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1. MONITORING MARSH BIRDS — HOW DO CURRENT APPROACHES 

BALANCE EFFICENCY WITH RELIABILITY?  

1.1. CHAPTER OVERVIEW 

• Abstract 

• Introduction. Monitoring methods, marsh bird assemblage and marsh bird 

monitoring 

• Literature search and analysis 

• Results 

• Discussion. Identifying gaps and new methods 

• This thesis. The chapter outlines 
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1.2. ABSTRACT 

Monitoring is the baseline for all conservation management and generally relies on 

population counts, or presence/absence surveys. A central question to the usefulness 

of surveys for estimating trends is whether the surveys adequately represent the 

biological communities that are being monitored. For small populations, strict habitat 

specialists and highly cryptic species, an absence of observational records need not 

indicate actual absences, complicating monitoring and confounding management. The 

confident inference of absence is equally as important as presence for many species. 

Here I investigate established and emerging techniques for monitoring marsh bird 

assemblages worldwide, a notoriously secretive group of birds making them an ideal 

group to test novel methods. A critical evaluation of existing survey methods revealed 

the limiting and confounding factors that are further investigated in this thesis. This 

systematic review demonstrates that survey effort (spatial and temporal) and survey 

method may be a limiting factor, coupled with detectability and apparency as 

confounding factors when monitoring secretive marsh birds. The evaluation is two-

fold as it also additionally investigates how to collect behavioural data when the life 

history of these species does not afford itself to frequent visual observations. Detailed 

and reliable population estimates, distribution and trend information, and life history 

information are necessary to manage and conserve populations before their rapid 

decline results in more species extinctions.  
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1.3. INTRODUCTION 

Monitoring is the baseline for all conservation management and generally relies on 

population counts. A central question to the usefulness of surveys for estimating 

population trends is whether the surveys adequately represent the biological 

communities that are being monitored. The population count is generally derived from 

a standard method, for example; transect or point counts, or mark-recapture methods 

that are best suited to the species or assemblage studied (Bibby et al. 1992). However, 

in many study designs there is the assumption (expressed or implied) that a 

standardized protocol ensures comparability. Without estimating sample 

completeness, comparability is an unknown factor (Watson 2017). As no population 

estimate will exclude bias to some degree, some methodologies then adjust for the 

detection probability (Lieury et al. 2017). There are two approaches to address this 

issue; the first is to statistically adjust site occupancy using species detection 

probabilities, and the second is to determine the minimum sampling effort required to 

adequately represent the communities (de Solla et al. 2005; Pellet and Schmidt 2005).   

Presence-absence data are used widely to understand wildlife habitat 

relationships, from simple descriptive studies of range limits to complex modelling to 

identify distributional determinants and predict future ranges under various scenarios 

(Schulman et al. 2007; Onikura et al. 2014; Jokinen et al. 2019). However, with most 

predictive species models based on presence-only observations, a common problem is 

the lack of true absences that are then adjusted for by pseudo-absence data (Stokland 

et al. 2011). Failure to detect a species in an occupied habitat patch is a common 

sampling problem particularly when the population is small, individuals are difficult 

to sample, or sampling effort is limited (Gu and Swihart 2003). This monitoring 

challenge is relevant across all biota. In the case of three elusive European snake 
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species, probability of detection was found to vary depending on habitat, season, the 

area surveyed, the population size of the species and the observer (Kéry 2002). For 

the asp viper (Vipera aspis), smooth snake (Coronela austriaca), and grass snake 

(Natrix natrix) Kéry (2002) determined that sites needed to be surveyed 12, 34 and 26 

times (respectively) before the likelihood of a true absence exceeded 95% confidence. 

For a cryptic and uncommon frog species, a minimum of 20 sampling nights were 

required to obtain at least an 80% detection probability (de Solla et al. 2005). In this 

case, the variation in detection probability was associated with species-specific call 

variations associated with breeding. The conclusion drawn from these studies 

suggests that species presence or absence can only be determined accurately by 

ensuring sampling effort is sufficiently high that non-detection ceases to be an issue 

(de Solla et al. 2005; see also Gibbons et al. 1997).  

There are multiple methods to detect and estimate the density for bird species 

(Verner 1984; Bibby et al. 1992; Fletcher et al. 2000). For the more conspicuous 

birds, ecologists rely primarily on formal counts using visual detections such as point 

counts or line transect (Bibby et al. 1992). Alternatively, territory mapping is another 

method to estimate species density. However, it involves labour-intensive fieldwork, 

is spatially restrictive, and can create high levels of disturbance when employing 

methods such as call-playback, dogs to promote flushing, consecutive flushing or nest 

searching (Bibby et al. 1992; Peterson et al. 2015).  

Marsh birds (or wetland birds) include rails and crakes (Rallidae), and bitterns 

(Botaurinae). They are notoriously secretive in their behaviour and difficult to 

monitor given their small population size, their tendency to occur as solitary 

individuals or in very low density, restricted range, propensity to walk or run rather 

than fly, and the dense habitat in which they live (Conway 2011). This group is 
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generally poorly represented in ornithological literature and little is known about their 

population status, distribution and ecology (Ripley 1977; Taylor and van Perlo 1998; 

Conway 2011; Garnett et al. 2011). Although found in a range of habitats, marsh 

birds are generally associated with wetlands, (Taylor and van Perlo 1998; Conway 

and Gibbs 2011); however, their distribution also extends to grasslands, forests, 

agricultural areas and remote oceanic islands (Ripley 1977; Steadman 2006). 

Wetlands are one of the most threatened ecosystems globally due to the conversion of 

habitat for urbanization, human activity and changes in climate (Takekawa et al. 

2006; Finlayson 2012; Hu et al. 2017), therefore putting marsh birds under extreme 

pressure for survival.  

 

Current methods 

The methods currently used to detect marsh birds are primarily reliant on 

vocalizations (Conway 2011). However, nest searching, line dragging and thermal 

imaging cameras (Mills et al. 2011) have also been used. Vocalizations perform 

multiple functions and require significant energy from the bird when breeding, 

attracting a mate, sending an alarm, or defending their territory. The frequency of bird 

vocalizations is dynamic, changing by the minute, hour, day and season, influenced 

by weather, human disturbance and human induced noises and landscapes (Briefer et 

al. 2010). Finally, the dense habitats they frequent can interfere with the propagation 

of sound (Yang et al. 2013), with volumes attenuating markedly with distance from a 

calling bird. These factors all contribute to a low detection probability. 

In the 1960s the use of taped bird calls (or call-playback) was established as a 

monitoring technique (Bibby et al. 1992). The technique was used to detect three 

species of quail (Levy et al. 1966), and subsequently the technique was effectively 
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applied to a marsh bird, the Clapper Rail (Rallus longirostris rhizphorae) (Tomlinson 

and Todd 1973). Up until 2011, marsh bird surveys in the USA were generally 

included in the Breeding Bird Survey. This however resulted in the under sampling of 

marsh birds as the survey method was road-side based, which subsequently under-

sampled wetlands (Lawler and O’Connor 2004). Anecdotal evidence of declines in 

the populations and distribution of rails, bitterns, and grebes (Conway and Eddleman 

1994) motivated efforts to develop specific monitoring protocols to increase the 

detection probability of these species (Gibbs and Melvin 1997). In 2011, Courtney 

Conway published the North American Marsh Bird Monitoring Protocol that is now 

the principal methodology used for marsh obligate birds. This methodology 

incorporates timed listening periods after call-playback (Conway 2011). In this 

protocol, multiple marsh bird species vocalizations may be played to elicit a response 

from a secretive species. Surveys are usually conducted with a passive survey period 

of 5 minutes to begin, followed by call-playback of ~5–15 minutes duration 

(dependent on number of target species). The broadcast of a species call is generally 

played in bursts of 30 seconds, interspersed with silence for 6 seconds, progressing 

methodically through the species’ repertoire. The next species’ call is played, and so 

on. There is a final 30 seconds of silence to end the survey (Conway 2011).  

The question around individual species responsiveness, or as a group to call-

playback remains unknown. For example, detection of one species’ call, an effect 

noted in owl surveys (where call playback is also routinely used) (Wiens et al. 2011), 

might result in a decrease in the detection probability of another (Conway and Nadeau 

2010). Contradictory results from other studies indicated an improvement in detection 

probability with call-playback (Swift et al. 1988; Gibbs and Melvin 1993; Bogner and 

Baldassarre 2002; Conway and Gibbs 2005), and yet more studies identified no 
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significant change in detection probability with this method (Manci and Rusch 1988; 

Martin et al. 2014; Bui et al. 2015). Call-playback is not used solely for marsh bird 

detection, but has many applications for vocal species detection and behavioural 

observation in birds (Douglas and Mennill 2010; Vrezec and Bertoncelj 2018), 

primates (Lameira and Wich 2008; Bezerra et al. 2010) and frogs (Capshaw et al. 

2018). Regardless of the group of organisms, similar variations in response have been 

observed. For example, an adverse response was found during tone pulse and call-

playback experiments on frogs. Male frogs suppressed their vocalizations during the 

playback stimulus and then vocalized more during the silent period (Grafe 1996). 

As a whole, there is remarkably little peer-reviewed research into the effects 

of call-playback on birds (Johnson and Maness 2018; Watson et al. 2018). 

Traditionally used only by ornithologists for species-specific detection, call-playback 

is now also being applied in the field by amateurs, via the use of apps and smart 

phones. In addition, there is much uncertainty as to what information a call encodes, 

regarding territorial occupancy, breeding activity, or other social status. Indeed, very 

little is known about how widespread across different phylogenetic groups the trait 

female song is and the differences in vocalizations between the sexes (Odom and 

Benedict 2018, Odom et al. 2014). 

Much of the uncertainty associated with population status, distribution and a 

lack of ecological understanding of marsh birds comes from how we approach 

detection, either aurally or visually. I investigated these challenges in a systematic 

literature review. 
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1.4. LITERATURE SEARCH AND ANALYSIS 

I conducted a systematic literature search to evaluate how detectability has been dealt 

with in previous research. Using Scopus, I searched for studies with the words 

‘wetland’, ‘marsh’ and ‘birds’ in their abstract, which yielded 4985 papers published 

between 1988 and 2016. I took the 560 most cited articles as an indicative sample of 

current practice, then excluded publications written in languages other than English, 

that related to studies which excluded marsh obligate species, that addressed subjects 

other than surveys, multiple papers using a government database or an original 

dataset, and literature reviews. This process excluded 466 to leave 95 for review. To 

increase the sample of publications, I conducted an additional refining search for 

publications containing the words ‘birds’, ‘wetland’ or ‘marsh’, and ‘secretive’ or 

‘cryptic’ anywhere in the text from the original search. This yielded 120 publications 

from which duplications from the original search were removed leaving an additional 

17 publications. Total publications for analysis was 112.  

For each study, I investigated the survey method used to detect marsh birds (both 

individual and multi-species assemblages). From this initial selection, I then asked the 

following questions:  

1. How are secretive wetland/marsh birds currently sampled? 

2. Was the chosen methodology referenced to an existing protocol?   

3. What were the variables influencing detectability that were considered 

in the survey design – distance between survey points, survey effort 

(replicates, minutes, total time, study duration, season and month)? 

4. When call-playback was used, what was the broadcast volume? 

5. Where did the study take place?  
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1.5. RESULTS 

1.5.1. Sampling method 

The method used to sample marsh birds varied, however most (65 of the 112 studies; 

~58%) used call-playback surveys followed by passive point counts (18 studies; 

~16%), a combination of survey methods (13 studies; ~13%) and transect surveys (11 

studies; ~10%) (Table 1.1). 

 

1.5.2. Was the method referenced? 

Of the 112 studies considered, 33 failed to reference the survey method to a published 

standard and provided no justification as to why the method was chosen. The 

Standardized North American Marsh Bird Monitoring Protocol (Conway 2011) and 

Bird Census Techniques (Bibby et al. 1992) were the most referenced publications.  

Table 1.1 

Results from a literature search (n = 112 studies) investigating survey methods applied for 

the detection of marsh birds.  

Survey method Number of studies (~% of 112) 

Call-playback 65 (58%) 

Passive point 18 (16%) 

Combination 13 (12%) 

Transect 11 (10%) 

Area search 2 (2%) 

Mist net 1 (1%) 

Photography 1 (1%) 
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1.5.3. Variables within the survey method 

Distance between survey points 

Of the 86 studies that used call-playback (n = 66) or point passive surveys (n = 20) 

(Figure 1.1), 28 (~33%) did not include the distance between survey points in the 

methodology of the study. The most common distance used in a survey between 

points was 200 m (n = 18) and 400 m (n = 13). If the distance stated in the study was 

a range, I used the maximum distance within these parameters in the analysis, and two 

distances were rounded to the nearest 50 m. If the paper used a combination of 

methods, both were used in the analysis. 

 

Figure 1.1. Distance in metres between call-playback and passive point surveys points. 

Survey effort – number of replicates 

This calculation relates to how many replicate surveys were conducted as a whole for 

the study. Most studies (n = 28) conducted a survey between 4–6 times, between 1–3 

surveys for 26 studies, between 7–9 surveys for 16 studies, between 10–12 surveys 

for 13 studies, with the remainder of studies (n = 19) over 16 surveys (Figure 1.2). 
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Figure 1.2. Survey effort. Total number of replicates completed during the study. 

Survey effort – minutes per survey per site/ survey  

Of the 88 studies that recorded survey effort in minutes, 44 studies (50%) recorded 

data between 6–10 minutes at an individual site, 16 studies (~18%) 11–15 minutes, 10 

studies (~11%) 1–5 minutes, 6 studies (~7%) 16–20 minutes, and the remaining 12 

studies (~14%) recorded up to 95 minutes (Figure 1.3).  
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Figure 1.3. Effort per survey (minutes).  

 

Survey effort – total minutes for the study at a survey point or transect line 

Of the 88 studies that recorded survey effort in minutes, 43 studies (~49%) collected 

between 1–50 minutes of data for the overall survey, 18 studies (~20%) 51–100 

minutes of data, 10 studies (~11%) 101–150 minutes of data, 7 studies (~9%) 151–

200 minutes of data, and the remaining 10 studies (~11%) up to 500 minutes at each 

survey point or line transect as a total for the study (Figure 1.4). 



13 

 

Figure 1.4. Total effort (minutes) at a survey point or line transect for the study.  

 

Season and month 

Of the 109 studies that reported sample duration, 43 studies (~39%) were conducted 

over a period greater than 3 months, not necessarily conducted in a consecutive 

period, 32 studies (~29%) during 2–3 month duration, 15 studies (~14%) over 2 

months and 19 studies (~19%) in less than 2 months (Table 1.2). The surveys were 

conducted over the breeding season in the applicable continent, however some studies 

were not restricted to this time and extended over months or years. Monthly 

parameters varied due to temporal and spatial variation in breeding cycle. 
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Table 1.2. Survey duration period 

Survey duration period Number of studies (~% of 109) 

< 2 months 19 (18%) 

2 months 15 (14%) 

2-3 months 32 (29%) 

> 3 months 43 (39%) 

 

 

Temporal variation 

The time of day when surveys were conducted varied, but most studies (91 of the 112 

studies that provided a time of day when the survey was conducted; ~81%) were in 

the morning (81 studies; ~72%) and late afternoon to evening (26 studies; 23%). 

Interestingly, there were inconsistencies in the terminology used to define morning 

and afternoon/evening times of survey. ‘Sunrise’ or ‘sunset’ was mostly used as a 

reference point for hours before and after, however some surveys stated actual time of 

commencement and completion without stating a reference to sunrise or sunset. The 

terms ‘morning’, ‘dawn’, ‘dusk’, ‘early morning’, ‘close to dawn’ or ‘evening’ were 

used. ‘Civil sunrise and civil sunset’ were used in one study. Both the morning and 

afternoon/evening was sampled in 20 studies. 

 

Call playback – broadcast volume 

Decibel volume was not recorded in 42 of the 70 studies that used call-playback as a 

component of the survey methodology (65 call-playback surveys and combination 

methods which included call-playback; ~ 60%). The studies (28 studies; 40%) that 

used call-playback, noted decibel pressure between 80–90 dB sound pressure at 1 

meter from the front of the speaker. This is the broadcast volume recommended by 

the North American Marsh Bird Protocol (Conway 2011). Surveys conducted prior to 
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the development of digital playing equipment consisted of handheld cassette players 

with a loudspeaker attached. The equipment used for playback varied greatly among 

publications. No publication mentioned the potential impact of vegetation structure or 

density on how far the broadcast would carry in the design of the survey. 

 

Location 

The location of the marsh bird studies was concentrated in the USA (70 of the 112 

studies; ~63%), Canada (16 studies; ~14%), and Europe (6%) (Table 1.3). There were 

no published studies from Australia. 

 

Table 1.3. Location of marsh bird study 

Country Number of studies (~% of 112) 

USA 70 (63%) 

Canada 16 (14%) 

Europe 7 (6%) 

South America 6 (5%) 

Malaysia 4 (3%) 

China 3 (3%) 

Turkey 2 (2%) 

UK 1 (1%) 

Madagascar 1 (1%) 

New Zealand 1 (1%) 

Africa 1 (1%) 
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1.6. DISCUSSION 

Predicting spatial distribution of a species based on survey data has been recognized 

as a fundamental component of conservation and threatened species management 

(Scott et al. 2002). A low detection probability, coupled with potential false 

assumptions of absence in surveys, affects the management and conservation of marsh 

bird assemblages and, thus, necessitates that biologists and researchers refine their 

data collection methods. Unlike conspicuous wetland species, such as ducks that can 

be surveyed aerially in their hundreds or thousands (Kingsford and Porter 2009), 

cryptic marsh birds appear in pairs or singles, and are well camouflaged in the dense 

wetland vegetation. This group is disproportionally threatened worldwide and 

continues to experience a higher than average rate of extinction, primarily due to 

degradation and reclamation of wetlands, climate change and invasive mammalian 

predators. This systematic review demonstrates that survey effort (spatial and 

temporal) and methodology may be limiting factors, coupled with detectability and 

apparency as confounding factors, when monitoring secretive marsh birds. Within the 

survey design itself, the variables such as distance between survey points, number of 

replicates, minutes, total time, study duration, and season and month varied 

considerably and consistently between studies. 

The call-playback surveys were the most commonly used methodology and 

although primarily referenced to the North American Marsh Bird Protocol (Conway 

2011), there was significant variability in the passive listening periods (5–10 

minutes). Call-playback times varied in accordance with number of species calls that 

were played (2–14 minutes). Decibel volume was not recorded in most studies and 

this is of note when attempting to elicit a species response. The probability that a bird 

will hear a call from another bird (simulated by call-playback) depends on sound 
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attenuation and this can be affected by: (1) the frequency content of the call (high 

frequencies tend to attenuate faster over distance than do lower frequencies); (2) the 

physical properties of the sound transmitting medium (e.g., air temperature, humidity 

and turbulence); and (3) the nature of the intervening vegetation and reflective 

surfaces such as leaves (Yang et al. 2013). Therefore, the actual decibel level can be 

regarded as important to test and validate survey point spacing. However, the nature 

of the intervening habitat structure could be a limiting factor in detecting the target 

species’ response also. This is potentially where call-playback is a limiting factor for 

three reasons. Firstly, due to unknown and conflicting responses from conspecific and 

heterospecific individuals; secondly, due to the variability in distance of sound 

travelling from the call-playback unit, and thirdly, due to any unknown differences in 

conspecific call dialects. The variability in sound attenuation can result in significant 

spatial gaps between survey points where the target species is present (Yip et al. 

2017), but because it is unable to hear the call being played, it does not respond. 

Heterospecific differences in marsh bird responses to call-playback are generally 

inconsistent (Soehren et al. 2009; Conway and Nadeau 2010). The percentage of 

increase in detection from call-playback between conspecific species in comparison to 

passive methods varied between 14% for the American Bittern (Botaurus 

lentiginosus) to 632% for the Purple Gallinule (Porphyrula martinica) (Conway and 

Nadeau 2010). The majority of studies had a differing number of species calls and in 

different orders of playing, therefore, it is difficult to quantify which species responds 

to another. 

With ~80% of studies in this review completing under 12 survey replicates 

and most undertaking 4–6, detection probability for many cryptic marsh birds would 

be very low (i.e., a high likelihood of birds present but not detected). An example is 
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the Black Rail (Laterallus jamaicensis jamaicensis), where an effort of up to 15 

replicates was required to attain a 90% detection probability (Conway et al. 2004). 

Therefore, there is a high probability that studies in this review missed species that 

were present at the sites being sampled. Congruent with the low survey effort was the 

number of studies that noted detection probability. Just 32% studies mentioned 

detection probability, and of these, 28% used occupancy and distribution modelling, 

mostly using the program PRESENCE (Hines 2006). However, the fact that 

modelling was applied to some survey results can still limit the actual reliability of 

results. There are limitations within modelling when ecological knowledge is a 

constraint, as in the case of poorly known or cryptic species (Austin 2002), and the 

potential for a lack of true absences in the dataset. Three studies noted that they had 

adjusted for detection probability by using call-playback. 

Surveys were conducted primarily over the breeding season as this is the time 

when vocalizations are at their peak due to mate advertisement and territory display. 

However, little is known about optimal vocalization periods for many marsh obligate 

species and subsequently, surveys are biased to periods within the season (start of 

breeding season or end of breeding season depending on resources). Peak vocalization 

times also differ geographically (Rehm and Baldassarre 2007). Without this 

background knowledge, determining the most effective time to detect breeding birds, 

or distinguish territorial residents from passage migrants, is very difficult. Temporal 

variation was minimal as most surveys were conducted within a few hours or either 

sunrise or sunset. It is however, a broad assumption that the peak vocalization times 

for all marsh bird species are the same. As was noted by Harms and Dinsmore (2014), 

an increased understanding of seasonal and time-of-day differences in detection rates 

for individual species, will result in an increase in detection probabilities.  
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Most studies (~77%) were conducted in USA and Canada. Of note was the 

absence of any publications from Australia about marsh or wetland birds. All 

sightings and anecdotal population estimates are database results from the BirdLife 

Australia Atlas (Garnett et al. 2011). These data are predominately incidental 

sightings which are often more informative regarding where birders travel, rather than 

indicative of true distribution.  

The conservation outcome for ‘missing’ threatened species during a survey 

has consequences, in terms of both species and habitats, from small scale to global 

scale. Escalating pressures on species associated with reduced habitat availability, 

climate disruptions and invasive species are now coupled with management decisions 

based on guess-work rather than being evidence-based (Woinarski et al. 2017; Garnett 

et al. 2019). This is particularly apparent when the species is difficult to detect, 

monitor and therefore manage. Thus, it is critical to consider these factors for 

increasing the success of species-specific conservation programs. In Australia, these 

factors include conservation evaluation, status listing under legislation, recovery 

plans, and recovery teams and monitoring to manage a species and reduce the risk of 

extinction (Garnett et al. 2011; Braby 2018). 

1.7. THIS THESIS 

From the gaps I identified in the literature review, the overarching questions of this 

thesis emerged. The central theme involved how to confidently confirm presence or 

absence inferred to an assemblage of birds, when primarily detected from their 

vocalizations? Additionally, how can observational information regarding behaviour 

and life cycle be collected without disturbing species behaviour or habitat? 

To answer these questions in this thesis I investigate; 
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• The role of survey effort in sampling design  

o Survey duration 

o Survey frequency, especially relative to the phenology of target species 

/ seasonality of the overall study system 

• Passive methodologies, with minimal disturbance to environment or species 

• Ways to increase understanding of migratory species movements 

• Survey design to suit scale and budget 

To address some of the key knowledge gaps identified in the review, I evaluated the 

reliability and applicability of two relatively new monitoring methods; 

1. Acoustic sensors 

2. Camera traps 

The recent technological advances in monitoring equipment have allowed 

wildlife managers to extend survey effort both temporally and spatially, without the 

cost of paying trained specialists for extended periods in the field. These automated 

passive recording devices; camera traps (visual) and acoustic sensors (aural), have 

been successfully applied to ecological work for the last 20 or more years. 

Interestingly, despite the individual strengths of camera traps and acoustic sensors, the 

two techniques have rarely been combined (Buxton et al. 2018).  

Acoustic sensors (autonomous recording units) record all received sounds 

emanating from a specific location in the landscape. The resultant data represents a 

‘soundscape’; an integration of biophony (sounds from living organisms), geophony 

(sounds from wind and water flow), and anthrophony (sounds generated by humans) 

that are unique to an area (Pijanowski et al. 2011).  

The emerging field of automated passive acoustic monitoring is an effective 
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tool for detection of species that generate acoustic signals (Blumstein et al. 2011). 

These recordings over long-durations are increasingly being used to monitor species 

diversity (Farina and Gage 2017). The approach can yield large quantities of data over 

extended temporal scales that are simply not feasible to collect using traditional 

monitoring techniques (Willacy et al. 2015). The timing and frequency of animal 

vocalizations are often associated with varying breeding events. Therefore, automated 

acoustic monitoring can vastly improve our ecological understanding of breeding 

phenology in response to climatic and seasonal factors and thus improve detection 

rates for rare species (Willacy et al. 2015). For decades acoustic monitoring has been 

used to monitor marine species (Parmentier et al. 2018; Sousa-Lima et al. 2013), 

mammals (Collier et al. 2010), freshwater ecosystems (Linke et al. 2018), 

invertebrates (Fischer et al. 1997), bats (Estrada-Villegas et al. 2010), and anurans 

(Crouch and Paton 2002).  

Visual observation of some species is difficult, yet it is through this medium 

that wildlife managers primarily document the behaviours of all biota. Camera traps 

have become more frequently applied to avian studies during the last fifteen years 

(O’Brien and Kinnaird 2008; Meek et al. 2015) after first being used extensively to 

study large mammals (Karanth 1995; Karanth and Nichols 1998; Silver et al. 2004). 

They offer a medium of collecting observational data, population dynamics and 

wildlife inventories over an extended duration with minimal impact to species and 

habitat (Silveira et al. 2003; O’Connell et al. 2011). Camera traps have now been 

applied to studies investigating specific ornithological questions. For example, camera 

traps were used to monitor nest predation and ecology (Picman and Schrimi 1994; 

Bolton et al. 2007) and seed dispersal by hornbill species (Kitamura et al. 2004). 
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More recently, a high-speed video camera system was designed for hummingbirds 

due to their small body size and fast movements (Rico-Guevara and Mickley 2017). 

With regards to the application of camera traps and acoustic monitoring, I 

discuss potential solutions to some of their limitations, as demonstrated in multiple 

case studies. These two monitoring techniques have rarely been combined (Buxton et 

al. 2018) and my study represents the first small and large scale deployment of both 

methods, specifically targeting marsh birds.  

Broadly, this thesis addresses important questions in relation to marsh bird 

detection. Individual chapters detail the application of novel monitoring techniques 

(camera traps and acoustic sensors) and in turn, address some of the limitations of 

current methods that I identified in the literature review. In summary, Chapter 2 and 

Chapter 3 focus on the application of camera traps, Chapter 4 investigates acoustic 

monitoring, and Chapter 5 demonstrates the application of both camera traps and 

acoustic sensors over five case studies. Chapter 6 provides a synthesis of the thesis 

and future directions. 

