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Abstract: Species distribution models are now widely used in conservation and management to
predict suitable habitat for protected marine species. The primary sources of dynamic habitat data
have been in situ and remotely sensed oceanic variables (both are considered “measured data”),
but now ocean models can provide historical estimates and forecast predictions of relevant habitat
variables such as temperature, salinity, and mixed layer depth. To assess the performance of modeled
ocean data in species distribution models, we present a case study for cetaceans that compares models
based on output from a data assimilative implementation of the Regional Ocean Modeling System
(ROMS) to those based on measured data. Specifically, we used seven years of cetacean line-transect
survey data collected between 1991 and 2009 to develop predictive habitat-based models of cetacean
density for 11 species in the California Current Ecosystem. Two different generalized additive models
were compared: one built with a full suite of ROMS output and another built with a full suite of
measured data. Model performance was assessed using the percentage of explained deviance, root
mean squared error (RMSE), observed to predicted density ratios, and visual inspection of predicted
and observed distributions. Predicted distribution patterns were similar for models using ROMS
output and measured data, and showed good concordance between observed sightings and model
predictions. Quantitative measures of predictive ability were also similar between model types, and
RMSE values were almost identical. The overall demonstrated success of the ROMS-based models
opens new opportunities for dynamic species management and biodiversity monitoring because
ROMS output is available in near real time and can be forecast.

Keywords: abundance; California Current Ecosystem; cetaceans; dynamic ocean management;
generalized additive model; habitat-based density model; remote sensing; ROMS; species
distribution model

1. Introduction

Understanding spatial and temporal changes in species distributions is a key factor in establishing
conservation and management strategies. Species distribution models are now widely used in
conservation and management to predict suitable habitat for marine species such as seabirds, fish,
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sea turtles, and cetaceans, and to assess risks from human activities [1–12]. Dynamic habitat data
for such models are generally derived from a combination of measured-data sources, including
shipboard in situ sampling (e.g., conductivity-temperature-depth profiles, chlorophyll concentration)
and remotely sensed oceanic variables (e.g., sea surface temperature [SST], sea surface height [SSH]).
Given the time and expense of collecting and processing in situ oceanic data, models developed
using these data can only describe past species distributions. Near-real-time (or “nowcast”) and
forecast predictions [13], which are useful for management applications, are only feasible through
the use of remotely-sensed data or modeled oceanic information. However, satellite data are often
patchy due to cloud cover, especially in the coastal zone, and the spatial and temporal resolutions
of habitat models are consequently limited by data availability. Ocean circulation models such as
the Regional Ocean Modeling System (ROMS [14]), the CSIRO BLUElink model [15], the Hybrid
Coordinate Ocean Model (HYCOM [16]), the Global Navy Coastal Ocean Model (NCOM [17]), the
Simple Ocean Data Assimilation (SODA [18]), and others, overcome these limitations. Their accuracy
and resolution has increased in recent years as the capability to assimilate historical measured data,
including remotely sensed data, has advanced (e.g., [19]). Through data assimilation, controls of
ocean model output, such as model initial conditions and/or forcing fields, are adjusted so that
model-data misfit is reduced relative to an unconstrained model [20]. Ocean circulation models have
the potential to enhance marine species distribution forecasting because they provide detailed physical
characteristics describing features known to be important to marine predators [1,4,10,12,21–25].

Dynamic species management is an emerging approach that uses nowcast and forecast data to
guide policies addressing the location of potentially harmful anthropogenic activities [26–28]. Dynamic
management techniques are appealing for areas with substantial temporal and spatial variability in
the distribution of marine species, such as seabirds, marine mammals, sea turtles, and certain highly
migratory fish [29–33]. Habitat models based on ocean modeled variables present new opportunities
for dynamic species management because ocean modeled output is available in near real time and can
be forecast. However, successful implementation of dynamic management requires that model-based
species distribution forecasts are sufficiently accurate, and none of these previous studies validated
the performance of their models relative to those provided by actual measured data, such as in situ
sampling or remotely sensed measurements. In a recent feasibility study, Becker et al. [13] demonstrated
the nowcast and forecast capabilities of cetacean habitat models based on remotely sensed and ocean
modeled SST data. The results provide a foundation for building more complex cetacean habitat
models using ocean modeled predictor variables such as sea surface salinity, mixed layer depth [MLD],
and SSH, all shown to be important habitat predictors for cetaceans [1,11,25,34–36].

In the present study, we build upon Becker et al. [13] by comparing the performance of cetacean
density models built with a larger suite of predictors derived from ocean modeled output to those
based on measured data. Models were developed based on shipboard line-transect surveys for
11 taxonomically diverse cetacean species in the California Current Ecosystem. The main objective of
this study was to compare the performance of models built with ocean modeled predictors to those
built with measured data. If ocean model-based habitat models are shown to perform as well or better
than models built with measured data, they can be used to support dynamic species management.
This capability is increasingly important for assessing current and future risks to marine species due to
changes in their distribution patterns in response to seasonal and interannual environmental variability
(e.g., ENSO and PDO), as well as potential long-term climate change effects [32,37–40].

2. Methods

We developed predictive habitat-based models of cetacean density based on seven shipboard
cetacean surveys conducted during summer and fall between 1991 and 2009 in the California Current
Ecosystem. Models were built for 11 taxonomically diverse species with a range of habitat associations,
group sizes, and seasonal presence in the study area (i.e., year-round residents vs. seasonal visitors):
striped dolphin (Stenella coeruleoalba), short-beaked common dolphin (Delphinus delphis), long-beaked
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common dolphin (D. capensis), common bottlenose dolphin (Tursiops truncatus), Risso’s dolphin
(Grampus griseus), Pacific white-sided dolphin (Lagenorhynchus obliquidens), northern right whale
dolphin (Lissodelphis borealis), Dall’s porpoise (Phocoenoides dalli), fin whale (Balaenoptera physalus), blue
whale (B. musculus), and humpback whale (Megaptera novaeangliae).

