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INTRODUCTION

Purpose and background

The North Atlantic right whale Eubalaena glacialis
is an Endangered species (Reilly et al. 2012) with an
estimated population of 490 individuals (Pettis 2011).
Ship strikes and entanglement in fishing gear are the
leading sources of direct human injury to and mortal-
ity of these whales (Knowlton & Kraus 2001, Kraus et
al. 2005, van der Hoop et al. 2013). Due to the small
number of individuals, a single mortality has a signif-

icant impact on the population; therefore, mitigating
these anthropogenic risks is vital to the survival of
the species (Fujiwara & Caswell 2001).

For effective mitigation, it is necessary for manage-
ment strategies to be based on comprehensive right
whale distribution data that is both spatially and tem-
porally explicit. By quantifying the species distribu-
tion in both space and time, it is possible to assess
spatial and temporal risk from shipping and fishing,
the 2 main anthropogenic sources of right whale mor-
tality. This approach was illustrated in the successful
shipping lane movements in the Bay of Fundy, Stell-
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wagen Bank, and Cape Cod Bay, which have been
shown to achieve statistically significant reductions
in expected ship strike risk to right whales by mini-
mally shifting traffic lanes (Brown 2002, Nichols &
Kite-Powell 2005, Provincetown Center for Coastal
Studies 2009).

While species mapping techniques currently exist,
no established methods adequately make use of all
available data or sufficiently characterize right whale
distribution for these purposes. To fill this data gap,
we developed a methodology to create a series of
spatio-temporal right whale distribution maps, utiliz-
ing all available data, that can be summarized into
user-defined bounded polygons. Polygons serve as a
good means of summarizing whale activity and sup-
porting conflict mitigation, as many management
plans are bounded by discrete zonal areas.

Current practices and methodology considerations

The modeling techniques used in the develop-
ment of species distribution models are constrained
by the data available. Available marine animal data
typically fall within 1 of 2 categories: (1) presence-
only data (referred to in this paper as off-effort
records) or (2) count records associated with system-
atic survey effort that can generate some propor-
tional rate of occupancy (referred to in this paper as
on-effort records). The term on-effort is applied to
sightings collected while observers were actively
looking for the species in question, and include
records of effort exerted, such as time or distance
traveled, used to normalize the number of sightings
(on-effort). Off-effort data is obtained from passive
or opportunistic sightings with no associated data on
search effort (e.g. by whale watchers or fishermen).
For the species in this study, Eubalaena glacialis,
the data available consists of both on-effort (includ-
ing systematic survey data) and off-effort data
(including survey data that does not meet ‘on-effort’
requirements, op portunistic sightings, and satellite
tag data locations).

One widely used method for mapping marine
mammal distribution uses on-effort systematic sur-
vey data only, normalizing animal count data by the
amount of effort exerted, resulting in sightings per
unit effort (SPUE). This method, however, can only
represent the distribution for areas covered by sur-
vey effort. Right whale surveys have generally
focused on select habitat areas and times throughout
the year where whales have been known to be pres-
ent, with little or no survey effort in other areas, par-

ticularly inshore areas. The occurrence of spatial and
temporal gaps in survey effort therefore limits the
utility of strictly on-effort SPUE analyses, which dis-
count off-effort sightings in non-surveyed areas,
effectively ignoring species presence in some areas
where we know they occur. In our study area (Fig. 1),
there have been ca. 3700 right whale sightings con-
sidered on-effort (included in on-effort SPUE ana -
lyses) and ca. 3100 off-effort sightings (1966 to 2010)
(Supplement 1 at www. int-res. com / articles / suppl/
n024p021 _ supp . pdf). When off-effort sightings are
ignored, nearly half the data is not being utilized. For
example, from April to September, there is little or no
survey effort focused on Jeffrey’s Ledge off New
Hampshire, resulting in on-effort SPUE mappings of
0 in that area. However, the inclusion of presence-
only records verifies that a large number of right
whales have been sighted in that area during that
time (Supplement 1).

