it omits the distance-sampling
component Ly|z(θ). An advantage of this is that it does not rely
on an assumption of uniform distances in the population at
large, which is needed for the Ly|z(θ) component and can be vio-
lated if there is persistent responsive movement of the animals

towards or away from the observer. Fewster et al. (2008) discuss
in detail the relative merits of the uniform assumption against
the assumptions underlying Method M.

In Method M, the two observers are assumed to detect
animals independently at all distances, given the known covari-
ates. Method M has recently been implemented in the software
Distance 5 (Thomas et al. 2006) under the name ‘Full
Independence’ in the MRDS engine. Our implementation
differs from that of Distance 5 only in the formulation of some
of the detection functions (described below), and in variance
estimation, for which we use the bootstrap.

Method F: full likelihood

Method F uses all components of the full likelihood in Eqn (1).
Our implementation of Method F follows that in Borchers et al.
(1998a), although with some different detection models.
Method F is not implemented in Distance 5. It is tractable in the
kangaroo case because we have only one covariate, cluster size.
As discussed above, it is not likely to be suitable for analyses
with complex covariate sets. However, we include it in the
present analysis to check on the influence of the omitted likeli-
hood terms in Method M.

Our implementation of Method F assumes that the two
observers detect animals independently at all distances, given
the known covariates. Unlike Method M, this assumption is not
necessary for Method F, and a point-independence application
of Method F would be possible.

Method P: point independence

Method P is a new method described by Laake and Borchers
(2004) and Borchers et al. (2006), and now implemented in
Distance 5. Method P uses the two likelihood components
Ly|z(θ) × Lω(θ). It therefore exploits the combined strength of
mark–recapture and distance sampling, but omits the more
controversial components Lz(φ,θ) and Ln•

(Nc,φ,θ). As discussed
above, this omission has both advantages and disadvantages.

The principal advance of Method P, however, is the intro-
duction of a new idea called point independence. This provides
a solution to the problem of unmodelled heterogeneity in
capture probabilities that plagues all mark–recapture methods.
Unmodelled covariates that simultaneously affect the detection
probabilities of both observers have the effect of inducing
dependence between the observers. If Observer 1 sees the
animal, it is possible that Observer 2 also sees it for the same,
unknown, reason. The assumption of full independence of
observers, which underpins all previous mark–recapture dis-
tance-sampling analyses, is therefore violated.

Method P circumvents this problem by allowing a different
form for the detection function in the likelihood component
Ly|z(θ) from that in component Lω(θ). The mark–recapture
component, Lω(θ), is interpreted as estimating the conditional
probability that Observer 1 detects the animal, given that
Observer 2 has detected it, and vice versa. This contrasts with
previous interpretations of this component, which assume
(often incorrectly) that Lω(θ) involves the unconditional
probability that each observer detects the animal, and there-
fore uses the same detection functions as the distance-
sampling component.

MRDS for kangaroos
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Borchers et al. (2006) show that the distance-sampling com-
ponent can actually be modelled with a separate detection func-
tion, which removes the need for the assumption that Lω(θ) is
estimating the unconditional detection functions. As long as the
observers can be assumed to be acting independently at a single
value of y (usually the point y = 0, on the transect line), it is pos-
sible to use different forms for the conditional detection func-
tions in Lω(θ) and the unconditional distance-based detection
function in Ly|z(θ). Conceptually, the two methods only have to
agree at a single point to enable us to ‘hook’ the distance-based
detection function onto an estimable intercept, and from there
on it can be estimated separately.

Our implementation of Method P is exactly the same as that
in Distance 5, except that we use the bootstrap to estimate vari-
ance. Because Method P already involves two different detec-
tion functions, one for component Lω(θ) and one for component
Ly|z(θ), we simplify our approach to this method by exploring
only one functional form for each.

Detection models
An appealing aspect of mark–recapture distance sampling is the
ability to accommodate many different forms of dependence of
detectability on distance, cluster size, and other covariates. To
showcase this flexibility, we fitted Methods M and F using four

different detection models. Their functional forms are given
below. Examples of the resulting dependence of detection on
distance and cluster size are shown in Fig. 1.

Let po(y,z) be the probability that observer o detects a cluster
of size z located at distance y from the transect line, for
observers o = 1, 2. All four likelihood components in (1) involve
the functions po(y,z) and expressions derived from them
(Borchers et al. 2006). The different detection models specify
different functional forms for po(y,z).

