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Abstract Occupancy-based monitoring programs rely on survey data to infer presence or

absence of the target species. However, species may occupy a site and go undetected,

leading to erroneous inference of absence (‘false absence’). If detectability is influenced by

the time of year or weather conditions, survey protocols can be adjusted to minimize the

chance of false absences. In this study, detection probabilities for three amphibian species

from south-eastern Australia were modelled using a Bayesian approach. For aural surveys,

we compared basic models, which only included effects of survey date, duration and time

of day on detection, to models including additional effects of weather. Model selection

using deviance information criterion (DIC) suggested that the basic model was the most

parsimonious for Crinia signifera, while models including relative humidity and water

temperature were most supported for Limnodynastes dumerilii and L. tasmaniensis
respectively. When predictive performance was assessed by cross validation, DIC results

were largely matched for C. signifera and L. dumerilii, while models of detection for

L. tasmaniensis were indistinguishable, AUC scores suggesting inadequate performance.

We show how results such as these can be used to design surveys, developing protocols for

individual surveys and estimating the number of surveys required under those protocols to

achieve a threshold cumulative probability of detection. Conservation managers can use

these models to maximize the efficiency of surveys. This will improve the accuracy of

occupancy data, and reduce the risk of misdirected conservation actions resulting from

false absences.
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Introduction

Around the globe, the ongoing biodiversity crisis is the result of species extinctions and

declines, due to a range of processes including habitat loss, fragmentation and degradation,

impacts of invasive species, climate change, pollution and spread of pathogens (Daszak

et al. 2000; Pimm and Raven 2000; Thomas et al. 2004). Given the current situation, there

is a need to improve knowledge of the conservation status of many species in order to carry

out successful conservation actions (Olson et al. 2002). In particular, the occupancy of a

species (presence or absence at a site) is a key parameter for determining its regional

distribution. Patterns of occupancy can be used to model habitat suitability and possible

threats (Araújo and Williams 2000; Fleishman et al. 2001). Local extinction and coloni-

zation patterns can also be inferred from the temporal and spatial variation in occupancy,

and inform management and reintroduction actions (Nichols et al. 1998).

Spatial and temporal patterns of occupancy are normally inferred using field surveys.

However, survey data are susceptible to false absences, because detection rates are rarely

perfect (Boulinier et al. 1998). If such false absences occur in the data, resulting inferences

about occupancy may be inaccurate, possibly leading to misdirected conservation actions

(Gu and Swihart 2004; MacKenzie 2005). The issue of false absences has been extensively

addressed in recent years, and several statistical techniques have been developed to allow

for imperfect detection when estimating and modelling species occupancy (MacKenzie

et al. 2002, 2003; Tyre et al. 2003; Wintle et al. 2004). These methodologies reflect the

variability in detection when sites are visited multiple times. If a species is not detected at

every visit, it is possible to use statistical models to relate this variability to survey-specific

parameters that may have affected the efficiency of the survey, such as different search

methods, observer effects, or environmental conditions (Pierce and Gutzwiller 2004; Lotz

and Allen 2007; Watson et al. 2008; Evans et al. 2010).

If detection probabilities can be modelled in the preliminary stage of a study, survey

programs can be designed accordingly to maximize the probability of recording target

species where they are present (Field et al. 2005; MacKenzie and Royle 2005). Within the

modelling process, it is therefore necessary to identify the main factors influencing

detection, define the required complexity of the model, evaluate its predictive ability and

finally integrate this knowledge into an optimized survey plan. For example, if patterns of

detectability reflect seasonal or diel variation for some species, models may be used to

select specific dates or times to carry out surveys. On the other hand, if weather appears to

influence detection, more complex models may be needed to make predictions, and specific

sampling protocols can be designed which reflect these relationships.

Amphibians have been the focus of a consistent portion of the existing studies about

detection probabilities (Bridges and Dorcas 2000; Schmidt 2005; Mazerolle et al. 2007).

