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Abstract 
 

Inferring ecological relationships from occupancy patterns for California Black Rails in the 
Sierra Nevada foothills. 

 
By 

 
Orien Manu Wright Richmond 

 
Doctor of Philosophy in Environmental Science, Policy and Management 

 
University of California, Berkeley 

 
Professor Steven R. Beissinger, Chair 

 
 

Occupancy models provide a useful tool for examining relationships between species’ 
occurrences and environmental or ecological covariates when detection probability is less than 
one. This research is focused on the secretive and rare California Black Rail (Laterallus 
jamaicensis coturniculus) and its wetland habitats in a newly discovered part of its range in the 
Sierra Nevada foothills of California, USA. In order to examine the Black Rail’s distribution, 
residency, density, relationship to a larger conspecific, the Virginia Rail (Laterallus limicola), 
and relationship to livestock grazing, three classes of occupancy models were utilized: single-
species/single-season models, single season/two-species models, and multi-season/single-species 
models. In order to develop a wetland classification procedure for identifying potential Black 
Rail habitats, we evaluated the utility of combining topographic features with spectral and 
geometric features using high-resolution satellite imagery and a digital elevation model (DEM).  
 
The secretive California Black Rail has a disjunct and poorly understood distribution. After a 
new population was discovered in Yuba County in 1994, we conducted call playback surveys 
from 1994–2006 in the Sierra foothills and Sacramento Valley region to determine the 
distribution and residency of Black Rails, estimate densities, and obtain estimates of site 
occupancy and detection probability. We found Black Rails at 164 small, widely scattered 
marshes distributed along the lower western slopes of the Sierra Nevada foothills, from just 
northeast of Chico (Butte County) to Rocklin (Placer County). Marshes were surrounded by a 
matrix of unsuitable habitat, creating a patchy or metapopulation structure. We observed Black 
Rails nesting and present evidence that they are year-round residents. Assuming perfect 
detectability we estimated a lower-bound mean Black Rail density of 1.78 rails ha-1, and 
assuming a detection probability of 0.5 we estimated a mean density of 3.55 rails ha-1. The 
probability of detecting occupancy from a single call playback survey at a marsh was high (x  = 
0.84), and the estimated proportion of marshes occupied (across all years) was 0.58. The 
proportion of sites occupied by Black Rails in the foothills remained relatively stable from 2002–
2006 despite turnover from year to year of specific sites. Irrigation ditches were the primary 
water source at 75% of the marshes that had Black Rails. Approximately two-thirds of marshes 
with Black Rails were on private land. Black Rails are more widespread in the Sierra foothills 
than was previously known, and the foothills distribution appears to be discontinuous with 
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populations in the San Francisco Bay-Delta Estuary. Occupancy surveys may be an improved 
method for monitoring population trends of this secretive marsh bird where habitat patches are 
highly fragmented.  
 
Two-species occupancy models that account for false absences provide a robust method for 
testing for evidence of competitive exclusion, but previous model parameterizations were 
inadequate for incorporating covariates. We present a new parameterization that is stable 
when covariates are included, the conditional two-species occupancy model, that can be used 
to examine alternative hypotheses for species’ distribution patterns. This new model estimates 
the probability of occupancy for a subordinate species conditional upon the presence of a 
dominant species. It can also be used to test if the detection of either species differs when one 
or both species are present, and if detection of the subordinate species depends on the 
detection of the dominant species when both are present. We apply the model to test if the 
presence of the larger Virginia Rail affects probabilities of detection or occupancy of the 
smaller California Black Rail in small freshwater marshes that range in size from 0.013-13.99 
ha. We hypothesized that Black Rail occupancy should be lower in small marshes when 
Virginia Rails are present than when they are absent, because resources are presumably more 
limited and interference competition should increase. We found that Black Rail detection 
probability was unaffected by the detection of Virginia Rails, while, surprisingly, Black and 
Virginia Rail occupancy were positively associated even in small marshes. The average 
probability of Black Rail occupancy was higher when Virginia Rails were present (0.74 ± 
0.053) than when they were absent (0.36 ± 0.069), and for both species occupancy increased 
with marsh size. Our results contrast with recent findings from patchy forest systems, where 
small birds were presumed to be excluded from small habitat patches by larger competitors.  
 
Impacts of grazing are often magnified in aquatic environments where livestock congregate for 
shade, cooler temperatures, green forage and water. We assessed the impact of winter 
(November-May) cattle grazing on occupancy of California Black Rails inhabiting a network of 
freshwater marshes in the northern Sierra Nevada foothills of California. As marsh birds are 
difficult to detect, we collected repeated presence/absence data via call playback surveys and 
used the “random changes in occupancy” parameterization of a multi-season occupancy model to 
examine relationships between occupancy and covariates, while accounting for detection 
probability. Wetland vegetation cover was significantly lower at winter-grazed sites than at 
ungrazed sites during the grazing season in 2007 but not in 2008. Winter grazing had little effect 
on Black Rail occupancy at irrigated marshes. However, at non-irrigated marshes fed by natural 
springs and streams, winter-grazed sites had lower occupancy than ungrazed sites, especially at 
larger marsh sizes (>0.5 ha). Black Rail occupancy was positively associated with marsh area, 
irrigation as a water source and summer cover, and negatively associated with isolation. Residual 
dry matter (RDM), a commonly used metric of grazing intensity, may help to explain variation in 
summer wetland vegetation cover; however, spring cover was not well predicted by RDM.  
 
Accurate, transferable and efficient mapping procedures are needed for wetland inventory, 
assessment and monitoring. Wetland mapping is typically carried out using two types of inputs: 
(1) spectral reflectance data from imagery and (2) topographic/hydrologic data derived from 
digital elevation models (DEMs). Hybrid approaches that integrate remotely-sensed imagery 
with topographic data have shown improved wetland mapping accuracy in several studies. Here 
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we evaluate the performance of nine topographic features (aspect, downslope flow distance to 
streams, elevation, horizontal distance to sinks, horizontal distance to streams, plan curvature, 
profile curvature, slope and topographic wetness index) on freshwater wetland classification 
accuracy in the Sierra foothills of California. To evaluate object-based classification accuracy we 
test both within-image and between-image predictions using six different classification schemes 
(naïve Bayes, the C4.5 decision tree classifier, k-nearest neighbors, boosted logistic regression, 
random forest, and a support vector machine classifier) in the classification software package 
Weka 3.6.2. Adding topographic features had mostly positive effects on classification accuracy 
for within-image tests, but mostly negative effects on accuracy for between-image tests. The 
topographic wetness index was the most beneficial topographic feature in both the within-image 
and between-image tests for distinguishing wetland objects from other “green” objects (irrigated 
pasture and woodland) and shadows. Our results suggest that there is a benefit to using a more 
complex index of topography than simple measures such as elevation for the goal of mapping 
small palustrine emergent wetlands, but this benefit, for the most part, has poor transferability 
when applied between image sections.  
 
Occupancy models provide a robust method for examining species-environment relationships 
when detection probability is imperfect. The Black Rail study system in the Sierra foothills 
provides a unique and valuable opportunity for examining the effects of interspecific competition 
and grazing on a threatened subspecies at a regional scale. Further development of wetland 
mapping procedures will allow for a more complete description of the distribution of this rare 
and enigmatic marsh bird.  
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Chapter 1. Distribution of California Black Rails in the Sierra Nevada foothills 

 
This article has been published previously and is reproduced here with permission from 
the publisher, John Wiley & Sons:  

 
Richmond, O. M., J. Tecklin, and S. R. Beissinger. 2008. Distribution of California Black Rails 
in the Sierra Nevada foothills. Journal of Field Ornithology 79:381-390. 

 
Abstract 

 
The secretive California Black Rail (Laterallus jamaicensis coturniculus) has a disjunct and 
poorly understood distribution. After a new population was discovered in Yuba County in 1994, 
we conducted call playback surveys from 1994–2006 in the Sierra foothills and Sacramento 
Valley region to determine the distribution and residency of Black Rails, estimate densities, and 
obtain estimates of site occupancy and detection probability. We found Black Rails at 164 small, 
widely scattered marshes distributed along the lower western slopes of the Sierra Nevada 
foothills, from just northeast of Chico (Butte County) to Rocklin (Placer County). Marshes were 
surrounded by a matrix of unsuitable habitat, creating a patchy or metapopulation structure. We 
observed Black Rails nesting and present evidence that they are year-round residents. Assuming 
perfect detectability we estimated a lower-bound mean Black Rail density of 1.78 rails ha-1, and 
assuming a detection probability of 0.5 we estimated a mean density of 3.55 rails ha-1. The 
probability of detecting occupancy from a single call playback survey at a marsh was high (x  = 
0.84), and the estimated proportion of marshes occupied (across all years) was 0.58. The 
proportion of sites occupied by Black Rails in the foothills remained relatively stable from 2002–
2006 despite turnover from year to year of specific sites. Irrigation ditches were the primary 
water source at 75% of the marshes that had Black Rails. Approximately two-thirds of marshes 
with Black Rails were on private land. Black Rails are more widespread in the Sierra foothills 
than was previously known, and the foothills distribution appears to be discontinuous with 
populations in the San Francisco Bay-Delta Estuary. Occupancy surveys may be an improved 
method for monitoring population trends of this secretive marsh bird where habitat patches are 
highly fragmented.  
 
Key words: avian metapopulation, Black Rail, freshwater marsh, Laterallus jamaicensis 
coturniculus, occupancy, Sierra foothills 

 
Introduction 

 
California Black Rails (Laterallus jamaicensis coturniculus; hereafter “Black Rails”) are 

rare and secretive marsh birds with a disjunct and poorly understood distribution. Through the 
mid–1940s, ornithologists believed that Black Rails bred only in coastal marshes of southern 
California in San Diego and San Bernadino counties (Ingersoll 1909, Stephens 1909, Huey 1916, 
Walker 1941, Grinnell and Miller 1944). Subsequent surveys confirmed breeding populations in 
the San Francisco Bay-Delta Estuary and occurrences in three outer coastal marshes (Manolis 
1978, Evens et al. 1991). In 1969 Snider (1969) documented the first inland population along the 
Lower Colorado River and Salton Trough. Black Rails have also been recorded in northern Baja 
California (Wilbur 1987, Erickson et al. 1992). In 1994, Aigner and Tecklin (1995) discovered a 
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Black Rail population in the Sierra Nevada foothills, extending the known breeding range 115 
km north of the Sacramento-San Joaquin Delta. Prior to 1994, there was a single record in the 
Sacramento Valley region of a dead Black Rail that was found at Gray Lodge Wildlife Area 
(Baldridge and Chandik 1969). There have been several studies on the distribution and status of 
Black Rails in the San Francisco Bay-Delta Estuary and southern California and Arizona 
(Manolis 1978, Evens et al. 1991, Evens and Nur 2002, Conway and Sulzman 2007), but to date 
there have been no papers published on Black Rails in the Sacramento Valley and Sierra foothills.  

 
We present the results of 13 years of surveys conducted in the Sacramento Valley and 

Sierra foothills. Our objectives were to determine the distribution and residency of Black Rails, 
estimate densities, and obtain estimates of site occupancy and detection probability. Obtaining 
improved information on the distribution and status of this poorly known State-listed threatened 
subspecies (California Department of Fish & Game 2008a) is a high research priority (Eddleman 
et al. 1994).  
 

Methods 
 
We surveyed a total of 411 marsh sites in 14 counties (Butte, Colusa, El Dorado, Glenn, 

Lake, Nevada, Placer, Sacramento, San Joaquin, Solano, Sutter, Tehama, Yolo, and Yuba) in the 
Sierra Nevada foothills and portions of the Sacramento Valley (Fig. 1). We delineated a core 
study area (Fig. 1) made up of 343 marsh sites in Butte, Nevada and Yuba counties. We selected 
candidate marsh sites using U.S. Geological Survey topographic quad maps, aerial photographs, 
U.S. Fish and Wildlife Service National Wetland Inventory (NWI) maps, and encountered many 
sites opportunistically during field surveys. On NWI maps, we targeted “palustrine emergent 
persistent” wetlands and focused on two water regimes, “semipermanently flooded” (PEM1F), 
and “saturated/semipermanent/seasonal” (PEM1Y) (Cowardin et al. 1979) that were the most 
consistent with previous descriptions of Black Rail habitat (Repking and Ohmart 1977, Flores 
and Eddleman 1995).  

 
We surveyed additional palustrine emergent persistent wetland types that were less likely 

to provide habitat for rails including “temporarily flooded” (PEM1A), “saturated” (PEM1B), 
“seasonally flooded” (PEM1C), “seasonally flooded/saturated” (PEM1E), “intermittently 
exposed” (PEM1G), and “permanently flooded” (PEM1H) (Cowardin et al. 1979). We attempted 
to survey all potential sites that we identified in the core study area, but were sometimes unable 
to obtain access to marshes on private lands.  

 
We conducted surveys for Black Rails from 1994–2006 in four phases: (1) broad-scale 

spring and summer occupancy surveys from 1994–1997 to determine distributional limits; (2) 
winter occupancy surveys from 1994–1999 in the core study area (Fig. 1) to determine year-
round residency; (3) spring and winter surveys from 1998–1999 in the core study area to 
estimate density; and (4) repeated summer occupancy surveys from 2002–2006 in the core study 
area to estimate the probability of detecting occupancy and the proportion of occupied sites.  

 
From 1994–1997, we conducted broad-scale occupancy surveys using call playback 

surveys (Evens et al. 1991, Legare et al. 1999, Spear et al. 1999, Conway et al. 2004). We 
conducted the majority of these surveys from 1 March–5 November 1997. For occupancy 
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surveys, we visited marshes in the 2-hr intervals after civil sunrise and prior to civil sunset. We 
selected an initial station in suitable rail habitat within the marsh and commenced the playback 
sequence, consisting of “kic-kic-kerr”  (hereafter kkk) and “grr”  vocalizations of the California 
Black Rail (Eddleman et al. 1994) played on portable recorders (Model TCS-580V; Sony) 
amplified through a small speaker (Radio Shack, Mini-Amplifier-Speaker, Cat. No. 277–1008C), 
and broadcast at 81–85 dB measured at 1 m from the speaker. The playback sequence consisted 
of 2 min of silent listening, two sets of kkk calls lasting 30 sec each followed by 30 sec of 
listening between sets, two sets of grr calls lasting 30 sec each followed by 30 sec of listening 
between sets, and 2 min of silent listening. This protocol is similar to other playback surveys for 
Black Rails (Repking and Ohmart 1977, Flores and Eddleman 1995, Legare et al. 1999). If we 
did not detect a Black Rail at the first station, we walked 40-50 m farther into suitable habitat 
and repeated the playback sequence. Occupancy surveys ended at a site either when we detected 
one or more rails, or when we had surveyed the entire marsh. We did not conduct surveys during 
periods of rain or when wind speed exceeded 25 km hr-1.  

 
From 1994–1999, we conducted occupancy surveys from 1 November–28 February to 

determine winter residency at between 5–42 marshes in the core study area (Fig. 1) where Black 
Rails had been detected during the preceding spring or summer. We conducted occupancy 
surveys using call playback, as described above.  

 
We used call playback surveys to estimate Black Rail density at 38 marshes in the core 

study area in the early spring (1 April–11 May) and late spring/summer (13 May–31 July) of 
1998, and at a subset of 32 marshes in the winter (1 December–15 January) of 1998–1999. We 
calculated Black Rail density as the total number of birds, N, divided by the area surveyed, A. 
Since the total number of birds in an area is unknown, we estimated it using a fixed-radius 
circular plot method similar to that of Evens and Nur (2002). We randomly located between two 
and 12 30-m radius circular plots, separated by at least 100 m, along the approximate midline of 
each marsh. We determined the number of plots by marsh size. We played Black Rail 
vocalizations at the center of each plot using an identical procedure to the occupancy surveys, 
except that the initial silent listening period was 1.5 min instead of 2 min. We recorded the total 
number of Black Rails responding within 30 m of the observer at each plot, and considered all 
calls originating from one compass direction to be a single bird unless we heard two calls 
simultaneously. We considered calls from different compass directions (>30° apart) and 
separated by at least 20 m to be different birds. In the absence of data on the probability of 
detecting individual birds (pi), we estimated abundance at each plot under two different 
assumptions: (1) pi = 1 (complete detectability), thus yielding a lower-bound estimate of 
abundance, and (2) pi = 0.5 based on findings by Legare (1999). Since Black Rails often move in 
response to playback before vocalizing (Legare et al. 1999), the true survey area is unknown. 
Evens and Nur (2002) added a correction of 6.2 m to the radius of their circular plots, increasing 
the effective survey area to 0.412 ha, to account for birds moving toward the playback source. 
Legare et al. (1999) found comparable movement distances for Eastern Black Rails (Laterallus 
jamaicensis jamaicensis); males moved an average of 9.5 ± 1.3 m toward the playback source 
before vocalizing, and females moved an average of 4.9 ± 1.3 m. We only counted responses 
within 30 m of the observer and added a correction of 7 m to the radius of the circular plots, 
which is roughly equal to the average movement distances of males and females from Legare et 
al.’s (1999) study, increasing the effective survey area to 0.43 ha per plot. Since some of our 
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marsh sites were narrow and linear, we adjusted the effective plot areas to exclude non-Black 
Rail habitat. We divided the number of Black Rails detected within 30 m at all plots in a marsh 
(n) by the total effective area that we surveyed (a) to calculate the number of Black Rails per 
hectare. For calculations that incorporated detection probability, the density index was calculated 
as n(1/pi)/a.  

 
From 2002–2006, we conducted repeated summer occupancy surveys and rapid habitat 

assessments at marshes in the core study area. We visited each marsh up to five times in 2002 
and up to three times from 2003–2006 using a removal design (MacKenzie et al. 2006), where, 
in each year, we did not re-visit a site after we detected Black Rails. We conducted call playback 
surveys for Black Rails (as described above) from 30 min before civil sunrise until 210 min after 
civil sunrise and from 180 min before civil sunset until 30 min after civil sunset from 1 June - 31 
August. Before we collected habitat data, we defined the boundary of each marsh using a 
multiparameter method described in the U.S. Army Corps of Engineers’ Wetlands Delineation 
Manual (Environmental Laboratory 1987). At each site, we recorded the water sources, 
categorized each wetland using a hydrogeomorphic classification system (Brinson and Malvarez 
2002), and identified dominant plant species. Water source categories included groundwater 
discharge (springs), and surface or near-surface inflows (deliberate irrigation, irrigation leaks, or 
streams). The geomorphic setting categories were depression, fluvial, fringe, and slope (Brinson 
and Malvarez 2002).   

 
We obtained information on marsh area, elevation, and slope using a Geographical 

Information System (GIS) consisting of a polygon layer of wetland sites, aerial photographs, 
Ikonos satellite imagery, and 10-m resolution digital elevation models (DEMs) from the U.S. 
Geological Survey. We mapped marsh boundaries by walking the perimeter of each wetland 
using a backpack Trimble GPS unit capable of determining three-dimensional positions with 0.5 
m accuracy. We excluded large areas of open water and areas with non-emergent vegetation 
from marsh areas using ESRI’s ArcGIS program. We obtained elevation and slope values from 
DEMs. We calculated marsh fractal dimension, an index of shape complexity, using the 
algorithm from McGarigal et al. (2002).  

 
We obtained geo-referenced museum records of Black Rails from the Museum of 

Vertebrate Zoology at the University of California at Berkeley, the California Academy of 
Sciences, and The Field Museum of Chicago. On 8 October 2007, we accessed additional 
locality records through the ORNIS data portal (http://ornisnet.org) at the Canadian Museum of 
Nature in Ottawa and the University of Michigan Museum of Zoology. Several institutions had 
Black Rail specimens that were not geo-referenced when we accessed ORNIS, including the 
American Museum of Natural History, Delaware Museum of Natural History, Smithsonian 
National Museum of Natural History, Western Foundation of Vertebrate Zoology, and the United 
States National Museum. We did not include these records.  

 
We ran single-species, single-season occupancy models in Program PRESENCE (ver. 

2.0) (Hines 2006b) to estimate the probability of detecting occupancy and the proportion of 
occupied sites using the presence-absence data collected during the summer (June–August) in 
2002–2006. Following the occupancy modeling approach outlined in MacKenzie et al. (2006), 
we estimated the probability of detecting at least one Black Rail during a single survey (the 
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survey-specific probability of detecting occupancy, p), and the proportion of marshes occupied 
by at least one Black Rail (ψ). We calculated model parameters in Program PRESENCE using 
maximum likelihood estimation. This approach assumes that sites were closed to emigration and 
immigration during the survey season. We considered this assumption to be valid during the 
breeding season, which ranges from roughly March–July (Eddleman et al. 1994), but may be 
violated by some unknown level of adult or natal post-breeding dispersal, particularly in August. 
We calculated the probability of detecting occupancy at a site after x replicate surveys (p*) as (1–
(1–p)x). We used a Kruskal-Wallis (H) test to compare mean densities among early spring, late 
spring/summer and winter periods in Systat 11 (Systat Software Inc. 2004). Unless otherwise 
specified, values presented in the Results section are means ± SE.  
 

