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Ch. 15 
 

Occupancy modeling1      
 

“Presence is more than just being there.” 
-- Malcolm Forbes 

 

Questions to ponder: 

• What is the definition of occupancy?  

• How do I gather data for occupancy analyses? 

• How important is the closure assumption for occupancy models?  
 

What is occupancy?   
 
Occupancy modeling is a form of analysis that is unique among the chapters in this book.  
Rather than a focus on recording fates of individual animals in a cohort (mark-recapture) or 
estimating abundance or density (other survey methods), occupancy data is recorded at the 
species level.  We define two parameters, one of which (ψ) has not previously been used in this 
manner in this primer (but see use of ψ in Chapter 12 on multi-state models): 
 
ψ (psi): proportion of area, or patches, that is occupied.  Strictly, when applied to a given sample 

site, occupancy is the probability that a site is occupied by a species.  
 
p: probability of detection of the species, given that a species is present.  We note that because of 

timing of surveys, p is actually a product of detection (the species is there and you 
see/hear it) and availability (spatially or physically present to be sampled). 

 
 

Why estimate occupancy? 
 
Ecologists have many reasons to be interested in the concept of occupancy, or probability of 
occurrence.  First, for rare and elusive species that are difficult to sample, we often obtain 0’s 
during surveys.  Thus, it is hard to estimate abundance or density.  And, because of the rarity, 
our interest in the species may be focused on “where is it” and perhaps environmental factors 
associated with its presence rather than “how many are there?”   
 
From a monitoring perspective, we might use occupancy-type data for studies of geographic 
range and distribution.  Over time, is the species’ range shrinking or growing (is occupancy 

                                                 
1
 With thanks for content to Larissa Bailey, Max Post van der Burg, Marc Kéry, and Therese Donovan 



186  Ch. 15: Occupancy Modeling 

declining or increasing?)?  Thus, for example, we might apply occupancy models to study 
invasive species, spread of disease, or the effects of climate change on distribution of a species.   
 
In addition, biologists might use occupancy analyses, with appropriate covariates to describe 
how occupancy changes as measures of habitat characteristics change.  Is this grassland bird 
more likely to be found in areas with more bare soil?  Thus, we can answer, broadly, questions of 
resource selection. 
 
Last, we might focus on the estimates of p to make inferences about the species’ behavior.  For 
example, Finley et al. (2005) reported the detection probabilities of swift fox peaked in February 
and October during periods of dispersal.  Detection was lower in June and July when swift fox 
were more likely to be in their dens.  The pattern of detection was useful, above and beyond the 
information provided about occupancy. 
 
A biologist new to monitoring might ask, “If I want to determine if the species is at this 
location, why not just visit once to look for the species—and be done with it?”   
 
Of course, if you’ve been reading various chapters in this book, you can answer that question 
easily (see Chapter 14).  We must account for false negatives (failure to locate a species that is 
actually present).  And of course, we account for false negatives with estimates of detection 
probability.  With proper design of a study, we should increase our confidence that a species is 
truly absent if we fail to document it.   
 
In fact, false negatives are a big problem when working with rare and elusive species that may 
have very low detection rates.  If we fail to account for detection, our data may bias habitat-use 
studies, and we may erroneously interpret naïve (inferred only from our raw data) site occupancy 
observations.   
 

A binomial landscape 
 
In the simplest description, occupancy modeling attempts to predict the actual presence or 
absence of a species with repeated presence/absence observational data.  We can define the 
latent state as the true state of existence that is hidden or concealed from the research biologist.  
So, if we had omniscient powers, we would know the truth about the species occupancy 
patterns.  But, we don’t have x-ray vision or complete truth—we have to sample and learn from 
our samples.  As we sample, we start to see patterns that can help us determine probabilities of 
occupancy.  These patterns can be summarized in the form of detection histories for each of 
our sample locations—very similar to capture histories used in mark-recapture studies (see 
Chapter 7). 
 
Consider the following data for 4 points at a study location that is sampled during 3 occasions: 
 

Point       Latent State             Data (Detection History) 
  1    1       0-0-0 
  2    0       0-0-0 
  3    1     0-1-0 
  4    1       1-1-1 
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Our naïve occupancy, the proportion of points at which we documented the species (looking 
at our data), would be 50% for this small sample.  Of course, we know that true occupancy (the 
latent state) is actually 75%.  At point #1, the species was present but never seen (a false 
negative).  At point #2, the species was not present, and therefore was never seen.  At point #3, 
the species was present, but only seen once.  And, at point #4, the species was present and seen 
all 3 times. 
 