This partly results from the variable nature of detection rates for many amphibians. While

most frog species can be detected by their breeding call, reproduction can take place over a

short time frame, particularly for those species with explosive breeding patterns (Duellman

and Trueb 1986). Observer bias can influence detection for species dwelling in terrestrial

and arboreal habitats, or those where individuals leave the breeding site after spawning, or

switch from bright nuptial colours to duller, less visible camouflage patterns (Duellman

and Trueb 1986; Heyer et al. 1995). Other species exhibit more or less marked variations

in their activity between day and night (Heard et al. 2006). Temperature and humidity may

also influence activity levels and trigger mate-calling by males, both of which may affect

detection rates (Pellet and Schmidt 2005). Therefore, the probability of successfully
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detecting species can change markedly between and within seasons, and even within the

same day.

We chose three frog species in the greater Melbourne area of Victoria, Australia as a

case study to investigate how models of detection probability can be used to improve

monitoring surveys. These species were the common froglet C. signifera, the banjo frog

Limnodynastes dumerilii and the spotted marsh frog Limnodynastes tasmaniensis. We

compared models based only on modifiable survey settings (date, time of day and survey

duration) to models that also included effects of weather on detection probabilities. As well

as comparing the performance of the models in explaining the variability of the detection

rates, we assessed predictive abilities by using internal validation. Finally, we investigated

how managers could use these models to identify the number of visits at a site required to

achieve a desired probability of detecting the target species, either by manipulating survey

settings or by setting specific protocols with regard to weather covariates.

Methods

Field methods

We carried out surveys over an area of approximately 1,000 square kms covering the

western and north-western outskirts of metropolitan Melbourne. In total, 174 survey sites

were selected in the catchments of the Kororoit, Moonee Ponds, Merri and Darebin creeks

(Fig. 1). Sites included transects along streams, as well as farm dams, wetlands and former

quarries, and were distributed across the urban-rural gradient in each creek catchment.

Each site was visited a total of 3 times: 128 sites were surveyed between October 2006 and

March 2007, and the remaining 46 surveyed between September and November 2009.

These dates encompass the main breeding season of all three species (early spring to late

summer: Barker et al. 1995) and are representative of a likely time frame for future

monitoring programs.

Standardized aural surveys were carried out by teams of two people (for a detailed

description of field methods, see Heard et al. 2006), always including at least one of the

first two authors to reduce possible observer bias. All target species produce loud and

clearly identifiable calls, minimizing the risk of identification errors (Barker et al. 1995).

Detections were recorded during a variable number of static listening periods, ranging

between 2 and 15 min each, and also while walking around the site. Five hundred and

twenty-two surveys were completed, consisting of 128 diurnal surveys and 394 nocturnal

surveys. Survey sites were clustered in groups of three to five sites, and surveyed over the

same day or night. We randomized the chronology of surveys, both between and within site

clusters. Survey-specific covariates were recorded in each case, including date (number of

days since September 21, the first day of surveys in any year), time of day (day/night),

duration of surveys (minutes), air and water temperature (�C) and relative humidity.

Physical covariates were recorded at the beginning of each survey using hand-held probes

(Oakton meters, Singapore). When surveys lasted longer than 60 minutes, physical mea-

surements were taken again at the end, and mean values used in the analysis. Nocturnal

surveys took place between sunset and 03:00 hours, while diurnal surveys were conducted

during the morning or early afternoon. Surveys varied in duration from 5 to 160 minutes

(mean = 25.46 ± 19.05). Survey duration mainly reflected the difficulty in walking around

a site, and was only marginally correlated with wetland size (Pearson’s r = 0.43).
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Model development and comparison

A model of detectability requires the estimation of two parameters, since the survey

outcome at any particular site depends on two processes: the occupancy of the species and

its detection. Therefore, the probability D of obtaining a detection during survey j at site

i can be expressed as:

Dij ¼ wi � pij ð1Þ

where wi denotes the probability of occupancy of site i, and pij denotes the probability of

detection at site i during survey j (MacKenzie et al. 2002). It is assumed that: (i) occupancy

status does not change during the sampling period; (ii) there are no false positive records

(i.e., detection of a species at a site at which it does not occur), and (iii) observations are

independent between sites (MacKenzie et al. 2002). Repeated surveys result in a detection

history—a sequence of 1 and 0 values—describing the observations for each species at

each site. A logistic regression-based approach can be used to estimate relationships

between p and both site- and survey-level covariates, either by maximum-likelihood

(MacKenzie et al. 2002) or Bayesian methods (Gimenez et al. 2009). Specifically, the

probability of detection is described by a logistic link function, as follows:

Fig. 1 Map of the study area. Points indicate survey sites around metropolitan Melbourne. Main rivers in
dark grey. The grey area represents the current extent of urban development, while the black rectangle
corresponds to the central business district of the city
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logitðpijÞ ¼ aþ
Xn

i¼1

bi � xij ð2Þ

where x is the value of the ith covariate during survey j, and b the associated regression

coefficient.

In this study, we compared four models of detectability for each species. We built a

‘‘base’’ model including the date of the survey, time of day and survey duration, repre-

senting parameters that can be directly controlled for when designing surveys, and that

have been shown to influence detection rates for some amphibian species (Pierce and

Gutzwiller 2004; Schmidt 2005; Mazerolle et al. 2007). We modelled survey date as the

number of days from the first day of surveys (21 September) using a cosinusoidal function

to represent the expected cyclic pattern of seasonal variation:

logitðpiÞ ¼ aþ b1 � cosðdatei � 2p=365� offsetÞ ð3Þ

where offset is an estimated parameter between 0 and 2p used to locate the peak of the cosine

function (Weir et al. 2005). Survey duration was square-root transformed to achieve a normal

distribution. For each species, we then compared the base model to three ‘‘alternative’’

models, built by adding to the base model a term for air temperature, water temperature and

relative humidity respectively. To avoid confounding effects, and to represent the variability

of weather patterns beyond the normal seasonal and daily pattern, we performed a polynomial

regression of air temperature, water temperature and humidity against date (modelled using a

cosine-function) and time of day (as a binary variable) throughout the survey season. Each

weather variable was modelled separately and the regression residuals were then used as

covariates in the detection models. We kept the occupancy parameter w constant for all

models for simplicity, after preliminary analyses suggested that including habitat covariates

did not significantly increase the precision of the estimates of p. This also allowed us to limit

the number of estimated parameters, avoiding overfitting.

The candidate models were fit to the data using Markov Chain Monte Carlo (MCMC)

sampling, implemented in the free Bayesian modelling software WinBUGS (Lunn et al.

2000). Fitting these models using a Bayesian approach allowed evaluation of the full

posterior probability distribution of the estimated parameters (McCarthy 2007). Indepen-

dent covariates were centred by subtracting the mean to reduce autocorrelation between

successive MCMC samples. Vague (uninformative) priors were used for all parameters.

We ran 100,000 iterations on 3 replicate Markov chains, after discarding the first 10,000 as

a burn-in. Convergence was assessed using the Brooks–Gelman–Rubin statistic (Brooks

and Gelman 1998) and by visual inspection of the chain histories.

We initially compared each base model with its alternative formulations using the

deviance information criterion (DIC, Spiegelhalter et al. 2002). DIC is analogous to

Akaike’s information criterion (Burnham and Anderson 2002) and measures the deviance

explained, whilst penalizing ‘‘parameter-heavy’’ models that may overfit the data. Models

with DDIC\5 ðDDIC ¼ DIC � DICmin) can be considered the most supported, while

those with DDIC between five and ten can be interpreted as marginally supported (Spie-

gelhalter et al. 2002). We also assessed the relative influence of each covariate on the

probability of detection by calculating multiplicative effect sizes, as:

Ei ¼ expðbi� rangeiÞ ð4Þ

where Ei is the multiplicative effect of covariate i, bi is the corresponding regression

coefficient and rangei is the range of values observed for that covariate in the data set.
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Multiplicative effect sizes represent the change in the probability of detection across the

measured range of the covariate. Values greater and smaller than one indicate positive and

negative effects respectively, while a value of one suggests no effect. If working in a null-

hypothesis testing framework, one would fail to reject the null hypothesis that the covariate

has no effect when 95% credible intervals for the multiplicative effect size encompass one.