In Chapter 2, I begin by introducing camera traps as an effective tool for 

monitoring Tasmanian Lewin’s Rail (Lewinia pectoralis brachipus). Lewin’s Rail is 

poorly represented in ornithological research and little is known about its population 

status, distribution, biology and ecology. This species inhabits dense vegetation and is 

rarely seen therefore minimizing the opportunity to collect behavioural data. I 

investigate the efficacy of deploying camera traps for an extended duration, in a 

difficult to access study site – Tasman Island, Tasmania, Australia. The survey effort 

of this study was 294 days (3,975 camera trap days). This chapter is an extended 

version of the published manuscript and is the first camera trapping study specifically 

targeting a rail species. 
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In Chapter 3, I further test my camera trap methodology from the Lewin’s Rail 

study (Chapter 2) and apply it to a study in the Cocos (Keeling) Islands, Indian 

Ocean, Australia. This study targets another rail species, the Cocos Buff-banded Rail 

(Hypotaenidia philippensis andrewsi), which is federally listed as threatened. The 

Cocos Buff-banded rail was translocated in 2013 to Horsburgh Island, in an attempt to 

establish a second population to mitigate potential extinction. The Cocos (Keeling) 

Islands present a different set of logistical challenges in comparison to Tasman Island, 

but similarly, the monitoring method needed to be passive due to the remote island 

location and the associated logistical constraints. In conjunction with the camera trap 

deployment, transect surveys (aural and visual) were conducted to monitor the 

population. Data was collected over a period of 397 days (10,736 camera trap days). 

In this chapter I demonstrate strengths of each monitoring method and discuss the 

conservation management outcomes.  

Chapter 4 introduces long duration acoustic recordings as a complementary 

methodology. With many secretive marsh birds, detection is primarily from their 

vocalization and yet, as they are so poorly known, limited or no information is 

available in regard to temporal vocalization strategies or migratory movements. This 

study was conducted in Tennessee, USA, on a species of concern, the Least Bittern 

(Ixobrychus exilis). The study presented in this chapter represents a proportion of a 

larger study equalling 120 days of continuous acoustic recordings and 330 camera 

trap days. For this analysis, I included data from one acoustic sensor deployed for ~30 

days (730 hours of continuous acoustic recording). This ‘big data’ necessitated 

machine learning and data visualization techniques for data sorting and analysis. I 

demonstrate the application of long-duration false-colour spectrograms and a 
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regression recognizer. This study is an illustrative example of extending survey effort 

for cryptic species detection.  

Chapter 5 integrates five vignettes from separate case studies to illustrate 

different ways to match the question to the appropriate method. These case studies are 

drawn from my large scale studies in Tasmania, Australia (effort equal to 613 camera 

trap days and 740 acoustic sensor days), Yawkey Wildlife Center, South Carolina, 

USA (effort equal to 805 camera trap days and 400 acoustic sensor days), and The 

Oak Ridge Reservation, Tennessee, USA (effort equal to 330 camera trap days and 

120 acoustic sensor days). They discuss strategies to answer the overarching questions 

identified in the literature review. The methods and key findings reveal the emergent 

themes for optimal monitoring strategies relevant to budget and scale. 

Chapter 6 concludes with a summation of key findings and a synthesis of how 

optimal monitoring should balance the attributes of the species with the central 

question being addressed. While emphasizing the application of novel technologies to 

monitor secretive marsh birds, this discussion extends to biodiversity monitoring 

methods more broadly, identifying those questions, taxa and systems best suited to 

technological solutions for increasing conservation outcomes of biodiversity 

monitoring programs. 
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2. CAMERA TRAPS ARE AN EFFECTIVE TOOL FOR MONITORING LEWIN’S 

RAIL (Lewinia pectoralis brachipus) 

 

The work described in this thesis chapter was published in Waterbirds:  

Elizabeth Znidersic, Camera traps are an effective tool for monitoring Lewin’s Rail 

(Lewinia pectoralis brachipus) 2017. Waterbirds 40(4):417-422.  

2.1. CHAPTER OVERVIEW 

• Chapter begins with the published abstract of the above paper 

• A description of the target species, the Lewin’s Rail 

• The importance of this species and its conservation 

• Monitoring method—camera traps 

• This study represents the first application and first published study of camera traps 

to specifically study a rail species 

• Conservation outcomes include the observation of previously undescribed 

behaviours of the Lewin’s Rail and the establishment of a camera trap 

methodology which is transferable to other rail species. 
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2.2. PUBLISHED ABSTRACT 

Precise sampling and observational techniques are fundamental to species management 

and conservation. An array of camera traps (n = 15) was deployed to collect information on a 

poorly known wetland bird, Lewin’s Rail (Tasmanian) (Lewinia pectoralis brachipus) on 

Tasman Island (120 ha), Australia, from 25 August 2012 to 10 June 2013. Using camera traps 

strategically located to maximize detection probability, images from 1,213 camera events 

quantified Lewin’s Rail occurrence and temporal variation in activity. Observations of social 

organization and behaviour, agonistic behaviour, foraging, relations within family groups, 

breeding activity, and diel activity were recorded. Lewin’s Rail behaviour was documented 

for a total of 294 days (n = 3,975 camera trap days). This study demonstrates the effectiveness 

of camera traps as a tool for studying secretive ground-dwelling birds by minimizing 

disturbance to habitat and species. Although camera traps cannot replace other avian survey 

methods, they provide a complementary method for collecting behavioural data on Lewin’s 

Rail and other ecologically similar species.  
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2.3. INTRODUCTION 

Monitoring populations by conventional sampling and observational methods is reliant on 

the target species either being widespread, abundant or conspicuous. For small populations, 

strict habitat specialists, secretive species and those that inhabit logistically challenging 

environments, alternative sampling and observational methods are required (Bibby et al. 

1992; Glen et al. 2013). Wetland (marsh) bird species such as rails, crakes and bitterns are 

categorized into the latter group (i.e., they are furtive, inhabit thick vegetation, and are 

patchily-distributed in small populations). Marsh birds are detected primarily by their 

vocalizations, and most monitoring relies upon presence/absence estimates using call-

playback and passive aural surveys (Bibby et al. 1992; Conway and Gibbs 2005). Hence, due 

to our limited ability to visually observe some marsh bird species, the resultant knowledge 

gaps constrain our understanding and management of many species.  

In the past 40 years, technological advances in monitoring equipment such as satellite 

transmitters, radio-telemetry, drones, audio recorders (autonomous recording units) and 

camera traps, has changed the way wildlife practitioners approach data collection. Camera 

traps were first implemented as a practical monitoring tool for wildlife in the mid 1990’s by 

targeting species such as jaguar Panthera onca (Silver et al. 2004) and tiger Panthera tigris 

(Karanth 1995). The information collected about these secretive mammals demonstrated the 

effectiveness of a non-invasive model for mark-recapture population estimates. More 

recently, camera traps have been used for other applications such as a sampling method for 

low density primates (Gerber et al. 2014) and investigating determinants of lizard activity 

(Broeckhoven and le Fras Nortier Mouton 2015).  

During the last 15 years camera traps have become more frequently used in the study of 

birds (O’Brien and Kinnaird 2008; Meek et al. 2015). In addition to the standard applications 

of camera trap data to document species occurrence and for use in wildlife inventories (where 
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a species can be individually identified from unique markings), new applications have been 

designed to answer specific ornithological questions regarding behaviour. For example, 

camera traps have been applied to studies on nest predation and nest ecology (Picman and 

Schrimi 1994; Bolton et al. 2007) and seed dispersal by hornbill species (Kitamura et al. 

2004). To date, excluding studies that have been primarily applied to mammals, the 

occasional camera trap image has revealed a rare or elusive bird species. However, studies 

using camera traps have primarily been applied to large, terrestrial bird species (O’Brien and 

Kinnaird 2008).  

Rails (Rallidae) are poorly represented in ornithological research and little is known about 

the population status, distribution, biology and ecology of many rail species (Taylor 1998; 

Conway 2011). This ground-dwelling group of birds, which prefer to walk or run than fly, is 

particularly vulnerable to declines that may go unnoticed due to the difficulties of detecting 

these birds in the field (Taylor 1998; Conway and Gibbs 2005). Lewin’s Rail (Lewinia 

pectoralis) is a medium-sized species of the family Rallidae, length 20–27 cm, wingspan 31–

35 cm and weight 75–90 g females, 80–100 g males (Marchant and Higgins 1993). It has a 

relatively wide distribution, ranging from Indonesia and Papua New Guinea to Australia. Of 

eight described subspecies, three are endemic to Australia: L. p. pectoralis on the east coast of 

mainland Australia, L. p. brachipus in Tasmania, and L. p. clelandi in south Western 

Australia, which is presumed extinct (Garnett et al. 2011). The Tasmanian subspecies of 

Lewin’s Rail (L. p. brachipus) is a small-bodied species that rarely emerges from dense 

vegetation and is seldom seen or heard. It occurs in small numbers and known distribution is 

patchy (Garnett et al. 2011). Hence, many aspects of its life history, distribution and 

conservation status are poorly understood.  
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The objectives of this study were to evaluate the effectiveness of camera traps to provide 

behavioural information on a previously identified population of Lewin’s Rail, and to 

document the advantages of deploying them for extended periods of time in a remote location. 

 

2.4. METHODS 

2.4.1. Study Site 

This study was conducted in the Tasman National Park, on Tasman Island (43° 14′ 31′′ S, 

148° 00′ 09′′ E), a 1.6 km x 1.0 km (120 ha) island located off the south-eastern coast of 

Tasmania, Australia (Figure 2.1). The island is characterized by steep dolerite cliffs and scree 

(rising to 300 m above sea level), which encircle an undulating plateau (Figure 2.2). At its 

closest point, Tasman Island is approximately 500 m from Tasmania, separated by deep and 

unpredictable seas. Recognized as an important breeding site for seabirds (Robinson et al. 

2015), Tasman Island has been uninhabited since the lighthouse was decommissioned in 

1977. The vegetation of the island is a mosaic of dense coastal scrub and tussock grasses 

(Harris and Kitchener 2005) which is potential habitat for the Lewin’s Rail.  
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Figure 2.1. Map of the Lewin’s Rail study site, Tasman Island, Tasmania, Australia. 

 

Figure 2.2. Tasman Island, Tasmania, Australia. 
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2.4.2. Data Collection 

An array of 15 camera traps was deployed for 42 weeks from 25 August 2012 to 10 June 

2013. RECONYX HC600 cameras (n = 14; Holmen) were programmed on the “rapidfire” 

setting (three consecutive still images from a trigger event), at medium sensitivity. 

Additionally, one Scout Guard SG550VB-31camera (HCO Outdoors) was programmed to 

take three consecutive still images (at 1-sec intervals), on medium sensitivity mode.  

Camera traps were unbaited and positioned 0.5–1 m (detection zone) in front of dense 

vegetation or a dolerite rock background (to increase the probability of being triggered by a 

small-bodied animal moving past and to minimize the likelihood of false triggering from 

wind-blown grass). Camera traps were mounted on metal or wooden posts 22–46 cm from the 

ground, or on small rocks 2 cm from the ground, and were aligned horizontally (film plane 

perpendicular to the ground) or adjusted to an angle of 10–40° facing downwards. They 

remained in the same location with the same positioning (alignment) for the duration of the 

study unless a location was deemed unsuitable due to false triggers (as identified by image 

analysis preceding and during each site visit). 

Camera traps were strategically positioned to maximize detection of the target species 

(Meek et al. 2014a). As there are no native or invasive mammalian predators present on 

Tasman Island (Robinson et al. 2015), tracks and openings throughout the vegetation can be 

reliably attributed to thoroughfares created by birds, including rails. Camera traps were 

positioned beside tracks and openings so as to avoid inhibiting bird movements, and 

preference was given to sites that contained evidence of Lewin’s Rail (e.g., feathers, tracks or 

faecal matter).  

To estimate the impact of camera traps on Lewin’s Rail behaviour, I deployed an 

additional camera trap that was vertically aligned (i.e., film plane parallel to the ground, 0.7 m 

directly above the detection zone), from 18 February 2013 to 10 June 2013. Analysis of 
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images collected on a previous field trip revealed agonistic behaviour exhibited by a Lewin’s 

Rail towards one of the horizontally positioned camera traps. The behaviour was aimed 

directly at the camera, or a reflection from the camera housing, and was identified as an issue 

of potential animal welfare concern.  

After each visit, camera trap images were manually reviewed and species identified. 

Images of Lewin’s Rail were categorized to include age class (chick, sub-adult or adult), 

behaviour, and interactions with other species, with the corresponding date and time stamp 

information. When multiple images were taken of Lewin’s Rail in the same minute or 

successive minutes (up to 5 min), I adopted a protocol to filter images into ‘separate events’ 

(Meek et al. 2014a). Thus, multiple images were treated as a single event, unless different 

individuals were definitively identified. Mean detection rate was calculated as total number of 

Lewin’s Rail events/deployment time. An inventory of species other than Lewin’s Rail was 

also documented. 

One camera trap day was defined as a 24-hr period from 00:00 to 24:00 during which the 

camera was operational (Meek et al. 2014a). Camera trap effort was calculated using the 

number of camera trap days from the beginning of deployment until retrieval of the memory 

card, multiplied by the number of individual operational camera traps. If a camera trap or 

memory card malfunctioned, it was classified as ‘not operational’. When the total number of 

images on one camera exceeded > 500 events during a collection period, a sample size of 500 

was used in the analysis.  
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2.5. RESULTS 

The research effort resulted in a total of 3,975 camera trap days from 25 August 2012 to 

10 June 2013 (n = 294 calendar days; Table 2.1). After the first deployment period (n = 93 

calendar days), one camera trap was relocated 20 m from its original position due to the high 

number of false triggers. One camera trap was removed due to technical issues from February, 

2013. The total number of camera trap events was 4,582, with 1,213 (~26%) of those events 

recording Lewin’s Rail (mean detection rate = 0.305). The number of physical days I spent on 

Tasman Island was 45, ~7 hours in the field each day (n = 315 hours). Field hours included 

extended periods of equipment retrieval and deployment, and traversing the island (~5 km 

daily). The total number of incidental observations of Lewin’s Rail was 64 events (n = 59 

aural and n = 5 visual observations). 

 

Table 2.1 

Camera trap effort on Tasman Island by deployment period, from 25 August 2012 to 10 June 2013.  

Component 

of sampling 

effort 

2012 

Nov 

2012 

Dec 

2013 

Feb 

2013 

March 

2013 

June 

Camera 

trap days 

1,395 322 741 370 1,147 

Number of 

cameras 

15 14 13 10 14 

Mean 

camera days 

93.0 23.0 57.0 37.0 81.9 

Cameras 

removed 

0 0 1 1 1 
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2.5.1. Behavioural Observations 

Camera traps captured a variety of rail behaviours. Pairs of adult Lewin’s Rail were 

observed with chicks, allopreening and copulating during August to March. Lewin’s Rail 

chicks (≤ 4) were observed with single (Figure 2.3) or paired adults, preening and foraging 

together. Over a 14-day period, one adult and three chicks returned to the same camera trap 

location on eight separate days. Periods of preening after bathing were in excess of ~35 min 

duration. Stretching occurred during sunning, with rails extending one leg to ~180° and 

opening the wing on the same side of body (Figure 2.3), then holding and retracting the wing 

and leg after ~5 sec. Two rail sunning positions were recorded: standing with wings partially 

spread open (Figure 2.4) or crouched with wings spread fully open (Figure 2.5). Lewin’s Rail 

and Common Greenfinch (Chloris chloris), and Lewin’s Rail and Common Blackbird 

(Turdus merula) were observed together with no indications of interspecific competition or 

agonistic behaviour. Lewin’s Rail foraged by pecking the surface or probing the substrate, at 

times through leaf litter and in scree boulder fields. The bill was drilled directly into the 

substrate down to the forehead. Several skink species were predated upon. A Lewin’s Rail 

was documented roosting in the scree at 10:30 hr, in a small cave nocturnally inhabited by 

Fairy Prions (Pachyptila turtur). 

 

 

Figure 2.3. Adult Lewin’s Rail and chick (edited camera trap image). 
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Figure 2.4. Lewin’s Rail stretching (edited camera trap image). 

The record of Lewin’s Rail agonistic behaviour being directed towards one of the 

horizontally positioned camera traps involved spreading its wings, flapping and moving 

towards the camera (Figure 2.5). Results from the trial deployment of the vertically positioned 

camera trap (n = 119 camera trap days), indicated that vertical orientation did not eliminate 

the behaviour, as the agonistic behaviour was redirected at a surrounding low shrub (Figure 

2.6). 

 

 

 

Figure 2.5. Lewin’s Rail sunning behaviour (edited camera trap image). 
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Figure 2.6. Agonistic display by a Lewin’s Rail at a horizontally positioned camera trap.  

  

 

Figure 2.7. Diel activity patterns of Lewin’s Rail (n = 1,213 events). Calculation of camera events 

was adapted from Meeks et al. (2014a) where multiple images taken by one camera of Lewin’s 

Rail in the same minute or successive minutes (up to 5 min) were treated as a single event (image), 

unless different individuals were demonstrably present. Shading represents nocturnal and diurnal 

phases. 
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Lewin’s Rail observations peaked during late summer in January 2013 (n = 265 events) and 

February 2013 (n = 271 events). Temporal activity peaked in the early morning (06:00–08:00 

hr; n = 196 events) and evening (17:00–18:00 hr; n = 87 events), with nocturnal activity of 

Lewin’s Rail only accounting for ~2.9% of observations (21:00–05:00 hr; n = 35 camera 

events; Figure 2.7). 

 

2.5.2. Other Species Observations 

During the course of this study on Lewin’s Rail, cameras recorded an additional 16 bird 

species varying in mass from 650 g Forest Ravens (Corvus tasmanicus) to 11 g Silvereyes 

(Zosterops lateralis) (Higgins et al. 2006). Two reptile species were also recorded: Metallic 

Skink (Niveoscincus metallicus) and Ocellated Skink (N. ocellatus) (Table 2.2).  
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2.6. DISCUSSION 

Little is known about the behaviour of the Tasmanian subspecies of Lewin’s Rail, as 

sightings are uncommon and fewer than 70 observations have been made since 1995 

(Department of the Environment 2015). The camera traps have proved to be a valuable tool 

for observing previously unknown Lewin’s Rail behaviour, which has contributed to our 

understanding of both Lewin’s Rail and the Tasmanian subspecies. The deployment period of 

294 calendar days enabled observations of breeding activity from August to March, extending 

the previously known range from mid-August to December (Marchant and Higgins 1993). 

Pairs of Lewin’s Rail were not observed outside the breeding season, and no sub-adults were 

observed with adults. Previously thought to be predominantly crepuscular, observations of 

diel activity indicated consistent diurnal activity in Lewin’s Rail.  

Camera traps are undoubtedly a valuable research tool, however their limitations must 

also be taken into account. Long-term camera deployments with limited site visits are prone 

to issues of vegetation growth, which can obstruct the camera’s field of view and increase 

false triggers. I was willing to trade-off an increase in false triggers (camera trap images) with 

the collection of maximum behavioural data in areas prone to dense vegetation growth. 

Additionally, many gaps remain in our current knowledge of how camera placement and 

orientation influence detection probability for different target species (Meek et al. 2015). 

Once again, I traded-off large spatial coverage for locations where I had located signs 

(feathers, tracks or faecal matter) of Lewin’s Rail for a smaller range of view. These locations 

were generally along narrow pre-existing tracks, tunnels or wetland margins, therefore no or 

minimal habitat modification occurred (Figure 2.8). These tunnels and openings were formed 

by the rails and other bird species as no native or invasive mammalian predators are present 

on Tasman Island (Robinson et al. 2015). Camera traps were positioned to the side of tracks 

and tunnels to avoid inhibiting species movement. This study also highlights the advantages 
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of reviewing a sample of images prior to leaving a remote site to mitigate ineffective 

placement or false trigger issues.  

 

 

Figure 2.8. Example of camera trap positioning where the collection of behavioural data was 

traded-off with multiple false triggers. 

Controlled laboratory-based investigations to test audio and infrared optical outputs 

determined that camera traps do produce sounds and illumination that can be seen and heard 

by some mammals (Meek et al. 2014b). Therefore, it is plausible that Lewin’s Rail may have 

been affected by sound or light emission from the camera trap (or reflection from the camera 

housing), as indicated by the agonistic behaviour directed to camera traps with both horizontal 

and vertical positioning. The trial I conducted using a vertical camera orientation was 

effective in confirming the presence of Lewin’s Rail, and recording the agonistic behaviour. 

Vertically-positioned (i.e., ground facing) camera traps have been an effective method of 

detection for some mammal species (Smith and Coulsen 2012), however, horizontal 

positioning is currently the most widely used method in wildlife studies. Further investigation 

into the potential effects of camera traps on bird species is required.  
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The initial financial outlay for cameras is costly, but over time they can become an 

economically viable research tool (De Bondi et al. 2010) when taking into consideration the 

high cost of field technician wages and training, and the limited temporal coverage of human-

based techniques (Gaidet-Drapier et al. 2004). The minimal number of observations I made 

during the physical field time serves to highlight the worth of camera traps for collecting 

behavioural data of Lewin’s Rail (5 visual field observations vs. 1213 camera events). 

Additionally, taking into consideration the very high cost of logistics to access a remote island 

or field site, camera traps can extend the observation period passively and at a reduced cost. 

Although not an appropriate tool for all objectives of avian studies, using camera traps can be 

a valuable complementary methodology. This study demonstrates the effectiveness of camera 

traps for monitoring rail species, or those that are ecologically similar when; (1) it is a 

ground-dwelling specialist, (2) it inhabits or frequents vegetation that is not conducive to 

visual observations, and (3) when disturbance to habitat and species is of prime concern over 

an extended period of time. 
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3. CAMERA TRAPPING AND TRANSECT COUNTS YIELD 

COMPLEMENTARY INSIGHTS INTO AN ENDANGERED ISLAND 

ENDEMIC RAIL 

 

The work described in this thesis chapter has been published. Camera trapping and 

transect counts yield complementary insights into an endangered island endemic rail. 

Elizabeth Znidersic, Trish Flores, Ismail Macrae, John C. Z. Woinarski and David M. 

Watson. Pacific Conservation Biology 

 https://www.publish.csiro.au/PC/PC18067 

   

 

3.1. CHAPTER OVERVIEW 

• Chapter begins with the accepted abstract of the above paper 

• A description of the target species, the Cocos Buff-banded Rail 

• The importance of this species and its conservation 

• Monitoring methods—camera traps and transect surveys 

• Complementary insights resulting from the application of two monitoring 

methods 

• Conservation outcomes include the observation of newly described 

behaviours of the Buff-banded Rail and a potential threat to the 

translocated population. Additional outcomes include an improved 

understanding of the complementary use of transect surveys and novel 

monitoring methods 

  

https://www.publish.csiro.au/PC/PC18067


54 

3.2. PUBLISHED ABSTRACT 

Island endemic species are disproportionately represented in the tally of global 

extinctions. The island endemic Cocos Buff-banded Rail Hypotaenidia philippensis 

andrewsi is classified under the Australian Environment Protection and Biodiversity 

Conservation Act, 1999 (EPBC Act) as Endangered. It is restricted to the remote 

Cocos (Keeling) Islands in the Indian Ocean where, until 2013, only the island Pulu 

Keeling supported a population of this species, following earlier extirpations of the 

bird from islands in the southern atoll. To establish a second viable population to 

mitigate against potential extinction of this subspecies, 39 rails were reintroduced 

from Pulu Keeling to Horsburgh Island in April 2013. As a component of post 

translocation monitoring, we conducted intensive camera trapping from 29 May 2015 

to 30 June 2016 (397 calendar days) to investigate recruitment success, behaviour and 

potential threats to the population. Bi-annual transect sampling to monitor and 

investigate long-term population density was also conducted. We found Cocos Buff-

banded Rail persisting on Horsburgh Island with an increase in the founder population 

to 97 rails in February 2016. Ongoing recruitment with breeding activity on 

Horsburgh Island and the emigration of rails to nearby (2.5 km) Direction Island is 

indicative of short-term success. Images from the camera traps have documented 

behaviours that have not previously been described for the species. House mice were 

also identified as a potential threat to the Horsburgh Island rail population. Island rail 

species have suffered a high rate of extinctions, and their conservation remains a 

formidable challenge, given the risks of continuing introductions of invasive 

mammalian predator species. 
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3.3. INTRODUCTION 

Island endemic species are disproportionately represented in the tally of global 

extinctions, due to their inherently small population size, restricted geographical 

distribution, vulnerability to stochastic events, and susceptibility to introduced 

predators (Szabo et al. 2012; Russell and Holmes 2015; Doherty et al. 2016). The bird 

family of rails (Rallidae) has suffered one of the highest modern extinction rates of 

any vertebrate group—of the 167 rail species, 24 species endemic to individual 

islands / island groups are extinct, one is extinct in the wild, 30 are either critically 

endangered, endangered, vulnerable or near-threatened, and one is data deficient 

under the IUCN’s Red List (available at http://www.iucnredlist.org/, accessed 12 June 

2018). Renowned for their extraordinary dispersal and island colonizing skills, rails 

have a very extensive global distribution, missing only from the polar regions 

(Steadman 2006). Of note is their unique “instability of morphology” (Olsen 1973) 

and therefore propensity for some species to rapidly become flightless (Steadman 

2006). This evolutionary process was widespread on islands during times when 

mammalian predators were absent and the selection pressure for flight abated. As 

humans colonized islands and introduced various mammalian predators, the outcome 

for many rail species was rapid extinction.  

Rails are ground-dwelling and generally cryptic in behaviour, inhabiting dense 

vegetation, preferring to walk or run rather than fly, and occupying patchy 

distributions. Many of these characteristics render them challenging to monitor using 

conventional approaches, so declines may go unnoticed, thereby compromising 

options for timely conservation responses. Detection is primarily reliant on 

vocalizations, with presence/absence estimates based on call-playback, passive aural 

surveys or transect surveys. Only scant observational data is available on even some 

http://www.iucnredlist.org/
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of the more conspicuous rails, reaffirming their status as one of the most understudied 

avian families (Taylor 1998).  

The Buff-banded Rail (Hypotaenidia philippensis) is one of the most widespread 

rails. Up to 26 subspecies are recognized extending across mainland south-east Asia, 

the Philippines, Cocos (Keeling) Islands, New Guinea, Australia, New Zealand, 

Norfolk Island, Lord Howe Island, some south-west Pacific Islands, Macquarie Island 

and Chatham Island, with the latter two now extinct (Marchant and Higgins 1993). 

The Cocos Buff-banded Rail H. p. andrewsi is classified under the Environment 

Protection and Biodiversity Conservation Act, 1999 (EPBC Act) as Endangered. It is 

restricted to the remote Cocos (Keeling) Islands in the Indian Ocean. This island 

group comprises 26 islands in the southern atoll (1,400 ha), and Pulu Keeling (120 ha) 

situated 24 km to the north.  

The Cocos Buff-banded Rail occurred on all islands in the southern atoll until the 

1900s (Gibson-Hill 1949). However, clearing of native vegetation for commercial 

coconut plantations (Cocos nucifera), hunting, and an increase in the population of 

cats (Felis catus) and Black Rats (Rattus rattus) resulted in rapid declines, the 

population contracting down to only a few islands (Gibson-Hill 1949; Stokes et al. 