Model 1: ‘Logit’
This model was used in Borchers et al. (1998a, 1998b, 2006)

and is the only option currently implemented in Distance 5. It
involves parameters αo, βo, and γo, to be estimated for each
observer.

Model 2: ‘Shoulder’
Fig. 1 shows that the logit model does not give the detection

functions a ‘shoulder’ close to y = 0 when the cluster size is
small. To allow fully shouldered detection functions, which
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otherwise resemble the logit model, we suggest the following
functional form. The shoulder comes at the expense of an extra
parameter, δo:

Model 3: ‘Fan’
This form describes the case where cluster size does not

affect detectability close to the transect line, but has an increas-
ing effect as distance increases. Fig. 1 shows the resulting fan-
like detection pattern.

Model 4: ‘Taper’
The ‘taper’ model is the opposite of the ‘fan’ model, in which

cluster size has the greatest impact on detectability at low dis-
tances, and the smallest impact at high distances. The detection
function is gained by omitting the term zγo in (3):

For Method P, we restrict attention to the logit detection
model (2) for the Lω(θ) likelihood component, and we note that
the detection function has a different interpretation under
Method P. It is no longer the unconditional probability that
observer o detects a cluster of size z located at distance y, but is
rather the conditional probability given that the other observer
detects this group. For Method P, we therefore write:

where p1|2(y,z) is the conditional probability that Observer 1
detects a cluster of size z located at distance y, given that it is
detected by Observer 2, and similarly for p2|1(y,z).

For Method P, we also have to specify an overall detection
function for the distance-sampling component Ly|z(θ). We use
the half-normal model available in Distance 5:

where g(y,z) specifies the shape of the overall detection function
with distance, while its intercept is obtained from the condi-
tional capture–recapture detection functions (6) at their point of
independence (y = 0).

Variance estimation
We use bootstrap variance estimation for all methods, with tran-
sect segments as the resampling unit. Segments were ~8 km

long and separated by a relatively small gap of ~800 m, which
raises possible concern about non-independence between seg-
ments. We used a Durbin–Watson test to verify that there was no
evidence of dependence between adjacent segments. Segments
were resampled at random with replacement until the resampled
survey effort first exceeded the effort in the original dataset.

Model selection and goodness-of-fit
We used AIC to assess the relative merits of different models.
Within a single method, such as Method M or Method F, AIC
can be used to select between the different detection models (2)
to (5). Comparing the different methods M, F and P is more
complicated because they are based on different likelihood
components. This means that the raw AIC values should be
expected to differ by large amounts, without providing any
implication as to the relative merits of the different models. We
resolve this by evaluating the AIC for each method relative to
the full likelihood expression given in Eqn (1), following
Borchers et al. (2006: 375). For example, Method M provides
only an estimate of θ from the likelihood, but this estimate is
used to construct estimates of Nc and the distribution of z using
the Horvitz–Thompson-like method described above. These
Horvitz–Thompson-based estimates can be fed into the likeli-
hood expression (1) just as they are for Method F, so that all
three methods can be assessed on the same scale. In principle,
this procedure puts both Methods P and M at a disadvantage rel-
ative to Method F, because Method F returns the parameter esti-
mates that genuinely maximise the full likelihood (1), while
neither P nor M are expected to do so. In practice, however, the
Horvitz–Thompson estimates have greater flexibility than the
models chosen to formulate (1), so Methods P and M can
perform better than Method F.

We assess goodness-of-fit for each model by plotting the
overall detection distances, for both observers combined,
against the estimated overall detection functions. We use a Chi-
square goodness-of-fit test to assess whether the observed
numbers of detections in the five distance classes are consistent
with the numbers expected from the fitted detection functions.

Results
Identification of duplicate sightings
Sightings were categorised as duplicates when they were near
simultaneous, of the same species, and the same cluster size.
However, because kangaroos were often moving and observers
recorded sightings at slightly different times, some joint sight-
ings were placed in different distance classes by each observer
(13% of all macropod sightings at Charleville, 9% at Roma).
Kangaroos form small, loose aggregations, so some joint sight-
ings were also recorded with different cluster sizes by the two
observers (7% of all sightings at Charleville, 10% at Roma).
Misidentification also occurred, particularly with mixed species
groups, and some duplicate sightings were recorded as different
species (5% of all sightings at Charleville, 2% at Roma).

