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Abstract
Human use of the oceans is increasingly in conflict with conservation of
endangered species. Methods for managing the spatial and temporal placement of
industries such as military, fishing, transportation and offshore energy, have historically
been post hoc; i.e. the time and place of human activity is often already determined
before assessment of environmental impacts. In this dissertation, I build robust species
distribution models in two case study areas, US Atlantic (Best et al. 2012) and British
Columbia (Best et al. 2015), predicting presence and abundance respectively, from
scientific surveys. These models are then applied to novel decision frameworks for
preemptively suggesting optimal placement of human activities in space and time to
minimize ecological impacts: siting for offshore wind energy development, and routing
ships to minimize risk of striking whales. Both decision frameworks relate the tradeoff
between conservation risk and industry profit with synchronized variable and map
views as online spatial decision support systems.

For siting offshore wind energy development (OWED) in the U.S. Atlantic
(chapter 4), bird density maps are combined across species with weights of OWED
sensitivity to collision and displacement and 10 km2 sites are compared against OWED
profitability based on average annual wind speed at 90m hub heights and distance to
iv

transmission grid. A spatial decision support system enables toggling between the map
and tradeoff plot views by site. A selected site can be inspected for sensitivity to a
cetaceans throughout the year, so as to capture months of the year which minimize
episodic impacts of pre-operational activities such as seismic airgun surveying and pile
driving.

Routing ships to avoid whale strikes (chapter 5) can be similarly viewed as a
tradeoff, but is a different problem spatially. A cumulative cost surface is generated
from density surface maps and conservation status of cetaceans, before applying as a
resistance surface to calculate least-cost routes between start and end locations, i.e. ports
and entrance locations to study areas. Varying a multiplier to the cost surface enables
calculation of multiple routes with different costs to conservation of cetaceans versus
cost to transportation industry, measured as distance. Similar to the siting chapter, a
spatial decisions support system enables toggling between the map and tradeoff plot
view of proposed routes. The user can also input arbitrary start and end locations to
calculate the tradeoff on the fly.

Essential to the input of these decision frameworks are distributions of the
species. The two preceding chapters comprise species distribution models from two case
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study areas, U.S. Atlantic (chapter 2) and British Columbia (chapter 3), predicting
presence and density, respectively. Although density is preferred to estimate potential
biological removal, per Marine Mammal Protection Act requirements in the U.S., all the
necessary parameters, especially distance and angle of observation, are less readily
available across publicly mined datasets.

In the case of predicting cetacean presence in the U.S. Atlantic (chapter 2), I
extracted datasets from the online OBIS-SEAMAP geo-database, and integrated scientific
surveys conducted by ship (n=36) and aircraft (n=16), weighting a Generalized Additive
Model by minutes surveyed within space-time grid cells to harmonize effort between
the two survey platforms. For each of 16 cetacean species guilds, I predicted the
probability of occurrence from static environmental variables (water depth, distance to
shore, distance to continental shelf break) and time-varying conditions (monthly seasurface temperature). To generate maps of presence vs. absence, Receiver Operator
Characteristic (ROC) curves were used to define the optimal threshold that minimizes
false positive and false negative error rates. I integrated model outputs, including tables
(species in guilds, input surveys) and plots (fit of environmental variables, ROC curve),
into an online spatial decision support system, allowing for easy navigation of models
by taxon, region, season, and data provider.
vi

For predicting cetacean density within the inner waters of British Columbia
(chapter 3), I calculated density from systematic, line-transect marine mammal surveys
over multiple years and seasons (summer 2004, 2005, 2008, and spring/autumn 2007)
conducted by Raincoast Conservation Foundation. Abundance estimates were
calculated using two different methods: Conventional Distance Sampling (CDS) and
Density Surface Modelling (DSM). CDS generates a single density estimate for each
stratum, whereas DSM explicitly models spatial variation and offers potential for greater
precision by incorporating environmental predictors. Although DSM yields a more
relevant product for the purposes of marine spatial planning, CDS has proven to be
useful in cases where there are fewer observations available for seasonal and interannual comparison, particularly for the scarcely observed elephant seal. Abundance
estimates are provided on a stratum-specific basis. Steller sea lions and harbour seals are
further differentiated by ‘hauled out’ and ‘in water’. This analysis updates previous
estimates (Williams & Thomas 2007) by including additional years of effort, providing
greater spatial precision with the DSM method over CDS, novel reporting for spring and
autumn seasons (rather than summer alone), and providing new abundance estimates
for Steller sea lion and northern elephant seal. In addition to providing a baseline of
marine mammal abundance and distribution, against which future changes can be
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compared, this information offers the opportunity to assess the risks posed to marine
mammals by existing and emerging threats, such as fisheries bycatch, ship strikes, and
increased oil spill and ocean noise issues associated with increases of container ship and
oil tanker traffic in British Columbia’s continental shelf waters.
Starting with marine animal observations at specific coordinates and times, I
combine these data with environmental data, often satellite derived, to produce seascape
predictions generalizable in space and time. These habitat-based models enable
prediction of encounter rates and, in the case of density surface models, abundance that
can then be applied to management scenarios. Specific human activities, OWED and
shipping, are then compared within a tradeoff decision support framework, enabling
interchangeable map and tradeoff plot views. These products make complex processes
transparent for gaming conservation, industry and stakeholders towards optimal marine
spatial management, fundamental to the tenets of marine spatial planning, ecosystembased management and dynamic ocean management.
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1 Introduction
We are drowning in information, but starved for knowledge. —John Naisbitt (1982)

Preservation of our planet’s natural capital is incumbent on our ability to
transform available data into meaningful conservation decisions. Human activity is
changing the climate (Field et al. 2014), altering ecosystems (Worm et al. 2006) and
driving species to extinction (Barnosky et al. 2011). Humans have so radically
transformed the surface of the earth in recent years, geologists have dubbed this era the
Age of the Anthropocene (Crutzen & Stoermer 2000, Waters et al. 2016). Simultaneously,
human innovation and technology have launched satellites into space, created the
Internet, deployed sensors of all kinds and generated a massively expanding amount of
data, the so-called Information Age. How can these data be transformed into wise
decisions for maintaining the sustainable use and preservation of our planet’s natural
resources?

In this dissertation, I focus on transforming observational data from cetaceans to
predict their distribution in time and space (chapters 2 & 3). These species distributions
are then input to novel decision support frameworks for placing human industries to
successfully operate while wisely avoiding impacts to species of most concern (chapters
4 & 5).
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Figure 1.1. Cartoon schematic of dissertation chapters, beyond the
introduction, highlighting the two case study areas of U.S. Atlantic and British
Columbia, predicting presence and density respectively. The decision frameworks are
posed spatially as either a siting or routing problem that transparently weighs the
tradeoff between species conservation and industry costs.
Multivariate models relate marine mammal observations to the environment in
order to predict presence and even abundance of a given species across the seascape.
How then can decision-makers use these species distributions to minimize conflict? I
propose an interactive visualization linking a map and a chart describing tradeoffs along
each axis for cost to industry versus cost to species (Figure 1.1). Within this framework
two types of spatial objectives are handled: siting and routing.
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Siting is a problem for both space and time. For instance, the initial construction
phase of an offshore wind farm can be timed so pile driving occurs when acoustically
sensitive migratory animals are absent, whereas the longer term spatial siting considers
year-round maintenance impacts on species while maximizing factors for industry profit
(wind speed, proximity to electrical transmission lines / shore and minimal depth).

Routing is framed as a port-to-port problem; what route minimizes impact on
species and extra distance to traverse, i.e. cost to industry? The threat of ship strike and
pollution from spilling varies based on cargo, vessel speed and size, which can be
averaged by industry: cruise ship, cargo ship or oil tanker. Once a tradeoff point is
made, future routing could be automated to avoid “whale traffic” similar to our car
routing programs around vehicle traffic now commonplace on in-vehicle GPS and
smartphones.

These spatial decision-making frameworks are fully open source and can be
easily modified. They promise a future of truly dynamic ocean management that can
capture competing social and ecological interests in a holistic ecosystem-based manner.

The dissertation is divided into two large sections, each with two sub-chapters,
comprising the bulk of intellectual material before concluding (Table 1.1).
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Table 1.1: Dissertation outline. The robust species distribution models for case
study areas in the U.S. Atlantic and British Columbia feed into the spatial decisionmaking problems of siting offshore wind and routing around ship strikes.

Chapters
1. Introduction
Robust Species Distribution Models
2. Cetacean Presence in the U.S. Atlantic with Mixed Platforms
3. Cetacean Density in British Columbia
Spatial Decision Frameworks
4. Siting Offshore Wind Farms in Space and Time
5. Routing around Threat of Ship Strike to Whales
6. Conclusions
In the first section Robust Species Distribution Models are built for case study
areas of the U.S. Atlantic waters and British Columbia. In the U.S. Atlantic example,
species presence is predicted from scientifically conducted surveys for the first time
combining both boat and plane platforms (Best et al. 2012). For British Columbia, species
density is predicted from boat surveys to provide the most current spatially detailed
estimates of abundance (Best et al. 2015). The beginning of this section compares
predicting presence versus density in terms of data requirements and utility,
particularly with regard to regulatory requirements in North America.
The section Spatial Decision Frameworks utilizes the species distribution models
to provide a spatial decision framework as either a siting or routing problem, which
comprise the two sub-chapters. Although tradeoff analysis has existed for some time
(Markowitz 1952) and implemented recently within a marine spatial planning context
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(White, Halpern, et al. 2012), this OWED siting chapter represents the first explicitly
spatio-temporal interactive visualization for marine spatial planning. The routing
chapter extends the tradeoff approach and spatial decision framework to dynamically
route ships to minimize the threat of ship strikes to whales.

So far I’ve presented only the highest-level overview. Next within this
introductory chapter, I’ll dive into more detail and provide context.

1.1 Data to Decision in a Dynamic Ocean
Concurrent with a rise in conflicting human uses (Figure 1.2) has been a rapid
decline in overall marine biodiversity and ecosystem services (Worm et al. 2006, 2009,
Halpern, Walbridge, et al. 2008, Butchart et al. 2010). In response, recent calls for holistic
management practices, such as ecosystem-based management and marine spatial
planning, are encouraging multi-species, multi-sector approaches (US Commission on
Ocean Policy 2004, Crowder et al. 2006, Halpern, McLeod, et al. 2008, Crowder & Norse
2008, Douvere 2008, Dahl et al. 2009, Lubchenco & Sutley 2010, Becker et al. 2010). For
these applications I am focusing on marine spatial planning of cetaceans, but methods
will be transferable to other marine megafauna.
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Figure 1.2: Example human uses of the ocean with potential for harm to
endangered species (upper left, clockwise): pile driving and maintenance from
offshore wind energy installations, ship shock trials and low frequency sonar use by
military, fisheries gear entanglement, ship strike by transportation and cruise
industries.
Observational data for marine megafauna gathered from scientific surveys can
be captured by boat or plane (Figure 1.3). Some data are even captured by satellite, as
has been done for penguins (Fretwell et al. 2012). These methods survey the population
for a moment in time. Alternatively, individual animals can be tracked over time
through a variety of telemetry equipment, ranging from individual markings for markrecapture studies to GPS receiving and satellite transmitting tags (Hebblewhite &
Haydon 2010). Relating individual movements to the population level is still an active
area of research, encumbered by phenotypic variation requiring sufficient sample sizes
6

(Aarts et al. 2008). Assessment of species distributions is also commonly elicited from
experts (Denham & Mengersen 2007, Schipper et al. 2008, Martin et al. 2012).

Figure 1.3: Observational data on species distributions can be very
heterogeneous, coming from a variety of platforms (clockwise from upper left): ship,
plane, telemetry, expert opinion, and shore.
In the US, marine mammals are legally protected through the Marine Mammal
Protection Act and 22 are listed as threatened or endangered so are covered by The
Endangered Species Act. Human activities that pose threats include: fishing bycatch or
prey depletion (Read 2008), ship strikes (Laist et al. 2001), anthropogenic noise (Weilgart
2007), pollution of oil or bioaccumulating contaminants (O’Shea & Brownell Jr. 1994,
Aguilar et al. 2002, Ross et al. 2006), and global climate change (Learmonth et al. 2006,
7

Alter et al. 2010) (Alter, Simmonds, & Brandon, 2010; Learmonth et al., 2006). Relocating
potentially harmful human activities away from known cetacean distributions is
generally the safest and simplest way to minimize risk (Redfern et al. 2006, Dolman et al.
2009).
The current state of marine spatial planning begs several broad questions of
decision makers and decision support scientists. How can human activities be
conducted while sustainably maintaining ecosystem services and minimizing impacts to
endangered species? How much risk is acceptable? What are the tradeoffs between
conservation value and economic impact? How is poor data availability handled within
a highly dynamic marine environment? Which human uses require custom applications?
Rather than managing species individually, more holistic practices are being
developed to simultaneous manage across species and habitats. The modern push
towards ecosystem-based management (Arkema et al. 2006, Foley et al. 2013) and
marine spatial planning (Douvere 2008) are trending towards valuation of ecosystem
services (Guerry et al. 2012) and explicitly modeling tradeoffs (White, Halpern, et al.
2012) while being responsive to the ever changing marine environment (Hyrenbach et al.
2000, Hobday et al. 2013, Lewison et al. 2015, Maxwell et al. 2015). For instance, climate
change (Field et al. 2014) is driving a redistribution of species (Cheung et al. 2009) and
development of offshore renewable energy (Kaldellis & Zafirakis 2011). This need is
8

compounded by the multiplicity of human uses and agency jurisdictions (Crowder et al.
2006), as exemplified in Figure 1.4.

Figure 1.4: The many uses of our oceans necessitates coordinated, holistic
approaches to marine spatial planning, as exemplified here in southern California.
Source: Crowder et al. (2006)
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Decision support systems have begun to materialize that dynamically inform
marine operators of areas to avoid based on species observations or predicted habitats of
endangered species. For example, to inform pelagic longline fisherman around Hawaii
of hotspot areas to avoid sea turtle bycatch, TurtleWatch (Howell et al. 2008, 2015)
produces regularly updated maps based on sea-surface temperature affinities where sea
turtles are likely to be encountered. In east Australia, sea-surface temperature zones are
dynamically identified to differentiate southern bluefin tuna for the purposes of
managing quotas (Hobday et al. 2010). In the Gulf of Maine, the Whale Alert1
applications inform mariners of the most recent observations, either from volunteer
visual observations submitted or detections from the Right Whale Listening Network2
array of passive acoustic buoys. All vessels larger than 65 ft around Boston Harbor must
travel 10 knots or less in critical habitat areas, and those heavier than 300 gross tons
must report entrance into key areas and respond in real-time to current observations
delivered through the right whale sighting advisory system3 (L. I. Ward-Geiger, Silber,
Baumstark, & Pulfer, 2005).

http://stellwagen.noaa.gov/protect/whalealert.html
http://www.listenforwhales.org
3http://www.nefsc.noaa.gov/psb/surveys/SAS.html
1
2
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Figure 1.5. Examples of dynamic ocean management (Maxwell et al. 2015):
WhaleAlert (a) notifies mariners in the Gulf of Maine of volunteered visual
observations and passive acoustic detections to avoid ship strike; TurtleWatch (b)
updates maps of sea-surface temperature zones for pelagic longline fisherman in
Hawaii to avoid sea turtle bycatch; and the southern bluefin tuna fishery managed (c)
by restricting fisherman based on a dynamically updated sea-surface temperature
isocline.
The notion of pelagic reserves (K. D. Hyrenbach, Forney, & Dayton, 2000) is still
young and has been more recently suggested beyond countries' exclusive economic
zones (Ardron, Gjerde, Pullen, & Tilot, 2008). The UN Convention on Biological
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Diversity is reviewing criteria for Ecological and Biological Significant Areas for
applying these measures through the Global Ocean Biodiversity Initiative4. A receptive
audience awaits for determining pelagic habitats with the latest predictive tools relevant
to actively developing policy (D. C. Dunn, Boustany, & Halpin, 2010).
Dynamic management can include time-area closures, response to environmental
cues, and response to real-time observations. Whenever considering these measures, the
question to be asked is how much added value does dynamic management provide in
reducing risk versus cost for additional management complexity?

1.2 Robust Species Distribution Models
Individual observations or even large-scale surveys only describe species
observed for that time and place. Species distribution models extrapolate these
observations across a larger planning area for current and future environmental
conditions (Guisan & Zimmermann 2000, Elith & Leathwick 2009). How can we best
utilize available survey data, even from different platforms? Predictions can be for
presence or abundance. What are the data requirements and utility for each of these
approaches? How can we use environmental predictors dynamic in time and space to
improve model performance?

4

http://www.gobi.org
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Species distribution models statistically relate observations of species to the
environment in order to predict their distribution more broadly in space and time. This
process is more easily understood visually (Figure 1.6), starting with observations on a
map, extracting environmental data relevant in space and time to the observations,
evaluating these relationships statistically in variable space, before finally predicting the
speciesARIdistribution
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predictors this simply reflects the spatial autocorrelation of environment (Figure 1).
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Strong residual geographic patterning generally indicates that either key environmental predictors are missing (Leathwick & Whitehead 2001), the model is mis-specified (e.g., only linear
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terms where nonlinear are required), or geographic factors are influential (Dormann et al. 2007,
Miller et al. 2007). The latter include glaciation, fire, contagious disease, connectivity, movement,
dispersal, or biotic interactions. For these, the model might require additional relevant predictors, geographic variables and/or realistic estimates of dispersal distances or movement (Ferrier
et al. 2002; see Supplemental Literature Cited). Alternatively, some modelers enhance SDMs
with process-based information to jointly characterize the environmental and spatial influences
on distribution (e.g., Rouget & Richardson 2003, Schurr et al. 2007; and see below). Geographic
influences in aquatic environments are particularly challenging to model: marine currents can

Nally et al. 2008, Heinänen & von Numers 2009). Multiple models can be combined as
an ensemble (Araujo & New 2007). Output can predict likelihood of presence (i.e.
habitat) or density (i.e. abundance per unit area). Some habitat modeling techniques
(e.g. Maxent) require only presence data, whereas others require absence or pseudoabsence records. Density models require more information on group sizes and
parameters for detectability, especially distance and angle from observation platform.
Density predictions enable the calculation of potential take, often required for
environmental impact assessment. Habitat requires less data and may be more
appropriate for determining go/no-go areas. Habitat has been correlated to density for
cetaceans in Scotland waters, but inconsistently (Hall et al. 2010). Issues such as
autocorrelation (Dormann et al. 2007) and sampling bias (Phillips et al. 2009) need to be
addressed with each set of data. Measures such as area under the curve (AUC) are used
to assess model performance.
Megafauna often move between several habitats depending on life stage while
exhibiting complex behaviors. They live in a dynamic world of shifting currents or
winds, temperature and prey. This compounds typical data limitations, often resulting
in species distributions having poor levels of variance explained. Inclusion of dynamic
variables can improve predictability.
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Static marine physiographic predictors most commonly include depth, distance
to shore, distance to continental shelf break, and slope (Redfern et al. 2006). Readily
available dynamic oceanic predictors are sea-surface temperature (SST), which relate to
physiological optima of the species or its prey, and chlorophyll a, which relates to
primary productivity. Mixed layer depth (MLD) has proven to be a strong predictor for
the habitat of some cetaceans (Redfern et al. 2006), but has historically been limited to in
situ measurements by boat limiting its prediction across the seascape. Now 4D
oceanographic models such as the Hybrid Coordinate Ocean Model (HyCOM) make
MLD available over the entire oceanographically modeled extent. Oceanographic
models also do not suffer from cloud cover and can resolve more finely in time and
space, although error still exists. Most of these data and tools relevant to U.S. Atlantic
are now easily accessed within an ArcGIS workflow through the Marine Geospatial
Ecology Tools5 (Roberts et al. 2010)(Figure 1.7).

5

http://www.code.env.duke.edu/projects/mget
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Figure 1.7: Environmental predictors, which are temporally dynamic and more
closely aligned with the aggregation and visibility of potential prey-rich areas, can
significantly improve the species distribution model. Here are examples of extracting:
eddies from the AVISO satellite sea-surface height data using the Okubo-Weiss
equation (left); fronts from Pathfinder satellite sea-surface temperature data using the
Cayula-Cornillon bimodal detection algorithm (right). Source: Roberts et al. (2010)
Scaling issues are pervasive in ecology (Wiens 1989) and at least as relevant here.
Grain of the satellite imagery or oceanographic model is the limiting factor for
differentiating local behavior and response. For instance geostrophic currents are
available at 9km resolution. Many smaller-scale oceanographic features exist relevant to
species. From the minimal resolution raster layers could be scaled to larger grain sizes
to evaluate the sensitivity and performance of the models at different scales. This can
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similarly be done in time. Remotely sensed data at finer temporal scales such as daily or
weekly usually suffer from missing more data due to cloud cover. Larger scales, such as
annual or climatic, average out of existence significant ephemeral features like SST
fronts or geostrophic eddies.
Distribution of a species can lag in time and space from the characterization of
the environment, whether from remotely sensed data or oceanographic models. The
degree to which one is coupled to the other may inform key ecological process, such as
trophic linkages. For instance, zooplanktivorous baleen whales, like the right whale
feeding on Calanus, are hypothesized to be respond more quickly and predictably to the
environment than pisciverous whales since more time is allowed for drift. One study in
South Africa boldly measured temperature, chlorophyll, zooplankton, fish, bigger fish
and birds, and found a spatial mismatch in trophic linkages (Gremillet et al. 2008).
Simple testing of this drift in time between species and environment could simply be
accomplished by including lagged terms in the model and allowing model selection to
determine the best lag. Spatial lag would test neighbors in space, as either 4 (rook) or 8
(cardinal) neighbors per cell.
In order to predict density, rather than just presence or likelihood of encounter,
from line transect surveys, the number of animals per sighting, or school, must be
included along with the angle and distance in order to estimate a probability of
17

detection (Thomas et al. 2010). This detection function determines the offset of
encounters to additionally include as a function of distance from the observation
platform to account for lack of detection further away from the boat or plane (Figure
1.8).
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framework (Markowitz 1952, Guerry et al. 2012, White, Halpern, et al. 2012), informed
by applying multiple weights, often determined through expert elicitation (Teck et al.
2010). This larger set of multi-criteria decision analysis (Mendoza & Martins 2006, Wang
et al. 2009) has seen popularity in marine conservation for evaluating cumulative
impacts of human pressures on the marine environment (Halpern, Walbridge, et al.
2008).

Various acts mandate protection for marine mammals (MMPA), fish (MSA),
birds (MBTA) and endangered species (ESA, SARA) in North America (Moore et al.
2009, Favaro et al. 2014). Estimates for the number of species impacted by a given
human activity are often required to be within the bounds of sustaining or recovering a
given population (e.g. PBR or MSY). At a fine scale, environmental impact reports detail
potential losses for a given development activity. Internationally, Aichi biodiversity
targets outlined by the UN’s CBD encourage nations to enhance biodiversity and reduce
ecological pressures (Thomas et al. 2014).