1984; Stokes 1994). In 1941, it was reported as being restricted to Home Island and 

West Island in small numbers, and Horsburgh Island and the isolated Pulu Keeling 

where it remained plentiful (Gibson-Hill 1949, 1950). The last record from the 

southern atoll was of an individual reported as being killed by a cat on West Island in 

1991 (Stokes 1994). Another Rallidae species, the White-breasted Waterhen 

(Amaurornis phoenicurus), was self-introduced to the Cocos (Keeling) Islands during 

the last 30–40 years. During a survey conducted during 1981–1983, curiously, no 

waterhens were observed (Stokes et al. 1984). However, since that time, their 

numbers have been increasing and its range now extends over the southern atoll. The 
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first waterhen observation on Pulu Keeling was in 2012 (I. Macrae pers. comm.); 

however, the population appears to have remained restricted to just a few birds. The 

increase in abundance and distribution of the waterhen may pose a threat as a 

potential competitor to the Cocos Buff-banded Rail, as was the case on Iriomote 

Island where it is thought to have displaced the Slaty-legged Crake (Rallina 

eurizonoides) (Buden and Retogral 2010).  

Due to the extinction risk inherent in one small population restricted to one small 

island, a Recovery Plan for the Cocos Buff-banded Rail recommended reintroduction 

(IUCN/SSC 2013) to one or more suitable islands in the southern atoll where it once 

occurred—Direction Island (0.34 km2) and Horsburgh Island (1.04 km2) (Reid and 

Hill 2005). In April 2013, 39 Cocos Buff-banded Rails were translocated from Pulu 

Keeling to Horsburgh Island to establish a second viable population (Woinarski et al. 

2016). The newly released population on Horsburgh Island was initially monitored 

with a combination of methods: radio-telemetry, transect surveys and an array of 

camera traps. Transect surveys were implemented for the long-term population 

monitoring and radio-tracking was used for short-term monitoring. To passively 

monitor the survivorship of the rails through their unique colour-bands, camera traps 

were deployed at the release sites for medium-term monitoring. As the rails spread 

over the island from the release sites, some colour-bands of the founding birds 

detached and new (unbanded) recruits entered the population, constraining inferences 

on survivorship. In addition to providing supplemental information on occurrence 

patterns, the array of camera traps provided useful information on their ecology and 

behavioural repertoire, including many previously undescribed behaviours (Znidersic 

2017).  

As monitoring is an essential component to measure translocation success 

(IUCN/SSC 2013), the objectives of this study were: 
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• to monitor a furtive, threatened species, in a remote location that is 

both costly and logistically difficult to visit; 

• to minimize disturbance risk; 

• to estimate the current population of the target species; 

• to record species behaviours over a long duration (exceeding 12 

months); 

• to record potential threats, especially invasive mammalian species. 

The above objectives were achieved using: 

• formal transect counts; 

• incidental observations; 

• remote camera traps. 

3.4. METHODS 

3.4.1. Study Site  

The Cocos (Keeling) Islands (12° 10′ S, 96° 52′ E) are located in the north-eastern 

Indian Ocean, ~900 km from the nearest land, Christmas Island (Figure 3.1). The 

study was conducted on Horsburgh Island (Pulu Luar) (12° 04 ′S, 96° 50′ E), the most 

isolated island in the southern atoll. It is located ~4–5 km from the two inhabited 

islands and 2.5 km from the nearest other island, Direction Island. Although 

supporting the largest area of remnant native vegetation in the southern atoll, 

Horsburgh Island has a mixture of native and introduced plant species (Williams 

1994). There are several small lagoons (soaks) to the west and one large lagoon (0.9 

ha) (Figure 3.2) to the north of the island. 
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Figure 3.1. Cocos (Keeling Islands), Indian Ocean, Australia. 

 

Figure 3.2. Large lagoon on Horsburgh Island, Cocos (Keeling) Islands, Indian Ocean, 

Australia.  
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3.4.2. Data Collection 

Camera traps 

An array of 16–34 camera traps was deployed on Horsburgh Island for ~57 weeks 

from 29 May 2015 to 30 June 2016 (Figure 3.3). Three types of camera traps were 

used; Scout Guard KG-680, Scout Guard 530V (HCO Outdoors) and Reconyx HC600 

(Holmen). When triggered by heat in motion, Scout Guard camera traps were set to 

record 10–15 sec video footage with a 10 sec interval, on high sensor level, or to take 

a sequence of 2–3 still photographs with a 1 sec interval. Reconyx camera traps were 

set to take photographs on a high sensor level, 2–3 images rapid-fire, at 1 sec intervals 

or with no delay, resolution 1080 pixels. Camera traps were unbaited and mounted on 

vegetation or a star picket 2–80 cm above ground. All camera traps were placed in a 

horizontal alignment (focal plane perpendicular to the ground) or adjusted to an angle 

of ~10 degrees facing downwards. Camera traps were positioned low to maximize the 

probability of including colour bands in the images. Each camera trap remained in the 

same location and positioning (alignment) for the duration of the study unless 

completely removed. Placement of cameras was deliberately biased in their 

positioning to maximize probability of detection (Meek et al. 2014) of the Cocos 

Buff-banded Rail. Minimal habitat modification occurred with the exception of sites 

in grassland areas prone to a high number of false triggers. Small patches 30–50 cm 

above the ground were cut under Scaevola taccada shrubs to position camera traps in 

potential foraging and roosting areas (Figure 3.4). Locations were determined by 

indicators of presence such as feathers, faecal matter, pathways flattened by the rails 

through grass, or repeated observations of rail activity.  
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Figure 3.3. Camera trap locations on Horsburgh Island, Cocos (Keeling) Islands, Indian 

Ocean, Australia. 

 

Figure 3.4. Grassland area surrounded by Scaevola taccada and Cocos nucifera, on 

Horsburgh Island, Cocos (Keeling) Islands, Indian Ocean, Australia. 
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Camera memory (SD) cards were collected during field trips to Horsburgh Island, 

then reviewed and species identified. Images of Cocos Buff-banded Rail were 

categorized into banded or unbanded (indicative of founder or new recruit) and age 

class (adult, juvenile, chick). Birds were aged based on plumage, with juveniles 

distinguished from adults by their lack of colour contrasts. Cocos Buff-banded Rail 

behaviours, potential interspecific interactions, and occurrence of invasive species 

were also documented. Where multiple or consecutive images were a result of an 

individual in the camera detection zone for a prolonged period, we filtered the images 

into separate ‘events’ (Meek et al. 2014). Multiple images taken by one camera in the 

same minute or successive minutes were treated in the analysis as only one event, 

unless different individuals were demonstrably present. One camera trap day was 

defined as a 24-hr period from 00:00–24:00 per operational camera trap (Meek et al. 

2014). Camera trapping effort was calculated by the number of operational camera 

trap days from the beginning of deployment until retrieval of the SD card. Camera 

traps with electronic failure, SD card corruption or camera displacement were 

classified as ‘not operational’. Operational time periods for malfunctioning cameras 

were at times unable to be estimated as the last image date was not an indicator of 

malfunction date, therefore total deployment period was not used. As resource 

constraints dictated that three different models of camera traps were deployed, 

detection probabilities may have varied among brands (Meek et al. 2015; Newey et 

al. 2015), an acknowledged limitation for analysis and interpretation of the resulting 

data.  

Transect counts 

Transect surveys were a pre-existing monitoring approach, continued here both 

for continuity and as a point of comparison with the camera trap data. A set of 20 pre-

existing transect lines (Woinarski et al. 2016) were sampled three times in October 
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2015 and three times in February 2016 (excluding one transect line in February 2016). 

One observer walked slowly (1–1.5 km/hr) along the transect line with binoculars and 

reported all rails heard or seen. Transects surveys were conducted between 06:00–

10:00 hr. The total length of transects was 4.13 km, with individual transects varying 

from 100–554 m. The program DISTANCE Version 6.2 (Buckland et al. 2001; 

Thomas et al. 2010) was used to estimate rail density and total population size. 

Following Woinarski et al. (2016) separate estimates were made for the open 

environment (grassland) where rails had a higher probability of being seen over a 

longer distance from the transect line, and the dense vegetation (coconut forest) more 

typical of Horsburgh Island. 

3.5. RESULTS 

3.5.1. Population Estimate 

Transect survey results are summarized in Table 3.1. The October 2015 survey 

detected 58 rails from three complete surveys. The February 2016 survey detected 95 

rails from three surveys across all transects (excluding one transect that was sampled 

twice only). During both survey periods, no rails were observed on transect J located 

in dense forest of Calophyllum inophyllum and Cocos nucifera.  

The estimated density (individuals ha-1) and overall population size (number of 

individuals) for the reintroduced population of Cocos Buff-banded Rails was derived 

from three transect survey samples. The total population was extrapolated from the 

density estimates and based on extent of grassland of 0.3 km2 and extent of dense 

vegetation of 0.7 km2. The population estimate in October 2015 was 82.7 rails and in 

February 2016, 97.0 rails.  
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Table 3.1 

Summary of results from transect surveys for the Cocos Buff-banded Rail undertaken in 

October 2015 and February 2016. Number of samples represents the number of times a 

transect was completed and the number of rails reported represents calls and sightings. 

 

In October 2015 the estimated grassland density (0.83 birds/ha-1; 95% Confidence 

Interval [CI] 0.43–1.58) is less than previously estimated as no rails were recorded on 

transect B (grassland). In February 2016, rails were in higher density in the grasslands 

(1.50 birds/ha-1; 95% CI 0.88–2.54) than in the dense scrub (0.74 birds/ha-1; 95% CI 

0.46–1.21), which is more consistent with previous surveys (Woinarski et al. 2016) 

(Table 3.2).  
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Table 3.2 

Estimated density (individuals ha-1) and overall population size (number of individuals) for 

the reintroduced population of Cocos Buff-banded Rail on Horsburgh Island, derived from 

transect surveys (no estimate was made for August 2013 as sampling was sparse and too 

few rails were detected; estimates February-March 2014, October 2014, May-June 2015 

from Woinarski et al. 2016). Total population was calculated from the density estimates 

and based on extent of grassland of 0.3 km2 and extent of dense vegetation of 0.7 km2. ‘CI’ 

= confidence interval. 

 2014 

Feb-Mar 

2014 

Oct 

2015 

May-Jun 

2015 

Oct 

2016 

Feb 

Density in grassland 

(95% CI) 

0.35 

(0.09-1.43) 

0.70  

(0.36-1.35) 

1.78 

 (1.36-2.34) 

0.83  

(0.43-1.58) 

1.50 

 (0.88-2.54) 

Density in dense vegetation 

(95% CI) 

0.19 

(0.06-0.59) 

0.50 

(0.20-1.08) 

0.97  

(0.66-1.43) 

0.83  

(0.54-1.26) 

0.74 

 (0.46-1.21) 

Estimated total population 23.0 53.6 121.5 82.7 97.0 

 

Camera trap data were not used to derive a population estimate, but were a 

reliable indicator for the presence of founder individuals. Although many colour 

bands had dropped off or could only be partly discerned, survivorship of at least three 

rails from the founder population was confirmed, with records in October and 

November 2016, ~43 months after translocation. Incidental observations were also 

made by the Cocos (Keeling) community of Cocos Buff-banded Rail on Direction, 

West and Home Islands. 

 

3.5.2. Behaviours 

The camera trapping effort from 29 May 2015 to 30 June 2016 resulted in a total 

of 10,736 camera trap days (n = 397 calendar days; Table 3.3). Not all camera trap SD 

cards were retrieved (collection intervals of ~35–68 days) during each collection 

period and therefore mean trapping days varied across the period. A high proportion 



66 

of camera traps (~94%) captured rails in each deployment period with all camera trap 

locations capturing rail events during the study. Data management complications were 

experienced when downloading data from the SD cards, resulting in the loss of some 

data in 2015. This was rectified in 2016 to enable further analysis however the loss of 

some 2015 data constrained analyses for the overall study. 

The camera trap effort in 2016 yielded 24,525 images (Table 3.4). Of these, 4,602 

(~18%) comprised images of rails, with 4,036 (~88%) of these adults, 166 (~4%) 

juveniles and 340 (~8%) chicks. Images collected in February 2016 (n = 12,739) had 

a very high false trigger rate caused by vegetation movement.  

 

Table 3.3 

Camera trapping effort on Horsburgh Island by deployment period, from 29 May 2015 to 

30 June 2016. 

 

  

Component 

of sampling 

effort 

2015 

July 

2015 

Aug 

2015

Oct 

2015 

Nov 

2015 

Dec 

2016 

Feb 

2016 

Mar 

2016

Apr  

2016 

Jun 

Effort in 

days 

1081 758 1107 1316 735 2042 846 1390 1461 

# camera 

traps 

25 26 33 34 16 30 25 30 25 

Mean 

trapping 

days  

50.9 36.1 41.0 47.0 45.9 68.1 33.8 46.3 58.4 

# cameras 

not 

operational 

4 5 6 6 0 3 6 3 7 

# cameras 

with nil 

CBBR 

images 

3 0 0 3 0 3 2 1 1 
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Table 3.4 

Camera trapping effort in 2016 by total images and events for Cocos Buff-banded Rail. 

(Event = multiple images taken by one camera in the same minute or successive minutes 

were treated in the analysis as only one event, unless different individuals were 

demonstrably present). 

Rail chicks occurred at 22 camera trap sites with 37 events recorded during the 

total deployment period, coincident with a peak in breeding activity during January-

March 2016. Chicks were observed in all months excluding August and December. 

The number of chicks varied by event with 27 events of one chick, six events of two 

chicks, three events of three chicks and two events of four chicks (mean = 1.5 ± 0.86 

rail chicks per event). Juveniles were present in all months other than December. 

They occurred at 24 camera trap sites with a peak during March 2016 to May 2016. 

Camera trap images revealed that White-breasted Waterhen were breeding on 

Horsburgh Island. Camera traps at five sites recorded events of waterhen chick 

occurrence, four camera trap sites with one chick and one adult, one camera trap site 

with two chicks and one adult (mean = 1.2 ± 0.45 waterhen chicks per event). 

In addition to Cocos Buff-banded Rail and White-breasted Waterhen, camera 

traps collected occurrence data on the following resident species; Eastern Reef Egret 

(Egretta sacra), Nankeen Night-Heron (Nycticorax caledonicus), Pacific Black Duck 

(Anas superciliosa), Christmas Island White-eye (Zosterops natalis), Red Junglefowl 
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(Gallus gallus), Green Junglefowl (Gallus varius), and the vagrant Common 

Sandpiper (Actitis hypoleucos), Pin-tailed Snipe (Gallinago stenura) and Eyebrowed 

Thrush (Turdus obscurus). No interspecific interactions were recorded. 

Behavioural Observations 

Camera trap images recorded behaviours not previously described for Buff-

banded Rail. Observations made on transect surveys, and incidentally during 

fieldwork, also yielded records of four behaviours. These behaviours were consisted 

mostly of interactions with the landscape and were not observed via the camera trap 

medium. 

Rails were observed feeding day and night, singly, in pairs or family groups (adult 

and chick, or two adults and chicks). They foraged in all habitats across the island: on 

the margin of the big lagoon on coral and mud substrate, wading into shallow water 

(then ducking head beneath the surface in search of food); wet sand areas on beaches; 

small soaks; and grassland, particularly under Scaevola taccada where bare ground is 

exposed. In some cases, foraging substrates were shared with waterhen and Reef 

Egret in close proximity with no agonistic behaviour observed. Foraging postures 

varied; camera images frequently showed rails driving the bill directly into the 

substrate with the torso lifted high (Figure 3.5A) or extending the neck with the body 

low to the ground probing substrate in leaf litter for invertebrates, appearing to rely 

primarily on visual cues. In one image, a rail was observed with a large snail in its bill 

and then observed carrying it away from the capture location (Figure 3.5B).  

Social organization and social bond observations included pairs foraging, roosting 

and preening together (Figure 3.7C). The rails appeared to remain in pairs all year, 

supporting previous reports of monogamy (Marchant and Higgins 1993; Manson 

2003). One colour-banded bird was observed in the same territory from the time of its 

banding in March 2014 to November 2016 (Figure 3.5C). Up to six rails were 
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observed in separate events foraging along the substrate of the big lagoon at the same 

time (from camera trap images and incidental observations).  

 

 

Figure 3.5. (A) Cocos Buff-banded Rail driving the bill directly into the substrate with the 

torso lifted. (B) Cocos Buff-banded Rail carrying a large snail from capture location. (C) 

Cocos Buff-banded Rail adults and 2 chicks (adult #40 banded on Horsburgh Island).  

 

Both parents were observed caring for chicks. Adults and chicks visited the same 

camera trap sites during the growth period to juvenile age-class (Figure 3.6D). Chicks 

foraged independently when a few days old although other images revealed that they 

were also fed by the adults. An adult pair foraged with two chicks in a family group, 

each appearing to take care of one individual chick (Figure 3.6C). Chicks were 

recorded nestling underneath the adult’s breast and belly, standing between their legs 
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with bill pointed up in a posture ready to be fed (Figure 3.6A) or alternatively, when 

an adult found a prey item, the chick would run quickly to the adult’s side to be fed 

(Figure 3.6B). Roosting was observed from night-time images under S. taccada 

amongst the grasses, in pairs and singly. One adult was observed with three chicks 

(approximately 3–4 weeks old) roosting at night. These chicks attempted to roost 

beneath the adult, pushing each other out from under the adult bird that is sleeping. 

When roosting, they tuck their bill under one wing. 

Camera traps collected a variety of social behaviours in both video mode and still 

photographs. An adult rail was observed nibbling around the bill of another rail 

(assuming partner), followed by vigorously gripping behind the back of the neck and 

throat for a few seconds (Figure 3.7B), then resuming its stance beside the other bird. 

This behavioural sequence was also observed prior to copulation. Rails were often 

observed allopreening, particularly nibbling around the bill, head and wing coverts. A 

pair of rails was observed in a courtship act, both standing in an exaggerated upright 

posture, one rail calling with neck stretched and head tilted backwards while the other 

extended its neck at times while close to the other rail (Figure 3.7D). In an example of 

behaviour preceding copulation, the (presumed) male pursued the (presumed) female, 

gripping her around the head and neck while flapping his wings. When the female 

stopped running, her posture changed, dropping her tail and torso, neck pointing down 

and body lowered. The female then bent forward to support herself with her bill 

partially implanted into the substrate, vent lifted high. When the male mounted, he 

grasped the female securely with his feet, then dismounted after approximately 3 

seconds (Figure 3.7A), upon which the female commenced preening. In another 

copulation act, a female rail foraging with a chick (approximately 3–4 weeks old), 

was pursued by a male until she stopped running and the male mounted her. The 

female supported herself with her bill in the coral substrate.  
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Figure 3.6. (A) Cocos Buff-banded Rail chick underneath the adult’s breast waiting to be 

fed. (B) Cocos Buff-banded Rail chick being fed by adult. (C) An adult pair foraged with 

two chicks in a family group, each appearing to take care of one individual chick. (D) 

Adult and juvenile foraging together. 
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Figure 3.7. (A) Cocos Buff-banded Rails copulating. Female has her head down and bill 

planted into substrate. (B) Male gripping behind the back of the neck and throat for a few 

seconds, then resuming its stance beside the other bird. (C) Pair of Cocos Buff-banded 

Rails preening. (D) Pair of Cocos Buff-banded Rails exhibiting courtship behaviour. 

During multiple field visits, when rails were disturbed, they would run with their 

neck extended and low in profile to cover under vegetation or would fly low (0.5–1.5 

m in height) over a short distance to cover. An adult was observed calling to chicks 

when separated from them, however the chicks did not respond vocally and remained 

hidden in dense grasses.  

The rails displayed neophobia (after Meek et al. 2014) towards the camera traps 

demonstrated by approaching and looking into the camera, potentially attracted by 
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their reflection or the infrared flash. The same rail visited one camera trap almost 

daily, sometimes multiple visits on a single day for a 30-day period.  

In a field observation, one rail was observed swimming ~45–50 m across the 

width of the big lagoon. 

 

3.5.3. Potential Threats 

House mice Mus musculus, previously recorded from Horsburgh Island 

(Woinarski 2014), were recorded at eight camera trap sites, of which five also 

captured images of rail chicks indicating co-occurrence of mice and active rail nests. 

Mice were present in all data collection periods excluding July 2015 and December 

2015, with no changes in distribution during or after peak rainfall. No black rats were 

recorded, consistent with previous reports of their absence from Horsburgh Island 

(Woinarski et al. 2016).  

3.6. DISCUSSION 

Conservation management of island endemic species typically involves extended 

fieldwork in remote locations. Moving researchers to and from the study area can be 

prohibitively expensive, often representing the biggest single line item in project 

budgets. Further, intensive on-ground monitoring of small populations may add to the 

disturbance of these individuals, which can potentially exacerbate threatening 

processes. Frequently, these budgetary, welfare and logistical issues constrain 

monitoring, limiting the regularity of data collection and diminishing the resolution of 

key performance indicators used to gauge effectiveness. Further complicating the 

conservation of island rail species is the spread of invasive mammalian species 

globally (Doherty et al. 2016). In addition, this group has one of the highest modern 

extinction rates for a bird family (Steadman 2006).  
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As for many threatened species, limited biological data was previously available 

for the Cocos Buff-banded Rail (Gibson-Hill 1949, 1950; Marchant and Higgins 

1993; Taylor 1998; Reid 2000; Woinarski 2014). However, as demonstrated here, 

camera traps can provide much behavioural information about rail species (Colyn et 

al. 2017; Znidersic 2017) with minimal disturbance over an extended period and 

provide a wildlife inventory that can include native and invasive species. In this study, 

camera traps were effective in collecting previously undescribed behavioural data, 

verifying the persistence of the founder population, and confirming the presence of 

house mice within rail breeding sites. A limitation of using camera traps is that the 

data collected from images are constrained by the limited coverage afforded by the 

camera trap field of view and placement (Fulton 2006; Fulton 2018).  

While useful at identifying emerging threats and generating new information on 

behavioural ecology, camera traps generally cannot provide the evidence for reliable 

estimates of population size without individuals within a species being uniquely 

identifiable (Karanth 1995; O’Brien and Kinnaird 2008) or a random account model is 

used (Rowcliffe et al. 2008). However, the use of camera traps targeting species such 

as jaguar Panthera onca (Silver et al. 2004) and tiger Panthera tigris (Karanth 1995) 

has provided valuable information about these secretive mammals, and demonstrated 

the effectiveness of camera traps as a non-invasive mode for mark-recapture 

population estimates. More recently, camera traps have been used for other 

applications such as a sampling method for populations of low density primates 

(Gerber et al. 2014), and investigating determinants of lizard activity (Broeckhoven 

and le Fras Nortier Mouton 2015). 

The transect results indicate that the reintroduced population of Cocos Buff-

banded Rail on Horsburgh Island is persisting and increasing. The initial founder 

population of 39 birds taken from Pulu Keeling in 2013 increased to 97 rails (95% 
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confidence intervals of 58–161 rails) in February 2016. At least short-term success of 

this translocation is also evident in the ongoing recruitment with breeding activity that 

was not restricted to a defined season on Horsburgh Island, and occasional records of 

rails from other islands in the southern atoll (T. Flores pers. comm.), presumed to be 

of individuals that had dispersed from Horsburgh Island.   

The population estimate from transect surveys and behavioural data from camera 

traps indicate that Horsburgh Island provides adequate habitat for a breeding 

population of Cocos Buff-banded Rail. Although this will potentially not increase to 

the density of Pulu Keeling where ~800 rails occur (Woinarski et al. 2016), it is 

significantly more than the founder population. The rapid population growth observed 

in 2014 to 2015 was less apparent in 2016, indicating Horsburgh Island may now be 

nearing carrying capacity. As recent records demonstrate, rails from Horsburgh Island 

are likely to continue to disperse to other islands in the southern atoll, however 

establishment of new populations on these other islands may be unlikely given the 

presence of back rats and cats on them.  

The conservation future of the Cocos Buff-banded Rail is dependent upon 

ensuring that cats or black rats are not introduced to the two islands supporting 

populations, with spread of rails to other islands in the group possible if these two 

mammal predators can be eradicated from more islands (Misso and Macrae 2014). 

There are many comparable examples globally (Perez et al. 2012; Glen et al. 2013): 

for example, on Santiago Island in the Galapagos, the abundance of Galapagos Rail 

(Laterallus spilonotus) increased after the eradication of pigs (Sus scrofa) (Donlan et 

al. 2007). Although not identified as a potential threat to the Cocos Buff-banded Rail 

in the National Recovery Plan (Reid 2000), house mice may pose some risks to the 

population on Horsburgh Island. In recent studies on islands elsewhere, where house 

mice were the only introduced predator, many bird species were found to be impacted 
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(Cuthbert et al. 2004; Wanless et al. 2009; Fulton 2018), whereas house mice may 

have limited effects when they are part of a multi-species mammalian assemblage 

(Angel et al. 2009; Glen et al. 2013; Fulton 2018). These findings mostly relate to 

predation on seabird eggs and chicks (Angel et al. 2009; Bolton et al. 2014; Parkes 

2014). Relatively few studies on native terrestrial birds have shown direct house mice 

impacts, however on Gough Island (South Atlantic Ocean) direct nest predation and 

competition by house mice are believed to have driven declines in the endemic Gough 

Bunting (Rowettia goughensis) (Cuthbert and Hilton 2004).  

The small sample of occurrence data in this study indicates a low 

hatching/fledging success for Cocos Buff-banded Rail, with the majority of 

observations being of a single chick. The interpretation of these data is constrained by 

the limitations of the data collection method (camera traps) and the many potential 

explanations for what may be a ‘normal’ low hatching/fledging success rate of rail 

chicks on Horsburgh Island; predation, lack of resources, natural mortality, island 

effect (Blondel 2000). The clutch size for the Cocos Buff-banded Rail has been 

reported as ranging from 4–6 eggs and 5 eggs (Gibson-Hill 1950) and, 2 and 6 eggs 

(Reid 2000). There is a high variation within the species of clutch sizes between 2–8 

eggs (Marchant and Higgins 1993), usually 4–8 eggs, and 6–10 in captivity (Taylor 

1998). Hatching success also varies within the species; H. p. assimilis hatched 1.6 

chicks per nest with impacts of cats, Swamp Harrier (Circus approximans) and Stoat 

(Mustela erminea) predation (Marchant and Higgins 1993) and H. p. mellori on Heron 

Island had a very high chick mortality in the first 2 weeks after hatching due to 

predation by Eastern Reef Egret and Silver Gulls (Chroicocephalus novaehollandiae) 

(Manson 2003). For the Horsburgh Island rail population, low reproductive success 

per nesting event may be counter-balanced by multiple breeding episodes throughout 

the year. 
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Ongoing monitoring is a critical component of active threat mitigation, including 

estimating population size and measuring success of translocations. Island endemics 

are at high risk to stochastic events such as cyclones and the introduction of an 

invasive species. Although the short to medium term (i.e., 3+ years) monitoring has 

confirmed the establishment of the Horsburgh Island population and some likely 

dispersal of these birds to other islands in the atoll, the outlook for the Cocos Buff-

banded Rail remains insecure.  
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4. USING VISUALIZATION AND MACHINE LEARNING METHODS TO DETECT 

THE LEAST BITTERN (Ixobrychus exilis)  

 

The work described in this thesis chapter has been submitted to “Ecological Informatics”: 

Elizabeth Znidersic, Michael Towsey, David M. Watson, Kelly Roy, Sarah. E. Darling, 

Anthony Truskinger, Paul Roe. Using visualization and machine learning methods to detect 

the least bittern (Ixobrychus exilis). 