A second approach uses presence-only records,
linking the presence of a species with selected envi-
ronmental variables in which it was found. These
types of models are also referred to as habitat suit-
ability models; they typically do not produce species
count or density predictions, but generate outputs
representing the probability of a species presence/
occurrence based on the combination of appropriate
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Fig. 1. Study area off coastal Maine, northeastern USA
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covariate ranges (Franklin 2009). However, the char-
acteristics of the marine environment are physically
and temporally dynamic; and it can be difficult to
establish correlations between species presence and
environmental variables (Franklin 2009). Further-
more, the use of this approach, while well-suited for
presence-only records which could incorporate all
existing data, disregards any effort data associated
with the on-effort records. Ideally, a comprehensive
spatially and temporally explicit right whale distribu-
tion dataset would include all available data, incor-
porating both on- and off-effort data while keeping
as much survey effort information as possible. Such
an approach was suggested by Kenney in his analy-
sis for estimating minimum on-effort SPUE values for
right whales and humpback whales in areas with low
survey effort (Kenney 2012).

In addition to the challenge of integrating on- and
off-effort data, the characteristics of the data deter-
mine statistical assumptions and the appropriateness
of different modeling techniques. The on-effort data,
common with many ecological data sets, contain many
zero values (Martin et al. 2005), do not fit a standard
Poisson distribution, and suffer from over dispersion
(Martin et al. 2005). ‘Zero inflation’ datasets have
both ‘true-zero counts’ due to (1) lack of occurrence
due to the ecological processes or (2) heterogeneity
in distribution, and ‘false-zero counts’ due to (1) the
species not being present during the survey period or
(2) the species being present but not detected (Mar-
tin et al. 2005). Most wildlife data contains a mixture
of both true- and false-zero counts. Overdispersion
can also occur when the data are clustered (or spa-
tially autocorrelated), violating the likelihood of
independence of observations (Hilbe 2007).

In response to the data considerations outlined
above, we created a seasonal set of right whale distri-
butions using an areal co-kriging interpolation tech-
nique, incorporating all data (on- and off-effort) and
addressing the challenges associated with the data’s
characteristics.

METHODS

We performed areal co-kriging interpolation in
ArcGIS 10.1 Geostatistical Analyst, applying kriging
theory to data that is averaged or aggregated across
polygons. Predictive values and their associated
standard errors were calculated for all areas within
and between input polygons. These predictions were
then re-aggregated to a new target set of polygons
(Krivoruchko et al. 2011a).

Interpolation is a method of spatial prediction that
estimates the values of unsampled locations based on
values at sampled locations. In essence, it uses
known values at specific locations to fill in the un -
known areas, or gaps. Kriging is a type of interpola-
tion that uses statistical models for estimating these
spatial variables. Kriging theory is rooted around 3
main elements: (1) spatial trend, in which a variable
value increases or decreases based on direction; (2)
spatial autocorrelation, based on the idea that points
near each other are more similar than those further
away; and (3) stochastic variation. An estimation
function is developed through a mathematical model
combining these 3 components, which is then app -
lied to data at measured locations to predict values of
unknown locations throughout a study area (Bolstad
2008).

Traditional kriging techniques require that meas-
ured data be collected in points (Krivoruchko et al.
2011a). While this is appropriate for some types of
collected data, as measured rainfall at particular
sampling locations, it is unsuitable for data that rep-
resents measured values that are collected across
areas, like in the case of systematic survey data.
Areal interpolation, however, differs from traditional
kriging techniques. It works by estimating values
based on data collected in polygons and predicts val-
ues for a new set of polygons in the same data
domain that differ in size and shape from the original
(Krivoruchko et al. 2011b). To utilize all available
data, we used 2 independent areal interpolation
models, one for presence-only data, and one for on-
effort data, and then integrated the results of both
models as described below.