Potential environmental impacts of a given human use are generally applied to a
hazard model (Figure 1.10) that separately evaluates the probability of exposure and
vulnerability of species (Gheorghe 2005). Exposure is related to distribution of the
species in time and space, and vulnerability to the population’s extinction risk and
sensitivity to the given human activity. Impacts of individual impacts are often
20

unknown, so characterizing uncertainty is especially important. This is especially the
case for quantifying population consequences of disturbance (King et al. 2015) which act
indirectly (i.e. non-lethally), based on the individual species phenotype (e.g. juvenile,
adult) and behavior (e.g. feeding, breeding, or migrating).

Figure 1.10. Core risk concepts based on vulnerability, exposure and hazards
from the IPCC working group on Impacts, Adaptation, and Vulnerability. Source:
(Field et al. 2014)
While much work has been done already to support description of species
distributions for planning purposes (Elith & Leathwick 2007, Margules & Sarkar 2007,
Pressey et al. 2007, Pressey & Bottrill 2009), there is room for improvement in answering
the questions above for adopting a marine operational framework. Providing web
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services makes these data readily available for scientific reviewers, decision makers and
public stakeholders (Figure 1.116).

Figure 1.11: Spatial decision support system depicting the input survey tracks
(lines), observations (blue dots) and habitat prediction surface (blue=low vs. red=high
likelihood of encounter) for sperm whales in the US Atlantic east coast region.
Stakeholder engagement is vital to the success of any marine spatial plan. A wide
variety of stakeholders in California were able to contribute spatial feedback through the
highly effective MarineMap (Figure 1.12) as part of the Marine Life Protection Act
Initiative, which set aside 16% of the state waters for marine protection (Merrifield et al.
2013).

6

http://seamap.env.duke.edu/search/?app=serdp
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Figure 1.12. MarineMap to support California's Marine Life Protection Act
(MLPA) Initiative (Merrifield et al. 2013).

1.3.1 Siting Offshore Wind Energy Development
The global consequences of climate change driven by fossil fuel consumption
motivate the development of renewable energy alternatives for the long-term
habitability of our planet. Construction and operation of renewable energy plants also
have environmental impacts, albeit on more local scale. Full consideration of
environmental consequences is critical to permitting these alternative energy
developments.
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No one alternative renewable energy source, whether from wind, water or sun, is
considered a panacea, however a portfolio of approaches are considered based on the
energy availability and demand given the place. Jacobson & Delucchi (2011) proposed
such a portfolio to meet the global demand for energy with renewables by 2050 and
concluded costs would be comparable to fossil fuel consumption today, citing the
biggest impediment to be social and political will rather than technological or economic
feasibility. Wind speeds tend to increase with altitude and distance from shore (Musial
& Ram 2010), so offshore wind energy is a strong candidate for renewable energy
development which explains its rapid adoption in recent years (Figure 1.13).

Figure 1.13. Installed and cumulative capacity (in megawatts) of offshore wind
energy development globally. The United States is noticeably absent. Source: (Smith
et al. 2015)
As of the first half of 2015, the total installed capacity is at 8,990 megawatts (MW)
worldwide with the United Kingdom leading and Germany following at 4,625 MW and
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1,505 MW respectively (Smith et al. 2015). Europe accounts for 96% of installed capacity
with the remainder in Asia. The United States is noticeably absent from any currently
installed offshore wind capacity, despite high wind availability and coastal energy
demand. The first grid connected US wind farm did begin offshore construction July
2015 at Block Island, RI by Deepwater Wind and is anticipated to be in production at 30
MW fall 2016. Although other projects are slated for the future pipeline, what accounts
for this stark lack of development in US waters?
The lengthy environmental compliance process, estimated to incur a 7 – 10
permitting timeline, has been identified as a significant impediment to offshore energy
development in US waters (Beaudry-Losique et al. 2011). A “Smart from the Start”
interagency program led by the federal leasing agency, the Bureau of Ocean Energy
Management (BOEM), has formed task forces to reduce these demands by identifying
environmentally responsible Wind Energy Areas (WEAs) for offshore wind
development (Figure 1.14).
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Figure 1.14. Current federal offshore wind leases, Wind Energy Areas (WEAs)
and call areas in the Atlantic Offshore Continental Shelf. Source: (Smith et al. 2015) ,
illustration by Josh Bauer, NREL
The regulatory landscape for environmental compliance and offshore wind
permitting in the United States is quite vast covering requiring interagency oversight
across a broad sweep of regulations (Beaudry-Losique et al. 2011), including:

•

National Environmental Policy Act (NEPA)

•

Endangered Species Act (ESA)

•

Marine Mammal Protection Act (MMPA)
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•

Magnuson-Stevens Fishery Conservation and Management Act

•

Marine Protection, Research, and Sanctuaries Act

•

National Marine Sanctuaries Act

•

Coastal Zone Management Act

•

National Historic Preservation Act

•

Federal Aviation Act

•

Federal Power Act

•

Ports and Waterways Safety Act

•

Rivers and Harbors Act

•

Outer Continental Lands

•

Clean Water Act

•

Clean Air Act

To make necessary information available to developers BOEM has also been
facilitating the input of relevant spatial data into the online MarineCadastre.gov portal
(Figure 1.15). Datasets detail individual species distributions and potential conflicts with
other industries, such as military and transportation. While the availability of these
datasets will no doubt aid the planning process for OWED, a comprehensive summary
view of overall risk to wildlife is still lacking.
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Figure 1.15. Screenshot of the spatial datasets available through the Marine
Cadastre web portal (http://MarineCadastre.gov).
The contrasting tradeoffs between wildlife conservation and energy
development can be explicitly modeled in terms of an efficiency frontier (White,
Halpern, et al. 2012). Originally developed as portfolio analysis to weigh financial
investment in terms of risk versus return over time (Markowitz 1952), tradeoff analysis
provides a useful synoptic view for evaluating across many sites the risk to wildlife
versus the profitable return to industry. Ideally, alternative sites can be chosen which
maintain profitability while also maximizing conservation benefit. Plotting the value of
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each site along two axes (i.e. profitability versus conservation) readily yields a
relationship (Figure 1.16), which for the ideal scenario of interacting services is concave.

Figure 1.16. Hypothetical shapes of efficiency frontiers highlighting the
tradeoff between ecosystem services for marine spatial planning. Source: (Lester et al.
2013)
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ecosystem, as we show below.
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A holistic framework for quantifying sensitivity of birds to OWED was first
developed by Garthe & Hüppop (2004) to account for species-specific responses to
OWED according to direct (collision) and indirect (displacement) effects. This
framework has been expanded upon (Furness et al. 2013) and explicitly mapped from
density surface models by component (Bradbury et al. 2014).

Figure 1.18. Sensitivity of birds to OWED by collision (top), displacement
(middle) and combined (bottom) as maximum value of either, for summer (left) and
winter (right) seasons in the UK. Source: (Bradbury et al. 2014)
But how then are other species incorporated to the decision-making process?
Goodale & Milman (2016) summarize impacts on wildlife (Figure 1.23) in terms of the
original hazard-vulnerability-exposure model (Figure 1.10). OWED hazards are
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considered in terms of: phases of development (pre-construction, construction,
operation, and decommissioning); vulnerability of receptors the presence of species
having direct and indirect effects; and exposure in terms of space and time; all to be
considered cumulatively.
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Figure 1.19. Cumulative adverse effects of offshore wind energy development
on wildlife (Goodale & Milman 2016).
The majority of impacts to cetaceans are acoustically, not during operation but
during pre-construction seismic surveys and construction pile driving (Bailey et al. 2014,
Firestone et al. 2015). Both of these activities impart a large amount of acoustic energy
(Figure 1.20), which can kill or harm animals in the immediate vicinity.
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Figure 1.20. Acoustic energy by frequency and noise level, highlighting the
intensity of OWED pre-operational activities such as pile driving and seismic airgun
surveying. Source: (Damian & Merck 2014)
The species-specific responses of cetaceans are known for very few marine
mammals, and have only been modeled in spatially explicitly detail (Figure 1.21) for the
harbor seal (Thompson et al. 2013, Hastie et al. 2015). Until these responses can be more
explicitly modeled, I use conservation status as a measure of sensitivity to OWED.
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Figure 1.21. With sufficient data on species distribution, indirect
(displacement) and direct (permanent threshold shift) effects, estimates of potential
biological removal can be made, in this case of harbor seals in Scotland to OWED.
Source: (Thompson et al. 2013)

1.3.2 Dynamic Routing to Minimize Ship Strikes
Large whales are particularly vulnerable to ship strike. For the endangered
North Atlantic right whale (Eubalaena glacialis) having only around 500 individuals, the
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death of even a single female could significantly contribute to the extinction of the
species. Right whales have the misfortune of summering in the Gulf of Maine near the
busy Boston Harbor. Traffic lanes were rerouted around a hotspot of right whale
observations (Figure 1.22). The shipping lanes were redrawn in ad hoc fashion, not
consisting of a method able to be reproduced elsewhere, and considered static, unable to
respond to climatic changes or shifts in species distributions.
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Figure 1.22: Ships were rerouted in Boston Harbor around hotspots of right
whale observations, but in ad hoc fashion without quantifying the tradeoff between
cost to industry and conservation gain. Source: (Ward-Geiger et al. 2005)
In the Santa Barbara Channel of Southern California (Figure 1.23) a similar
approach was taken in which density of whale presence overlap was evaluated after
shipping routes were proposed (Redfern et al. 2013).
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Instead, I propose a systematic dynamic method in which ships can respond to
“whale traffic” as best can be predicted for minimizing ship strike to whales. This system
could then theoretically be applied a priori globally (Figure 1.24).
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Redfern et al.

299

Figure 2. Mean predicted densities and standard errors for (a) humpback, (b) blue, and (c) fin whales (black
dots, sightings) in the subset of the study area that overlapped with the shipping routes (black lines).

Figure 1.23. Predicted density (left) and error (right) for humpback (a), blue (b)
Conservation Biology
27, No. 2, 2013
and fin whales (c) in the Santa Barbara Channel overlapping proposedVolume
shipping
routes. Source: (Redfern et al. 2013)
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Figure 1.24: Given this spatial decision framework, routes to all ports globally
could be similarly proposed. Source: (Halpern, Walbridge, et al. 2008)
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2 Modeling Cetacean Presence in the US Atlantic with
Mixed Platforms
2.1 Introduction
The ability to conserve and manage cetacean populations fundamentally
depends upon describing their distribution in time and space. Human activities pose
multiple threats to cetacean populations, such as fisheries bycatch and food depredation
(Read 2008, Moore et al. 2009), ship strikes (Laist et al. 2001), anthropogenic noise
(Weilgart 2007) contaminants (O’Shea & Brownell Jr. 1994, Aguilar et al. 2002), and
global warming (Learmonth et al. 2006, Alter et al. 2010). Relocating potentially harmful
human activities away from known cetacean distributions is often the best way to
minimize these threats (Dolman et al. 2009). Habitat models which relate past
observations to the environment provide a predictive surface against which these
management decisions can be made (Redfern et al. 2006). The ability for species
distribution models to inform conservation management of cetaceans is a major thrust
and application of this paper, revisited in the discussion section.

Our goal was to develop a data management, statistical modeling and decision
support system describing the habitat use of marine mammals in the North Atlantic and
Gulf of Mexico. The system uses data on the distribution of marine mammals generated
by dedicated surveys contained in the publicly available online OBIS-SEAMAP marine
data archive (Halpin et al. 2009). As part of a larger Ocean Biogeographic Information
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System (OBIS), the Spatial Ecological Analysis of Megavertebrate Populations
(SEAMAP) component focuses on marine mammal, seabird and sea turtle collections.
OBIS further propagates its observational data to the Global Biodiversity Information
Facility (GBIF), which is inclusive of terrestrial biota. We aimed to use the greatest
number of scientifically collected, publicly available datasets from both boat and plane
survey platforms for modeling.

The literature on species distribution modeling is vast and has been thoroughly
reviewed elsewhere (Elith & Leathwick 2009, Cushman & Huettmann 2010, Franklin &
Miller 2010). In ecological terms, the habitat modeled here is presumed to be the realized
niche or the “n-dimensional hypervolume” (Hutchinson 1957). Interspecies competition
and prey were not explicitly modeled, but expected to interplay with physiological
constraints to produce this realized niche. Rather than a mechanistic model befitting a
purely ecological understanding of the species distribution (Guisan & Zimmerman
2000), these models provide a statistical correspondence to the environment intended for
predictions relevant to marine spatial planning.

Species distribution models based on the underlying environment can predict
outputs ranging from probability of occurrence estimated from opportunistic presenceonly observations, such as with Maxent (Phillips & Dudik 2008), to full-fledged
heterogeneous maps of absolute abundance estimated from line transect surveys, such
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as with Distance sampling and density surface modeling methodologies (Thomas et al.
2010). Presence-only models require only observations and associated environmental
data. In order to calculate density for classical line transect surveys, additional
parameters must be estimated, such as the probability of encounter on the trackline and
the effective strip width (Buckland et al. 2001). These parameters often vary by species,
region, platform, observing conditions and even observer. Subsequently combining
results from various platforms for the same species and region presents an unsolved
problem with the density approach. On the other hand, presence-only models do not
account for where the vessel visited and found no species. Instead, species habitat is
differentiated by either generating random pseudo-absence data points or drawing from
the entire range of environmental background within the study area (Phillips et al. 2009,
Ready et al. 2010). Alternatively, where survey effort is recorded, presence and absences
can be explicitly modeled from transect segments. In cases of poor sampling frequency
or rare/cryptic species, as is common with marine fauna, this transect approach typically
yields a vast majority of segments classified as absences. This well known statistical
issue of zero inflation makes model fitting problematic.
To resolve the issue of including survey effort absences without zero inflation,
we used a generalized additive modeling (GAM) framework with a grid over the study
area, replicated by months surveyed. We segmented monthly survey tracklines by grid
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cells to calculate the minutes surveyed per space-time cell as our measure of survey
effort. Only grid cells with survey effort were included in the fitting of the GAM. We
modeled probability of presence as the response and applied minutes surveyed as the
weight, similar to a sightings per unit effort approach (SPUE). The North Atlantic Right
Whale Consortium calculated effort for SPUE in km of trackline to pool survey
platforms (Pittman et al. 2006, Fonnesbeck et al. 2008, Pershing et al. 2009, Pittman &
Costa 2010). Elsewhere units of time have been used (Tetley et al. 2008).
Previous studies have attempted to elucidate relationships between marine
mammal communities and their habitats within the U.S. Exclusive Economic Zone (EEZ)
which extend 200nm offshore (Reilly & Fiedler 1994, Davis et al. 1998, Hamazaki 2002,
Mullin & Fulling 2004, Waring et al. 2009). Despite these preliminary studies, the
relationship between many marine mammals and their habitats is still poorly
understood and insufficient to predict their presence in particular areas.
Delivery of these models to end users engaged in marine spatial planning is best
accomplished with an interactive mapping interface which enables in depth examination
of model surfaces by species, region and season. The ability to extract model output
summaries for user-defined coordinates further enables the interface to readily evaluate
environmental impacts for a proposed area of human activity. Ancillary information,
such as input survey tracks and marine mammal sightings, along with descriptive
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model outputs are beneficial for review of modeling details. Hence all available model
data and supporting information specific to an area of interest can be quickly tabulated,
mapped and incorporated into the marine spatial planning process.

Herein we describe a GAM modeling framework that allows for effort-corrected
incorporation of datasets from multiple platforms, the resulting ecological insights from
the models, and the spatial decision support system to readily view them for practical
management applications.

2.2 Methods
The development of the marine mammal habitat models followed five general
steps: (1) gathering sightings of marine mammals and associated survey effort; (2)
sampling date-synchronous environmental data; (3) fitting multivariate statistical
models to the data; (4) predicting habitat from the models across a seascape with timespecific environmental conditions; and (5) presentation of results within a spatial
decision support system (SDSS).

2.2.1 Marine Mammal Surveys
Our study area encompasses the entire U.S. Exclusive Economic Zone (EEZ)
along the Atlantic coast and Gulf of Mexico, which correspond to the strata for which
the surveys were designed. We delineated three regions to allow for a hierarchical
modeling approach: (1) Gulf of Mexico (GoM); (2) Southeast Atlantic (SE); and (3)
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Northeast Atlantic (NE) (). These three regions were delineated based on the
biogeography of the area (Ekman, 1953, Angel, 1979, MacLeod, 2000). The boundary
between Northeast and Southeast corresponds to the separation between temperate and
sub-tropical ecosystems at the point at which the Gulf Stream veers offshore of Cape
Hatteras, North Carolina (Figure 2.1). We also combined the Southeast and Northeast
into an East coast region (East) to test for a more robust model that includes more
sightings based on model selection parameters (e.g. AIC, UBRE, AUC, and deviance
explained). We also explored the effects of combining sightings from the Gulf of Mexico
and Atlantic into a single model. We used the 5-m contour as the near-shore boundary
and the EEZ as the offshore boundary with some extensions to include U.S. Navy
operating areas.
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Figure 2.1: Survey effort pooled across datasets by season within study
regions: Gulf of Mexico (GoM), Southeast (SE) and Northeast (NE) Atlantic. The map
projection is North America Albers Equal Area.
Within the three regions, we searched the online OBIS-SEAMP marine archive
(http://seamap.env.duke.edu) for marine mammal survey datasets (Halpin et al. 2009).
We restricted our search to aerial and shipboard line-transect surveys of marine
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mammals, conducted primarily by NOAA researchers engaged in stock assessment
surveys. These sightings were augmented by similar surveys conducted by academic
researchers, using essentially the same protocols. All these datasets quantified on-effort
observation (i.e. survey tracks) and were collected by expert, professional observers; we
did not use any opportunistic surveys. We restricted our search for marine mammal
surveys to years after 1985, when the earliest sea-surface temperature satellite records
became available through the 4km Advanced Very High Resolution Radiometer
(AVHRR) Pathfinder Project (Kilpatrick et al. 2001).

Table 2.1: Survey datasets identified by provider, name, type of platform,
begin/end date and number of marine mammal sightings (N). Provider identifiers
correspond to Dalhousie University (DU), Duke University Marine Lab (DUML),
Northeast Fisheries Science Center (NEFSC), Southeast Fisheries Center (SEFSC),
University of North Carolina Wilmington (UNCW) and the Years of the North
Atlantic Humpback Whale (YoNAH) consortium.
Provider Name
DU
Sargasso cruise - sperm whale
sightings
DUML
Hatteras Eddy Cruise 2004
Summer 2004 and Winter 2005 Cape
Hatteras
Vessel-Based Surveys for proposed
Onslow Bay USWTR site
NEFSC
Aerial Circle-Back Abundance Survey
2004
Aerial Survey - Experimental 2002
Aerial Survey - Summer 1995
Aerial Survey - Summer 1998
Harbor Porpoise Survey 1991
Harbor Porpoise Survey 1992
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Platform
boat

Begin
End
2004-05 2004-06

N
11

boat
boat

2004-08 2004-08
2004-08 2005-02

20
70

boat

2007-06 2007-11

23

plane

2004-06 2004-07

287

plane
plane
plane
boat
boat

2002-07
1995-08
1998-07
1991-07
1992-07

2002-08
332
1995-09
304
1998-08
422
1991-08
770
1992-09 1,238

Provider Name
Joint Deepwater Systematics and
Marine Mammal Survey
Marine Mammal Abundance Survey Leg 1
Marine Mammal Abundance Survey Leg 2
Marine Mammal Survey 1991-10
Marine Mammal Survey 1992
Marine Mammal Survey 1997
Marine Mammal Survey 1998, Part 1
Marine Mammal Survey 1998, Part 2
Mid-Atlantic Marine Mammal
Abundance Survey 2004
Summer Marine Mammal Survey
1995, Part I
Summer Marine Mammal Survey
1995, Part II
SEFSC
Atlantic Cetacean Survey 1992
Atlantic Cetacean Survey 1999
Atlantic surveys, 1998
Caribbean Survey 2000
Eastern Gulf of Mexico Marine
Mammal Survey 1994
Gulf of Mexico Marine Mammal
Survey 1992; Sightings
Gulf of Mexico Marine Mammal
Survey 1993 (S)
Gulf of Mexico Marine Mammal
Survey 1993 (W)
Gulf of Mexico Marine Mammal
Survey 1994
Gulf of Mexico Shelf 2001
Mid-Atlantic Tursiops Surveys 1995
(1)
Mid-Atlantic Tursiops Surveys 1995
(3)
Mid-Mid Atlantic Tursiops Surveys
1995 (2)
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Platform
boat

Begin
End
2002-07 2002-08

N
105

boat

1995-07 1995-08

433

boat

1995-08 1995-09

153

boat
boat
boat
boat
boat
boat

1991-10
1999-07
1997-08
1998-07
1998-08
2004-06

boat

1995-07 1995-08

boat

1995-08 1995-09 1,401

boat
boat
boat
boat
boat

1992-01
1999-08
1998-07
2000-02
1994-08

1992-02
1999-09
1998-08
2000-04
1994-09

77
236
287
196
305

boat

1992-04 1992-06

270

boat

1993-05 1993-06

271

boat

1993-01 1993-02

45

boat

1994-04 1994-06

286

boat
plane

2001-08 2001-09
1995-07 1995-07

225
47

plane

1995-07 1995-08

46

plane

1995-07 1995-07
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1991-10
80
1999-08 1,021
1997-09
60
1998-08
492
1998-08
309
2004-08
522
150

Provider Name
Northern Gulf of Mexico Cetacean
Survey 1998
Northern Gulf of Mexico Marine
Mammal Survey 2000
Oceanic Gulf of Mexico Cetacean
Survey 1996
Oceanic Gulf of Mexico Cetacean
Survey 1997
Oceanic Gulf of Mexico Cetacean
Survey 1999
Oceanic Gulf of Mexico Cetacean
Survey 2000
Oceanic Gulf of Mexico Cetacean
Survey 2001
Southeast Cetacean Aerial Survey
1992
Southeast Cetacean Aerial Survey
1995
GoMex Sperm Whale Survey 2000
UNCW
2008 Right Whale Aerial Surveys
Aerial Survey 98-99
Aerial Surveys for proposed Onslow
Bay USWTR site - Left
Aerial Surveys for proposed Onslow
Bay USWTR site - Right
Marine Mammal Aerial Surveys 20062007
Marine Mammal Sightings,
Southeastern US 2001
Right Whale Aerial Survey 05-06
YoNAH The Years of the North Atlantic
Humpback Whale

Platform
boat

Begin
End
1998-09 1998-09

N
42

boat

2000-09 2000-10

84

boat

1996-04 1996-06

536

boat

1997-04 1997-06

268

boat

1999-04 1999-06

217

boat

2000-04 2000-05

198

boat

2001-04 2001-05

181

plane

1992-01 1992-03

263

plane

1995-01 1995-03

176

boat
plane
plane
plane

2000-06
2008-02
1998-09
2007-06

2000-07
2008-06
1999-10
2007-12

278
565
177
10

plane

2007-06 2007-12

16

plane

2006-12 2007-05

929

plane

2001-02 2001-03

402

plane
boat

2005-10 2006-04
690
1992-01 1993-12 4,215

Thus, the data we used to predict habitat suitability for marine mammals came
from government agencies and academic institutions that contributed to OBIS-SEAMAP.
The two primary data sources were marine mammal surveys conducted by the
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Northeast Fisheries Science Center (NEFSC) in Woods Hole, MA and the Southeast
Fisheries Science Center (SEFSC) in Miami, FL. The surveys from 1991 to 2007 and
covered the entire Atlantic coast and Gulf of Mexico. These are the most extensive
marine mammal survey data sets available within the U.S. east coast EEZ. All scientific
surveys with standardized effort in the U.S. East coast and Gulf of Mexico were pooled
for analysis from OBIS-SEAMAP for a total of 11,006 unique marine mammal sightings
between 1991 and 2006 across 52 datasets, of which 36 were by ship and 16 by aircraft
(Table 2.1).