 

4.1. CHAPTER OVERVIEW 

• Chapter begins with the abstract of the above paper 

• A description of the target species, the Least Bittern 

• The importance of this species and its conservation 

• Monitoring method—acoustic sensors 

• Long-duration false-colour spectrograms are a useful tool for visualizing big data 

for species-specific detection 

• A recognizer built to accurately predict when this species will call 

• Conservation outcomes include an improved understanding of the importance of 

survey effort for species detection, and using temporal vocalization patterns to 

optimize on ground monitoring 
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4.2. SUBMITTED ABSTRACT 

Long duration acoustic monitoring is becoming an increasingly popular approach to 

extend survey effort by passively collecting data over large temporal and spatial scales. This 

is of particular benefit when attempting to detect a species whose temporal vocalization 

strategy is unknown, and whose small population size reduces detection probability. We 

investigated the vocalization strategy of the Least Bittern (Ixobrychus exilis), a species of 

high conservation concern in the Western hemisphere and ‘in need of management’ in 

multiple states of the USA. The Least Bittern is a secretive marsh bird that is primarily 

detected by its vocalizations and call-playback surveys are typically used for population 

monitoring. To minimize disturbance to both the birds and their habitat, we deployed 

autonomous recording units and collected continuous 24-hour audio recordings for 30 days. 

The resultant accumulation of data necessitated an automated method to assist with analysis 

and interpretation. We successfully applied a novel ‘soundscape’ technique—long-duration 

false-colour (LDFC) spectrograms—to visually confirm presence of Least Bittern from the 

‘coo coo coo’ vocalization associated with breeding. In addition, we used a recognizer to 

further automate the detection process by scanning consecutive days. Peak vocalization times 

were then predicted from an annotated dataset of actual temporal calls and subsequently used 

to develop an optimal acoustic survey strategy. The results of this research highlight how 

machine learning methods can be used to search large data sets for a specific species. This 

information can then be used to optimize existing monitoring methods, to increase detection 

probability and to minimize associated costs. 
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4.3. INTRODUCTION 

Monitoring is the baseline for all conservation management and generally, it relies on 

population counts, or presence/absence surveys. Monitoring methods must be adapted to best 

fit the species and the environments they inhabit. Wetland ecosystems are logistically 

complex to monitor. This is due to the usually damp and boggy substrate, and the typically 

dense, yet fragile, vegetation structure. Wetlands worldwide are declining at a rate that 

exceeds many other ecosystems and the species they support are therefore, rapidly losing 

their habitat (Finlayson 2012; Hu et al. 2017). Monitoring wetland species presents 

challenges, with limited data on distribution and behavioural ecology precluding 

development of objective monitoring protocols (Conway 2011). To adequately address these 

challenges, sampling on a high spatial and temporal scale that is also cost and time effective, 

is required. Without more information about occurrence patterns and population dynamics of 

wetland-dependent species, determining which sites to manage for which species depends on 

educated guesswork rather than objective evidence.  

Most marsh bird species are detected primarily from their vocalizations, with survey 

reliability affected by surveyor skill (observer bias), temporal calling behaviour, time of day, 

survey effort, and weather and environmental factors (Conway and Gibbs 2011). Call-

playback is the most common monitoring method for marsh birds as detection for some 

species, but not all, is thought to increase significantly with call elicitation (Conway and 

Gibbs 2005). However, little empirical information is published about the effectiveness of 

call-playback, and the broader impacts are unknown (Watson et al. 2018). This has resulted 

in most species of the marsh bird assemblage being poorly known, therefore management is 

challenging as distribution and abundance are difficult to determine or predict.  

The Least Bittern Ixobrychus exilis is a furtive marsh bird, and one of the smallest species 

of the heron family (Ardeidae). It is described by Bent (1963) as ‘quiet, seldom seen and less 

often heard’. He goes on to say that this ‘seemingly timid bird may live its listless life almost 
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within our midst and without our knowledge, unless we choose to invade its home in the oozy 

bog’. It is also noted that when they are encountered, ‘they typically burrow like rodents 

through dense vegetation’ (Poole et al. 2009). Their preferred habitat is in thick emergent 

vegetation that is densely clumped which also provides nesting habitat. It is a small bird, 28–

36 cm in overall length, with a wingspan of 41–46 cm and a mean body mass of 86.3g, 

comparable to a Common Starling (mean of 84.7 g; Dunning 1993). 

The current distribution range of Least Bittern is throughout much of North, Central and 

South America. The nominate subspecies exilis is restricted to North America (Poole et al. 

2009). It is listed as a species of high concern in the North American Waterbird Conservation 

Plan and a species of migratory conservation concern in the Northeast by the US Fish and 

Wildlife Service (Kushlan et al. 2002). Overall, in the United States, it is considered ‘secure’ 

however it is listed as “Possibly Extirpated SH” in Utah, “Critically Imperilled S1” in eight 

US states (Delaware, District of Columbia, Kentucky, Massachusetts, New Hampshire, 

Oregon, Pennsylvania, West Virginia), “Imperilled S2” in 17 US states (Alabama, Arkansas, 

California, Colorado, Connecticut, Illinois, Kansas, Maine, Maryland, Nevada, North 

Carolina, Ohio, Rhode Island, South Dakota, Tennessee, Vermont, Wisconsin), “Vulnerable 

S3” in 11 states (Arizona, Georgia, Indiana, Iowa, Michigan, Mississippi, Missouri, New 

Jersey, New Mexico, New York and Virginia). In Canada, the Least Bittern is “Critically 

Imperilled S1” in New Brunswick and “Imperilled S2” in Manitoba and Quebec 

(NatureServe 2018). The current population estimate in the USA is 10,000 to >1,000,000 

individuals (NatureServe 2018).  

Least Bittern is representative of many secretive marsh birds that vocalize infrequently 

therefore requiring a considerable survey effort to confirm presence and a much greater effort 

to confidently infer absence. The effectiveness of detecting Least Bittern during multi-species 

marsh bird species surveys has been questioned (Jobin et al. 2011). Contradictory results 

from studies indicated an improvement in detection probability with call-playback (Swift et 
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al. 1988; Gibbs and Melvin 1993), and others identifying no significant change or a reduction 

in detection probability with this method (Manci and Rusch 1988; Lor and Malecki 2002). 

Alternatively, methods such as systematic nest searches proved more reliable than call-

playback, as reported by Tozer et al. (2007). In this same study, during the call-playback 

surveys, on eight out of the nine detections the bittern was vocalizing prior to the call-

playback being used (Tozer et al. 2007). In 2011, a species specific protocol for monitoring 

the Least Bittern was written (Jobin et al. 2011) which eliminated the multiple species call-

playback regime that is currently used in the Standardized North American Marsh Bird 

Monitoring Protocol (Conway 2011). This was due to concern over the efficacy of the short 

broadcast period of the call (30-s) to elicit a response during the breeding period (Bogner and 

Baldassarre 2002; Tozer et al. 2007) and the potential confounding effects of interspecific 

call-playback regime.   

The recent technological advances in monitoring equipment have allowed wildlife 

managers to extend survey effort both temporally and spatially, without the cost of paying 

technicians for extended durations in the field. Methods include the automation of data 

collecting devices via visual (camera traps and drones) and aural (acoustic sensors) media. 

Acoustic recording can be either passive or active. Active acoustic monitoring involves a 

human operator or automated device to seek out the vocalizing species (Fristrup and Mennitt 

2012). Passive acoustic sensors (autonomous recording units) record all sounds emanating 

from a specific location (landscape). The resultant data represents a ‘soundscape’; an 

integration of biophony (sounds from living organisms), geophony (sounds from wind and 

water flow) and anthrophony (sounds generated by humans) that are unique to an area 

(Pijanowski et al. 2011a). These soundscapes can represent changes and similarities in 

ecological processes over time (Matsinos et al. 2008) as they represent the sound picture, 

much like a landscape (Pijanowski et al. 2011b). Within the soundscape, biophony can 

provide a proficient way to sample vocalizing animal populations (Blumstein et al. 2011). 
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Many animals produce sounds, and for decades acoustic monitoring has been used to monitor 

marine species (Sousa-Lima et al. 2013), mammals (Collier et al. 2010), freshwater 

ecosystems (Linke et al. 2018), invertebrates (Fischer et al. 1997), bats (Estrada-Villegas et 

al. 2010) and anurans (Crouch Iii and Paton 2002).  

Long-duration acoustic monitoring using autonomous recording units is becoming an 

increasingly popular approach to monitor terrestrial ecosystems (Farina and Gage 2017). 

Acoustic sensors can be deployed for as long as their power sources permit. For example, a 

solar-power driven acoustic sensor can record years of continuous data, or alternatively, 

recording using batteries may permit up to 10 days of recording. The advantages of using 

acoustic sensors include: (1) objective collection of data (reduces observer bias), (2) the 

creation of a permanent record of data for further analysis, (3) minimal disturbance and 

impact on species and habitat, and (4) increases spatial and temporal coverage which would 

be impractical for a field technician to observe. The disadvantage in most instances, is that it 

is impossible to listen to all the recordings. Thus practitioners are left with a ‘big data’ 

problem that necessitates a reliable automated process for analysis and interpretation.  

Long-duration false-colour (LDFC) spectrograms present a novel way to interpret a 

soundscape over an extended period (Towsey et al. 2018). Each spectrogram represents a 24-

hour period reflecting the ecological soundscape of the location. The soundscape can then be 

analyzed broadly (that is, at a low resolution of 1 minute or longer) using a variety of indices 

such as the Acoustic Complexity Index, which is treated as a surrogate for ecosystem or 

species diversity (Pieretti et al. 2010), and the Temporal Entropy index (Sueur et al. 2008). In 

addition, a long-duration false-colour spectrogram can be used as a visual tool to identify 

both broad taxonomic groups such as frogs, bats, or birds collectively or to identify 

individual species separately (Towsey et al. 2018).  
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In this study, we summarize a novel application of acoustic analysis and visualization 

methods to monitor the Least Bittern (Ixobrychus exilis). Our study site is the Oak Ridge 

Reservation, Tennessee, USA. The advantage of this location is its long, well-documented 

history (1950 to 2014) of bird observations, which acts as a baseline for comparing our 

methods. The historical data were collected primarily for the breeding bird “Partners in 

Flight” survey (Carter et al. 2000) (1995 to 2013) and for waterfowl surveys (1990 to 2008) 

(Roy et al. 2014). These survey methods are typically of short duration, specifically biased 

towards detection of conspicuous species. However, 232 bird species have been recorded on 

the Oak Ridge Reservation using these methods, including six marsh bird species (Roy et al. 

2014; Giffen pers. comm).  

 

Our study includes five components: 

1. Visual recognition of Least Bittern calls in long-duration false-colour spectrograms 

2. Training a predictor using machine learning methods to identify Least Bittern calls  

3. Devising a protocol to scan 30 days of soundscape recording using the same predictor 

4. Devising a Least Bittern monitoring strategy based on the calling patterns revealed by 

the above methods 

5. Evaluating differences in the detection results between our acoustic/machine learning 

methods and traditional monitoring protocols. 

 

Having summarized our findings, we demonstrate the practical utility of using post-hoc 

analysis of long-duration false-colour spectrograms to optimize monitoring strategies for 

low-detectability species, maximising both efficiency and comparability of resultant data. 
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4.4. METHODS 

4.4.1. Study Site 

The Oak Ridge Reservation is owned by the US Department of Energy and located in 

Roane and Anderson counties, East Tennessee (Figure 4.1). The property spans 33,481 acres 

(13,549 ha) and is recognized as the largest contiguous protected land ownership in the 

southern Valley and Ridge Physiographic Province (Roy et al. 2014). Oak Ridge has an 

average temperature high-low of 25.8–12.6 C in May and 29.7–17.4 C in June, and average 

rainfall 123 mm in May and 113 mm in June (U.S. climate data). Approximately 70% of the 

reservation is forest and ~20% is a transitional landscape consisting of old fields, agricultural 

areas, cutover forests, roadsides and utility tracks (Roy et al. 2014). The balance consists of 

~5% of wetlands ranging in size from <1 acre in size to 25 acres (Salk 2006).  

 

Figure 4.1. Oak Ridge Reservation, Tennessee, USA.  
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4.4.2. Data Collection 

We deployed four Songmeter 3 (SM3) acoustic sensors (Wildlife Acoustics 2016) from 8 

May 2017 to 6 June 2017. We recorded continuously at multiple wetland locations on the 

Oak Ridge Reservation. For the purposes of this study, we describe only the results from one 

location recorded over 30 days, the Heritage Center, Greenway Powerhouse Trail (35° 

55.868′ N, 84° 18.603′ W) (Figure 4.2). The acoustic sensor was positioned ~80 cm above 

the ground over shallow water, mounted on a metal stake. A Wildlife Acoustics program was 

pre-loaded to record ‘continuously’ (24×1-hour WAVE files per day) in stereo at a sampling 

rate of 24 kHz. Memory (SD) cards and D-cell batteries were changed at approximately 10-

day intervals to ensure uninterrupted recording.  

 

 

Figure 4.2. Heritage Center Greenway Powerhouse Trail, Oak Ridge Reservation, Tennessee, 

USA. 
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4.4.3. Data Visualization Using LDFC Spectrograms 

The recordings were processed into LDFC spectrogram images, one for each 24-hour 

period (midnight to midnight). Each LDFC spectrogram was prepared by combining three 

spectral acoustic indices, assigning one to each of the red, green and blue colour channels 

using the method described in Towsey et al. (2014). An acoustic index can be understood as 

a mathematical function that summarizes some aspect of the distribution of acoustic energy in 

a recording (Towsey et al. 2014). The indices can be combined to make one informative 

false-colour image. We combined the spectral variants of Acoustic Complexity Index (ACI) 

(Pieretti et al. 2010), the Temporal Entropy index (ENT) (Sueur et al. 2008), and the Event 

Count index (EVN) (Towsey 2017) to produce one LDFC spectrogram. The Background 

Noise index (BGN), the Power index (POW) and the Horizontal Ridge Count index (RHZ) 

were combined to produce a second LDFC spectrogram (Towsey 2017). These combinations 

of indices were chosen because false-colour spectrograms are most informative when the 

three indices to be combined are minimally correlated. Because the acoustic indices are 

calculated at one-minute resolution, the LDFC spectrograms are 1,440 pixels wide (1,440 

minutes in 24-hours). Similarly, the spectrograms are 256 pixels deep (equivalent to the 

number of frequency bins) given a frame size of 512. 

4.4.4. Call Prediction using a Random Forest Model 

Building a call predictor for the Least Bittern involved three steps: (1) preparing a data 

set; (2) training a machine learning model; and (3) testing its performance. An important 

departure from the standard methodology for building call recognizers is that we did not 

attempt to recognize individual calls (see Figure 4.3 (left) for an example spectrogram of a 

single call). Instead, working at one-minute resolution, we trained a Random Forest model 

(Breiman 2001) in regression mode to predict the number of Least Bittern calls in any one-

minute segment. Because we cast the prediction problem as a regression task rather than a 

classification task, we refer to the trained model in this study as a call predictor rather than a 
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call recogniser, to highlight the distinction. This approach greatly reduced the time involved 

in preparing annotated datasets compared to cutting out numerous individual calls and 

selecting appropriate negative instances. In addition, it allowed us to use spectral indices 

(already calculated at one-minute resolution to prepare LDFC spectrograms) as acoustic 

features. It is important to note that although there is only an integer number of calls per 

minute, the trained model outputs a real value for each input vector. 

Two complete days of recording were annotated by counting the number of Least Bittern 

calls per minute. The first day (1 June 2017) was used for training purposes, and a second day 

(4 June 2017) was used for testing. Consequently, there were 1,440 instances in each of the 

training and test sets. All six spectral indices were used as acoustic features. The dominant 

components of the Least Bittern call lie between 490–800 Hz. We therefore only used that 

portion of each spectral index lying in this frequency band which, given our sampling rate, 

was frequency bins 12–21 (10 bins inclusive). A single call consists of three to four syllables, 

having total duration of 0.6–0.7 seconds. 

The Random Forest model was trained in regression mode using the WEKA Machine 

Learning Package (Frank et al. 2016). Multiple runs of 10-fold cross-validation were used to 

determine the optimum combination of acoustic features. The labelled data from the 4 June 

2017 was used to test performance of the best trained predictor. Because this was a regression 

task (in which the prediction output is a real value as opposed to a class ID), prediction 

accuracy was calculated as a correlation coefficient (between actual and predicted values) 

and prediction error as mean absolute error. 

4.4.5. Establishing a Protocol for Use of the Regression Predictor on Real Data 

The full 30 days of recording were divided into one-minute segments and the Random 

Forest prediction was assigned to each minute. Given that the prediction is a real value 

representing number of calls per minute, a threshold is required to decide whether or not the 

minute of recording should be audited for the presence of Least Bittern. With no prior 
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application of this approach to use as a guide, we listened to minutes in descending order of 

the predicted number of calls.  

 

4.5. RESULTS 

4.5.1. Visualization of Least Bittern Vocalizations in LDFC Spectrograms 

Thirty days (720 hours) of continuous acoustic recording were collected from one site. As 

a starting point it was known that Least Bittern vocalizations occur in the frequency range 

500–800 Hz. Activity in this band was located using the LDFC spectrograms and the 

presence of one or more Least Bittern calls was confirmed using standard-scale spectrograms 

(Figure 4.3, left). With some practice, it was possible to achieve visual detection of the Least 

Bittern vocalization signature in LDFC spectrograms (Figure 4.3, right). Two LDFC 

spectrograms (using different combinations of spectral indices) were prepared for each day of 

recording (Figure 4.4). Least Bittern vocalizations were more easily identified in the ACI, 

ENT and EVN LDFC spectrograms (Figure 4.4, top) than the BGN, POW and RHZ 

combination (Figure 4.4, bottom). Figure.3 illustrates the different components of a 24-hour 

soundscape, including: (1) the morning chorus at 05:30–06:00; (2) an evening chorus around 

20:30–21:00; (3) cricket choruses represented by approximately horizontal red lines whose 

frequency rises in the morning and drops in the evening due to temperature sensitivity of 

cricket calls; (4) rainfall indicated by vertical red band at 17:30; and (5) a variety of frog and 

bird calls can be seen in the 0–1 kHz band. Least Bittern calls can be seen at 600 Hz between 

05:00 and 06:00 in the top LDFC spectrogram (Figure 4.4). The first vocalization was 

detected 21 May 2017 by reviewing visually the LDFC spectrograms and the last was 

detected 6 June 2017 when the acoustic sensor was retrieved. 
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Figure 4.3. The Least Bittern ‘coo-coo-coo’ vocalization in a standard spectrogram (left) and in 

a flong-duration alse-colour spectrogram (right). Calls are located within the green boxes. In 

both spectrograms the x-axis is time and the y-axis is frequency. However, the scale is different 

in both cases. The x-axis ticks are at one-second intervals (left) and at one-hour intervals 

(right). The y-axis spans 12 kHz (left) and 6 kHz (right).  
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4.5.2. Performance of the Random Forest regression model 

Actual Least Bittern calls were counted for every minute of the 1 June 2017 recordings 

(Figure 4.5, top) and the 4 June 2017 recordings (Figure 4.5, centre). On 1 June 2017, Least 

Bittern vocalized in 215 of the 1,440 minutes (~15% of the day) and on 4 June 2017 in 317 

minutes (~22% of the day) (Figure 4.5). The peak vocalizing times were sunrise (05:00–

06:00) and sunset (20:00–20:45). The maximum number of calls in any minute was 14. 

A training set of 1,440 instances derived from 1 June 2017 included 215 positive 

instances (target calls/minute >0) and 1,225 negative instances (target calls/minute = 0). The 

test data set consisted of 317 instances where target calls/minute >0.  

The above dataset was used for training and testing the Random Forest model to predict 

the number of calls per minute. Using 10-fold cross-validation, the optimum combination of 

acoustic features was found to include only three acoustic indices (ACI, ENT, EVN) and only 

frequency bins 12 to 18 inclusive, that is, from 470–775 Hz. The cross-correlation between 

predicted and actuals was 0.90 with a mean absolute error of 0.47. 

The actual and predicted number of calls per minute on the test day (4 June) are shown in 

the centre and bottom panels of Figure 4.5. The cross-correlation was reduced to 0.64 

because the trained model consistently under-predicted calls per minute where the actual 

values were greater than eight. The predictor worked more efficiently during the night-time 

when the acoustic space was relatively uncluttered but failed to predict correctly those calls 

from 07:00–08:30. This 90 minutes of Least Bittern calls coincided with calling activity of 

the Mourning Dove (Zenaida macroura) and Green Frog (Lithobates clamitans), both of 

whose calls overlap the frequency band of the Least Bittern call.  
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4.5.3. Using the call predictor over long-term recordings 

To simulate how the Least Bittern call recognizer would be used with very long-duration 

recordings, all 30 days of recording were divided into one-minute segments and the Random 

Forest prediction (calls per minute) assigned to each minute. We decided on a protocol which 

 

 

 

Figure 4.5. The numbers of Least Bittern vocalizations per minute over a 24-hour period (1,440 

minutes), midnight to midnight. Top: The actual number of calls per minute for 1 June 2017. 

Total number of calls for the day is 1,187. Centre: The actual number of calls per minute for 4 

June 2017. Bottom: The predicted number of calls per minute using a Random Forest predictor. 
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selected the top five predictions per day for each of the 30 days (a total of 150 predictions) 

and then determined the true number of calls for each of the selected minutes (Figure 4.6). In 

practice, the selected minutes (150 in this case) could be ranked by score and then confirmed 

by the accuracy of consecutive predictions up to a chosen level of effort. As an example, 

using the data in Figure 4.6, if a threshold of seven predicted calls per minute is set, 92% of 

the selected minutes contain Least Bittern calls at a cost of nine missed minutes (recall of 

86%). If the threshold is then dropped to six predicted calls per minute, an additional three 

minutes containing Least Bittern calls would be retrieved at the cost of auditing 14 minutes 

that do not contain Least Bittern calls. 

 

 

 

 

Figure 4.6.  Acoustic sensor deployment from 8 May 2017 to 6 June 2017, at Oak Ridge 

Reservation, Tennessee, USA. X-axis indicates the date, y-axis indicates the number of Least 

Bittern calls per minute. The hollow circles indicate the top five predictions for each of the 30 

days. The solid squares indicate the true number of calls in each of the selected minutes. Note 

that the first actual bittern call did not occur until 21 May 2017 (vertical black line). At a 

threshold of seven calls per minute (the solid horizontal line), 47 of the 51 selected minutes 

(92%) contain actual Least Bittern calls. 
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The call prediction sequence reveals information about the daily cycle of call 

frequency (counts per minute) of the target species. This, in turn, informs the optimal time to 

conduct a Least Bittern survey. The prediction scores for the first 14 days of recording 

(which did not contain a Least Bittern call) were averaged minute by minute. This provides a 

‘baseline’ response of the predictor through the 24-hour soundscape in the absence of Least 

Bittern calls. Likewise, the remaining 16 days of predictions (most of which contained Least 

Bittern calls at some time during the day) were averaged minute by minute. On the 

assumption that the statistics of the non-bittern soundscape predictions remain stable over the 

30 days of recording, subtracting the baseline predictions (initial 14-day averages) from the 

16-day averages should indicate the contribution of Least Bittern calls to the daily 

soundscape. Figure 4.7 demonstrates that the peak vocalization times of the Least Bittern 

calls is around dawn (04:30–05:30 hr) and dusk (19:40–20:40 hr).  

 

 

 

Figure 4.7.  Average predictions of Least Bittern calls per minute through a 24-hour cycle. The 

predictions indicate the peak vocalization times are between 04:30–05:30 hr and 19:40–20:40 hr. 

 

4.6. DISCUSSION  

Monitoring species is the foundation of conservation management. In response to rapidly 

changing pressures, both environmental and economic, ecologists are adopting novel 

technologies to help them monitor smarter, faster and cost-effectively. In particular, 

researchers with widely different skill sets, biological and computational, must now work 
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collaboratively in their complementary areas of expertise. This may include experienced field 

technicians with local knowledge to deploy the acoustic sensors, skilled ornithologists to 

identify bird calls, computer scientists for data management / machine learning and 

statisticians to interpret the significance of analyses.  

This study investigates the calling behaviour of a cryptic marsh bird, the Least Bittern. 

We utilize 30 days (720 hours) of continuous acoustic recording. A continuous field survey 

conducted over the same number of days by a field technician would be logistically and 

economically infeasible (Thomas and Marques 2012). However, it is also impractical to 

sample 720 hours of continuous recording aurally. The use of automated machine learning 

methods was essential, but these present their own set of difficulties, in particular, the 

preparation of labelled data sets with which to train a mathematical model of the call of 

interest. Our approach was novel in a number of respects: 1. We prepared LDFC 

spectrograms which offer detailed visualization of the 30-day soundscape. After some 

practice, the calling sequences of the Least Bittern could be recognized in LDFC 

spectrograms; 2. We trained a Random Forest model to detect Least Bittern calling sequences 

using the same acoustic features that were used to prepare the LDFC spectrograms; and 3. 

We trained the Random Forest model in regression mode to predict calls per minute rather 

than individual calls. This greatly simplified the preparation of the labelled data sets. The 

model predictions were then used to inform a subsequent monitoring strategy. 

 

Monitoring Implications 

The most commonly used monitoring methodology to detect wetland birds is the call-

playback survey (Conway 2011; Jobin et al. 2011). Call-playback guidelines from the North 

American Marsh Bird Protocol (Conway 2011) recommend the optimal survey time for Least 

Bittern as being the two hours around sunrise and sunset (Conway et al. 2004). In addition, 

the Marsh Monitoring Program 1995-2004 (Crewe et al. 2006) and Tozer et al. (2007) 
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recommended call-playback surveys occur between 18:00 and sunset. We identified two peak 

vocalization times—between 04:30 to 05:30 hr and 19:40 to 20:40 hr (sunrise in Tennessee, 

June ~06:21 hr and sunset ~20:55 hr) (Figure 4.7). Concerning optimal time of day to 

monitor, our results are congruent with these recommendations. The protocols also 

recommend a survey duration at any one survey point to be between 10 and 15 minutes, 

dependent on how many species are included in the call-playback protocol. Our results 

(actual and predicted vocalizations) suggest that even within the peak calling times, Least 

Bittern vocalizations are sporadic and a survey window of 10 to15 minutes might still lead to 

false negative conclusions. Obviously, the chance of false negative conclusions can be 

decreased by increasing survey time, but further analysis is required to determine the optimal 

point-survey time. 

In addition, current marsh bird monitoring protocols recommend up to three site visits 

(Gibbs and Melvin 1993; Conway 2011) during the breeding season, which usually spans ~3 

months. Our study implies that if a Least Bittern survey took place during the first 14 days of 

deployment (8 May 2017 to 21 May 2017), an incorrect false negative conclusion would have 

been made. This suggests that more than one visit per month is required to confidently infer 

absence of Least Bittern. It must of course be noted that, in this study, an absence of calls 

prior to 22 May 2017 at one location does not mean absence of the species from the Oak 

Ridge Reservation. Least Bittern may have been present but not using the breeding ‘coo-coo-

coo’ vocalization, or the birds may have been frequenting another location. 