Results 
   

Distribution, residency, and density 
 
We found Black Rails at 164 of 410 marshes along the lower western slopes of the Sierra 
Nevada foothills (Fig. 1). We found Black Rails at 103 marshes in Yuba County, 38 in Nevada 
County, 21 in Butte County, one in Placer County, and one in San Joaquin County. We found 
nineteen marshes with Black Rails on the eastern edge of the Sacramento Valley floor and, 
except for one detection in San Joaquin County, the rest were in the Sierra foothills. We found 
no Black Rails in Colusa, El Dorado, Glenn, Lake, Sacramento, Solano, Sutter, Tehama, or Yolo 
counties.  
 

Black Rails appeared to be year-round residents in the Sierra foothills. During winter 
surveys, we detected rails at 83% of marshes that had been occupied during the preceding spring 
or summer (Table 1). We found a nest with five nestlings on 18 May 1998, and observed a chick-
sized Black Rail vocalizing with a nearby adult on 20 May 1999.  
 

We detected an average of 0.55 Black Rails plot-1 (Table 2). Black Rail density averaged 
1.78 rails ha-1 under the assumption of complete detectability, and averaged 3.55 rails ha-1 
assuming an individual detection probability of 0.5 (Table 2). Density did not differ among early 
spring, late spring/summer, and winter surveys (H2 = 0.41, P = 0.81).  
 

Detection probability and occupancy 
 
The estimated survey-specific probability of detecting occupancy ranged from 0.78 to 0.89 from 
2002–2006 (Table 3), and the average probability of detecting occupancy at a site after multiple 
visits (3 or 5) was 0.99. Given such a high probability of detecting occupancy, it is no surprise 
that the average naïve proportion of marshes occupied (0.57) was nearly identical to the 
estimated proportion of marshes occupied (across all years) corrected for imperfect detection 
(0.58).  
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Attributes of marshes with Black Rails 
 
Marshes with Black Rails were typically small, gently sloped sites (x  = 3.63 ± 0.18 degrees) at 
elevations between 33 and 790 m asl (x  = 156 ± 10 m asl; Fig. 3). Occupied sites averaged 1.31 
± 0.16 ha (range = 0.07-13.99 ha), with a median marsh area of 0.67 ha. Most sites had simple 
perimeters with fractal dimensions averaging 1.21 ± 0.01. Approximately two-thirds of the 
marshes with Black Rails were on private land and one-third on public land (Fig. 2).  
 

Irrigation water was the most common water source for marshes with Black Rails. 
Intentional irrigation water inputs were the primary water source at 63% of marshes and 12% 
were fed primarily by unintentional irrigation water from ditch leaks. Other water sources 
included natural springs (21%) and streams (3%). Slope (49%) was the most common 
geomorphic setting of marshes with Black Rails, followed by fluvial (21%), depression (20%), 
and fringe (10%). Marshes were densely vegetated and were dominated by a wide range of 
emergent plant species. The most prevalent plant species included Typha latifolia, T. 
domingensis, Juncus effusus, J. balticus, Scirpus acutus, Paspalum dilatatum, Epilobium 
ciliatum, Leersia oryzoides, and Eleocharis macrostachya.  
 

Discussion 
 

Distribution, residency and density 
 
Black Rails in the Sierra foothills and Sacramento Valley formed an apparently disjunct 
distribution from the nearest populations in the Sacramento-San Joaquin Delta and comprised a 
resident, breeding population. This is consistent with the generally held view that the California 
Black Rail is non-migratory (Eddleman et al. 1994). We rarely found Black Rails in marshes 
>350 m asl, probably due to freezing winter temperatures above this elevation. We located 
nineteen marshes with Black Rails on the eastern edge of the Sacramento Valley, but found no 
Black Rails in marshes in interior areas of the Valley floor.  

Black Rails in the Sierra foothills may be recent colonists, a long-established disjunct 
population, or a relict population from a once continuous distribution that may have linked 
extensive freshwater marshes in the Sacramento Valley to the Sacramento-San Joaquin Delta.  
The Central Valley lost an estimated 1.4 million hectares (~86.4%) of its wetlands from the 
1850s to the mid-1980s from large-scale diking and draining of marshes for conversion to 
agriculture, (Frayers et al. 1989, Hundley 1992). Much of the 152,970 hectares of wetlands that 
remain are managed for rice or waterfowl habitat (Frayers et al. 1989) that require water level 
fluctuations and disturbances to vegetation (Cross and Vohs 1988, Hill et al. 1992) that make 
them less suitable for Black Rails. In contrast, the Sierra foothills have gained wetland habitat 
from what occurred there naturally due to construction of irrigation canals (Hundley 1992) that 
supply water to marshes via intentional watering, unintentional runoff from irrigated pastures, or 
leaks.  

Obtaining improved information on Black Rail densities and population trends is a high 
research priority (Eddleman et al. 1994), but survey efforts are hindered by the rails’ secretive 
behavior. The main challenges in estimating Black Rail density are accounting for individual 
detection probability, which may vary with sex, breeding status, time of day, weather, season, 
and distance from playback source (Legare et al. 1999, Spear et al. 1999, Conway et al. 2004), 
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and determining the effective area surveyed. Evens and Nur (2002) used program DISTANCE 
(Buckland et al. 1993) to estimate individual detection probability and density using fixed-radius 
plot surveys. However, Black Rails violate two important assumptions of the distance sampling 
approach: (1) rails move towards the playback source at the center of the plot prior to vocal 
response (Legare et al. 1999) and thus are not detected in their initial location, and (2) distance 
estimates are imprecise because they are estimated entirely from auditory cues. For these reasons, 
we preferred not to use the distance sampling approach for estimating the density of Black Rails. 
Detections of rails within a fixed radius from a playback source can be compared between sites 
as an index of relative abundance, but estimates of absolute density derived from playback 
surveys should be interpreted with caution.  

Regardless of the estimation approach used, the number of rails inhabiting the Sierra 
foothills is likely to be smaller than the San Francisco Bay population. Based on the product of 
the lower-bound density estimate (1.78 rails ha-1) and the total area of the marshes that we 
mapped (413 ha), the population size would be 734 Black Rails (95% CI: 613, 856) in the core 
study area. Based on the product of the density estimate with an assumed individual detection 
probability of 0.5 (3.55 rails ha-1) and the total area of mapped marshes, the population size 
would be 1,466 Black Rails (95% CI: 1,226, 1,711) in the core study area. The total potential 
Black Rail habitat in the Sierra foothills is unknown, but the generally small size and scattered 
distribution of marsh habitats in the Sierra foothills suggests that the bulk of the California Black 
Rail population is likely confined to the much larger, continuous tidal marshes in the San 
Francisco Bay estuary, where between 8,173 and 14,589 rails have been estimated (Evens et al. 
1991, Evens and Nur 2002).  

 
Detection probability and occupancy 

 
We found that playback surveys were effective for determining site occupancy. Determining site 
occupancy required less effort than estimating density because surveys could end after the first 
detection. The overall proportion of occupied sites varied little from year to year, suggesting a 
stable population from 2002-2006. However, turnover was common each year, as some sites 
went locally extinct and others were colonized (unpublished data). This suggests that Black Rails 
occur as a metapopulation in the Sierra foothills. We observed several cases of rapid colonization 
within one year of marsh creation, suggesting that habitat restoration may be a viable option for 
conserving Black Rails in the foothills. Given the increased effort required and inherent 
difficulties in estimating rail density, occupancy surveys may be a preferred option for 
monitoring rail population trends in places with highly fragmented habitat patches, as in our 
study area.  
 

Attributes of marshes with Black Rails.  
 
Marshes that support Black Rails in the Sierra foothills are distributed in a large number of 
relatively small, discrete patches separated by a matrix of non-habitat. Irrigation water was the 
most common water source for marshes with Black Rails, and irrigation practices will likely play 
an important role in determining the extent and quality of Black Rail habitat available in the 
Sierra foothills in the future. In southern California the All-American and Coachella canals 
provide water to seep marshes that support Black Rails (Evens et al. 1991, Hinojosa-Huerta et al. 
2002, Conway and Sulzman 2007). Sections of the Coachella Canal south of Niland were lined 
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to reduce water loss, resulting in loss of wetland habitat that had previously supported Black 
Rails (Evens et al. 1991). Water agencies in the Sierra foothills face similar pressures to improve 
the efficiency of delivery systems, and such improvements could lead to the loss of wetland 
acreage or degradation of existing Black Rail habitat.  
 

Conclusions 
 
In summary, Black Rails have a wider distribution in the Sierra foothills than was previously 
known. Black rails were found throughout small wetlands in the foothills of Yuba, Nevada and 
Butte counties, but not in the central floor of the Sacramento Valley. The proportion of sites 
occupied by Black Rails in the foothills remained relatively stable from 2002–2006 despite 
turnover from year to year of specific sites. We suggest that occupancy surveys may be a suitable 
method for monitoring population trends of this secretive marsh bird over large spatial scales, 
particularly where habitat patches are highly fragmented as in the Sierra foothills. Continued 
research is needed to characterize the full extent of the distribution, determine the relationship of 
the foothills population to the nearest populations in the Delta, and identify the environmental 
factors that drive occupancy and turnover dynamics of this rare marsh bird.  
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Tables 
 
Table 1.  Winter occupancy (1 November–28 February) of sites that had been occupied by Black 
Rails during the preceding spring or summer1.  
 

 

                                                 
1 The naïve estimate does not account for an imperfect probability of detection. 

 1994–95 1995–96 1996–97 1997–98 1998–99 
Marshes surveyed (N) 5 12 7 12 42 

Marshes with California Black Rails 5 11 7 9 33 

Naïve proportion of marshes occupied 1.00 0.92 1.00 0.75 0.75 
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Table 2. Black Rail density estimates (means ± SE) from playback surveys conducted in 1998–
1999.  
 

                                                 
2 Density estimates were calculated from the total number of rails detected at each site divided by the effective 
survey area.  Only rail detections within 30 m of each plot center were counted.  The effective survey radius was 
adjusted to 37 m (max. 0.43 ha per plot) to account for the movement of rails toward the playback source.  The 
effective survey area at each plot was further adjusted to exclude non-rail habitat.  The detection probability (pi) for 
an individual rail was assumed to be 1.   
3 Same as above, except the detection probability (pi) for an individual rail was assumed to be 0.5.   

Season 
Marshes 
surveyed 

No. of 
plots Rails plot-1 

Rails ha-1  

(pi = 1)2 
Rails ha-1  

(pi = 0.5)3 
Early spring 38 183 0.57 ± 0.08 1.84 ± 0.25 3.68 ± 0.50 
Late spring/summer 38 183 0.54 ± 0.09 1.81 ± 0.30 3.61 ± 0.60 
Winter 32 154 0.55 ± 0.08 1.67 ± 0.20 3.35 ± 0.41 
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Table 3.   Results of Black Rail occupancy surveys conducted over five summers (1 June–31 
August) in Butte, Nevada and Yuba counties, California, 2002–20064.  
 

 
 
 

                                                 
4 The naïve estimate does not account for an imperfect probability of detection. 

 2002 2003 2004 2005 2006 All years (95% CI) 
Maximum number of visits to each marsh (x) 5 3 3 3 3 n/a 

Marshes surveyed 109 126 131 169 195 209 

Marshes with rails 69 70 69 90 115 147 

Survey-specific prob. of detecting occupancy (p) 0.78 0.87 0.89 0.85 0.82 0.84 (0.80, 0.87) 

Prob. of detecting occupancy after x visits (p*) 0.99 0.99 0.99 0.99 0.99 0.99 

Naïve proportion of marshes occupied 0.63 0.56 0.53 0.53 0.59 0.57 (0.53, 0.61) 

Estimated proportion of marshes occupied 0.66 0.56 0.53 0.54 0.59 0.58 (0.53, 0.63) 
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Figures 
 
Figure. 1.  California Black Rail occurrence records from summer surveys conducted 1994–2006 
(this study) and records obtained from museums, Evens et al. (1991) and Spautz and Nur (2002).   
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Figure. 2.  Detailed map of California Black Rail occurrence records in the Sierra Nevada 
foothills, 1994–2006.   
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Figure. 3.  Histograms of elevation, area, slope and fractal dimension for marshes that were 
occupied by Black Rails from 2002–2006 (n = 147).  
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Chapter 2. Two-species occupancy models: A new parameterization applied to co-occurrence of 
secretive rails. 

 
This article has been published previously and is reproduced here with permission from 
the publisher, the Ecological Society of America:  

 
Richmond, O. M. W., J. E. Hines, and S. R. Beissinger. 2010. Two-species occupancy models: A 
new parameterization applied to co-occurrence of secretive rails. Ecological Applications 20(7) 
2036–2046. 

 
Abstract 

 
Two-species occupancy models that account for false absences provide a robust method for 
testing for evidence of competitive exclusion, but previous model parameterizations were 
inadequate for incorporating covariates. We present a new parameterization that is stable 
when covariates are included, the conditional two-species occupancy model, that can be used 
to examine alternative hypotheses for species’ distribution patterns. This new model estimates 
the probability of occupancy for a subordinate species conditional upon the presence of a 
dominant species. It can also be used to test if the detection of either species differs when one 
or both species are present, and if detection of the subordinate species depends on the 
detection of the dominant species when both are present. We apply the model to test if the 
presence of the larger Virginia Rail (Rallus limicola) affects probabilities of detection or 
occupancy of the smaller California Black Rail (Laterallus jamaicensis coturniculus) in small 
freshwater marshes that range in size from 0.013-13.99 ha. We hypothesized that Black Rail 
occupancy should be lower in small marshes when Virginia Rails are present than when they 
are absent, because resources are presumably more limited and interference competition 
should increase. We found that Black Rail detection probability was unaffected by the 
detection of Virginia Rails, while, surprisingly, Black and Virginia Rail occupancy were 
positively associated even in small marshes. The average probability of Black Rail occupancy 
was higher when Virginia Rails were present (0.74 ± 0.053) than when they were absent (0.36 
± 0.069), and for both species occupancy increased with marsh size. Our results contrast with 
recent findings from patchy forest systems, where small birds were presumed to be excluded 
from small habitat patches by larger competitors.  
 
Key words: Black Rail, detection probability, interspecific competition, Laterallus jamaicensis 
coturniculus, Rallus limicola, Virginia Rail, species co-occurrence, two-species occupancy 
models.  
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Introduction 
 
Interspecific competition plays an important role in structuring ecological communities 

(Rosenzweig 1995). For example, larger species may exclude smaller ones from territories or 
high-value food resources through interference competition (Persson 1985, Pimm et al. 1985, 
Robinson and Terborgh 1995, St-Pierre et al. 2006), and these interactions are expected to be 
strongest under conditions of resource limitation (Wiens 1989). Recent studies of avian 
communities in fragmented forest systems (Brown and Sullivan 2005, Brown 2007) used patch 
size as a proxy for resource availability and showed that, in small fragments, large- and medium-
sized bird species increased in abundance while small bird species declined, offering 
circumstantial evidence for interspecific competitive exclusion. However, using differences in 
observed species occurrences as evidence of competitive exclusion may lead to incorrect 
inferences about both the magnitude and direction of competition unless analyses account for 
two important factors: false absences and habitat covariates (Lynch and Johnson 1974, 
MacKenzie et al. 2004, MacKenzie et al. 2006). The development of robust and flexible methods 
for characterizing species interactions is needed, particularly for species distribution modeling 
applications that have become central to predicting community responses to climate change 
(Elith and Leathwick 2009).  

 
MacKenzie et al. (2004, 2006) developed a flexible, likelihood-based two-species 

occupancy model that accounts for imperfect detection for analyzing species co-occurrence 
patterns from repeated presence-absence survey data. The model directly estimates a “species 
interaction factor” (hereafter SIF) that is a ratio of how likely the two species are to co-occur 
compared to what would be expected under a hypothesis of independence. This two-species 
occupancy model has been used to examine co-occurrence patterns of terrestrial salamanders 
(MacKenzie et al. 2004), vipers (Luiselli 2006) and owls (Bailey et al. 2009). In addition to 
providing unbiased estimates of co-occurrence, their model can be used to examine how the 
presence or detection of one species might affect the detection probability of the other. For 
example, Bailey et al. (2009) found evidence that the detection probability of barred owls (Strix 
varia) and northern spotted owls (Strix occidentalis caurina) was negatively influenced by the 
presence of the congeneric species. However, a limitation of MacKenzie et al.’s (2004, 2006) 
two-species model parameterization is that it can fail to converge when covariates are included 
and a SIF is directly estimated. Developing a two-species occupancy model that successfully 
incorporates habitat covariates is crucial because habitat preferences are a major factor 
determining species distributions (Morrison et al. 2006) and they can generate co-occurrence 
patterns that may incorrectly be interpreted as a product of interspecific competitive exclusion.  

 
Here we present a new parameterization for the two-species occupancy model called the 

“conditional two-species occupancy model” that successfully incorporates covariates. We then 
apply it to examine co-occurrence patterns of two secretive wetland birds, the California Black 
Rail (Laterallus jamaicensis coturniculus) and Virginia Rail (Rallus limicola) across a range of 
marsh sizes. Understanding co-occurrence patterns for Black and Virginia Rails is important 
because competitive interactions are a potential factor that may influence the sparse and patchy 
distribution of the Black Rail throughout North America (Eddleman et al. 1994) and in 
California where it is legally protected as a threatened subspecies (California Department of Fish 
& Game 2008b). We first examine factors that may affect the detection probability for each 
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species, and then test for evidence of an association between Black and Virginia Rail occupancy. 
Lastly, we test three predictions for co-occurrence patterns related to patch area: (1) Black Rails 
should have a higher probability of occupancy in small marshes than Virginia Rails because they 
have a smaller home range; (2) In small marshes where resources are presumably more limited, 
Black Rail occupancy should be lower when Virginia Rails are present than when they are absent 
because interference competition should increase; and (3) The probability of occupancy for both 
species should increase with marsh area, because larger marshes should provide a wider range of 
microhabitats and contain more resources to support both species.  
 

Parameterization of the conditional two-species occupancy model 
 

The conditional two-species occupancy model can be represented as a hierarchical tree of 
conditional occupancy and detection probabilities, where species A is assumed to be dominant 
and species B subordinate. The top branch of the model (Fig 1, Table 1) represents the 
unconditional probability of occupancy (ψA) or absence (1 – ψA) for species A. The second, 
lower, set of branches represent the probabilities of occupancy (ψ

BA) or absence (1 – ψBA) for 
species B conditional on species A being present, and the probability of occupancy (ψ

Ba) or 
absence (1 – ψBa) for species B conditional on species A being absent. The remaining lower 
branches represent probabilities of detection for species A and B that are conditional on the 
occupancy status of both species (Fig 1, Table 1; further details on detection provided below). 
Note that the probability of detection is not equivalent to the probability of detecting an 
individual of a given species, but rather is the probability of detecting at least one individual of a 
species at a site that may contain multiple individuals.  

 
This new model structure differs from the parameterization developed by MacKenzie et 

al. (2004, 2006) in three main ways: (1) In the previous parameterization, the probabilities of 
occupancy for both species were unconditional, while in the new parameterization the 
probability of occupancy for species A is unconditional and the probability of occupancy for 
species B is conditional on either the presence or absence of species A. The unconditional 
probability of occupancy for species B can be calculated using the parameters in the new model 
as: ψB = ψA

ψ
BA + (1 – ψA) ψBa; (2) The probability of both species being present at a site (ψ

AB) is 
not estimated directly, but can be calculated using the parameters in the new model as: ψAB = 
ψ

A
ψ

BA; and (3) A SIF, designated in Mackenzie et al. (2004) as “γ” and in MacKenzie et al. 
(2006) and hereafter as “φ,” is not estimated directly. The SIF of MacKenzie et al. (2004, 2006) 
was expressed as: φ = ψAB/ψA

ψ
B, where ψA is the unconditional probability of occupancy for 

species A and ψB is the unconditional probability of occupancy for species B. From the 

parameters in our new model, the SIF can be calculated as φ = 
))ψψ1(ψψ(ψ

ψψ
BaABAAA

BAA

−+
 (Fig 1, 

Table 1). If the two species occur independently, then the SIF is equal to one. An SIF less than 
one indicates that species B is less likely to co-occur with species A than expected under a 
hypothesis of independence (i.e., avoidance), while values greater than one indicate that species 
B is more likely to co-occur with species A than expected under a hypothesis of independence 
(i.e., aggregation).  

 
Data used in the conditional two-species occupancy model are detection histories that 

consist of sequences of detections (1) and non-detections (0) for each visit or sampling occasion 
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at N sites for each species during a given sampling period or season. Sites are assumed to be 
closed to changes in occupancy state for each species for the duration of each season. Thus, a 
species is assumed to be either always present or always absent at a given site during a season. 
As a general example, we present a case with three independent surveys conducted at each 
sample location. The detection historyAiX  = 110 signifies that location i was surveyed on three 

occasions during one season, and species A was only detected on the first and second visits. The 
detection history B

iX = 000 signifies that location i was surveyed on three occasions, and species 

B was not detected on any visit. Below we describe the model following the general framework 
presented by MacKenzie et al. (2004, 2006) but incorporating the new conditional 
parameterization.  