Despite this compilation of data sets, sample sizes were inadequate to build
separate habitat suitability models for each species, so we grouped species at various
taxonomic levels to create species guilds. Each guild was established using information
on species distributions, interactions and other expert knowledge. Each guild was
compared to environmental ordination results for validation of its species members
(Schick et al. 2011). The final cetacean guilds we used in models of habitat suitability
include: baleen whale, humpback whale, right whale, beaked whale, sperm whale, Kogia
spp., killer whale, pilot whale, Lagenorhynchus spp., common dolphin, spinner dolphin,
Stenella coeruleoalba, Stenella attenuata, Stenella frontalis, bottlenose dolphin, and harbor
porpoise (Table 2.2).
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Table 2.2: Taxonomic members of cetacean guilds and species IUCN Red List
status (http://www.iucnredlist.org): Data Deficient (DD), Least Concern (LC),
Vulnerable (VU), and Endangered (EN).
Guild name
Baleen whale

Humpback whale
Right whale
Beaked whale

Sperm whale
Kogia spp.

Killer whale

Pilot whale

Lagenorhynchus
spp.

Scientific name
Balaenoptera spp.
Balaenoptera acutorostrata
Balaenoptera borealis
Balaenoptera edeni
Balaenoptera musculus
Balaenoptera physalus
Megaptera novaeangliae
Eubalaena glacialis
Berardius bairdii
Hyperoodon ampullatus
Mesoplodon spp.
Mesoplodon bidens
Mesoplodon densirostris
Mesoplodon europaeus
Mesoplodon mirus
Ziphiidae
Ziphius
Ziphius cavirostris
Physeter macrocephalus
Kogia spp.
Kogia breviceps
Kogia sima
Orcinus orca
Feresa attenuata
Peponocephala electra
Pseudorca crassidens
Globicephala spp.
Globicephala
macrorhynchus
Globicephala melas
Lagenorhynchus spp.
Lagenorhynchus acutus
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Common Name
Baleen whales
Minke whale
Sei whale
Bryde’s whale
Blue whale
Fin whale
Humpback whale
North Atlantic right whale
Baird's beaked whale
North Atlantic bottlenose
whale
Beaked whales
Sowerby’s beaked whale
Blainville’s beaked whale
Gervais’ beaked whale
True’s beaked whale
Beaked whales
Goose-beaked whales
Cuvier’s beaked whale
Sperm whale
Kogia
Pygmy sperm whale
Dwarf sperm whale
Killer whale
Pygmy killer whale
Melon-headed whale
False killer whale
Pilot whales
Short-finned pilot whale

Status

Long-finned pilot whale
White-beaked dolphins

DD

Atlantic white-sided dolphin

LC

LC
EN
DD
EN
EN
LC
EN
DD
LC

DD
DD
DD
DD

LC
VU
DD
DD
DD
DD
LC
DD
DD

Guild name

Spinner dolphin

Scientific name
Lagenorhynchus albirostris
Delphinus spp.
Delphinus delphis
Stenella clymene

Stenella coeruleoalba
Stenella attenuata
Stenella frontalis
Bottlenose dolphin
Harbor porpoise

Stenella longirostris
Stenella coeruleoalba
Stenella attenuata
Stenella frontalis
Tursiops truncatus
Phocoena phocoena

Common dolphin

Common Name
White-beaked dolphin
Common dolphin
Common dolphin
Short-snouted spinner
dolphin
Spinner dolphin
Striped dolphin
Pantropical spotted dolphin
Atlantic spotted dolphin
Bottlenose dolphin
Harbor porpoise

Status
LC
LC
DD
DD
LC
LC
DD
LC
LC

2.2.2 Environmental Data
For the 10 km2 sampling grid across the study area, edge cells less than half size
were removed. The centroids of these cells were then used to sample the underlying
environmental data. The environmental data layers we used to construct the habitat
models are a combination of static, dynamic and derived variables, all of which have
been shown to be useful predictor variables for marine mammal habitats (Redfern et al.
2006).
For water depth, the General Bathymetric Chart of the Oceans (GEBCO;
http://gebco.net) provides a 1-minute global bathymetric surface. The 200m contour
from this grid is used for deriving distance from the continental shelf with the ArcGIS
function EucDistance. The final static variable, distance from shore, is taken as the
Euclidean distance from the NOAA Global Self-consistent, Hierarchical, High-resolution
Shoreline Database (Wessel and Smith 1996; GSHHS;
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http://ngdc.noaa.gov/mgg/shorelines/gshhs.html). All map layers were converted to the
North American Albers Equal Area Conic projection to minimize map distortion and
maximize the accuracy of distance calculations. Depth and distance from shore were logtransformed in the final model fitting to normalize the data.
Beyond sea surface temperature (SST), we wished to include chlorophyll-a
concentration and sea surface height, but in keeping with our desire to include as many
datasets as possible for increased sample size, we limited our dynamic environmental
data to sea-surface temperature, available since 1985 with AVHRR Pathfinder SST
version 5 (http://pathfinder.nodc.noaa.gov). By comparison, chlorophyll is only
consistently available through Sea-viewing Wide Field-of-view Sensor (SeaWiFS;
http://oceancolor.gsfc.nasa.gov) since 1997, and sea-surface height through the French
project Archiving, Validation and Interpretation of Oceanographic Satellites
Oceanographic (AVISO; http://www.aviso.oceanobs.com) since 1992. Use of chlorophyll
or sea-surface height would have therefore necessitated exclusion of surveys prior to
1997 and 1992 respectively. In order to minimize absence of SST caused by obscuring
ephemeral clouds common in the shorter term averaged products (i.e. daily and 8-day),
we used the monthly nighttime SST product. Much of the data processing has been
handled through the use of automated scripts, custom GIS tools (Roberts et al. 2010),
and geospatial web services which have been described elsewhere (Best et al. 2007).
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Models were divided by the four seasons: winter (December to February), spring
(March to May), summer (June to August) and fall (September to November). For the
Eastern regions (NE and SE), inclusion of latitude as a model predictor allowed fitting of
known species range shifts. Marine mammal survey effort was not evenly distributed
across seasons in the Atlantic and Gulf of Mexico regions (Figure 2.1). Data analysis and
model selection were often limited to the summer season due to data limitations.

2.2.3 Modeling Framework
A table of data containing the absence or presence response within the given
space-time cell and the associated environmental data was used to fit a GAM using the
mgcv package (Wood 2006) in the open-source R statistical platform (R Development
Core Team 2008). We used a quasi-binomial distribution to model the binary response to
allow for dispersion, i.e. many zeros or absences. Effort, applied as a GAM weight, was
calculated as minutes spent observing within the given month divided by the area of the
cell in km2. This weighting process allows datasets from both ship and aircraft to be
utilized within the habitat modeling process, using time spent surveying as the common
denominator.

A GAM allows for non-linear relationships, which can increase the predictive
strength of the fit but also risks over-fitting the model and can introduce complexities
not easily explained ecologically (Austin 2007). Therefore we restricted this spline fitting
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process to 5 knots, or inflection points, and imposing a slightly greater penalty to extra
knots with a gamma term set to 1.4 over the default of 1.2 (Wood 2006). A polynomial fit
of 3 knots enables a parabolic response as would be expected to describe a preferred
habitat peak decaying on either side. The extra 2 knots allow for dampened tails that can
lessen extreme effects approaching the outer range of the environmental parameter.
Model selection was conducted by using a basis smoothing function that shrinks nonsignificant terms to zero degrees of freedom, i.e. thin-plate splines with shrinkage. In
practice, the R statistical modeling formulation is:

gam(presence ~ s(log(depth),k=5,bs='ts') + s(d2shelf,k=5,bs='ts')
+ s(log(d2coast),k=5,bs='ts') + s(sst,k=5,bs='ts'),
family=quasibinomial(link='logit'), weights=effort, gamma=1.4)

The multivariate regression model, once fitted, was then used to predict across
the seascape study area using representative seasonal values. SST values were applied
based on the median month of the fitted season (e.g. July for summer season June
through August) in the year 2007, being the nearest full year of data available at the time
of analysis. Surfaces of standard error were produced for each model prediction. We
also generated a binary representation by applying a threshold on the probability of
occurrence resulting in polygons of habitat, differentiated from non-habitat. Receiver
Operating Characteristic (ROC) curves were used to define an optimal threshold
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(Fielding and Bell 1997) which simultaneously minimized the false absence and false
presence rates based on cross validation.

I examined each model output for accuracy based on existing knowledge of
species distributions, and GAM outputs such as deviance explained. We first eliminated
from consideration any models developed with fewer than 10 sightings. Second, each
model was compared with primary literature regarding the distribution of species and
guilds. This allowed us to identify models with highly erroneous predicted species
distributions. Third, we examined models where some portion of the distribution had an
especially high standard error. Finally, we reviewed the GAM results for each model,
investigating the relationship between species distribution and each individual
environmental parameter. Our review process allowed us to reject model outputs that
were statistically weak or erroneous.

2.2.4 Spatial Decision Support System
To facilitate use of model outputs by environmental planners and researchers,
we developed a flexible, interactive online interface. This browser-based spatial decision
support system (SDSS) enables viewing and extraction of original survey effort, marine
mammal sightings, and model results
(http://seamap.env.duke.edu/prod/serdp/serdp_map.php).
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In the SDSS, the model outputs are structured in a hierarchy of guild, season and
region. A folder-like navigation menu helps users to find a model output of their interest
with a backdrop of Google imagery (Figure 2.2). Upon selection of a particular model
output, the mean prediction surface map layer is made visible. Ancillary support
information is included in the information tabs below the mapping pane. The Model
Description provides basic information such as the amount of survey effort, species in
the guild, contributing datasets, GAM terms plots showing response curves for each
predictor, and ROC plot determining the cutoff value for the binary habitat.
Contributing datasets are linked to the OBIS-SEAMAP dataset record with the full
metadata and download links for effort and sightings. The options button allows for
alternatively mapping the standard error or binary habitat surfaces.
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Figure 2.2: Spatial decision support system (SDSS) interface showing
predicted mean probability of occurrence for the summer beaked whales in the East
region. Models can be selected by guild, season, and region in the navigation pane to
the left, and displayed in the Google Map-based central pane with legend to the right.
The ‘options’ button in the upper right allows for selection of mean prediction,
standard error, or binary surfaces.
Contributing sightings and survey effort for the specific model can be overlaid
from the toolbar checkboxes. The SDSS is built on a database that stores all the sightings
and survey effort data used in the calculations. Individual sightings and tracks of effort
can be clicked to bring up a balloon of details.

Among the more powerful features of the SDSS is its spatial subsetting
capabilities (Figure 2.3). End users may be interested in obtaining model results for
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specific regions within the modeled areas. These regions can be defined with a variety of
methods: drag a bounding box, draw a polygon, enter latitude longitude coordinates of
a polygon, or select from a pre-loaded polygon. Thirteen naval exercise areas are preloaded in the SDSS. Once the area is specified, sightings and tracks are spatially filtered.
The statistics of the model output (minimum, maximum, mean) in that area are
calculated and presented with a histogram of the probability of occurrence in the
Statistical Summary tab below the map, giving the user fine-tuned supporting data for
making planning decisions. Any customized map and calculated statistics can be saved
and later restored with a unique identifier. This feature allows planners to easily share
the same user-defined interactive map and summary statistics with others or simply use
as an archive for self reference.
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Figure 2.3: Spatial subsetting of model results is enabled with polygon
drawing tools or selection from pre-loaded US Navy training areas. Here habitat for
bottlenose dolphin (Tursiops truncatus) in summer for the Southeast (SE) region is
displayed behind the selected Navy Charleston operation area. Summary statistics in
the overlaid box for the subsetted polygon are based on sightings (turquoise circles),
survey tracks (grey lines), and model results (colored surface). Histograms of the
region-specific model results and cumulative area (not pictured) are displayed below
the Regional Statistics tab. The map view such as the one shown here can be opened
(folder icon) or saved (disk icon) from the toolbar using a generated identifier for
easily redisplaying.
The SDSS also incorporates into its navigational menu two additional projects
that estimated marine mammal densities based on NOAA surveys. In the first project,
the NOAA Southwest Fisheries Science Center produced models (Forney et al. 2012) for
the eastern tropical Pacific, California coastal ecosystem and Hawaii. In the second
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project, the Navy Operational area Density Estimates (NODE) were generated by
GeoMarine for the Gulf of Mexico (Department of the Navy (DON) 2007a) and Atlantic
(Department of the Navy (DON) 2007b, c). These density estimates had more stringent
data input requirements to account for detectability parameters. Where available,
density is preferred. Otherwise probability of occurrence is still helpful for informing the
distribution. All of the features described above (polygon drawing, filtering, statistics
with histograms) can be applied to these additional project model results in the same
manner. For spatial subsets, instead of summarizing habitat, density is reported,
allowing for estimated abundance of the specified area.

2.3 Results
A total of 33 models passed the aforementioned criteria, with a maximum
deviance explained of 62.3% (for humpback whale in the East during fall) and minimum
of 6.6% (for Kogia spp. in the Gulf of Mexico for summer; Table 2.3). Ratios of presence to
absence space-time cells ranged from 0.2% to 23.1%. The diagnostic plots of variable
response and mapped surfaces (mean, standard error and binary) are too numerous to
report in this article, but can be found online in our SDSS, including GAM terms plot per
environmental predictor of each model.
Table 2.3: Deviance explained (Dev. Expl.), number of space-time cells present
and absent in model fit for final models in Gulf of Mexico (GoM) and Atlantic (East)
by guild, region and season. Models for harbor porpoise and bottlenose dolphin are
further split into Northeast (NE) and Southeast (SE). The ratio of space-time cells
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present over absent indicates the degree of overdispersion, or zero-inflation, which
challenges the model fitting.

Guild
Baleen whale

Region
East

Beaked whale
Common dolphin
Harbour porpoise

East
GoM
East
NE

Humpback whale

East

Killer whale
Kogia spp.
Lagenorhynchus spp.
Pilot whale
Right whale
Sperm whale

GoM
GoM
East
East
East
East
GoM

Season
Fall
Summer
Summer
Summer
Summer
Fall
Summer
Fall
Summer
Winter
Summer
Summer
Summer
Winter
Summer
Fall
Summer
Summer

Dev.
Expl.
36.6%
26.6%
28.0%
37.1%
21.3%
59.9%
50.2%
62.3%
41.7%
47.9%
9.7%
6.6%
31.3%
30.7%
32.3%
54.2%
28.9%
29.1%

Present
47
372
121
13
187
46
396
27
153
11
14
29
151
7
17
7
224
40

Absent
1817
8706
8957
1391
8891
1138
7298
1837
8925
3891
1390
1375
8927
3895
9061
1857
8854
1364

Ratio
2.59%
4.27%
1.35%
0.93%
2.10%
4.04%
5.43%
1.47%
1.71%
0.28%
1.01%
2.11%
1.69%
0.18%
0.19%
0.38%
2.53%
2.93%

Pantropical spotted
dolphin

GoM

Spring
Summer

9.8%
16.9%

342
71

4475
1333

7.64%
5.33%

Atlantic spotted
dolphin

GoM

Fall
Spring
Summer
Summer
Summer
Spring
Fall
Summer
Fall
Spring
Spring
Summer

15.3%
37.0%
41.4%
26.2%
28.9%
8.4%
30.2%
24.0%
21.5%
30.7%
17.2%
46.1%

73
43
69
15
115
44
160
102
41
204
225
88

872
4774
1335
1389
8963
4773
785
1302
1143
883
1561
1296

8.37%
0.90%
5.17%
1.08%
1.28%
0.92%
20.38%
7.83%
3.59%
23.10%
14.41%
6.79%

Spinner dolphin
Striped dolphin
Bottlenose dolphin

GoM
East
GoM
GoM
NE
SE
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Guild

Region

Dev.
Expl.
14.4%

Season
Winter

Present
478

Absent
2580

Ratio
18.53%

2.3.1 Seasonal Data Limitations
The majority of survey effort occurred in the summer (260 hours) and spring (220
hours) versus fall (69 hours) and winter (73 hours). For winter, only the bottlenose
dolphin guild had at least 100 sightings, and 9 of the 16 guilds have fewer than 10
sightings. Fall had 5 guilds (humpback whale, harbour porpoise, Stenella frontalis, and
bottlenose dolphin) with over 100 sightings, despite 4 hours less survey effort than
winter. The distribution of survey effort was also more widespread in the fall, likely
capturing the broader migratory ranges of the animals. For summer, 11 of the 16 guilds
had sightings in excess of 100, while only 4 guilds met the same criteria for spring.
Species with the lowest number of sightings across all seasons were either rare or
cryptic: killer whale (n=67), right whale (n=77), Spinner dolphin (n=124), striped dolphin
(n=195), Kogia (n=205) and beaked whale (n=251). Beaked whales are some of the most
cryptic and rare species, hence the guild includes 10 beaked whale species (Table 2.2).
Since sightings were aggregated to a binomial response (present or absent) for a given
cell in time (i.e. monthly) and multiple sightings could occur for the same cell and
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month, the number of space-time cells with species present (Table 2.3) is usually less
than the total number of sightings.

2.3.2 Gulf of Mexico
A total of 65,104.5 km (280.8 days) of survey tracks were available for model
building in the Gulf of Mexico, all of which were based from ship-based surveys. Nine
guilds were modeled for this region: beaked whale, sperm whale, killer whale, Kogia,
Spinner dolphin, Stenella attenuata, Stenella frontalis, Stenella coeruleoalba, and bottlenose
dolphin. Models for each guild successfully reached a model fit, i.e. “converged”, in the
summer season except for Stenella coeruleoalba. Due to few data available, no models
converged for the winter season, and only a few models during the fall and spring
seasons. Even if a model converges, it should be evaluated for reasonableness against
previously established habitat predictors from the literature and expert opinion.
The Atlantic spotted dolphin (Stenella frontalis) occurs primarily from the
continental shelf waters (10-200 m deep) to the slope waters (< 500 m deep) in the Gulf of
Mexico (Fulling et al. 2003, Mullin & Fulling 2004), and has been seen in the Gulf of
Mexico in all seasons (Waring et al. 2009). The fall S. attenuata model for the Gulf of
Mexico shows the highest probability of suitable habitat along the entirety of the
continental shelf within the model area. The GAM term plot of depth illustrates an
affinity to shallower waters.
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Sperm whales are present year round in the Gulf of Mexico (Hansen et al. 1996,
Mullin & Hoggard 2000, Waring et al. 2009). Ship based and aerial surveys indicate
sperm whales are widely distributed only in waters deeper than 200 meters in the
northern Gulf of Mexico (Waring et al. 2009), however they aggregate around the
continental shelf break and canyon regions (Davis et al. 1998, Baumgartner et al. 2001,
Jochens & Biggs 2003). The summer sperm whale model for the Gulf of Mexico shows
the probability of highest suitable habitat for sperm whales along the shelf break off the
Mississippi delta, Desoto Canyon, and western Florida. The depth GAM plot indicates a
negative response to shallow waters (less than 1000 meters) and a positive response to
deeper waters (greater than 1000 m).
Although beaked whale sightings in the Gulf of Mexico are scarce, they have
been sighted in all seasons (Waring et al. 2009). They are widely distributed in the
deeper waters of the Gulf of Mexico. The summer beaked whale model for the Gulf of
Mexico shows highest probability of suitable habitat in the waters offshore of the shelf
break in the central and western part of the model area. As shown in the GAM plot,
depth was the only variable that produced a response, predicting suitable habitat in
deeper waters.
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2.3.3 Atlantic
A total of 258,693.1 km (341.4 days) of effort data were available for model
building in the US Atlantic EEZ. Aerial surveys comprised 50,575.8 km (218.2 days) of
effort, whereas 208,117.3 km (123.2 days) came from ship-based surveys. Habitat
suitability was calculated for 11 guilds in the Atlantic Ocean: baleen whale, humpback
whale, right whale, beaked whale, sperm whale, pilot whale, Lagenorhynchus spp.,
common dolphin, Stenella coeruleoalba, bottlenose dolphin, and harbor porpoise). Two
guilds, bottlenose dolphin and harbor porpoise, were modeled in subregions because of
the local intensity of sighting data (Torres et al. 2005). Bottlenose dolphin was modeled
in the Northeast and Southeast subregions while harbor porpoise was only modeled in
the Northeast subregion.

2.3.4 East
The East region represents the US east coast waters out to the EEZ. A further
subdivision at Cape Hatteras NC differentiates between Northeast and Southeast.
Models were selected for either the broader East or Northeast and Southeast subregions
based on ability for the model to converge, variance explained, and expert review with
existing literature.
The North Atlantic right whale (Eubalaena glacialis) occurs in the Gulf of Maine
year round but is observed in large aggregations during spring and summer (Winn et al.
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1986, Baumgartner & Mate 2005, Cole et al. 2007). The modeled summer habitat is
consistent with decades of summer right whale sightings in the Gulf of Maine. Further,
the GAM plots for the model demonstrate a strong response with depth and sea surface
temperature, which is consistent with the whale’s well documented, discrete foraging
grounds (Baumgartner et al. 2003).

In the Atlantic, beaked whales are observed primarily offshore, along the
continental shelf break (Waring et al. 2001, Macleod et al. 2005, Palka 2006). This
distribution is reflected in the summer GAM results which confirm a strong association
with deep water habitat. The highest probability of occurrence is located just east of the
shelf break which corresponds well with the limited sighting data available for this deep
foraging species.

2.3.5 Northeast Atlantic
The distribution of harbor porpoise in the Gulf of Maine is well documented,
especially during the summer months. In summer, harbor porpoise occur in the
northern reaches of the Gulf of Maine in waters less than 150m deep (Gaskin 1977, Kraus
et al. 1983, Palka 1995). The species proximity to shore and preference for shallow depths
is reflected in the GAM plots for the summer habitat model.

There are two genetically distinct morphotypes of bottlenose dolphin (Tursiops
truncatus) in U.S. Atlantic waters (Duffield et al. 1983), offshore and coastal forms. The
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offshore form is generally distributed along the outer continental shelf while the coastal
form is continuously distributed along U.S. east coast from Florida to south of Long
Island, NY (Waring et al. 2009). The spring bottlenose dolphin models in the Northeast
represent suitable habitat for the coastal form only as offshore data were not available
for this guild. The GAM plots show a positive response to shallow waters and midlatitudes.

2.3.6 Southeast Atlantic
In the southeastern Atlantic, the spring bottlenose dolphin model reflects habitat
preference for the coastal form as offshore data were not available for this guild. The
GAM plots show a positive response to shallow waters. There is also a small positive
response to sea surface temperature between approximately 16° and 21°C.