If this was our complete set of data, and if we had perfect knowledge of the status of our 
species’ occupancy, we would infer that our detection probability is certainly not 100%.  We 
missed the species completely at point #1.  At point #3, we know the species is present, but we 
only documented it during 1 of 3 visits.  Even without perfect knowledge of the latent state, we 
already know from point #3’s observations that we do not have perfect detection. 
 

Maximum “Eye-klihood,” revisited 
 
In Chapter 10, we discussed how it is possible to look at a set of capture histories and infer some 
basic qualities about your species of interest.  Instead of waiting for the maximum likelihood 
estimate to magically appear from our software, we can use Maximum “Eye-klihood” to visually 
(with your eye—get the pun?) assess our summarized data, so let us conduct a similar thought-
experiment here.  Consider the following two sets of data from a set of 10 sample locations that 
are visited 3 times: 
 

Study 1   Study 2 
1 111 010 
2 011 001 
3 111 101 
4 110 100 
5 111 001 
6 101 010 
7 111 100 
8 111 001 
9 000 000 
10 000 000 

 
Which of the above sets of data would you predict to have the highest encounter probability, p?  
Of course, it appears that Study 1 has higher encounter probabilities—when an animal is seen at 
a point, it is often seen at least 2 and usually 3 times.  In Study 2, we see that most of our 
observations show the species documented only 1 of the 3 site visits.  Thus, we know the species 
is present, but there is a lower chance of observing it. 
 
More importantly, we see that both studies failed to document the species of interest at the 9th 
and 10th sampling location.  Was it truly absent, or did we just miss it?  If you take nothing else 
from this chapter—the idea of occupancy modeling can be summed up in the following 
question:  for which of the two studies are you more certain that the species is actually 
absent at the 9th and 10th sampling locations? 
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The answer to the question should be fairly obvious—we can predict the species is most likely to 
be absent from sample points 9 and 10 for Study 1.  Why?  Because Study 1 has such high 
detection rates—the patterns from the other points tell us that if the species is present, we are 
very likely to see it.  We didn’t see it at points 9 and 10—and inferences from our other data 
suggest that the species may not actually be there.  For Study 2, we have more uncertainty about 
points 9 and 10.  We have such low detection probabilities at points 1-8 that it is actually fairly 
likely that the species may be present at 9 and 10—but we failed to see it. 
 
We can see that both studies have 80% naïve occupancy, based on our raw observations—the 
species was observed at 80% of the sample locations for both studies.  However, the pattern of 
observations from multiple visits suggests that Study 1 has a true occupancy of 80%, while Study 
2 might have a true occupancy of more than 80% (perhaps 90% or 100%) because we were 
more likely to miss an existing member of the species in that study. 
 
And, that is the basic idea of occupancy modeling—we use patterns of observations from 
repeated visits to gain information about our ability to detect a species when it is present.  And, 
that information allows us to estimate how many of the sites with no observations might actually 
have the species present.  
 

Basic sampling design 
 
In the simplest form of research design for occupancy, known as “single season, single species”, 
the biologist selects a random sample of sites within the landscape.  The research team makes 
multiple visits to each site, and during each visit the surveyors determine if the species was 
detected or undetected.  At least two visits are required, but more than 2 visits is likely to 
increase the precision of occupancy and detection probability estimates.  With the data collected 
from the repeated visits, we can create an encounter history, for example: 00110 (species seen 
during the 3rd and 4th visits, but not the 1st, 2nd, or 5th).   
 
It is important to note that after the species of interest has been detected, sites must be 
resurveyed so detection probability can be estimated.  Prior to the advent of occupancy 
modeling, it was fairly common protocol to stop sampling a site once the species was observed--
-why continue to visit, because the species has been documented.  True, if we are only interested 
in naïve occupancy, but we need the ‘absence’ information for occupancy modeling.  So, do 
not end sampling after detection!  (If the cost of making multiple trips is a big issue, it is 
sometimes possible to stop sampling after a detection is documented, provided there is sufficient 
‘absence’ information in the overall dataset, see MacKenzie et al. 2006 for details on how to 
implement occupancy surveys). 
 