 
For each site there are four possible occupancy states for two species: (1) both species A 

and B are present; (2) only species A is present; (3) only species B is present; or (4) neither 
species is present. Using the new parameters in Table 1 and Fig 1, we define a row vector for the 
probability of location i being in each of the four respective states as:  

)]ψ1)(ψ1(ψ)ψ1()ψ1(ψψψ[ BaABaABAABAA
iiiiiiiii −−−−=φ     (1) 

where the elements of iφ  sum to 1.  

 
The probability of observing the detection histories for the two species, conditional on the 

occupancy state of the site, can be stated in terms of detection parameters. Considering the 
example detection histories presented above ( 110=A

iX  and 000=B
iX ), there are two possible 

occupancy states. First, the surveyors could have failed to detect species B and the location is 
actually occupied by both species, in which case the probability of observing the given detection 
histories is:  
Pr( A

iX  = 110, B
iX  = 000 | both species present) = )1)(1)(1()1( Ba

3
A
3

BA
2

A
2

BA
1

A
1 iiiiii rrrrrr −−−−  (2) 

where rA is the probability of detecting species A when both species are present, rBA is the 
probability of detecting species B when both species are present and A is detected, rBa is the 
probability of detecting species B when both species are present but A is not detected (Table 1 
and Fig 1), i corresponds to the location, and the subscript number corresponds to the visit 
number. Alternatively, if the site is only occupied by species A, the probability of observing the 
detection histories is:  
Pr( A

iX  = 110, B
iX  = 000 | only species A present) = )1( A

3
A
2

A
1 iii ppp −    (3) 

where pA is the probability of detecting species A when only A is present (Table 1 and Fig 1). 
The probability of observing the given detection histories for the other two possible occupancy 
states (occupied by species B only and occupied by neither species) is 0, as species A was 
detected and the model, as parameterized, does not consider false presences.  

 

We define a column vector }{},{ BA XX
ip  representing the probabilities of observing the 

example detection histories, conditional upon each occupancy state and described by the 
parameters in Table 1 and Fig 1, as:  
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We then calculate the unconditional probability of observing the detection histories as: 
}{},{BA BA

),Pr( XX
iiii pXX φ=          (5) 

Assuming that the collection of the detection histories at the N locations was independent, we 
define the model likelihood as:  

∏
=

=
N

i
iiL

1

BA ),Pr( XX           (6) 

Missing observations that apply to both species at a given survey occasion contribute no 
information about model parameters (MacKenzie et al. 2006). This is accomplished by removing 
the respective detection parameters from the probability equation for a given detection history. 
For example, if the detection histories AiX  = 1-- and B

iX = 0-- are obtained (where “-” represents 

a missing observation), then:  
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In situations where a missing observation occurs for one species but not the other on a given 
survey, all possibilities for the missing observation (that the species in question was present and 
detected, was present and not detected, or was absent) are included within the probability 
statement for the detection history (MacKenzie et al. 2006).  
 

We test for species interactions related to occupancy and detection probabilities by 
obtaining the maximum likelihood estimates (MLEs) of the parameters in equation 6 and then 
use a model selection approach (Burnham and Anderson 2002) to rank competing models. 
Specifically, we can test three biological questions: (1) Does the probability of occupancy of the 
subordinate species depend on the presence of the dominant species?; (2) Does the detection 
probability of the subordinate species depend on the presence of the dominant species?; and (3) 
Does the detection probability of the subordinate species depend on the detection of the 
dominant species when both species are present? The first question is usually of greatest 
biological interest and is relevant to studies that aim to test, for example, hypotheses of 
competitive exclusion. The second question is relevant for cases where the presence of one 
species, for example, a predator, may affect the behavior of a prey species by lowering (or 
raising) its probability of detection. The third question is relevant for cases where the detection 
of a dominant species may affect the probability of detecting a subordinate species, assuming 
both species are present. For example, a call playback survey that stimulates a vocal response 
from a dominant species may either increase or decrease the probability of detecting a 
subordinate species.  
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The preceding biological hypotheses can be explicitly tested using different formulations 
of the two-species model. We can determine if occupancy of the subordinate species depends on 
the presence of the dominant species by comparing model performance when ψBA and ψBa are 
estimated separately (i.e., the presence of species B is conditional on the presence of species A), 
or when ψBA = ψBa (i.e., the presence of species B is unconditional). We can determine if the 
detection of the subordinate species is conditional on the presence of the dominant species or is 
unconditional by comparing model performance when pB (the probability of detecting species B 
when only B is present; Table 1 and Fig 1) is estimated separately from rBA and rBa (assuming 
rBA = rBa), or when pB = rBA = rBa. While we do not consider it in our case study, the model 
formulation can be used to determine if the detection probability of the dominant species is 
conditional on the presence of the subordinate species by comparing model performance when 
pA and rA are estimated separately, or when pA = rA. This circumstance could potentially arise if 
a predator became more secretive in the presence of a prey species, e.g., while hunting. Finally, 
we can determine if the detection of the subordinate species is conditional on the detection of the 
dominant species when both are present or is unconditional by comparing model performance 
when rBA and rBa are estimated separately and when rBA = rBa.  

 
Covariates such as environmental or temporal variables can be incorporated into 

occupancy and detection probability estimation using the multinomial logistic model:  

∑
−

=

+
=

1

1

)exp(1

)exp(
m

k
ki

kik
i

βY

βY
θ , for k = 1, 2, … , m – 1      (8) 

where k
iθ is the probability of occupancy or detection, Yi is a row vector of the covariate values 

for the ith location, βk is a column vector of the coefficients to be estimated, and m is the number 
of discrete occupancy or detection outcomes. Equation 8 reduces to the binomial logistic model 
in cases when there are two outcomes (present/absent or detected/not detected). In equation 8, 

k
iθ is constrained to be in the interval (0,1) by the structure of the equation. In previous 

parameterizations (MacKenzie et al. 2004), some parameters such as the SIF were not 
constrained to this interval, but instead were constrained to the interval (0,∞ ) by omitting the 
denominator. This can lead to possible values for beta parameters that are impossible occupancy 
probabilities (e.g., γ =7.33, ψA=0.5, and ψAB= 2.2). Computation of the likelihood value based on 
these parameters was the source of the convergence problems in the likelihood function 
optimization in the previous two-species occupancy model (MacKenzie et al. 2004). The new 
conditional two-species model parameterization is stable when covariates are incorporated and is 
an improvement upon the previous model that directly estimated a species interaction factor 
(MacKenzie et al. 2004, 2006).  
 

Methods 
 

Case study: Black and Virginia Rails 
 
We applied the conditional two-species occupancy model to co-occurring Black and 

Virginia Rails that inhabit a network of freshwater palustrine emergent persistent wetlands in the 
Sierra Nevada foothills, California (Richmond et al. 2008). Limited information on food 
preferences suggests that Black and Virginia Rails have similar diets (Eddleman et al. 1994, 
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Conway 1995), and our preliminary analyses of stable isotopic signatures from feathers suggests 
diet overlap (unpublished data). Both species feed mainly on small aquatic invertebrates and the 
seeds of emergent plants, and other aspects of their natural history are similar (Eddleman et al. 
1994, Conway 1995). Virginia Rails weigh up to three times as much as Black Rails, have larger 
home ranges, and are much more widely distributed throughout North America than Black Rails 
(Eddleman et al. 1994, Conway 1995). Very little is known about interactions between cryptic 
rallids, although Virginia Rails appear tolerant of the slightly smaller Sora (Porzana carolina) in 
other parts of their range (Pospichal and Marshall 1954, Kaufmann 1989).  

 
We surveyed for rails from June-August at 166 freshwater marshes in 2005 and 192 

marshes in 2006 in Butte, Nevada, and Yuba counties, California, as described in Richmond et al. 
(2008). We mapped marsh perimeters using a backpack Trimble GPS unit capable of 
determining three-dimensional positions with 0.5 m accuracy. We excluded large areas of open 
water and areas with non-emergent vegetation (non-rail habitat) from marsh area calculations. 
Marsh area averaged 1.17 ± 1.80 ha (mean ± SD) with a range of 0.01–13.99 ha and a median 
area of 0.52 ha.  

 
We surveyed for the presence of rails at each marsh using call playback surveys, a 

standard method used with secretive wetland birds (Evens et al. 1991, Legare et al. 1999, Spear 
et al. 1999, Conway et al. 2004). In each year we visited marshes up to three times to survey for 
Black Rails using a removal design (MacKenzie et al. 2006), where in each year we did not 
revisit a marsh after the first Black Rail detection. During all Black Rail surveys we concurrently 
surveyed for Virginia Rails even if Virginia Rails had already been detected at that marsh; thus, 
at some sites we detected Virginia Rails on multiple visits within a year. We conducted call 
playback surveys for Black Rails following methods described in Richmond et al. (2008). For 
Virginia Rails we conducted playback surveys at up to two locations per marsh in 2005 and at up 
to half of the Black Rail playback stations in 2006. Thus, there were on average more Virginia 
Rail playback stations in 2006 per marsh than in 2005. The Virginia Rail playback sequence was 
always played after the Black Rail sequence and consisted of 2 min of silent listening and two 
sets of interspersed “tick-it” and “grunt” calls (Conway 1995) lasting 30 s each, followed by 30 s 
of listening between sets.  
 

Analyzing factors affecting detection probability and co-occurrence patterns 
 
Candidate model sets for the conditional two-species parameterization can become very 

large because it has a minimum of 4-8 parameters, depending on whether occupancy and/or 
detection probabilities are modeled conditionally or unconditionally, that can each be fit with 
combinations of covariates. This necessitated a two-step process for model selection. First, we 
identified the best detection models for each species by evaluating the effect of covariates on 
detection probabilities separately (16 models for Virginia Rails and 8 models for Black Rails; see 
below) using single-season, single-species occupancy models in Program Presence, ver. 2.4 
(Hines 2006a). Using the best detection covariates for each species from this analysis, we then 
developed a set of 108 candidate models for simultaneously testing the effect of: (1) Virginia 
Rail presence and detection on Black Rail detection probability; (2) Virginia Rail presence on 
Black Rail occupancy; and (3) patch area and year on occupancy for both species. In this step we 
fit single-season, two-species occupancy models in Program PRESENCE, ver. 2.4 (Hines 2006a) 
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using the conditional two-species model parameterization, termed the “psiBa parameterization” 
in PRESENCE. The two-step approach to model selection allowed us to simplify the structure of 
nuisance (detection) parameters when examining the comparisons of greatest interest. Had we 
not taken this approach, our model set would have consisted of approximately 20,480 candidate 
models. Details of each step are presented next below.  

 
To identify the best detection model, we held occupancy constant (ψ(.)) and fit: (1) 16 

single-season, single-species occupancy models for Virginia Rails to test the effects of Julian day, 
time of day, year, and visit on detection probability (Appendix A); and (2) 8 models for Black 
Rails with the same detection covariates except that we did not fit models where detection 
probability varied by visit because Black Rail surveys were conducted using a removal model 
design, which resulted in no repeat detections in a given year (Appendix A). We predicted that 
detection probability would increase with Julian day for both species because incubation can 
suppress the responsiveness of breeding adults to playbacks early in the survey period (Legare et 
al. 1999, Spear et al. 1999) and fledglings increase the number of potential responders later in the 
breeding season. We had no a priori prediction for whether morning or evening surveys would 
be associated with higher detection probabilities, as previous studies reported conflicting results 
(Spear et al. 1999, Conway et al. 2004). We tested models where detection probability varied by 
visit for Virginia Rails because there is evidence that rallids (Huxley and Wilkinson 1979) and 
other birds (Dong and Clayton 2009) can habituate to playback over time. We predicted that 
detection probability would be: (1) higher for Virginia Rails in 2006 compared to 2005 because 
there were more Virginia Rail playback stations per site in 2006 compared to 2005; and (2) 
stable across years for Black Rails since their survey protocol was consistent. To evaluate if the 
detection covariate analysis was affected by the choice of the occupancy model, we ran the same 
detection candidate model sets for each species using a global occupancy model that included all 
potential occupancy covariates and interactions, and found that the AIC rankings of the detection 
covariates were unchanged (unpublished data).   

 
We then used the best detection covariates for each species in the conditional two-species 

occupancy model to simultaneously test whether the detection probability of Black Rails was 
conditional on the presence or detection of Virginia Rails, whether Black Rail occupancy was 
conditional on the presence of Virginia Rails, and whether occupancy for each species was 
influenced by covariates.  We predicted that the detection of Virginia Rails would have no effect 
on the detection probability of Black Rails when both were present, since we always played 
Black Rail vocalizations first in the playback sequence. However, if Virginia Rails act as 
dominant competitors, their presence might be expected to reduce Black Rail detection 
probability and/or occupancy. We examined the effects of marsh area, area2 and year on 
occupancy for both species. We fit models with area×species and area2×species interactions, 
where Black Rail occupancy was modeled as either conditional or unconditional on the presence 
of Virginia Rails. We also fit models with year×species interactions, where Black Rail 
occupancy was modeled unconditionally, and we fit additive models that included combinations 
of covariates and species interactions. A total of 108 candidate models were in the final model 
set (Appendix B). We model-averaged the top 20 models, which had a cumulative AIC weight of 
0.952, to obtain estimates of the probability of occupancy for each species as a function of marsh 
area and year (Burnham and Anderson 2002). We calculated the SIF as a function of marsh area 
using the model-averaged occupancy estimates for each species. We applied the delta method 
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(Kendall and Stuart 1969) to estimate confidence intervals for the probabilities of occupancy for 
each species and for the SIF using the function “deltamethod” in the msm package in Program R 
ver. 2.7.2 (R Development Core Team 2008). Means are presented ± one standard error (SE).  

 
Results 

 
Effect of covariates on rail detection probability 

 
Factors affecting detection rates differed between rail species (Appendix A). For Virginia 

Rails, the model with the most support included visit-specific detection probabilities and year as 
a detection covariate; models with year had a cumulative Akaike weight of 0.75 and models with 
visit-specific detection had a cumulative Akaike weight of 0.57. Mean detection probability 
calculated from the best Virginia Rail detection model declined with visit (0.75 ± 0.010, 0.62 ± 
0.013, and 0.59 ± 0.014 for the first, second, and third visits, respectively) and, as expected, 
Virginia Rails had a higher mean probability of detection in 2006 (0.73 ± 0.017) than in 2005 
(0.56 ± 0.013). For Black Rails, the detection model with the most support included Julian day 
(cumulative Akaike weight of 0.60) and, as predicted, there was a positive association between 
detection probability and Julian day. Mean detection probabilities for a single survey (visit) 
calculated from the top model for each species (Appendix A) were higher for Black Rails 
(0.85+0.033) than for Virginia Rails (0.65+0.076).  

 
Modeling rail co-occurrence patterns 

 
Black Rail detection probability did not appear to be affected by Virginia Rail detection 

when both species were present (Tables 2 and 3). Models that assumed no effect of Virginia Rail 
detection on Black Rail detection probability received strong support (Table 3), with a 
cumulative Akaike weight of 0.87. The relationship between Black Rail detection probability and 
the presence of Virginia Rails yielded similar but more ambiguous results. Models that assumed 
no effect of Virginia Rail occupancy on Black Rail detection probability had a cumulative 
Akaike weight of 0.58, while models that assumed an effect had a cumulative Akaike weight of 
0.42 (Table 3). The average detection probability for Black Rails was slightly higher when 
Virginia Rails were present (0.87±0.040) than when they were absent (0.82±0.059); these results 
were obtained by model-averaging estimates from the 12 models in the top 20 that included an 
effect of Virginia Rail presence on Black Rail detection probability.  

 
The probabilities of occupancy for Black and Virginia Rails were strongly positively 

associated. Models that assumed Black Rail occupancy was conditional on the presence of 
Virginia Rails greatly outperformed models that assumed an independent relationship 
(cumulative Akaike weight of 0.99 versus 0.01; Tables 2 and 3). The mean probability of Black 
Rail occupancy, model-averaged over the top 20 models, was greater when Virginia Rails were 
present (0.74 ± 0.053) than when Virginia Rails were absent (0.36 ± 0.069).  

 
The unconditional probabilities of occupancy for Black and Virginia Rails had similar 

positive, non-linear relationships with marsh area, but the response differed between species (Fig. 
2; Tables 2 and 4). Models with area, area2, and interactions with species (for Black Rails 
conditional on the presence or absence of Virginia Rails) were particularly well-supported 
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(cumulative Akaike weight = 0.63) and there were small differences in occupancy between years 
(Tables 2 and 4). Our prediction that occupancy for Black Rails should be higher in smaller 
marshes than for Virginia Rails was supported (Fig. 2), although both species sometimes 
occurred in very small marshes. Black Rails were present in marshes as small as 0.01 ha, while 
Virginia Rails occurred in marshes as small as 0.06 ha. At median-sized marshes (Fig. 2), Black 
Rails had a higher model-averaged unconditional probability of occupancy (0.54±0.041 in 2005; 
0.57±0.039 in 2006) than Virginia Rails (0.37±0.049 in 2005; 0.40±0.046 in 2006), while 
Virginia Rails had a higher probability occupancy in larger marshes (>1.5 ha), although 
confidence intervals for the two species overlapped across the range of marsh sizes (Fig. 2).  

 
Contrary to our expectation, Black Rails had a higher probability of occupancy in both 

small and large marshes when Virginia Rails were present compared to when they were absent 
(Fig 3). In fact, Black and Virginia Rails were most likely to co-occur in the smallest marshes 
and appeared to be distributed independently at larger marshes. The model-averaged SIF at 
median sized marshes was 1.33 (95% C.I. = 1.13-1.53) in 2005 and 1.29 (95% C.I. = 1.12-1.47) 
in 2006, was above 1 for marshes <5 ha, and approximately equal to 1 for marshes >5 ha (Fig. 4). 
This relationship differed only slightly between years (Fig. 4).  
 

Discussion 
 

The conditional two-species occupancy model presented here introduces a powerful tool 
for examining species co-occurrence patterns. Improving on the previous parameterization of 
MacKenzie et al. (2004, 2006), it successfully incorporates occupancy covariates to allow 
stronger inferences to be made about co-occurrence patterns. Like the MacKenzie et al. (2004, 
2006) parameterization, it improves over past studies of interspecific competition that relied on 
observations of community composition but did not account for false absences (Diamond 1975, 
Schluter 1984, Minot and Perrins 1986). The conditional two-species parameterization also 
models the effects of the presence or detection of one species on the detection probability of the 
other species. Such effects could be especially important for species pairs with strongly 
asymmetric competition, or when the presence of one species may suppress the detection of 
another, as in a predator-prey pair. For example, barred owl (Strix varia) and northern spotted 
owl (Strix occidentalis) presence each had negative effects on the detection probabilities of the 
other species (Olson et al. 2005, Bailey et al. 2009).  

 
Two-species occupancy models that incorporate detection probabilities and covariates 

can make important contributions to studies of species co-occurrence across environmental 
gradients. A strength of the conditional two-species model parameterization is that covariates can 
be modeled simultaneously with the species interaction, allowing alternative explanations of 
observed species distribution patterns to be examined (e.g., species-specific responses to habitat 
characteristics, patch size, elevation, isolation, etc.). At present, the best use of two-species 
models is for examining interactions between species pairs for which there might be a priori 
reasons to hypothesize an interaction. However, demonstrating (or failing to demonstrate) a 
negative association between two species only provides circumstantial evidence that interspecific 
competition is present or absent (Wiens 1989), since an occupancy pattern that appears to be 
consistent with competitive exclusion could be driven by habitat or other factors that are 
excluded from the model, or competition could be operating on a different spatial scale than the 
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scale at which observations were made. Identifying a negative association between two species 
may indicate competition, but this observation should be followed up, if possible, by direct 
experiments.  

 
A potential drawback of two-species occupancy models can be the large number of 

parameters required for estimation. Candidate sets for two-species models can quickly amplify 
when up to eight parameters must be estimated (Fig. 1) and due to the multiplicative effect of 
adding covariates; for example, each combination of covariates for species A can be tested 
against every combination for species B in both conditional and unconditional formulations. To 
reduce the candidate set to a manageable number of models, we used a two-stage approach to 
model fitting, where we first examined covariates for the detection and then used the best 
detection covariates in the second modeling stage to test the main hypotheses. Careful 
consideration of appropriate covariates and critical thinking during the formulation of the 
candidate model set is essential (Burnham and Anderson 2002). The large number of parameters 
necessitates very large datasets and may make it difficult to apply similar model structures to 
multi-species communities (MacKenzie et al. 2006).  