2.4 Discussion
I constructed habitat suitability models for 16 guilds of marine mammals in the
Gulf of Mexico (9 models) and Atlantic Ocean (9 models in East, 2 in Northeast, 1 in
Southeast) regions during seasons (18 in summer, 7 in fall, 3 in winter, 5 in spring) with
sufficient data (Table 2.3). We believe these models will allow planning parties to assess
the probability of occurrence for these marine mammal species over specific areas of
future planning interest. For instance, the US governmental Bureau of Ocean Energy
Management, Regulation and Enforcement (BOEMRE) can use this information for
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assessing environmental impacts of siting an offshore renewable wind farm. Navy
planners can determine appropriate places for ship shock trials which minimize impacts
on endangered marine mammals.

After evaluating a variety of modeling approaches independently, we concur
with Barlow et al. (2009) that General Additive Models “offer a robust framework for
predictive modeling of cetacean density, as long as sufficient sightings of each species
are available and the surveys adequately characterize the full range of oceanographic
variability.” Emerging alternative species distribution modeling techniques, such as
Maxent, boosted regression trees, random forests, and hierarchical Bayes, may increase
predictive accuracy in future (Elith & Leathwick 2009). Our models were constrained
seasonally and geographically so as to be considered interpolations to unsampled but
similar habitats, versus extrapolations to novel geographies and/or climates (Elith and
Leathwick 2009). Remotely sensed environmental data, such as sea-surface temperature,
can be used effectively to predict the distribution and density of marine mammals at sea.
As more marine mammal survey data become available to model with more recent
remotely sensed imagery products, such as primary productivity and eddy kinetic
energy, improvements should be made towards predictive accuracy and ecological
inference of the underlying habitat drivers for species distributions.
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Ideally, survey effort expended by multiple platforms will be applied within a
full density modeling framework, not just predicting the probability of occurrence. The
GAM weighting scheme used here to incorporate effort from ship and aerial surveys is a
compromise of publicly available data and accessible modeling techniques for rapidly
assessing the probability of occurrence. We are presently working on the full density
modeling approach with a more complete dataset integrating different detection
probabilities across platforms within a single predictive model fitting procedure.
Our incorporation of geospatial web services for gathering of the marine
mammal datasets and remotely-sensed environmental imagery enabled a standardized,
automated approach. Since data were extracted through OBIS-SEAMAP database, the
underlying datasets are publicly available and well documented in accordance with the
U.S. Federal Geographic Data Committee standards, extended with the Biological
Profile. These analyses are therefore repeatable and updatable as new data become
integrated into OBIS-SEAMAP. The technical details and open philosophy of these
metadata standards and data exchange across portals are discussed at length elsewhere
(Halpin et al. 2006, 2009, Best et al. 2007, Kot et al. 2010). In the future we hope to extend
our modeling and delivery system to forecast cetacean habitats on oceanographic model
predictions.
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Lack of data in certain seasons and regions severely limited construction of
models for many marine mammal guilds. Such data gaps constrain predictability of
habitats, so should inform planning of future survey activities to fill in data on species
environment associations in missing regions and times of the year (Kot et al. 2010).
Cetacean research has been given much attention in the Gulf of Maine and Gulf of
Mexico in comparison with the area south of Cape Hatteras. Accordingly, differentiation
of cetacean habitats could improve greatly with more surveys in the southeastern U.S. In
addition, we stress the need for more data collection outside summer, which is the most
commonly observed season because of preferred sighting conditions. In some cases,
traditional line transect surveys can be conducted in other seasons to address this need.
In other situations, it will be necessary to develop alternative methods of inferring
species distributions using passive acoustic monitoring and other means. This will be a
major challenge for our field in the coming decades.
Recent reviews of species distribution modeling in marine systems (Robinson et
al. 2011; Dambach & Rödder 2011), have highlighted the need to move beyond statistical
associations and explicitly model ecological factors such as species interactions,
physiological limits, and place-specific behavior (e.g. feeding, breeding and migrating).
This work provides a valuable baseline for improving upon these correlative models
with additional process based complexity in future.
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Our SDSS hosts the results of our modeling results, together with density model
outputs from the Pacific (Barlow et al. 2009) and the NODE model outputs of spatial
variation in marine mammal density in the Atlantic. These products are publicly
available over the web in an interactive format that allows users to download model
outputs, view input data, examine model diagnostics and query data sets. This SDSS is
especially relevant to any activities in which planning, permitting, assessing, or
monitoring is related to the distribution of cetaceans.
Together with our colleagues from the Southwest Fisheries Science Center, we
identified a variety of potential users: U.S. Navy, Air Force, Coast Guard, Army Corps of
Engineers, Minerals Management Service, National Science Foundation, National
Marine Fisheries Service Science Centers and Regional Offices, universities, and oil
exploration companies. Military exercises require environmental impact assessment in
relation to cetaceans (Dolman et al. 2009). Facilities for offshore renewable energies, such
as wind and wave, pose another modern potential impact on cetaceans (Dolman and
Simmonds 2010). Human use and impacts on the ocean continue to be on the rise, to
which systematic planning under the auspices of “ocean zoning” (Crowder et al. 2006,
Halpern et al. 2008) or “marine spatial planning” (Douvere 2008) by the United States
(Lubchenco & Sutley 2010) and internationally (Ardron et al. 2008, Dahl et al. 2009) has
been hailed as a comprehensive management solution. In order to best plan for such
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activities, there will be a continuing need to improve our models of the density and
distribution of endangered species and to deliver model outputs online as real-time
forecasts.

74

3 Modeling Cetacean Density in British Columbia
3.1 Introduction
Information relating to the distribution and abundance of species is critical for
effective conservation and management approaches. Currently only a handful of marine
mammal species in British Columbia’s (BC) coastal waters are adequately monitored to
gain information about their distribution, abundance, and/or population trends (e.g.,
resident killer whales, Orcinus orca, humpback whales, Megaptera novaeangliae, and
sea otters, Enhydra lutris). For the remainder of species, including some that are listed
under Canada’s Species At Risk Act (SARA), there is a lack of quantitative abundance
estimates. This problem is not unique to Canada: a recent global assessment showed that
75% of the world ocean has never been surveyed for cetaceans, and only 6% has been
surveyed frequently enough to detect trends (Kaschner et al. 2012).

In 2007, preliminary distribution and abundance estimates for eight marine
mammal species were generated from the first systematic line-transect survey in BC’s
coastal (essentially continental shelf) waters during summer 2004 and 2005 (Williams &
Thomas 2007). As one might expect for the first survey of its kind, low sample sizes for
many species resulted in abundance estimates with large confidence intervals. Large
confidence intervals offer low power to detect trends, and available estimates apply only
to summer waters. As the only estimates for some species in the region, they have been
used in a management context. For example, the abundance estimates for harbour
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porpoise were used as conservation targets for Canada’s Management Plan for the
species in the Pacific Region (Fisheries and Oceans Canada, 2009). The estimates were
used to calculate sustainable limits for small cetacean bycatch in fisheries (Williams et
al., 2008) and ship strikes of fin, humpback and killer whales (Williams and O'Hara,
2010), but these limits may have been overly precautionary because of the uncertainty
around the abundance estimates, or insufficiently precautionary by not providing
information on seasons other than summer.
With additional systematic surveys completed in 2006-08, the objective was to
generate updated estimates. Here, updated abundance estimates for eight marine
mammal species are given along with new estimates for elephant seals (Mirounga
angustirostris) and Steller sea lions (Eumetopias jubatus). Estimates are directly compared
with previous abundance estimates derived using a Conventional Distance Sampling
(CDS) approach (Williams and Thomas, 2007) to gauge the effect of increased sample
size on precision. New abundance estimates have been created for all 10 species using
Density Surface Models (DSM), which uses statistical models to explain spatial
heterogeneity in animal distribution using environmental covariates and therefore offers
potential to improve precision (Hedley et al., 1999; Marques and Buckland, 2003; Miller
et al., 2013). This DSM approach was essential to meeting the final objective of providing
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updated information on the distribution of marine mammals in BC’s coastal waters for
use in spatial planning and spatially explicit risk assessments.

Systematic, line-transect marine mammal surveys were conducted throughout
the continental shelf waters of British Columbia during summer 2004, 2005, 2006, and
2008, and spring and autumn 2007. With the exception of 2004, surveys were
concentrated in the Queen Charlotte Basin and mainland inlets of the North and Central
Coasts. The summer 2004 survey encompassed a far larger area of BC’s continental shelf
waters, stretching from the BC-Alaska border south to the BC-Washington border.

Although more than 20 marine mammal species are found in BC’s coastal waters,
only 10 marine mammal species yielded a sufficient number of sightings for analysis:
harbour porpoise (Phocoena phocoena); Dall's porpoise (Phocoenoides dalli); Pacific whitesided dolphin (Lagenorhynchus obliquidens); killer whale (resident, transient and offshore
ecotypes); humpback whale (Megaptera novaeangliae); common minke whale (Balaenoptera
acutorostrata); fin whale (B. physalus); harbour seal (Phoca vitulina); Steller sea lion; and
elephant seal. Several of these species are of significant conservation concern at
provincial, national and international levels (Table 3.1).

77

Table 3.1: Conservation status of marine mammals in British Columbia waters,
including year assessed and designations for subpopulations and breeding status,
where available. It should be noted that the national listing process lacked a “Data
Deficient” category in the 1980s and early 1990s, so older assessments in the “Not At
Risk” category should be interpreted with caution.

Common Name
harbour porpoise
Dall's porpoise
Pacific whitesided dolphin
humpback whale
fin whale
killer whale
offshore
transient
Southern
resident
Northern
resident
common minke
whale
harbour seal
Steller sea lion

Northern elephant
seal

Provincial
British Columbia
Special Concern
2006
Apparently Secure/Secure
2006
Apparently Secure/Secure
2006
Special Concern
2006
Imperiled (non-breeding)
2006
Special Concern
2006
Imperiled
2011
Imperiled
2011
Critically Imperiled
2011
Imperiled
2011
Apparently Secure
(non-breeding) 2006
Secure
2006
Imperiled/Special Concern
(breeding) 2006
Special Concern
(non-breeding) 2006
Not Applicable
2006
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National
COSEWIC
Special Concern
2003
Not At Risk
1989
Not At Risk
1990
Special Concern
2011
Threatened
2005

Global
IUCN
Least Concern
2008
Least Concern
2008
Least Concern
2008
Least Concern
2008
Endangered
2008
Data Deficient
2008

Threatened
2008
Threatened
2008
Endangered
2008
Threatened
2008
Not At Risk
2006
Not At Risk
1999
Special Concern
2003

Least Concern
2008
Least Concern
2008
Near Threatened
2012

Not At Risk
1986

Least Concern
2008

Sighting and density estimation of pinnipeds were further separated into ‘haulout’ or ‘in-water’ categories, as both detectability on the trackline and the detection
function are expected to differ widely.

3.1.1 Species information
3.1.1.1 Harbour porpoise

Harbour porpoises are listed as ‘Least Concern’ by the International Union for
Conservation of Nature (IUCN) but as a species of ‘Special Concern’ within Canada’s
Pacific region (COSEWIC, 2003). Found predominantly in shallow waters less than 200m
in the Northern Hemisphere, four subspecies have been genetically identified globally
(Rice, 1998). Despite continuous distribution alongshore from Point Conception around
the Pacific rim to the northern islands of Japan and as far north as Barrow, Alaska, many
small populations appear genetically distinct, suggesting the need to consider small
subpopulation management units (Chivers et al., 2002). To date, no such stock structure
analyses have been conducted in BC.

3.1.1.2 Dall’s porpoise

Dall’s porpoises are globally abundant with an estimated population of more
than 1.2 million individuals. The species is listed as of ‘Least Concern’ by the IUCN
(Hammond et al., 2008) and ‘Not At Risk’ within Canada, but has not been assessed by
Canada since 1989, when no abundance estimates were available. Dall’s porpoise are
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distributed throughout the North Pacific Ocean, generally in deeper coastal waters, but
no information is available on stock structure.

3.1.1.3 Pacific white-sided dolphin

Pacific white-sided dolphins are listed by the IUCN as a species of ‘Least
Concern’ and ‘Not At Risk’ in Canadian waters, but the species has not been assessed by
Canada since 1990, when no abundance estimates were available. They are distributed
along the temperate coastal shelf waters and in some inland BC waterways of the North
Pacific from approximately 35°N to 47°N (Heise, 1997; Stacey and Baird, 1991).

3.1.1.4 Humpback whale

Humpback whales were listed by the IUCN in 2008 as a species of ‘Least
Concern’ and in Canada, were listed as of ‘Special Concern’ (COSEWIC, 2011) in 2014 by
SARA. Studies indicate that the North Pacific population is recovering (e.g.
Calambokidis et al., 2008; Dahlheim et al., 2009), following the substantial reduction of
the population by commercial whaling (Baird, 2003). Within BC, adult survival is high
(0.979, 95% CI: 0.914, 0.995), and a significant increase in abundance was observed
between 2004 and 2011 in Ashe et al. (2013), although population growth and increased
search effort were confounded in that study.

3.1.1.5 Fin whale

Fin whales are listed as ‘Endangered’ by the IUCN, ‘Threatened’ in Canada’s
Pacific region (COSEWIC, 2005) and ‘Imperilled’ in BC. Fin whales are found across the
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world’s oceans, largely in offshore waters and less so in warm tropical regions (Reilly et
al., 2008a). Historical records reveal that fin whales were once one of the most abundant
and heavily exploited marine mammals in the inshore waters of BC (Gregr et al., 2000).
Since the 1975 North Pacific estimate of roughly 17,000 animals, down from an estimated
44,000 that preceded intensive commercial whaling, survey data has been too
insufficient to generate regional abundance estimates (Reilly et al., 2008a). However, in
the waters of western Alaska and the central Aleutian Islands, Zerbini et al.(2006) found
a 4.8% annual rate of increase by comparing survey information from 1987 with 2001-03
surveys.

3.1.1.6 Killer whale

Found throughout the world’s oceans, killer whales are listed by the IUCN as
‘Data Deficient’ (Taylor et al., 2008). In BC, three ecotypes of killer whale have been
identified (with 2006 population estimates based on photo-identification): (1) 261
Northern Residents (Ellis et al., 2011) and 85 Southern Residents; (2) 243 West Coast
Transient; and (3) Offshore (>288; COSEWIC, 2008). All of these populations are
classified as ‘Threatened’ within Canadian waters, with the exception of the Southern
Residents, which are listed as ‘Endangered’ (COSEWIC, 2008). In general, these
populations feed on different prey, are reproductively isolated and are genetically
distinct (Ford et al., 2009). Individuals are usually identified by dorsal fin morphology
and relationships between individuals are often known, particularly with killer whales.
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The residents feed on fish (especially salmon), whereas transients prey on marine
mammals. The more recently discovered and far less understood offshore ecotype feed
on sharks (Ford et al., 2011) and fish (Ford et al., 2009).

3.1.1.7 Common minke whale

Common minke whales are found throughout the world’s oceans and are listed
by the IUCN as a species of ‘Least Concern’. Population sizes for parts of the Northern
Hemisphere are estimated at over 100,000 animals (Reilly et al., 2008b). In Canada they
are considered ‘Not At Risk’, but this assumes a rescue effect from whales in adjacent US
or international waters7. In the absence of information on stock structure, it is
conceivable that BC’s common minke whales could constitute a naturally small
population.

3.1.1.8 Harbour seal

Harbour seals inhabit the temperate and polar coastal areas of the Northern
Hemisphere with a global population estimated between 350,000 to 500,000 individuals
(Thompson and Härkönen, 2008). The species is listed by the IUCN as ‘Least Concern’
and considered ‘Not At Risk’ in Canada. Following population reduction by commercial

7

http://www.cosewic.gc.ca/eng/sct1/searchdetail_e.cfm?id=895&StartRow=1&boxStatus=All&boxTaxonomic=
All&location=All&change=All&board=All&commonName=minke%20whale&scienceName=&returnFlag=0
&Page=1
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harvesting and subsequent predator control programmes, the British Columbia
population of harbour seals appears to have recovered; the abundance of harbour seals
in BC waters (including west coasts of Vancouver Island and Haida Gwaii, which are
beyond our study area) is estimated at 105,000 animals (1966-2008; Olesiuk, 2010).

3.1.1.9 Steller sea lion

Steller sea lions inhabit the coastal waters of the North Pacific and are listed as
‘Near Threatened’ by the IUCN and as a species of ‘Special Concern’ in Canada.
Recognised as ‘Imperiled’ and/or of ‘Special Concern’ in BC, the provincial breeding
population is estimated to be 20,000-28,000 animals in 2006 (Fisheries and Oceans
Canada, 2008), out of a total estimated Eastern Pacific population of between 46,000 and
58,000 animals (Fisheries and Oceans Canada, 2011). Although the population is
increasing in BC, Steller sea lions breed at only four known locations in BC which makes
them vulnerable to disturbances at these locations (e.g., oil spills), and unexplained
population declines have occurred (e.g., 2002; Fisheries and Oceans Canada, 2011).

3.1.1.10 Northern elephant seal

Considered by the IUCN as a species of ‘Least Concern’, listed as ‘Not at Risk’ in
Canada and as ‘Not Applicable’ within British Columbia, elephant seals have recovered
from near extinction from historic hunting. Elephant seals are found throughout the
northeastern Pacific and their population is estimated at around 171,000 (2005;

83

Campagna, 2008). Their at-sea distribution and habitat preferences are very poorly
described in BC.

3.2 Methods
3.2.1 Survey design
Systematic surveys maximised coverage and minimised off-effort time over four
strata (Figure 3.1) for the purposes of design-based multi-species density estimation as
seen in Thomas et al. (2007). Zigzag configurations were applied over the open strata (1)
and (2), with sub-stratification for the more topographically complex strata (2). For the
narrower strata (3) and (4), parallel lines oriented perpendicular to the long axis reduced
edge effects. The four inlet strata were further subdivided into primary sampling units
(PSUs) so that for a given season, a random sub-sample of PSUs was selected for
surveying (
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Table 3.2). To estimate density, effort-weighted means were used for all strata,
except stratum (4), which was derived from the un-weighted mean of the PSUs. Detailed
survey design and strata are described in Thomas et al. (2007) and Williams and Thomas
(2007).
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Figure 3.1: Stratum identification and on-effort transects, including transit
legs, between design-based transects (2004-2008) corresponding to Queen Charlotte
Basin (1), Straits of Georgia and Juan de Fuca (2), Johnstone Strait (3) and mainland
inlets (4) of coastal British Columbia.
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Table 3.2: Realized survey effort by year and strata for line transect surveys of
British Columbia’s coastal waters. Note the sample unit for stratum 4 is based on
primary sampling units (PSU), not number of transects.
Stratum

Location

PSU

1

Queen
Charlotte
Basin

2
3
4

Strait of Georgia
Johnstone Strait
mainland inlets
4
10
17
21
29
17
21
7
13
17
21
23
7
13
17
21
23
8
14
17
21
25

Year

Season

2004
2005
2006
2007
2008
2004
2005

summer
summer
summer
spring
fall
summer
summer
summer

2004

summer

2006

summer

2007

spring

2007

fall

2008

summer
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Length
(km)
1,672
1,693
605
1,694
897
1,692
479
74
24
84
47
98
79
44
104
49
39
32
119
13
51
39
33
123
13
20
46
30
125
39

Number of
Transects
17
18
9
17
13
17
24
29

Area
(km2)
62,976

8,186
420
11,965

3.2.2 Field methods
Field methods have been previously described in detail by Williams and Thomas
(2007), but are summarized here. Two vessels were used to collect survey information.
The 21m motorsailor Achiever was used in 2004, 2006, 2007, and 2008 and the 20m
powerboat, Gwaii Haanas, was used in 2005. Vessels actively surveyed at a relatively
constant 15kmh-1. On both survey vessels, observer eye height was approximately 5m.
On Achiever, a platform was constructed over the boom and main cabin to allow for
unobstructed sightings (with the exception of the mast, but observers were placed as far
port and starboard to see past the mast).

A rotating group of six individuals primarily served as the observation team,
although this number ranged from four to seven. A port and starboard observer
searched the vessel’s path, each person responsible for a sector that ranged from 30° on
one side of the trackline to 90° on the other side but concentrating most of their effort on
the trackline (0°). The use of two observers positioned at port and starboard also
addressed any issues arising from the obstruction of sightings due to the mast.
Observers used 8×50 and 7×50 binoculars to scan the area. A third team member was
positioned between the observers; this individual recorded data when a sighting was
made and assisted in identification and data collection. Sighting information was
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relayed by the data collector to a fourth team member (the computer operator) located
inside the vessel. The vessel’s Global Positioning System (GPS) was connected to the
survey computer that logged the vessel’s position every 10 seconds, using Logger 2000
software (developed by International Fund for Animal Welfare). In addition to sightings
information and position, environmental conditions were recorded every 15min, or
sooner if conditions were changeable. Environmental conditions recorded were:
Beaufort sea-state; cloud cover percentage; precipitation; and a ranking code based on
overall sightability. The fifth team member functioned as deck hand, to assist as
required and the sixth team member held a rest position. Positions rotated every hour
and observer identity was recorded.

Sighting information was relayed by the data recorder to the computer operator
via a two-way radio or by direct verbal communication. Two angle boards mounted to
the port and starboard were used to measure the radial angle to the marine mammal
school. Radial distance to the school was measured using: 7×50 reticle binoculars; a
perpendicular sighting gauge; a laser range finder; or by a visual estimate. For each
school the following information was recorded: radial distance; radial angle; species;
school size; behaviour (travel, forage, avoid, approach, breach, unknown and other); cue
type (body, blow, seabird activity); and heading relative to the ship (profile, head-on,
tail-on or uncertain). Off-transect data (e.g. when the vessel was re-positioning for
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another transect) were routinely collected while still actively observing (i.e. on-effort).
This information was used to increase sighting number for detection functions but was
not used in calculating encounter rate for the CDS density estimates. Density surface
models were not constrained by the need to maximise coverage and did not limit
detections to on-transect data, so off-transect on-effort data were used in modelling
encounter rate (Miller et al., 2013; Williams et al., 2011b).

3.2.3 Data analysis and abundance estimation using conventional
distance analysis
Data were analysed in the program Distance version 6 Beta 3 (Thomas et al.,
2010). CDS was used to generate marine mammal abundance estimates (Buckland et al.,
2001). This approach replicates the methods of Williams and Thomas (2007) for the
entire 2004-08 survey to generate new and revised abundance estimates for 10 marine
mammals inter-annually and for novel seasons. During the 2006 survey, observer effort
within the inlet stratum 4 was not part of a designed survey and only included effort
while on passage, so these data were excluded from the estimation of abundance
estimates. Abundance was estimated as the density of animals multiplied by the
applicable study area or stratum. To estimate density ( Dˆ ), the following formula was
used:

€
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nsˆ
Dˆ =
L 2wpˆ

(1)

Where the encounter rate (n/L) or number of schools seen (n) over the length of
the transect (L), is multiplied by twice the truncation distance (w) to obtain an area and
the estimated school size ( sˆ ).

In line transect surveys, the probability of detecting a school decreases with

€

increase in distance. Accounting for this probability of detection ( pˆ ) helps to form the
basis of CDS by fitting a detection function (Buckland et al., 2001).