In addition to the information criterion-based approach, we assessed the adequacy of the

models using cross-validation. We ran each model n times, where n is the number of sites

where the species was detected at least once (and therefore w = 1). In each case, we

removed one occupied site from the dataset and, for each iteration of the Markov chain,

predicted the probability of detection for the three surveys at the removed site, based on the

covariate values for those surveys. Knowing that the test site was occupied ensures that all

absences are ‘‘false absences’’, i.e. missed detections, and allows predictions to be com-

pared to observed values. Although this limits the predictive assessment to sites of known

presence, avoiding inference about absences, it allowed us to isolate the detection com-

ponent of the model, as we aimed to obtain a confusion matrix including detections only.

We made predictions to a total test dataset of 174 observations for C. signifera, 93 for

L. dumerilii and 105 for L. tasmaniensis. We assessed the ability of the model to predict

detections using receiver operating characteristic curves (ROC) by plotting true and false

positive rates (respectively correct and erroneous predictions of actual detection events).

We calculated the area under the curve statistic (AUC, Hanley and McNeil 1982). Values

lower than AUC = 0.5 are worse than a random classification, indicating the model does

not provide useful predictions. We sought the model with the highest AUC values, and

considered AUC [ 0.7 as indicating good predictive and discriminating ability. We used

package ROCR (Sing et al. 2005) in R (R Development Core Team 2008) to carry out

validation procedures.

Designing future surveys

We restricted further analyses to those species for which models predicted better than a

random classification (AUC [ 0.5). For the model with the lowest DIC score, we calcu-

lated the variation in the probability of detection across the range of the most influential

covariates. Based on these results, cumulative detection probabilities for multiple-survey

plans were then calculated as

P̂ ¼ 1�
Yn

i¼ 1

ð1� p̂iÞ ð5Þ

where p̂i is the estimated single-survey detection probability for survey i, and P̂ the total

estimated detection probability after n surveys (Kéry 2002).

We then evaluated the integration of model predictions in a monitoring plan for the

target species, recording the variation in the total number of surveys ðN̂Þ needed to reach a

detection probability of at least 0.95. Using the base model, predictions were made using

cumulative detection probabilities from Eq. 5, for every day in the season and the fol-

lowing days (for example, if October 9 corresponds to N̂ ¼ 7, this means that to achieve

P̂> 0:95 it would be necessary to survey every day between the 9th and the 15th of

October). We calculated 95% credible intervals, as the N̂ corresponding to the point where

the intervals for the estimated P̂ reached 0.95. Similarly, we compared predictions for

surveys of different length (5, 30, 60 and 90 min) where this parameter was relevant. If
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time of day was also influential, we simply made predictions for the most advantageous

level (day or night), representing the ideal choice by a manager.

When DIC and AUC comparison and effect sizes indicated that at least one weather

covariate influenced the probability of detection, adding significantly to the base model, we

also assessed how these parameters could be integrated in the monitoring plan. We

obtained predictions of cumulative probability of detection from the relevant alternative

models following the same procedure as above, at the same time simulating a situation

where surveys would be carried out only when temperature or humidity were above or

below a given threshold (for example, if the detectability of a species increases with

positive air temperature anomalies, sites could be surveyed only when the predicted air

temperature is 5 �C higher than the predicted average for that date and time). We based our

predictions on the estimates of the weather covariates provided by the initial regression

against date and time of day. Finally, we assessed whether adding thresholds for weather

covariates to the predictions reduced the estimated number of surveys needed to reach