 
Two-species occupancy models provide a useful method for making inferences about 

interactions between cryptic species, such as the secretive rails in this study, since direct 
observations of such species’ interactions are exceedingly rare. We found no evidence that the 
presence or detection of Virginia Rails affected the detection probability of Black Rails, and the 
two species showed a positive association across a range of marsh sizes. The positive occupancy 
association could suggest overlapping habitat preferences at the patch level, where coexistence 
may be maintained by micro-habitat or resource partitioning (Chesson 2000). Differences 
between these rail species in bill size, leg length, and feeding behavior support this contention 
(Eddleman et al. 1994, Conway 1995). While we found no evidence of competitive exclusion, 
the relationship between occupancy and marsh size differed slightly by species and for Black 
Rails depended on the occurrence of Virginia Rails, albeit in an unexpected manner. Surprisingly, 
Black Rails were more likely to occur in small marshes that were occupied by Virginia Rails 
than in marshes without Virginia Rails (Figs. 3, 4). Perhaps small marshes that are high in 
overall habitat quality can support both rails, while low quality sites can support neither species. 
While occupancy of both species increased with marsh area, Black Rails were more likely to 
occupy smaller marshes than Virginia Rails (Fig. 3), probably due to their smaller home range 
requirements.   

 
Our findings for wetland rails contrast with studies of birds where large and medium-

sized species appeared to out-compete small species for space or resources in patchy forest 
systems (Brown and Sullivan 2005, Brown 2007) and within nectarivorous bird assemblages 
(Grey et al. 1997, Mac Nally and Timewell 2005). Black and Virginia Rails coexist, even in very 
small wetlands where resources are presumed to be more limiting. This suggests that body size 
difference alone may be a poor indicator of interspecific competitive exclusion in some guilds.  

 
The conditional two-species occupancy model provides a useful tool for testing 

hypotheses of co-occurrence and could make important contributions to projecting future species 
distributions with climate change. Future research could focus on expanding two-species 
occupancy models to more complex multi-species communities. Also, extending the model to 
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multiple sampling periods (MacKenzie et al. 2006) would allow stronger inferences to be made 
about underlying species interactions. A multi-season two-species model would include 
parameters for local colonizations and extinctions of a species that are conditional on the 
presence of another species. Finally, a potentially powerful application for two- or multi-species 
models is in the prediction of community responses to climate change. Most conventional 
species distribution models treat species as distinct units that respond individualistically to 
climatic conditions (Elith and Leathwick 2009). The SIF derived from two- or multi-species 
models provides a measure of interaction that could be incorporated into species distribution 
models to create more mechanistic projections of species ranges under alternative climate change 
scenarios. Such models will further improve our ability to examine species interactions and 
distributions in ecological communities.  
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Tables 
 
Table 1. Descriptions of the parameters used in the conditional two-species occupancy model.  
 
Parameter Description 
ψ

A Probability of occupancy for species A 
ψ

BA Probability of occupancy for species B, given species A is present 
ψ

Ba Probability of occupancy for species B, given species A is absent  
pA Probability of detection for species A, given species B is absent 
pB Probability of detection for species B, given species A is absent 
rA Probability of detection for species A, given both species are present 

rBA 
Probability of detection for species B, given both species are present and 
species A is detected 

rBa 
Probability of detection for species B, given both species are present and 
species A is not detected 
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Table 2. The 20 top-performing two-species occupancy models examining interactions between 
Black and Virginia Rails out of a total set of 108 models (see Appendix B for the entire model 
set and additional model details). The cumulative Akaike weight for the top 20 models was 0.952. 
Occupancy covariates included Area, Area2, Year, and interactions by species (Area×Species, 
Area2×Species, and Year×Species). For Black Rails, the interactions by species were either 
unconditional (U) or conditional (C) on the presence of Virginia Rails. K is the number of 
parameters, ∆AIC is the difference in AIC relative to the best model, and w is the Akaike weight 
that indicates the relative support for each model.  
 

Occupancy model Occupancy covariates Detection model K ∆AIC w 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C) pApB 15 0.00 0.204 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C), Year pApB 16 0.46 0.162 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C) pApBrB 16 1.32 0.105 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C), Year pApBrB 17 1.81 0.082 

ψAψBAψBa 
Area, Area×Species(C), Area2, Area2×Species(C), Year, 
Year×Species(U) 

pApB 17 2.41 0.061 

ψAψBAψBa Area, Area×Species(C) pApB 12 2.89 0.048 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C) pApBrBArBa 17 3.05 0.044 

ψAψBAψBa Area, Area×Species(C), Year pApB 13 3.30 0.039 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C), Year pApBrBArBa 18 3.52 0.035 

ψAψBAψBa 
Area, Area×Species(C), Area2, Area2×Species(C), Year, 
Year×Species(U) 

pApBrB 18 3.75 0.031 

ψAψBAψBa Area, Area×Species(C) pApBrB 13 4.52 0.021 

ψAψBAψBa Area, Area×Species(U) pApB 11 4.54 0.021 

ψAψBAψBa Area, Area×Species(C), Year pApBrB 14 4.99 0.017 

ψAψBAψBa Area, Area×Species(C), Year, Year×Species(U) pApB 14 5.16 0.015 

ψAψBAψBa Area, Area×Species(U), Year pApB 12 5.34 0.014 

ψAψBAψBa 
Area, Area×Species(C), Area2, Area2×Species(C), Year, 
Year×Species(U) 

pApBrBArBa 19 5.47 0.013 

ψAψBAψBa Area, Area×Species(U) pApBrB 12 5.53 0.013 

ψAψBAψBa Area, Area×Species(C) pApBrBArBa 14 5.94 0.010 

ψAψBAψBa Area, Area×Species(C), Year pApBrBArBa 15 6.29 0.009 

ψAψBAψBa Area, Area×Species(U), Year pApBrB 13 6.37 0.008 
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Table 3. Relative support for different formulations of a two-species occupancy model where 
Black Rail occupancy was either conditional (C) or unconditional (U) on Virginia Rail 
occupancy, and where Black Rail detection probability was either conditional or unconditional 
on Virginia Rail occupancy or detection, respectively. N = number of models. w+ = relative 
importance weight, the summed Akaike weights for all models sharing a given model structure 
in the set of 108 models (Appendix B).  
 

Effect of Virginia 
Rail occupancy on 

Black Rail 
occupancy 

Effect of Virginia 
Rail occupancy on 

Black Rail detection 

Effect of Virginia 
Rail detection on 

Black Rail 
detection N w+ 

C U U 18 0.579 
C C U 18 0.2936 
C C C 18 0.127 
U C C 18 0.000 
U U U 18 0.000 
U C U 18 0.000 
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Table 4. Relative support for two-species occupancy models for Black and Virginia Rails with 
occupancy covariates and species×covariate interaction terms. U = unconditional; C = 
conditional; N = number of models; w+ = relative importance weight, the summed Akaike 
weights for all models sharing a given model structure in the set of 108 models (Appendix B).  
 
Occupancy covariates N w+ 
Area, Area×Species(C), Area2, Area2×Species(C) 3 0.353 
Area, Area×Species(C), Area2, Area2×Species(C), Year 3 0.279 
Area, Area×Species(C), Area2, Area2×Species(C), Year, Year×Species(C) 3 0.105 
Area, Area×Species(C)  3 0.080 
Area, Area×Species(C), Year 3 0.065 
Area, Area×Species(U)  6 0.039 
Area, Area×Species(U), Year 6 0.026 
Area, Area×Species(C), Year, Year×Species(U) 3 0.026 
Area, Area×Species(U), Year, Year×Species(U) 6 0.011 
Area, Area×Species(U), Area2, Area2×Species(U) 6 0.008 
Area, Area×Species(U), Area2, Area2×Species(U), Year 6 0.005 
Area, Area×Species(U), Area2, Area2×Species(U), Year, Year×Species(U) 6 0.002 
Area, Area2, Year 6 0.000 
Area, Area2 6 0.000 
Area, Area2, Year, Year×Species(U) 6 0.000 
Area, Year 6 0.000 
Area 6 0.000 
Area, Year, Year×Species(U) 6 0.000 
(.) 6 0.000 
Year 6 0.000 
Year, Year×Species(U) 6 0.000 
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Figures 
 
Figure 1. Model structure for the conditional parameterization of the single-season two-species 
occupancy model, where species A is assumed to be dominant and species B subordinate. 
Parameter definitions are given in Table 1. All unlabeled branches correspond to one minus the 
opposite labeled branch (e.g., the unlabeled branch opposite ψA is equal to 1 – ψA).  
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Figure 2. Estimated unconditional probabilities of occupancy for Black Rails (BR) and Virginia 
Rails (VR) as a function of marsh area and survey year. Results were model-averaged across the 
top-performing 20 models presented in Table 2 (cumulative Akaike weight of 0.952) out of a 
total set of 108 models (Appendix B). “Median” = median marsh area. Normal patterns = 2005 
and bold patterns = 2006. Gray lines = 95% confidence intervals. Since there was little difference 
in confidence interval by year, only the widest confidence intervals (either from 2005 or 2006) 
are displayed. 
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Figure 3. Estimated probabilities of occupancy for Black Rails (BR) conditional on the presence 
or absence of Virginia Rails (VR) as a function of marsh area and survey year. Results were 
model-averaged across the top-performing 20 models presented in Table 2 (cumulative Akaike 
weight of 0.952) out of a total set of 108 models (Appendix B). “Median” = median marsh area. 
Normal patterns = 2005 and bold patterns = 2006. Gray lines = 95% confidence intervals. Since 
there was little difference in confidence interval by year, only the widest confidence intervals 
(either from 2005 or 2006) are displayed.  
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Figure 4. The Species Interaction Factor (SIF) as a function of marsh area and survey year. 
Results were model-averaged across the top-performing 20 models presented in Table 2 
(cumulative Akaike weight of 0.952) out of a total set of 108 models (Appendix B). An SIF > 1 
indicates the two species occur together more often than expected by chance, while an SIF < 1 
indicates the two species occur together less often than expected by chance and an SIF = 1 
indicates the two species occur independently (no aggregation or avoidance). “Median” = 
median marsh area. Normal patterns = 2005 and bold patterns = 2006. Gray lines = 95% 
confidence intervals. Since there was little difference in confidence interval by year, only the 
widest confidence intervals (either from 2005 or 2006) are displayed. 
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Chapter 3. Impact of livestock grazing on the occupancy of a secretive and threatened marsh 
bird. 

 
Abstract 

 
Impacts of grazing are often magnified in aquatic environments where livestock congregate for 
shade, cooler temperatures, green forage and water. We assessed the impact of winter 
(November-May) cattle grazing on occupancy of California Black Rails (Laterallus jamaicensis 
coturniculus) inhabiting a network of freshwater marshes in the northern Sierra Nevada foothills 
of California. As marsh birds are difficult to detect, we collected repeated presence/absence data 
via call playback surveys and used the “random changes in occupancy” parameterization of a 
multi-season occupancy model to examine relationships between occupancy and covariates, 
while accounting for detection probability. Wetland vegetation cover was significantly lower at 
winter-grazed sites than at ungrazed sites during the grazing season in 2007 but not in 2008. 
Winter grazing had little effect on Black Rail occupancy at irrigated marshes. However, at non-
irrigated marshes fed by natural springs and streams, winter-grazed sites had lower occupancy 
than ungrazed sites, especially at larger marsh sizes (>0.5 ha). Black Rail occupancy was 
positively associated with marsh area, irrigation as a water source and summer cover, and 
negatively associated with isolation. Residual dry matter (RDM), a commonly used metric of 
grazing intensity, may help to explain variation in summer wetland vegetation cover; however, 
spring cover was not well predicted by RDM.  

 
Key words: Black Rail, detection probability, Laterallus jamaicensis coturniculus, livestock 
grazing, multiseason occupancy models, random changes in occupancy, residual dry matter, 
wetland cover.  



Richmond 

41 

Introduction 
 

The impact of livestock grazing on wildlife is an issue of concern to both ecologists and 
resource managers. Livestock grazing is widespread in western North America, with 
approximately 70% of the 11 western states in the United States grazed by domestic animals. 
Livestock can act as vectors for diseases and parasites, degrade important wildlife habitats such 
as riparian forests and contribute to the decline of native plant species through overgrazing 
(Fleischner 1994, Saab et al. 1995, Carrier and Czech 1996, Ohmart 1996). Cattle, the most 
widespread domestic ungulate, compact the soil, remove plant biomass, alter aboveground net 
primary productivity and can alter plant species composition (Milchunas and Lauenroth 1993, 
Trimble and Mendel 1995, Holechek et al. 2010). These impacts are often magnified in aquatic 
environments where cattle congregate for shade, cooler temperatures, green forage and water 
(Kauffman and Krueger 1984, Belsky et al. 1999). In wetlands, cattle grazing results in reduced 
herbaceous vegetation height, cover and biomass (Chabreck 1968, Reimold et al. 1975, Hoffman 
and Stanley 1978), reduced residual litter (Gjersing 1975, Reimold et al. 1975, Mundinger 1976), 
reduced woody cover (Taylor 1986), increased productivity and N uptake (Schultz et al. 1994, 
Jackson et al. 2006b), and increased or decreased plant species richness (Bakker and Ruyter 1981, 
Andresen et al. 1990, Marty 2005, Jackson et al. 2006a). The impacts of grazing on wetlands are 
of concern because these productive and sensitive ecosystems have experienced dramatic 
historical declines in extent (Lemly et al. 2000), and they provide critical habitat for wildlife, 
particularly wetland birds.  

 
Wetland birds respond to grazing primarily through indirect effects on vegetation 

structure, although direct trampling of nests and changes to invertebrate communities may also 
affect avian populations (Weller 1996). Previous studies have documented both positive and 
negative impacts of livestock grazing on wetland birds. This complexity of responses is due to at 
least two factors: (1) species-specific responses to alterations in vegetation structure; and (2) 
variation in the intensity, timing and duration of grazing between studies. Generally, birds that 
require herbaceous vegetation or dense litter for nesting or foraging (e.g., dabbling ducks and 
rails) tend to decline and those that prefer more open habitats (e.g., shorebirds) tend to increase 
with grazing (Kirsch 1969, Whyte and Cain 1979, Colwell and Dodd 1995, Belanger and Picard 
1999, Warren et al. 2008). Light to moderate grazing in the emergent zone can improve 
waterfowl productivity by opening up dense, overgrown stands of marsh vegetation, thereby 
increasing the interspersion of cover and open water so that ducks can better utilize it for nesting 
and brooding (Kantrud 1986, Payne 1992, Schultz et al. 1994). However, overgrazing of 
wetlands is generally viewed as detrimental to most wetland bird species (Weller 1996). The 
timing and duration of grazing is important for determining impacts to wetland birds. In several 
studies, rest-rotation grazing resulted in higher waterfowl productivity than continuous (year-
round) grazing (Gjersing 1975, Mundinger 1976, Lapointe et al. 2000, Carroll et al. 2007), but 
Ignatiuk and Duncan (2001) found no difference in productivity between these regimes. While 
the effects of grazing on waterfowl have received a substantial attention, much less is known 
about impacts on non-game wetland birds, particularly secretive species like rails. Enhanced 
knowledge of the responses of birds to grazing can help inform improved management strategies 
that maintain habitat for both waterfowl and non-game wetland birds (Vavra 2005).  
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We assessed the impacts of winter grazing on a recently discovered resident population 
of California Black Rails (Laterallus jamaicensis coturniculus; hereafter “Black Rail”) 
inhabiting a network of freshwater marshes in the northern Sierra Nevada foothills of California 
(Aigner et al. 1995, Richmond et al. 2008). Winter grazing is a common land use on annual 
grasslands and open oak woodlands in the foothills. The Black Rail is listed as a State-threatened 
subspecies (CDFG 2008) that nests on the ground from approximately March–July, and it 
depends on dense emergent vegetation in shallow wetland zones throughout the year for cover 
(Eddleman et al. 1994, Flores and Eddleman 1995). Grazing is expected to be particularly 
detrimental for the small-bodied Black Rail because it occupies the shallowest, driest wetland 
zones that are the most accessible to cattle (Eddleman et al. 1988). The aims of the study were to 
evaluate the effects of winter grazing on: (1) wetland vegetation cover; and (2) Black Rail 
occupancy. We predicted that wetland vegetation cover at winter-grazed sites would fluctuate—
lower during winter/spring (grazing season) and higher in summer/fall (non-grazing season). 
Black Rail occupancy at winter-grazed sites might track changes in wetland vegetation cover if 
rails respond rapidly to vegetation changes, or occupancy might remain lower at winter-grazed 
sites than at ungrazed sites. We predicted that ungrazed sites would have more wetland 
vegetation cover than winter-grazed sites and higher Black Rail occupancy.  

 
Methods 

 
Study area 

 
We surveyed 34 palustrine emergent persistent wetlands (Cowardin et al. 1979; hereafter 

"marshes") from 2007–2008 in Butte, Nevada and Yuba counties in the Sierra foothills, 
California (for a detailed description of the study area see Richmond et al. 2008, 2010a). The 
region’s Mediterranean climate is characterized by hot, dry summers and cool, wet winters with 
an average annual precipitation of 76 cm that mostly falls between October and March (Lewis et 
al. 2000). Approximately half of the marshes were fed primarily by irrigation water, while the 
rest were fed primarily by natural springs or streams. Marshes were relatively small (mean ± SE 
= 1.08 ± 0.24 ha; range = 0.088–6.26 ha) and were surrounded by a variety of land cover types 
(oak woodland, annual grassland, riparian forest, agricultural, and residential). Most marshes 
(23) were located in Spenceville Wildlife Area (SWA), managed by the California Department 
of Fish and Game; 6 were located on a private ranch; and 5 were located in the Sierra Foothill 
Research and Extension Center (SFREC), managed by the University of California.  

 
Estimating the effect of grazing on Black Rail habitat 

 
We compared two grazing regimes: ungrazed (14 marshes) and winter-grazed (20 

marshes. Ungrazed marshes had been previously fenced to exclude grazing between 1998 and 
2005. Winter-grazed marshes were in pastures that were grazed from November–May. Based on 
information provided by land managers, target stocking rates ranged from 1.2-2.2 animal unit 
months (AUM)/ha. Target stocking rates give a general indication of grazing intensity at the 
pasture level, but may not necessarily relate to grazing impacts at specific locations within a 
pasture due to spatial heterogeneity in utilization (Barnes et al. 2008).  
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To obtain marsh-specific estimates of grazing intensity, we measured residual dry matter 
(RDM) in the upland near 27 marshes in October 2008. RDM is the amount of dead plant 
biomass left on the land surface at the end of a growing season, representing the total forage 
production from the previous growing season minus vegetation removed by grazers, and is a 
commonly used metric for assessing grazing intensity (Bartolome et al. 2002). To measure RDM, 
we clipped dead plant material (excluding tree leaves and twigs) at five 30 cm x 30 cm plots 
randomly placed within a buffer of 50 m in the upland around each marsh. At ungrazed marshes, 
RDM plots were randomly placed within a buffer of 50 m in upland areas where grazing had 
been excluded. We dried samples at 65°C for 48 hours, weighed each sample immediately after 
removal from the oven and averaged the five samples from each wetland to obtain an average 
RDM value (customarily expressed in units of lb/acre). In this region of the Sierra foothills, 
RDM values between 0-600 lb/acre indicate heavy grazing, 600-800 lb/acre indicate moderate 
grazing, 800-1200 lb/acre indicate light grazing, and above 1200 lb/acre indicate ungrazed 
conditions (Allen-Diaz et al. 2004).  

 
To assess the effect of grazing on wetland vegetation, we sampled wetland vegetation 

cover at 19 marshes monthly from April-July in 2007, and at 27 marshes in March and August of 
2008. At each marsh, a zig-zag transect was walked and, at 10 m intervals, we recorded the 
presence or absence of vegetation touching a vertically held 1.2 m pole in three height strata: (1) 
0-50 cm; (2) 50-100 cm; and (3) >100 cm. When the marsh boundary was reached, the surveyor 
turned 135° and proceeded in a straight line until reaching the next marsh boundary, then turned 
135°, etc. Vegetation cover was calculated by averaging the proportion of height strata with 
vegetation “hits” across all points at each site.  
 

Black Rail surveys 
 
Marsh birds are notoriously difficult to survey as they are inconspicuous, occupy dense 

habitats, and are hard to passively detect by sight or vocalization. As a consequence, 
presence/absence data via call playback surveys are usually collected instead of abundance data 
(Conway and Gibbs 2005), and are considered a logistically feasible and statistically defensible 
means of monitoring trends in regional populations of marsh birds (Gibbs and Melvin 1997, Lor 
and Malecki 2002). New methods for estimating occupancy (the proportion of sites occupied) 
while accounting for detection probability allow for more robust inferences to be made about 
occupancy and its relationship with habitat covariates (MacKenzie et al. 2006).  

 
To estimate Black Rail occupancy in 2007, call playback surveys were conducted twice 

monthly at 20 marshes from April-August and at least once monthly at 14 marshes in June and 
July, for a total of 239 visits. In 2008, call playback surveys were conducted twice monthly at 27 
marshes from February-October (excluding September) and at least once monthly in June, July 
and August at 7 marshes, for a total of 416 visits. Visits within a month at a given site were 
separated by 1-3 days. Playback surveys were conducted from 30 min before civil sunrise until 
210 min after civil sunrise and from 180 min before civil sunset until 30 min after civil sunset. 
During playback surveys, locally recorded Black Rail vocalizations were broadcast at stations 
spaced 40–50 m apart within each marsh. If we did not detect a Black Rail at the first station, we 
walked 40–50 m further into suitable habitat and repeated the playback sequence. Occupancy 
surveys ended at a site either when we detected one or more rails, or when we had surveyed the 
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entire marsh. A detailed description of the call playback protocol is available in Richmond et al. 
(2008). For each marsh, we also recorded whether the site received irrigation water as the 
primary water source and calculated marsh area and isolation (log geometric mean distance to 
the nearest three marshes in the entire rail metapopulation) by mapping marsh perimeters using a 
backpack Trimble GPS unit capable of determining three-dimensional positions with 0.5 m 
accuracy. Zones of open water and areas with non-hydrophytic vegetation (non-rail habitat) were 
excluded from marsh area calculations.  
 