€
Detection functions were estimated using the software Distance, which can apply
several key functions (uniform, half-normal or hazard rate) and series expansion terms
(polynomial or cosine) to estimate the shape of the function. The observers recorded
radial distance (d) and angle (θ) during the field surveys. These relative values are then
converted to perpendicular distance from the trackline using simple geometry, sin(θ)×d.
All on-effort sightings (i.e. periods when the observers were actively observing for
animals), including off-transect observations, were used for detection model fitting.
Models that minimise the Akaike Information Criterion (AIC) score were generally
selected, which provides an explanation of deviance while penalising the addition of
terms to achieve the most parsimonious model (Akaike, 1974). In addition, the
Kolmogorov-Smirnov goodness-of-fit test was employed to provide a measure of
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agreement between the model and the data (Buckland et al., 2004). If species exhibit an
attraction to the survey vessel, then a spike is typically seen near the trackline, which can
cause positive bias in the density estimates. Observations were truncated to within the
perpendicular distance (w) used in Williams and Thomas (2007).
These detection functions all assume certain detection on the trackline, meaning
g(0)=1. A probability of availability is typically divided by the density to account for the
fact that marine mammals are often below the water surface and not detected even when
directly on the trackline of the vessel. Estimating this probability requires tracking of
individuals to estimate proportion of time spent underwater (e.g. Laake et al., 1997) or
multiple platforms of simultaneous, independent observation. The research vessel was
not large enough to offer two platforms for isolated observers, and g(0) could therefore
not be estimated. Due to this factor, the abundance estimates developed will
underestimate the true population size, but the estimates should be consistent over the
years the study took place, thereby allowing trends to be examined.

School size bias was estimated in Distance using the default CDS method. The
natural logarithm of group size is regressed on the probability of detection and the value
of ln( sˆ ) at zero distance is back-transformed to obtain the expected school size (E(s)).
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3.2.4 Abundance estimates using density surface modelling (DSM)
Spatial patterns in animal density were modelled using a suite of geographic and
environmental predictors (Density Surface Modelling (DSM); Miller et al., 2013). This
technique was performed using the software program Distance (Buckland et al., 2004),
which relies on a Generalised Additive Models (GAM) to associate environmental
variables to the rate of encounter. This approach has the potential to improve precision
of the final estimate (De Segura et al., 2007) and can be used to identify areas of high
animal density that may inform spatial management of natural resources. Because DSM
methods do not require systematic or random sampling of the survey region (i.e.
uniform coverage of the transects), they have the additional benefit of allowing inclusion
of effort and sightings data when observers were on-effort but off-transect (i.e., “transitleg” segments).
Transects were segmented into one nautical mile (1,852m) in order to be at a scale
relative to the underlying environmental data (Miller et al., 2013). The response variable
ˆ
in this analysis is the estimated number of schools encountered per segment i, N i , given

by the Horvitz-Thompson estimator (Horvitz and Thompson, 1952):

€
ni

N̂ i = ∑
j=1

1
,i =,...,v
p̂ij
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(2)

Here, the inverse of the detection probability ( p̂ ) for the jth detected school in the
ith segment is summed across all detected schools ni, per segment. Data was then merged
to segments without sightings (N=0), so a GAM was fitted using the quasi-Poisson
distribution and a logarithmic link function to relate N to the environmental predictor
variables:

q
"
$
N̂ i = exp "α + ∑ sk zik + log ai $ + ei
"#
%$
k=1

( )

( )

(3)

Here, the predictor variables, zik are fitted by a smoothing function sk, and
subsequently summed with intercept α and an offset ai, which represents the segment’s
area (2wLi). The estimation of the smoothing function was performed by the R library
MGCV (Wood, 2001).

Once the model was fitted to the observed environmental conditions, a
prediction was made over the entire study area based on a single period of the input
environmental data (z). So far the response Nˆ is the number of schools detected over
the area, or the school density. To obtain an estimate of abundance ( Â ), the number of

€

schools Nˆ must then multiply by the estimated school size ( ŝ ).
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Variance on the abundance estimate is calculated using the Delta method (Seber,

( )

1982) to combine the variance of the school density ( CV N̂ ) with the detection function
( CV p̂ ) and the mean school size ( CV ŝ ):

( )

()

n

Â = ∑ N̂ i

(4)

i=1

()

( )

2

( )

CV Â = CV p̂ + CV N̂

2

()

+ CV ŝ

2

( )

To estimate variance of just N̂ (e.g. CV N̂ term above), the Distance software
historically used a moving block bootstrap resampling technique. Even for only 400
replicates, this technique can be very time consuming and frequently failed before
reaching completion. As an alternative, the coefficients and variance from the fitted
model were used to simulate predictions using a multivariate normal sampler on the
Bayesian posterior covariance matrix. From these simulated predictions confidence
intervals were extracted. This method is described by Wood and Augustin (2002) and in
the R documentation for the predict.gam function and has since been incorporated (in
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principle) into the latest density surface modelling variance estimation software under
development8.

The set of covariates used in the final model are selected to explain the greatest
deviance while minimising unnecessary addition of parameters. Many criteria exist that
weight these two factors against each other (e.g. AIC). For GAMs that have a dispersion
term, as with the quasi-Poisson response dispersion used in these models, the lowest
Generalised Cross-Validation (GCV) value is the preferred model selection tool (Wood et
al., 2008). The number of knots which govern the degree of smoothing, are further
reduced in most of these models by using the non-default thin-plate spline with
shrinkage (basis=‘ts’) function, which adds a small penalty to additional knots, so
that the whole term can be shrunk to zero, removing any contribution from the
predictor. Term plots were inspected and any terms with confidence bounds spanning
zero were removed to allow the process to test for a model with a lower GCV score.
Models would sometimes fail to converge using this approach. In this situation,
attempts were then made to limit the possible number of knots to five and to implement
the default thin-plate spline (tp) without the shrinkage term. In addition to

8

See https://github.com/dill/dsm/blob/master/R/dsm.var.gam.R
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environmental covariates, the longitude-latitude bivariate term provided a spatial
estimator, which can act as a proxy for unmeasured variables that influence hotspots not
accounted for by the other predictors. Categorical variables such as season (summer,
autumn, or spring) and inlet (in or out) were also tested using this approach.

3.2.5 Density surface model detection functions
The detection functions generated using CDS could not be reused for
estimating p̂ because the DSM module in the software program Distance is only
compatible with the multiple covariate distance sampling (MCDS) function available
through the mark recapture distance sampling (MRDS) R library, which at the time of
the analysis only allowed for half-normal (hn) and hazard rate (hr) key functions. Based
on the CDS analysis, the same truncation distances were used with the half-normal key
function, unless a hazard rate model was used. The logic of this process is that as the
school size increases, it should become easier to detect. This was accounted for this by
adding a covariate of size with detection function, which is possible with the MCDS
function and not with CDS approach. When the use of size covariate was not possible,
the detection function was chosen during our CDS model selection.

3.2.6 Environmental variables
The manipulation of spatial data was performed with ESRI ArcGIS 9.2 using the
Spatial Analyst toolbox (ESRI, 2009). Midpoints of the transect segments were used to
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extract the values of the environmental layers and then sampled for use in the GAM. To
predict the seascape with the fitted model, a 5km prediction grid was generated using
the NAD 83BC Environment Albers projection to correspond with the available
environmental data. The raster grid was converted to a polygon vector layer and the
cells were clipped to the coastline and strata areas. The areas were calculated per cell to
be used as the offset value during prediction. The centroid location of each cell was used
to extract values from the environmental layers.
Static environmental variables included bathymetric depth, slope, and distance
to shore. Latitude and longitude were used as separate variables and as a co-varying
term. Shoreline data were extracted from the Global Self-consistent, Hierarchical, Highresolution Shoreline (GSHHS) database (Wessel and Smith, 1996). Bathymetry data were
extracted from the SRTM30 Plus 30-arc second resolution dataset (Becker et al., 2009).
Euclidean distance from shore and the local slope of the bathymetry surface were
calculated in ArcGIS. The log of these predictors was tested in cases for which model
convergence with a GAM was otherwise prohibitive.

The marine environment is highly dynamic, requiring the capture of this
variability over the survey periods to build more temporally meaningful models. These
models represent proxies for physiological or biological constraints (e.g. sea surface
temperature) and prey patterns (e.g. primary productivity) associated with the species.
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However, attempts to incorporate dynamic variables, such as sea surface temperature
(SST) and Chlorophyll a (Chla), into the predictive model proved unsuccessful. Due to
the continuous cloud cover experienced and the nearness to shore, sufficient satellite
data matched to the specific observation periods of this analysis were not available for
this study. After spatially interpolating these data with kriging and summarising inputs
across seasons, it was still found that none of the DSM models with these dynamic data
outperformed the environmentally static models that were to be chosen in the final
model selection. Consequently, all subsequent analyses considered only the static
variables described above as candidate covariates.

3.3 Results
3.3.1 Survey effort
On-effort transects for the surveys (2004-08) occurred in the open waters of
Queen Charlotte Basin (stratum 1), Strait of Georgia (stratum 2), Johnstone Strait
(stratum 3) and mainland inlets (stratum 4; Figure 3.1). Realised transect effort, in terms
of kilometres covered, varied by stratum and year (
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Table 3.2). A number of complete transects in stratum 1 were cancelled in
autumn 2007, due to extremely poor weather conditions and portions of transects that
occurred in US waters in stratum 2 (2004) were cancelled due to transboundary
permitting reasons. In addition, several small transect segments were excluded due to
being non-navigable by the survey vessels and/or poor environmental conditions.

3.3.2 Sightings
Ten species were sighted with sufficient frequency for analysis (Figure 3.2). The
final detection models (Figure 3.3, Figure 3.4) and associated information for CDS and
DSM were generated (Table 3.3, Table 3.4). School sighting information was also
generated (Table 3.5). Species abundance and density estimates with 95% confidence
intervals (CIs) and percentage coefficient of variation (%CV) were calculated across all
surveys and strata using CDS (Figure 3.5 and Appendix A Supplement to British
Columbia Distributions for detailed information).

100

La,tude*

Longitude*
Figure 3.2: Sightings of ten marine mammal species from surveys of British
Columbia’s coastal waters in summer 2004, 2005 and 2008 and spring and autumn
2007.
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Figure 3.3: Detection functions for marine mammal species generated using
Conventional Distance Sampling (CDS) analysis for coastal British Columbia 2004-08
surveys.
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Figure 3.4: Average detection probabilities for Density Surface Modeling
(DSM) using the Multiple Covariates Distance Sampling (MCDS) engine with the
covariate size where possible, otherwise using Conventional Distance Sampling
(CDS) without a covariate. The detection function uses either a half-normal (hn) or
hazard rate (hr) key functions. Marine mammal sighting information was obtained
from line transect surveys in coastal British Columbia (2004-08).
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Figure 3.5: Abundance estimates with 95% confidence intervals generated
using Conventional Distance Sampling (CDS) over surveyed years and seasons in
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stratum 1 only, including the average of all seasons. Summer averages are included
for seasonal comparison with 2007 autumn and spring in coastal British Columbia.
Responsive movement can be a problem, in terms of both avoidance or
attraction, but analyses to date suggest the field protocols generally allowed observers to
search far enough ahead of the vessel to record distance and angle prior to responsive
movement occurring. Using methods described by Palka and Hammond (2001),
Williams and Thomas (2007) examined data on swimming direction of animals for
evidence of responsive movement and found that only Pacific white-sided dolphins
approached the boat before being detected by observers. A greater proportion of
approaching behaviour for Dall’s porpoise and prominent spike in the data warranted
similar methods for coping with responsive movement in this study, namely not fitting
the spike near zero. For all other species, no evidence for responsive movement was
found, and was therefore ignored in the analysis.

Table 3.3: Detection function summary statistics using Conventional Distance
Sampling (CDS) for marine mammal species surveyed in coastal British Columbia
(2004-2008). Truncation distance (w) with number of sightings (n) before and after
truncation. Model described by key function (hazard-rate (hr), half-normal (hn), or
uniform (un) with optional series expansion terms (polynomial (poly), or cosine
(cos)). The p-value for the goodness-of-fit Kolmogorov-Smirnov (K-S), and the final
probability of detection ( pˆ ) and its percent coefficient of variation (%CV ( pˆ )).
Common Name
harbour porpoise
Dall's porpoise
Pacific white-sided
dolphin

600
700

n
before
128
239

n
after
118
221

1200

233

219

w(m)

€

Model

K-S p

pˆ

%CV ( pˆ )

hr
hn+cos(3)
hn+cos(4)

0.899
0.190

0.201
0.344

24.29
9.86

€

0.253

105

0.001

€

€

8.63

2300
3900
1300
400

n
before
352
91
29
32

n
after
325
82
25
29

700

244

212

500

774

732

1300

20

17

500

123

114

500

20

18

Common Name

w(m)

humpback whale
fin whale
killer whale
minke whale
harbour seal
(haul-out)
harbour seal
(in-water)
Steller sea lion
(haul-out)
Steller sea lion
(in-water)
elephant seal

Model

K-S p

pˆ

hn+cos(1)
hn+cos(2)
hn
un+cos(1)
un+cos(1)

0.951
0.375
0.302
€
0.641

0.421
0.270
0.558 €
0.620

0.326

0.728

6.69

0.030

0.477

4.74

0.639

0.686

21.57

0.047

0.548

7.71

0.572

1.000

0.00

hn+cos(1)
un+cos(1)
hn
un

%CV ( pˆ )
6.43
11.01
16.71
13.81

Table 3.4: Generalized Additive Model (GAM) formulation with truncation
distances (w) and distance model key type (Key) for given stratum with generalized
cross-validation score (GCV), deviance explained (DE) and GAM model terms for
marine mammals surveyed in coastal British Columbia (2004-2008). The Detection
function is indicated by the key function of either hazard rate (hr) or half-normal (hn).
Common Name
harbour porpoise

600

Key
hr

Strata
1-4

GCV
0.486

DE (%)
25.6

Dall's porpoise

700

hn

1-4

0.345

19.1

Pacific white-sided
dolphin
humpback whale

1200

hn

1-4

0.377

33.4

2300

hn

1

0.521

19.0

fin whale

3900

hn

4
1-4

0.265
0.145

11.0
41.8

killer whale
(all ecotypes)
minke whale

1300

hn

1-4

0.040

39.5

400

hn

1-4

0.045

32.5

w
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GAM Model Terms
lon,lat + depth + distcoast +
slope + season + inlet
lon,lat + depth + distcoast +
slope + season + inlet
lon,lat + depth + distcoast +
slope + season + inlet
lon,lat + depth + distcoast +
slope + season
depth† + distcoast† + slope†
lon,lat + depth + distcoast +
slope
lon,lat†
lon,lat + depth + distcoast +
slope

Common Name
harbour seal
(haul-out)
harbour seal
(in-water)

Steller sea lion
(haul-out)
Steller sea lion
(in-water)
elephant seal

700

Key
hn

Strata
1-4

GCV
0.188

DE (%)
35.6

500

hn

1

0.157

43.4

2-4

1.366

23.9

w

1300

hn

1-4

0.025

26.5

500

hn

1-4

0.062

47.1

500

hn

1-4

0.018

51.8

GAM Model Terms
lon,lat + depth + distcoast +
slope + season + inlet
lon,lat + depth + distcoast +
slope + season
lon,lat + depth + distcoast +
slope + inlet
log(depth)* + distcoast* +
log(slope)*
lon,lat + depth + distcoast +
slope + inlet
lon,lat + depth + distcoast +
slope + season

* terms were limited to 5 knots
† terms were used with a basis “ts”, which is the default thin-plate smooth but allowing
for shrinkage to zero

Table 3.5: Observed and estimated school sizes ( ) for marine mammal species
from 2004-2008 surveys in coastal British Columbia waters using Conventional
Distance Sampling (CDS).

Species
harbour porpoise
Dall's porpoise
Pacific white-sided
€
dolphin
humpback whale
fin whale
killer whale (all ecotypes)
minke whale
harbour seal (haul-out)
harbour seal (in-water)
Steller sea lion (haul-out)
Steller sea lion (in-water)
elephant seal

Estimated School Size
%CV( sˆ )
sˆ
1.67
4.56
2.41
4.54
13.53 €
14.77
1.51
1.78
3.67
0.99
5.58
1.11
70.29
6.11
1

2.79
6.86
18.26
2.36
9.51
1.20
66.86
20.31
0
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Mean
1.81
2.43
38.27
1.57
1.99
3.80
1.03
6.82
1.20
37.77
14.41
1

Observed School Size
%CV
Maximum
4.53
5
5.55
15
20.41
1200
3.75
12.73
15.27
3.33
9.77
2.83
49.25
26.89
0

8
20
28
2
90
18
300
370
1

3.3.2.1 Harbour porpoise

Combining all surveys, 128 harbour porpoise groups were sighted (Table 3.3).
This species was distributed widely across the northern and southern extents of the
study area, and were more common in nearshore and inlet waters (Figure 3.2). Most
(122/128=95%) exhibited travelling/foraging behaviour, with the remaining two feeding
and two avoiding; no obvious response to the observer vessel is indicated with these
data.
Restricting the observations to a truncation distance of 600m excluded 10
observations, or 8% of the sightings (Table 3.3). The preferred detection function was the
hazard rate model with no adjustment terms (Table 3.3). The data show a spike near
zero (Figure 3.3). These spikes are typically linked with attractive movement, but none
was noted in the field or in the data collected on behaviour or orientation relative to the
ship, so alternate models that ignored the spike were not considered. The steeply
declining detection function is likely to accurately reflect the cryptic nature of this
species; that is, observers really did cover only a narrow strip for this species. All the
other models tested with higher AIC values produced smoother fits than the data or the
hazard rate model, which produced a higher pˆ and lower abundance estimate. For

€
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example, the next lowest-AIC model (ΔAIC=8.53), uniform with five cosine adjustments,
produced a pˆ 41% larger (0.284 vs. 0.201).

3.3.2.2 Dall’s porpoise

€

Of the 239 Dall’s porpoise school sightings (Table 3.3), most occurred in the

offshore waters of the northern and southern portions of the Queen Charlotte Basin with
relatively few schools within the inlets or the southern straits (Figure 3.2). Whereas most
observations (212/239=88.7%) were travelling/foraging, a small proportion (11/239=4.6%)
were approaching and the same number feeding. Other behaviours included socialising
(2/239=0.8%), avoidance (1/239=0.4%), and unknown (2/239=0.8%).

A truncation distance of 700m excluded 18 observations, or 8% of the
observations, from model fitting. The hazard rate function with one cosine adjustment
fit the data best according to the AIC criteria, but exhibited a sharp spike near zero.
Given that a small proportion of Dall’s porpoise were recorded with attractive behaviour
and are known to bow-ride (including our survey vessel), the spike near zero most likely
reflects responsive movement. Following Williams and Thomas (2007), the half-normal
model with two cosine adjustments was chosen for having the next lowest AIC
(ΔAIC=7.02). Turnock and Quinn (1991) also found that a half-normal model corrected
most for the attractive movement, using simulations and data from Dall’s porpoises in
Alaska. The half-normal model for Dall’s porpoise detection was also chosen by
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Williams and Thomas (2007), except the approaching behaviours were less numerous
(2/11=18% versus 11/239=4.6%) which presumably contributed to not having to override
the AIC selected hazard rate model with the half-normal. To further quantify a
correction factor, a secondary platform of observation is recommended but that could
not be accomplished on our survey vessel.

3.3.2.3 Pacific white-sided dolphin

Of the 233 schools of Pacific white-sided dolphin, most were seen throughout the
southern portion of the Queen Charlotte Basin, particularly near Haida Gwaii, with
several additional sightings in the inlets and northern end of the southern straits (Figure
3.2). This species exhibits the strongest approaching behaviour (47/233=20.2%). Other
behaviours include: travelling/foraging (151/233=64.8%); feeding (18/233=7.7%);
breaching (13/233=6%); socialising (1/233=0.4%); avoidance (1/233=0.4%); and uncertain
(2/233=0.8%).

Using a truncation distance of 1,200m (Table 3.3), the lowest AIC values were
achieved with a hazard rate model, which followed the spike of the data near zero
distance. To minimise the bias of attractive movement, the model with the 2nd lowest
AIC (ΔAIC=23.89) was achieved with a half-normal model with four cosine adjustments
to avoid fitting the spike (Figure 3.3). This is a similar strategy for model selection as
used with Dall’s porpoise.
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3.3.2.4 Humpback whale

The highest number of cetacean school sightings (n=352) was attributed to
humpback whale (Table 3.3). These sightings occurred exclusively in Queen Charlotte
Sound and inlets, but not in the southern straits (Figure 3.2). Most sightings were in
deep water, with some preference towards the southern Haida Gwaii region and the
southeastern portion of Queen Charlotte Sound. Only one observation was noted for
approaching behaviour (1/352=0.2%) and the rest included: travelling/foraging
(265/352=75.3%); feeding (41/352=11.6%); breaching (25/352=7.1%); socialising
(3/352=8.5%); and unknown (5/352=1.4%). Using a 2,300m truncation distance, the
lowest-AIC model selected used a half-normal model with one cosine adjustment term
(Figure 3.3).

3.3.2.5 Fin whale

All of the 91 school sightings of fin whale were found in the Queen Charlotte
Basin, with the exception of two observations in Grenville Channel, located on the North
Coast of BC (Figure 3.2). Most offshore sightings were located off southeastern Haida
Gwaii, with another large cluster of sightings in the northern portion of the Sound
(Figure 3.2). The behaviours of sightings include: travelling/foraging (73/91=80.2%);
feeding (3/91=3.3%); socialising (1/91=1.1%); and other/uncertain (4/91=4.4%). A 3,900m
truncation distance was applied (Table 3.3). The hazard rate model obtained the lowest
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AIC, but exhibited a spike near zero, so a half-normal model with two cosine adjustment
terms (ΔAIC=1.4) was used instead (Figure 3.3).

3.3.2.6 Killer whale

At 29 school sightings, the killer whale is the least frequently seen of the whale
species analysed (Table 3.3). Most targeted killer whale studies differentially treat the
ecotypes (Zerbini et al., 2006), but data constraints forced the grouping of the resident,
transient and offshore types together for this analysis. Most sightings occurred in the
Queen Charlotte Basin and Johnstone Strait, most commonly in the nearshore (Figure
3.2). Observed behaviours include: travelling/foraging (24/29=82.7%); feeding
(2/29=6.7%); socialising (1/29=3.4%); and other (2/29=6.7%). A truncation distance of
1,300m was applied to provide a monotonically decreasing tail, while retaining as many
observations as possible (25/29=86%). A hazard rate model best fit these data, but to
offset the spike near zero the half-normal model without adjustment terms (ΔAIC=0.53)
was chosen.

3.3.2.7 Common Minke whale

Only slightly more frequently seen (n=32) than killer whales is the common
minke whale (Table 3.3). Sightings were widely distributed within Queen Charlotte
Basin, generally offshore (Figure 3.2). All sightings were recorded as travelling/foraging
behaviour, although minke whales are at surface less than other species so detailed
behaviour is often difficult to determine. Of the 32 observations only three exceeded
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400m in perpendicular distance from the transect line (2,377m, 1,888m and 1,532m), so a
truncation distance of 400m was used. The lowest-AIC model, a uniform model with one
cosine adjustment term, was chosen in this case.