2.1. Study Area and Field Methods

Cetacean sighting data used to build the habitat-based density models were collected in the
California Current Ecosystem during the summer and fall (July through early December) of 1991,
1993, 1996, 2001, 2005, 2008, and 2009 using systematic line-transect methods [41]. The 1991–2008 surveys
covered a broad area off the entire United States west coast (Figure 1; [42]), while the 2009 survey focused
on waters off southern California (Figure 1; [43]). During all the surveys, a team of three experienced
observers stationed on the flying bridge of the ship visually searched for and recorded cetacean sightings
using standardized line-transect protocols [44]. Starboard and port observers searched for animals using
pedestal-mounted 25ˆ 150 binoculars, and a third observer searched from a center observation and data
recording station using unaided eye and 7ˆ 50 handheld binoculars. When cetaceans were detected, the
ship would typically divert from the trackline to approach the animals to estimate group size and identify
the species to the finest possible taxonomic level. All observers independently provided best, high,
and low group size estimates and estimated percentages of each species for mixed group sightings [44].
To obtain a single group size estimate for each sighting, we averaged the best estimates for each species.
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standard techniques [46]. Detailed descriptions of the oceanographic sampling methods can be found 
in Philbrick et al. [47,48]. 

Figure 1. Completed transects for the Southwest Fisheries Science Center systematic ship surveys
conducted between 1991 and 2009 in the California Current Ecosystem study area used for this study.
The green lines show on-effort transect coverage in Beaufort sea states of 0-5 for (a) surveys conducted
late July through early December in 1991, 1993, 1996, 2001, 2005, and 2008 off the US west coast;
and (b) a smaller scale survey conducted September through December of 2009.

During all surveys, a thermosalinograph continuously recorded SST and sea surface salinity at
0.5 to 2 min intervals. Surface chlorophyll a concentration and MLD (the depth at which temperature
is 0.5 ˝C less than surface temperature [45]) were measured three to five times per day at a spacing
of 30–55 km along-track. MLD estimates were obtained from expendable bathythermograph (XBT)
drops and conductivity, temperature, and depth (CTD) casts. Surface chlorophyll was estimated from
the surface bottle on the CTD or from bucket samples analyzed by standard techniques [46]. Detailed
descriptions of the oceanographic sampling methods can be found in Philbrick et al. [47,48].
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2.2. Analytical Methods

2.2.1. Habitat Variables

The full suite of measured dynamic predictors included remotely sensed SST derived using optimal
interpolation methods [49], the standard deviation (SD) of SST (a proxy for fronts, calculated for
a block of 9 pixels centered on the pixel containing the modeling segment midpoint), as well as salinity,
log-transformed surface chlorophyll concentration, and MLD interpolated from data collected in situ
during the 1991–2009 surveys to provide continuous spatial grids of these variables at a spatial resolution
of 0.05 degrees [24]. Remotely sensed data served at 25 km2 spatial resolution were downloaded as
NetCDF files from NOAA’s Environmental Research Division Data Access Program (ERDDAP) web
site [50], and subsequently processed using custom code developed in R (v. 3.1.0) and the R package
ncdf4 (v.1.12). The spatial resolution of the remotely sensed SST data was consistent with measured-data
models developed in previous studies and found to produce results similar to models built with SST
at approximate 10 km2 spatial resolution [13,51]. We used 8-day running average SST composites to
represent average survey-day conditions [51].

Dynamic ocean modeled variables were derived from the ROMS California Current System
31-Year Historical Reanalysis data files downloaded from the UC Santa Cruz Ocean Modeling and
Data Assimilation group (http://oceanmodeling.pmc.ucsc.edu) [19,52,53] and included SST, the SD of
SST (calculated for a block of 9 pixels centered on the pixel containing the modeling segment midpoint
using the approximate 10-km spatial resolution of the native dataset), salinity, MLD, potential energy
anomaly (the work per unit volume required to redistribute the mass in a complete mixing to a depth
of 300m, providing a robust measure of stratification), SSH (to reflect circulation and density structure)
and the SD of SSH (to reflect the mesoscale variability of SSH). ROMS output is served in overlapping
8-day cycles; we used 8-day running average composites centered on the date of each survey segment
to provide consistent representation of average survey-day conditions. The California Current System
configuration of ROMS [54] extends from approximately 30˝ to 48˝N and covers the coastal ocean to
134˝ west offshore, encompassing our entire study area. Model resolution is 0.1˝ in the horizontal (about
10 km) direction, with 42 vertical levels at variable depths. The accuracy of the ROMS output is improved
by assimilating available remotely sensed data, including temperature, salinity, and SSH, as well as
in situ oceanographic data from ships, buoys, gliders, and profiling floats. The 4-dimensional variational
assimilation approach used for this output has been shown to nearly eliminate bias in multiple fields
and reduce root mean squared error (RMSE) by approximately half [55]. The 31-year reanalysis has been
assessed against independent data and shown to capture interannual variability in various physical
fields [56]. Data collected in situ during the 1991–2009 surveys were not used in the ROMS assimilation
and thus the measured data and ROMS output used in this analysis were independent.

The variables in common to both data sets included SST, the SD of SST, sea surface salinity, and
MLD. Static predictors were offered to both model types and included water depth, bathymetric
slope, and aspect (i.e., slope direction). Bathymetric variables were derived from ETOPO1 [57],
a 1 arc-minute global-relief model. Slope and aspect were calculated using ArcGIS Spatial Analyst
(Version 10.1, ESRI).

2.2.2. Modeling Framework

Samples for modeling were created by dividing the continuous survey effort into segments of
approximately 5-km length as described by Becker et al. [51]. Species-specific sighting information
(number of sightings, mean group size) was assigned to each segment, and habitat data were obtained
based on the segment’s geographical midpoint. Sighting data were truncated at a distance of
5.5 km perpendicular to the track line for the delphinids and large whales, and at 3 km for Dall’s
porpoise to eliminate the most distant groups [41] and maintain consistency with the species-specific
effective-strip-width estimates derived by Barlow et al. [58] for the same survey data and used in this
study to estimate animal densities. Generalized Additive Models [59] were developed in R (v. 3.1.1;
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R Core Team 2014) using the package “mgcv” (v. 1.8-3, [60]) which includes cross-validation as part of
the model selection process. Parameter estimates were optimized using restricted maximum likelihood
(REML). Correlations among the predictor variables in our study ranged from 0.024–0.73 (absolute
values), but mgcv is robust to such effects (termed “concurvity”; [61]). Model selection was performed
with automatic term selection [62] and guided by the approximate p-values of each predictor [60,63].
Models were initially built with all potential predictors. Non-significant predictors (α = 0.05) were
then excluded and models were re-fit using an iterative process until all predictors were significant.