The first was an overdispersed Poisson areal krig-
ing model (OPAKM) (Krivoruchko et al. 2011b) utiliz-
ing on-effort data records. The OPAKM allows for
polygonal datasets that contain Poisson counts that
are overdispersed with differing observation times.
As with most wildlife data, our on-effort data is zero
inflated, causing it to be overdispersed (see ‘Intro-
duction’) with each polygon containing differing
observation times. Overdispersion, which can also
occur when data are clustered (or spatially autocor-
related), was further tested with the Moran’s I statis-
tic, which tests for spatial autocorrelation (Bolstad
2008; see Supplement 2 at www. int-res. com / articles /
suppl / n024p021 _ supp . pdf). The Moran’s I statistic
showed p-values of 0 and z-scores greater than 1.96,
showing statistically significant (95% CI) spatial
autocorrelation across all datasets (see Supplement 3
at www. int-res. com / articles / suppl / n024p021 _ supp .
pdf), thus further indicating overdispersion for the
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on-effort data and the appropriateness of the
OPAKM for our data. The OPAKM output constitutes
a predictive surface of density of counts at each loca-
tion within the data extent (Krivoruchko et al. 2011a).

The second areal interpolation model used was a
Gaussian areal kriging model (GAKM) (Krivoruchko
et al. 2011b) utilizing a probability of presence dataset
generated with Maxent (‘maximum entropy’) software
(Phillips et al. 2006). The Maxent program uses pres-
ence-only (off-effort) records to estimate a probability
of presence distribution based on a multivariate ana -
lysis of suitable habitat conditions associated with the
species occurrences in environmental feature-space
(Phillips & Dudík 2008, Franklin 2009). The probability-
of-presence distribution outputs were averaged for
each input polygon. The GAKM was developed for
Gaussian data that is averaged over polygons. The
output constitutes a predictive surface of values rep-
resenting a probability of presence for each location
within the data extent (Krivoruchko et al. 2011a).

We performed co-kriging to integrate both of these
models together, resulting in a single output. Co-
kriging works by using a secondary variable that is
correlated with the primary variable, using the
covariance between the 2 to improve the predictions
of the primary variable of interest (Bolstad 2008).
Here, co-kriging was performed using the OPAKM
output (count density) as the primary variable and
the GAKM output (probability of presence) as the
secondary variable. This co-kriging technique incor-
porates both on-effort and off-effort whale sightings
data, while keeping effort data intact and accounting
for the overdispersed Poisson characteristics of the
data.

We used the results of co-kriging interpolation to
create a model of right whale distribution on a 2 mo
temporal scale, with whale population density pre-
dictions summarized to 524 irregularly shaped poly-
gons representing lobster fishing zones off coastal
Maine (Brehme et al. in press). We summarized to
these polygons for the present study; however, the
underlying interpolated distribution can be summa-
rized to any size and/or shape of polygon manage-
ment zones desired, depending on the needs of the
mitigation strategies.

Study area and temporal resolution

Our study area consists of 524 irregularly shaped
polygons covering approximately 50 nautical miles
off coastal Maine (polygon outer boundary refer-
enced in Fig. 1). The polygons represent the most

detailed fishing effort and gear configuration data
compiled for these waters to date (Brehme et al. in
press).

Due to sparse right whale count data, we aggre-
gated the right whale data to 2 mo intervals. By
matching the spatial patterns of SPUE for sequential
months (Supplement 4 at www. int-res. com / articles /
suppl /n024p021_ supp . pdf), the 2 mo aggregations
were designed to increase the count data to inform
our predictive map, while also being representative of
each month if it were to stand alone. Those combina-
tions were: February/March, April/ May, June/ July,
August/September, October/ November, and Decem-
ber/January (Supplement 1). All methods described
in this paper were completed at these aggregations.