If near-simultaneous sightings by the two observers were in
adjoining distance classes, they were categorised as being the
same cluster. However, if the cluster size differed by more than
one, the sighting was not considered a duplicate. If different
species were recorded near simultaneously by the two observers

MRDS for kangaroos

(3) � � .)(exp1exp),(
2

= α
o
 δ

o
 z

y
zypo β

o
z γo 

(4)� �= α
o
 

β
o
z γo 

.exp),(
2y

zypo

(5)� � .)(exp1exp),(
2

= α
o
 δ

o
 z

y
zypo β

o
 

(6)

exp(α
1
 + β

1
y + γ

1
z)

exp(α
2
 + β

2
y + γ

2
z)

�

� �

�
,

1
1),(

;
1

1),(

1

1

+=

+=

zyp
2|1

zyp
1|2

exp(θ
1
 + θ

2
z)

,exp),(

2

= y
zyg ��



R. M. Fewster and A. R. Pople326 Wildlife Research

in the same distance class and within one of the same cluster
size, the sighting was considered a duplicate. In all cases, the
front observer’s records for duplicate sightings were used in the
analysis. This treatment of errors is conservative, intended to
lead to an overestimate of sighting probability on the line and
therefore an underestimate of density.

Detection models for Methods M and F
Fig. 1 shows fitted detection functions from all four detection
models (2) to (5) for the front-seat observer in the Roma1 block
using Method F. The figure shows the flexibility of the
methods, and also demonstrates that the choice of detection
model can have an appreciable influence on the final result. The
results in Fig. 1 are all obtained from the same dataset.

Distance data for the kangaroo surveys were collected at rel-
atively low resolution, by grouping the data into five distance
classes. The power of the data to discriminate between different
shapes of detection functions is therefore relatively low. All four
of the proposed models (2) to (5) were selected by AIC as the
favoured model for at least one of the four survey blocks and
either Method M or Method F. The logit model (2) was selected
most frequently (3 out of 8 analyses), and was the only model
that never performed poorly. All the other models had at least

one result with ΔAIC > 10, while the worst result for the logit
model was ΔAIC = 4.3. We conclude that, for these data, the
logit model is consistently the best of the four forms proposed.
This affirms the suitability of this model as the only option cur-
rently available in Distance 5.

Comparison of Methods M and F
Fig. 2 shows a comparison of fitted detection functions for the
front-seat observer in Roma1 and Roma2 using Methods M and
F. The two sets of results from Roma1 are quite similar. This
suggests that the mark–recapture component Lω(θ) used in
Method M reflects much the same information about the detec-
tion parameters θ as the other components used in the full like-
lihood, for the Roma1 data.

However, the results for the Roma2 survey block are very
different. Detection under Method M is estimated to increase
with distance, while Method F indicates a clear decrease with
distance. These data provide an excellent illustration of the
potential pitfalls of restricting to the mark–recapture Method M.
The reason for the discrepancy can be seen in Fig. 3, in which
the first barplot for Roma2 shows the underlying data on which
Method M relies. A small sample of five ‘marks’ from Observer
2 in the furthest distance class, all of which were, by chance,
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‘recaptured’ by Observer 1, creates an impression that Observer
1 has very high detection probability in the furthest distance
class. Method M is unable to attribute this chance result to
dependence between the observers, and the result is a somewhat
implausible shape for the detection functions, leading to a
severe underestimate of density. Method F performs much
better for the Roma2 block, showing the advantage of incorpo-
rating extra information about the detection parameters θ
through the additional likelihood components.

Point-independence method (P)
Fig. 3 shows the more complicated output obtained from the
point-independence method (P) for both observers in the
Roma1 and Roma2 survey blocks. Each point-independence
analysis produces three detection functions, compared with two
for Methods M and F. The first two detection functions are the
conditional detection functions, p1|2 and p2|1, which are shown in
Fig. 3 as functions of distance averaged over all cluster sizes.
The third detection function is the overall probability of detec-
tion of both observers as a function of distance from the line,
which is shown in the third panel of Fig. 3. The power of the
point-independence method in combining different sources of
data is seen from the Roma2 results, in which the conditional
detection function p1|2 increases with distance, while the overall
detection function is still able to decrease with distance and pro-
vides a good fit to the observed pattern of distance detections.

The results show clearly that the distance-sampling component
of the likelihood, written Ly|z(θ) and underlying the third panel
of Fig. 3, adds important extra information to the analysis that
would be lost by restricting to the mark–recapture component
Lω(θ), as in Method M and the first two panels of Fig. 3.