Two different species-specific modeling frameworks were used, depending on group size
characteristics. For species with small group sizes (large whales and Dall’s porpoise), a single response
model was fit where the number of individuals detected on each segment was modeled as the response
variable, using a Tweedie error distribution to account for overdispersion [64]. For species with large,
variable group sizes (all delphinids), separate encounter rate and group size models were developed.
Encounter rate models were built using all transect segments, regardless of whether they included
sightings, while group size models were built using only those segments that included sightings.
The number of sightings per segment was modeled as the response variable in the encounter rate
models using a Tweedie error distribution. Given observed geographical differences in group sizes for
many delphinids [23,65,66], group size was modeled using a tensor product smooth of latitude and
longitude [67], and the natural log of group size as the response variable with a Gaussian link function.
The natural log of the effective area searched (described below) was included as an offset in both the
single response and encounter rate models.

The habitat predictors included in both model types are proxies for unmeasured underlying
ecological processes linking cetaceans to their prey. Some of these proxy relationships (e.g., with SST)
are stable throughout the study area [13,24,35,51], while others may vary with latitude or longitude, as
the study area spans temperate to sub-tropical and shallow to deep-water habitats with water masses
of different origin [68,69]. In such cases, a bivariate predictor that includes latitude or longitude may
provide a more robust proxy for the entire study area [70]. For this reason, interaction terms with
latitude or longitude were considered on a species-by-species basis, depending on initial modeling
results. A year covariate was also included as a potential predictor to capture trends for species
whose abundance has substantially increased during the time period considered in our analyses
(i.e., 1991–2009). These include fin whales and humpback whales [71,72].

2.2.3. Density Predictions

Density (number of animals per km2) was estimated by incorporating the model results into the
standard line-transect equation [41]:

Di “
ni ¨ si

Ai
(1)

where i is the segment, n is the number of sightings, s is the average group size, and A is the effective
area searched:

Ai “ 2¨ Li¨ ESWi ¨ g p0qi (2)

where i is the segment, L is the length of the effort segment, ESW is the effective strip half-width,
and g(0) is the probability of detection on the transect line. Species-specific and segment-specific
estimates of both ESW and g(0) were incorporated into the models based on the recorded viewing
conditions on that segment using coefficients estimated by Barlow et al. [58] for ESW and Barlow [66]
for g(0). Previous modeling studies have used segment-specific ESW values [11,73], but this is the
first habitat modeling study to also incorporate segment-specific g(0) values. Barlow [66] developed a
method to estimate g(0) for 20 cetacean taxa using line-transect survey data collected in the eastern
Pacific from 1986–2010 (including the 1991–2008 survey data used in this study), and found that g(0)
has historically been underestimated, particularly for high sea states. The resulting g(0) estimates
are specific to Beaufort sea state conditions [66], and weighted g(0) values based on each segment’s
average Beaufort value were incorporated into the habitat models to improve their accuracy.
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Density predictions for distinct 8-day composites covering the entire survey periods were averaged
to produce spatial grids of average species density at 10-km2 resolution within the California Current
study area, as well as spatially-explicit measures of uncertainty, estimated from the full set of 8-day
prediction grids. The final prediction grids thus provide a “multi-year average” of predicted 8-day
cetacean species densities, taking into account the varying oceanographic conditions during the
1991–2009 summer/fall SWFSC cetacean surveys. The prediction grid was clipped to the boundaries
of the approximate 1,141,800-km2 study area. The greatest source of uncertainty in these models is the
interannual variability in population density due to movement of animals within or outside of the study
area [24,35], and we focused on this source of uncertainty to produce the log-normal 90% confidence
intervals for the spatial density estimates.

2.2.4. Model Comparison

For this comparative study, we constructed GAMs with the full suites of either the selected
ROMS output variables or the measured data. During preliminary analyses, we also compared
models restricted only to those variables in common for both sources of oceanographic information;
however, these models did not perform as well as those including the full suite of available variables
(Supplementary Materials, Tables S1 and S2); since we wanted to compare the best possible models we
could develop from the respective datasets, the restricted models were not considered further. Model
performance was evaluated based on a variety of metrics (as previously described in Barlow et al. [35],
Becker et al. [51,73,74], and Forney et al. [24]), including the percentage of explained deviance, RMSE,
and ratios of observed to predicted density (calculated for each segment and summed to obtain study
area density ratios). In addition, density predictions were plotted and visually compared to actual
sightings made during the surveys. Previous studies using these survey data and similar methods
have validated the measured-data models using cross validation [24,35,51,70], predictions on novel
data sets [13,24,35,39], and expert opinion [24,35,74]. Density predictions from similar measured-data
models for humpback and blue whales have also been found to correspond well to Biologically
Important Areas identified using a completely different dataset [75]. The measured-data models thus
provide an ideal comparison for the models built with ROMS output.

To examine potential bias in the habitat-based models, we compared the models’ study area
abundance estimates to standard line-transect estimates derived from the same dataset used for
modeling. The standard line-transect estimates were derived from the 1991–2009 survey data using
Equations (1) and (2) above, but without the inclusion of habitat predictors. Model-based abundance
estimates for each grid cell were calculated by multiplying the cell area (in km2) by the predicted species
density, exclusive of any portions of the cells located outside the study area or on land. Area calculations
were completed using the R packages geosphere and gpclib in R (version 2.15.0, The R Foundation for
Statistical Computing 2012). The model-based abundance estimates for the entire study area were
calculated as the sum of the individual grid cell abundances. These grid-based abundance estimates
made at 8-day temporal and 10 km2 spatial resolution include finer-scale information on habitats and
cetacean distribution patterns than previous studies in this region [24,35,51,74].