On-effort data

We obtained survey-based data from the North
Atlantic Right Whale Consortium (NARWC) data-
base (NARWC 2012). Criteria required for the survey
to be considered ‘on-effort’ have been described by
Kenney (2010), using only data obtained in Beaufort
sea-state 4 and below, appropriate for use of large
whales (Pike et al. 2009, Paxton et al. 2011). Addi-
tional information on survey design and data quality
control can be found in Kenney (2010).

We summarized this data per month to 5 × 5’ grid
cell polygons (Fig. 1). Relevant table fields included
(1) sum number of on-effort whales sighted, (2) sum
of on-effort survey trackline (km), and (3) SPUE, cal-
culated from the number of on-effort whales sighted
divided by the sum of on-effort survey trackline. To
create 2 mo aggregations (described in the above
section), we summed the number of whales sighted
and on-effort survey trackline (km) of monthly com-
binations for each 5 × 5’ grid cell polygon, and re-
 calculated on-effort SPUE.

Presence-only data

Presence data came from 3 sources: (1) the
NARWC database containing 6476 records spanning
January to December 1966 to 2010, including on-
effort, off-effort, and opportunistic whale sightings
locations; (2) Allied Whale and Bar Harbor Whale
Watch data containing 78 opportunistic sighting
locations spanning June to October 1994 to 2010; and
(3) Baumgartner & Mate (2005) satellite tag data con-
taining 328 tag locations from 18 tags, spanning July
to October in 1989, 1990, 1991, and 2000. All satellite
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tag locations were used, as 68% of the poorest loca-
tion quality records were within 7.5 km of the trans-
mitter location (Baumgartner & Mate 2005), which
falls below the average distance traveled by a whale
per day (see ‘OPAKM’). This combination resulted in
a total of 6882 presence records (for seasonal totals
see Supplement 5 at www. int-res. com / articles / suppl/
n024p021_ supp . pdf).

Environmental variables

We used 7 environmental variable datasets with
the Maxent program. (1) Sea surface temperature:
we downloaded monthly climatologies from Aqua
MODIS nighttime from OceanColor’s level 3 browser
(oceancolor.gsfc.nasa.gov) at 4 km resolution and
compiled seasonal averages using the raster calcula-
tor in ArcGIS 10.0. Sea surface temperature data was
then re-sampled to 425 m resolution to match the
finer resolution of the other environmental variables.
(2) Depth: we downloaded the US Geological Survey
(USGS) digital bathymetry of the Gulf of Maine from
the USGS at 425 m resolution. (3) Distance to land:
we calculated this in ArcGIS 10.0 at 425 m resolution.
(4) Distance to physiographic areas in the Gulf of
Maine: the Gulf of Maine Area Census of Marine Life
has digitized these areas,  including Georges Bank,

Georges Basin, Jordan Basin, Wilkinson Basin, Jef-
frey’s Ledge and the Coastal Shelf. We calculated
distances to these areas in ArcGIS 10.0 at 425 m res-
olution. (5) Slope: we calculated this in ArcGIS 10.0
using the above-mentioned USGS bathymetry data-
set at 425 m resolution. (6) Latitude and (7) Longitude
grids: we created these in ArcGIS 10.0 at 425 m
 resolution.

Modeling approach

Fig. 2 illustrates the data processing method. We
used on-effort whale sightings and corresponding ef-
fort data (trackline, km) as input data to the OPAKM.
We utilized presence-only records in conjunction
with environmental co-variates (sea surface tempera-
ture, depth, distance to land, distance to physio-
graphic regions, slope, latitude, and longitude) to cre-
ate a probability of presence dataset in the program
Maxent. We then summarized the probability of pres-
ence dataset to the 5 × 5’ grid cell polygons, which
served as input data in a GAKM. To combine the 2
models and produce a single output, we performed
areal co-kriging, using the OPAKM output as a pri-
mary co-kriging variable and the GAKM output as a
secondary co-kriging variable. Element details are
fully described in the following sections.