Analyzing the effect of grazing on vegetation 
 
We performed a t-test to determine if RDM differed between grazing regimes, after 

determining that the RDM data met the assumptions required for parametric tests by examining 
Q-Q plots and the variance across grazing regime groups. We performed simple linear 
regressions to analyze the relationship between RDM, measured in October 2008, and wetland 
vegetation cover, measured in March and August of 2008. To analyze the effects of grazing 
regime on wetland vegetation cover across months, we performed repeated measures ANOVAs 
for 2007 and 2008. Statistical analyses were performed in Program R ver. 2.10.1 (R 
Development Core Team 2008) and Systat 12 (Systat Software Inc. 2004).  
 

Analyzing the effect of grazing on Black Rail occupancy 
 
We modeled site occupancy (ψt) using the “random changes in occupancy” multi-season 

model parameterization developed by MacKenzie et al. (2006) and implemented in Program 
Presence, ver. 3.0 (Hines 2006a). This little-used parameterization differs from the more familiar 
multi-season parameterization with explicit dynamics that separately estimates local colonization 
(γt ) and extinction (εt) probabilities. The explicit dynamics model assumes that occupancy is a 
Markov process; occupancy at a site in the next season depends on the state of occupancy in the 
current season. Thus, the probability of an occupied site remaining occupied in the next season is 
the probability that it does not go extinct (1 – εt ), whereas the probability of an unoccupied site 
becoming occupied is the probability that it will be colonized (γt). To calculate occupancy in the 
next time step, the following recursive equation is used (MacKenzie et al. 2006): 

ψt+1 = ψt(1 – εt ) + (1 - ψt) γt        (1) 
 
By contrast, the random changes in occupancy parameterization is designed with the 

assumption that occupancy at time t + 1 does not depend on occupancy at t. This requires the 
following constraint to be placed on the explicit dynamics model presented above: γt = (1 – εt), 
or, equivalently εt = (1 – γt), for t = 1, 2, …, T – 1; that is, the probability of a site becoming 
occupied in the next season is the same as the probability that a site stays occupied (MacKenzie 
et al. 2006). With this constraint, it is no longer necessary to estimate both colonization and 
extinction probabilities, as one is simply the complement of the other. Following MacKenzie et 
al. (2006), Equation 1 thus simplifies to: 

ψt+1 = γt = (1 – εt )         (2) 
 
The random changes in occupancy parameterization is considered an implicit dynamics 

model—as occupancy dynamics are not explicitly modeled—and is essentially equivalent to 
fitting a series of single-season occupancy models. One advantage of the random changes in 
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occupancy parameterization is that fewer parameters need to be estimated compared to the multi-
season parameterization with explicit dynamics. This facilitates model fitting when occupancy 
data are available but they consist of few colonization or extinction events, which described our 
dataset. For a simple case with three seasons and season-specific dynamics, the explicit 
dynamics model would estimate six parameters: one parameter for initial occupancy, two 
parameters for local colonization (from season 1 to 2 and from season 2 to 3), two parameters for 
local extinction (from season 1 to 2 and from season 2 to 3), and one parameter for detection 
(assuming constant detection). In contrast, the random changes in occupancy model would 
estimate only four parameters: three parameters for occupancy (for seasons 1-3) and one 
parameter for detection (assuming constant detection).  

 
Like other multi-season occupancy models, the random changes in occupancy 

parameterization allows for changes in occupancy among seasons (sampling periods), but sites 
are assumed to be closed to changes in occupancy within seasons. This is a reasonable 
assumption in our study because repeated visits conducted during each season (month) were 
separated by only 1-3 days. We first evaluated the effects of Julian day, year and month on 
detection probability (p) with a set of eight models. Year was strongly supported as a covariate 
for detection (cumulative AIC weight of 0.99), while Julian day and month received less support 
as detection covariates (Appendix C).  

 
Using the best detection model, we then fit a set of 21 candidate models to test the effects 

of grazing regime, month and year on occupancy (ψt). From previous studies, we knew that 
Black Rail occupancy is strongly positively associated with area and irrigation water as a 
primary source, and negatively associated with isolation in this study system (Richmond et al. 
2010a, Richmond et al. 2010b). Thus, we included these three covariates in all models in the set. 
We predicted that wetland vegetation cover at marshes fed primarily by irrigation water would 
be more resilient to grazing than at non-irrigated sites due to higher water availability during the 
warm summer growing season, so we tested a grazing×irrigation interaction. We predicted that 
larger marshes might maintain more residual cover in the presence of grazing than smaller 
marshes, so we also tested a grazing×area interaction. Competing models were ranked using 
Akaike’s Information Criterion (AIC) and the top ten models, which had a cumulative AIC 
weight of 0.97, were model-averaged (Burnham and Anderson 2002) to obtain estimates of 
occupancy as a function of grazing regime and the other covariates.  

 
Finally, we fit a set of four candidate models using the random changes in occupancy 

parameterization to test the effect of spring vs. summer wetland vegetation cover on Black Rail 
occupancy as a post-hoc test of the general hypothesis that Black Rails require dense vegetative 
cover. For this model set, we included area, isolation and irrigation as covariates for occupancy 
and year as a covariate for detection in all models. Competing models were ranked using AIC 
and the top model was used to obtain estimates of occupancy as a function of wetland vegetation 
cover. Our two-step approach to model selection (fitting detection models first and then 
occupancy models) allowed us to simplify the structure of nuisance (detection) parameters when 
examining the comparisons of greatest biological interest. Unless otherwise specified, means are 
presented ± one standard error (SE). 
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Results 
 

Effect of grazing on vegetation 
 
As expected, RDM in the adjacent upland zone was greater at ungrazed marshes than at 

winter-grazed marshes (t = 8.25, p < 0.001; Fig. 1). Six sites had evidence of heavy grazing 
(RDM < 600 lb/acre), two sites were moderately grazed (RDM 600-800 lb/acre), two sites had 
light grazing (RDM 800-1200 lb/acre) and seventeen sites had RDM values consistent with 
ungrazed pastures (RDM >1200 lb/acre). RDM, a measure of total annual grazing intensity 
adjacent to wetlands, was not associated with March wetland vegetation cover at ungrazed (r2 = -
0.083, p = 0.96) or winter-grazed wetlands (r2 = -0.0078, p = 0.36; Fig. 2a). By contrast, RDM 
was significantly positively associated with August wetland vegetation cover at winter-grazed (r2 
= 0.32, p = 0.026) but not ungrazed wetlands (r2 = 0.095, p = 0.15; Fig. 2b).  

 
Within the wetlands, winter grazing reduced wetland vegetation cover in 2007 but not in 

2008. Wetland vegetation cover differed significantly by grazing regime (repeated measures 
ANOVA, F1,19 = 8.14, p = 0.011) and by month (F3,19 = 12.51, p < 0.001) in 2007. There was 
also a significant grazing regime×month interaction (F3,19 = 8.26, p = 0.001), where ungrazed 
marshes maintained high wetland vegetation cover, while winter-grazed marshes started with 
lower wetland vegetation cover than ungrazed in April and May, but by June and July the 
vegetation recovered almost to the level of the ungrazed marshes (Fig. 3). In 2008, wetland 
vegetation cover did not differ significantly by grazing regime (repeated measures ANOVA, 
F2,31 = 0.63, p = 0.54), did differ significantly by time (F2,31 = 29.40, p < 0.001), and did not 
show a significant grazing regime×month interaction (F2,31 = 2.18, p = 0.13). In 2008, wetland 
vegetation cover increased at both ungrazed and winter-grazed marshes from March to August 
(Fig. 3).  

 
Effect of grazing on Black Rail occupancy 

 
Grazing regime was strongly supported as a covariate for Black Rail occupancy, with a 

cumulative Akaike weight of 0.99 (Table 1). However, the effect of grazing regime differed 
between irrigated and non-irrigated marshes. There was strong support for models that included a 
grazing×irrigation interaction (cumulative Akaike weight = 0.95), while models that included 
grazing regime but did not include this interaction received little support (cumulative Akaike 
weight = 0.04). At irrigated sites, ungrazed and year-round grazed marshes had nearly identical 
occupancy (0.542±0.060 and 0.537±0.064, respectively; Figure 4a), based on model-averaged 
fitted rail occupancy estimates from the top ten candidate occupancy models (Table 1; February 
estimates). Non-irrigated sites had a much lower probability of occupancy overall, but showed a 
different pattern with respect to grazing regime. Ungrazed marshes had a probability of 
occupancy that was approximately three times greater than winter-grazed marshes (0.088±0.044 
vs. 0.022±0.015, respectively; Figure 4a; February estimates). Month received little support 
(cumulative Akaike weight of 0.11), indicating that there was little change in Black Rail 
occupancy throughout the study period (Table 1 and Figure 4a). Year received moderate support 
as a covariate for occupancy (cumulative Akaike weight of 0.49), with slightly higher occupancy 
estimated for 2008. As expected, area had a positive relationship and isolation had a negative 
relationship with Black Rail occupancy.  
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While grazing was strongly supported as a covariate for Black Rail occupancy, area, 

irrigation and cover had even larger effects. To account for differences in area, isolation, and 
water source between ungrazed and winter-grazed sites, we calculated model-averaged 
probabilities of occupancy from the top 10 models across a range of marsh areas (0.01–7.0 ha), 
holding isolation constant at the median (0.22). For irrigated marshes, winter grazing did not 
have much of an effect on occupancy compared to area, which had a strong positive effect (Fig. 
4b). Occupancy was substantially lower at non-irrigated marshes than irrigated marshes (Fig. 4b). 
For non-irrigated marshes, ungrazed sites had higher occupancy overall, and substantially higher 
occupancy at larger sites (>0.5 ha) than winter-grazed marshes, which had near-zero occupancy, 
except at very large sites (>2 ha, Fig. 4b). In a separate analysis, summer cover received more 
support than spring cover as a covariate for Black Rail occupancy (Appendix D). As expected, 
Black Rail occupancy was strongly positively associated with wetland vegetation cover, 
especially summer cover, when area and isolation were held constant at the median, but, again, 
occupancy was very low at non-irrigated sites (Fig. 5).  

 
Discussion 

 
Effect of grazing on vegetation 

 
As expected, winter grazing reduced upland herbaceous biomass (Fig. 1), but the 

relationship between upland biomass and wetland vegetation cover differed depending on when 
wetland cover was measured. Our finding that upland residual biomass (RDM) was lower near 
winter-grazed wetlands than at ungrazed wetlands (Fig. 1) is consistent with previous studies, 
which have documented reduced herbaceous cover and biomass with grazing (Jones 2000). 
Given this finding, we expected to see a positive relationship between RDM and wetland cover, 
since higher RDM values adjacent to wetlands should reflect lower grazing intensity in wetlands. 
From a management standpoint, it would also be useful to know if RDM can be used to predict 
wetland vegetation cover, since minimum RDM guidelines are already utilized by managers in 
California to assess the degree of grazing impact on annual grasslands, ensure forage 
sustainability, and protect ecosystem resources (Allen-Diaz and Jackson 2005). Previous studies 
have shown that optimal levels of residual upland vegetation for maintaining riparian habitats 
vary with elevation and streambank stability (e.g., Clary and Leininger 2000). While we found 
no significant relationship between RDM and March wetland cover (Fig. 2a), RDM was 
positively related to August wetland cover at winter-grazed sites (Fig. 2b). This result makes 
some sense since RDM, measured in October, represents grazing intensity over the entire 
preceding growing season; wetlands measured for cover in March still had two more months of 
winter grazing left (April and May), while wetlands measured for cover in August had 
experienced the full grazing impact for the year. It is, nevertheless, surprising that RDM was a 
significant predictor of wetland vegetation cover in August given the substantial amount of 
wetland vegetation re-growth that had taken place by then (Fig. 3). Our results indicate that 
RDM may help to explain variation in summer wetland vegetation cover; however, spring cover 
is likely to be more critical for early nesting birds (West and Messmer 2006) and was not well 
predicted by RDM. Direct monitoring of wetland vegetation structure, particularly spring 
wetland cover, is recommended for sites with rails that have heavy grazing intensities 
(RDM<600 lb/ac).  
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Winter grazing had a significant effect on wetland vegetation cover in 2007, but not in 

2008. In 2007, winter-grazed sites had lower wetland vegetation cover during and immediately 
following the winter grazing season than ungrazed sites but then recovered after cattle were 
removed (Fig. 3). By June, 2007, wetland vegetation cover at winter-grazed and ungrazed sites 
was similar. In 2008, there was a significant effect of time on wetland vegetation cover—cover 
increased from the spring to the summer—but there was no effect of grazing regime (Fig. 3). 
This may be due to the fact that in 2008, spring wetland cover was measured earlier (March) than 
in 2007 (April); we anecdotally observed that a few winter-grazed marshes were heavily utilized 
by cattle in April and May of 2008 after wetland cover had already been measured. The 
relatively rapid recovery of wetland vegetation cover in both years indicates that these freshwater 
marshes may be fairly resilient to moderate grazing pressures. We found a wide spectrum of 
grazing intensities in the study area, but only three sites had RDM values below the 
recommended minimum guidelines, 400-500 RDM, for annual grassland/hardwood range 
(Bartolome et al. 2002). Consequently, this study was only able to adequately assess the effects 
of moderate and light, but not heavy, grazing pressure.  

 
Effect of grazing on Black Rail occupancy 

 
The effect of winter grazing on Black Rail occupancy was dependent on whether a site 

was fed by irrigation water or other sources. Grazing had a relatively minor effect on occupancy 
at irrigated marshes, with little difference between grazing regimes (Fig. 4a,b). However, at non-
irrigated marshes, winter-grazed sites had lower occupancy than ungrazed marshes (Fig. 4a), 
particularly when marsh area was greater than 0.5 ha (Fig. 4b). Irrigation delivers water 
throughout the summer growing season, when temperatures are warmest and wetland plant 
growth rates in California are fastest (Goulden et al. 2007), while non-irrigated marshes 
generally experience declining water inflows during this period as springs and seasonal creeks 
experience reduced flows (Richmond et al. 2010a). Thus, re-growth of marsh vegetation at 
naturally fed marshes may be slower than at irrigated marshes, making naturally fed marshes less 
suitable for rails in the presence of grazing. Managers should be cautious in allowing 
uncontrolled grazing at natural spring- or stream-fed marshes if rails are present. Interestingly, 
occupancy at winter-grazed sites did not increase in the summer after cattle were removed (Fig. 
4a), despite significant re-growth of wetland vegetation (Fig. 3), suggesting that either some 
negative effects remained or that rails were unlikely to colonize sites during this period.  

 
Our analysis of occupancy patterns did not take into account the influence of grazing on 

Black Rail abundance or reproductive success. Both rail density and reproductive success may be 
affected by grazing if vegetative cover is sufficiently reduced, and changes to these parameters 
may not necessarily be detected through changes in occupancy. Measuring demographic 
parameters for secretive marsh birds, like the Black Rail, is exceedingly difficult, which resulted 
in our reliance on presence/absence data.  

 
There is currently some debate as to the relative merits of continuous vs. rest-rotation 

grazing systems for maximizing ecosystem benefits. Fuhlendorf and Engle (2001) recommend 
moderate continuous grazing to maximize landscape heterogeneity instead of rotational strategies 
designed to achieve uniform utilization of available forage. Studies of rest-rotation grazing 
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systems show that a key factor is the precise timing of grazing. For example, heavy late summer 
or fall grazing negatively impacted early-nesting duck species that rely on residual vegetation for 
nesting (Gjersing 1975, Mundinger 1976), while winter grazing negatively impacted early-
nesting but not late-nesting duck species (West and Messmer 2006). We found that Black Rail 
occupancy was more strongly positively associated with summer cover than spring cover (Fig. 4), 
suggesting that Black Rails may be less dependent on residual vegetation from the previous 
growing season for nesting.   

 
Grazing is an important agent of disturbance in ecosystems, acting to create spatial 

heterogeneity in vegetation types, modulate successional processes, influence fire regimes and 
control transitions of ecosystems between alternative states (Hobbs 1996). The light to moderate 
grazing levels found in this study had relatively minor impacts on Black Rail occupancy in 
irrigated marshes but had negative impacts in non-irrigated marshes. In the context of managing 
wetlands for Black Rails, it may be necessary to monitor wetland vegetation cover during the 
grazing period, in addition to upland residual biomass, so that the stocking rate can be adjusted 
as needed if wetland vegetation cover becomes greatly reduced. Providing alternate water 
sources in pastures that have natural spring- or stream-fed wetlands may help to reduce impacts 
to wetlands and rails.  
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Tables 
 
Table 1. A set of 21 models examining the effects of winter grazing (Grz), month and year on 
Black Rail occupancy (ψ) at 34 marshes using the random changes in occupancy multi-season 
parameterization. Two interactions, grazing regime×irrigation (Grz×Irr) and grazing regime×area 
(Grz×Area), were also tested. All models in the set included area, isolation (Isol), and irrigation 
(Irr) as covariates. ∆AIC is the difference in AIC relative to the best model, w is the Akaike 
weight that indicates the relative support for each model, and K is the number of parameters. 
Detection probability (p) was modeled as a function of year.  
 
Model K AIC ∆AIC w 

ψ(Area, Isol, Irr, Grz, Grz×Irr), p(Year) 8 304.43 0.00 0.23 

ψ(Area, Isol, Irr, Grz, Grz×Irr, Year), p(Year) 9 304.49 0.06 0.22 

ψ(Area, Isol, Irr,Grz, Grz×Irr, Grz×Area, Year), p(Year) 10 304.53 0.10 0.21 

ψ(Area, Isol, Irr, Grz, Grz×Irr, Grz×Area), p(Year) 9 304.80 0.37 0.19 

ψ(Area, Isol, Irr, Grz, Grz×Irr, Month), p(Year) 15 308.12 3.69 0.04 

ψ(Area, Isol, Irr, Grz, Grz×Irr, Grz×Area, Month), p(Year) 16 308.40 3.97 0.03 

ψ(Area, Isol, Irr, Grz, Grz×Irr, Year, Month), p(Year) 16 309.41 4.98 0.02 

ψ(Area, Isol, Irr, Grz, Grz×Irr, Grz×Area, Year, Month), p(Year) 17 309.49 5.06 0.02 

ψ(Area, Isol, Irr, Grz, Grz×Area, Year,), p(Year) 9 310.00 5.57 0.01 

ψ(Area, Isol, Irr, Grz, Grz×Area), p(Year) 8 310.35 5.92 0.01 

ψ(Area, Isol, Irr, Grz), p(Year) 7 311.70 7.27 0.01 

ψ(Area, Isol, Irr), p(Year) 6 311.99 7.56 0.01 

ψ(Area, Isol, Irr, Grz, Year), p(Year) 8 312.00 7.57 0.01 

ψ(Area, Isol, Irr, Year), p(Year) 7 312.26 7.83 0.00 

ψ(Area, Isol, Irr, Grz, Grz×Area, Month), p(Year) 15 313.94 9.51 0.00 

ψ(Area, Isol, Irr, Grz, Grz×Area, Year, Month), p(Year) 16 315.08 10.65 0.00 

ψ(Area, Isol, Irr, Grz, Month), p(Year) 14 315.31 10.88 0.00 

ψ(Area, Isol, Irr, Month), p(Year) 13 315.59 11.16 0.00 

ψ(Area, Isol, Irr, Grz, Year, Month), p(Year) 15 316.83 12.40 0.00 

ψ(Area, Isol, Irr, Year, Month), p(Year) 14 317.11 12.68 0.00 

ψ(.), p(Year) 3 510.52 206.09 0.00 
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Figures 
 
Figure 1. Histograms of residual dry matter (RDM) measured adjacent to ungrazed (N=14) and 
winter-grazed (N=13) marshes in 2008.  
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Figure 2. (a) Proportional wetland vegetation cover in March 2008 as a function of residual dry 
matter (RDM) in adjacent uplands measured at ungrazed (N=14) and winter-grazed (N=13) 
marshes in the northern Sierra Nevada foothills, California; (b) Proportional wetland vegetation 
cover in August 2008 as a function of residual dry matter (RDM) in adjacent uplands measured 
at ungrazed (N=14) and winter-grazed (N=13) marshes in the northern Sierra Nevada foothills, 
California.  
 
 
a)  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
b) 
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Figure 3. Wetland vegetation cover at ungrazed (N=7 and N=14) and winter-grazed (N=12 and 
N=13) marshes in 2007 and 2008, respectively, in the Sierra Nevada foothills. Error bars 
represent standard errors (SE).  
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Figure 4. (a) Model-averaged monthly Black Rail occupancy from February-October for 
ungrazed and winter-grazed marshes that were either irrigated or not irrigated in the northern 
Sierra Nevada foothills, California. Occupancy was averaged across years (2007 and 2008). 
Error bars represent standard errors (SE); (b) The effect of area, irrigation, and grazing regime on 
model-averaged Black Rail occupancy for ungrazed and winter-grazed sites, holding isolation 
constant at the median and averaging across years (2007 and 2008). Thick lines = with irrigation; 
thin lines = without irrigation.  
 
 
a)  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
b)  
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Figure 5. The effect of summer wetland vegetation cover and irrigation on model-averaged Black 
Rail occupancy, holding area and isolation constant at the median and averaging across years. 
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Chapter 4. Does topography improve wetland classification accuracy when combined with high-
resolution satellite imagery? 