3. Results

The final ROMS and measured-data models for each species included different predictor variables
with varying degrees of freedom and relative significance (Table 1 and Supplementary Materials,
Figure S1). The models built with measured data showed habitat relationships similar to those in
previous studies that used subsets of the same survey data [10,24,35,74]. The ROMS models showed
similar habitat relationships to those of the measured-data models for those dynamic variables in
common to both data sets (i.e., SST, the SD of SST, salinity, and MLD), as well as the static predictors.
However, for the majority of species (9 of 11), the ROMS models also included the unique dynamic
variables (i.e., potential energy anomaly, SSH, and the SD of SSH). Likewise, 7 of the 11 measured-data
models included log chlorophyll, the single unique dynamic variable in this dataset (Table 1).
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Table 1. Summary of the final encounter rate (delphinids) or single response (Dall’s porpoise and large whales) Generalized Additive Models (GAMs) built with
either measured data or Regional Ocean Modeling System (ROMS) output. Terms are represented as smoothing spline functions with associated effective degrees
of freedom to indicate the level of smoothing (e.g., s(3.24)) or linear terms (“linear”). A tensor product smooth is represented as “te” with the bivariate terms and
associated effective degrees of freedom (e.g., te(LON,LAT, 7.97)). Variable abbreviations are as follows: SST = sea surface temperature, MLD = mixed layer depth,
lnCHL = ln(chlorophyll concentration), SAL = sea surface salinity, sdSST = standard deviation of SST, PEA = potential energy anomaly, SSH = sea surface height,
sdSSH = standard deviation of SSH, DEPTH = bathymetric depth, SLOPE = bathymetric slope, ASPECT = slope direction, d200 = distance to the 200-m isobath,
LON = longitude, and LAT = latitude. p-values are indicated with *** (<0.001), ** (<0.01), and * (<0.05). All models were corrected for effort with an offset for the
effective area searched, and both fin whale models also included a year covariate that captured their increase in abundance during the 1991–2009 survey years (see text
for details).

Species Model
type Generalized Additive Model (GAM)

SST MLD lnCHL SAL sdSST PEA SSH sdSSH DEPTH SLOPE ASPECT Bivariate

Striped dolphin Measured s(3.08)* linear***
ROMS s(4.533)* s(3.75)* s(3.53)***

Short-beaked
common dolphin

Measured s(4.64)*** s(1.44)*** s(5.69)*** s(3.83)*** s(5.47)*** s(3.85)***
ROMS s(6.76)*** s(5.80)*** s(3.95)*** s(6.72)*** s(3.70)***

Long-beaked
common dolphin

Measured linear*** s(2.92)** linear** te(LON,LAT, 5.65)***
ROMS linear* s(1.37)* te(LON,LAT, 7.97)***

Common
bottlenose dolphin

Measured s(3.91)** s(2.85)* te(LAT,d200, 12.46)***
ROMS s(2.32)*** s(3.41)** linear* linear** te(LAT,d200, 12.22)***

Risso’s dolphin Measured s(4.46)* te(LAT,d200, 17.49)***
ROMS s(6.70)** s(1.59)* te(LAT,d200, 17.63)***

Pacific
white-sided dolphin

Measured s(4.89)** s(3.44)*** s(4.11)***
ROMS linear** s(3.63)*** s(3.71)***

Northern right
whale dolphin

Measured s(4.27)*** linear*** s(5.22)***
ROMS s(3.64)*** linear* s(5.45)** s(5.47)***

Dall’s porpoise Measured s(2.69)*** s(5.54)*** s(4.75)*** s(5.43)*** s(6.31)*** linear**
ROMS s(3.34)*** s(5.32)*** s(3.86)** s(3.10)*** linear* s(6.56)*** linear***

Fin whale
Measured s(4.68)*** s(4.50)*** s(6.96)*** s(3.47)*** s(2.65)*** s(5.81)**
ROMS s(4.24)*** s(6.59)*** s(4.75)** s(3.92)*** s(5.00)*** te(LAT,MLD, 12.60)***

Blue whale
Measured s(5.85)*** s(4.25)*** s(7.02)*** s(5.28)*** s(4.96)**
ROMS s(5.32)*** s(3.56)*** s(4.11)** te(LAT,MLD, 13.73)***

Humpback whale Measured s(4.61)*** s(3.90)*** s(6.97)*** s(1.64)*** linear* s(5.91)**
ROMS s(6.41)*** s(4.35)** s(5.65)*** s(4.97)*** linear* s(2.04)*** linear* s(6.76)***
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A year covariate was included in the final fin whale models for both datasets, and successfully
captured the documented increasing population trend for this species [71]. Given the general offshore
distribution of striped dolphin, which was not well sampled during the 2009 survey, data from this
year were not included in the models for this species.

Initial modeling results indicated that interaction terms were required for selected species to
better capture their observed distribution patterns. The ROMS models for fin and blue whales
included an interaction term between MLD and latitude (Table 1). MLD is an important predictor of
foraging habitat for these species within the southern portion of the California Current Ecosystem,
with highest whale densities found in areas of shallow MLD [10,76]; however, this relationship is not
as pronounced at higher latitudes, and preliminary models without the interaction term overestimated
whale abundance at higher latitudes where the mixed layer was relatively shallow, especially near the
coast. An interaction between latitude and the 200-m isobath was included in both the final ROMS
and measured-data models for common bottlenose dolphin and Risso’s dolphin (Table 1), which are
commonly encountered on the continental shelf and far offshore in deep waters, but appear to have a
lower-density region in between these two areas [42]. Finally, a spatial interaction term was included
in the final ROMS and measured-data models for long-beaked common dolphin, consistent with their
nearshore distribution in the southern portion of the study area [43,77,78].

Despite the different sources of predictor variables, the final ROMS and measured-data models
exhibited similar performance based on a comparison of explained deviance, RMSE, and study area
ratios of observed-to-predicted abundance (Table 2). The explained deviance of models built with
measured data ranged from 2% (striped dolphin) to 52% (long-beaked common dolphin), and from
3% (short-beaked common dolphin) to 51% (long-beaked common dolphin) for models built with
ROMS output (Table 2). Of the 11 species, explained deviance was higher for five of the measured-data
models and six of the ROMS models. RMSE values were almost identical for both the ROMS and
measured-data models, with slightly better performance exhibited by seven of the ROMS models and
three of the measured-data models (RMSE values were identical for striped dolphin). Performance as
indicated by study area density ratios showed minor differences among species, with slightly better
performance exhibited by five of the ROMS models and five of the measured-data models (ratios were
identical for blue whale). However, neither model type consistently performed better overall (Table 2).