OPAKM

We developed the OPAKM variable
following methods described by Krivo -
ruchko et al. (2011b). The input data
for the OPAKM consisted of on-effort
data (described above) summarized to
5 × 5’ grid cell polygons with applied
data values of number of whales
sighted, Nui, and amount of survey
effort (km), tui for process u in polygon i.

The OPAKM does not allow for a tui

of 0 and does not support reliable
 predictions into space containing no
data; therefore, supplementary values
needed to be added to 5 × 5’ grid cells
that contained null values (areas
where there was no survey effort). To
establish a value for tui for null grid
cells, we ran a Kaplan-Meier survival
analysis in R statistical software (v 2.
14.0) on all seasonal datasets to deter-
mine where tui (survey effort) was low
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enough to result in no whales sighted. Results were
consistent across all seasons: a tui of approximately
50 km or less per 5 × 5’ grid cell resulted in no whale
sightings (see Supplement 6 at www. int-res. com /
articles / suppl /n024p021 _ supp . pdf). As the OPAKM
model relates Nui and tui, the results of the Kaplan-
Meier survival analysis supported an assumption that
all tui < 50 km should be normalized to 50 km to pre-
vent over prediction in areas where tui fell below this
value. Therefore, we reclassified all grid cells with
null tui or tui < 50 km to 50 km and all grid cells with
null Nui to 0. In addition to resolving the issue of null
values in 5 × 5’ polygons occurring in ocean space, all
5 × 5’ polygons falling on land were also void of data.
To prevent whale predictions from spreading onto
land, we created an artificial land barrier by inflating
tui to 10 000 km and Nui to 0.

In the OPAKM, the overdispersion parameter, l, is
calculated using the negative binomial distribution.
However, due to the nature of our data and the
 associated measurement error described earlier, the
negative binomial distribution underestimated the
variation, resulting in higher root-mean-square stan-
dardized errors. To correct for this, we determined l
based on cross-validation, fitting the root-mean-
square standardized error close to 1.

As whales move freely, and are not bound to the
5 × 5’ grid cells to which they were summarized, we
used a smooth neighborhood type to create a more
continuous surface. This neighborhood type uses a
sigmoidal function to adjust the weights used with
the measured values to predict values at each loca-
tion based on a smoothing factor (a value between 0
and 1). We used the maximum smoothing factor of 1
and smoothing major and minor semiaxis of 50 km,
which was derived from the approximate average
distance traveled by a whale per day calculated from
the Baumgartner & Mate (2005) satellite tag data.

GAKM with Maxent

We developed the GAKM variable following meth-
ods described by Krivoruchko et al. (2011b). The
input data for the GAKM consisted of averaged prob-
ability of presence values, Zui, per 5 × 5’ grid cell
polygon, i, derived in the program Maxent.

We ran the Maxent software version 3.3.3e at the
spatial resolution of the input environmental variable
datasets, 425 m, on default settings (Supplement 7 at
www. int-res. com / articles / suppl / n024p021 _ supp . pdf).
Phillips & Dudík (2008) found that the default set-
tings performed well for presence-only datasets. The

input sample data was all presence-only right whale
locations (see ‘Presence-only data’). The input envi-
ronmental co-variates were: sea surface tempera-
ture, depth, distance to land, distance to physio-
graphic areas, slope, latitude, and longitude (see
‘Environmental variables’). The Maxent outputs re -
sulted in a raster grid representing the probability of
presence ranging on a log scale of 0 to 1. We aver-
aged the resulting outputs to the 5 × 5’ grid cell poly-
gons (Fig. 1). All 5 × 5’ grid cell polygons covering
land were reclassified to a value of 0.