 
Abstract 

 
Accurate, transferable and efficient mapping procedures are needed for wetland inventory, 
assessment and monitoring. Wetland mapping is typically carried out using two types of inputs: 
(1) spectral reflectance data from imagery and (2) topographic/hydrologic data derived from 
digital elevation models (DEMs). Hybrid approaches that integrate remotely-sensed imagery 
with topographic data have shown improved wetland mapping accuracy in several studies. Here 
we evaluate the performance of nine topographic features (aspect, downslope flow distance to 
streams, elevation, horizontal distance to sinks, horizontal distance to streams, plan curvature, 
profile curvature, slope and topographic wetness index) on freshwater wetland classification 
accuracy in the Sierra foothills of California. To evaluate object-based classification accuracy we 
test both within-image and between-image predictions using six different classification schemes 
(naïve Bayes, the C4.5 decision tree classifier, k-nearest neighbors, boosted logistic regression, 
random forest, and a support vector machine classifier) in the classification software package 
Weka 3.6.2. Adding topographic features had mostly positive effects on classification accuracy 
for within-image tests, but mostly negative effects on accuracy for between-image tests. The 
topographic wetness index was the most beneficial topographic feature in both the within-image 
and between-image tests for distinguishing wetland objects from other “green” objects (irrigated 
pasture and woodland) and shadows. Our results suggest that there is a benefit to using a more 
complex index of topography than simple measures such as elevation for the goal of mapping 
small palustrine emergent wetlands, but this benefit, for the most part, has poor transferability 
when applied between image sections.  
 
Key Words.  DEM, high-resolution imagery, IKONOS, object-based classification, palustrine 
emergent wetland, slope, TauDEM, topographic wetness index, Weka.  
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Introduction 
 
Wetlands afford valuable ecosystem services and provide important habitat for wildlife (Mitsch 
and Gosselink 2000) but are threatened by exotic species invasions, eutrophication, 
contamination, disruption of flows and climate change, among other threats (Jackson et al. 2001, 
Brinson and Malvarez 2002, Zedler and Kercher 2005). Accurate and efficient mapping 
procedures are needed for wetland inventory, assessment and monitoring (MacKay et al. 2009). 
The need for wetland mapping procedures that are transferable in space has become especially 
urgent in light of the fact that climate change is likely to strongly impact the distribution and 
integrity of wetland ecosystems (Johnson et al. 2005).  
 

Wetland mapping is typically carried out using two types of inputs: (1) spectral 
reflectance data derived from aerial photographs and/or satellite images and (2) 
topographic/hydrologic data derived from digital elevation models (DEMs). The first approach is 
based on identifying spectral signatures and/or textural patterns that are characteristic of wetland 
vegetation (Silva et al. 2008, Adam et al. 2010). However, overlap between the spectral features 
of upland and wetland vegetation types can lead to classification errors (Ozesmi and Bauer 2002). 
Despite this limitation, the use of spectral data alone is commonly applied for wetland mapping, 
e.g., for mangroves (mangrove class accuracies 22-98%; Wang et al. 2004), prairie wetlands 
(wetland class accuracies 36-100%; Dechka et al. 2002), salt marshes (overall accuracy 74.6-
99.2%; Belluco et al. 2006), seagrass beds (overall accuracy 84%; Fornes et al. 2006) and 
invasive plants in wetlands (Wu et al. 2006). The second approach to mapping wetlands uses the 
relationship between topography and hydrology  to predict zones of soil saturation (Moore et al. 
1991). Topographic features commonly used to map wetlands range from simple attributes, like 
aspect, elevation and slope, to more complex indices, such as the topographic wetness index 
(Beven 1979), that are generated from DEMs using hydrologic modeling tools. The use of 
topography alone for mapping wetlands is limited, however, because it only informs about the 
extent of potential wetlands, and it does not take into account land use changes due to human 
influence. Nevertheless, topographic variables alone have been used to map mires (mire class 
accuracy 13-46%; Rodhe and Seibert 1999), riparian wetlands (Merot et al. 2003), swamps 
(waterlogged soil class accuracies 22-83%; Curie et al. 2007) and sphagnum-dominated wetlands 
(wetland class accuracy 49-56%; Grabs et al. 2009).  

 
A more powerful approach than using either spectral or topographic features alone is to 

combine these inputs in the same analysis. Hybrid approaches that integrate remotely-sensed 
imagery with topographic data have shown improved wetland mapping accuracy in some studies 
(Table 1). However, the specific topographic features utilized vary widely by study, and it 
remains unclear which features yield the largest improvements in classification accuracy. Of the 
10 hybrid studies that we reviewed (Table 1), slope was by far the most frequently used 
topographic variable (used in 8 studies), followed by stream buffers (3 studies), aspect (2 studies), 
a depth-to-water index (2 studies), elevation (2 studies), proximity to sinks (2 studies), terrain 
curvature (2 studies), shaded relief (1 study), and the topographic wetness index (1 study). 
Aspect, elevation and slope are simple features that are easily extracted from a DEM with 
minimal processing, while the remaining features are more complex and require more advanced 
processing. It is unclear if the inclusion of more complex topographic variables necessarily 
improves wetland classification accuracy, relative to the use of simple topographic variables.  
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Here we evaluate the effect of three simple and six complex topographic features (Table 

2) on freshwater wetland classification accuracy. These nine topographic features are used as 
explanatory variables, along with fourteen spectral variables derived from IKONOS satellite 
imagery and two geometric variables (Table 2), to map palustrine emergent persistent wetlands 
(hereafter "PEM1 wetlands"; Cowardin et al. 1979), in the Sierra Nevada foothills of California. 
This hilly region ranges in elevation from approximately 50 to 550 m, thus topography is 
expected to exert a strong influence on the distribution of wetlands across the landscape. 
Complex hydrologic indices are expected to outperform simple measures because, to varying 
degrees, they more effectively take into account the hydrologic contribution of the surrounding 
terrain at a given location. Obtaining accurate wetland maps for our study area is of particular 
importance for characterizing the habitat of the State-listed California Black Rail (Laterallus 
jamaicensis coturniculus), a rare and secretive wetland bird that was recently discovered 
inhabiting the Sierra foothills (Aigner et al. 1995, Richmond et al. 2008). Most of the wetlands 
occupied by the Black Rail are small in size (median = 0.67 ha) and National Wetland Inventory 
maps for this part of California are out of date. The aims of the study were to: (1) determine 
whether wetland classification accuracy is improved by adding topographic features to spectral 
and geometric features as explanatory variables; and (2) to identify the topographic feature(s) 
that are the most informative for mapping wetlands across a range of classification algorithms.  
 

Methods 
 

Study Area 
 
The study area measured about 10 x 10 km and was situated in the Lower Yuba watershed in 
Yuba County, California, USA (Figure 1). The region has a Mediterranean climate with an 
average annual precipitation of 76 cm (30 in), most of which falls from November-April. The 
major drainages in the study area were Dry Creek and the Yuba River. Land cover in the study 
area consisted mainly of annual grassland and oak woodland that is used for winter livestock 
grazing, with smaller irrigated pastures used for summer grazing. A network of small (mean area 
= 1.31 ± 0.16 ha), naturally occurring spring-fed marshes and artificial wetlands fed by runoff 
from irrigated pastures and/or leaks in irrigation canals are patchily distributed throughout the 
study area (Richmond et al. 2008, Richmond et al. 2010a). Our goal was to map small PEM1 
wetlands characterized by the following water modifiers: permanently flooded, intermittently 
exposed, semipermanently flooded and saturated (Cowardin et al. 1979). These wetland types 
were treated as a single group in the classification and are consistent with descriptions of 
freshwater Black Rail habitat (Flores and Eddleman 1995, Conway and Sulzman 2007, 
Richmond et al. 2008, Richmond et al. 2010a). A floristic description of wetlands in the study 
area is provided by Richmond et al. (2010a). We did not subdivide wetland classes by 
dominance type, as there was generally high within-wetland variability in plant composition. A 
general outline of our wetland classification procedure is provided in Fig. 2 with details provided 
below.  
 

Imagery and image segmentation 
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We used a cloud-free IKONOS image obtained from GeoEye (© 2003, GeoEye, formerly Space 
Imaging LLC, all rights reserved) that was collected on 7 July 2003. This collection date 
coincided with the period of maximum spectral difference between green wetland vegetation and 
the surrounding dry annual grassland matrix. The 1-m resolution pan-sharpened image was 
created by combining a 0.8-m resolution panchromatic band with four 4-m resolution 
multispectral bands: Blue, Green, Red and Near-Infrared (hereafter ‘NIR’). The Blue band was 
excluded from the analysis to reduce the number of variables. The image was orthorectified 
using a NED 2008 1-arc-second DEM with an absolute vertical accuracy of 8 m, resulting in a 
positional accuracy (90% Circular Error) of 11 m in the final product. To test model 
transferability, we delineated two adjacent sections of the IKONOS image for classification. 
Section 1 (hereafter ‘S1’) measured 3,926 ha and Section 2 (hereafter ‘S2’) measured 4,457 ha 
(Figure 1).  
 

We used object-based image analysis (OBIA), as opposed to pixel-based analysis, 
because it can help overcome problems of within-class heterogeneity that are inherent when 
working with high-resolution imagery (Dechka et al. 2002, Yu et al. 2006, Navulur 2007). With 
OBIA, adjacent pixels with similar values are initially grouped (segmented) before classification 
(Blaschke 2010). Segmentation involves dividing an image up into meaningful objects that 
correspond roughly to the size and shape of the objects of interest. The optimal segmentation 
scale should minimize within-object variance while maximizing between-object variance and 
minimize spatial autocorrelation among objects (Tian and Chen 2007, Kim et al. 2008). We used 
Berkeley Image Segmentation (BIS) software (http://www.berkenviro.com/berkeleyimgseg/) for 
segmentation, which applies an iterative region merging algorithm to delineate objects (Benz et 
al. 2004). Using the Green, Red and NIR IKONOS band layers, we segmented each image 
section into objects and adjusted the segmentation scale parameters to best delineate small 
homogenous land cover types, evaluated by eye. The final scale threshold, shape and 
compactness parameters were 30, 0.5 and 0.5, respectively. This produced 87,551 image objects 
in S1 (mean area ± SD = 448 ± 876 m2) and 95,249 image objects in S2 (mean area ± SD = 468 
± 933 m2).  

 
Classification scheme and training/testing objects 

 
Since we were primarily interested in evaluating the ability of topographic features to improve 
discrimination between PEM1 wetlands and other upland “green” objects and shadows, we used 
a simple two-class classification scheme: (1) wetland; and (2) non-wetland consisting of irrigated 
pasture, shadow and woodland. Non-green land cover types, including annual grassland, urban 
and water, were excluded from the analysis because these features are more likely to be 
adequately distinguished from wetlands with spectral data alone. We identified 50 
training/testing objects for wetlands and 50 training/testing objects for each sub-class of the non-
wetland class (irrigated pasture, shadow and woodland), resulting in 200 sample objects each for 
S1 and S2, respectively. The wetland training/testing objects were selected within the boundaries 
of wetlands that had been delineated previously in the field using a Trimble Pro XR GPS (global 
positioning system) receiver and TDC1 Asset Surveyor data collector (Richmond et al. 2010a). 
The 150 training/testing objects for the three sub-classes of the non-wetland class were selected 
using randomly generated points and were visually identified from the IKONOS imagery using 
aerial photography from the National Agriculture Imagery Program (NAIP) as a reference.  
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Feature generation and selection 

 
Fourteen object-level spectral features and two geometric features were considered for use as 
explanatory variables in the classification analysis (Table 2). Spectral variables for each object 
included the mean and standard deviation of the band values (Green, Red and NIR), the mean 
and standard deviation of the Normalized Difference Vegetation Index (NDVI; an index of 
vegetation productivity), texture (standard deviation of pixel values calculated within a 5 x 5 
moving window for each cell for the green, red and NIR bands) and band ratios for the three 
spectral bands [e.g., Green/(Green + Red + NIR)]. The two geometric features included the area 
of each image object and the fractal dimension index, an indicator of the degree of compactness 
of each object (formula provided in Table 2).  
 

Nine object-level topographic features (Table 2) were derived from a 10-m-resolution 
DEM that was obtained from the U.S. Geological Survey seamless National Elevation Dataset 
(http://ned.usgs.gov/). The DEM was first reprojected to the UTM Zone 10 projection with NAD 
1983 datum using cubic convolution resampling. Simple topographic features for each object 
included mean elevation, slope and aspect. Complex features included mean terrain curvature, 
horizontal distance to streams and sinks, downslope distance to streams and the topographic 
wetness index (Table 2). Terrain curvature is the curvature of a line formed by intersecting a 
plane, in some chosen orientation, with the terrain surface. Plan curvature is across-slope (e.g., 
horizontal) curvature and influences erosion and deposition, while profile curvature is down-
slope (e.g., vertical) curvature and affects the acceleration and deceleration of flow (Moore et al. 
1991). Horizontal distance to streams was the mean Euclidean distance of each 10 m x 10 m 
topographic cell to the nearest stream polyline, obtained from the National Hydrography Dataset 
(hereafter NHD; http://nhd.usgs.gov/). Horizontal distance to sinks was the mean Euclidean 
distance of each 10 m x 10 m topographic cell to the nearest sink, a cell or set of spatially 
connected cells whose flow direction cannot be assigned because neighboring cells are higher 
than the processing cell.  

 
The downslope distance to streams index and the topographic wetness index required the 

most processing and were generated from the DEM using the TauDEM toolkit 
(http://hydrology.neng.usu.edu/taudem/). Downslope distance to streams represents the flow 
distance to the nearest stream as a weighted average of all flow paths; flow that originates at a 
particular grid cell is proportioned between downslope grid cells and may enter the stream at a 
number of cells. This index should be a substantial improvement over the horizontal distance to 
streams because it takes local topography into account. The topographic wetness index (Beven 
1979), also known as the soil wetness index, is given as: 









=

βtan
A

lnTWI ,         (1)  

where A = the upslope drainage area (specific catchment area) and β = is the slope at each grid 
cell in degrees. This index provides a description of the spatial soil moisture pattern. All 
topographic data were re-sampled to a spatial resolution of 1 m to match the image pixel size. 
For details on the derivation of topographic indices, refer to Appendix E.  
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 Because of the negative effect of irrelevant attributes on the classification performance of 
most machine learning schemes (Witten and Frank 2005), we attempted to eliminate all but the 
most relevant spectral and geometric attributes before comparing the performance of topographic 
predictors. To select “best subsets” of spectral and geometric features for S1 and S2, respectively, 
we applied a filter method using the training/testing objects for each image section in Weka 3.6.2 
(http://www.cs.waikato.ac.nz/ml/weka/; hereafter “Weka”), an open source software package 
that implements a collection of machine learning algorithms for data mining tasks (Witten and 
Frank 2005). This filter method (termed “CfsSubsetEval” in Weka) evaluates the worth of each 
subset of attributes by considering the individual predictive ability of each feature along with the 
degree of redundancy between them. Subsets of features that are highly correlated with a class 
while having low intercorrelation are preferred (for more information, see Hall 1998). Once we 
had determined the two best subsets of spectral/geometric features using the filter tool in Weka 
for S1 and S2, respectively, we held these variable sets constant and then compared classification 
performance for 12 types of datasets with topographic features: (1) datasets with individual 
topographic features (9 datasets); (2) a dataset with all topographic features included; (3) a 
dataset with no topographic features included; and (4) a dataset with the “best subset” of 
topographic features included (determined separately for S1 and S2). The best subsets of 
topographic features for each image section were determined in Weka using the same filter 
method described above for spectral features.  

 
Classification and model validation 

 
The 12 datasets for each image section were imported into Weka for classification, where we 
compared six classification algorithms: (1) naïve Bayes (termed “NaiveBayes” in Weka),  a 
probabilistic naïve Bayes classifier (Witten and Frank 2005); (2) the C4.5 decision tree classifier 
(termed “J48” in Weka), the most widely used machine learning algorithm to date (Quinlan 1993, 
Witten and Frank 2005); (3) k-nearest neighbors (termed “IBk” in Weka), an instance-based 
learner (Aha and Kibler 1991, Witten and Frank 2005); (4) boosted logistic regression (termed 
“SimpleLogistic” in Weka), which fits logistic regression models using LogitBoost (Landwehr et 
al. 2003); (5) random forest (termed “RandomForest” in Weka), which constructs random forests 
by bagging ensembles of random trees (Witten and Frank 2005); and (6) a support vector 
machine classifier (termed “SMO” in Weka), which implements a sequential minimal 
optimization algorithm for training a support vector classifier using polynomial or Gaussian 
kernels (Platt 1998). Further details on the classification algorithms can be found in Appendix F 
and in Witten and Frank (2005). We elected to use a variety of learning algorithms in order to 
contrast the sensitivities of different classifiers to topographic features and to try to characterize 
general relationships between topographic features and wetland objects across a broad range of 
classifiers.  
 

To assess the effect of topographic features on classification accuracy, we conducted 
model validation in two ways. First, for within-image testing we evaluated model accuracy with 
10 times stratified 10-fold cross-validation (see Appendix F and Witten and Frank 2005 for 
further details) where training and testing objects came from the same image section (S1 and S2, 
respectively). However, we were ultimately interested in transferability—the likely performance 
on new data—so that the distribution of wetlands could potentially be predicted outside of the 
domain of the training area. Thus, second, for between-image testing we trained the six 
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classifiers on the full set of S1 samples and tested model predictions on the full set of S2 
samples; likewise, we trained the six classifiers on the full set of S2 samples and tested model 
predictions on the full set of S1 samples.  

 
For all predictions we evaluated model accuracy using Cohen’s Kappa statistic, a 

measure of inter-rater agreement for qualitative (categorical) items that is generally considered to 
be more robust than overall accuracy (the proportion of cases correctly identified) because 
Kappa takes into account the agreement occurring by chance (Congalton 1991). A value of 0 
indicates agreement that is no better than what is expected by chance; a value of 1 indicates 
perfect agreement (Agresti 1990). Unless otherwise specified, values are presented as means ± 
SE.  
 

Results 
 

Feature subset selection 
 
A filter subset selection method was applied in Weka (see Methods) to determine the best 
subsets of spectral and geometric features for each image section; these subsets were then used in 
all subsequent models to evaluate the effect of topographic features on wetland classification 
accuracy. The best subset of spectral and geometric features for S1, determined using the filter 
subset selection method in Weka, was: (1) Red mean; (2) Red standard deviation; (3) NIR 
texture; (4) Red texture; (5) Green texture; (6) Green ratio; and (7) Area. The best subset of 
spectral and geometric features for S2 was: (1) Green mean; (2) Green standard deviation; (3) 
NIR texture; (4) Red texture; (5) Green texture; (6) Red ratio; and (7) Area. These 
spectral/geometric feature subsets for each image section were then held constant for testing the 
effect of topographic features on wetland mapping accuracy.  
 

In addition to comparing the effects of individual topographic features, all features and no 
features on wetland classification accuracy, we used a filter subset selection method in Weka 
(see Methods) to determine the best subset of topographic features for each image section. The 
best subset of topographic features for S1 was: (1) slope; (2) downslope distance to streams; and 
(3) topographic wetland index, and the best subset of topographic features for S2 was: (1) 
elevation; (2) slope; (3) downslope distance to streams; (4) horizontal distance to sinks; (5) plan 
curvature; and (6) topographic wetness index. These two topographic feature subsets were 
compared against individual, all and no topographic features in the analyses evaluating the 
effects of topographic features on wetland classification accuracy.  
 

Effect of topographic features on wetland classification accuracy: within-image testing 
 
Adding topographic features had mostly positive to some slightly negative effects on 
classification accuracy based on cross-validation tests using training and testing objects within 
the same image section (i.e., models trained on S1 and tested on S1, and models trained on S2 
and tested on S2; Figs. 2 and 3). Overall accuracy averaged higher across the six classifiers when 
topographic variables were included than when they were absent (average S1 Kappa = 0.841 for 
datasets with topographic features vs. 0.816 without topographic features; average S2 Kappa = 
0.814 for datasets with topographic features vs. 0.798 without topographic features). The largest 
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gains in accuracy from adding topographic variables for S1 relative to baseline (no topographic 
variables) were found with the support vector machine classifier when the filter subset, all 
topographic variables, slope and the topographic wetness index were included as explanatory 
variables (Fig. 3). Similarly, the largest gains in accuracy from adding topographic variables for 
S2 occurred with the support vector machine classifier when the filter subset, all topographic 
variables and the topographic wetness index were included as explanatory variables (Fig. 4). 
Sometimes the direction of the effect of topographic features on accuracy differed by classifier. 
For example, the inclusion of filter subset provided the largest gain in accuracy for support 
vector machine, but resulted in a loss of accuracy with C4.5 decision tree for S1 (Fig. 3).  
 