Failure to detect a species in an occupied habitat patch is a common sampling problem, 

particularly when the population is small, individuals are difficult to sample, and/or sampling 

effort is limited (Gu and Swihart 2004). Increasing survey effort by increasing field hours is 

likely to be costly but sample completeness is critical for presence-absence data and survey 

comparability (Watson 2017). Although some datasets may be adjusted using statistical 

models, the results can still be confounded by a lack of true absences, even when these 
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models include pseudo-absence data (Stokland et al. 2011). The ability to make long-duration 

recordings and to detect a species of interest in LDFC spectrograms is very significant in 

terms of monitoring efficacy and cost. 

 

Soundscape Visualisation  

Wildlife practitioners are today monitoring with acoustic sensors over larger 

spatiotemporal scales than previously attainable. A large-scale approach is advantageous 

when monitoring a cryptic species such as the Least Bittern, but it does demand an automated 

approach to recording analysis. In this study, two computational techniques were applied to 

720 hours of acoustic data: LDFC spectrograms and automated call prediction. These two 

analytical tools answered different questions. By visualizing 30 days of soundscapes using 

LDFC spectrograms, we were able to confirm presence of the Least Bittern. It should be 

noted that some learning is required for effective interpretation of LDFC spectrograms. The 

wildlife practitioner must have a broad appreciation of the soundscape variability at the 

recording site, which in turn requires a prior understanding of the common biological and 

non-biological sound sources that contribute to the spectrogram. Only when the major 

features in an LDFC spectrogram and their variability are understood, should attention be 

turned to the less obvious features that may reveal a cryptic species of interest. Indeed, in our 

experience, attention to LDFC details has revealed cryptic species that were not the intended 

target species. 

It is true that standard scale spectrograms (displaying approximately one-minute of audio 

in a desktop computer monitor) could also be scanned for presence of Least Bittern calls, but 

in our case this would have meant reviewing 43,200 images (1,440 minutes per day * 30 

days) compared to 30 LDFC spectrogram images, each requiring about one minute of review.  
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Machine Learning  

The usual approach to bird call detection in acoustic recordings is to build a call 

recognizer for a binary classification task (call-of-interest versus not call-of-interest) using a 

set of typical positive and negative instances. What constitutes ‘typical’ is a significant issue 

in the training of an effective recognizer. The Least Bittern call is only about one-half second 

in duration but varied in duration from 0.3 to 0.7 seconds. Selecting and appropriate range of 

calls and determining appropriate start and end points for each of them would have been a 

time-consuming exercise. We observed that when this species started to call, it would often 

continue calling at the rate of one call every one to two second for as long as 30 seconds. 

This observation suggested that casting the recognition task as a regression task (that is, 

predicting calls per minute) would greatly simplify data set preparation since it was 

comparatively easy to count the number of calls per minute. Furthermore, the acoustic 

features had already been calculated at one-minute resolution in the preparation of the LDFC 

spectrograms. 

Obviously, this approach can only work for species which are likely to call multiple times 

in a minute. Another disadvantage is that having feature vectors extracted over one-minute 

samples greatly increases the probability of confounding calls from other species in the same 

frequency band. In our case the Random Forest predictor failed to detect Least Bittern calls 

on the test day (6 June 2017) between 07:00 and 08:30 (Figure 4.5, bottom) when the 

Mourning Dove and Green Frog were vocally active. Despite these limitations, the method 

was effective in revealing the temporal vocalization pattern of the Least Bittern. Furthermore, 

the above method could be used as a filter, where selected minutes are then passed to a call 

recogniser trained in the usual way on a dataset of individual calls. 

This study is the second to describe the use of LDFC spectrograms to identify a cryptic 

marsh bird species. The first concerned the Lewin’s Rail (Lewinia pectoralis brachipus), 

where its breeding call could be detected visually in an LDFC spectrogram (Towsey et al. 
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2018). Although LDFC spectrograms do not reveal the same temporal detail as standard 

spectrograms (whose resolution is typically about 20–40 ms per frame or pixel column), a 

visual identification of the call is possible if the target species is the dominant sound source 

in its frequency band and if there are no other confounding sounds in the same one-minute 

time period.  

As demonstrated with Lewin’s Rail in Towsey et al. (2018), the visibility of Least Bittern 

vocalizations in LDFC spectrograms suggested that the spectral indices themselves could be 

used to train the Random Forest predictor. The Least Bittern call, like the Lewin’s Rail call, 

occupies a relatively narrow bandwidth (400 to 800 Hz), below the typical range of most 

passerine calls. Where the species of interest calls in a crowded part of the sound spectrum 

(many passerines call in the 1 to 8 kHz band), this technique may not be so effective. 

The WEKA platform was an effective tool with which to build a Random Forest 

predictor. Other software packages might also have been used to implement a recognizer, for 

example Kaleidoscope (Wildlife Acoustics 2017), Raven Pro (Charif et al. 2008) or Xbat 

(Figueroa 2006). All of these use acoustic features calculated at a standard spectrogram frame 

duration of around 50–80 ms. The advantage of the method used in this study is that the same 

acoustic features can be used for visualization as for prediction. 

4.6.1. Conservation Significance 

This study presents the first likely breeding record on the Oak Ridge Reservation of the 

Federally Imperiled Least Bittern (NatureServe 2018) from confirmation of presence and the 

breeding call (‘coo-coo-coo’). Just three incidental visual sightings have been made at this 

reservation from an extensive bird monitoring dataset that spans 67 years (Roy et al. 2014). 

Least Bittern is listed as a species ‘In Need of Management’ in Tennessee and is identified as 

a species of high concern in the Western Hemisphere by the Waterbird Conservation for the 

Americas, 2010. Much of the challenge involved in managing this species is concerned with 
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their monitoring and detection, as they vocalize infrequently and their wetland habitat is 

mostly inaccessible (Bystrak 1981).  

Temporal data will contribute to existing survey protocols for Least Bittern and 

demonstrate the possibility to practically apply such findings from LDFC spectrograms and 

predictors to directly improve the efficacy of field survey methods. Long-duration 

approaches can be cost effective and reduce the impacts of disturbance on both species and 

habitat. However, further consideration is required. While some ecologists use landscape 

covariates to predict species occurrence, particularly those which are cryptic, it may be that 

acoustic niche (Krause 1993) and soundscape are additional determinants of species 

occupancy. Just as a landscape is a dynamic and changeable system that is in constant 

dynamism caused by natural and anthropogenic factors (Forman and Godron 1981), so is the 

soundscape. These novel methods are bridging the gaps between bioacoustics and 

ecoacoustics (Towsey et al. 2018). 
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5. OPTIMIZING MONITORING TO DETECT ‘RARE EVENTS’: INSIGHTS FROM 

DETECTIONS OF CRYPTIC WETLAND BIRDS. 

 

5.1. CHAPTER OVERVIEW 

• Chapter begins with a text overview of chapter layout 

• Abstract 

• An introduction to the detection methods and 5 case studies demonstrating their 

application 

• Definition of machine learning methods 

• The 5 case studies; background, methods, results, key findings 

• Discussion of results and broader emergent monitoring themes for each method 
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5.2. DETAILED CHAPTER OVERVIEW 

This chapter describes the use of multiple monitoring methods for detecting secretive marsh 

birds. Five case studies were selected to provides a series of vignettes, exemplifying real 

world situations and integrating emergent understanding regarding monitoring, inference, 

logistics and methodology. They vary from a single site, and single method, to data collected 

from multiple acoustic sensor and camera trap sites, applying multiple methods, and from 

single species to multiple species, totalling over 1,748 camera trap days (~4.8 years) and 

1,260 acoustic recording days (~3.5 years). These case studies span the globe; ranging from 

data I have collected from the coastal impounded wetlands of South Carolina and inland 

wetlands of Tennessee (USA), to an off-shore island in Tasmania, Australia, various 

Tasmanian wetlands and coastal reserves, and a cattle property in rural Tasmania. I 

demonstrate the strengths in survey design and in some cases, infer the limitations of the 

monitoring technique. Each case study will be presented with a background, methods, results 

and key findings, followed by a general synthesis discussing emergent generalities with 

reference to these case studies. As much of the discussion is novel and refers to the results, 

reference to literature citations is minimal. These findings in a broader context are revisited 

and discussed in more detail in Chapter 6. 

There is some duplication in reference to locations and species mentioned in previous 

chapters or case studies. Where this is so, I have cross-referenced the relevant chapter for 

more information. 
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5.3. ABSTRACT 

In this era of dynamic environmental change, monitoring is becoming even more critical as 

species experience escalating pressures associated with reduced habitat availability, climate 

disruptions and invasive species. Coupled with these environmental changes are the pressures 

associated with diminishing budgets, a lack of long-term data and management decisions 

based on guess-work rather than evidence. Although long-term monitoring is central to the 

assessment of population dynamics and to track changes in species richness and shifts in 

abundance at various scales, this labour-intensive approach is being increasingly challenged 

to maximize efficiency and cost effectiveness. In addition, survey-based approaches to 

ecological monitoring can be biased towards the more conspicuous species leaving 

significant gaps in our knowledge of the more cryptic biota. I investigate five ‘rare events’ in 

a series of vignettes from South Carolina and Tennessee in the northern hemisphere, to the 

Australian state of Tasmania and a small off-shore island in the southern hemisphere. I apply 

different approaches to data collection (passive acoustic sensor and camera traps), a variety of 

post-hoc analysis techniques and visualization tools (call template, call classification, call 

regression recognizers and long-duration false-colour spectrograms), and public involvement. 

Further, I examine whether these are indeed rare events, uncoupling both apparency and 

detectability as confounding factors and evaluating whether survey effort is the more 

important constraint. I consider the implications for designing monitoring strategies at 

multiple scales where low detectability species and infrequent events are priorities, giving 

practitioners a realistic appraisal of the pros and cons of different monitoring approaches to 

fit different scales, budgets and types of research questions. 
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5.4. INTRODUCTION 

This chapter is aimed specifically at field ecologists, managers, environmental consultants 

and other practitioners providing five case studies of how different approaches to detect 

furtive marsh birds were used in a wide range of settings. Although these case studies were 

conducted independently, I have combined them here to allow practitioners to choose the best 

combination of methods, analysis and inference that suits their unique combination of 

question, location, species, resources and key stakeholders.  

Each case study is introduced with a step-by-step guide to allow practitioners to 

emulate the method and approach. In addition to considering feasibility, applicability at 

multiple scales and reliability, I emphasize the relevance of various approaches, focusing on 

how ecological monitoring, data science and communication are best conducted in concert.  

At the core of call-playback and passive monitoring techniques for this assemblage of 

birds, is the association between survey effort and reliability. Given the variability in 

vocalization patterns, environmental factors and budget, I address this issue by deploying 

acoustic sensors and camera traps, both passive data collecting tools that reduce impacts to 

both species and habitat. In traditional, field survey-based monitoring, an experienced 

observer goes into the field and collects data, which are subsequently analyzed (either by the 

same person or a collaborator) and used as the basis for inference. However, passive 

recording methods (camera traps and acoustic sensors) do not require the same experienced 

observer to deploy and collect large amounts of data. The shortcoming of collecting lots of 

data from a passive medium is the resultant accumulation of lots of data, specifically with 

acoustic recordings. In collaboration with machine learning computer scientists, I integrate 

data visualization techniques and machine learning methods into practical monitoring tools. I 

employ the use of long-duration, false-colour spectrograms and various types of recognizers 

and a classifier to analyze the acoustic data. I also deploy camera traps and strategically bias 
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their placement to detect ground-dwelling marsh birds. Finally, I involve the community by 

means of accessing an historic perspective and local knowledge. 

The chapter begins with a brief explanation of machine learning methods. The machine 

learning-based species recognition and false-colour spectrogram processing was conducted 

collaboratively with Michael Towsey and Anthony Truskinger, Queensland University of 

Technology, but I conducted other analyses and am solely responsible for all data collection, 

interpretation and inference. Following a definition of methods, I provide detailed analysis of 

the five case studies, as described briefly, below: 

1. Study 1 illustrates the use of a binary classifier and long-duration false-colour 

spectrograms for confirming presence of the Lewin’s Rail (Lewinia pectoralis 

brachipus) with their breeding vocalization. 

2.  Study 2 investigates the efficacy of a template recognizer to detect Lewin’s Rail and 

evaluates the practicability of large-scale monitoring of this species using acoustic 

sensors. Here, species presence was firstly confirmed by an intensive camera trapping 

component running concurrently with the acoustic recording. I investigated the 

efficacy of a template recognizer to detect the rail via its contact call, to assess 

whether current monitoring protocols (in terms of both survey effort and intensity) are 

adequate to detect the species if present.  

3. Study 3 investigates the use of another type of machine learning process, a Random 

Forest regression recognizer on the Eastern Black Rail (Laterallus jamaicensis 

jamaicensis). Here I use the regression recognizer and long-duration, false-colour 

spectrograms and compare two adjacent sites and discuss the spacing of acoustic 

devices for monitoring this elusive species.  

4. Study 4 highlights the value of implementing new survey methods (camera traps and 

acoustic sensors) by comparing them to a long-term dataset (spanning nearly 70 



116 

years) obtained using traditional monitoring methods. Results from a survey 

conducted over 5 weeks resulted in the first record of Purple Gallinule (Porphyrio 

martinicus) for the Oak Ridge Reservation and Roane county, Tennessee, USA.  

5. Study 5 uses camera trap detections of two species, the Yellow Rail (Coturnicops 

noveboracensis) (USA) and Spotless Crake (Porzana tabuensis) (Australia) in novel 

locations to demonstrate the reliability of this cost-effective approach to confirm the 

presence of highly elusive wetland species. 

 

5.5. DEFINITIONS OF MACHINE LEARNING METHODS  

In Chapter 4, a Random Forest regression approach was used to detect the number of Least 

Bittern calls per minute over 30 days of recording. In this chapter I introduce two other 

approaches to bird call recognition. The term call recognizer is a general term to describe the 

automated detection of vocalizations of interest using a machine learning algorithm. It is the 

bird equivalent of human speech recognition. There are various approaches to bird call 

recognition depending on the amount and quality of call data available and on the desired 

task. In this thesis, three approaches to call recognition are used: call templates, call 

classification and call regression.  

 

Call template: A call template is used to describe the parameters of the call of interest and 

then search through a recording to find acoustic events that match the parameters. A typical 

but simplistic example (used for example in Raven Pro; Bioacoustics Research Program 

2014) is to find acoustic events that fall within a certain frequency band, have a certain 

duration and exceed a certain amplitude above background noise. The advantage of this 

approach is that a template can be constructed with very few (even just one) examples of the 

call of interest. The disadvantage is that the approach is ‘brittle’; that is, the description 
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becomes inadequate if the call of interest is variable. Despite this disadvantage, call templates 

are very useful for bird call recognition in the early stages where there may only be one or 

two available examples of a call of interest and the requirement is to search large amounts of 

recording for a matching call (Gibson 2017; Dema et al. 2018).  

 

Call classification: Most machine learning approaches to bird call recognition are cast as 

classification tasks (see for example: Stowell and Plumbley 2014). The simplest classification 

task is binary, where the call is either present or absent in the current recording segment. 

Most classifiers, such as support vector machines (SVM) or Random Forests (RF) (Frank et 

al. 2016), require a moderate amount of training data that includes both positive and negative 

events (perhaps 100 examples of each). The advantage of this approach is that a well-trained 

SVM or RF can achieve high accuracy. The disadvantage is that it requires a sufficient 

number of carefully chosen positive and negative examples spanning the temporal and spatial 

variation of the dataset to be queried. This takes considerable time and experience to collect 

and choose representative examples. Even more important than the choice of machine 

learning algorithm and positive and negative instances, is the choice of diagnostic acoustic 

features. These should clearly discriminate the positive and negative classes (Dudas and Hart 

2000). Much of the skill and time consumed in training machine learners is to determine such 

discriminative features. As an additional note, the much more sophisticated deep neural 

networks that are at the cutting edge of human speech recognition and artificial intelligence 

can require thousands if not millions of training examples (Lasseck 2015; Salamon et al. 

2017).  

 

Call regression: Labelling the exact location of many individual bird calls (their start and 

end times) in a long recording can be a time consuming and arduous process. A much simpler 
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task is to label presence or absence of the call of interest in a short recording segment without 

labelling the start and end times. Such data is said to be weakly labelled (Morfi and Stowell 

2017). In this thesis I adopt a type of weak labelling in which the number of calls of interest 

in a short (10 to 60 second) recording segment is predicted. When cast this way the task is 

referred to as regression and the recognizer is a regressor. Both SVMs and RF can be trained 

for regression tasks, although RF is more efficient. The disadvantage with weakly labelled 

data is that other calls or distracting acoustic events may be present in the dataset to confound 

the learning task. Clearly, this problem becomes more significant the longer the recording 

segment which is labelled. 

 

5.6. CASE STUDIES 

5.6.1. Case Study 1. Finding the needle in the haystack—detection of a furtive marsh 

bird using visualization techniques and a binary classifier 

 

This study is adapted from a section in the published article: “Long duration, false-colour 

spectrograms for detecting species in large audio data-sets”, Towsey, M., Znidersic, E., 

Broken-Brow, J., Indraswari, K., Watson, D., Phillips, Y., Truskinger, A., and Roe, P. (2018). 

Journal of Ecoacoustics 2: #IUSWUI, https://doi.org/10.22261/JEA.IUSWUI 

 

Background 

Lewin’s Rail (Lewinia pectoralis) is a furtive wetland-dependent bird which inhabits thick 

vegetation, calls rarely and is seldom seen. It is a medium-sized rail, length 20–27 cm, 

wingspan 31–35 cm, and weight 80–100 g (male) and 75–90 g (female). The plumage of the 

sexes is similar, differing only with a duller appearance to the female (Marchant and Higgins 

https://doi.org/10.22261/JEA.IUSWUI
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1993). Of the eight subspecies, two are of particular conservation concern. L. p. clelandi is 

known only from south Western Australia but was last seen in 1932 and is presumed extinct 

(Garnett et al. 2011). L. p. brachipus is restricted to Tasmania but has a patchy distribution 

which extends to several offshore islands. Fewer than 70 observations (of which I have 

recorded 11 during my research) of this taxon have been made since 1995 (Department of the 

Environment 2015) suggesting that they (along with other ground-nesting birds) may be 

declining. However, documenting population-scale changes in species with such low 

detectability is challenging.  

Rails are detected primarily by their vocalizations, and most monitoring relies upon 

presence/absence estimates using call-playback and passive aural surveys (Conway and 

Gibbs 2005). There are concerns that call playback (which simulates a territorial intrusion) 

may negatively affect resident pairs, resulting in territory abandonment or nest failure. 

Additionally, this methodology requires extended survey effort to enable high confidence 

levels inferring absence, with the associated costs further reducing the effectiveness of 

population-scale monitoring. To establish their current distribution and evaluate their 

population status, a monitoring approach is needed that can reliably detect small numbers of 

individuals unobtrusively, but which can also be applied at a regional scale. 

This case study evaluates whether long-duration, false-colour spectrograms are a viable 

method to detect Lewin’s Rail. To evaluate efficacy of this method, acoustic sensors were 

placed at a site where its presence had previously been confirmed by camera traps (Znidersic 

2017; Chapter 2). Call detection was at first approached using a template recognizer for the 

acoustically simple contact call (‘kek kek’). However, as the vocalization repertoire shifted to 

an acoustically more complex call (grunt and wheeze), this recognizer proved ineffective. 

Here, we present the visual application of long-duration, false-colour spectrograms (hereafter 
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known as LDFC spectrograms) and a binary call classifier as alternative methods to assist in 

year-round detection of a furtive marsh bird. 

 

Methods 

Study site 

The study site was Tasman Island, Tasmania (43° 14′ 12.57′′ S, 148° 00′ 13.49′′ E) (for more 

information about the study site, see Chapter 2).  

 

Data collection 

A Wildlife Acoustics SM3 sensor was deployed for 10 days from 10–19 November 2015, 

secured to a tree with straps ~60 cm from the ground. (see Znidersic 2018 for further details 

and access to recordings). The sensor was pre-loaded with a Wildlife Acoustics program to 

record continuously at a sampling rate of 24 kHz.  

 

Data visualization using LDFC spectrograms 

For calculation of spectrograms and indices, the recordings were down-sampled to 22,050 

Hz. The LDFC spectrograms were prepared by combining three indices to the red, green and 

blue channels. An acoustic index can be understood as a statistic that summarizes some 

aspect of the distribution of acoustic energy in a recording (Towsey et al. 2014). The 

Acoustic Complexity Index (ACI) (Pieretti et al. 2011), the Temporal Entropy index (ENT) 

(Sueur et al. 2008), and the Event Count index (EVN) (Towsey 2017) indices were combined 

to produce one LDFC spectrogram. This combination of spectral indices proved more 

effective in identifying Lewin’s Rail vocalizations than other combinations.  
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Method to build binary classifier using spectral indices features 

The conspicuousness of Lewin’s Rail calls in these LDFC spectrograms suggested that the 

spectral indices themselves could be used as features to train a recognizer. This would be 

useful to expedite the search for calls when scanning through multiple days / weeks of LDFC 

spectrograms to determine presence of Lewin’s Rail on a broader scale. 

To explore the feasibility of this approach, the Power minus Noise (PMN) (Towsey 

2017), ENT, Spectral Peak Tracks (SPT) (Towsey 2017), Horizontal Ridge Count (RHZ) 

(Towsey 2017), and ACI spectral indices were derived from an entire day of recording. 

Twenty frequency bins (5–25) from each spectral index in which the dominant components 

of the Lewin’s Rail call lie (215–1,075 Hz) were used. Building a binary call classifier for the 

Lewin’s Rail involved three steps: (1) preparing a data set; (2) training the recognizer; and (3) 

testing its performance. By preparing the dataset from one day of recording (1,440 minutes), 

it yielded a set of 1,440 instances, consisting of 49 positive and 1,391 negative instances. 

Each positive instance was firstly ascertained by manually identifying the call in a grey-scale 

spectrogram, then calculating the signal-to-noise ratio (SNR) for each call, then classifying 

the call into a visual grading of easy, difficult, very difficult. Each instance consisted of a 5 × 

20 = 100 element feature vector and a binary label (0 = not a Lewin’s Rail call, 1 = Lewin’s 

Rail call). The feature values were converted to z-scores for each feature independently. The 

data were used to train a Support Vector Machine (SVM) in the WEKA Machine Learning 

package (Frank et al. 2016). Performance was assessed using five-fold cross-validation (refer 

Chapter 4 for methods involved in cross-validation process).  

 

Results  

The acoustic sensor recorded 240 hours of data. A five-hour sample from a 24-hour LDFC 

spectrogram is shown on the left side of Figure 5.1. To the right side are 8 seconds of grey-
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scale spectrogram (within the same time period) illustrating the ‘grunt’ and ‘wheeze’ 

vocalizations. These vocalizations of the Lewin’s Rail were readily identified in the LDFC 

spectrogram as green vertical lines in the range 100–3,500 Hz (see white rectangles). Some of 

the call elements, primarily the ‘grunt’, occupy an available (free) acoustic space in the lower 

frequencies, enabling easy discrimination. The three examples in Figure 5.1 have differing 

call durations (at 05:35 hr, ~40 sec duration; at 06:48 hr, ~8 sec; at 08:08 hr, ~12 sec). Also, 

the dawn chorus is shown in Figure 5.1 by the green and pink hues that commence at 05:00 

hr in the 1500–5000 Hz frequency range and additionally, it illustrates a visual representation 

of the available acoustic space, with Lewin’s Rail vocalizations located within the broader 

soundscape. 

 

 

Figure 5.1. (a. left side) A 5-hour sample (x-axis 04:00 to 10:00 hr) from a 24-hour LDFC 

spectrogram. The pink and green hues show the dawn chorus at 05:00 hr. (b. right side) An 8-

second portion (x-axis seconds) of standard grey-scale spectrogram extracted from the same time 

period. The vertical axis (0–10 kHz) is the same for both spectrograms. The grey-scale 

spectrogram illustrates the ‘grunt’ and ‘wheeze’ of the Lewin's Rail. These can be identified in the 

LDFC spectrogram within the white rectangles.  
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Results of binary recognizer using spectral index features 

Of the 49 positive instances, 33 were classified correctly as true positives and 16 as false-

negatives. Eight negatives were classified incorrectly as false-positives. A confusion matrix is 

shown in Table 5.1. Precision and recall were 80% and 67% respectively. 

 

Table 5.1.  

Confusion matrix for performance of the Lewin’s Rail classifier. 

 

Not Lewin’s 

Rail 

Lewin’s  

Rail 

<<<< Classified as: 

1383 8 Not Lewin’s Rail 

16 33 Lewin’s Rail 

 

A better interpretation of this result should take into account that the 49 positive instances 

consisted of 18 easy instances (having an average SNR of 11.6 dB, and easy to recognize by 

eye in a standard grey-scale spectrogram); 12 difficult instances (having an average SNR of 

4.0 dB and more difficult to recognize by eye); and 19 very difficult instances (having an 

average SNR of 3.2 dB and very difficult to recognize, even for the human eye, because the 

‘wheeze’ part of the call was sometimes missing). 100% of the easy and difficult instances 

were correctly recognized by the SVM classifier, but only three (16%) of the very difficult 

instances were correctly recognized.  

 

Key findings 

The Tasmanian Lewin’s Rail is a difficult bird to detect with less than 70 observations since 

1995 (see Chapter 2). Detection from a breeding call is significant in that firstly, it is from a 

visual medium summarizing 24 hours of sound (the LDFC spectrogram), and secondly, it 
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interprets more than presence; it advises of breeding behaviour. A binary recognizer correctly 

classified 100% of calls deemed easy and difficult to identify by a trained listener. Call 

recognizers have been historically biased towards contact calls however these calls may 

decrease during breeding season therefore confounding detection probability. A background 

knowledge of the target species and its call repertoire is essential for species detection, 

especially during the breeding season when most surveys are conducted due to the 

understanding that birds vocalize more during this period.   

 

 

5.6.2. Case Study 2. Comparing detection methods for furtive wetland birds––camera 

traps, acoustic sensors and local knowledge 

 

Background 

Rare and elusive wildlife species are often characteristically difficult to detect. In recent 

years, passive monitoring techniques have been developed which have increased detection 

probability and offered insights into distribution, abundance, population dynamics and 

behaviour (O’Brien and Kinnaird 2008; Towsey et al. 2018). Due to their size, the habitat 

they frequent, and small population base, ground-dwelling wetland birds are notoriously 

difficult to detect (Conway 2011). With a growing number of challenges facing the 

conservation of ground-dwelling birds, specifically in regard to the dispersal of invasive 

mammalian predators (Woinarski et al. 2017b), inland water management and coastal 

reclamation and degradation, the assemblage as a whole has been assumed to be declining 

and distribution restricting (Taylor 1998; Garnett et al. 2011).  

The secretive wetland birds of Tasmania comprise the Australasian Bittern (Botaurus 

poiciloptilus), Tasmanian Lewin’s Rail (Lewinia pectoralis brachipus), Spotless Crake 
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(Porzana tabuensis), Australian Spotted Crake (Porzana fluminea), Baillon’s Crake (Porzana 

pusilla), and the occasional Buff-banded Rail (Hypotaenidia philippensis philippensis). Some 

of these birds are not confined to wetland habitat, and also inhabit grassland and pastures 

(Marchant and Higgins 1993). The only species of this group listed under the Environment 

Protection and Biodiversity Conservation Act, 1999 (EPBC Act) is the Australasian Bittern. 