For the majority of species, model-based grid abundance estimates for the entire study area were
similar for both model types, although estimates from the ROMS-based models were consistently
higher for all species except Risso’s dolphin (Table 3). The common bottlenose dolphin abundance
estimate from the ROMS model was almost four times higher than that of the model built with
measured data, and more than double the standard line-transect density estimate derived from
the survey data (Table 3). The ROMS model abundance estimate for Pacific white-sided dolphin
was also notably higher than both the measured-data model and standard line-transect estimate
(Table 3). With the exception of common bottlenose and Pacific white-sided dolphins, study area density
estimates for the remaining nine species were almost identical for both the ROMS and measured-data
models (Table 3).
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Table 2. Percentage of explained deviance (Expl. Dev.) and root mean squared error (RMSE) for
the final encounter rate (delphinids) or single response (Dall’s porpoise and large whales) GAMs
built with either measured data or ROMS output. Percentage of explained deviance is also shown
for the delphinid group size models (same spatial model used for both data types). The number of
sightings (No. sites) reflects the total available for model development. Ratios of line-transect over
model-predicted density estimates (Ratio) are for the total study area as calculated for each segment
and summed. Values indicating better performance are shown in bold.

Species No. Sites
Data Type Group Size Model

Measured ROMS

Striped dolphin 103 Expl.Dev. 2.34 5.01 19.7
RMSE 0.086 0.086
Ratio 1.100 1.023

Short-beaked common dolphin 718 Expl.Dev. 5.50 2.79 8.4
RMSE 0.221 0.220
Ratio 1.004 1.049

Long-beaked common dolphin 128 Expl.Dev. 51.9 50.5 10.0
RMSE 0.089 0.088
Ratio 1.020 1.029

Common bottlenose dolphin 61 Expl.Dev. 31.9 34.5 15.3
RMSE 0.066 0.064
Ratio 0.992 1.000

Risso’s dolphin 172 Expl.Dev. 13.3 14.5 4.2
RMSE 0.110 0.109
Ratio 0.976 0.977

Pacific white-sided dolphin 137 Expl.Dev. 20.6 18.2 7.2
RMSE 0.097 0.099
Ratio 0.918 0.857

Northern right whale dolphin 108 Expl.Dev. 14.3 17.0 8.7
RMSE 0.085 0.084
Ratio 1.000 0.989

Dall’s porpoise 527 Expl.Dev. 37.0 36.0
RMSE 1.041 1.043 NA
Ratio 0.939 0.944

Fin whale 362 Expl.Dev. 12.0 15.0
RMSE 0.512 0.508 NA
Ratio 0.876 0.898

Blue whale 261 Expl.Dev. 16.3 17.3
RMSE 0.258 0.257 NA
Ratio 0.953 0.953

Humpback whale 275 Expl.Dev. 48.3 47.0
RMSE 0.322 0.337 NA
Ratio 0.98 0.974
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Table 3. Predicted abundance and density estimates for the California Current study area from GAMs
built with either measured data or ROMS output. “Grid” abundance values were calculated as the sum
of the individual model-predicted grid cell abundances throughout the study area. Segment-based
line-transect abundance and density estimates were made using standard methods without the
inclusion of habitat predictors. Uncertainty is not presented since all estimates were derived from the
same dataset and included the same parameters, i.e., segment-specific estimates of ESW and g(0).

Model Model Model Line-
Transect

Line-
Transect

Species Data Type Grid
Abundance

Grid
Density

Segment
Abundance

Segment
Density

Striped dolphin Measured 18,310 0.016 19,887 0.017
ROMS 18,390 0.016

Short-beaked
common dolphin

Measured 346,643 0.303 490,961 0.430
ROMS 351,523 0.308

Long-beaked
common dolphin

Measured 60,476 0.053 161,589 0.142
ROMS 63,496 0.056

Common
bottlenose dolphin

Measured 3262 0.003 5871 0.005
ROMS 12,455 0.011

Risso’s dolphin Measured 13,840 0.012 14,935 0.013
ROMS 12,283 0.011

Pacific
white-sided dolphin

Measured 36,774 0.032 33,446 0.029
ROMS 49,661 0.043

Northern right
whale dolphin

Measured 24,671 0.022 20,302 0.018
ROMS 25,649 0.022

Dall’s porpoise Measured 41,002 0.036 35,355 0.031
ROMS 42,827 0.037

Fin whale Measured 4337 0.004 4322 0.004
ROMS 4629 0.004

Blue whale Measured 1535 0.001 1873 0.002
ROMS 1805 0.002

Humpback whale Measured 1159 0.001 1426 0.001
ROMS 1319 0.001

Segment-based standard line-transect density estimates were substantially higher than the
grid-based model estimates for short-beaked common dolphin, and an order of magnitude higher
for long-beaked common dolphin (Table 3). Although the standard line-transect estimates are not
necessarily unbiased, they are currently the standard measure used to estimate cetacean abundance
and provide a separate measure for which to compare the model-based estimates. With the exception
of the ROMS-based density estimates for common bottlenose dolphin and Pacific white-sided dolphin,
for all other species the grid-based density estimates for both the ROMS and measured-data models
were similar to the standard line-transect estimates, and no consistent bias was evident (Table 3).

The multi-year average density plots for the two model types (ROMS and measured data) were
similar for the majority of species (i.e., short-beaked common dolphin, long-beaked common dolphin,
Risso’s dolphin, northern right whale dolphin, Dall’s porpoise, blue whale, fin whale, and humpback
whale; Figure 2), and almost indistinguishable for striped dolphin (Figure 2a). The density plots for
common bottlenose dolphin and Pacific white-sided dolphin showed obvious dissimilarities, with the
ROMS model predicting very high densities of common bottlenose dolphin in the southwest corner of
the study area (Figure 2d), and high densities of Pacific white-side dolphin throughout the northwest
portion of the study area (Figure 2f). There were very few sightings of these species in their respective
predicted higher-density areas, despite relatively good survey coverage (Figure 1).
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Figure 2. Predicted densities and uncertainty measures from the habitat-based density models built 
with measured data (top panels) and ROMS output (bottom panels), for (a) striped dolphin, (b) short-
beaked common dolphin, (c) long-beaked common dolphin, (d) common bottlenose dolphin, (e) 
Risso’s dolphin, (f) Pacific white-sided dolphin, (g) northern right whale dolphin, (h) Dall’s porpoise, 
(i) fin whale, (j) blue whale, and (k) humpback whale. Panels show the multi-year average (Avg) 
density, and 90% confidence limits (L90% and U90%). Predictions are shown for the study area 
(1,141,800 km2). Density ranges were selected to encompass all values within the confidence limits. 
Black dots show actual sighting locations from the ship surveys. 