P̂> 0:95:

Results

Model comparison

For Crinia signifera, the base model, including effects of survey date, duration and time of

day on the probability of detection, was marginally better supported than the model

including an effect of air temperature, and ranked higher than the other alternatives based

on the DIC (Table 1). Survey date had the greatest effect on the probability of detecting

this species where it was present, while longer surveys yielded slightly higher detection

probabilities (Fig. 2). Considering surveys of average length (25 min), maximum detection

probabilities were achieved in September (maximum p = 0.96), decreasing to p \ 0.1

after December, with a minimum of p = 0.003 in March (Fig. 3). Other covariates,

including time of day (as a binary variable), air and water temperature and relative

humidity all had smaller influence, with 95% credible intervals for the multiplicative

effects encompassing one (Fig. 2). Model selection based on the AUC statistic gave

comparable results to that based on DIC. The alternative models with added weather

Table 1 Model selection statistics for the candidate model set, including base models with survey-settings
covariates only (date, time of day, survey duration), and alternative models including weather covariates (air
and water temperature, relative humidity)

C. signifera L. dumerilii L. tasmaniensis

Model DDICa AUCb DDICa AUCb DDICa AUCb

Base model – 0.74 22.6 0.56 15.2 0.43

Alt1: base ? air T 2.1 0.75 29.1 0.66 1.0 0.39

Alt2: base ? water T 9.1 0.73 29.1 0.60 – 0.34

Alt3: base ? RH 16.1 0.74 – 0.65 28.6 0.35

a Difference in the deviance information criterion between the given model and the best-supported model
(represented by a dash). Lower values indicate higher support
b Proportion of area under the ROC curve: values of 0.5 and lower indicate the model does not perform
better than a random classification
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covariates did not provide better predictions for C. signifera than the base model. The

predictive performance of this model was good, with an AUC of 0.74 (Table 1).

The model including an effect of relative humidity on detection appeared superior to its

alternatives for L. dumerilii, based on the DIC (Table 1). Positive anomalies of relative

humidity (i.e. more humid conditions than the seasonal/daily average) had a strong neg-

ative effect on the probability of detecting L. dumerilii where present (Fig. 4). However,

multiplicative effect sizes suggested other covariates were also influential: survey date,

time of day, duration and air temperature all positively influenced the probability of

detecting the species during a survey (Fig. 2). Across the season, the probability of

detection increased from 0.57 on September 21 to 0.72 on November 5, before decreasing

to p \ 0.05 in March, with wide credible intervals for the latter part of the season (Fig. 4).

Model comparison using the AUC statistic showed that the base model was inferior to the

alternative models including weather effects, although the difference was less marked than

suggested by DDIC. Predictive performance was poor for the base model, with an AUC of

0.56 (only marginally higher than a random binary classification: Table 1). AUC improved

to 0.66 for the model including an effect of air temperature on detection, and to 0.65 for the

model including an effect of relative humidity (Table 1). For illustrative purposes, we

retained these models for further analyses, although they may not be sufficiently reliable to

provide the basis of a specific monitoring plan.

Using the DIC, the models including air and water temperature were most supported for

L. tasmaniensis, receiving very similar support (DDIC ¼ 1), while the base model and the

model including an effect of relative humidity received no support (Table 1). However,
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Fig. 2 Comparison of the influence of survey-level covariates on the probability of detection, expressed by
multiplicative effect sizes. Estimates for date, time of day and duration are from the base model, while
estimates for air and water temperature and relative humidity (RH) are from alternative models including
these effects. Values smaller than 1 correspond to negative effects on the probability of detection, while
values greater than 1 indicate positive effects. Values of 1 suggest no effect. Bars are 95% credible intervals
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multiplicative effects showed high uncertainty: 95% credible intervals encompassed one

for all covariates, suggesting a lack of relevant parameters in the model (Fig. 2). Predictive

ability was extremely poor, consistently failing to classify predictions correctly, and

yielding AUC scores lower than a random classification (AUC \ 0.5 for all models).