With divergent perspectives on population declines by historic ornithologists and egg 

collectors (Sharland 1945; Singline 1981) compared to contemporary observations (Green 

1995; Department of the Environment 2015), it is surprising that the remainder of the group 

is not of concern. Keeping in mind the recent extinctions of the Western Australian Lewin’s 

Rail (L. p. clelandi), the Macquarie Island Buff-banded Rail (H. p. macquariensis) and the 

listing of Cocos Buff-banded Rail (H. p. andrewsi) as endangered (see Chapter 3), there is a 

lack of extant species with protection status. In addition, this is reflected in the lack of peer-

reviewed publications describing abundance and/or detection methods for this group 

specifically in Australia (see Chapter 1). Historically all sightings of this assemblage in 

Tasmania have been observed incidentally, or during random 2-ha surveys, highlighting that 

there is currently no specific survey method to increase the detection probability of the group. 

This is dissimilar to North America and Canada where standard survey protocols are 

available and widely applied (Conway 2011) (see Chapter 1 for more detail). Therefore, the 

reliability of species absences with the current methods is questionable.  

For the purpose of this case study, the target species is the Lewin’s Rail. I use a 

combination of monitoring approaches, using a method I have previously developed that is 

known to be reliable in detecting this species (camera traps) (Znidersic 2017), then 

comparing sites of known rail presence with acoustic data and a template recognizer to 

evaluate efficacy and infer how much effort is needed for a lack of records to infer an actual 

absence. 
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Methods 

Study sites 

The study was conducted at ~65 sites on the north-east coast of Tasmania, and one off-shore 

island to the south-east (Tasman Island) from 10 November 2015 to 28 July 2017. I deployed 

acoustic sensors and camera traps to determine the presence of Lewin’s Rail. I also spoke 

with land-owners and local community members in regard to local sightings and historical 

occurrence of bird species at each site. 

For this illustrative case study, data were analyzed from four sites at three locations 

(Figure 5.2); (1) Tasman Island (43° 14′ 12.30′′ S, 148° 00′ 12.73′′ E) (Site A – Mezzanine, 

Site B - Tractor) (43° 14′ 31.36′′ S, 148° 00′ 9.58′′ E), (2) Priory Farm, Tasmania (41° 16′ 

48.52′′ S, 148° 12′ 21.95′′ E), and (3) Winifred Curtis Reserve, Scamander, Tasmania (41° 28′ 

44.80′′ S, 148° 15′ 19.79′′ E). These sites were selected as three were found to have Lewin’s 

Rail present via the camera trap images, and one from confirmation of a nest 

opportunistically found on the land-owner’s property.  

Priory is a rural area located 6 km from St Helens and many of the land-owners are 

generational farmers. The Winifred Curtis Reserve is a protected coastal area spanning 75 ha 

including woodland, coastal heath, paperbark swamp, and saltmarsh and freshwater wetlands, 

at Scamander on the east coast of Tasmania. For information regarding the Tasman Island 

site details see Chapter 2. Discussions were also undertaken with local community members 

with knowledge of the historic distribution of this species. 
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Figure 5.2. A sample of the study sites that were found to have Lewin’s Rail present from camera 

trap images; Tasman Island (2 sites - Mezzanine and Tractor), Priory Farm private property, and 

the Winifred Curtis Reserve, Scamander, Tasmania, Australia. 

 

Data collection 

Camera traps: An array of 7–10 camera traps was deployed for ~10 days at each site. I used 

RECONYX HC600 cameras (Holmen) programmed to a “rapidfire” setting (three 

consecutive still images from trigger event) with medium sensitivity. Cameras were unbaited 

and positioned 0.5–1.0 m (detection zone) in front of dense vegetation or rock background (to 

increase the probability of being triggered by a small-bodied animal moving past and to 

minimize false triggering from wind-blown grass). Cameras were mounted on metal or 

wooden posts 5–46 cm from the ground and were aligned horizontally (focal plane 
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perpendicular to the ground). Camera traps were positioned within a 50 m radius of the 

acoustic sensor.  

 

Acoustic sensors: Wildlife Acoustics SM3 sensors were deployed for ~7–10 days at each 

site. The sensors were secured to a tree or post with straps or cable ties and situated ~80–120 

cm from the ground. Each acoustic sensor was pre-loaded with a Wildlife Acoustics program 

to record continuously at a sampling rate of 24 kHz.  

 

Acoustic Analysis Method to build a template recognizer: A custom template recognizer 

was used for the detection of the ‘kek kek’ contact call of the Lewin’s Rail. This recognizer 

was trained to detect another call in the vocalization repertoire of Lewin’s Rail. Both the 

targeted call and analysis techniques differ from Case Study 1. This recognizer identifies 

acoustic oscillations at the correct periodicity (approximately five ‘keks’ per second) in the 

frequency band (2.6–5 kHz) using a Discrete Cosine Transform (DCT). The software permits 

the DCT to be configured for both frequency band and periodicity. A template recognizer had 

already been made by the Queensland University of Technology for the mainland Australia 

subspecies of Lewin’s Rail (L. p. pectoralis), for another study (Gibson 2017), and the same 

recognizer was used in this study. The template was configured by reference to just four calls. 

The training and testing data were recorded at a reclaimed wetland site in Brisbane, Australia, 

dominated by plantations of Swamp oak (Casuarina glauca).  
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Results 

 

Camera traps 

The total effort in camera trap days for the 4 sites was ~9,200 camera trap hours. Camera trap 

images were manually reviewed and images with Lewin’s Rail detections at the 4 sites 

(Figure 5.3) were used to further analyze the data from the acoustic sensor deployed at the 

site. The Priory Farm site was initially identified by the land-owner who found a Lewin’s 

Rail nest in fodder paddock, at the time growing turnips (Brassica rapa) (Figure 5.4). The 

nest was discovered along the electric fence line where cattle were grazing. 

 

Figure 5.3. Camera trap image of a Lewin’s Rail from the Priory Farm site.  

 

Acoustic Data Analysis 

Acoustic data collected resulted in ~880 hours (~37 days of recordings) of recordings from 

across the 4 sites (Table 5.2). The template recognizer returned 621 positive instances. I 

manually reviewed the positives by aurally verifying the identified instances. This resulted in 

a total of 44 true positives (~7% precision). The Tasman Island tractor site resulted in 7% 
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precision (6 true positives from 84 positives), the Tasman Island mezzanine site had 18% 

precision (26 true positives from 141 positives), and the Winifred Curtis Reserve site had 9% 

precision (12 true positives from 128 positives). The false positives were primarily 

Tasmanian Scrubwren (Sericornis humilis). The call is similar to the Lewin’s Rail ‘kek kek’ 

oscillations and therefore confounded the recognizer performance. The Priory Farm site 

recorded no true positive instances.  

Table 5.2.  

Results from Tasman Island (tractor site and mezzanine site), Winifred Curtis Reserve, and Priory 

Farm sites of acoustic sensor deployment hours, number of positive instances identified by 

template recognizer, and the type of habitat at the sites. 

Site Habitat Deployment dates Acoustic 

sensor hours 

deployed 

Positive instances by template 

recognizer 

Tasman Island -

tractor 

Island. Dense heath and 

grasses 

9–19 November 

2015 

244 Positives 84— 

true positives 6 

Tasman Island - 

mezzanine 

Island. Dense heath and 

grasses 

9–19 November 

2015 

242 Positives 141— 

true positives 26 

Winifred Curtis 

Reserve 

Wetland. Coastal heath, 

wetland emergent 

vegetation 

17–24 January 

2017 

161 Positives 128— 

true positives 12 

Priory Farm Pasture. Turnip paddock 

used for cattle fodder 

21–31 August 2016 233 Positives 268— 

true positives 0 
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Figure 5.4. Lewin’s Rail nest (insert) in fodder paddock, at the time growing turnips, Brassica rapa.  

 

Key findings 

As noted in Case Study 1 (and Chapter 2), the Tasmanian Lewin’s Rail is a difficult bird to 

detect. This case study demonstrates another point for consideration when acoustically 

surveying for a specific species. The contact call used in most recognizers decreases in 

efficacy if the species changes its vocalization repertoire significantly when breeding. In this 

case at the Priory Farm site, Lewin’s Rail was confirmed breeding firstly by a nest detection, 

and secondly by camera trap images, however no contact call was detected by the template 

recognizer. As demonstrated in Case Study 1, the binary recognizer trained on the ‘grunt’ and 

‘wheeze’ calls would have been more suitable for analyzing the acoustic data collected in this 

case study. The template recognizer in the example was created from only a sample of four 

individual calls from the mainland subspecies of the Lewin’s Rail.  
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5.6.3. Case Study 3. Eastern Black Rail (Laterallus jamaicensis jamaicensis) detection 

using long-duration false-colour spectrograms and call regression recognizer  

 

Background 

The Eastern Black Rail (Laterallus jamaicensis jamaicensis), is one of the most secretive and 

least understood marsh birds in North America (Davidson 1992; Legare and Eddleman 2001). 

It is the smallest rail in North America, ranging in length 10–15 cm, wingspan 22–28 cm and 

~20–45 g in weight with sexes similar. The species was ‘late’ to be recognized and formerly 

noted by the scientific world in 1836 (Allen 1900), assumed due to its secretive behaviour. 

The Eastern Black Rail is listed in six US states as endangered and is a current candidate 

species for federal listing (Endangered and Threatened Wildlife and Plants; 12-Month 

Petition Finding and Threatened Species Status for Eastern Black Rail with a Section 4(d) 

Rule, 2018) (US Fish and Wildlife Service 2018). Its distribution and breeding range is 

poorly known, however there are observation records from south Texas north to the Newbury 

Marshes (Massachusetts), and interior areas west to the eastern slope of the Appalachian 

Mountains (Eddleman et al. 1994). Salt marshes are their primary habitat, however they are 

also found in impoundments, freshwater wetlands, coastal prairies and grasslands. 

The current information about distribution is largely anecdotal, and information about 

its population status and life history are lacking. Marsh bird surveys targeting Black Rail 

were commenced in the late 1980s. However, due to the loss and/or degradation of marshes 

and the suspected population crash of the species, a working group in the eastern USA 

increased the survey effort (2014–2018) to an unprecedented scale (Watts 2016). Current 

survey methods rely on labour-intensive call-playback, passive point surveys (Conway and 

Gibbs 2005) and, more recently, acoustic recording units (acoustic sensors) with an unknown 

proportion of false negatives. The various temporal vocalization strategies vary not only 
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between the subspecies, but also between populations (Eddleman et al. 1994) and very little 

is documented about their natural vocalization strategies without the bias of a human 

observer and the use of call-playback to elicit a response. Surveys are usually conducted with 

a passive survey period of 5 minutes to begin, followed by a conspecific call-playback 

repertoire of ~5–15-minute duration (dependent on number of target species). The broadcast 

of a species call is generally played in bursts of 30 seconds, then a silence of 6 seconds, and a 

further burst of 30 seconds of calls, methodically through the species’ repertoire. The next 

species’ call is played, and so on. There is a final 30 seconds of silence to end the survey. The 

recommended point spacing is 400 m between adjacent survey points (Conway 2011), 

however previous studies have varied from 40 m to 800 m (Conway and Gibbs 2001; also see 

Chapter 1).  

Acoustic sensors (autonomous recording units) passively collect data, reducing impacts 

on species behaviour and extending manual data collection capabilities over an increased 

temporal and spatial scale (Chapter 4). They are a useful tool when little is known about the 

vocalization strategy of a species. We used a novel ‘soundscape’ technique – long-duration, 

false-colour (LDFC) spectrograms – to analyze 20 continuous days of audio recording to 

firstly, confirm presence of black rail in a large audio dataset, secondly, use a Random Forest 

recognizer to scan multiple days of recording, thirdly, compare the results of two acoustic 

sensors located within 487 m of each other, and finally to evaluate whether the current 

monitoring approaches are optimal.  

In this study we apply the use of long-duration, false-colour spectrograms and a 

Random Forest recognizer to detect the Black Rail ‘kickee-doo’ call (Robbins et al. 1983) 

from long-duration acoustic recordings. The sampling approach used represents a realistic 

scenario for how this species is already monitored across the USA, allowing independent 

validation of both survey efficacy and sampling efficiency. Although 3 months of data were 
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collected across 59 sites, here, I include a subset of these data to demonstrate firstly, how 

Black Rail calls are visible in LDFC spectrogram images, secondly, the effectiveness of a 

Random Forest regression recognizer, and thirdly, how spacing between survey points is 

critical for species detection.  

 

Methods 

Study site 

The Yawkey Wildlife Center includes three coastal islands (North and South Islands, and 

most of Cat Island) at the mouth of Winyah Bay in Georgetown, South Carolina (33° 14′ 

56.89′′ N, 79° 15′ 54.12′′ W) (Figure 5.5). It encompasses over 24,000 acres (9,712 hectares) 

of natural marsh, managed wetlands, forest openings, ocean beach, longleaf pine forest and 

maritime forest. It is managed by the South Carolina Department of Natural Resources as a 

wildlife preserve, research area and waterfowl refuge and has restricted access to the public. 

 

 

Figure 5.5. Yawkey Wildlife Center, South Carolina, USA.  
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Data collection 

Recordings were obtained using SongMeter 3 (SM3) acoustic sensors (Wildlife Acoustics, 

2016). The acoustic sensors were fixed to a metal stake with cable ties and powered by four 

D-cell batteries. We recorded in stereo, 16-bit, WAV format, sampled at 22.05 kHz, with a 

continuous 24-hour recording duty cycle. Data were collected from 59 sites during 20 March 

2016 to 18 May 2016. For the purpose of this study, we analyzed data from two sites only 

from 20 April to 30 April 2016. 

 

Data visualization using LDFC spectrograms 

The LDFC spectrograms were prepared by combining three indices to the red, green and blue 

channels. We combined the Acoustic Complexity Index (ACI) (Pieretti et al. 2011), the 

Temporal Entropy index (ENT) (Sueur et al. 2008), and the Event Count index (EVN) 

(Towsey 2017) to produce one LDFC spectrogram. For more information in regard to LDFC 

spectrograms, refer to Chapter 4 and this Chapter (Case Study 1). 

 

Method to build regression recognizer using spectral indices features 

Once again, the conspicuousness of Black Rail calls in these LDFC spectrograms suggested 

that the spectral indices themselves could be used as features to train a recognizer (see Case 

Study 1 for a similar scenario with Lewin’s Rail). Three spectral indices were used as 

acoustic features (ACI, ENT, EVN). The dominant components of the Black Rail call lie 

between 1000–3000 Hz.  

Building a regression call recognizer for the Black Rail involved three steps:  

1. Preparing a data set and labelling of recording segments: Two complete days of 

recording (21 April 2016 and 23 April 2016) were labelled at one-minute resolution 

(1,440 minutes for each day). Each minute was annotated with the number of Black 
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Rail calls in that minute. A single Black Rail call has a duration of less than one 

second and, at this study site, the species could call up to 35 times per minute. The 

1,440 minutes of 21 April 2016 included 270 minutes containing one or more Black 

Rail calls. The remaining minutes contained zero calls. The 1,440 minutes of 23 April 

2016 included 248 minutes containing one or more calls. On both days, the Black Rail 

calls occurred during both day and night.  

2. Training the recognizer: The data were used to train a Random Forest recognizer for 

the regression task of predicting the number of Black Rail calls in each minute of 

recording. The default training parameters were used as provided by the WEKA 

Machine Learning package (Frank et al. 2016). WEKA makes it possible to try 

several machine learning algorithms. The only other algorithm to perform as well as 

Random Forest was the Support Vector Machine in regression mode, but it took much 

longer to train. Thus, we present results only for Random Forest. RF performance was 

optimized using 10-fold cross validation. 

3. Testing its performance (see more detailed information in Chapter 4 for Least 

Bittern): Performance was assessed by applying the trained recognizer to the 1,440 

instances recorded on 23 April 2016.  

 

Results 

Visualization of Black Rail vocalizations in LDFC spectrogram 

Approximately 478 hours of continuous acoustic recording were collected from two sites 

(ARU 7–4 and ARU 10–4) (Figure 5.8). Black Rail vocalizations were visually identified in 

the frequency range 1000–3000 Hz in the grayscale spectrogram. The corresponding 

vocalization signature was then detected in the same frequency band of the LDFC 

spectrograms (Figure 5.6).  



137 

 
 

Figure 5.6. (a) A 3-hour sample (01:00 to 03:00 hr) from a 24-hour LDFC spectrogram. (b) A 7-

second portion of standard grey-scale spectrogram extracted from the same time period. The 

vertical axis (0–8 kHz) is the same for both spectrograms. The grey-scale spectrogram illustrates 

the ‘kickee-doo’ call of the Black Rail. These can be identified in the LDFC spectrogram within 

the yellow rectangle. The horizontal axis (x-axis) in the left spectrogram shows 3 hours, on the 

right side 7 seconds of spectrogram are shown.  

Training a Random Forest recognizer 

The Black Rail called at various times through both day and night. During the day there are 

many other vocal species, and some of their calls overlap with the frequency band of the 

Black Rail. As the acoustic features are extracted at one-minute resolution, this can result in 

several other bird species contributing to the value of the extracted features. This can then 

result in a recognizer that performs poorly on the Black Rail regression task. To mitigate this 

problem, the recognizer was only trained on positive instances where the Black Rail call was 

the only (or at least the dominant) call in its frequency band. Therefore, all positive minutes 

were removed from the 21 April 2016 data set that occurred during daylight hours (between 

06:15 and 20:00 hr). The resulting data set consisted of 1,301 instances, including 1,170 

(68%) negative instances and 131 (32%) positive instances. The positive instances were 

located exclusively in the night time, where there were no other calling species in the Black 

Rail frequency band. The maximum number of Black Rail calls in any minute was 18. In 
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addition, the combination of three spectral indices (ACI, ENT, EVN; a total of 159 acoustic 

features) was required to yield maximum agreement between targets and Random Forest 

predictions (ten-fold cross-validation: correlation coefficient = 0.91, mean absolute error = 

0.32). 

Performance of the call recognizer 

Because the Random Forest recognizer was trained on positive (“clean”) instances only, it 

was expected that it should perform well on previously unseen, “clean” test instances, 

whether or not these occurred during the day or night. The prediction capabilities of WEKA 

were used to run the trained Random Forest recognizer over the 23 April 2016 data set 

(Figure 5.7).  

The results of the recognizer performance on the “clean” instances during the early night-

time hours are presented in Table 5.3. The predicted call counts were ranked from highest to 

lowest and compared with actual counts. Table 5.3 also shows the number of false-positive 

predictions in blocks of 25 for the top 150 ranked predictions. A false-positive in this context 

is a one-minute instance that is predicted to contain at least one Black Rail call but contains 

zero calls. There are 19 false-positive predictions in the first 132 ranked predictions. Figure 

5.7 shows the predictions (red line) and visually demonstrates that it would be reasonable to 

set a threshold of 3 calls per minute to allow for noise in the regression prediction. This 

threshold is reached at the 120th ranked prediction (Table 5.3), at which point there are an 

accumulated 14 false-positive errors. The first 120 predictions also included two correct 

predictions in the early morning, “windy” part of the day. The confounding species in the 

bird chorus was primarily the Chuck-will’s-widow (Antrostomus carolinensis); frequency 

range 1200–2500 Hz) 
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Figure 5.7. Prediction of Black Rail calls by the RF recognizer, trained on positive “clean” 

instances only. Black line = actual counts; Red line = predicted counts. X-axis is the minutes of 

the day from midnight to midnight (1,440 minutes) and the Y-axis is the number of Black Rail 

calls per minute. Note that the clean positives occur after 1,200 minutes, and the recognizer fails 

to predict Black Rail calls when it is windy or when other birds are vocalizing. 

 

Table 5.3.  

Random Forest recognizer results from the test day 23 April 2016. The predicted call counts were 

ranked from highest to lowest and compared with actual counts. The number of false-positive 

predictions are shown in blocks of 25 for the top 150 ranked predictions. A false-positive in this 

context is a one-minute instance that is predicted to contain at least one Black Rail call but 

contains zero calls. There are 19 false-positive predictions in the first 132 ranked predictions.  

Prediction Rank Number of false-

positives 

1-25 0 

26-50 2 

51-75 1 

76-100 5 

101-125 8 

126-150 9 
 

Results comparison between the two acoustic sensor sites 

The two acoustic sensor sites (ARU 7–4 and ARU 10–4) were located on the edge of an 

impounded marsh. The yellow rectangles (Figure 5.9) show the concentrated vocalization 
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period of Black Rail calls at ARU–10 in the top spectrogram (20:55–22:30 hr). The bottom 

spectrogram also identifies the peak calling period (yellow rectangle) at ARU–7 but does not 

reflect the same predictions or actual vocalization activity. This indicates that the Black Rail 

calling was closer to ARU–10 than ARU–7. Although there were call predictions identified 

by the recognizer on ARU–7, presence by visual interpretation of the LDFC spectrogram 

would have resulted in a false negative. The distance separating the sensors was 487 m 

(Figure 5.8). The LDFC spectrograms for the two sites including the call predictions (Figure 

5.9) demonstrates that there is significant sound attenuation between the two sensors.  

 

 

Figure 5.8. Yawkey Wildlife Center, Georgetown, South Carolina, USA. The yellow line shows 

the distance (487 m) between the two acoustic sensor sites (ARU 10–4 and ARU 7–4).  
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Figure 5.9. LDFC spectrogram for site ARU–10 (top) and ARU–7 (bottom) from 23 April 2016. 

X-axis is 24 hours midnight to midnight), y-axis 0–11,000 Hz. The yellow rectangle on the top 

spectrogram shows the concentrated vocalization period (20:55–22:30 hr) of Black Rail calls at 

ARU–10. The yellow rectangle on the bottom spectrogram identifies the same period at ARU–7, 

although Black Rail calls are not visible. The predictions from the regression recognizer are 

shown at the bottom of both LDFC spectrograms in black and white, with the green line indicating 

a threshold of three calls per minute. 

Key findings 

Detection of the Eastern Black Rail was confirmed from the visual medium summarizing 24 

hours of sound, the LDFC spectrogram. The significance of these findings is firstly, that this 

species is one of the most secretive and least understood marsh birds in North America, and 

secondly, it is a current candidate species for federal endangered listing. The Black Rail 

contact call (‘kickee-doo’) was readily detected in the LDFC spectrograms when the rail was 

within a radius of less than 487 m. However, the exact distance could not be determined. The 

call regression recognizer trained on a full dataset (1,140 minutes) could not detect Black 

Rail calls during times when multiple species vocalize in a similar frequency band (day-time 

positives). The recognizer was reliable when trained only on night-time positives with both 
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sensor sites recording positives. This technique works at one-minute resolution only where 

calls of the species of interest dominate in its frequency band. Including minutes in the 

training data that contain confounding sounds such as wind gusts and calls of other species 

(birds or frogs) in the same frequency band, greatly reduce the accuracy of the recognizer. 

The technique remains useful to determine presence/absence of the species of interest in quiet 

interludes which occur predominantly in the night.  

Survey point spacing (either passive acoustic recorders or field technician point 

surveys) is critical to detection probability and efficacy in real-world scenarios. The visual 

detection in the LDFC spectrogram of the Black Rail was optimal at the ARU–10 site. I could 

clearly see the calls during 20:55–22:30 hr in the frequency band 1,000–3,000 Hz. However, 

this was not replicated for the same period at ARU–7. The regression recognizer did however 

identify calls during 20:55–22:30 hr that were not visible in the LDFC spectrogram. Sound 

attenuation in the context of bird communication, depends on the nature of the intervening 

vegetation and reflecting surfaces, and also the physical properties of the sound transmitting 

medium (air temperature, humidity and turbulence).  
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5.6.4. Case Study 4. Complimenting long-term data sets with novel methods—Purple 

Gallinule at the Oak Ridge Reservation, Tennessee 

 

This case study includes an edited version of the published manuscript ‘First Roane County 

record of Purple Gallinule is captured on trail camera’. Roy, W. K., Znidersic, E., Darling, S. 

E., and Herold, J. M. (2017). The Migrant.  

 

Background 

The short-term use of two recently developed technological approaches (camera traps and 

acoustic sensors) was applied to biodiversity monitoring and the resultant data was compared 

with long-term occurrence data for marsh bird species at the Oak Ridge Reservation, 

Tennessee. Oak Ridge National Laboratory staff have collected bird data for over 67 years 

(1950–2017), yielding observational records of 232 species. The advantage of this location is 

its long, documented history (1950 to 2014) of bird observation which acts as a baseline of 

species occurrence. The historical data were collected primarily for the breeding bird 

“Partners in Flight” program (1995 to 2013) and for waterfowl surveys (1990 to 2008), 

although additionally, eBird records and sightings from credible ornithologists are included 

(Roy et al. 2014). These survey methods are typically of short duration and record all species 

heard and seen from a point or multiple points, specifically biased towards detection of 

conspicuous species. However, the six marsh bird species included in the 232 bird species 

total were not observed during the Partners in Flight surveys (Roy et al. 2014; Roy pers. 

comm.), instead they were collected via eBird observations or incidental sightings. 

Although not typically recognized for marsh bird occurrence, Tennessee is situated on 

the migratory route for some species and supports some resident species. Species sighted on 

the Oak Ridge Reservation include King Rail (Rallus elegans) (historic), Virginia Rail 
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(Rallus limicola) (migrant), Sora (Porzana Carolina), Common Gallinule (Gallinula galeata) 

(occasional), American Coot (Fulica Americana), and Least Bittern (Ixobrychus exilis) 

(occasional).  

Acoustic sensors and camera traps were deployed over a 5-week period in five marshes 

at the Oak Ridge Reservation to compare marsh bird occurrence data with the long-term data-

set. The aim was to investigate whether data collected from camera traps and acoustic 

sensors, two very different methodologies in comparison to the observation-based 70-year 

dataset, could value add in terms of efficacy.  

 

Methods 

Study site 

The study site was the Oak Ridge Reservation, Tennessee, USA (Figure 5.10). The Heritage 

Center Greenway Powerhouse Trail (35° 54′ 53.70′′ N, 84° 24′ 13.86′′ W) is a public 

greenway trail, located in the eastern portion of Roane County, (Figure 5.11) and became an 

eBird “birding hotspot” in May 2015 (Sullivan et al. 2009). Prior to that date, this area was 

commonly referred to as the “East Tennessee Technology Park (ETTP) Beaver Ponds”. For 

more information on the Oak Ridge Reservation, see Chapter 4. 
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Figure 5.10. Oak Ridge Reservation, Tennessee, USA. 

 

 

Figure 5.11. Heritage Center Greenway Powerhouse Trail, Oak Ridge Reservation, Tennessee. 
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Data collection 

On 8 May 2017, 11 camera traps were deployed (four Stealth Cam STC-G42NG and seven 

Reconyx HC600 camera traps), plus four SongMeter 3 (SM3) acoustic sensors (Wildlife 

Acoustics, 2016). The acoustic sensors were fixed to a metal stake with cable ties and 

powered by four D-cell batteries. We recorded in stereo, 16-bit, WAV format, sampled at 

22.05 kHz, with a continuous 24-hour recording schedule. Camera traps were mounted on 

small wooden stakes and positioned to increase the detection of a small ground-dwelling 

species (for more information about camera trap methods, see Chapters 2 & 3).  

For the purpose of this case study, analysis was restricted to the results from one 

deployment period of camera traps (8–17 May 2016). The four acoustic sensors were 

deployed within 375 m of each other and the camera traps were positioned within a 75 m 

radius of an acoustic sensor (Figure 5.12). For the results of the acoustic sensor deployment 

and detection of the Least Bittern, see Chapter 4. 