3.3.2.8 Harbour seal

The most commonly sighted of all marine mammals (n=1,018; Table 3.3), harbour
seals were typically sighted in nearshore waters throughout all strata (Figure 3.2). They
exhibited the following behaviours: travelling/foraging (701/1,018=68.9%); socialising
(75/1,018=7.4%); feeding (13/1,018=1.3%); approaching (1/1,018=0.1%); and
other/unknown (110/1,018=10.8%). Detectability is expected to vary as a function of
whether the animal is in or out of water, hence the separation between in-water and
haul-out observations for truncation distances and detection functions (Table 3.3).
Roughly, one quarter of the sightings were haul-out versus three quarters in-water. For
in-water observations, a truncation distance of 500m was used and the lowest-AIC
model selected was a half-normal model with one cosine adjustment term (Figure 3.3).
For haul-out observations, a 700m truncation was used, indicative of greater visibility
when out of water, and the lowest-AIC model selected was a uniform model with one
cosine adjustment. The distance readings for haul-out observations exhibit a peak
around 200m rather than monotonically increasing towards zero. Because most haul out
sightings are to the side during along-shore transects, this off-zero peak was anticipated.
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3.3.2.9 Steller sea lion

A total of 123 in-water sightings of Steller sea lions were recorded and an
additional 20 on land (Table 3.3). All of these sightings were generally made in the
nearshore and inlets of the southern Queen Charlotte Basin (Figure 3.2). In-water
animals appeared to exhibit slight responsiveness to the ship (avoidance: 30/123=24.4%;
approach: 2/123=1.6%), otherwise found travelling/foraging (67/123=54.5%), socialising
(10/123=8.1%), feeding (3/123=2.4%), or other/unknown (38/123=30.9%). For in-water
observations, a 500m truncation distance was used and the lowest-AIC model selected
was a half-normal model. For haul-out observations, a 1,300m truncation distance was
used and the lowest-AIC model selected was a uniform model with one cosine
adjustment.

3.3.2.10 Northern elephant seal

The least frequently sighted of all marine mammal species analysed (group
sightings=20; Table 3.3), the northern elephant seal was observed in the open waters of
Queen Charlotte Basin as well as the southern and central coast inlets (Figure 3.2). A
500m truncation distance was used, and the final model selected was a uniform model,
which corresponds to a strip transect, i.e. density is assumed to not vary with distance
from transect. In this case, there were too few observations to construct a robust distance
detection function, as further evidenced by the unrealistic pˆ value of 1 (Table 3.3).
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3.3.2.11 Other species

Besides the marine mammals already mentioned, other species were observed
during the survey, albeit too rarely to estimate abundance or without sufficient
taxonomic specificity. The number of sightings broken down to season, years and strata
are listed in supplementary
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Table A.7: gray whale (Eschrichtius robustus; n=7), sei whale (Balaenoptera borealis;
n=1; reported previously in (Williams and Thomas, 2007)), sea otter (Enhydra lutris;
n=36), sunfish (Mola mola; n=27) and sharks (n=106). A high-density shark aggregation
was described previously (Williams et al., 2010). Sea otters were excluded from
assessment since relatively few observations were made and their distribution is
elsewhere better described by dedicated surveys conducted by Fisheries and Oceans
Canada (Nichol et al., 2009).

3.3.3 Comparison of estimates and uncertainty
Compared with previous abundance estimates by Williams and Thomas (2007),
who relied on survey data from 2004 and 2005 alone, our analyses resulted in altered
abundance estimates and tighter confidence intervals, often substantially so, for all mean
abundance estimates over the study region (Figure 3.6) and within stratum (see online
supplement). For some species, mean abundance estimates for the entire study area
(Figure 3.6 and online supplement) are lower than earlier estimates (Williams and
Thomas, 2007): harbour porpoise (6,631 and 34.9% CV vs. 9,120 and 40.5% CV); fin
whale (446 and 26.4% CV vs. 496 and 45.8% CV); and harbour seal (in-water) (10,394 and
6.5% CV vs. 13,524 and 15.3% CV). The remainder of mean abundance estimates are
higher, as with Dall’s porpoise (6,232 and 20.0% CV vs. 4,913 and 29.2% CV), Pacific
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white-sided dolphin (32,637 and 24.6% CV vs. 25,906 and 35.3% CV), humpback whale
(1,541 and 12.9% CV vs. 1,313 and 27.5% CV), killer whale (308 and 38.2% CV vs. 161
and 67.4% CV), minke whale (430 and 25.2% CV vs. 388 and 26.8% CV) and harbour seal
(haul-out) (7,060 and 12.9% CV vs. 5,852 and 25.9% CV). Abundance estimates for Steller
sea lions and elephant seals were available in this analysis and not in Williams and
Thomas (2007) due to the limited sample size generated from 2004 and 2005 surveys.
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Figure 3.6: Abundance estimate comparisons ± 95% confidence intervals of the
updated 2004-2008 survey data pooled across all strata and seasons using
Conventional distance Sampling (CDS) and Density Surface Models (DSM) and
compared to Williams and Thomas (2007) estimates generated from the 2004-2005
surveys in coastal British Columbia. Species abbreviations are for harbour porpoise,
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Dall's porpoise, Pacific white-sided dolphin, killer whale, humpback whale, common
minke whale, fin whale, harbour seal, Steller sea lion and elephant seal.
Comparing 95% confidence intervals of abundance estimates between surveys
for stratum 1, we see that with one exception, all of the estimates have overlapping
confidence intervals (Figure 3.5 and online supplement). This suggests no significant
population changes occurred over the 2004-08 sampling period. The only clearly nonoverlapping confidence interval was found for humpback whales, which have the
lowest estimated abundances in summer 2006 (486 and 95% CI 219-1,081) and highest
estimated abundances in the following spring survey in 2007 (2,431 and 95% CI 1,5773,747). The second highest abundance estimate was in summer 2008 (2,057 and 95% CI
1,382-3,062). Notably, summer 2006 had the least amount of realised survey effort at
605km versus nearly 1,700km for all other summer surveys. In the case of humpback
whales, a simple linear trend is non-significant, either by summer surveys (p=0.276) or
inclusive of 2007 autumn and spring (p=0.204). Nonetheless, mean abundance estimates
are appreciably higher in 2007-08 compared with the earlier period of 2004-06. Bayesian
methods may suit a future study having more observational data to estimate trends in
population abundance (Moore and Barlow, 2011; 2013).

3.3.4 Density surface modelling abundance estimates
For harbour seals (in-water), separate models had to be fitted for stratum 1 and
the other strata 2, 3 and 4. The humpback whale model had to be fitted with separate
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models for stratum 1 and stratum 4, excluding strata 2 and 3 where no observations
were made. For Steller sea lion (haul-out), the log terms of depth and slope were used to
obtain a fitted model (Table 3.4).

In general, differences between abundance estimates using our CDS and DSM
approaches were minor, with significant differences for harbour seals (in water) only.
When comparing the CVs between our CDS and DSM abundance estimates for the
entire region (Figure 3.6 and online supplement), the gain in precision is seen for almost
all of the individual species: harbour porpoise (26.2% vs 34.95%); Dall’s porpoise (6.8%
vs 20.0%); Pacific white-sided dolphin (15.1% vs 24.6%); humpback whale (4.8% vs
12.9%); fin whale (9.3% vs 26.4%); killer whale (26.7% vs 38.2%); harbour seal haul-out
(11.5% vs 12.9%); harbour seal in-water (3.7% vs 6.5%); Steller sea lion haul-out (70.3% vs
99.9%); and Steller sea lion in-water (24.2% vs 27.9%). Species where this was not the
case were the minke whale (29.9% vs 25.2%) and the elephant seal (2,452.4% vs 29.9%).
The CV for the elephant seal is exceptionally high, mainly due to the high variance being
divided by a very small mean value. Due to so few observations being made (n=20)
while so many more segments were zero, DSM is less reliable than estimates derived
using CDS.
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3.3.5 Spatial distributions
Density surface models are useful for identifying potential high-use areas or
hotspots (see Figure 3.7) where any conflicting human use should be avoided,
highlighting low-use areas (blue in Figure 3.7) where these activities may more safely be
relocated. Comparing the observations (Figure 3.2), we see general agreement with the
distribution of the density surface models (Figure 3.7). Much of the predictive power
from the models is derived from the bivariate spatial location predictor (i.e., latitude,
longitude).
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Figure 3.7: Density surface models for marine mammals in coastal British
Columbia reported as density (# animals/km2) for dolphins (a-c), whales (d-g) and
pinnipeds (h-k), which are further differentiated between in water and hauled out
populations. Color breaks diverge above (red) and below (blue) the mean density
(white) based on Jenk's natural breaks to maximize spatial differentiation. Note that
the break intervals are unequal. Plotted in geographic coordinate space using cells
generated in Albers BC. The whisker plot (l) of mean and 95% confidence interval of
total abundance for the study area (Supplemental Table A.5, Table A.6) compares
population sizes between species. Note the log 10 axis for abundance.
Dall’s porpoise is most highly concentrated in the northeastern section of the
study region and the model is influenced most positively by medium range depths
(Figure 3.7a). Harbour porpoises are distributed heavily in the southern strata and some
northern areas of Queen Charlotte Basin near Prince Rupert (Figure 3.7b). Because only
encounter rate is spatially modelled, observations with larger groups are not heavily
weighted for the density surface. The Pacific white-sided dolphin dominates the
southern and central portion of the basin, with another ‘hotspot’ in Johnstone Strait
(Figure 3.7c). Distance from the coast is a dominant term positively influencing density,
offset by the negative contribution of depth and slope.

Fin whales are clustered at the southern portion of Haida Gwaii and the
northernmost section of the basin (Figure 3.7d). Humpback whale distribution (Figure
3.7e) is positively influenced by distance to coast and depth, with animals most
prominently found off the southern portion of Haida Gwaii and along the tidally driven
Hecate Strait Front, which is known to aggregate prey from spring to autumn (Clarke
and Jamieson, 2006), and which corresponds with other humpback survey results (Dalla
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Rosa et al., 2012). Killer whales are found in coastal pockets in the south and central
basin (Figure 3.7f). For this species, spatial location (latitude, longitude) was the only
selected predictor. Common minke whales were spread throughout the basin at a low
density with greater concentrations offshore (Figure 3.7g).
Harbour seals hauled out (Figure 3.7h) are found most in the south central
portion of the nearshore basin and inlet waters. In-water harbour seals (Figure 3.7i) are
also distributed nearshore and in the southern strata. Steller sea lions haul-out (Figure
3.7j) and in-water (Figure 3.7k) are also found nearshore, but more widely throughout
the basin. For all pinniped spatial models, distance to shore and depth were strong
predictors in the model, reducing the in-water density of the hauled-out surfaces to
negligible values. A single density surface per species is preferable for management. The
in-water and hauled-out density surfaces could be summed with the hauled-out group
truncated to nearshore cells. The full spatial surfaces, however, were retained separately
to allow for later recombination given double platform estimates on the trackline g(0)
and to account for small islands and rocks present within the coarse 5km prediction
grid.
The density surface map for elephant seals was omitted because of poor model
performance due to few sightings and preference for the conventional distance sampling
abundance results (supplemental Table A.2, Table A.4).
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3.4 Discussion
This study provides abundance estimates for 10 marine mammals that inhabit
the coastal waters of British Columbia; two represent new abundance estimates for the
region and eight represent improved and updated abundance estimates. With often
substantial reductions in CIs, whether using conventional or model-based approaches,
our revised abundance estimates offer greater precision and accuracy than previous
estimates and provides new estimates for spring and fall seasons. A key finding is that
humpback whale abundance was highest in spring, which may mean that our line
transect surveys sampled whale migrating through BC waters on their way to feeding
grounds in Alaska. Because humpback whale abundance is often estimated using markrecapture statistics from photo-ID, it remains a management decision to assess status
and incorporate the whales’ nutritional needs in ecosystem-based herring fisheries based
on the number of animals in BC waters at the time of our survey, or the number of
animals that ever migrate through the Canada’s Pacific waters. Our results show that
these may be quite different numbers that give quite different pictures of recovery from
commercial whaling. As a secondary objective, a larger, longer-term distributional
dataset has also been generated, with relevance for future marine mammal habitat
preference studies and further improvement of abundance estimates using either CDS or
DSM (Marques and Buckland, 2003). This study’s density surface model-based
abundance estimates, with the exception of elephant seals, should be viewed as the most
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reliable abundance estimates, mainly because this approach accounts for spatial
heterogeneity over strata and can theoretically improve abundance estimates by
narrowing confidence intervals relative to those generated by CDS methods (De Segura
et al., 2007; Burt and Paxton, 2006; Hedley and Buckland, 2004).
The most significant and immediate uses of these improved marine mammal
distribution and abundance estimates relate to conservation and management. In British
Columbia’s coastal waters and surrounding regions, marine mammals face numerous
threats including: ship strikes (Williams and O'Hara, 2010); bycatch (Baird and
Guenther, 1995; Williams et al., 2008); pollution and bio-accumulation of toxins (Ross,
2006; Ross et al., 2004); exhaust emissions (Lachmuth et al., 2011); marine noise (Morton
and Symonds, 2002; Williams et al., 2013); marine debris (Williams et al., 2011b);
competition with fisheries (Matthiopoulos et al., 2008); climate change (Huntingdon and
Moore, 2008); and habitat modification/destruction (Johannessen and Macdonald, 2009).
These threats affect many populations that are experiencing reduced population sizes
due to the long-term consequences of historical commercial whaling, predator control
programs, and other factors. Information generated from a subset of these surveys has
already contributed to spatial assessments of likely interaction between 11 marine
mammal species and debris (Williams et al., 2011a) and ship strike risk for fin,
humpback, and killer whales (Williams and O'Hara, 2010). Although still uncertain, a
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proposal for an oil pipeline terminus and associated supertanker traffic on the north
coast of BC represents an emergent and poorly understood threat to marine mammals
and their habitat. The Northern Gateway Pipeline project, is a proposal that joins a host
of other energy developments which in combination, signal increasing industrialisation
of coastal BC. Lacking from most if not all of these projects is the quality baseline
distribution and abundance information required to quantitatively assess risks to marine
mammal species.
Given the number of threats faced by marine mammals and the relative paucity
of baseline distribution and abundance information, these data provide opportunities
for extensive future conservation, research management and decision-making. Further,
baseline data represents a benchmark against which future population changes can be
monitored, which is a crucial issue in the monitoring and management of marine
mammals, particularly for those species that do not benefit from targeted census. As
with any type of information regarding species assessment, the need to revise, improve,
and subsequently apply updated information for more effective conservation and
management strategies should be an ongoing priority. Our future research priorities are
to, inter alia: expand spatial and seasonal coverage; use model averaging on the detection
function to improve our estimates for rare species (Williams and Thomas 2009); to
integrate previously unpublished in situ data on temperature, salinity and zooplankton
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abundance and diversity; develop better methods for gauging distance to marine
mammals at sea from small boats when the horizon is not visible (Williams et al. 2007);
and explore potential to conduct surveys near land-based observation sites to conduct
benign, non-invasive studies to assess the point at which cetaceans begin to avoid or
approach our research vessel. Notwithstanding these limitations, the improved and
updated abundance estimates presented here are timely and important, given budget
cuts for government research and a large backlog of species at risk for which Canada
must identify critical habitat (Taylor & Pinkus 2013).
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4 Siting Offshore Wind Energy Development for
Winning Tradeoffs in Space and Time
4.1 Introduction
I focus here on the creation of a synoptic framework of environmental impacts to
species sensitive to offshore wind energy development (OWED) in the Mid-Atlantic
coast of the United States. Impacts to wildlife are differentially applied in space and time
allowing for novel tradeoff analysis that evaluates the profitability of siting based on
operational impacts to birds and the timing of construction and surveying based on the
episodic acoustic impacts to cetaceans.

As of the first half of 2015, the total installed offshore wind energy capacity is at
8,990 megawatts (MW) worldwide with the United Kingdom leading and Germany
following at 4,625 MW and 1,505 MW respectively (Smith et al. 2015). Europe accounts
for 96% of installed capacity with the remainder in Asia. The United States is noticeably
absent from any currently installed offshore wind capacity, despite high wind
availability and coastal energy demand. The first grid connected US wind farm did
begin offshore construction July 2015 at Block Island, RI by Deepwater Wind and is
anticipated to be in production at 30 MW fall 2016. Although other projects are slated for
the future pipeline, what accounts for this stark lack of development in US waters?
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The lengthy environmental compliance process, estimated to incur a 7 – 10
permitting timeline, has been identified as a significant impediment to offshore energy
development in US waters (Beaudry-Losique et al. 2011). A “Smart from the Start”
interagency program led by the federal leasing agency, the Bureau of Ocean Energy
Management (BOEM), has formed task forces to reduce these demands by identifying
environmentally responsible Wind Energy Areas (WEAs) for offshore wind
development. These areas, however were the result of many negotiations between a
wide variety of stakeholders and is not the result of a systematic quantitative process.

Renewable energy development has seen more success on land in the US, which
reached 47 gigawatts (GW) of installed wind power generation by 2011 (Bolinger 2013)
and 2.5 GW of solar by 2010 (Price 2010). Lessons on land may translate to improving
the efficiency of marine spatial planning (Gopnik 2013). For instance, multi-criteria
decision analysis (Stoms et al. 2013) enabled the Bureau of Land Management (BLM) to
fast track certain areas for permitting as part of its Desert Renewable Energy
Conservation Plan (DRECP) in the Southwest which were deemed likely to have the
least impact on wildlife while providing sufficient wind or solar energy and nearby
transmission capabilities to be profitable for development. Almost no human
development is without some environmental impact, which are often difficult to
quantify. Still, providing this high level view can flag potential conflict areas where
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greater caution should be exercised and conversely expedite permitting of other areas,
for instance where species of concern are less likely to occur.

Evaluating the risk to wildlife for any development necessitates an
understanding of the sensitivities of the colocating species. Impacts can be both direct,
i.e. cause mortality, and indirect, i.e. influence individual behavior so as to reduce
reproductive success. Impacts can vary with the intensity (e.g. size of turbine) and phase
of OWED: 1) surveying, 2) construction, 3) operation and 4) decommissioning. Direct
impacts of birds and bats colliding with turbine have been reasonably well characterized
while indirect effects of acoustic disturbance to marine mammals during pile driving has
been difficult to quantify (Bailey et al. 2014). In contrast to Europe where seabirds are
highly migratory and marine mammals are mostly resident, the US North Atlantic
seaboard has fewer migratory seabirds and more migratory marine mammals. Effects on
birds generally occur during the long-term operation of wind turbines, whereas impacts
on marine mammals are most experienced episodically and acoustically during seismic
surveying and pile driving. The varying nature of impacts in space and time leads me to
conclude that sites should be selected in space to minimize long-term impacts on birds,
and timing of surveying and construction activities to be conducted in times of the year
when sensitive migratory marine mammals are least present. The goal of this chapter is
to explore economic and environmental tradeoffs in space and time to find optimal sites
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that minimize impact to wildlife while preserving profitability to OWED in the US MidAtlantic.

4.2 Methods
4.2.1 Study Area: Mid-Atlantic Coast of the US
The Mid-Atlantic continental shelf presents an opportune area for OWED given
its strong offshore winds and proximity to densely populated coastal areas. The Atlantic
Wind Connection, a Google backed offshore transmission grid in its early planning
phase, could significantly lower costs to OWED leasees. Species densities are newly
available for cetaceans (Roberts et al. 2016) and bird density surfaces (Atlantic Offshore
Seabird Dataset Catalog) are available now and due to be updated shortly (Kinlan et al,
in prep).
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Figure 4.1. Mid-Atlantic offshore study area (red) and proposed Atlantic Wind
Connection transmission leasing facility (blue). The study area is delimited by the
availability of bird density data from the Atlantic Offshore Seabird Dataset Catalog.
The pixelated edge is determined by the 10 km grid cells of the cetacean density
surfaces (Roberts et al. 2016) in Albers Equal Area projection.

4.2.2 Wind Energy Valuation
The net present value (NPV) for each 10km pixel site was estimated using the
Offshore Wind Energy Production model from the InVEST Toolbox version 3.2 (Guerry
et al. 2012, Sharp et al. 2015). The candidate wind farm consists of 80 x 5MW turbines
133

(400 MW capacity farm) with a hub height at 90m over a lifetime of 20 years. The NPV
for a wind farm in the given pixel is determined by the gross revenues from wind
energy (Rt) minus the costs (Ct) annualized (t) over the lifetime (T) of the wind farm
modified by the discount rate (i) or weighted average cost of capital ( 5 ). A discount rate
of 5% was applied per White et al. (White et al. 2012).

!

𝑁𝑃𝑉 =

𝑅! − 𝐶! 1 + 𝑖

!!

(5)

!!!

In terms of siting, revenue is largely determined by wind speed at hub height
and costs by transmission distance to the grid. Since grid connection points are not made
publicly available, distance to shoreline serves as a proxy. An additional 4km to connect
from shore to the grid was applied for all sites. An alternate scenario considering access
to the Atlantic Wind Connection transmission reduced this distance to shore, but did not
consider additional (as yet unknown) leasing costs for its use.
Parameter coefficients (β0,1) to model transmission cost (TransCost) based on
megawatt size of the wind farm (MW) and total cable laid (TotCable) were estimated by
fitting costs available via literature search by the InVEST team ( 6 ).

𝑇𝑟𝑎𝑛𝑠𝐶𝑜𝑠𝑡 = 𝛽! 𝑀𝑊 + 𝛽! 𝑇𝑜𝑡𝐶𝑎𝑏𝑙𝑒
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(6)

Separate coefficients were modeled based on an assumption of switching from
AC to DC at 60km or greater distance (Table B.1).

Gross revenues (R) are derived from wind power by multiplying the price per
kWh with the annual amount of kWh produced by the wind farm (E). This wind
production is based on the individual turbine output (O) multiplied by the number of
turbines (n=80). Individual turbine output is based on the default InVEST parameters for
the 5 MW turbine configuration (cut-in at 3 ms-1; rated windspeed at 12.5 ms-1; cut-out at
30 ms-1; rotor diameter of 116m) to describe a polynomial of power (5 MW) over a range
of wind speed (cut-in to cut-out). Wind speed is estimated at hub height from the
reference surface using a power curve based on a fitted Weibull distribution9. Wind
speed at the ocean surface reference height is provided by InVEST.

Depth is known to increase the cost of foundations and installation due to more
required material, but is not explicitly modeled here due to lack of published data for
establishing an explicit relationship. A $2 M installation cost per turbine is applied to all
sites equally. The jacketed foundations generally required for a 5 MW turbine are more
expensive than the less robust monopole foundations used for 3.6 MW turbines. Floating

For more details on the power curve wind estimation, see the InVEST documentation at
http://data.naturalcapitalproject.org/nightly-build/invest-users-guide/html/wind_energy.html.
9
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structures open the possibility of going to still greater depths, but are still in the
demonstration phase (Figure 4.2).

Figure 4.2. Illustration of possible foundation structures with increasing depth.
Monopile structures are cheapest but limited to 30m, tripod to 40m, jacket to 60m and
moored floating structures beyond. Source:
http://www.nrel.gov/docs/fy13osti/58974.pdf
Although the majority of costs are for installation, operations and maintenance
account for a fraction of the capital expenditure annually. The default 3.5% value was
applied.