Consistent with the differences in each model’s average density plot, the lower- and upper-90% 
confidence interval (CI) plots for Pacific white-sided dolphin also showed major differences between 
model types. The upper-90% CI plot for the ROMS model showed very high Pacific white-sided 
dolphin density throughout the northwest portion of the study area, a pattern that was not supported 
by the sighting data (Figure 2f). Given the differences between the common bottlenose dolphin 
model’s average density plots, surprisingly, the lower- and upper-90% CI plots were fairly similar 
(Figure 2d). Despite the similarity of the multi-year average density plots, the uncertainty plots for 
the three large whale species showed obvious dissimilarities (Figure 2i–k). The upper-90% CI plots 
for fin whale showed very different patterns between model types in the northern portion of the 
study area. For example, the measured-data model showed very low density in the nearshore region 
off the Washington coast, while the ROMS model showed this as an occasionally mid- to high-density 
region. Further, the measured-data model showed very high density further offshore along the north-
northwest border of the study area, encompassing an area of lower density; neither of these patterns 
matched those of the ROMS model, which were more consistent with the sighting data (Figure 2i). 
The upper-90% CI plots for blue whale also differed in this region, with the measured-data model 
showing mid- to high-density areas off the northern Washington coast and in the northwest portion 
of the study area that were not consistent with the ROMS model predictions or the sighting data 
(Figure 2j). Based on the ROMS upper-90% CI plot for humpback whale, mid-range density estimates 
extended well offshore, almost throughout the study area, and high densities also extended south 
along the coast to the southern extent of the United States EEZ (Figure 2k). These patterns were not 

Figure 2. Predicted densities and uncertainty measures from the habitat-based density models
built with measured data (top panels) and ROMS output (bottom panels), for (a) striped dolphin,
(b) short-beaked common dolphin, (c) long-beaked common dolphin, (d) common bottlenose dolphin,
(e) Risso’s dolphin, (f) Pacific white-sided dolphin, (g) northern right whale dolphin, (h) Dall’s porpoise,
(i) fin whale, (j) blue whale, and (k) humpback whale. Panels show the multi-year average (Avg)
density, and 90% confidence limits (L90% and U90%). Predictions are shown for the study area
(1,141,800 km2). Density ranges were selected to encompass all values within the confidence limits.
Black dots show actual sighting locations from the ship surveys.

Consistent with the differences in each model’s average density plot, the lower- and upper-90%
confidence interval (CI) plots for Pacific white-sided dolphin also showed major differences between
model types. The upper-90% CI plot for the ROMS model showed very high Pacific white-sided
dolphin density throughout the northwest portion of the study area, a pattern that was not supported
by the sighting data (Figure 2f). Given the differences between the common bottlenose dolphin
model’s average density plots, surprisingly, the lower- and upper-90% CI plots were fairly similar
(Figure 2d). Despite the similarity of the multi-year average density plots, the uncertainty plots
for the three large whale species showed obvious dissimilarities (Figure 2i–k). The upper-90% CI
plots for fin whale showed very different patterns between model types in the northern portion of
the study area. For example, the measured-data model showed very low density in the nearshore
region off the Washington coast, while the ROMS model showed this as an occasionally mid- to
high-density region. Further, the measured-data model showed very high density further offshore
along the north-northwest border of the study area, encompassing an area of lower density; neither of
these patterns matched those of the ROMS model, which were more consistent with the sighting data
(Figure 2i). The upper-90% CI plots for blue whale also differed in this region, with the measured-data
model showing mid- to high-density areas off the northern Washington coast and in the northwest
portion of the study area that were not consistent with the ROMS model predictions or the sighting
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data (Figure 2j). Based on the ROMS upper-90% CI plot for humpback whale, mid-range density
estimates extended well offshore, almost throughout the study area, and high densities also extended
south along the coast to the southern extent of the United States EEZ (Figure 2k). These patterns
were not consistent with the measured-data model’s upper-90% CI plot, where mid- to high-density
estimates were confined mainly to the coast, consistent with this species largely nearshore distribution.

The apparent, abrupt discontinuity at 40˝N that appears in many of the multi-year average density
and uncertainty plots (i.e., Figure 2a,b,f–h) is a real bathymetric feature, the Mendocino Escarpment,
and appears in the majority of the models that included depth or slope as a significant predictor.

4. Discussion

Dynamic species management is of growing interest for marine resource management, but
requires nowcast and forecast predictions of species distributions that can only be obtained with
real-time and modeled ocean data, respectively [26–28]. Dynamic management approaches that use
real-time habitat predictions of species distributions have been used successfully to limit bycatch
of southern bluefin tuna in the Eastern Australia longline fishery [29,79] and loggerhead sea turtles
in the Central North Pacific Hawaii-based longline fishery [30,33]. Species-habitat models based
on measured data have been used effectively to predict cetacean density and support conservation
measures [5–11,80,81]. Previous cetacean habitat modeling studies have also used ocean modeled data
to forecast species distributions [e.g., 37, 38, 40] but to date, the only study to directly evaluate the ability
of these data to accurately forecast cetacean distribution patterns included sea surface temperature
and static variables as predictors [13]. In this study, we used cetaceans as a case study to examine
whether species distribution models built with a broad suite of predictors derived from modeled ocean
state estimates could provide similar results as those based on measured data. We demonstrated that
habitat-based density models built with ROMS output generally performed as well or better than
models built with traditional measured-data sources at the relatively broad spatial scales used in these
analyses (i.e., approximately 10 km2). The assimilation of in situ and remotely sensed data into ocean
circulation models has enhanced model fidelity to a level that allowed us to use this information to
develop robust species distribution models. This finding indicates that species distribution models
can be created from modeled ocean data in support of marine species management for the temporal
and spatial scales addressed herein (8-day predictions at 10 km2). This scale is too coarse to forecast
finer-scale distribution patterns required for some dynamic management applications, e.g., ship-strike
risk. Future studies should examine if finer scale distribution patterns can be captured by ocean
modeled data as well as measured data and evaluate the ability of coarse-scale models to predict
finer-scale density estimates. Neither of these analyses were possible in this study given the current
resolution of the ROMS data and the lack of fine-scale systematic survey data in our study area.