Based on these results, models for this species were not considered for further analysis.

Designing future surveys

Predictions of the number of surveys required to achieve a cumulative probability of

detection of 0.95 for C. signifera, derived from the base model, are depicted in Fig. 5. The

strong negative relationship between survey date and detection probability causes a sharp
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detecting Crinia signifera when
present at a site. Estimates are
from the base model and refer to
25-min nocturnal surveys. The
shaded area represents 95%
credible intervals
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detecting Limnodynastes dumerilii when present at a site, as estimated from the base model and the model
including relative humidity respectively. Values of relative humidity refer to deviations from the mean
values estimated by Eq. 3 and are calculated for December 1 (corresponding to the middle day of the
season). The shaded area represents 95% credible intervals

Biodivers Conserv (2012) 21:729–744 737

123



increase in N̂ as the season progresses. Two 30-min surveys are sufficient until the end of

October: however, by the end of November N̂ increases to six surveys, with 95% credible

intervals widening to 4–16 surveys (Fig. 5). After mid-December, mean estimates of N̂
exceed 8, with credible intervals of 5–20 surveys. Surveys after December are therefore

impractical. Increasing survey duration also affects the probability of detecting the species.

Three or less surveys of 60 and 90 min each are sufficient to reach P̂> 0:95 until late

November and mid-December respectively (95% CI at the beginning of December: 2–10

surveys for both durations). Five-minute surveys are considerably less effective: the dif-

ference is greater after mid-November, with a mean estimate of N̂ [ 6 and the upper 95%

credible interval exceeding 30 surveys (Fig. 5).

Although all models of detection probabilities for L. dumerilii had mediocre predictive

performance, we assessed how monitoring plans for this species could make use of the

results from the model including an effect of relative humidity, which was the most
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Fig. 5 Seasonal variation in the number of surveys (N̂) needed to achieve a cumulative probability of
detecting Crinia signifera greater than 0.95, with different levels of survey effort (5, 30, 60 and 90 min).
Estimates are from the base model and refer to nocturnal surveys between 21 September and 15 December.
The shaded area represents 95% credible intervals
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supported by DIC comparison and improved predictions at least in part. In average

humidity conditions (RH as predicted based on seasonal and diel conditions), at least four

surveys are required to reach P̂> 0:95 between October 4 and November 25 (Fig. 6).

Uncertainty rapidly increases after late November. We then calculated predictions for

conditions of relative humidity 0.15 lower than the predicted average, corresponding

approximately to the first quartile of the regression residuals (RH = 0.14): this value

indicates that such anomalies are commonly recorded in the area between September and

March, and therefore do not represent such a rare event to make the number of possible

surveys impractically low. Results suggest a significant benefit could be obtained in the

latter part of the season by applying this protocol. During the first part of the season (until

the end of December), P̂> 0:95 could be achieved with one to three surveys less than

estimated for average conditions (Fig. 6). Between December 13 and January 4, only three

surveys are required, in contrast with the value predicted without applying a humidity

threshold (increasing to a maximum of nine surveys required between the same dates).

Uncertainty is also markedly reduced between late November and early January.

Discussion

The three target species modelled in this study represent an example of how the ecology of

species can influence the ability of statistical models to relate detection probability to

measurable covariates and provide reliable predictions. Previous studies show that the

probability of detecting amphibian species can be influenced by weather, time of day, date,

survey duration, observer effects and other factors (Bridges and Dorcas 2000; Pierce and

Gutzwiller 2004, 2007; de Solla et al. 2005; Heard et al. 2006). Our results suggest that

simple survey settings can be at least as reliable as weather covariates for predicting the
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Limnodynastes dumerilii greater than 0.95. Predictions from the model including an effect of relative
humidity, for 25-min nocturnal surveys conducted between 21 September and 15 January, in average
humidity conditions (left) and with the application of a specific threshold for humidity anomalies
(DRH ¼ �0:15, right). The shaded area represents 95% credible intervals
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probability of aural detection for some species, particularly those with predictable breeding

patterns, such as C. signifera. Other species, such as L. dumerilii, still show predictable

calling behaviour (e.g., more or less defined breeding season and/or nocturnal activity) but

are more markedly influenced by prevailing conditions such as variations in temperature

and humidity.