In some cases the addition of topographic features resulted in small decreases in accuracy, 
mainly with the C4.5 decision tree, random forest and boosted logistic regression classifiers 
(Figs. 3 and 4). The biggest declines in accuracy for S1 from adding topographic features 
occurred with the C4.5 decision tree when filter subset and all topographic variables were 
included (Fig. 3). The biggest declines in accuracy for S2 occurred with the boosted logistic 
classifier when downslope distance to stream, horizontal distance to sink and plan curvature were 
included (Fig. 4). In general, the tree-based classifiers (C4.5 and random forest) appeared to be 
less sensitive to the addition of topographic features than the other classifiers (Figs. 2 and 3). By 
contrast, support vector machine, K-nearest neighbor and boosted logistic regression classifiers 
showed the largest positive responses to the addition of topographic variables (Figs. 2 and 3).  

 
Averaging across all classifers, the topographic features or feature groups that yielded the 

largest gains in wetland classification accuracy for within-image testing on S1 and S2, relative to 
the baseline represented by models with no topographic variables and averaged across classifiers, 
were filter subset, all topographic features, topographic wetness index and slope (Fig. 7a). 
Models with these four topographic features or feature groups also had the highest average 
accuracies across classifiers (Table 3). The classifer that had the highest performance averaged 
across all models (with and without topographic features) for within-image testing was k-nearest 
neighbor, followed by random forest, C4.5 decision tree, logistic regression, naïve Bayes and 
support vector machine (Table 4).  

 
Effect of topographic features on wetland classification accuracy: between-image testing 

 
Wetland classification accuracy overall was lower and the addition of topographic features was 
more likely to have negative effects on accuracy for between-image tests (i.e., models trained on 
S1 and tested on S2, and models trained on S2 and tested on S1) than for within-image tests. 
Accuracy was lower averaged across the six classifiers when topographic variables were 
included than when they were absent (average Kappa for models trained on S1 and tested on S2 
= 0.731 for datasets with topographic features vs. 0.752 without topographic features; average 
Kappa for models trained on S2 and tested on S1 = 0.816 for datasets with topographic features 
vs. 0.821 without topographic features). Nevertheless, the addition of some topographic features 
did result in increases in wetland classification accuracy. The largest gains in accuracy for 
models trained on S1 and tested on S2 were found with the naïve Bayes classifier when 
topographic index and downslope distance to streams were included as explanatory variables, 
and with the support vector machine classifier when topographic wetness index and slope were 
included as explanatory variables (Fig. 5). The largest gains in accuracy for models trained on S2 
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and tested on S1 were found with the boosted logistic regression classifier when topographic 
index was included as an explanatory variable and with the support vector machine classifier 
when topographic wetness index, slope and the filter subset were included as explanatory 
variables (Fig. 6). Sometimes the direction of the effect of topographic features on accuracy 
differed by classifier. For example, the inclusion of topographic wetness index provided the 
largest gains in accuracy with naïve Bayes and support vector machine, but resulted in a loss of 
accuracy with C4.5 decision tree (Fig. 5).  
 

More topographic features caused declines in accuracy in the between-image tests than in 
the within-image tests (Figs. 5 and 6). The biggest declines in accuracy for models trained on S1 
and tested on S2 occurred when all topographic variables were included with naïve Bayes and 
random forest, when horizontal distance to sink was included with boosted logistic regression 
and support vector machine, when downslope distance to streams was included with K-nearest 
neighbor, and when all topographic features, filter subset and topographic wetness index were 
included with C4.5 decision tree (Fig. 5). The biggest declines in accuracy for models trained on 
S2 and tested on S1 occurred when elevation was included with naïve Bayes, when filter subset 
was included with K-nearest neighbor and random forest, and when horizontal distance to sink 
was included with boosted logistic regression and support vector machine (Fig. 6). Models 
trained on S1 and tested on S2 generally had lower accuracies than models trained on S2 and 
tested on S1 (Figs. 4 and 5).  

 
Averaging across all classifiers, the topographic features that yielded the highest wetland 

classification accuracies for between-image testing, were profile curvature and elevation for 
models trained on S1 and tested on S2, and slope and topographic wetness index for models 
trained on S2 and tested on S1 (Table 3). The models with these four topographic features 
yielded the largest gains in average accuracy relative to baseline (models with no topographic 
variables), although average gains for models with elevation and profile curvature were small 
(0.008 and 0.008, respectively) compared to the average gains achieved by models with slope 
and topographic wetness index (0.037 and 0.037, respectively; Fig. 7b). Average accuracy across 
all six classifiers and all four comparisons (two within-image and two between-image tests) was 
highest when topographic wetness index was included (0.827), followed by slope (0.816) and 
best topographic filter subset (0.811), while models with no topographic features had an average 
accuracy of 0.797 (Table 3). The classifer that had the highest performance averaged across all 
models (with and without topographic features) for between-image testing was random forest, 
followed by k-nearest neighbor, C4.5 decision tree, logistic regression, naïve Bayes and support 
vector machine (Table 4). 

 
Discussion 

 
The inclusion of topographic features generally yielded improvements in wetland 

classification accuracy in within-image tests, which is consistent with the majority of previous 
studies that have compared wetland classification accuracy with and without topographic 
variables as ancillary data (Li and Chen 2005, Wright and Gallant 2007, Maxa and Bolstad 2009). 
However, variation was observed in the magnitude of benefit achieved by different topographic 
features. The largest improvements in performance for within-image tests came from 
incorporating groups of topographic variables; including the filter subset yielded average gains in 
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Kappa of 0.057 and 0.059 for within-image tests on S1 and S2, respectively, while including all 
topographic features yielded average gains in Kappa of 0.047 and 0.045 (Fig. 7a). The individual 
topographic variables that yielded the largest gains in accuracy averaged across classifiers were 
topographic wetness index (gain in average Kappa of 0.051) and slope (0.049) for S1 and 
topographic wetness index (0.034), horizontal distance to sinks (0.018) and slope (0.015) for S2 
(Figure 6a). The other individual topographic variables yielded either much smaller gains or even 
losses in accuracy (Fig. 7a), thus suggesting that the selection of an appropriate topographic 
attribute may be just as important as the decision to include topography as an explanatory 
variable at all. The results of the within-image tests suggest that incorporating topography is 
largely beneficial for distinguishing wetland objects from irrigated pastures, woodland and 
shadows in an object-based image analysis context.  

 
By contrast, topographic features and feature groups mostly reduced classification 

accuracy or had little effect when used in between-image tests relative to baseline models that 
did not include topographic features (Fig. 7b). Presumably this is because relationships between 
topographic variables and land cover types are more likely to vary as the distance between 
training and testing areas increases. The two IKONOS image sections that we examined had 
similar topographic characteristics (elevation range = 71–547 m for S1 and 51–416 m for S2; 
mean elevation = 217 m for S1 and 155 m for S2; slope range = 0.0 – 49.3 for S1 and 0 – 70.9 
for S2; mean slope = 11.7 for S1 and 11.0 for S2), although a large river, the Yuba, bisected S2; 
no such major hydrologic feature was present in S1. Between-image testing represents a more 
rigorous approach to evaluating the likely predictive performance of wetland classification 
models in new regions compared to within-image testing.  

 
The topographic wetness index was the most beneficial topographic feature in the within-

image tests and had a slight positive effect on accuracy in between-image tests for distinguishing 
wetland objects from other “green” objects (irrigated pasture and woodland) and shadows (Fig. 
7a and b, Table 3). This suggests that there could be a benefit to using a more complex index of 
topography than simple measures such as elevation. Recent improvements to the topographic 
wetness index that more accurately model soil saturation (Grabs et al. 2009, Murphy et al. 2009) 
hold promise for further improving wetland mapping accuracy. Slope, a simple topographic 
feature and the most commonly applied topographic index from previous wetland mapping 
studies (Table 1), yielded increased accuracy in both image sections for within-image tests but 
exhibited mixed results in between-image tests (Fig. 7 a and b). The poor performance of the 
other topographic features for between-image tests suggests that topography-wetland 
relationships may not generalize well across regions. While topography does clearly influence 
hydrology and the formation of wetlands (Moore et al. 1991), the influence of topography on 
wetland formation may vary across regions due, for example, to differences in precipitation. 
Classification accuracy and the relative benefit derived from different topographic variables 
varied by classification algorithm. From our results, k-nearest neighbor and the two decision tree 
classifiers (C4.5 and random forest) had the best performance in within- and between-image 
section tests (Table 4). It is recommended that a wide range of classifiers are used to obtain more 
generalizable results.  

 
As high-resolution satellite imagery and LiDAR data become increasingly available, 

there will be new opportunities for combining spectral and topographic information for mapping 
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wetlands at ever finer spatial scales. Here we have shown that topographic data, especially the 
topographic wetness index, can improve wetland classification accuracy for some learning 
schemes using a 10 m DEM and IKONOS satellite imagery in the Sierra foothills of California. 
Further studies are needed that investigate relationships between topographic indices and 
wetland distributions in other types of landscapes, climates and on different soil types.  
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Tables 
 
Table 1. Summary of methods and results from previous studies that combined imagery and 
topographic information to map wetlands. Unless otherwise noted, accuracy statistics represent 
ranges of overall accuracy for wetland class(es).  
 

DEM 
resolution 

Topographic 
indices Imagery Classification Method(s) 

Accuracy 
(imagery 
only) 

Accuracy 
(topography 
only) 

Accuracy 
(imagery + 
topography) 

Soils 
data 
used? Reference 

30 m Slope, 
Stream 
buffer 

Landsat 
TM, aerial 
photos 

ISODATA 
(unsupervised), 
Maximum likelihood 
(supervised), Rule-based 

72-
81%ǂ 

- 80-82%ǂ N Sader et al. 
1995 

23 m x 8-
17 m 

Slope Landsat-
7/ETM+, 
Radarsat-
1/SAR 

Classification trees, 
Rule-based 

0.28-
0.89* 

- 0.71-0.92* N Li and Chen 
2005 

30 m Sinks DOQQ Manual interpretation, 
Rule-based 

44.2% 89-95% - Y McCauley 
& Jenkins 
2005 

30 m Elevation, 
Slope  

Landsat 
ETM+ 

Boosted regression 
trees, Classification 
trees 

- - 73-86%ǂ Y Baker et al. 
2006 

10 m Aspect, 
Slope, 
Stream 
buffer 

DAIS Maximum likelihood, 
Nearest neighbor 

- - 50-68% N Yu et al. 
2006 

10 m Depth-to-
water 

Aerial 
photos 

Manual interpretation - - - N Murphy et 
al. 2007  

30 m Sinks, Slope, 
Topographic 
index 

Landsat-5 
TM, 
Landsat-7 
ETM+ 

Classification trees 0.29-
0.44* 

- 0.37-0.49* N Wright & 
Gallant 
2007 

90 m Slope, 
Stream 
buffer 

Landsat 
ETM+ 

ISOCLASS 
(unsupervised), Manual 
interpretation 

- - 95% N Islam et al. 
2008 

1 m Curvature, 
Elevation, 
Slope 

IKONOS Manual interpretation 56% - 75% N Maxa & 
Bolstad 
2009 

92 m Aspect, 
Curvature, 
Depth-to-
water, 
Shaded 
relief, Slope 

Landsat 
TM and 
ETM+ 

Bagged classification 
trees 

- - 73-89% N Bwangoy et 
al. 2010 

ǂ Overall accuracy for all classes (wetland and non-wetland).  
* Accuracy measured using the Kappa statistic.  
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Table 2. Spectral, geometric and topographic object-based features used for wetland 
classification.  
 

 
 
  

Category Name Description 

Spectral Band means Mean of IKONOS band values (Red, Green and NIR). 

 Band standard deviations Standard deviation of IKONOS band values (Red, Green and NIR). 

 Band ratios Mean of ratios of IKONOS bands (Red, Green and NIR). 

 NDVI mean Mean of normalized difference vegetation index (NDVI) = (NIR - Red)/(NIR + Red). 

 NDVI standard deviation Standard deviation of NDVI. 

 Band texture Standard deviation within a 5 x 5 moving window at each cell for all bands (Red, Green 
and NIR) averaged for each image object.  

Geometric Area Area of each image object.  

 Fractal dimension index Fractal dimension index = 2 ln(0.25P)/ln(A) where A = area of object in m2 and P = 
perimeter of object in m. This index approaches 1 for shapes with very simple 
perimeters such as squares, and approaches 2 for shapes with highly convoluted, plane-
filling perimeters.  

Topographic 
(simple) 

Elevation (elev) Mean elevation (m). 

 Slope (slope) Mean slope (°).  

 Aspect (aspect) Mean aspect (°).  

Topographic 
(complex) 

Plan curvature (cplan) Mean across-slope (e.g., horizontal) curvature.  

 Profile curvature (cprof) Mean down-slope (e.g., vertical) curvature.  

 Horizontal distance to 
streams (hdtstr) 

Mean Euclidean distance from NHD stream layer (including streams and irrigation 
canals). 

 Horizontal distance to sinks 
(hdtsnk) 

Mean Euclidean distance from sinks identified by ArcHydro “Fill Sinks” tool 

 Downslope distance to 
streams (ddts) 

Mean downslope distance to the nearest stream as a weighted average of all flow paths 
(TauDEM) 

  Topographic wetness index 
(twi) 

 
 
 
 
where A = upslope drainage area and β = slope at each grid cell in degrees (TauDEM) 









=

βtan

A
lnTWI
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Table 3. Wetland classification accuracy (Kappa) for each topographic feature or feature group 
averaged across six different classifier algorithms (mean ± SE). S1S1 = models trained on image 
section 1 (S1) and tested on S1; S2S2 = models trained on image section 2 (S2) and tested on S2; 
S1S2 = models trained on S1 and tested on S2; and S2S1 = models trained on S2 and tested on 
S1.  
 

 
Wetland classification accuracy (Kappa) averaged across 
six classifier algorithms 

Topographic 
features S1S1 S2S2 S1S2 S2S1 
all 0.863±0.005 0.843±0.006 0.657±0.033 0.816±0.022 
aspect 0.824±0.006 0.796±0.008 0.743±0.026 0.819±0.034 
cplan 0.833±0.006 0.791±0.008 0.747±0.031 0.822±0.037 
cprof 0.811±0.007 0.801±0.008 0.761±0.033 0.812±0.031 
hdts 0.841±0.006 0.803±0.008 0.749±0.029 0.819±0.028 
elev 0.819±0.007 0.804±0.008 0.761±0.033 0.789±0.035 
filter 0.873±0.005 0.857±0.006 0.695±0.034 0.820±0.012 
hdtsnk 0.825±0.006 0.816±0.007 0.701±0.044 0.749±0.060 
hdtstr 0.828±0.006 0.796±0.007 0.749±0.040 0.814±0.032 
none 0.816±0.006 0.798±0.007 0.752±0.033 0.821±0.033 
slope 0.865±0.005 0.814±0.007 0.728±0.035 0.858±0.017 
twi 0.867±0.005 0.832±0.007 0.752±0.028 0.858±0.023 
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Table 4. Wetland classification accuracy (Kappa) for each classifier averaged across models with 
and without topographic features (mean ± SE). S1S1 = models trained on image section 1 (S1) 
and tested on S1; S2S2 = models trained on image section 2 (S2) and tested on S2; S1S2 = 
models trained on S1 and tested on S2; and S2S1 = models trained on S2 and tested on S1.  
 
 

 
Wetland classification accuracy (Kappa) averaged across 
models with and without topographic features 

Classifier S1S1 S2S2 S1S2 S2S1 
Naïve Bayes 0.790±0.004 0.815±0.004 0.691±0.023 0.761±0.009 
C4.5 decision tree 0.875±0.003 0.831±0.005 0.768±0.024 0.855±0.000 
K-nearest neighbor 0.895±0.003 0.934±0.003 0.772±0.009 0.877±0.009 
Logistic regression 0.832±0.004 0.741±0.005 0.720±0.014 0.818±0.015 
Random forest 0.893±0.003 0.873±0.003 0.812±0.010 0.877±0.007 
Support vector machine 0.763±0.005 0.702±0.006 0.634±0.016 0.71±0.0270 
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Figures 
 
Figure. 1. Study area in the Sierra Nevada foothills, California. S1 = IKONOS image section 1; 
S2 = IKONOS image section 2. Previously mapped wetlands are shown in yellow.  
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Figure. 2. Flow diagram illustrating the procedure used to test the effects of topographic features 
on wetland classification accuracy.  
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Figure 3. Average wetland classification accuracy (Kappa) from 10 times stratified 10-fold 
cross-validation tests carried out using training and testing objects from IKONOS image section 
1 (S1) with six learning classifiers: Naïve Bayes, C4.5 decision tree, K-nearest neighbor, boosted 
logistic regression, random forest and support vector machine (Witten and Frank 2005). all = all 
individual topographic variables; aspect = aspect; cplan = plan curvature; cprof = profile 
curvature; ddts = downslope distance to streams; elev = elevation; filter = downslope distance to 
streams, slope and topographic wetland index; hdtsnk = horizontal distance to sink; hdtstr = 
horizontal distance to streams; none = no topographic variables (baseline); slope = slope; and twi 
= topographic wetness index. The dashed line indicates the average accuracy for models with no 
topographic variables.  
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FIG. 4. Average wetland classification accuracy (Kappa) from 10 times stratified 10-fold cross-
validation tests carried out using training and testing objects from IKONOS image section 2 (S2) 
with six learning classifiers: Naïve Bayes, C4.5 decision tree, K-nearest neighbor, boosted 
logistic regression, random forest and support vector machine (Witten and Frank 2005). all = all 
individual topographic variables; aspect = aspect; cplan = plan curvature; cprof = profile 
curvature; ddts = downslope distance to streams; elev = elevation; filter = downslope distance to 
streams, elevation, horizontal distance to sinks, plan curvature, slope and topographic wetness 
index; hdtsnk = horizontal distance to sink; hdtstr = horizontal distance to streams; none = no 
topographic variables (baseline); slope = slope; and twi = topographic wetness index. The dashed 
line indicates the average accuracy for models with no topographic variables. 
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FIG. 5. Wetland classification accuracy (Kappa) from tests carried out using all training objects 
from IKONOS image section 1 (S1) and all testing objects from IKONOS image section 2 (S2) 
with six learning classifiers: Naïve Bayes, C4.5 decision tree, K-nearest neighbor, boosted 
logistic regression, random forest and support vector machine (Witten and Frank 2005). all = all 
individual topographic variables; aspect = aspect; cplan = plan curvature; cprof = profile 
curvature; ddts = downslope distance to streams; elev = elevation; filter = downslope distance to 
streams, slope and topographic wetland index; hdtsnk = horizontal distance to sink; hdtstr = 
horizontal distance to streams; none = no topographic variables (baseline); slope = slope; and twi 
= topographic wetness index. The dashed line indicates accuracy for the model with no 
topographic variables.  
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FIG. 6. Wetland classification accuracy (Kappa) for tests carried out using all training objects 
from IKONOS image section 2 (S2) and all testing objects from IKONOS image section 1 (S1) 
with six learning classifiers: Naïve Bayes, C4.5 decision tree, K-nearest neighbor, boosted 
logistic regression, random forest and support vector machine (Witten and Frank 2005). all = all 
individual topographic variables; aspect = aspect; cplan = plan curvature; cprof = profile 
curvature; ddts = downslope distance to streams; elev = elevation; filter = downslope distance to 
streams, elevation, horizontal distance to sinks, plan curvature, slope and topographic wetness 
index; hdtsnk = horizontal distance to sink; hdtstr = horizontal distance to streams; none = no 
topographic variables (baseline); slope = slope; and twi = topographic wetness index. The dashed 
line indicates accuracy for the model with no topographic variables.  
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FIG. 7 Gain or loss in average wetland classification accuracy (mean Kappa ± SE) relative a 
baseline with no topographic features for: (a) within-image tests and (b) between-image tests. 
Models included the following topographic features and feature groups: all = all individual 
topographic variables; aspect = aspect; cplan = plan curvature; cprof = profile curvature; ddts = 
downslope distance to streams; elev = elevation; filter = downslope distance to streams, 
elevation, horizontal distance to sinks, plan curvature, slope and topographic wetness index for 
S1S1 and downslope distance to streams, slope and topographic wetness index for S2S2; hdtsnk 
= horizontal distance to sink; hdtstr = horizontal distance to streams; none = no topographic 
variables (baseline); slope = slope; and twi = topographic wetness index. S1S1 = training and 
testing carried out with objects from IKONOS image section 1; S2S2 = training and testing 
carried out with objects from IKONOS image section 2.  
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Appendices 

 
Appendix A. Evaluation of the effect of covariates on detection probability for Black Rails 
(Laterallus jamaicensis coturniculus) and Virginia Rails (Rallus limicola) in palustrine emergent 
wetlands in the northern Sierra Nevada foothills, California, USA, 2005-2006. 
 