Typically, all sites are sampled at each time period, although many software packages can deal 
with missing values (for example if sites are added after the first two time periods).  Occupancy 
sampling can be direct (visual observation of the animal by sight or camera) or indirect 
(identification of tracks or sign or vocalization through recordings).  The ability to sample the 
presence/absence of a species through indirect or remote camera methods has opened the field 
of occupancy to address questions that traditional surveys were unable to address, and can lead 
in exciting directions if studies are designed thoughtfully. 
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Notation 
 
Occupancy models and likelihood statements will usually 
involve the following parameters: 
 

s = total number of sites surveyed 

sD = number of sites where the species was 
detected at least once 
x = number of sites occupied 
k = number of surveys 

ψi = probability that a species is present at site i 

pij = probability that a species is detected at site i at 
survey j (given it is present) 

 
 

Assumptions 
 
Occupancy models carry the following assumptions: 
 

• Sites are closed to changes in state of occupancy during sampling seasons 

• Occupancy is constant across sites, unless modeled with covariates 

• Detection probability is constant across sites, unless modeled with covariates 

• Observers never falsely detect a species when it is absent 

• Surveys and sample sites are independent 
 
We note that the closure assumption for occupancy models must be evaluated at the 
species level—we are not concerned with individuals that might leave the area.  Instead, we 
assume a species is either present or absent at a site during all sampling periods.  
 
Options are typically available for analysis of occupancy data as single-season (data collected in 
one closed sampling ‘season’) or multiple-season (data collected in multiple closed seasons).  
The closure assumptions for a season still apply within each season for samples collected in 
multiple seasons, analogous to the robust design of Chapter 13 (MacKenzie et al. 2003).  
 
The closure assumption is most lenient for occupancy modeling, relative to most other closed-
type surveys or mark-recapture models, because closure is assumed at the species level rather 
than the individual level.  Obviously, if repeated samples are taken within short time period, 
relative to species movements, closure is easier to confirm.  However, biologists may encounter 
situations that push the limits of the closure assumption.  What if the species is not always there?  
What if closure is violated? 
 
It is critical to think about closure for your species, because violation of the closure assumption 
can cause bias in the estimates of occupancy and detectability.  And, additionally, the 
interpretation and inferences about the factors that influence ψ and p may be affected (Bailey and 
Adams 2005).  

Figure 15.1: Example design for an occupancy 
study with 10 sample sites and 4 visits to each site 
over time. 
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Random closure violations: does the species move 
in and out at random (Figure 15.2)?  For example, if 
you use occupancy to study a large predator, such as a 
leopard (Panthera pardus), an individual may wander 
away from your camera trap at a specific point and 
come back later.  We must remember that closure 
is defined, in occupancy studies, at the species 
level—so if other leopards remain in the area, closure 
is not violated (i.e., the species still occupies that 
location).  But, if a single male represents the species 
on the landscape at one of your study points, closure 
might be violated if he leaves and no one replaces him.   
 
So, if the target species moves away from sites during 
the observation periods, estimates of occupancy may 
be unbiased—but only if the species’ movement (in 
and out of the sample unit) is random.  However, we 
have to redefine occupancy under these 

conditions—occupancy becomes the proportion of 
sites used by the target species, rather than the 
proportion of sites occupied.  “Used by the species” 
infers that the species used those sites during the time 
period of the study.  “Occupied” infers continual use 
during the study—and the two concepts are distinct.  
And, the probability of detecting the species is also 
affected—which makes sense because the maximum 
likelihood estimation procedure assumes the species is 
present or not present throughout the study.  So, the 
estimate of p is now a combination of the probability 
that the species was present at the sampling unit (see 
Chapter 14 for a discussion of presence probability) 
and the probability of detecting the species, given it was 
present.  
 
If the movements that violate closure are not random—perhaps the species shifts from one 
section of the study area to another (Figure 15.2)—we should expect our estimates of ψ to be 
biased.  For example, greater prairie-chickens (Tympanuchus cupido) shift in habitat use from 
contiguous grasslands during the breeding season to grasslands near crop fields during the 
winter in northern Nebraska, USA.  If your occupancy study bridged this transition (perhaps it 
shouldn’t?!), the species would exhibit the type of behavior shown in the bottom panel of Figure 
15.2.  And again, the interpretation of “occupancy” changes to the proportion of sites used by 
the target species during the entire sampling period.  The easiest way to solve this problem is to 
use only the observation periods before movement occurs or to design the study with a shorter 
time period that does not include the period of movement.   
 
We recommend Kendall (1999) as a good source to consult for thoughts about closure violation 
for all types of mark-recapture and survey study designs.   