Ocean model output overcomes many of the limitations of in situ oceanographic data, which
require prolonged data collection and processing time, thus limiting their utility for dynamic
management applications [26–28]. Satellite data provide broad spatial coverage in near real-time,
but their availability can be limited due to cloud cover, they typically do not have consistent spatial
and temporal resolution, and they are limited to surface fields. Habitat models based on ocean
modeled output provide a powerful new tool for understanding marine species distributions and
biodiversity. Further, they allow for nowcast or forecast predictions of species distributions at a
~10-km spatial resolution in the present study, with higher resolution model output in the future. This
ability opens up new opportunities for forecasting changes in species distributions due to seasonal
and interannual variability (e.g., ENSO and PDO), as well as exploring potential long-term effects
of climate change [32,37,40]. Many of the other ocean circulation models are currently available at
significantly lower spatial resolution (e.g., 0.25–1.0 degree) than the ROMS output used in this study.
However, the approach used here could be applied to address broad scale distribution questions in
other regions. Data assimilative ocean models may also be useful for evaluating historic changes in
cetacean abundance and distribution (i.e., hindcasts) based on past surveys, which are otherwise not
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possible because of the lack of historic coverage for many oceanic variables of interest. For example,
the current ROMS data assimilation analyses used in this study provide hindcasts to January 1980,
and could thus provide insight into multi-decadal patterns of species distribution.

The functional forms were similar for the variables in common to both datasets, but in general
both model types included variables unique to the respective datasets (Table 1 and Supplementary
Materials, Figure S1). When variables differed between the two model types, they appeared to serve as
different proxies for oceanic processes. For example, the measured-data model for Pacific white-sided
dolphin included chlorophyll, MLD, and depth, while the ROMS model included SST, potential energy
anomaly, and depth (Table 1). The functional forms of the depth variable were similar between the two
model types (Supplementary Materials, Figure S1). In the measured-data model, the functional form
showed more animals in waters with higher chlorophyll, and the ROMS model showed more animals
in the coolest waters in the study area; both variables reflect the occurrence of Pacific white-sided
dolphins in upwelling-modified waters of the study area, consistent with previous studies [24,35,39,51].
Similarly, MLD and potential energy anomaly provide different measures of stratification as reflected
in the measured-data and ROMS models, respectively.

The common bottlenose dolphin model is for the offshore ecotype, since the transect coverage
provided by the 1991–2009 surveys does not appropriately sample the range of the coastal ecotype,
which is found within about 1 km from shore [82,83]. Fine-scale coastal oceanographic and
physiographic data are required to build a robust habitat model for the coastal ecotype of bottlenose
dolphin. Given their largely coastal distribution, habitat-based density models for long-beaked
common dolphin would be much improved with finer resolution oceanographic sampling. Availability
of higher resolution remotely sensed data and ocean model output could improve models for all
species and ultimately increase our understanding of fine-scale distribution patterns. This is especially
important for species with coastal habitats given their generally higher vulnerability to anthropogenic
impacts (e.g., ship strikes [10,25]).

The habitat models for both common bottlenose and Risso’s dolphins show a disjunct longitudinal
distribution that suggests we are modeling two separate populations with different habitat preferences.
Both species are commonly encountered on the continental shelf and far offshore in deep waters,
separated by a lower-density region in between these two areas [42]. Including an interaction term
between latitude and the 200-m isobath resolved this spatial pattern in the final measured-data and
ROMS models for both common bottlenose and Risso’s dolphins; however, additional genetic data are
required to identify potential species’ population differences.

A few caveats deserve consideration when predicting density and distribution patterns from
ROMS-based habitat models. Chlorophyll was an important predictor in the measured-data models,
but a reliable ocean-modeled version of this variable was not included in the 31-year reanalysis used
in this study. Data assimilative methods to produce reliable, data-constrained biological variables
from ocean models are less mature than their physical counterparts, but in active development.
Gregg [84] and Edwards et al. [20] provide reviews of oceanographic biological assimilation efforts and
Song et al. [85–87] apply the present 4D-Variational assimilative methodology to biological variables in
the California Current System. Experimental efforts to produce near real-time chlorophyll estimates are
underway also. In the future, statistical models that use data assimilative estimates of biological fields
may benefit from the complete spatial and temporal coverage provided (whereas satellite chlorophyll
estimates suffer from frequent cloud-induced data loss), but increases in predictive model skill over
the approach discussed in this paper will have to be demonstrated.

Sea surface chlorophyll was included as a significant (p = < 0.001) predictor in the final
measured-data models for both fin and blue whales. MLD has also previously been shown to be an
important predictor for fin and blue whales within the southern portion of our study area [10,76], but
our initial ROMS models that included MLD as a univariate predictor overestimated abundance within
the northern portion of the study area. This may be an indication of differences in the ecological effect
of MLD on whale prey as latitude changes (e.g., because of changes in water temperature, daylight
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length, or cloud cover and their effects on productivity). For this reason, an interaction term between
MLD and latitude was included as a proxy term to capture regional (north to south) differences in
the effect of MLD on fin and blue whales in the final ROMS models. This interaction term allowed
more accurate model predictions, but is specific to the California Current Ecosystem and may not
be effective in other study areas. An interaction term was not needed for the measured-data models
for either species most likely because chlorophyll was included and resolved the relevant spatial
patterns. Since the inclusion of latitude or longitude may limit the forecasting ability of a habitat
model, particularly for potential climate change scenarios, the need to include spatial terms to resolve
observed patterns is a limitation of the ROMS models. Further, the use of spatial interaction terms
requires a priori knowledge of species distribution patterns and local oceanography [70].

Bivariate predictors with latitude or longitude were included in many of the models to provide
better proxies for oceanic processes that span the entire study area [70]. As noted above, the use
of latitude and longitude does not allow for predicting outside of the study area, and may reduce
our ability to identify trophic links between oceanic processes, prey, and cetaceans. Identifying such
relationships requires dedicated studies of linkages and is currently only possible for cetacean species
with very short links such as blue whales [88] and North Atlantic right whales [1]. Rather than
attempting to describe ecological dynamics, our objective was to identify persistent relationships
between species and habitat variables to allow predictions of species distribution within our study
area, thus enabling this model comparison.

The percentage of explained deviance was very similar between model types for each species,
but there was a substantial spread of explained deviance across species (Table 2). The difference in
explained deviance may be attributed in part to the specific habitat requirements of the different
species. For example, long-beaked common dolphins have a strong geographically affinity [43,77] and
thus have tighter habitat associations and associated greater explained deviance (50.5–51.9; Table 2) as
compared to the expansive range of short-beaked common dolphins in our study area [42], which thus
have a broader species niche and associated lower explained deviance (2.79–5.50; Table 2).