Comparison of Methods M, F, and P
Fig. 4 shows estimated numbers of individuals in the covered
area, from each of the three methods in each of the four survey
blocks, using the logit detection model in each case. The esti-
mated number of individuals is gained from the estimated
number of clusters, N̂c, and the estimated distribution of cluster
size in the population at large. Bootstrapped 95% confidence
intervals, using the percentile method with 1000 bootstrap repli-
cates, are shown around each estimate. The same pattern repeats
in each of the four survey blocks: Method P gives the highest
estimates, followed by Method F, and Method M gives the
lowest. In three of the four blocks, the lower 95% confidence
limit from Method P is comparable with the upper 95% limit
from Method M.

The results in Fig. 4 are strongly suggestive of unmodelled
heterogeneity in Method M, which is mitigated by the extra like-
lihood components in Method F and, to a much greater extent,
by Method P, even though Method P includes only one more
likelihood component than Method M. The likely reason for the
results is that a high proportion of sightings at far distances were
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very detectable to both observers for some reason that was not
evident in the model. The proportion of duplicate sightings at
high distances is therefore higher than it should be if observers
were genuinely independent, so detectability is overestimated
and density is underestimated. The effects of the spuriously
increasing detection function for Observer 1 in the Roma2 anal-
ysis under Method M are particularly evident in Fig. 4.

Table 1 shows estimated densities and coefficients of vari-
ation (CV) from the three methods in the four survey blocks. In
each case, the CV for Method P is comparable with, or better
than, those for Methods M and F. Model selection using AIC on
the full likelihood (1) conclusively favoured Method P in each
case. For three of the four cases, Method F was ranked above
Method M by AIC, but Method M was ranked above Method F
in the Roma1 block.

Overall fitted detection functions, and the underlying detec-
tion distance data, are shown in Fig. 5. The P-value from the
Chi-square goodness-of-fit test is shown in each case. Visual
inspection of the fits demonstrates that Method M is very poor,
while Method F is reasonable and Method P is very good.
Method P explicitly fits a detection function to these distance
data, so its good performance is expected. Goodness-of-fit was
satisfactory in every case for Method P, marginal for Method F,
and very poor for Method M.

We conclude that both AIC and goodness-of-fit tests show a
clear preference for Method P over both of Methods F and M for
these aerial survey data.

Discussion
Our analysis has provided a strong endorsement of the new
point-independence method of Laake and Borchers (2004) and
Borchers et al. (2006) for mark–recapture distance-sampling
analyses. The point-independence method is conclusively
favoured by AIC and goodness-of-fit tests over the other two
methods examined. Additionally, its theoretical foundations are
stronger and more credible.

Both of our Methods M and F, which rely on full inde-
pendence between observers at all distances, provided lower esti-
mates of kangaroo density than the point-independence Method
P. The full likelihood Method F appears to be a statistical half-
way house between Methods M and P, in which the extra com-
ponents included in the likelihood function mitigate some of the
problems of unmodelled heterogeneity in capture probability, but
not to the extent of the point-independence Method P. Borchers
et al. (1998a) also found that Method F gave higher estimates
than Method M for double-observer surveys of minke whales.

Examination of the estimated detection functions and
underlying mark–recapture data for Method M highlights the
potential for serious problems with this method. We recom-
mend that Method M, which is essentially a mark–recapture
analysis with distance as a covariate, should not be used in
practice. There might be justification for using Method M if
responsive movement is known to be a problem with the
survey, because M is the only method that does not rely on the
assumed uniformity of distances in likelihood component
Ly|z(θ) (Fewster et al. 2008). However, the bias caused by
unmodelled heterogeneity in Method M will often be worse
than that caused by responsive movement using Method P. In
general, responsive movement is probably easier to address by
field methods than unmodelled heterogeneity, which, by defi-
nition, is due to unknown causes. Fewster et al. (2008)
attempted to investigate the extent of responsive movement for
the kangaroo data, but were unable to draw conclusions
because any effects of responsive movement were swamped by
effects of unmodelled heterogeneity in Method M, which gives
the only valid testing framework.

E
st

im
at

ed
 n

um
be

r 
of

 in
di

vi
du

al
s

0

500

1000

1500

Roma1 Roma2 Char1 Char2

F MP F MP F MP F MP

Fig. 4. Comparison of estimated number of individuals in the covered area
from the three mark–recapture distance-sampling methods: point-inde-
pendence (P), full-likelihood with full independence (F), and mark–
recapture likelihood with full independence (M). Point estimates and 95%
bootstrapped confidence intervals are shown for each of the four survey
blocks.