Figure 15.2: Examples of closure violations in an 
occupancy study with 4 sample locations and 3 visits 
through time.  Random violations of closure (top) 
occur when the species disappears and reappears at 
random during the study.  Other violations of closure 
may not be random, such as migratory or other types 
of “shifts” (bottom) from one type of habitat to 
another during time frame of the study.  
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Occupancy modeling framework 
 
MacKenzie et al. (2002) and Tyre et al. (2003) were the first to introduce ecologists to the ideas 
embedded in occupancy modeling.  The general idea is that in a perfect world, in which p = 1.0, 
the estimate for occupancy would be the proportion of sites, s, at which animals were observed, 
x.   
 
 
 
 
 
But, we know that p is not usually 100%.  Thus, we can state: 
 
 
 
 
 
 
Thus, the occupancy estimate, if p <1.0, will be greater than naïve occupancy. 
 
The encounter histories for species used in occupancy modeling follow the same idea as ‘capture 
histories’ for individuals used in a mark-recapture study.  For occupancy, the encounter histories 
indicate the success or failure of sighting the species at a site.  For example, with 5 sampling 
occasions: 01010.  The species was observed at the second and fourth occasions, but not the 
first, third, and fifth.   
 
We can note that we may often have encounter histories of 00000.  We would never have such 
a capture history for mark-recapture studies—as mark-recapture studies are based on a released 
cohort of animals, so every animal in the sample must have at least one “1” in the capture 
history.  Of course, for occupancy studies, a 00000 indicates a site that may be unoccupied or a 
site at which the species (present) was missed by all surveyors. 
 

Probability statements 
 
Our two parameters, ψ and p, can be combined in probability statements to describe the 
probability of having specific encounter histories.  Here are two examples, with associated 
probability statements: 
 
 
 
 
 
 
 
 
 
 

Encounter 
history 

Probability of having this history 

01010 ψ (1–p1) p2 (1–p3) p4 (1–p5) 

00000 (1–ψ) +  ψ (1–p1) (1–p2) (1–p3) (1–p4) (1–p5) 
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To appreciate the probability statements above, we can use words to describe the mathematics.  

We use pi to indicate the probability of being detected in period i, and that appears in each 

statement when the encounter history has a “1”.  We use 1-pi to indicate the probability of not 
being detected, which appears in the probability statement when the encounter history has a “0”.  
Similarly, we can use ψ and 1- ψ to indicate the probability that a site is occupied or not occupied, 
respectively.   
 
Here, we see that for an encounter history of 00000 (note: this would apply to any encounter 
history without an observation of the species), we must account for both possibilities: (1) the 
species was present, but not observed, or (2) the species was not present.  Mathematically, we 
write these two possibilities as (1) ψ (1–p1) (1–p2) (1–p3) (1–p4) (1–p5) [occupied but never 
detected] and (2) 1- ψ [not occupied].   
 
A final note: when a site is not occupied, we do not need to include the probability of detection, 
p, in the probability statement as detection is not possible if the species is not available for 
detection.  Thus, we only need to state “1- ψ”.     
 

Overall detection 
 
Once we have estimated the probability of occupancy and the probability of detection, p, it is 
sometimes useful to estimate an overall detection probability (d)—the probability that the 
species will be detected during k surveys.  We can use this formula: 
 
 
 
So, for example, if p = 0.25, 
we can see that our overall 
probability of detection 
increases as we add additional 
replications to our survey.  
Ecologists may want to 
calculate how many surveys 
would be needed to ensure 
that there is a 90% chance of 
detection.  Here, we see that 
for p = 0.25, we need 8 
surveys to reach d=0.9. But, 
for p = 0.60, we only need 3 
surveys (Figure 15.3). 
 
 

 

( )kpd −−= 11

Figure 15.3: Cumulative probabilities of detection (d) as the number of surveys 
conducted (k) at sample locations increases.  Predictions are shown for two levels of 
probability of detection during a single visit (p): p=0.25 and p=0.60.  
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Conclusion 
 
Occupancy models estimate a parameter that is unique—the probability of occupancy of a site 
for a species.  Occupancy analyses are useful when species are rare or dispersed, which results in 
sets of observations with many 0’s.  Closure, within season, is an important feature to occupancy 
modeling, although closure is assumed at the level of the species rather than the individual.  Data 
collection for occupancy analysis is fairly simple and straightforward, and the data may be direct 
observations of animals or indirect observations through identification of scat, sign, or 
vocalizations.  
 
Occupancy models can be used to address more complicated questions, which are worthy of 
further study.  For example, occupancy can be used to assess the occurrence of species within 
biological communities (Dorazio and Royle 2005) or to look at co-occurrence patterns between 
two or more species within a community (MacKenzie et al. 2004). 
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