Areal co-kriging

We performed co-kriging to combine the OPAKM
and GAKM, and produce a single output. The pri-
mary areal co-kriging variable was the OPAKM out-
put and the secondary co-kriging variable was the
GAKM output. A spherical model was used to fit the
covariance based on the methods described by Kri -
voruchko et al. (2011b). We chose the spherical
model over other model types after cross-validation
yielded lower standard errors (see Table 2) and bet-
ter fit the data (Supplement 8 at www. int-res. com /
articles / suppl / n024p021_ supp . pdf).

We ran the predict to polygons tool on the resulting
Geostatistical Analyst layers to predict the expected
number of whales sighted per 1 km of survey track-
line effort for each of the 524 fishing zone polygons.
The polygon outputs were examined against all
whale sighting locations to test for validation. We
reclassified polygons with a predicted value of 0 that
contained a whale sighting to half the standard error
value in order to represent animal presence while not
overestimating the prediction value. This affected
1.5% of all polygons (all data sets combined), mainly
in June to November, which had characteristically
more widely dispersed/sporadic whale sightings.

RESULTS

Prediction values and errors

The areal co-kriging prediction to polygons output
represents the predicted number of right whales
sighted per 1 km survey trackline effort for each of the
524 fishing zone polygons (summarized in Table 1).
Results indicate that a higher number of whales occur
in the study area from August to January and fewer
between February and July. The spatial distributions
of whales also vary temporally, exhibiting more con-
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centrated clustering December through May, typically
in Maine’s southern coastal area, with greater disper-
sion throughout the study area from June through No-
vember (Fig. 3). Standard errors varied across differ-
ent monthly aggregations, with smaller errors in
February/March, April/ May, and October/ November
and larger errors in  December/ January, June/July,
and August/September (Table 1).

Upon validation, the areal co-krig-
ing model produced root-mean-square
standardized errors close to 1, indica-
ting valid prediction errors. Mean
standardized errors (the average dif-
ference between the measured and
predicted values) were close to 0, and
root-mean-square error (indicating
how closely the model predicts the
measured value) and average stan-
dard errors (average of the prediction
standard errors) were low, with little
difference between them (Table 2).

Maxent

To assess our confidence in the right whale distri-
bution results discussed in the above section, we
needed assurance that the co-kriging variable de -
rived from Maxent provided accurate results.

27

Months               Polygon predictions Polygon standard error
                      Mean        Max.         Min.              Mean        Max.         Min.

Dec/Jan        0.0039       0.1397       0.0000           0.0027       0.0159       0.0000
Feb/Mar       0.0002       0.0070       0.0000           0.0000       0.0006       0.0000
Apr/May       0.0004       0.0079       0.0000           0.0001       0.0009       0.0000
Jun/Jul         0.0008       0.0156       0.0000           0.0032       0.0172       0.0000
Aug/Sep       0.0017       0.0696       0.0000           0.0025       0.0142       0.0000
Oct/Nov        0.0025       0.0564       0.0000           0.0002       0.0037       0.0000

Table 1. Summarized results and standard errors of the areal co-kriging model
for the 524 polygons. Polygon prediction value represents the predicted num-
ber of right whales expected to be sighted per 1 km survey trackline effort

Fig. 3. Eubalaena glacialis. Estimated number of whales per 1000 km survey trackline effort, calculated by the areal co-kriging 
method. Whale sightings (D) are overlaid to exhibit how well the predicted values represent the whale occurrence data
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The output performance was measured by the area
under the receiver operating characteristic (ROC)
curve (AUC), which represents the probability that a
randomly chosen presence location will be ranked
above a randomly chosen background site. An AUC
of 0.5 indicates a random ranking, whereas an AUC
of 1.0 indicates a perfect ranking. Models are consid-
ered useful when their AUC values are above 0.75
(Phillips & Dudík 2008). Although the AUC results in
Table 3 indicate the output is not error free, all Max-
ent outputs performed well, with AUC measure-
ments ranging from 0.910 to 0.964 (Table 3).

Estimates of relative contributions of the environ-
mental co-variates to the Maxent model are given
in Supplement 9 at www. int-res. com / articles / suppl /
n024p021 _ supp . pdf.