Table 1. Results from the four survey blocks for estimated density, D̂, in individuals km–2, together with
estimated percentage CV and the difference between the AIC of the fitted method and the AIC of the best 

method for the survey block
Methods are point-independence (P), full-likelihood with full independence (F), and mark–recapture likelihood 

with full independence (M), using the logit detection model in each case

Method Roma1 Roma2 Char1 Char2
D̂ CV ΔAIC D̂ CV ΔAIC D̂ CV ΔAIC D̂ CV ΔAIC

P 27 14 0 36 12 0 21 11 0 28 12 0
F 24 14 93 29 14 350 17 13 200 23 20 170
M 23 13 74 21 12 400 13 14 220 16 20 200



Wildlife Research 329

We reproduced the analyses of this paper in the new
Mark–Recapture Distance Sampling analysis engine of
Distance 5 (Thomas et al. 2006), where applicable. Our results
are in agreement with those from Distance 5, except that our
bootstrapped variance estimates were consistently higher than
the analytic variance estimates from Distance 5. Distance 5
reported estimated CVs in the range 6–9% for Method P, while
our bootstrapped CVs ranged from 11% to 14%. The CVs from
Distance 5 seem on the low side for surveys of this type, and
further investigation of analytic variance estimation methods for
these analyses may be warranted.

Although we do not report the results here, we also analysed
the kangaroo data using conventional distance-sampling
methods, by pooling data from both observers together. In every
case, the resulting point estimate of abundance lay between that
of Methods F and P, and was usually closer to that of Method P.
This is a strong indication that Methods M and F have failed,
because they are aimed at correcting the negative bias in con-
ventional distance sampling caused by imperfect trackline detec-
tion, yet themselves provide lower estimates than conventional
distance sampling. We do not recommend conventional distance-
sampling analyses for these data, because the assumption of
perfect trackline detection is certainly violated. However, the
bias caused by this assumption appears to be less than that caused
by unmodelled heterogeneity in mark–recapture distance-sam-
pling Methods M and F. A similar effect was noted by Laake
et al. (2008), Laake and Borchers (2004:149), and Laake (1999).

In this respect, it appears that the point-independence Method P
is a considerable advance over the previous methods for combin-
ing mark–recapture and distance-sampling methodologies.

Estimated probabilities of detection on the transect line (g0 in
conventional notation) ranged from 0.53 (Observer 1 in the
Roma2 block) to 0.94 (Observer 1 in the Char1 block), with
most estimates in the range 0.7–0.9. It is interesting that the
density estimates from one observer team (Roma2 and Char2)
were both higher than those from the other observer team
(Roma1 and Char1), as seen in Table 1. This might be coinci-
dence, or it might reflect some systematic problem with one of
the observer teams, which might be caused, for example, by
consistent under- or overestimation of measured distances, or a
consistent policy of ignoring responsive movement and measur-
ing distances when the group is abeam of the aircraft, rather than
where it was first detected. However, distances were always
those measured by Observer 1, who was the same in both teams,
so this explanation is unlikely.

Density estimates of eastern grey kangaroos were compara-
ble for all four survey blocks, ranging from 21 to 36 individuals
km–2 using Method P. The reported coefficients of variation
(11–14% from Method P) were very good, despite being con-
siderably higher than those reported from Distance 5. Our anal-
ysis indicates that the mark–recapture distance-sampling
methods can be successfully implemented by aerial surveys in
the field, and even strong effects of unmodelled heterogeneity in
capture probability appear to be overcome by the point-
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independence Method P. Conventional distance-sampling
methods should always be expected to underestimate density
when detection on the transect line is not perfect, so methods
that supposedly correct for imperfect trackline detection yet
report lower density estimates than conventional distance sam-
pling should be treated with high suspicion. In our analysis, this
was the case for Methods M and F, but not for Method P.
Conversely, the estimates from Method P were not a straight-
forward upscaling of the conventional distance-sampling esti-
mates by the shortfall of g0 on the transect line, indicating that
the model has achieved more than a simple scaling factor. The
combination of the mark–recapture and distance-sampling data
has strengthened both methods.

The point-independence methodology does require that
observers detect animals independently at some distance from
the transect line, usually y = 0. It is possible that this assump-
tion, even though it is much weaker than that of full inde-
pendence, is still too strong for some survey situations. If this is
the case, the point-independence methods would be expected to
underestimate density overall; however, they would necessarily
perform better than the equivalent methods based on full inde-
pendence.
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