We fit 16 single-season, single-species occupancy models for Virginia Rails to test the effects of 
Julian day, time of day, year, and visit on detection probability (Table A1). We fit 8 similar 
models for Black Rails with the same detection covariates, except we did not fit models with 
visit since Black Rail occupancy data was collected using a removal model design whereby no 
visits were conducted after the first Black Rail detection (Table A2). For all models we held the 
occupancy model, ψ(.), constant. 
 
Table A1. Model selection results for 16 single species, single season occupancy models testing 
detection covariates for Virginia Rails. K is the number of parameters, ∆AIC is the difference in 
AIC relative to the best model, and AIC weight (wt) indicates the relative support for each model. 
All models assumed that Black Rail detection probability was independent of Virginia Rail 
occupancy or detection and that Black Rail occupancy was independent of Virginia Rail 
occupancy.  
 
Model Deviance K ∆AIC AIC wt 
ψ(.), p(Visit, Year) 655.5 5 0.00 0.23 
ψ(.), p(Year) 660.8 3 1.28 0.12 
ψ(.), p(Year, Julian day) 659.0 4 1.44 0.11 
ψ(.), p(Visit, Year, Julian day) 655.5 6 1.97 0.085 
ψ(.), p(Visit, Year, Time of day) 655.5 6 1.99 0.084 
ψ(.), p(Visit) 659.7 4 2.22 0.075 
ψ(.), p(Julian day) 662.5 3 2.98 0.051 
ψ(.), p(Year, Time of day) 660.7 4 3.17 0.047 
ψ(.), p(Year, Julian day, Time of day) 659.0 5 3.43 0.041 
ψ(.), p(Visit, Year, Julian day, Time of day) 655.5 7 3.95 0.032 
ψ(.), p(.) 665.6 2 4.08 0.030 
ψ(.), p(Visit, Julian day) 659.7 5 4.14 0.030 
ψ(.), p(Visit, Time of day) 659.7 5 4.19 0.028 
ψ(.), p(Julian day, Time of day) 662.5 4 4.96 0.019 
ψ(.), p(Time of day) 665.5 3 5.93 0.012 
ψ(.), p(Visit, Julian day, Time of day) 659.7 6 6.13 0.011 

 
 



 

91 

Table A2. Model selection results for 8 single species, single season occupancy models testing 
detection covariates for Black Rails. K is the number of parameters, ∆AIC is the difference in 
AIC relative to the best model, and AIC weight (wt) indicates the relative support for each model. 
All models assumed that Black Rail detection probability was independent of Virginia Rail 
occupancy or detection and that Black Rail occupancy was independent of Virginia Rail 
occupancy.  
 
Model Deviance K ∆AIC AIC wt 
ψ(.), p(Julian day) 695.6 3 0.00 0.29 
ψ(.), p(.). 698.4 2 0.84 0.19 
ψ(.), p(Julian day, Year) 695.0 4 1.40 0.14 
ψ(.), p(Julian day, Time of day) 695.6 4 2.00 0.11 
ψ(.), p(Year) 697.7 3 2.09 0.10 
ψ(.), p(Time of day) 698.4 3 2.84 0.07 
ψ(.), p(Julian day, Year, Time of day) 695.0 5 3.40 0.05 
ψ(.), p(Year, Time of day) 697.7 4 4.09 0.04 

 
Appendix B. Complete model set examining the effects of covariates on occupancy probability 
for Black Rails (Laterallus jamaicensis coturniculus) and Virginia Rails (Rallus limicola) in 
palustrine emergent wetlands in the northern Sierra Nevada foothills, California, USA, 2005-
2006.  
 
Table B1. The complete set of 108 two-species occupancy models examining interactions 
between Black and Virginia Rails. The cumulative Akaike weight for the top 20 models of the 
entire model set was 0.952. Two occupancy model formulations were compared: (1) ψBA and ψBa 
estimated separately (i.e., the presence of Black Rails was dependent on the presence of Virginia 
Rails); and (2) ψBA = ψBa (i.e., the presence of Black Rails was independent of the presence of 
Virginia Rails and a single occupancy parameter for Black Rails, termed “ψB,” was estimated). 
Occupancy covariates included Area, Area2, Year, and interactions by species (Area×Species, 
Area2×Species, and Year×Species). For Black Rails, the interactions by species were either 
unconditional (U) or conditional (C) on the presence of Virginia Rails. For example, if an 
Area×Species interaction was unconditional, a single parameter for the Area×Species interaction 
was estimated for each rail species. If the interaction was conditional, a single parameter for the 
Area×Species interaction was estimated for Virginia Rails and two parameters were estimated 
for Black Rails: one conditional on Virginia Rail presence and one conditional on Virginia Rail 
absence. Three detection model formulations were compared: (1) pB = rBA = rBa, termed “pApB” 
(i.e., Black Rail detection probability was independent of either the presence or detection of 
Virginia Rails); (2) pB estimated separately from rBA and rBa with rBA = rBa, termed “pApBrB” (i.e., 
Black Rail detection probability depended on the presence of Virginia Rails but did not depend 
on the detection of Virginia Rails); and (3) pB, rBA and rBa estimated separately, termed 
“pApBrBArBa” (i.e., Black Rail detection probability depended on both the presence and detection 
of Virginia Rails). Covariates for detection models were held constant; the Virginia Rail 
detection model included visit-specific detection probabilities and Year as a covariate, while the 
Black Rail detection model included Julian day as a covariate. K is the number of parameters, 
∆AIC is the difference in AIC relative to the best model, and w is the Akaike weight that 
indicates the relative support for each model.  
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Occupancy model Occupancy covariates 
Detection 
model K ∆AIC AIC wt 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C) pApB 15 0.00 0.204 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C), Year pApB 16 0.46 0.162 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C) pApBrB 16 1.32 0.105 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C), Year pApBrB 17 1.81 0.082 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C), Year, Year×Species(U) pApB 17 2.41 0.061 

ψAψBAψBa Area, Area×Species(C) pApB 12 2.89 0.048 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C) pApBrBArBa 17 3.05 0.044 

ψAψBAψBa Area, Area×Species(C), Year pApB 13 3.30 0.039 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C), Year pApBrBArBa 18 3.52 0.035 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C), Year, Year×Species(U) pApBrB 18 3.75 0.031 

ψAψBAψBa Area, Area×Species(C) pApBrB 13 4.52 0.021 

ψAψBAψBa Area, Area×Species(U) pApB 11 4.54 0.021 

ψAψBAψBa Area, Area×Species(C), Year pApBrB 14 4.99 0.017 

ψAψBAψBa Area, Area×Species(C), Year, Year×Species(U) pApB 14 5.16 0.015 

ψAψBAψBa Area, Area×Species(U), Year pApB 12 5.34 0.014 

ψAψBAψBa Area, Area×Species(C), Area2, Area2×Species(C), Year, Year×Species(U) pApBrBArBa 19 5.47 0.013 

ψAψBAψBa Area, Area×Species(U) pApBrB 12 5.53 0.013 

ψAψBAψBa Area, Area×Species(C) pApBrBArBa 14 5.94 0.010 

ψAψBAψBa Area, Area×Species(C), Year pApBrBArBa 15 6.29 0.009 

ψAψBAψBa Area, Area×Species(U), Year pApBrB 13 6.37 0.008 

ψAψBAψBa Area, Area×Species(C), Year, Year×Species(U) pApBrB 15 6.80 0.007 

ψAψBAψBa Area, Area×Species(U), Year, Year×Species(U) pApB 13 7.08 0.006 

ψAψBAψBa Area, Area×Species(U) pApBrBArBa 13 7.41 0.005 

ψAψBAψBa Area, Area×Species(U), Area2, Area2×Species(U) pApB 13 7.72 0.004 

ψAψBAψBa Area, Area×Species(U), Year, Year×Species(U) pApBrB 14 7.99 0.004 

ψAψBAψBa Area, Area×Species(C), Year, Year×Species(U) pApBrBArBa 16 8.19 0.003 

ψAψBAψBa Area, Area×Species(U), Year pApBrBArBa 14 8.24 0.003 

ψAψBAψBa Area, Area×Species(U), Area2, Area2×Species(U), Year pApB 14 8.42 0.003 

ψAψBAψBa Area, Area×Species(U), Area2, Area2×Species(U) pApBrB 14 8.76 0.003 

ψAψBAψBa Area, Area×Species(U), Area2, Area2×Species(U), Year pApBrB 15 9.54 0.002 

ψAψBAψBa Area, Area×Species(U), Year, Year×Species(U) pApBrBArBa 15 9.90 0.001 

ψAψBAψBa Area, Area×Species(U), Area2, Area2×Species(U), Year, Year×Species(U) pApB 15 10.24 0.001 

ψAψBAψBa Area, Area×Species(U), Area2, Area2×Species(U) pApBrBArBa 15 10.64 0.001 

ψAψBAψBa Area, Area×Species(U), Area2, Area2×Species(U), Year, Year×Species(U) pApBrB 16 11.23 0.001 

ψAψBAψBa Area, Area×Species(U), Area2, Area2×Species(U), Year pApBrBArBa 16 11.39 0.001 

ψAψBAψBa Area, Area×Species(U), Area2, Area2×Species(U), Year, Year×Species(U) pApBrBArBa 17 13.13 0.000 

ψAψBAψBa Area, Area2, Year pApB 12 14.38 0.000 

ψAψBAψBa Area, Area2 pApB 11 14.64 0.000 
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ψAψBAψBa Area, Area2, Year pApBrBArBa 14 15.69 0.000 

ψAψBAψBa Area, Year pApB 11 15.74 0.000 

ψAψBAψBa Area pApB 10 15.91 0.000 

ψAψBAψBa Area, Area2, Year pApBrB 13 16.37 0.000 

ψAψBAψBa Area, Area2 pApBrBArBa 13 16.37 0.000 

ψAψBAψBa Area, Area2, Year, Year×Species(U) pApB 13 16.37 0.000 

ψAψBAψBa Area, Area2 pApBrB 12 16.64 0.000 

ψAψBAψBa Area, Year pApBrBArBa 13 17.12 0.000 

ψAψBAψBa Area, Area2, Year, Year×Species(U) pApBrBArBa 15 17.51 0.000 

ψAψBAψBa Area pApBrBArBa 12 17.70 0.000 

ψAψBAψBa Area, Year pApB 12 17.72 0.000 

ψAψBAψBa Area, Year pApBrB 12 17.74 0.000 

ψAψBAψBa Area pApBrB 11 17.91 0.000 

ψAψBAψBa Area, Area2, Year, Year×Species(U) pApBrB 14 18.36 0.000 

ψAψBAψBa Area, Year, Year×Species(U) pApBrBArBa 14 18.92 0.000 

ψAψBAψBa Area, Year, Year×Species(U) pApBrB 13 19.72 0.000 

ψAψB Area, Area2, Year pApBrBArBa 13 22.50 0.000 

ψAψB Area, Area×Species(U), Year pApB 11 24.16 0.000 

ψAψB Area, Area2, Year, Year×Species(U) pApBrBArBa 14 24.17 0.000 

ψAψB Area, Area×Species(U) pApB 10 24.26 0.000 

ψAψB Area, Area2, Year pApB 11 24.27 0.000 

ψAψB Area, Area2 pApBrBArBa 12 24.37 0.000 

ψAψB Area, Year pApBrBArBa 12 24.67 0.000 

ψAψB Area, Area×Species(U), Year pApBrBArBa 13 25.22 0.000 

ψAψB Area, Area×Species(U), Area2, Area2×Species(U), Year pApB 13 25.33 0.000 

ψAψB Area, Area2 pApB 10 25.38 0.000 

ψAψB Area, Area×Species(U), Area2, Area2×Species(U) pApB 12 25.70 0.000 

ψAψB Area, Area×Species(U) pApBrBArBa 12 25.76 0.000 

ψAψB Area, Area×Species(U), Area2, Area2×Species(U), Year pApBrBArBa 15 25.78 0.000 

ψAψB Area, Area2, Year pApBrB 12 26.08 0.000 

ψAψB Area, Area×Species(U), Year pApBrB 12 26.16 0.000 

ψAψB Area, Area×Species(U), Year, Year×Species(U) pApB 12 26.16 0.000 

ψAψB Area, Area2, Year, Year×Species(U) pApB 12 26.22 0.000 

ψAψB Area, Area×Species(U) pApBrB 11 26.26 0.000 

ψAψB Area, Year, Year×Species(U) pApBrBArBa 13 26.34 0.000 

ψAψB Area, Year pApB 10 26.39 0.000 

ψAψB Area pApBrBArBa 11 26.44 0.000 

ψAψB Area, Area×Species(U), Area2, Area2×Species(U) pApBrBArBa 14 26.85 0.000 

ψAψB Area, Area×Species(U), Year, Year×Species(U) pApBrBArBa 14 27.12 0.000 

ψAψB Area, Area2 pApBrB 11 27.25 0.000 
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ψAψB Area, Area×Species(U), Area2, Area2×Species(U), Year pApBrB 14 27.32 0.000 

ψAψB Area, Area×Species(U), Area2, Area2×Species(U), Year, Year×Species(U) pApB 14 27.32 0.000 

ψAψB Area pApB 9 27.44 0.000 

ψAψB Area, Area×Species(U), Area2, Area2×Species(U), Year, Year×Species(U) pApBrBArBa 16 27.57 0.000 

ψAψB Area, Area×Species(U), Area2, Area2×Species(U) pApBrB 13 27.69 0.000 

ψAψB Area, Area2, Year, Year×Species(U) pApBrB 13 28.02 0.000 

ψAψB Area, Area×Species(U), Year, Year×Species(U) pApBrB 13 28.15 0.000 

ψAψB Area, Year pApBrB 11 28.20 0.000 

ψAψB Area, Year, Year×Species(U) pApB 11 28.32 0.000 

ψAψB Area, Area×Species(U), Area2, Area2×Species(U), Year, Year×Species(U) pApBrB 15 29.30 0.000 

ψAψB Area pApBrB 10 29.30 0.000 

ψAψB Area, Year, Year×Species(U) pApBrB 12 30.12 0.000 

ψAψBAψBa . pApB 9 68.06 0.000 

ψAψBAψBa Year pApB 10 69.11 0.000 

ψAψBAψBa . pApBrB 10 69.96 0.000 

ψAψBAψBa . pApBrBArBa 11 70.44 0.000 

ψAψBAψBa Year pApBrB 11 71.04 0.000 

ψAψBAψBa Year, Year×Species(U) pApB 11 71.10 0.000 

ψAψBAψBa Year pApBrBArBa 12 71.16 0.000 

ψAψBAψBa Year, Year×Species(U) pApBrBArBa 13 72.89 0.000 

ψAψBAψBa Year, Year×Species(U) pApBrB 12 73.04 0.000 

ψAψBA Year pApBrBArBa 11 89.84 0.000 

ψAψB . pApBrBArBa 10 91.06 0.000 

ψAψB Year, Year×Species(U) pApBrBArBa 12 91.34 0.000 

ψAψB Year pApB 9 96.75 0.000 

ψAψB . pApB 8 97.11 0.000 

ψAψB Year pApBrB 10 98.24 0.000 

ψAψB Year, Year×Species(U) pApB 10 98.55 0.000 

ψAψB . pApBrB 9 98.66 0.000 

ψAψB Year, Year×Species(U) pApBrB 11 100.02 0.000 
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Appendix C. Detection model set testing the effects of Julian day, year and month on detection 
probability of Black Rails from February-October, 2007-2008.  
 
Model AIC ∆AIC AIC wt K 
ψ(Year), p(Year). 561.79 0.00 0.66 4 
ψ(Year), p(Year, Julian day) 563.30 1.51 0.31 5 
ψ(Year), p(Month, Year) 569.99 8.20 0.01 11 
ψ(Year), p(.) 570.87 9.08 0.01 3 
ψ(Year), p(Month, Year, Julian day) 571.99 10.20 0.00 12 
ψ(Year), p(Julian day) 572.52 10.73 0.00 4 
ψ(Year), p(Month) 579.15 17.36 0.00 10 
ψ(Year), p(Month, Julian day) 580.85 19.06 0.00 11 

 
 
Appendix D. Occupancy model set testing the effects spring and summer wetland vegetation 
cover on occupancy of Black Rails from February-October, 2007-2008.  
 
Model AIC ∆AIC AIC wt K 
ψ(Area,Isol,Irr,Sum Cov),p(Year) 315.79 0.00 0.97 7 
ψ(Area,Isol,Irr,Spr Cov),p(Year) 322.63 6.84 0.03 7 
ψ(Area,Isol,Irr),p(Year) 336.98 21.19 0.00 6 
ψ(.),p(Year) 507.37 191.58 0.00 3 

 
 
Appendix E. Deriving topographic features.  
 
The simple features (elevation, slope and aspect) were derived from the DEM using Spatial 
Analyst tools in ArcGIS 9.3.1 (Environmental Systems Research Institute 2009). Plan and profile 
curvature were calculated from the DEM using the Curvature tool in the Spatial Analyst toolbox 
in ArcGIS 9.3.1. The horizontal distance to streams was generated using a vector stream layer 
from the National Hydrography Dataset (hereafter NHD; http://nhd.usgs.gov/) and the Euclidean 
Distance tool in the Spatial Analyst toolbox in ArcGIS 9.3.1. Sinks were generated for the DEM 
using the Fill Sinks tool in the ArcHydro toolkit in ArcGIS 9.3.1. The horizontal distance to 
sinks was then calculated with the Euclidean Distance tool. The downslope distance to streams 
index and the topographic wetness index were generated from the DEM using the TauDEM 
toolkit (http://hydrology.neng.usu.edu/taudem/). First we applied Fill Pits, D-Infinity Flow 
Direction and D-Infinity Contributing Area tools in TauDEM to create a specific catchment area 
grid. TauDEM implements the D-Infinity method to calculate flow direction, which is an 
improvement over previous methods that only allowed water to flow downslope in eight 
directions (Tarboton 1997). Using the D-infinity specific catchment area grid, we generated a 
series of stream layers at different flow accumulation thresholds using ArcGIS 9.3.1 Spatial 
Analyst tools and selected 1,000 as the optimal threshold based on visual comparisons to mapped 
NHD streams. We then generated the downslope distance to streams layer using the D-Infinity 
Distance to Stream tool in TauDEM. The topographic wetness index was then derived using the 
Slope Over Area Ratio tool in TauDEM, with the previously generated D-infinity specific 
catchment area grid and slope grid as inputs, and converted to the standard format using ArcGIS 
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9.3.1 Spatial Analyst tools. Values for spectral, geometric and topographic features were 
extracted for each image object using the Zonal Statistics tool in ArcGIS 9.3.1 (Environmental 
Systems Research Institute 2009).  
 
Appendix F. Classification algorithms and model evaluation. 
 
Naïve Bayes is a probabilistic Baysian classifer that allows all attributes to make contributions to 
the decision that are equally important and independent of one another, given the class. We 
allowed supervised discretization of numeric attributes—for more information, see Witten and 
Frank (2005). The C4.5 algorithm builds decision trees from a set of training data where at each 
node of the tree, it chooses one feature that most effectively splits its set of samples into subsets 
enriched in one class or the other (Quinlan 1993). Its criterion is the normalized information gain 
(difference in entropy) that results from choosing a feature for splitting the data. The feature with 
the highest normalized information gain is chosen to make the decision. The C4.5 algorithm then 
recurs on the smaller sublists. Once a tree has been created, the algorithm attempts to prune 
branches that do not help explain the data by replacing them with leaf nodes. We used the default 
values for the confidence value, which affects the degree of pruning, and the minimum number 
of instances per leaf, which also limits the number of splits (0.25 and 2, respectively). For more 
information about the implementation of these classification algorithms in Weka, see Witten and 
Frank (2005).The k-nearest neighbor algorithm classifies a given test object by a majority vote of 
its neighboring training objects in multivariate space, with the object being assigned to the class 
most common amongst its k nearest neighbors (measured in Euclidean distance). We selected a 
value of 3 for k because it yielded the highest overall accuracy (considering all classes) in 
preliminary 10-fold cross-validation tests. Boosted logistic regression is a classifier that fits 
logistic regression models using LogitBoost with simple regression functions as base learners; 
the number of iterations is determined using cross-validation (Landwehr et al. 2003, Witten and 
Frank 2005). Random forest constructs random forests by building a randomized decision tree in 
each iteration of a bagging algorithm (Witten and Frank 2005). Support vector machine 
implements a sequential minimal optimization algorithm for training a support vector classifier 
using polynomial or Gaussian kernels. Missing values are replaced globally, nominal attributes 
are transformed into binary ones, and attributes are normalized by default (Platt 1998, Witten and 
Frank 2005).  
 
10 times 10-fold cross validation 
 
In this method, the data is divided randomly into 10 parts in which the classes are represented in 
approximately the same proportions as the full dataset. Each part is held out in turn and the 
classifier is trained on the remaining nine-tenths; then its accuracy is calculated on the holdout 
set. This entire process is repeated 10 times, and the accuracy results are averaged. For more 
information, see Witten and Frank (2005).   
 
 
 