No consistent bias was evident from the comparison of modeled grid-based and standard
line-transect density estimates, and for most species, estimates were similar (Table 3). However,
standard line-transect density estimates were nearly three times higher than the grid-based model
density estimates for long-beaked common dolphin (Table 3). Previous annual abundance estimates
for long-beaked common dolphin have varied substantially throughout the 1991–2009 survey
period [42,43,89], and recent estimates that incorporated the ESW and g(0) values used in this study
ranged from 9258 animals (CV = 1.23) in 2005 to 94,361 animals (CV = 0.76) in 2008 [90]. This extreme
interannual variability in abundance estimates may in part be attributable to north-south shifts in the
distribution of this species [43,77]. However, the relatively coarse, broad-scale transect coverage of
the 1991–2008 surveys was not optimal for this neritic species, resulting in high sampling variation
because each year had only a few sightings [42,90] and the observed average group sizes ranged from
approximately 2 to 2150 animals. The finer scale 2009 survey was specifically designed to sample
long-beaked common dolphin habitat but this survey only covered one of the seven survey years
within our study and covered a small portion of the study area. The model-based abundance estimates,
which include consideration of habitat, may be more precise than traditional California Current wide
line-transect estimates because they include information from all survey years combined.

There were some discrepancies observed between the models based on ROMS output and
measured-data for common bottlenose and Pacific white-sided dolphins. The common bottlenose
dolphin study area density estimate from the ROMS model was about four times higher than both the
measured-data model and standard line-transect estimates (Table 3). Inspection of the individual grid
predictions from the ROMS common bottlenose dolphin model revealed extremely high predictions
(e.g., >14 animals/km2) in the southwest corner of the study area, as evident from the density plot
(Figure 2d). The Pacific white-sided dolphin study area abundance prediction from the ROMS model
was 35% higher than that of the measured-data model, and 48% higher than the line-transect based
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estimate (Table 3). The range of Pacific white-sided dolphin density estimates predicted by the
ROMS model were similar to those of previous studies [24,35,51,74], and inspection of the individual
grid predictions did not reveal any outliers. Instead, the mid-to high density estimates covered
a much greater area, extending west off the entire northwest coast (Figure 2f); this effect is particularly
noticeable in the uncertainty plots. Given Pacific white-sided dolphin distribution patterns documented
in past studies [24,74], and the lack of sightings in the predicted mid- to high density region, there is a
potential mis-specification of the model built with ROMS output. Errors in ROMS output, even though
it is data assimilative, are unavoidable, and particularly challenging to identify in places where no
measured data exist. Currently available data are not sufficient to resolve the patterns identified in
this study. Given these findings, it is critical to continue to validate predictions from habitat models,
because unvalidated habitat models that over- or under-predict species abundance or are not consistent
with documented distribution patterns can hamper conservation and management efforts. In this case,
given the extensive validation the measured-data model has received in previous studies, the ROMS
model results appear suspect and should be further validated using novel survey data. In a future
study, we plan to conduct such additional model validation using a novel survey dataset collected
in our study area in 2014 [90]. Given the particularly warm waters in the eastern North Pacific that
year [91], the line-transect survey data presented in Barlow [90] offer an ideal opportunity for assessing
the predictive performance of these models during an anomalously warm water period.

The areas of high density identified in this study for fin, blue, and humpback whales are
similar to previous models developed from an overlapping data set [10,24,35,51], and the blue and
humpback whale density predictions are also in good agreement with ‘Biologically Important Areas’
determined for these species from a separate data set [75]. However, measures of model uncertainty
exhibited spatial variability that differed between model types, and deserve careful consideration
for management applications. For example, if only the multi-year average predictions were used to
guide management actions, the ROMS and measured-data models provide consistent input. However,
if the spatially-explicit measures of uncertainty were also taken into account, different areas may
receive different consideration depending on which model type was used. All three species are listed
as endangered under the Endangered Species Act, and to assess and develop measures to minimize
anthropogenic impacts requires an understanding of their fine-scale distribution patterns and how this
varies through time. As noted previously, the spatial scale used in this study is too coarse to forecast
finer-scale distribution patterns required for many dynamic management applications.

Given the importance of chlorophyll concentration as a predictor variable in the measured-data
models (7 of the 11 species models included log-chlorophyll as a significant predictor; Table 1),
the development of a valid ocean modeled chlorophyll product is a critical need for those using these
data to improve model performance and support dynamic management decisions. In the future,
habitat-based models of cetacean distribution may be improved if modeled ocean data can produce
reliable estimates for additional biological variables (e.g., phytoplankton, zooplankton), which are
more closely linked to cetacean prey [92,93].

5. Conclusions

The main purpose of this study was to assess the performance of modeled ocean data in species
distribution models, which are useful for both management and monitoring regional species diversity.
We used cetaceans as a case study given the extensive work on previous spatial distribution models,
and selected a suite of species with diverse habitat associations, group size characteristics, and seasonal
presence in the study area. Quantitative measures of predictive ability were similar between habitat
models built with either a combination of in situ and remotely sensed oceanic variables or ROMS output,
and root mean squared error values were almost identical. The majority of the models (9 of 11 species)
built with ocean modeled data predicted cetacean distributions as well and in some cases better than
models built with traditional data sources that have been extensively validated. Ocean modeled output
overcomes many of the limitations of traditional measured-data sources; unlike in situ oceanographic
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data, ocean modeled data do not require prolonged data collection and processing time, and they are
provided at a consistent spatial and temporal resolution, unlike most remotely sensed data. Further,
ocean modeled data are not limited to surface fields. The overall demonstrated success of the data
assimilative ROMS-based models provides a foundation for other habitat modeling efforts aimed at
supporting dynamic management decisions because ocean modeled output is available in near real
time and can be forecast. Each species and region will present challenges that require unique analyses
given the type and amount of survey data, present knowledge of the species and ecosystem, and the
scale and availability of ocean modeled data. The identified discrepancies for the common bottlenose
dolphin and Pacific white-sided dolphin models require additional data to resolve, but the new ROMS
models form a robust foundation for exploring climate variability and its effect on broad-scale species
distribution. Ocean model output may help us to understand biodiversity in the marine realm at a
variety of temporal scales – past, present, and future.

Supplementary Materials: The following are available online at www.mdpi.com/ 2072-4292/8/2/149, Tables S1
and S2, Figure S1.
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