Model selection based on DIC suggested that for C. signifera the base model was at

least equally supported as the second-best model (including an effect of air temperature).

The selection was strengthened by comparison of covariate effects: detection probability

decreased during the season and increased with survey duration, whereas weather covar-

iates had little or no influence. For L. dumerilii, the model including relative humidity was

clearly the most supported. Multiplicative effects suggested all weather covariates had

some effect on detection probability for this species: air temperature and relative humidity

were particularly influential (showing positive and negative effects respectively).

Based on DIC comparison, a manager could choose to design a monitoring plan based

on predictions from the base model for C. signifera, since it provides equally reliable

predictions as the alternative models. Surveys for L. dumerilii would need to take into

account relative humidity, as inferred from both DIC and AUC comparison: however,

AUC scores highlights the overall mediocre predictive performance of models for this

species. Finally, effect sizes and AUC scores provide important information regarding

L. tasmaniensis, showing that models for this species do not include relevant parameters

and fail to provide reliable predictions, regardless of the DIC results.

In this sense, the comparison of effect sizes and predictive performance highlights

the limit of simply comparing information-criterion scores when the main objective of the

modelling process is to provide specific predictions. Information criteria describe the

variability in the data explained by the model and apply a penalty for the number of

parameters, to compensate for the fact that more complex models can reduce the deviance

but tend to be less precise, overfitting the data (Lunn et al. 2000; Burnham and Anderson

2002). Their calculation is implemented in most statistical packages, including those

specifically aimed at estimating detection probabilities (such as PRESENCE: Proteus

Wildlife Research Consultants, Dunedin, NZ) and is commonly reported in the existing

literature, where a number of ‘‘best’’ models is selected (Pellet and Schmidt 2005; Schmidt

2005; Weir et al. 2005). However, if the aim of the model is to provide reliable predictions

to inform planning of surveys, rather than post-hoc assessment of monitoring results, it

may be necessary to specifically evaluate its predictive performance (i.e., the ability to

correctly infer occasions where detections are most likely to occur, when the species is

present).

This aspect has so far been overlooked in the literature. The exception is Steelman and

Dorcas (2010) who made, to our knowledge, the first attempt to assess the predictive ability

of models of detection probability for anuran calling surveys. They found that simple,

‘‘user-friendly’’ models consisting of five independent covariates (date, time of day, air and

water temperature, precipitation), correctly predicted between 67 and 71% of the obser-

vations for three species of frogs in North Carolina, USA. They argue that information

from weather forecasts can be used to define optimal conditions for detection. However,

weather related predictors are problematic: reliable weather forecasts are only available a

week in advance at most, and site-specific temperatures may deviate from local and

regional forecasts. Therefore, if a model based on directly modifiable survey settings

provides sufficiently reliable predictions, survey planning can benefit from this simplified

approach. Where weather variation beyond seasonal and diel patterns significantly

improves the model, this could be estimated from long-term averages calculated from
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existing datasets. Weather forecasts will then provide an indication of the expected

anomaly, which can be used to further improve survey accuracy. For species that respond

exclusively to weather-related stimuli, but not to seasonal or daily patterns, predictions can

be made for absolute expected conditions (for example, survey only when temperatures are

above 20 �C) rather than deviations from an expected average.