 

 

Figure 5.12. Camera traps (red dots) and acoustic sensors (green dots) Heritage Center Greenway 

Powerhouse Trail, Oak Ridge Reservation, Tennessee. 
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Results 

Camera traps 

All images (n = 3,904) for the camera traps were manually reviewed. At approximately 09:54 

hr on 11 May 2017, one of the camera traps was triggered, capturing three consecutive partial 

images of an adult Purple Gallinule (Porphyrio martinicus) (Figure 5.13). The camera-

indicated temperature at the time was 28ºC. Other species detected on the camera traps within 

close proximity included; Spotted Sandpiper (Actitis macularis), Solitary Sandpiper, (Tringa 

solitaria), and Red-winged Blackbird (Agelaius phoeniceus). 

 

 

 

Acoustic sensors 

A sample (n = 10 hours) of acoustic data was manually reviewed via grey-scale spectrogram 

at and around the time of the camera trap image of the Purple Gallinule. No recognizer was 

developed to further search the dataset. When reviewing acoustic data from the same acoustic 

sensor used to detect the Least Bittern (Chapter 4), no vocalizations of Purple Gallinule were 

encountered.  

As the first record of the Purple Gallinule at the Oak Ridge Reservation, this finding 

attracted significant media interest. The Oak Ridge National Laboratory’s facebook page 

received over 10,000 views of a short video made about the detection (Figure 5.14) and local 

print media published the story.  
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Figure 5.13. One of the three camera trap images capturing the first Oak Ridge Reservation and 

Roane County record of a Purple Gallinule. 

 

Figure 5.14. Social media video posted on Oak Ridge National Laboratory Facebook of the Purple 

Gallinule. 
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Key findings 

The Purple Gallinule is the 233rd bird species to be recorded on the US Department of Energy 

(DOE) Oak Ridge Reservation since 1950. Based on an extensive literature search, eBird 

database search, and personal communications by Oak Ridge National Laboratory, this 

appears to be not only the first Oak Ridge Reservation record of Purple Gallinule, but also the 

first record in Roane County, Tennessee. Significant media interest in the detection 

demonstrated how visually generated images of wildlife have an impact on the broader 

community.  
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5.6.5. Case Study 5. Biasing camera trap placement for rail detection 

 

This case study includes two examples of biasing camera trap placement. I have included 

them in the same case study, as although they are from studies conducted in different parts of 

the world (South Carolina, USA and Tasmania, Australia), they demonstrate the 

transferability of the methodology to the marsh bird assemblage. The two examples have 

resulted from the collection of over ~1,418 days of collective camera trap days (equivalent to 

~34,000 hours of deployment time). I include a background and methods and results for each 

example. The key findings are a summation of both examples. 

 

Example 1. Background 

The Yellow Rail (Coturnicops noveboracensis) is a one of the smallest and secretive Rallidae 

species, ranging in length 16–19 cm (Taylor 1998). It is known for its quail like appearance 

and its habitat preference is for shallow wetlands and other wet areas with grass-like 

vegetation. Yellow Rail breed from eastern British Columbia and Southern Northwest 

Territories to New Brunswick, south to northern USA. Being migratory, it winters in coastal 

states from North Carolina to Texas. These over-wintering ranges are distant and non-

overlapping to the breeding grounds and are poorly know. Most of the migratory records are 

opportunistic, resulting from eBird records, building strikes and state ornithological records 

(Fournier et al. 2017). The Yellow Rail was listed on Schedule 1 as a species at risk in 2005 

(Bookhout 1995; Environment Canada 2012). Yellow Rail sightings in South Carolina are 

rare as they are only observed during migration and records indicate there has only been one 

observation at the Yawkey Wildlife Center prior to 2016.   
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Methods and Results  

The study site was The Yawkey Wildlife Center, South Carolina, USA (for more details see 

Case Study 3 in this chapter). Camera traps and acoustic sensors were deployed using the 

same methodology as described previously in Chapter 2 and Chapter 4 respectively. The total 

effort equaled ~805 camera trap days and ~400 acoustic sensor days, spanning approximately 

~70 calendar days. On 3 April 2016, 23 images of Yellow Rail were captured on a camera 

trap (Figure 5.15). The first trigger event was at 07:04 hr and the last at 18:04 hr on the same 

day. No other images of Yellow Rail were captured on this camera trap during the following 

9 days of deployment at this site, nor on an additional nine camera traps deployed within 100 

m of this site. The remaining camera trap effort (~60 calendar days x 20 camera traps) failed 

to detect any additional Yellow Rail on the Yawkey Wildlife Center during the study. A 

sample of 10 hours of acoustic data was manually reviewed through grey-scale spectrogram. 

No vocalizations were detected. This is the second only sighting of Yellow Rail observed at 

the Yawkey Wildlife Center. Due to the rarity of this sighting, and the visual media of a 

camera trap image, the detection received some social media attention.  
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Figure 5.15. Yellow Rail captured on a camera trap at the Yawkey Wildlife Center, South 

Carolina. 

 

Example 2. Background 

The Spotless Crake (Porzana fluminea) is a small and secretive species of the Rail family. It 

is a small rail, 17–20 cm in length, wingspan 26–20 cm and weight 40–50 g. The Spotless 

Crake has a wide distribution, from the Philippines, south through Indonesia and New Guinea 

to Australia, New Zealand and the south western Pacific Islands, east to Marquesas 

(Marchant and Higgins 1993). The Spotless Crake was observed as common in Tasmania 

around 1945 (Sharland 1945) however, more recently it has been reported as scarce and 

rarely seen (Watts 2008). 

 

Methods and Results  

This case study demonstrates the results from the Medeas Cove site (Figure 5.16) from my 

larger Tasmanian marsh bird study (~65 acoustic sensor sites and a camera trap effort of 116 
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deployments sites (Figure 5.17) of between 7–10 days in duration on the north-east coast of 

Tasmania, and Tasman Island, from 10 November 2015 to 28 July 2017). Camera traps and 

the acoustic sensor were deployed as previously described in Chapter 2 and Chapter 4 

respectively. On 1 October 2017, three images (one camera trap event, see Chapter 2 for 

camera trap setup) of a Spotless Crake were captured on a camera trap (Figure 5.18). This is 

the 37th sighting of Spotless Crake in nearly 20 years (1999–2017) in Tasmania. Total camera 

trap images for the total camera trap deployment in Tasmania was ~40,000 images. This was 

the only camera trap event of a Spotless Crake with an effort over ~116 sites spanning 613 

camera trap days. No obvious call was present in the LDFC spectrogram and a sample of 4 

hours was aurally analyzed with negative result.  

 

 

Figure 5.16. Medeas Cove, St Helens, Tasmania. Site of Spotless Crake detection from a camera 

trap. 
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Figure 5.17. Total effort at seven sites containing 116 individual camera deployment sites of 

between 7–10 days each in duration from 10 November 2015 to 28 July 2017. There was only one 

camera trap event capturing a Spotless Crake during this period. 

 

 

Figure 5.18. Spotless Crake captured on a camera trap at Medeas Cove, St Helens, Tasmania. 

 



155 

Key findings 

Camera traps are an effective method for detecting multiple rail species, including small-

bodied species. This case study gives two examples of occurrence in different countries, in 

different wetland systems, of two rail species with different life histories (Yellow Rail is 

migratory, Spotless Crake thought to be irruptive). Species-specific knowledge may increase 

detection probability through this placement method when habitat preference is well 

described. As this is not the case for most rail species, the methodology should consist of 

generic rail placement camera trap protocol. These types of rare sightings and the large 

number of absences contribute to the critical evaluation of conservation status.  

5.7. DISCUSSION  

5.7.1. Monitoring 

Precise monitoring is becoming even more critical as species experience escalating pressure 

associated with reduced habitat availability, climate disruptions and invasive species (Garnett 

et al. 2018; Woinarski et al. 2017a). Coupled with these dynamic environmental changes are 

the pressures associated with diminishing budgets, a lack of long-term species-specific 

datasets, and management decisions based on guess-work rather than evidence-based 

prioritization of research or management (Ferraro and Pattanayak 2006; Garnett et al. 2018; 

Legge et al. 2018). Labour-intensive monitoring methods are becoming increasingly 

challenged to maximize efficiency and cost effectiveness, with the potential for sampling 

sites more regularly, or increasing the time spent at sites directly impacting on the number of 

sites that can be surveyed due to budget constraints (Guillera-Arroita and Lahoz-Monfort 

2012). Through the application of technology in the collection of monitoring data, acoustic 

sensors and camera trap data were analyzed using post-hoc techniques and visualization 

approaches to answer monitoring questions. The five ‘rare event’ case studies indicate that 
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detectability and apparency are the confounding factors, and that survey effort (temporal and 

spatial) is the more likely limiting factor in marsh bird monitoring.  

 

5.7.2. Summary of the case studies 

The case studies as a whole, reveal emergent themes and conclusions as to the optimal 

monitoring strategy for furtive marsh birds under differing circumstances of temporal and 

spatial scale, and available funding. They focus on five species; Black Rail (USA), Yellow 

Rail (USA), Lewin’s Rail (Australia), Purple Gallinule (USA) and Spotless Crake (Australia). 

All species excluding the Spotless Crake have a ‘threatened’ status in their respective states 

or countries. I replaced the most widely-used monitoring methods for this assemblage of 

birds (call-playback and passive point surveys; see Chapter 1) with technology in the form of 

camera traps and acoustic sensors. After the initial expense of purchasing monitoring 

equipment (camera trap or acoustic sensor), the cost to deploy is minimal, due to user 

friendly programming and operation of these devices. The advantages of passive automated 

monitoring devices are that they can be deployed in remote places, there is minimal 

disturbance to species and habitat (only during deployment and retrieval), they can be 

deployed for an extended period (days to years) depending on power source and they can be 

deployed rapidly by a less experienced person. The costs incurred with this type of 

monitoring are associated with logistics, getting to and from the study site to deploy and 

retrieve equipment, and the post-collection costs of the data in terms of management, analysis 

and storage. The analysis of the data requires varying amounts of expertise and experience, in 

many cases beyond the skill set  of a traditional field ecologist or environmental manager. 
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5.7.3. Case study analysis 

The five case studies demonstrate that, depending on the question, once the data have been 

collected, there are multiple ways to review and analyze the dataset. Seven methods were 

used in these case studies to detect the species; long-duration false-colour spectrograms 

(LDFC), call regression recognizer, template recognizer, binary recognizer, camera traps, 

local knowledge, and direct observation (detections from visual and auditory cues while 

deploying and retrieving the monitoring equipment). The type of analysis then becomes 

dependent on budget, time frame, required resolution, availability of requisite analytical skills 

and the nature of the question being asked. The advantage of this type of dataset is that it is 

readily stored as a permanent record and, therefore, as required funds or time become 

available, further analysis can be undertaken. It may be that data can be reviewed manually to 

answer a specific question effectively. Alternatively, the use of a recently developed 

visualization tool to make the review more efficient or targeted may be optimal. And finally, 

as in some of these case studies, collaboration with computer scientists to develop customized 

algorithms to detect the target species in large datasets is necessary. Once validated and 

tested, this approach can be used to sift through multi-year datasets in a matter of minutes 

(Table 5.3), highlighting candidate vocalizations to be confirmed by an experienced listener. 

For example, the total acoustic survey effort equated to 1,260 days of 24-hour continuous 

acoustic recordings (or almost 3.5 years) of data—120 days in Tennessee, 400 days in South 

Carolina and 740 days in Tasmania). Listening to these data files is simply not possible for a 

single researcher, and delegating out the task by involving an army of citizen scientists or via 

various crowd-sourcing platforms would compromise comparability. Instead, this approach 

broke down the task into a tightly defined rule set well-suited to machine learning, making 

best use of a trained listener to confirm identities. 
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Table 5.4.  

A summary of the results from the five case studies investigating five secretive marsh birds; Black 

Rail, Yellow Rail, Lewin’s Rail (Tasmanian), Purple Gallinule and Spotless Crake. The detection 

methods applied were long-duration false-colour spectrograms (LDFC), call regression recognizer, 

template recognizer, binary recognizer, camera traps, local knowledge and direct observation. 

Camera trap and acoustic survey effort was calculated by the operational 24-hour period of each 

device in the field. 

 
 Black Rail Yellow Rail Lewin’s Rail Purple 

Gallinule 

Spotless Crake 

Visible in 

LDFC 

Yes No Yes No No 

Regression 

Recognizer 

Yes N/A N/A N/A N/A 

Template 

Recognizer 

N/A N/A Yes N/A N/A 

Binary 

Recognizer 

N/A N/A Yes N/A N/A 

Camera trap No Yes Yes Yes Yes 

Local 

knowledge 

No No Yes No No 

Direct 

observation 

No No No No No 

Camera trap 

survey effort 

~805 days ~805 days ~613 days ~330 days ~613 days 

Acoustic 

sensor survey 

effort 

~400 days ~400 days ~740 days ~120 days ~740 days 

 

 

Camera traps 

Of the five case studies, four returned positive detections from the camera traps. These were 

deployed on a small scale (around acoustic sensor sites) covering a small area (meters versus 

kilometres) and a maximum of 10 camera traps at a site (within a 100 m radius). In case 

studies 4 and 5, a consistent theme emerges. All three examples are indeed ‘rare events’, 

Yellow Rail, Purple Gallinule and Spotless Crake, all unexpected sightings at their respective 

monitoring sites. With sightings equating to the first ever in the Roane County and Oak Ridge 

Reservation (Purple Gallinule), second record at the Yawkey Wildlife Center (Yellow Rail), 

and the 37th sighting in ~20 years (and one of the only verifiable records) in the Australian 
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island state of Tasmania (Spotless Crake), the effectiveness of the approach is demonstrated. 

Three cryptic marsh bird species were ‘captured’ in different countries, (USA, South Carolina 

and Tennessee; Australia, Tasmania), in different habitats (grassland swamp edge, wetland 

with emergent vegetation and mud surround, and inland marsh), but using the same camera 

trap placement and orientation methodology specific to the size and behaviour of the target 

species (Meek et al. 2012). The deployment period for each camera trap placement was 10 

days and the positioning was fine scale, strategically biased to detect a rail or ecologically 

similar species (Znidersic 2017). The total camera trap survey effort equated to 1,748 camera 

trap days (or almost 4.8 years) of data—330 days in Tennessee, 805 days in South Carolina 

and 613 days in Tasmania (Table 5.3). 

 

Scenario 1 

To contextualize these findings and demonstrate how to match the question with the method 

and budget, consider the following scenario: Your task is to establish a bird species list at a 

coastal wetland reserve (40 ha) and the budget is $10,000 (excluding wages) with a time-

frame of 6 months. You could complement traditional monitoring methods such as point 

counts and transect surveys with the purchase and deployment of camera traps to increase 

detection probability of cryptic species. Costs would include; ~$8000 (@ 2018 market price) 

for 10 camera traps, batteries and SD cards, data storage device ($1000), and staff training 

($1000). The results would reflect a more complete survey effort over a long duration for 

secretive species, including nocturnal species, wetland dependent species and other low 

detectability groups. In addition, you would compile a species list of other birds, mammals 

and reptiles at the location which may be just as important for local stakeholders as the 

detection of a particular rail or bittern. Due to the visual appeal of camera trap images 

(Othman and Amirudden 2010), you could use them to inform and engage the wider 
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community about rare species, resident species and behaviours (Parsons et al. 2018). By 

reminding communities about the value of their local reserve and the continued need for 

conservation management, funding from local government and non-government 

organizations may be more forthcoming, investment in facilities and on-ground works 

consolidating the value of the reserve. In Case Study 4, the camera trap images of the Purple 

Gallinule generated great interest among the public in the natural environment and the bird 

community. Also, on a smaller scale was the social media interest in the detection of a 

Yellow Rail (Case Study 5). In addition, the Priory Farm landowner who discovered a 

Lewin’s Rail nest resulted in community education and interest (Case Study 2). The land 

owner was a generational farmer and was well ‘connected’ to his land. Although he had 

found the nest, he had never observed a Lewin’s Rail on his property until the camera traps 

captured images of the bird. In contrast, the $10,000 budget could be used to purchase 

acoustic sensors which would be easy to deploy and collect a large amount of data. However, 

without a skilled ecologist or computer scientist, you would be restricted to manual review or 

a pre-purchased acoustic software package requiring much setup time.  

As the broader questions around these case studies involve cost effective monitoring 

and detection, when the camera trap images provided a positive detection of a rare species, 

unless a call recognizer was available to analyze the acoustic data (at the closest acoustic 

sensor site to the camera trap), or the call was easily detected in the LDFC spectrogram, there 

was minimal or no further analysis of the acoustic data to confirm presence.  

 

Acoustic monitoring 

Long-duration false-colour, spectrograms and a binary recognizer 

As a standalone method, acoustic monitoring was efficient in documenting presence from the 

collection of long-duration recordings (a minimum of 7 days per site). The accumulation of 
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‘big data’ did however necessitate development of automated methods for review. There 

were two species detected from the LDFC spectrograms; Lewin’s Rail (Australia) in Case 

Study 1, and Eastern Black Rail (South Carolina) in Case Study 3 (also refer to Chapter 4 for 

the Least Bittern). The common theme in these two studies is that this method (LDFC 

spectrograms) is effective when the species of interest is vocalizing in a frequency band and 

during a time of day that are relatively quiet, and therefore less confounded by other species 

vocalizing in the same acoustic niche (Towsey et al. 2018). Case Study 1 demonstrates the 

near immediate visual detection from a trained ecologist and validation for the good ‘grunt’ 

and ‘wheeze’ calls of the Lewin’s Rail, without the need for a recognizer in the LDFC 

spectrogram. However, by using the binary recognizer, the detection of difficult and very 

difficult calls was enabled. As with Case Study 1, Case Study 3 demonstrated that the Black 

Rail call can be reliably identified from a LDFC spectrogram. The significance of these 

results is the immediate reduction in field survey effort, an increase in detection probability, 

and the potential to survey more sites over longer time periods without additional funding 

required. If a rare bird such as a Black Rail can be detected post-computer processing of lots 

of data with minimal cost and time, this method has the potential to have significant 

monitoring outcomes. 

Template recognizer 

Case Study 2 is the only example of the application of a template recognizer for another call 

in the Lewin’s Rail repertoire, the contact call, ‘kek kek’. Using the template recognizer did 

however result in low precision, but did detect the target species. The ‘kek kek’ call can be 

quite variable and other species have a similar oscillation period that confounded these 

results. As previously stated, a template recognizer can be constructed with just a few calls, 

as in the example of Lewin’s Rail.  
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Scenario 2 

To put these findings in context in a real-world example, consider a second scenario where 

the objective is to establish a large-scale monitoring protocol for a rail species over a 200 km2 

area over a 5 year period, with a budget of $1,000,000. From the results presented by these 

case studies and Scenario 1 as previously discussed, we know that the camera trap placement 

and orientation would not be feasible for a large-scale study, considering the small spatial 

scale of data collected, unless used as a complement to acoustic monitoring. However, if we 

apply the key findings from Case studies 1 and 2 and consider applying recognizers to 

complement the vocalization repertoire of a species (e.g., ‘kek kek’ contact call and the 

‘grunt and wheeze’ call associated with breeding), the potential for year-round detection of 

rail species increases and valuable knowledge is gained as to their breeding and habitat 

preferences. In addition, as demonstrated in Case Study 5, camera traps as a complimentary 

technique can detect migratory and nomadic species that generally don’t vocalize.  

Recognizers as analytical tools  

This scenario is further demonstrated in Case Study 1. The preparation of an automated 

recognizer is useful where an ecologist must scan many days of data (one LDFC spectrogram 

per 24 hours) to determine the presence/ absence of a species. The amount of time required to 

build this binary recognizer using generic acoustic indices (6 hours to construct the data set, 2 

hours to train and test a Random Forest binary classifier) is small when compared to the days 

of work required to code and incrementally improve the performance of a template 

recognizer using custom features derived from standard spectrograms of the Lewin’s Rail 

‘contact’ call. A regression recognizer (Case Study 3) is similar to the binary recognizer, in 

that it is time and cost efficient to construct. The regression recognizer was highly effective in 

determining and predicting calls at night-time, but became confounded when other species 

began vocalizing in the same frequency range. This is a key point common to the application 
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of any type of recognizer: the rate of false positives can be high.  

Sound attenuation 

Another point of concern was in regard to distance spacing between acoustic sensors 

highlighted in Case Study 3, where one acoustic sensor clearly recorded the Black Rail call, 

and the adjacent sensor only barely recorded the call. In this example the sensors were 487 m 

apart. Although this confounded detection visually on the LDFC spectrogram, the regression 

recognizer predicted calls at the same time as the clearly detected sensor. For another rail 

species, spacing was recommended at an average detection radius of 175 m (Drake and Frey 

2014). Survey point spacing (either passive acoustic recorders or field technician point 

surveys) is critical to detection probability and efficacy in real-world scenarios.  

 

Field observations 

The last point of reflection in this chapter is the lack of any field observation of the five 

species (Black Rail, Yellow Rail, Lewin’s Rail, Purple Gallinule and Spotless Crake) made 

during the time I spent in the field, over multiple years of the study (Table 5.3). This 

demonstrates that I had no aural or visual sightings while deploying or retrieving equipment, 

and spending time either reconnoitering or walking at over 65 locations for acoustic sensors 

and 116 camera trap sites (Tasmanian wetland study only). These numbers multiply two-fold 

when including fieldwork conducted in South Carolina and Tennessee. A key finding of this 

chapter is that not seeing or hearing a rail or bittern, even after hundreds of hours of 

fieldwork in their preferred habitats, is not grounds for inferring their absence! 
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5.8. CONCLUSION 

This chapter demonstrates that the current survey methods for furtive marsh birds are 

constrained by costly human hours in the field to satisfy the high survey effort required for 

detection or confidence of absence. The implications for designing monitoring strategies at 

multiple scales where low detectability species and infrequent events are priorities, requires a 

realistic appraisal of the pros and cons of different monitoring approaches to fit different 

scales, budgets and types of research questions. The key findings in this study are not limited 

to this assemblage of birds and have the potential to be applied to different species and 

habitats.  

 

5.9. ACKNOWLEDGEMENTS 

This chapter combines multiple studies, so, to avoid duplicate acknowledgements, I thank 

everyone involved in Chapters 2 and 4. Also, in Case Study 2 of Chapter 5, I thank staff at the 

Tasmanian Parks and Wildlife Service (Taranna and St Helens), Department of Primary 

Industries, Water and Environment Tasmania, Friends of Tasman Island, The Winifred Curtis 

Trust, Natalie Walter, Pam Bretz, Derek Chapple, Ian May, and Paul Frater. In regard to the 

Black Rail (Case Studies 3 and 5 of Chapter 5), I thank Christy Hand from South Carolina 

Department of Natural Resources for facilitating my visit, organizing accommodation, logistics 

and everything else. Also, sincere thanks to the Yawkey Wildlife Center, Georgetown, South 

Carolina, in particular Jamie Dozier, Jim Lee, Kristin Brunk and Samantha Apgar. 

 

 

 

 

 



165 

5.10. REFERENCES 

Allen, J. A. 1900. The little black rail. The Auk 17:1-8. 

Bookhout, T. A. 1995. Yellow Rail (Coturnicops noveboracensis) in A. Poole and F. Gill (eds), The 

Birds of North America, No. 139. The Academy of Natural Sciences, Philadelphia, Pennsylvania; 

The American Ornithologists' Union, Washington, DC. 

Bioacoustics Research Program. 2014. Raven Pro: Interactive Sound Analysis Software (Version 1.5) 

Computer software. Ithaca, NY: The Cornell Lab of Ornithology. Available from 

http://www.birds.cornell.edu/raven. 

Conway, C. J. 2011. Standardized North American marsh bird monitoring protocol. Waterbirds 

34:319-346. 

Conway, C. J., and J. P. Gibbs. 2001. Factors influencing detection probabilities and the benefits of 

call-broadcast surveys for monitoring marsh birds. Final Report, US Geological Survey, Patuxent 

Wildlife Research Center, Laurel, Maryland.  

Conway, C. J., and J. P. Gibbs. 2005. Effectiveness of call-broadcast surveys for monitoring marsh 

birds. The Auk 122:26-35. 

Davidson, L. M. 1992. Black Rail. Pages 119-134 in K. J. Schneider and D. M. Pence (eds), 

Migratory non-game birds of management concern in Northeast. U.S Fish and Wildlife Service, 

Newton Corner, Massachusetts, USA.  

Dema, T., M. Towsey, S. Sherub, J. Sonam, K. Kinley, A. Truskinger, M. Brereton, and P. Roe. 2018. 

Acoustic detection and acoustic habitat characterisation of the critically endangered white-bellied 

heron (Ardea insignis) in Bhutan. Freshwater Biology. 

https://onlinelibrary.wiley.com/doi/abs/10.1111/fwb.13217 

Drake, K., and M. D. Frey. 2014. Bird monitoring and avian community sampling: using autonomous 

recording units to gain information on cryptic and nocturnal species. Bird Studies Canada ARU 

Technical Report. Wildlife Habitat Canada. March 14, 2014. 26 pp. 

Dudas, R., and P. Hart. 2000. Pattern classification (Part 1). 2nd Edition. John Wiley and Sons, New 

Jersey, USA. 

Department of the Environment. 2015. Listing advice – Lewin's Rail (Tasmanian). Unpublished 

report, Australian Government, Canberra. Available at: 

http://www.environment.gov.au/biodiversity/threatened/species/lewins-rail-listing-advice 

(accessed 20 June 2016). 



166 

Eddleman, W. R., R. E. Flores, and M. Legare. 1994. Black Rail (Laterallus jamaicensis). In A. Poole 

(ed) The Birds of North America Online. Cornell Lab of Ornithology, Ithaca. Available at: 

http://bna.birds.cornell.edu/bna/species/123 

Environment Canada. 2013. Management Plan for the Yellow Rail (Coturnicops noveboracensis) in 

Canada. Species at Risk Act Management Plan Series. Environment Canada, Ottawa. iii + 24 pp. 

Ferraro, P. J., and S. K. Pattanayak. 2006. Money for nothing? A call for empirical evaluation of 

biodiversity conservation investments. PLOS Biology 4,e105.  

Fournier, A. M. V., D. C. Mengel, and D. G. Krementz. 2017. Virginia and Yellow Rail autumn 

migration ecology: synthesis using multiple data sets Animal Migration 4:15-22. 

Frank, E., M. A. Hall, and I. H. Witten. 2016. The WEKA Workbench. Online Appendix for "Data 

Mining: Practical Machine Learning Tools and Techniques". Morgan Kaufmann, Fourth Edition. 

Garnett, S. T., S. H. M. Butchart, G. B. Baker, E. Bayraktarov, K. L. Buchanan, A. A. Burbidge, A. L. 

M. Chauvenet, L. Christidis, G. Ehmke, M. Grace, D. G. Hoccom, S. M. Legge, I. Leiper, D. B. 

Lindenmayer, R. H. Loyn, M. Maron., P. McDonald, P. Menkhorst, H. P. Possingham, J. Radford, 

A. E. Reside, D. M. Watson, J. E. M. Watson, B. Wintle, J. C. Z. Woinarski, and H. M. Geyle. 

2018. Metrics of progress in the understanding and management of threats to Australian birds. 

Conservation Biology. https://doi/10.1111/cobi.13220 

Garnett, S. T., J. K. Szabo, and G. Dutson. 2011. The action plan for Australian birds 2010. CSIRO 

Publishing, Collingwood, Australia. 