DISCUSSION

Assessment of areal co-kriged predicted values
versus raw data and on-effort SPUE

Due to the nature of this highly mobile, cryptic,
marine species, we may never know with complete
certainty their distribution and numbers. This in -
formation, however, is becoming increasingly impor-
tant to properly mitigate the anthropogenic effects on
this Endangered species. To sufficiently characterize
right whale distribution, it is vital to utilize all avail-
able data in order to limit data gaps. No method cur-
rently exists that incorporates all data types; there-
fore, we developed a method using an areal
co-kriging model to utilize all available data and bet-
ter characterize right whale distribution.

To assess whether the areal co-kriging method
provides a better representation of whale distribu-
tion than that of the commonly used on-effort SPUE
method, we compared the spatial distribution out-
puts of the 2 methods against whale occurrence
data (on- and off-effort sightings) to determine

which method better represents whale activity.
Fig. 3 shows the number of whales expected to be
sighted per 1000 km survey trackline effort for each
fishing zone polygon predicted from the areal co-
kriging method. Fig. 4 shows the number of whales
sighted (on-effort) per 1000 km survey trackline
effort for each fishing zone polygon calculated with
the SPUE method. For this assessment, whale sight-
ings were overlaid to exhibit how well the predicted
values from each method represent the known
whale occurrence data.

For the purpose of this assessment, the term
‘under-prediction’ refers to any polygon that
resulted in a predicted value of 0 or null, but is
known to have whale occurrences. The term ‘over-
prediction’ refers to any polygon that resulted in a
prediction value >0, but is where there have been
no recorded whale sightings. Fig. 4 illustrates the
extensive under-prediction of right whale presence
resulting from the use of the on-effort SPUE method
alone. Of the polygons that contained a whale sight-
ing (a confirmed whale occurrence), 43 to 98%
were calculated to have an on-effort SPUE value of
0 (some effort, but no whales) or null (no survey
effort) (Table 4). The highest under-predictions
occurred in June/July and August/September with
98 and 91%, respectively, of the polygons with
known right whale occurrences assigned 0 or null
values. This supports the notion that on-effort SPUE
alone is not a reliable representation of whale activ-
ity spatially.

In contrast, the areal co-kriging method does not
produce this kind of under-prediction of spatial
whale activity. Any polygon with a known whale
occurrence has a predicted value >0. This method
also, however, predicts whale activity in some poly-
gons where there have been no recorded whale
sightings. Although this could be considered an over-
prediction, we consider it valid in this case because:
(1) the purpose of this model is to predict the likeli-
hood of whale activity in a given polygon in the
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Months       Root-mean-square           Mean               Average         Root-mean-
                       standardized           standardized              SE                   square

Dec/Jan               1.0021                    0.0244               0.0208                0.0211
Feb/Mar               1.0025                    −0.0287               0.0056                0.0057
Apr/May              1.0038                    −0.0771               0.0046                0.0047
Jun/Jul                 1.0033                    0.0160               0.0159                0.0159
Aug/Sep              1.0023                    0.0248               0.0163                0.0161
Oct/Nov               1.0000                    −0.0765               0.0134                0.0133

Table 2. Areal co-kriging geostatistical analyst layer error results

Months                                AUC

Dec/Jan                               0.964
Feb/Mar                              0.957
Apr/May                             0.942
Jun/Jul                                0.945
Aug/Sep                              0.910
Oct/Nov                              0.912

Table 3. Maxent area under the
 receiver operating characteristic 

(ROC) curve (AUC) results

http://www.int-res.com/articles/suppl/n024p021_supp.pdf
http://www.int-res.com/articles/suppl/n024p021_supp.pdf
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future, not simply a direct representation of where
they have been seen in the past; and (2) the polygons
in question are clustered around polygons with
known right whale presence (Fig. 3) and it is likely
whales move into and between these areas.