In our study, the predictive performance of the base model for C. signifera, which was

not affected by weather variation, was sufficiently high. Managers could then design their

surveys on time of year and survey duration only, selecting the best dates and allocating

the ideal amount of effort to minimize the number of surveys required to achieve the

desired probability of detection. Contrastingly, base models for L. dumerilii showed

mediocre predictive performance, which improved with the inclusion of weather covar-

iates. In this case, there is an advantage in integrating weather forecasts into survey

planning. Managers can make a decision based on date and survey timing, while setting

‘‘ideal’’ weather conditions such as temperature thresholds. For L. dumerilii, the number

of surveys needed to reach a total probability of detection of 0.95 was reduced by

surveying in conditions of low humidity, particularly during the latter part of the season

(December and January). Consequently, application of this protocol would allow man-

agers to extend the useful seasonal window for surveying, meeting constraints without

incurring extra costs.

The approach shown in our study can improve monitoring efficiency, not only for

amphibians but also for other taxa with imperfect detection patterns, such as birds or

mammals (Bibby and Buckland 1987; Kéry 2002; Diefenbach et al. 2003; Tracey et al.

2005; Wintle et al. 2005; Evans et al. 2010). It allows decision-makers to explicitly

evaluate options concerning realistic objectives and investments. If managers can reduce

the number of visits needed, it then becomes possible to sample more sites, or simply to

reduce the effort required. This may prove particularly relevant for monitoring plans

dealing with direct constraints, such as budget limitations or strict deadlines. If models are

to be used during the planning stage, information also becomes valuable: the Bayesian

approach presented here would also allow flexible integration of prior knowledge in the

final model. For example, the occupancy parameter w was kept constant in our study, but it

would be possible to estimate it based on prior knowledge (for example, habitat prefer-

ences of the target species). Additional information regarding survey setup, such as

observer effects or between-year variation, may also need to be accounted for in the model

(see Cook et al. 2011). For example, if yearly variation has a relevant influence, a pilot

study early in the season might be used to regularly adjust the survey design. In turn,

existing data must be of sufficient quality and coverage to allow a reliable estimation of

such variations.

Other factors also need to be considered. For example, covariate thresholds can be

adjusted depending on the requirements of the study. In our example, when the models

suggested an effect of weather on detection, we chose a conservative approach, subsetting

surveys to humidity conditions lower than the seasonal average. If the number of visits is to

be reduced further, stricter cutoff values can be applied. However, depending on the time

of year and the study area, particularly dry conditions may occur only infrequently, greatly

reducing the number of available surveys. This may become a serious issue when a large

number of sites must be surveyed, or when the monitoring must be carried out within a

specific time frame. Similarly, where the aim of surveys is simply to establish the occu-

pancy status of a species at a site, sites where successful detections occur in the early stages

of monitoring may not need additional surveys, freeing resources for additional efforts

elsewhere: the thresholds applied could thus be adjusted during the same season. On the
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other hand, removing surveys will reduce the number of visits at several sites and might

affect the ability to improve future estimation of species detection. The trade-off between

the number of visits and the desired precision then extends into a balance between the

choice of ideal conditions and practical constraints. For example, some rainforest

amphibians may be most active (and therefore have maximum detectability) during the wet

season (Bertoluci and Rodrigues 2002), but at the same time sampling during this period

may prove particularly difficult or expensive. The optimization of such trade-offs under

specific constraints would represent a simple, useful tool for planning monitoring

programs.

Conclusions

We argue that the modelling approach shown here can improve the efficiency of wildlife

surveys. In particular, we recommend that the assessment of the adequacy of detection

models includes checking their predictive performance. When these models provide reli-

able predictions, they can be used to calculate the number of surveys needed to obtain a

desired cumulative probability of detection, given variation in survey timing and duration.

When weather covariates are also found to be influential, models that include their effects

can be used to identify specific survey protocols with regard to these variables. As for the

simple models, when the predictive performance of models including weather effects is

reasonable, they may be used to identify the number of surveys required to achieve a

desired cumulative probability of detection, given variation in survey timing and duration.

Both approaches ultimately allow managers to assess trade-offs with logistical and

financial constraints, and identify the optimal survey regime.
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