Gibson, J. 2017. Habitat selection and calling activity of the Lewin’s Rail (Lewinia pectoralis 

pectoralis). Masters by Research thesis, Queensland University of Technology, 

(https://eprints.qut.edu.au/109466/). 

Guillera-Arroita, G., and J. J. Lahoz-Monfort. 2012. Designing studies to detect differences in species 

occupancy: power analysis under imperfect detection. Methods in Ecology and Evol. 3:860–869.  

Green, R. H. 1995. Fauna of Tasmania: Birds. Potoroo Publishing, Launceston, Tasmania. 

Lasseck, M. 2015. Improved automatic bird identification through decision tree-based feature 

selection and bagging. In: Working Notes of CLEF 2015 Conference. Available at: http://ceur-

ws.org/Vol-1391/160-CR.pdf 

Legare, M. J., and W. R. Eddleman. 2001. Home range size, nest-site selection and nesting success of 

black rails in Florida. Journal of Field Ornithology 72:170-177. 

Marchant, S., and P. J. Higgins (eds). 1993. Handbook of Australian, New Zealand and Antarctic 

birds, v. 2: Raptors to lapwings. Oxford University Press, Melbourne, Victoria, Australia. 

http://bna.birds.cornell.edu/bna/species/123


167 

Meek, P. D., Ballard, A. G., and Fleming, P. J. S. 2012. An introduction to camera trapping for 

wildlife surveys in Australia. Invasive Animals CRC, Canberra, ACT. 

Morfi, V., and Stowell, D. 2017. Deductive refinement of species labelling in weakly labelled 

birdsong recordings, ICASSP 2017 and 2017 IEEE International Conference on Acoustics, 

Speech and Signal Processing (ICASSP) March 2017, DOI: 10.1109/ICASSP.2017.7952237. 

O’Brien, T. G., and Kinnaird, M. F. 2008. A picture is worth a thousand words: the application of 

camera trapping to the study of birds. Bird Conservation International 18:144-162. 

Othman, N., and Amiruddin, M. H. 2010. Different perspectives of learning styles from VARK 

model. Procedia – Social and Behavioral Sciences 7:652–660.  

Parsons, A. W., Goforth, C., Costello, R., and Kays, R. 2018. The value of citizen science for 

ecological monitoring of mammals. PeerJ 6:e4536. 

Pieretti, N., Farina, A., and Morri, D. 2011. A new methodology to infer the singing activity of an 

avian community: The Acoustic Complexity Index (ACI). Ecological Indicators 11:868-873. 

Robbins, C. S., Brown, B., and Zim, H. S. 1983. A guide to field identification: birds of North 

America. Golden Press, New York, New York. 

Roy, W. K., Giffen, N. R., Wade, M. C., Haines, A. M., Evans, J. W., and Jett, R. T. 2014. Oak Ridge 

Reservation bird records and population trends. ORNL/TM-2014/109. Oak Ridge National 

Laboratory, Oak Ridge, Tennessee. 

Salamon, J., J. P. Bello, A. Farnsworth, and S. Kelling. 2017. Fusing shallow and deep learning for 

bioacoustics bird species classification. ICASSP, IEEE International Conference on Acoustics, 

Speech and Signal Processing – Proceedings 7952134, pp. 141-145. 

Sharland, M. 1945. Tasmanian birds. How to identify them. Oldham, Beddome, & Meredith, Hobart. 

Singline, T. 1981. Nesting notes on Lewin’s rail Rallus pectoralis and Spotless Crake Porzana 

tabuensis in north-east Tasmania. Tasmanian Naturalist April 1981:6-7. 

Stowell, D., and Plumbley, M. D. 2014. Automatic large-scale classification of bird sounds is strongly 

improved by unsupervised feature learning. PeerJ 2:e488. 

Sueur, J., Pavoine, S., Hamerlynck, O., and Duvail, S. 2008. Rapid acoustic survey for biodiversity 

appraisal. PLOS ONE 3:e4065. 

Sullivan, B. L., C. L. Wood, M. J. Iliff, R. E. Bonney, D. Fink, and S. Kelling. 2009. eBird: a citizen-

based bird observation network in the biological sciences. Biological Conservation 142:2282-

2292. (Availabel at: http://eBird.org). 

Taylor, B. 1998. A guide to the rails, crakes, gallinules and coots of the world. Pica Press, UK. 

http://ebird.org/


168 

Towsey, M. 2017. The calculation of acoustic indices derived from long-duration recordings of the 

natural environment. Available at: https://eprints.qut.edu.au/110634 

Towsey, M., L. Zhang, M. Cottman-Fields, J. Wimmer, J. Zhang, and P. Roe. 2014. Visualization of 

long-duration acoustic recordings of the environment. Procedia Computer Science 29:703-712. 

Towsey, M., Znidersic, E., Broken-Brow, J., Indraswari, K., Watson, D. M., Phillips, Y., Truskinger, 

A., and Roe, P. 2018. Long-duration, false-colour spectrograms for detecting species in large 

audio datasets. Journal of Ecoacoustics 2: #IUSWUI. http://doi.org/10.22261/JEA.IUSWUI 

Watts, B. D. 2016. Status and distribution of the eastern black rail along the Atlantic and Gulf Coasts 

of North America. The Center for Conservation Biology Technical Report Series, CCBTR-16-09. 

College of William and Mary/Virginia Commonwealth University, Williamsburg, VA. 148 pp. 

Watts, D. 2008. Field guide to Tasmanian birds. New Holland Publishers, Sydney, Australia. 

Woinarski, J. C. Z., Murphy, B. P., Legge, S. M., Garnett, S. T., Lawes, M. J., Comer, S., Dickman, 

C. R., Doherty, T. S., Edwards, G., Nankivill, A., Paton, D., Palmer, R., and Woolley, L. A. 

2017a. How many birds are killed by cats in Australia? Biological Conservation 214:76-87. 

Woinarski, J. C. Z., Woolley, L. A., Garnett, S. T., Legge, S. M., Murphy, B. P., Lawes, M. J., Comer, 

S., Dickman, C. R., Doherty, T. S., Edwards, G., Nankivill, A., Palmer, R., and Paton, D. 2017b. 

Compilation and traits of Australian bird species killed by cats. Biological Conservation 216:1-9. 

US Fish and Wildlife Service. 2018. Species status assessment report for the Eastern Black Rail 

(Laterallus jamaicensis jamaicensis), Version 1.2. June 2018. Atlanta, GA. 

Znidersic, E. 2018. Lewin’s Rail recordings from Tasman Island Tractor. [Queensland University of 

Technology]. Available at: https://doi.org/10.4225/09/5a72a3a2c33a6 

Znidersic, E. 2017. Camera traps are an effective tool for monitoring Lewin’s Rail (Lewinia pectoralis 

brachipus). Waterbirds 40:417-422. 

https://eprints.qut.edu.au/110634
http://doi.org/10.22261/JEA.IUSWUI
https://doi.org/10.4225/09/5a72a3a2c33a6


169 

6. SYNTHESIS 

Monitoring species is the foundation of conservation management. Rapid world changes on 

both the environmental and economic front are placing pressure on ecologists to adopt novel 

technologies that enable them to monitor smarter, faster and in a cost-effective manner. Yet it 

is also important that ecologists remain connected with the foundations of their discipline and 

with traditional practice. This tension between the new and the old constitutes part of the 

context and backdrop to my thesis. Management of conservation programs is in a state of 

flux. Big data, with all the opportunities it affords and difficulties it imposes, is now a reality 

in the field of conservation. It demands that researchers with widely different skill sets, 

biological and computational, work collaboratively to share knowledge across their 

complementary areas of expertise.  

 

6.1. CONTEXT 

This thesis investigates how ecologists, land managers and researchers can improve existing 

monitoring techniques for an assemblage of marsh birds. Additionally, I anticipate that the 

results of my research will improve the monitoring of other taxa, avian and non-avian. My 

literature review (Chapter 1) identified knowledge gaps and logistical issues in the 

methodologies currently being used for monitoring cryptic species. Current methods include 

call-playback, passive point surveys and transect surveys. Sample completeness is critical for 

survey comparability (Watson 2017), and presence-absence data are used widely to 

understand wildlife-habitat relationships (Onikura et al. 2014; Jokinen et al. 2019). However, 

my literature review indicated that there was frequently insufficient survey effort to achieve 

sample completeness. And even where the data are adjusted using statistical models, the 

results can still be confounded by a lack of true absences, even when these models include 

pseudo-absence data (Stokland et al. 2011). Failure to detect a species in an occupied habitat 



170 

patch is a common sampling problem. Particularly when the population is small, individuals 

are difficult to sample, and/or sampling effort is limited (Gu and Swihart 2003). The essential 

difficulty is that to ensure a high detection probability for a species, or a confident inference 

of its absence, significant survey effort is required, and typically this means costly extended 

hours in the field. New methodologies to increase survey effort without greatly extending 

hours in the field must necessarily be practical, cost-effective and timely. They should also 

minimize disturbance to species and habitat. 

 

6.2. OVERARCHING QUESTIONS 

My thesis addressed two overarching questions: 

1. Can camera traps and acoustic sensors be effectively employed to increase survey 

effort (both spatially and temporally)? 

2. Can confounding factors such as detectability and apparency be addressed? 

Specific sub-questions included: 

1. Can novel techniques such as camera traps and acoustic sensors eliminate multiple 

biases associated with traditional techniques? 

2. Can these novel techniques increase survey effort sufficiently to reduce the 

probability of false-negative conclusions? 

Given the applied relevance of this work, my answers to these questions included 

practical on-ground guidance for field-ecologists and land-managers. To evaluate critically 

the worth of novel monitoring techniques such as camera traps and acoustic sensors, I 

deliberately chose to monitor an assemblage of cryptic marsh bird species, primarily rails and 

bitterns. They are predominantly detected by their vocalizations due to the difficulties of 

observing them in marsh and thickly vegetated habitats.  
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The seven key species presented in this thesis form a representative sample of the marsh 

bird assemblage; Eastern Black Rail (Laterallus jamaicensis jamaicensis), Least Bittern 

(Ixobrychus exilis), Yellow Rail (Coturnicops noveboracensis), Purple Gallinule (Porphyrio 

martinicus), Tasmanian Lewin’s Rail (Lewinia pectoralis brachipus), Spotless Crake 

(Porzana tabuensis), and Cocos Buff-banded Rail (Hypotaenidia philippensis andrewsi). 

My field work was conducted in Australia (Tasmania, Cocos (Keeling) Islands and 

Tasman Island) and the USA (Tennessee and South Carolina) as these species are 

geographically diverse. They occupy distinct habitats, and in a few cases, were detected at 

unexpected locations on their migratory route. Similar methods were tested across all seven 

species and the data analyzed with varying post-collection analytical tools.  

One set of generalities arising from my work relates to sample completeness, different 

monitoring approaches capturing different subsets of organisms occurring in a particular 

location (encapsulated in the Venn diagram of Figure 6.1). In this case, the sets are bird 

species although the concepts are quite general. The largest set (that is, the set containing the 

greatest number of species) is the set of all species at a particular location. It represents 

species diversity (richness). In Figure 6.1. this set is drawn with a dotted line to indicate that 

its richness is not fixed over time. This set is dynamic and changes with season, weather and 

other variables. Within this set is a sub-set of vocal birds and within this sub-set is sub-sub-

set of birds that may be detected within a recording made in a particular location. Camera 

traps on the other hand, detect a different sub-set of species, that is likely to only partially 

overlap with the set of species detected in acoustic recordings. 
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Figure 6.1. Venn diagram demonstrating different sub-sets of species diversity in relation to 

monitoring methods. 

 

6.3. TOTAL SPECIES DIVERSITY – AN OPEN SET 

Species diversity is dynamic. No monitoring site remains static and in the current state of the 

world, impacts such as climate change, habitat loss and the spread of invasive species add to 

this dynamism.   

Thesis finding: Species monitoring methods and designs must be flexible because species 

distributions are dynamic (i.e., change over time).  

 

6.4. THE SET OF VOCAL ANIMALS 

Not all animals vocalize yet are still part of the open set of total species diversity. Those that 

do call, may not call consistently and therefore are able to be detected only when their calling 

frequency permits. Given the structural properties of habitats they frequent, marsh birds 
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communicate primarily using sound, with numerous factors interacting to determine which of 

these sounds, if any, can be used for species detection. Vocalizations vary too, depending on 

movements, breeding behaviour or territory defence. For example, in the case of the Least 

Bittern (Chapter 4), 10 days of continuous recording was not enough to detect the species 

during the breeding season (May to July) (Lor and Malecki 2006). It was only detected after 

15 days of continuous recording at the same site.  

Thesis finding: A detailed understanding of the autecology of the target species is critical to 

determine the optimum deployment period of camera traps and acoustic sensors. 

 

6.5. THE SET OF SPECIES DETECTED BY ACOUSTIC SENSORS 

Acoustic monitoring was determined to be an appropriate tool for vocal marsh bird detection. 

Long-duration recordings of the natural environment have many advantages in regards to 

passive monitoring of species diversity. As a direct comparison with passive acoustic 

monitoring, consider the potential impacts caused by call-playback surveys. Multiple species 

calls are broadcast consecutively, even though this does not represent the natural soundscape 

nor the behaviour of the targeted species. By minimizing disturbance to species and habitat, 

the acoustic sensors become a ‘silent observer’, facilitating natural behaviour. The 

advantages of passive acoustic recordings include:  

• minimal disturbance to species and habitat 

• the recordings can be stored indefinitely and analyzed multiple times by different 

people 

• sensors can record continuously depending on power source 

• the data they collect are not constrained, meaning they contain potentially unknown 

species or soundscapes.  



174 

The outcome of my study resulted in ~1,260 days of acoustic data (~30,240 hours of data 

or ~3.45 years of data) (Chapters 4 and 5). In no study did I attempt to aurally/manually 

review more than 10 hours of data in the grey-scale spectrogram format. However, this does 

not mean that it may not be feasible for a project. I have applied a manual reviewing 

technique to frog surveys and an hour of manual review resulted in an increase of species 

richness in comparison to field technician surveys (Znidersic, unpublished data). The 

quantity of acoustic data collected necessitated machine learning techniques and a visual 

interpretation of the soundscape. I selectively analyzed the dataset to monitor seven marsh 

birds. 

Thesis finding: Acoustic sensing is a useful low disturbance passive methodology to detect a 

cryptic vocal species. However, although a bird may be calling, the acoustic sensor may not 

pick it up. This may be due to wind or other vocal species calling in same frequency at the 

same time and may confound detection probability. Deployment protocol factors such as 

deployment duration, recording time and spacing between sensors must be considered. 

 

6.6. THE SET OF SPECIES DETECTED BY VISUAL AND ANALYTICAL 

METHODS 

Technological advances now enable the collection of far more audio than can be listened to, 

necessitating automated analytical approaches (Towsey et al. 2018). In this thesis I used 

long-duration false-colour (LDFC) spectrograms, software recognizers (template, binary and 

regression recognizers) and aural review to determine species presence or to infer absence.  

The visual analytical tool of LDFC spectrograms is effective for landscape/soundscape 

monitoring, and species-specific detection where the acoustic space (acoustic niche) is 

available. Species with calls in the low frequency range or that vocalize in an uncluttered 

frequency band are easily identifiable in a LDFC spectrogram. Visual identification in the 
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LDFC spectrogram becomes difficult when species have complex harmonics in their calls or 

they vocalize in a cluttered (busy) frequency band. In Chapters 4 and 5, I demonstrate the 

detection of Lewins’ Rail, Least Bittern and Black Rail from LDFC spectrograms. Once I had 

identified the appearance of a specific ‘acoustic signature’ in the LDFC spectrogram, a 

detection that may have taken weeks or months in the field was able to be determined in 

literally seconds of scanning the spectrograms. However, there are limitations to this 

technique, where machine learning recognizers are more effective. For example, in Chapter 5 

(Case Study 3), the Black Rail calls were not visible on one of the LDFC spectrograms but 

were identified by the regression recognizer. This was due to the Black Rail being at a 

distance from the sensor, therefore resulting in low sound amplitude on the recording. If 

detection was reliant on the LDFC spectrogram alone, a false-negative would have been 

concluded from the spectrogram image.  

The template, binary and regression recognizers all returned true-positive detections in 

my studies. In the case of Lewin’s Rail, two call recognizers (template and binary) were used, 

thus resulting in the potential to detect this species year-round with the contact call, and, also 

the breeding calls (Chapter 5, Case Study 1 and 2). Because the content of environmental 

recordings is unconstrained, the creation of labelled datasets is frequently a time-consuming 

and expensive enterprise. The platform for creating recognizers is changing rapidly and the 

development of deep neural networks (currently the cutting edge of artificial intelligence) 

will push recognizers to new levels of accuracy (Salamon et al. 2017).  

Thesis finding: LDFC spectrograms were effective for marsh bird species detection due to 

their vocalization in a low frequency band (acoustic niche) with little acoustic competition. 

To put this in context, in the real-world, these species require a very high survey effort for 

detection, or inference of absence, whereas detection by scanning spectrogram images is 

efficient and time-effective. 
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6.7. THE SET OF SPECIES DETECTED BY CAMERA TRAPS 

Camera traps are an effective monitoring tool that are non-invasive, increasingly affordable, 

and collect non-discriminatory data, including non-targeted species (Welbourne et al. 2015; 

Murphy et al. 2018; Young et al. 2018). The resultant image collection can then be applied to 

multiple study questions from the one dataset after the processing and labelling of images 

(Young et al. 2018). Another advantage is that the data collected is not constrained by a 

preconceived question or collection method. Similar to acoustic recordings, they are a 

permanent record, unlike an observation-based field survey that is subject to many variables 

and biases. However, the disadvantages of camera traps include; 

• the resultant accumulation of ‘big data’ from long-term and large-scale 

deployments 

• differences in detection reliability 

• limited field of view.  

The ‘big data’ problem can be severe for long-term studies and therefore manual review of 

images becomes impossible. In Chapter 2, I manually reviewed all the camera trap images. 

Additionally, in the case of Chapter 3 with over 30,000 camera trap images, the manual 

reviewing of the images was shared between collaborators. However, it would have been 

more efficient to review the images with automatic image review software (for example; 

Camera Base, Snoopy, Snapshot Serengeti and TRAPPER) and manage the number of 

images with a data management protocol (Bubnicki et al. 2016). Some deep neural networks 

can automatically identify species with a level of accuracy (96.6%) equal to teams of crowd-

sourced volunteers (Norouzzadeh et al. 2018).  
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Historically, behavioural information relating to cryptic marsh birds has been all but 

impossible to collect due to their furtive nature, and the dense vegetation these species 

frequent. The observations have been based on random sightings and historical naturalist and 

egg collecting records. In Chapter 2 and 3, long-term deployment of the camera traps 

collected not only behavioural information, but also identified a potentially invasive threat 

and site specific wildlife inventories. There is no other monitoring method that I am aware of 

which is capable of providing an ecological story within multiple images (as for example the 

Cocos Buff-banded Rail story, Chapter 3). The camera trap images showed the rail chicks 

and then in the following images detected mice at the same sites. As the camera trap fields of 

view were restricted to only a small spatial area, effort is essentially decreased. However, 

despite the small range of view, when camera trap placement is optimal for the target species, 

detection probability is increased. As demonstrated in Chapter 5, Spotless Crake, Purple 

Gallinule and Yellow Rail were all detected by camera traps and were not detected from the 

acoustic recordings. In the case of Purple Gallinule and Yellow Rail, their vocalizations are 

generally minimal or non-existent during migration, therefore visual observation (from 

camera trap) is the optimal method for detection. 

My experience with camera traps revealed a time delay from image capture date, to SD 

card collection, to species detection and finally labelling and analysis. The result of the delay 

is that analysis can postpone further monitoring at a site when a rare or elusive species is 

identified, or alternatively, delayed action in addressing a threat. As camera trapping is now 

emerging into the ecological world as a ‘big data’ science, the reality of real-time collection 

is becoming possible.  

Thesis finding: Camera traps collected behavioural information that has been historically near 

impossible to observe due to an absence of an effective methodology. Long-duration 

deployment enabled life cycle data, such as breeding, to be observed passively with minimal 
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disturbance. The deployment of camera traps over a prolonged time in remote locations 

proved reliable with minimal maintenance required. 

 

6.8. OTHER METHODS 

Citizen science and community engagement programs have made significant contributions to 

science, education and society. This has been achieved by generating large scale and rare 

species observations, data analysis and community awareness and ownership of ‘local 

patches’ (Kobori et al. 2016; Parsons et al. 2018). This was demonstrated in Chapter 3, with 

the farm owner at Priory, Tasmania, noticing a Lewin’s Rail nest in his cropping field. The 

value of those that live and work on the land, with crops, cattle, forested land or any 

environment are unique. They are the best-placed to observe daily and seasonal variations 

that an off-site scientist is not aware of.  

Advances in monitoring technology have added another layer of interest to the interface 

between community and science. Media that ecologists now use, such as camera traps and 

acoustic sensors, are generating independently verifiable records. They provide novel means 

to interact with a wide range of stakeholders, generating engaging sounds and images to 

personalize a data-driven narrative, appealing to the broader curiosity of humans and their 

environment (Othman and Amiruddin 2010). This was demonstrated in Chapter 5 by the 

Purple Gallinule camera trap images from Oak Ridge Reservation. The Oak Ridge National 

Laboratory Facebook account had over 10,000 hits on this story. In addition, the Yellow Rail 

detection also triggered activity on Twitter, another social media platform. The social media 

network is extensive, and stories of minimal interest still tend to reach hundreds of people. 

The broader message for consideration here is the connection between community through to 

non-government organizations, and government departments from this media.  
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Thesis finding: Social media platforms connect people with the natural environment. Historic 

sightings and real-time observations by the community can add to scientific information 

about species.  

 

6.9. THE DANCE BETWEEN METHODS 

This thesis infers that one single monitoring method is not suitable for the assemblage of 

marsh birds studied here. The cryptic behaviour of marsh birds demands multiple monitoring 

methods to compensate for both breeding and non-breeding periods of detection, the small 

population base, tendency to occur in single numbers, for movements, migration and 

irruptions, and finally, the other unknown factors of their life histories. In addition, species 

diversity is dynamic, therefore flexibility as to the presenting situation must be applied. This 

is based on our knowledge of the species. As demonstrated in Table 6.1. greater knowledge 

of species behaviour increased detection probability.  

Table 6.1. 

Summary of species and detection methods. Detection methods used were acoustic sensors, camera 

traps and other methods (community observations and transect surveys). Survey effort in days (24 

hour) for camera traps and acoustic sensors.   

 Black Rail Yellow Rail Lewin’s 
Rail 

Purple 
Gallinule 

Spotless 
Crake 

Cocos 
Buff-

banded 
Rail 

Least 
Bittern 

Acoustic 
sensor 

Yes No Yes No No N/A Yes 

Acoustic 
sensor days 

(effort) 

~400 days ~400 days ~740 days ~120 days ~740 days N/A ~120 
days 

Camera traps No Yes Yes Yes Yes Yes No 

Camera trap 
days (effort) 

~805 days ~805 days ~4,588 
days 

~330 days ~613 days ~10,736 
days 

~330 
days 

Other 
method 

No No Yes  
Nest 

No No Yes 
Transect 

No 
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The results in Table 6.1. demonstrate the monitoring method by which the individual 

species were detected. The high camera trapping effort resulted in new behaviours described. 

Lewin’s Rail was detected by all methods and this is reflective of the accumulated knowledge 

about the species. This was a gradual process over 7 years of in-field attempts to monitor the 

species. This was replicated with the Cocos Buff-banded Rail and the extensive effort over 4 

years to monitor a newly translocated population. An example of putting species knowledge 

into context, comes from my study on the Least Bittern (Chapter 4). An extensive camera 

trapping effort over four weeks with ten camera traps failed to reveal one image of the 

species, demonstrating the strength of acoustic monitoring. However, conversely, the results 

at the same site for the Purple Gallinule (Chapter 5, Case Study 4) produced camera trap 

images, yet no acoustic record of the species 

Thesis finding: A detailed knowledge of the target species increases detection probability. 

 

6.10. THE FUTURE 

In conclusion, during the broadscale Tasmanian wetland study of ~4 months (excluding 

Tasman Island), ~3 months of monitoring in South Carolina, and 30 days in Tennessee, I did 

not visually or aurally observe any of the target species. Detection was achieved only by 

means of the camera traps, acoustic sensors and one farm owner finding a nest. The 

deployment of camera traps and acoustic sensors amounted to hundreds of hours in the field, 

reinforcing the challenges in monitoring this group of cryptic birds, and the high survey effort 

required. As demonstrated in this study, no one monitoring method is solely suitable for this 

assemblage. Therefore, field ecologists and land-managers must compensate with a multi-

method approach.  



181 

Another challenge faced is unpredictability. A reality facing land managers today is 

knowing – ahead of time – if sufficient resources are being allocated to confidently detect 

population trends, or if resources are being spent in a way that maximizes the chance of trend 

detection (Rhodes et al. 2006). With economic pressures effecting government departments 

and non-government organizations, project continuity is generally uncertain. The key factor 

that can be taken away from acoustic and camera trap data is that if budgetary changes occur, 

hindering data analysis and interpretation, the data can continue to be collected; however, 

analysis will need to wait until the required budget is available. The collection of acoustic 

‘big data’ on a large scale is already in progress. Worldwide, there are the beginnings of large 

spatial scale acoustic sensor deployments to monitor change in the environment (Mortimer 

and Greene 2017; Mortimer et al. 2018; Mueller and Scherer-Lorenzen 2018). However, for 

large-scale monitoring, computational analytical tools must accompany the project design to 

handle the data.  

The future direction of monitoring is beginning to evolve into automated processing of 

data collection. In the case of acoustic sensors and to some degree camera traps, although the 

data collection is automated, the multi-step procedure to deploy, retrieve and analyze the 

acoustic data requires different skill sets. The sensors can be deployed / retrieved by a less 

experienced person, but they will still need to be trained in equipment placement (for 

example, to appropriately bias camera trap placement). However, various aspects of analysis 

require varying amounts of expertise/experience, typically beyond the realm of most 

traditional field ecologists. So, do ecologists need to retrain, or do personnel with different 

skills need to join the team? Critically, the timing of data analysis is quite flexible—the data 

are all in hand. So, a highly trained person, with a flexible schedule, and/or an entry level 

field technician, with a fixed schedule, could equate to cost effectiveness. As quantitative 
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ecology becomes a more mainstream skill and a part of standard university training, should 

acoustic and camera trap analysis techniques too, become part of the ecological curricula? 

As demonstrated in this study, there is much to learn about marsh birds. I could predict in 

some cases, what would be the most reliable method for detection. However, it must be 

remembered that this understanding comes from extensive hours in the field, engaging all my 

observational skills towards the target species and habitat. Only then could I combine the data 

collected from the camera traps and acoustic sensors, with my own understanding, to frame a 

meaningful understanding of the species. There is no denying that computer science and 

automated technologies add value to monitoring the environment and specific species on a 

larger temporal and spatial scale. However, they cannot replace the knowledge and skills a 

field ecologist can contribute to a dataset, as far as a broad understanding of an ecosystem is 

concerned. The solution is combining the two areas of expertise with a common goal, and 

conserving nature with the best possible tools. The accumulation of data should be the result 

of ecological work, not the purpose of ecological work.  
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