4.2.3 Bird Distribution and Sensitivity Score
Density distributions for 27 individual bird species were downloaded from the
Avian Average Annual Abundances (O’Connell et al. 2011, Kinlan et al. 2012) available
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at MarineCadastre.gov. These density maps were matched with species having
sensitivity to OWED from a recent UK-based study on bird sensitivity to OWED
(Bradbury et al. 2014) to yield 21 species for analysis (Table 4.1). The 6 species having
density distributions and missing a sensitivity value from Bradbury et al. (2014) were
dropped from the analysis, but are all of Least Concern to extinction risk according to
the IUCN RedList: Bonaparte's gull (Chroicocephalus Philadelphia), double-crested
cormorant (Phalacrocorax auritus), laughing gull (Larus atricilla), red phalarope
(Phalaropus fulicarius), and ring-billed gull (Larus delawarensis), surf scoter (Melanitta
perspicillata).

Bird density maps are based scientific surveys in the U.S. Atlantic compiled since
1978 into The Compendium of Avian Information in the U.S. Atlantic Outer Continental
Shelf (O’Connell et al. 2011). Density (individuals per 2.5 nm strip width) were
calculated seasonally and then averaged across the year. This study (Kinlan et al. 2012)
was done by NOAA/NOS/NCCOS working with the USGS Patuxent Wildlife Research
Center for BOEM.

Bird sensitivity to OWED developed by Bradbury et al. (2014) separated collision
risk from displacement impacts similar to Furness et al. (2013), compared to the original
species sensitivity Index (SSI) framework of Garthe & Hüppop (2004).
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𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑟𝑖𝑠𝑘 𝑠𝑐𝑜𝑟𝑒 = 𝑎 ∗ (𝑚 + 𝑡 + 𝑛)/3

(7)

Terms contributing to collision risk are flight altitude (a), flight maneuverability
(m), percentage of time flying (t), and nocturnal flight activity (n).

𝑑𝑖𝑠𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒 = [ 𝑑 ∗ ℎ ∗ 𝑐]/10

(8)

Displacement score is determined by disturbance by wind farm structures, ship
and helicopter traffic (d), habitat specialization (h) and conservation importance (c). Most
terms are based on taxonomic expertise. The conservation importance score was based
on UK-based measures: Birds Directive status, percent biogeographic population in
English waters, adult survival rate and UK threat status10.

The maximum of either collision risk or displacement score per species was used
to arrive at the Atlantic study weights (Table 4.1).

𝑏𝑖𝑟𝑑 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = max ( 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 𝑟𝑖𝑠𝑘 𝑠𝑐𝑜𝑟𝑒, 𝑑𝑖𝑠𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡 𝑠𝑐𝑜𝑟𝑒)

(9)

These UK-based measures of conservation status should be replaced with conservation metrics relevant to
populations in U.S. waters, however I could not replicate scores with values provided in tables from
Bradbury et al. (2014). I will correspond with Bradbury et al. (2014) and update these values to be more
meaningful to species in the U.S. Atlantic.
10
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Table 4.1. Bird sensitivity to OWED based on the maximum of risk to collision
and displacement per Bradbury et al. (2014).
Common
Great Black-backed Gull
Herring Gull
Black Scoter
Black-legged Kittiwake
Common Loon
Northern Gannet
Red-throated Loon
Common Eider
Common Tern
Razorbill
Roseate Tern
White-winged Scoter
Leach's Storm Petrel
Long-tailed Duck
Pomarine Jaeger
Cory's Shearwater
Dovekie
Great Shearwater
Northern Fulmar
Sooty Shearwater
Wilson's Storm Petrel

Scientific
Larus marinus
Larus argentatus
Melanitta nigra
Rissa tridactyla
Gavia immer
Morus bassanus
Gavia stellata
Somateria mollissima
Sterna hirundo
Alca torda
Sterna dougallii
Melanitta fusca
Oceanodroma leucorhoa
Clangula hyemalis
Stercorarius pomarinus
Calonectris diomedea
Alle alle
Puffinus gravis
Fulmarus glacialis
Puffinus griseus
Oceanites oceanicus

Rank
Very high
Very high
High
High
High
High
High
Moderate
Moderate
Moderate
Moderate
Moderate
Low
Low
Low
Very low
Very low
Very low
Very low
Very low
Very low

Value
5
5
4
4
4
4
4
3
3
3
3
3
2
2
2
1
1
1
1
1
1

Per 10 km pixel, the average bird density was log-transformed, multiplied by
bird sensitivity, and averaged across all species (S) (Figure 4.5).

𝑏𝑖𝑟𝑑 𝑝𝑖𝑥𝑒𝑙 𝑠𝑐𝑜𝑟𝑒 =

!
!"#$

log 𝑑𝑒𝑛𝑠𝑖𝑡𝑦!"#$ + 1 ∗ 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦!"#$ 𝐵
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( 10 )

4.2.4 Cetacean Distribution and Conservation Status
Cetacean distributions were gathered from a recently published study (Roberts et
al. 2016) describing density of cetaceans for 26 species and 3 guilds in the U.S. Atlantic
using survey data from boats and planes over a 23 year period with a variety of habitat
predictors, including depth, temperature, wind, eddies, and productivity.

Impacts to cetaceans from OWED are not well described, but understood to be
mostly from intense acoustic energy during the installation phase from pile driving or
during the pre-installation phase from seismic surveying (Bailey 2012, Bailey et al. 2014).
In the absence of a sensitivity index to OWED akin to the birds, conservation status from
NatureServe (Faber-Langendoen et al. 2009) was scaled 1 to 100 (Table 4.2) and applied
to species, with averages taken for 3 guilds (Table 4.3).

Table 4.2. Lookup values to assign conservation score based on NatureServe
conservation status.
NatureServe
G1
G1G2
G2
G2G3
G3
G3G4
G4
G4G5
G5

Description
Critically imperiled
Imperiled
Vulnerable
Apparently secure
Secure
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Score
100
87
75
63
51
38
26
13
1

Table 4.3. Conservation status score by species using NatureServe. Species are
listed amongst one of four large groups: baleen whales, beaked and sperm whales,
large delphinoids and small delphinoids. For the 3 guilds (beaked whales, Kogia
whales and pilot whales), species scores were averaged across member species. IUCN
extinction risk categories were not used because many were data deficient (DD) (other
codes: least concern (LC), vulnerable (VU) and endangered (EN)).
Common
Baleen whales
Blue whale
Bryde's whale
Fin whale
Humpback whale
Minke whale
North Atlantic right whale
Sei whale
Beaked and sperm whales
Beaked whales
Blainville's beaked whale
Cuvier's beaked whale
Gervais beaked whale
Sowerby's beaked whale
True's beaked whale
Kogia whales
Dwarf sperm whale
Pygmy sperm whale
Northern bottlenose whale
Sperm whale
Large delphinoids
False killer whale
Killer whale
Melon headed whale
Pilot whales
Pilot whale, long-finned
Pilot whale, short-finned
Small delphinoids
Risso's dolphin
Atlantic spotted dolphin
Atlantic white-sided dolphin

Scientific

IUCN NatureServe Score

Balaenoptera musculus
Balaenoptera edeni
Balaenoptera physalus
Megaptera novaeangliae
Balaenoptera acutorostrata
Eubalaena glacialis
Balaenoptera borealis

VU
DD
EN
LC
LC
EN
EN

G3G4
G4
G3G4
G4
G5
G1
G3

38
26
38
26
1
100
51
41
26
26
51
51
51
26
26
26
26
38

Mesoplodon densirostris
Ziphius cavirostris
Mesoplodon europaeus
Mesoplodon bidens
Mesoplodon mirus

DD
LC
DD
DD
DD

G4
G4
G3
G3
G3

Kogia sima
Kogia breviceps
Hyperoodon ampullatus
Physeter macrocephalus

DD
DD
DD
VU

G4
G4
G4
G3G4

Pseudorca crassidens
Orcinus orca
Peponocephala electra

DD
DD
LC

G4
G4G5
G4

Globicephala melas
Globicephala macrorhynchus

DD
DD

G5
G5

26
14
26
1
1
1

Grampus griseus
Stenella frontalis
Lagenorhynchus acutus

LC
DD
LC

G5
G5
G4

1
1
26
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Common
Common bottlenose dolphin
Clymene dolphin
Fraser's dolphin
Harbor porpoise
Pantropical spotted dolphin
Rough-toothed dolphin
Short-beaked common dolphin
Spinner dolphin
Striped dolphin
White-beaked dolphin

Scientific
Tursiops truncatus
Stenella clymene
Lagenodelphis hosei
Phocoena phocoena
Stenella attenuata
Steno bredanensis
Delphinus delphis
Stenella longirostris
Stenella coeruleoalba
Lagenorhynchus albirostris

IUCN NatureServe Score
LC
G5
1
DD
G4
26
LC
G4
26
LC
G4G5
13
LC
G5
1
LC
G4
26
LC
G5
1
DD
G5
1
LC
G5
1
LC
G4
26

Unlike the bird distribution data, the cetacean predictions are available at
monthly time steps. Cells containing the lowest 1% of total density were masked from
analysis. Per species, densities (d) per 10 km2 pixel (i) were rescaled as the difference
from mean value (𝑑) over the standard deviation of the density within the study area.
Species scores were averaged across all species (S) to arrive at a cetacean score per pixel
and month.

𝑐𝑒𝑡𝑎𝑐𝑒𝑎𝑛 𝑠𝑐𝑜𝑟𝑒! =

! 𝑑!,!
! 𝑠𝑑
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−𝑑
∗ 𝑐!
𝑑

( 11 )
𝑆

The cetacean score was finally rescaled 0 to 1, minimum to maximum11.

4.2.5 Evaluating Tradeoffs through Simulation
Deciding to site offshore wind energy development is based on weighing
tradeoffs between wind energy profitability and species conservation. Each site can be
examined according to a tradeoff plot with either value on the axis. Deciding how much
influence species conservation will be imposed at the loss of wind profitability is a
societal decision involving industry, government regulatory agencies and other
stakeholders. Ideally, solutions exist which favor both goals, the preferred “win-win”
scenario. I quantitatively evaluate this tradeoff over a range of utility functions given by
equation ( 12 ).

𝑢 = 𝑎 ∗ 𝑊𝑖𝑛𝑑𝑃𝑟𝑜𝑓𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 − 1 − 𝑎 ∗ 𝐵𝑖𝑟𝑑𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

( 12 )

By evaluating the utility (𝑢) of every site over a range of reasonable 𝑎 values, I
then take the average of values to arrive at an average utility (𝑢) per pixel. So then what
is a reasonable range? Garthe & Hüppop (2004) designated the top 60% of bird
sensitivity scores as areas of “concern” and top 20% as areas of “major concern”.

This normalization method, originally performed to highlight deviations from the mean as hot spots and
cold spots (Figure 3.7), produces negative values which confuse interpretation, so I will update this with
log-normalization to be consistent with calculation of the bird scores (Equation 6).
11
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4.2.6 Developing Spatio-Temporal Decision Support System
All the analysis, besides the wind energy valuation with InVEST, was coded in
the free, open-source, cross-platform statistical programming language R (R Core Team
2015). The spatial-temporal decision support system was developed with the R package
Shiny (Chang et al. 2016) using leaflet (Cheng & Xie 2015) mapping and ggvis (Chang &
Wickham 2015) plotting packages.

4.3 Results
4.3.1 Map of Wind Energy Valuation
The net present value of OWED for the U.S. Mid-Atlantic (Figure 4.3) shows a
trend of increasing value offshore and more northern latitudes, which is largely a
function of wind speed. Most coastal pixels near New Jersey and Delaware are even
negative, thus unrealistic for investment. This pattern is consistent when modeling with
the Atlantic Wind Connection (Figure 4.4) with higher profit to be gained nearby and
further offshore.
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Figure 4.3. Wind energy valuation (net present value in $US millions).
Bathymetric depths are contoured in light gray.
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Figure 4.4. Wind energy valuation (net present value in $US millions) with
access to the Atlantic Wind Connection (purple lines).

4.3.2 Map of Bird Sensitivity Score
Bird sensitivity exhibits a strong latitidunal gradient with Massachussets to the
north having the highest values and lowest offshore from North Carolina.
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Figure 4.5. Cumulative bird sensitivity to offshore wind energy development.
Bird sensitivity dramatically increases with latitutude and slightly further offshore.
Contours of the the top 20% and 60% quantile areas denote areas dubbed as “major
concern” and “concern” respectively, leaving only the remaining bluest areas offshore
from North Carolina (NC) as the only “least concern” areas, per the classification
scheme of Garthe & Hüppop (2004).
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4.3.3 Map of Cetacean Conservation Status
Migration patterns of cetaceans in the U.S. Mid-Atlantic cause considerable
variation between months (Figure .4.6). March is most intensely concentrated near the
Gulf of Maine, May on the northern fringe, August diffuse throughout, and November
peaked on either end of the study area with a consistent offshore signature. These
patterns are largely driven by the North Atlantic right whale, which is critically
imperiled and migrates south in the winter to calving grounds in Florida and north to
forage in the summer in the Gulf of Maine, with some populations maintaining
residency in Gulf of Maine year-round.
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Figure .4.6. Cetacean Sensitivity for specific months with site labels.
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4.3.4 Evaluating Tradeoffs in Space with Birds
By plotting individual pixel values per management objective, OWED
profitability versus bird sensitivity, a so-called tradeoff plot highlights sites which most
match each objective (Figure 4.7). The upper right quadrant is most desirable for
selecting the most profitable, least sensitive sites. This is further quantified by creating
quadrants from quantile values along each axis.
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Figure 4.7. Tradeoff for all sites between bird sensitivity and wind
profitability as net present value (NPV) in $US millions. Sites with negative NPV
were excluded from this plot. Values were rescaled before calculating average utility
(𝒖) of each site from 11 simulations of the utility function ranging a in equation ( 12 )
from 0 to 1. The slope of the median 𝒂 is shown as a dotted line passing through the
highest utility site E. The red quadrant corresponds to the sites with the least 20% of
profitability or the most 20% of bird sensitivity. The upper right blue quadrant
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corresponds with sites excluding the 60% least profitable and 60% most sensitive,
hence a preferred subset for development of offshore wind energy.
With the average utility value combining both objectives, these values are then
plotted back onto the map to highlight areas of greatest prospective interest (Figure 4.8).
Contouring the top 20% of sites reveals 6 hotspots for OWED. By labeling the highest
value pixels within each of these hotspot areas, the pixel values can be compared with
others and ranked (Table 4.4).
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Figure 4.8. Map of average utility from simulation. Contours for the top 20%,
40% and 60% quantiles of average utility. Site labels A-E are of highest utility within
the 20% contour area and correspond with labels in the tradeoff plot (Figure 4.7) and
table of values (Table 4.4).

Table 4.4. Values of bird sensitivity, wind profitability (net present value in
$US millions), average utility across simulations and sorted by overall rank for
153

selected sites, corresponding to labels in the tradeoff plot (Figure 4.7) and average
utility map (Figure 4.8).
Label
E
B
A
F
D
C

Lon
-73.24
-75.02
-74.25
-71.88
-72.36
-74.98

Lat
39.51
35.70
35.41
40.53
38.75
36.78

Bird Sensitivity
0.49
0.37
0.38
0.58
0.49
0.39

Wind Profitability
765.2
615.1
595.4
795.4
694.0
570.4

Average Utility
0.371
0.361
0.337
0.330
0.326
0.314

Rank
1
4
24
28
36
62

4.3.5 Evaluating Tradeoffs in Time with Cetaceans
Once sites are selected in space based on maximizing long-term operational
profitability of OWED and minimizing impacts on sensitive bird species, impacts to
cetaceans can be evaluated over time. Sites selected previously based on highest overall
utility (Figure 4.8) are next examined over time to identify months with the least impact
on cetaceans to conduct pre-operational activities such as pile driving and seismic
surveying (Figure 4.9).
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Figure 4.9. Cetacean sensitivity over months of the year for selected sites (also
in Figure 4.7, Figure 4.8, Figure 4.9) where lowest values suggest seasonal absence of
endangered migratory cetaceans for timing pre-operational OWED activities (such as
seismic surveying or pile driving).

4.3.6 The Spatio-Temporal Decision System
The spatio-temporal decision system (Figure 4.10) is fully interactive: pan and
zoom in the map, click on tradeoff plot to highlight site pixel on map (and vice versa),
select and view layers of species densities and industry inputs (wind, distance to
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transmission grid). Other criteria, such as military and shipping uses, besides those
modeled are inevitably part of the planning process. This SDSS is not comprehensive in
that way, but enables exploration of alternative sites to deeply evaluate conservation
and OWED industry concerns. Users are able to explore maps and tradeoff plots
resulting from applying different utility functions as a varying ratio between
minimizing bird sensitivity versus maximizing OWED profitability (versus the default
average utility over the naïve full range).

Figure 4.10. Spatio-temporal decision support interface showing interactive
map on the left and tradeoff plot of bird sensitivity versus industry profitability on
the right. Clicking on a given pixel in the map will popup cetacean sensitivity over
the year to and highlight the month with the minimum sensitivity for timing harmful
activities such as pile driving and seismic airgun surveying. Selecting rows in the
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table will highlight them on the tradeoff plot. Selecting points on the tradeoff plot
will highlight them in the map.

4.4 Discussion
The recommended framework for prospecting offshore wind energy
development is to consider areas that maximize profitability to offshore wind energy
while minimizing exposure to sensitivity bird sites, since birds are exposed over the
long-term operational phase of wind farms. Utilizing a tradeoff plot and then mapping
out the average utility highlights sites that most efficiently meet both objectives.
Subsequent planning for pre-operational activities should be mitigated by the
opportunistically minimizing exposure to cetaceans of conservation concern. This too
was can be systematically quantified with a cetacean sensitivity plot per site over time.
This process is summarized in Figure 4.11.
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y
x

t
Figure 4.11. Summary cartoon of spatio-temporal tradeoff framework
minimizing operational impacts on birds by siting OWED in space and episodic
impacts on cetaceans by timing activities.
This approach embodies the characteristics of sound ecosystem-based
management: accounting for conservation of multiple species, while promoting
sustainable marine industries, all within a user interface to solicit stakeholder feedback
(Slocombe 1993, Pikitch et al. 2004, Arkema et al. 2006). This product is intended to hand
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off to decision makers and stakeholders to provide substantial spatial and temporal
decision-making support. The sites are ranked by highest average utility, which
represent the best sites that meet both objectives across a set of utility functions that
range from maximizing only conservation to only OWED profitability. This interface
allows modification of this naïve range, since the final utility function chosen, ie the
chosen ratio balancing out conservation with profitability, is a societal one, not to be
made by scientists alone.
Rather than dictating places for OWED, outputs from this analysis enable BOEM
to prioritize specific Mid-Atlantic lease blocks to minimize subsequent conservation
obstacles involved in the environmental planning process. The complex mass of input
data (offshore wind, distance to grid connections, species densities, species migratory
patterns, species conservation status) are distilled into a holistic view where the optimal
choices are clearly presented in both variable (ie tradeoff plot) and spatial (ie map of
average utility per site) formats. This effectively “games” stakeholders towards win-win
solutions that serve to benefit both industry and environment. Interactivity in the SDSS
(Figure 4.10) reveals the totality of the process, avoiding other “black box” approaches.
The transparency of this system is expected to elicit stakeholder buy-in, which is critical
for effective marine spatial planning (Crowder & Norse 2008, Douvere 2008, Osmond et
al. 2010, Pollnac et al. 2010, Saarman et al. 2013).

159

As further research elucidates sensitivities of species to OWED, this framework
can be expanded to accommodate. In future, it is hoped that population impacts, ie
potential biological removal estimates, for the most direct applicability to policy
decisions (Harwood et al. 2016, Fleishman et al. 2016).
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5 Dynamic Routing to Minimize Ship Strikes with
Whales
5.1 Introduction
Vessel traffic poses the threat of ship strike, acoustic noise and spill of oil or other
cargo pollutants. Reducing risk to endangered wildlife while maintaining human
activities and maritime operations requires objective assessment of species habitats and
human uses in both space and time. In order to better assess management options for
separating endangered species and potentially harmful interactions a composite
valuation of marine species and vessel routes is needed to apply a priori, rather than
post-hoc. I build a cost surface based on species distributions that are then applied to
optimize the routing of vessels in the region to potentially reduce the risk of adverse
interactions.

In Boston harbor where the critically endangered right whales are of concern,
shipping lanes were redrawn around a simple right whale density of historical
opportunistic sightings (Ward-Geiger et al. 2005). In Santa Barbara Channel, shipping
lanes were shifted to avoid high density areas of blue whales (Redfern et al. 2013). What
if shipping could be systematically routed around whale hot spots? Methods so far were
posed ad-hoc with shipping lanes suggested and subsequently evaluated, which does
not offer a method for systematically selecting routes elsewhere.
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Studies have worked on the risk of ship strike versus cost of vessel rerouting
based on a pre-defined track (Vanderlaan & Taggart 2007, 2009, Fonnesbeck et al. 2008,
Vanderlaan et al. 2008, 2009, Schick et al. 2009), but have yet to be suggested in a
prescriptive manner.
Least-cost path algorithms, such as Djikstra’s, are commonly used in online
driving directions and many other route-optimization applications. These graphtheoretic algorithms have also been playing an increasing role in routing corridors of
habitat and testing connectivity of habitat patches (Chetkiewicz et al. 2006) for both
terrestrial (Urban & Keitt 2001, Urban et al. 2009) and marine applications (Treml et al.
2008). The algorithm minimizes the total cost of travel between two points traversing
over a resistance surface. For the sake of this conservation routing problem, the
resistance surface represents the risk of species encounter.

In British Columbia, a moratorium on oil tankers traversing the inner waters was
lifted in 2010, which enabled Enbridge to propose a Northern Gateway oil pipeline from
Alberta tar sands to terminate at Port Kitimat for west coast delivery to high demand
Asian markets. Up to 900 oil tankers could frequent the port with passage through
narrow fjords, and points of entry north and south of the Haida Gwaii islands (Figure
5.1, right). While a wide variety of industries are increasingly active in the coastal waters
of British Columbia, many environmental groups (PNCIMA, BCMCA, Living Ocean
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Society) sought to stop this development, or as a minimum propose conservationminded routes. Several large oil and gas projects currently underway are likely to
increase heavy shipping into Kitimat (EnviroEmerg Consulting Services, 2008), making
this a useful example of the approach. One map (Figure 5.1, left) depicts the areas in the
latest draft PNCIMA Atlas, originally provided by (Clarke & Jamieson, 2006). The maps
in these atlases identify areas of importance as polygons. These polygon areas are then
overlaid and summed to create an index of potential importance and environmental
sensitivity. In the absence of observational data, this qualitative approach is the best
available science. Given the availability of Raincoast surveys (Best et al., 2015), the
density surfaces of each species can be combined to provide a more quantitative layer
for planning purposes.
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Figure 5.1: On the left, polygons of important areas for gray, humpback, and
sperm whales derived from expert opinion in the PNCIMA Atlas (Draft 2009). On the
right, proposed tanker vessel route for servicing the forthcoming Kitimat oil and gas
projects (EnviroEmerg Consulting Services 2008).