We also compared the temporal distribution of
whale activity predicted by the areal co-kriging

method and on-effort SPUE method
with that of on-effort sightings data
only and on- and off-effort sightings
data to evaluate for seasonal represen-
tation.

To compare the predicted values of
the areal co-kriging and on-effort
SPUE methods (in units of number of
whales per 1 km survey trackline
effort) with that of sightings data (in
units of number of whales), we calcu-
lated the predicted number of whales
present in a polygon (N) for the 2
methods using the equation: N = W ×

(1/TW) × A, where W is the estimated number of
whales per 1 km survey trackline effort, TW is the
effective track width of the survey (assumed here to
be 5 km), and A is the area of the polygon (km2). Per
method, the estimated numbers across all polygons
were summed to get the estimated number of whales
for the study area.
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Months                                              No. of polygons
                    With whale               With whale sighting                 Under-
                       sighting                 calculated at 0 or null          prediction (%)

Dec/Jan              30                                       13                                     43
Feb/Mar             13                                        6                                      46
Apr/May             32                                       17                                     53
Jun/Jul               59                                       58                                     98
Aug/Sep             94                                       86                                     91
Oct/Nov             102                                     70                                     67

Table 4. Percentage of polygons under-predicted. Under-predicted defined as
polygons with on-effort sightings per unit effort (SPUE) calculated to be 0 (no
whale present) or null (no data) where whales have been known to occur

Fig. 4. Eubalaena glacialis. Right whale on-effort sightings per unit effort (SPUE). Values represent number of whales sighted
(on-effort) per 1000 km survey trackline effort. Whale sightings (D) are overlaid to exhibit how well the on-effort SPUE 

matches the whale occurrence data
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The overall seasonal contributions across methods
vary; however, the general patterns remain consis-
tent (Fig. 5). The areal co-kriging predicts a greater
fraction of total whale activity in December/January
than the other methods; however, this seems appro-
priate due to this method’s predicted aggregate level
of whale activity discussed below.

Lastly, we compared the aggregate level of whale
activity predicted by the 2 methods (Fig. 6). Areal co-
kriging produced a higher level of whale activity
than that predicted by on-effort SPUE, particularly in
December/January, This is likely due to the  December/
January data containing many whales falling just
outside the boundaries of the 524 output polygons
(Fig. 3). On-effort SPUE ignores these sightings, as
they do not fall within the polygon boundaries them-

selves; however, the areal co-kriging
method uses the high sightings values
near the polygons to help inform the
prediction, estimating higher whale
activity values in the polygons. This
concept remains consistent across sea-
sons. The seasons with the highest
predicted value differences between
methods coincide with larger numbers
of whale sightings close to, but falling
outside, the 524 polygon boundaries
(Figs. 3 & 4).

These analyses confirm that the
whale activity predicted by the areal
co-kriging approach falls within a rea-
sonable aggregate range and is repre-
sentative of the seasonal differences
suggested by the raw on-effort and off-
effort data. The areal co-kriged pre-
dicted output (Fig. 3) outperformed
on-effort SPUE (Fig. 4) in spatially rep-
resenting the whale distribution in
comparison to the sightings data as it
(1) incorporated all right whale sight-
ings data (not only on-effort only sight-
ings); (2) did not isolate polygons at
their boundaries, allowing nearby
polygons to inform each other in pre-
diction, better representing whale
movements across artificial bound-
aries; and (3) assigns reasonable whale
activity estimates to polygons with no
or limited systematic survey effort.

Areal co-kriging also provides stan-
dard errors associated with the predic-
tive values, providing a level of confi-
dence in our outputs which is not

available with the on-effort SPUE method. While the
predicted value error ranges were large in December/
January, June/July, and August/September, the root-
mean-square standardized errors were close to 1,
giving us confidence in these ranges. Overall, the
areal co-kriged method produced a more complete
spatial and temporal representation of whale activity
compared to on-effort SPUE.
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