5.2 Methods
To create this synthetic cost surface, individual species density surfaces were
normalized and weighted by a conservation score before adding them up into a single
cost surface layer. A range of multipliers were applied to the cost surface for obtaining
varying least-cost routes, ranging from direct routes (0) to tortuous ones that avoided
whale hotspots (1M). Total encounter scores were then calculated for visualization in a
tradeoff plot.
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5.2.1 Composite Species Risk Surface
Species density distributions from British Columbia are from Chapter 3 and
published (Best et al. 2015). Density surface model outputs were assembled for a marine
mammal composite risk (cost-surface) map. Each density surface was normalized in
order to highlight areas of high density relative to its average (i.e. the location denotes a
relative hotspot). The unitless standard score, or z-value (zi), per pixel (i) is calculated as
the pixel’s marine mammal density estimate (xi) subtracted from the mean of all density
estimates for the strata (μ), divided by the standard deviation of those density estimates
(σ) and finally multiplied by the species weight (w).

zi =

xi − µ
*w
σ
n

Zi = ∑ zi
j=1

An inverse weighting scheme based on species conservation status was applied
to favor representation of more endangered species (Wood & Dragicevic 2007). These
rankings were obtained from the Provincial listing status at British Columbia’s
Endangered Species and Ecosystems website (http://www.env.gov.bc.ca/atrisk).
Elephant seal is listed as SNA, species “not applicable”, presumably because of its semimigratory status in BC waters. Given that it’s status is S4 in California and Alaska to the
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south and north of BC, this status was used to conform with the scheme in Figure 5.2.
The values on the y-axis indicate the relativized weight used in the analysis.

Figure 5.2: Weighting by BC conservation status for fin whale (FW), Steller sea
lion (SSL), harbour porpoise (HP), humpback whale (HW), killer whale (KW),
Elephant seal (ES), minke whale (MW), Dall’s porpoise (DP), Pacific white-sided
dolphin, and harbour seal (HS).

5.2.2 Vessel Routing
The routing was done in ESRI’s ArcGIS ArcInfo version 9.3 with the Spatial
Analyst toolbox. The CostPath function was used with input cost distance and backdirectional raster grids generated from the CostDistance function. The 5km original
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density surface grids were resampled to a 1km resolution for use as the resistance cost
surface to provide finer spatial resolution and routing within the inlets. An alternative
raster grid in which all cells would be assigned a cost value of 1 serves as the Euclidean
linear distance optimal spatial route providing a comparison of direct routing.
The proposed routes from Figure 5.1 were digitized and endpoints for north and
south approaches used with the exercise to test the framework moving in and out of
Kitimat. Routes between all navigation points, originally including other ports (Prince
Rupert and Port Hardy), were also calculated. Existing routes may have preference for
other factors than efficiency, such as scenic beauty or protection against inclement
weather. Given that existing routes are generally preferred, a cost can be associated with
movement away from these preferred routes. Here I take the case of cruise routes
reported online. Euclidean distance from existing cruise route was relativized by the
maximum within the study area and multiplied by the maximum cost surface value. The
two surfaces were added to obtain the final cost surface for routing, providing an
example of equal weighting to conservation and routing goals.

5.3 Results
The composite risk map for all marine mammals (Figure 5.3) is very similarly
distributed as just the large whales composed of killer, humpback, fin and minke whale.
Consistent with (Clarke & Jamieson, 2006), Hecate Strait was found to be relatively
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important, along with the Dixon entrance. The highest value hotspot is in Gwaii Hanas
Reserve, already under some level of protection. The high levels in stratum 3 Johnstone
Strait (see zoom view) may be an anomaly of the environmental conditions there, since
few sightings were made by comparison.
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Figure 5.3: Conservation-weighted composite map of all marine mammal zscored densities.
Routes do differ markedly (Figure 5.4). It is not clear whether Grenville Channel
is deep and wide enough to support the kind of tanker traffic envisioned. Besides being
closer to the northern approach, as evidenced by that inlet choice with the Euclidean
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path, Grenville Channel exhibits a lower level of potential marine mammal interaction
as predicted by the composite marine mammal densities than through the Principe
Channel as proposed. By routing through the Grenville Channel the potential
interactions in the Hecate Strait could also be avoided. The proposed Southern approach
exhibits relatively lower potential interactions with the least-cost route even dipping
south around the Gwaii Haanas Reserve.
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Figure 5.4: Proposed, linear (Euclidean), and least-cost routes for oil tankers to
Port Kitimat. The least-cost route uses the conservation weighted cost surface.
The existing ship routes pass through both the Principe and Grenville Channels.
Models developed to conduct least-cost path analysis use raster grid cells. For modeling
purposes these cells provide eight possible directions at each step (i.e. 4 side and 4
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diagonal directions). These models create uneven turns when compared to the smoother
Euclidean route or with the proposed routes (Figure 1.24). Although the Euclidean path
should be the shortest, the existing industry route up the Principe Channel is the
shortest (Table 5.1).
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Figure 5.5: Existing, Euclidean and least-cost routes for cruise ships along the
BC coast. The least-cost route uses a cost surface which is the sum of the conservation
risk surface and a surface of distance from existing routes scaled to the equivalent
range. The least cost-path is chosen which thus avoids biological hotspots while
being equally attracted to existing routes.
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Table 5.1: Distances of routes in km. For the oil transportation example in and
out of the Kitimat port only the conservation surface is used for generating the leastcost route, compared to the industry-proposed route and Euclidean path. The cruise
ship industry path comes from existing routes, the distance from which is summed
with the conservation surface to provide the total cost surface with which to route the
least-cost path. Since the cruise ship route splits, the distance for the one going up
Principe Channel is shown.

Route

Euclidean Industry

LeastCost

Kitimat to N. Approach (Conservation)

391

410

425

Kitimat to S. Approach (Conservation)

304

319

336

S. to N. Cruise Route (Conservation + Distance to
Route)

470

450

504

This framework has been ported to an interactive application (Figure 5.6). You
can choose begin and end points, which are either ports, oceanic entrance points or
arbitrary points you create by clicking on the map. The tradeoff plot presents different
routes along an efficiency frontier, contrasting the tradeoff between distance and
conservation. The composite species risk surface is presented by default, and the user
can alternatively select input species density surface maps (chapter 3).
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Figure 5.6: Interactive routing application with tradeoff plot (right) of cost to
industry (km) versus risk to species in which the selected tradeoff (blue point)
corresponds to the route (blue line) displayed within the interactive map (left) of the
study area. Users can click on any of the points along the efficiency frontier of the
tradeoff plot to view the associated route on the map as it deviates from a straight line
to navigating around hotspots of endangered whales. Available online at
http://shiny.env.duke.edu/bbest/consmap.

5.4 Discussion
Here I provide a simple framework for proposing alternative shipping routes to
minimize impacts on marine animals. In this framework competing priorities, such as
cost of additional travel distance versus risk of striking a marine mammal can be more
objectively assessed (Figure 5.7).
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Canadian Prime Minister Justin Trudeau issued a ban on crude oil tanker traffic
November 2015, which halted the eminent threat of ship strike from oil tankers. The
methods devised in this study however can be much more broadly applied.

The relative weights of these layers could be gleaned from the past precedent of
re-routing shipping lanes in Boston Harbor based on overlap with a density of right
whale observations. A similar spatial decision-making process could then be applied
globally as thought experiment using the global shipping layer from Halpern et al.
(Halpern et al. 2008). The ability to operationally provide a framework for minimizing
impacts on marine animals is especially appealing.
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Figure 5.7: The process of conservation routing starts with gathering species
densities (1a) created from species distribution models that correlate the environment
with the observations. Industries (1b) can have differential impacts on species and
costs associated with routing.
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6 Conclusions
Simply put, the era of data-intensive science is here. Those who step up to address major
environmental challenges will leverage their expertise by leveraging their data. Those who do not
run the risk of becoming scientifically irrelevant. —Hampton et al. (2015)
In this dissertation I set out to transform observational data into wise decisionmaking for marine conservation. Observational data is only useful for the time and place
observed until it is combined with environmental data to build a species distribution
model that enables predictions in time and space meaningful to management. I built
robust species distribution models in two study areas that: 1) combined boat and plane
platforms to predict presence of marine mammals in the U.S. Atlantic (chapter 2); and 2)
predicted a density surface of marine mammals in British Columbia (chapter 3). Density
is preferred in order to estimate number of animals affected, but requires additional
sighting data (i.e. distance and angle of each observation) in order to build a detection
function. With species distributions alone, however, it is not obvious how to manage
human activities so as to minimize impacts on endangered species. I developed two
decision support frameworks to: 1) site offshore wind energy development in the U.S.
Atlantic that minimizes collision and displacement impacts on birds in space and
episodic high acoustic energy pre-operational impacts (i.e. pile driving and seismic air
gun surveying) to cetaceans in time (chapter 4); and 2) dynamically route ships around
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marine mammal hotspots in British Columbia to minimize threat of ship strike (chapter
5).

Most often environmental impacts of human activities are assessed after
placement of the activity. These decision frameworks instead offer prescriptive
placement that minimizes impact, while explicitly describing tradeoffs to industry for
conservation. The final site or route is not dictated. Rather, a portfolio of options is
presented, with tradeoffs clearly described. The dense information on individual species
distributions are combined to account for species sensitivities to the activity and the
spatio-temporal distributions. This reductionist approach provides a holistic synoptic
view with the ability to dive more deeply should the user be interested. The net effect of
this transparency in decision-making is expected to garner broad stakeholder
engagement and support.

6.1 Future Directions
Once environmental relationships are fitted in a species distribution model,
predictions can be made into future climatic conditions. In the Pacific U.S., cetaceans
have been successfully forecast 4 months into the future (Becker et al. 2012) using the
Regional Oceanographic Modeling System (Figure 6.1). Elith et al (2010) warn against
prediction into environments novel to the fitted data, as may be the case with predicting
climate change scenarios, but certain quantitative tests, such as described by a
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multivariate environmental similarity surface (MESS), can assess validity of this
approach to using strictly correlative model with possible substitution for mechanistic
approaches. The need to move beyond correlative models for marine animal
distributions has been highlighted (Robinson et al. 2011) and demonstrated for fish by
incorporating dispersal capabilities, geographic limits and demographics (Cheung et al.
2009). Such nowcast and forecast capabilities can provide the lead-time to effectively
mitigate against human impacts, particularly when used in combination with the siting
and routing frameworks described herein. Implementing such nowcasts and forecasts of
endangered marine animal populations could someday become as normal as the
weather forecast -- “cloudy with a chance of whales.”
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Canary Islands has been recently identified as a serious threat to the population (Fais et
al. 2016). The dynamic routing tool could be presented to stakeholders for consideration
of redrawing shipping lanes long-term. Perhaps even seasonally adjusted lanes could be
implemented. Eventually, such lanes could be revisited every few years. A majority of
mariners expressed a willingness to alter course around whales in Canada (72%) and
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Gulf of Maine (79%), particularly if alerted via convenient technology such as AIS or
NAVTEX (Reimer et al. 2016). I sincerely hope that one day routing around whale traffic
in the ocean will be as ubiquitous as routing around car traffic with today’s
smartphones.
Ship routes are not technically constrained by roads, as are cars on land. While
the freedom of movement presents many more possibilities for alternate routes, the
routing algorithms, such as the commonly used Djikstra’s least-cost path routing,
depend on an existing network composed of nodes and edges. For ocean routing
applications the network is most commonly translated from a raster into an even grid of
nodes connected via edges to neighbors (4, or 8 with diagonals). A Delaunay
triangulation could be used to generate an irregular network with increasing detail
towards shore (
Figure 6.2), which should yield more direct routes without the “jaggies” of an otherwise
pixelated network. The A* algorithm, rather than Djikstra’s least-cost routing, should
also be more efficient in finding the least-cost path.
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a)

b)

c)

Figure 6.2. Marine routing improvements: a) irregular Delaunay triangulation to
create a mesh of increased resolution towards shore12; b) the A* least-cost path
algorithm for efficient routing towards destination13; combined to yield a c) least-cost
oceanic route with increasing resolution near shore14.
The siting application can be improved by incorporating uncertainty estimates
visually on mouse hover over the site in the map or tradeoff plot (Figure 6.3). Sensitivity
to OWED parameters by bird species in the U.S. Atlantic have been compiled for
displacement, collision and population status with min, mean and max values (Robinson
Willmott et al. 2013). A Monte Carlo simulation for 10,000 replicates with a random
uniform draw across these bird sensitivity parameters could be combined with

http://www.mathworks.com/matlabcentral/fileexchange/25555-mesh2d-automatic-mesh-generation
https://en.wikipedia.org/wiki/A*_search_algorithm
14 http://blancosilva.github.io/post/2014/10/28/Computational-Geometry-in-Python.html#convex-hulls
12
13
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simulated species distributions, generated from the posterior distribution
(mgcv::predict(type=”lpmatrix”)). Similarly, uncertainty in the wind
profitability axis could be simulated from variation in the wind energy valuation
parameters, particularly for wind speed, discount rate and foundation cost (Blanco 2009,
Ozkan & Duffey 2011, Levitt et al. 2011). Confidence intervals could be extracted per site
and visualized on mouse hover.

Figure 6.3. Siting application improvement to include measures of uncertainty
on rollover of sites. Whisker plots of confidence interval in the tradeoff plot could be
displayed for each axes: wind profitability ($NPV) and bird sensitivity.
Finally, by making all the data and code for analysis and application interface
open-source and readily available online (http://github.com/bbest/dissertation), I
sincerely hope these techniques will be applied to marine spatial planning around the
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world and improved upon by others. In my career I will continue with similar attempts
to lower the barriers to wise environmental decision-making, while increasing the
transparency of the process.
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Appendices
A. Supplement to British Columbia Distributions
Table A.1: Abundance and density estimates generated using Conventional
Distance Sampling (CDS) for cetaceans in stratum 1 (Queen Charlotte Basin, coastal
British Columbia, 2004-2008) over all survey periods and cumulative pooled estimates
for stratum 1.
Stratum 1
Estimate
2004
2005
2006
2007
Summer Summer Summer Spring
harbor porpoise
D
0.157
0.309
0
0.056
0.036 0.108 0.014 95%CI(D)
0
0.675
0.887
0.221
N
2,874
5,677
0
1,032
667 1,980 263 95%CI(N)
0
12,391
16,279
4,054
%CV
79.4
54.9
0
73.4
Dall's porpoise
D
0.492
0.354
0.113
0.081
0.248 0.109 0.039 - 0.027 95%CI(D)
0.978
1.152
0.332
0.240
N
9,038
6,507
2,083
1,487
95%CI(N) 4,549 2,001 711 503 17,956
21,159
6,098
4,399
%CV
33.8
60.9
50.1
55.1
Pacific white-sided dolphin
D
2.196
1.762
3.415
0.858
1.048 0.544 1.107 - 0.387 95%CI(D)
4.600
5.705
10.536
1.901
N
40,316
32,345
62,708 15,755
95%CI(N) 19,243 - 9,988 - 20,327 - 7,111 84,464
104,747 193,448 34,905
%CV
37.2%
61.1
53.9
40.0
humpback whale
D
0.049
0.046
0.026
0.132
0.020 0.022 0.012 - 0.086 95%CI(D)
0.121
0.095
0.059
0.204
N
909
839
486
2,431
95%CI(N)
373 406 219 1,577 2,213
1,737
1,081
3,747
186

2007
Fall

2008
Average Average
Summer
All
Summers

0.027
0.003 0.216
487
60 3,964
125.1

0.211
0.044 1.023
3,874
799 18,785
87.5

0.153
0.066 0.355
2,806
1,209 6,514
43.2

0.202
0.083 0.492
3,704
1,518 9,040
45.9

0.115
0.035 0.379
2,105
638 6,950
59.7

0.182
0.085 0.391
3,350
1,562 7,184
37.7

0.247
0.147 0.416
4,540
2,700 7,632
25.5

0.318
0.180 0.560
5,838
3,313 10,289
27.8

0.085
1.582
0.007 - 0.745 1.041
3.361
1,565
29,054
128 - 13,680 19,113 61,706
166.2
37.8

1.566
0.928 2.642
28,759
17,047 48,517
26.4

2.013
1.152 3.517
36,958
21,153 64,573
28.1

0.06
0.027 0.131
1,093
496 2,405

0.078
0.059 0.103
1,431
1,085 1,888

0.065
0.045 0.092
1,186
835 1,684

0.112
0.075 0.167
2,057
1,382 3,062

Estimate
%CV
fin whale
D
95%CI(D)
N

Stratum 1
2004
2005
2006
2007
Summer Summer Summer Spring
44.1
35.7
36.2
21.0
0.012
0.005 0.030
223

95%CI(N) 91 - 548
%CV
44.9
killer whale
D
0.026
0.007 95%CI(D)
0.100
N
476
124 95%CI(N)
1,829
%CV
72.0
minke whale
D
0.029
0.014 95%CI(D)
0.058
N
526
258 95%CI(N)
1,071
%CV
35.4

2007
Fall
37.7

0.045
0.017 0.120
820
305 2,199
50.0

0

0.01
0.002 0.045
188

81.3

0.014
0.003 0.073
263
51 1,346
83.6

0.015
0.01
0.005
0.014
0.005 - 0.001 - 0.001 0.006 0.050 0.138
0.025
0.032
282
177
94
251
86 12 19 - 463 107 - 585
921
2,527
62.1
186.3
88.6
43.4

0.02
0.007 0.055
371
136 1,013
51.1

0.045
0.015 0.136
830
275 2,505
52.1

0.02
0.007 0.061
371
123 1,119
56.5

43 - 829

0
0
0
0

0.024 0.026
0.010 - 0.010 0.060 0.068
441
476
176 182 1,108 1,242
46.2
47.1

2008
Average Average
Summer
All
Summers
19.3
13.6
17.0
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0
0
0
0
0

0.024
0.010 0.057
442
188 1,040
42.7

0.02
0.005 0.078
371
96 1,431
71.2

0.024
0.014 0.041
446

0.024
0.012 0.047
443

262 - 760 229 - 859
26.4

0.022
0.013 0.037
396

32.7
0.014
0.005 0.036
253
96 - 666
49.9
0.025
0.014 0.045
466

231 - 678 261 - 829
26.7

28.6

Table A.2: Abundance and density estimates for pinnipeds in stratum 1
(Queen Charlotte Basin, coastal British Columbia, 2004-2008) over all survey periods
generated using Conventional Distance Sampling (CDS) and cumulative pooled
estimates for stratum 1.
Stratum 1
Estimate
2004
2005
2006
2007
Summer Summer Summer Spring
harbour seal, hauled out
D
0.09
0.089
0.093
0.022
0.019 0.041 0.009 - 0.002 95%CI(D)
0.428
0.192
0.954
0.215
N
1,651
1,630
1,712
407
95%CI(N)
347 753 167 42 7,863
3,527
17,517
3,939
%CV
85.2
38.4
133.4
146.7
harbour seal, in water
D
0.119
0.047
0.026
0.09
0.051 0.018 0.004 - 0.048 95%CI(D)
0.282
0.121
0.155
0.167
N
2,192
866
485
1,644
929 336 82 880 95%CI(N)
5,172
2,227
2,849
3,072
%CV
42.3
47.2
89.8
30.3
harbour seal, total
D
0.209
0.136
0.12
0.112
0.089 0.075 0.019 - 0.053 95%CI(D)
0.491
0.246
0.750
0.235
N
3,842
2,496
2,197
2,052
95%CI(N) 1,638 1,379 350 974 9,016
4,516
13,778
4,323
%CV
43.8
29.9
105.8
37.9
Steller sea lion, hauled out
D
0
0
0
0
0
95%CI(D)
0
0
0
N

0

0

0

0

0

0

%CV
0
0
Steller sea lion, in water

0

0

95%CI(N)

0
0
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2007
Fall

2008
Average Average
Summer
Summers

0.042
0.008 0.212
769
152 3,894
86.5

0.067
0.025 0.175
1,224
467 3,209
48.4

0.066
0.033 0.133
1,212
600 2,450
34.6

0.083
0.039 0.176
1,523
717 3,236
37.2

0.089
0.015 0.528
1,634
275 9,690
97.5

0.047
0.018 0.125
866
326 2,300
48.7

0.074
0.046 0.118
1,350
839 2,172
22.8

0.066
0.038 0.117
1,217
690 2,145
27.3

0.131
0.035 0.495
2,403
635 9,087
71.9

0.114
0.057 0.226
2,090
1,052 4,154
34.8

0.14
0.093 0.210
2,562
1,704 3,852
20.3

0.149
0.092 0.241
2,740
1,697 4,426
24.0

0.301
0.024 3.821
5,530
436 70,158
179.6

0.24
0.039 1.462
4,399
721 26,845
109.6

0.082
0.013 0.497
1,503
248 9,119
108.9

0.072
0.012 0.438
1,314
215 8,036
109.6

Stratum 1
2004
2005
2006
2007
2007
2008
Average Average
Summer Summer Summer Spring Fall Summer
Summers
D
0.16
0.135
0.063
0.316
0.17
0.158
0.18
0.142
0.038 0.060 0.012 - 0.132 - 0.052 - 0.059 0.098 0.067 95%CI(D)
0.664
0.307
0.334
0.758 0.553
0.422
0.333
0.297
N
2,936
2,485
1,160
5,797 3,126
2,901
3,314
2,601
706 1,096 219 2,415 - 963 1,087 1,796 1,239 95%CI(N)
12,200
5,634
6,129
13,914 10,145
7,746
6,116
5,460
%CV
76.7
41.8
85.1
44.7
60.0
50.4
31.3
37.7
Steller sea lion, total
D
0.16
0.135
0.063
0.316 0.471
0.398
0.262
0.213
0.038 0.060 0.012 - 0.132 - 0.071 - 0.114 0.121 0.091 95%CI(D)
0.664
0.307
0.334
0.758 3.117
1.388
0.567
0.498
N
2,936
2,485
1,160
5,797 8,656
7,301
4,817
3,915
95%CI(N)
706 1,096 219 2,415 - 1,309 - 2,092 2,230 1,675 12,200
5,634
6,129
13,914 57,235 25,483
10,403
9,153
%CV
76.7
41.8
85.1
44.7
116.8
69.0
40.2
44.5
elephant seal
D
0.008
0.004
0
0.004
0
0
0.003
0.004
0.003 0.001 0.001 0.002 0.002 95%CI(D)
0
0
0
0.021
0.014
0.012
0.006
0.008
N
151
74
0
74
0
0
61
67
58 - 391
24 95%CI(N)
21 - 260
0
0
0
31 - 119 30 - 146
228
%CV
47.4
64.9
0
56.8
0
0
32.0
38.3
Estimate
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Table A.3: Abundance and density estimates generated using Conventional
Distance Sampling (CDS) for cetaceans in stratum 2 (Strait of Georgia), 3 (Johnstone
Strait) and 4 (mainland inlets) over all survey periods and averaged estimates for the
entire survey region (strata 1-4) in coastal British Columbia (2004-2008).

Estimate

Stratum
2
2004

Stratum 3
2005

Summer Summer
harbour porpoise
D
1.342
0
0.540 95%CI(D)
3.334
0
N
3,203
0
1,289 95%CI(N)
7,957
0
%CV
47.4%
0
Dall's porpoise
D
0.358
0.695
0.289 0.562 95%CI(D)
0.443
0.860
N
855
85
691 95%CI(N)
1,058
69 - 105
%CV
10.9
10.9
Pacific white-sided dolphin
D
0.16
20.675
0.114 14.803 95%CI(D)
0.223
28.875
N
381
2,532
1,813 95%CI(N) 273 - 533
3,536
%CV
17.2
17.1
humpback whale
D
0
0

2004
Summer

Stratum 4
2007
2008
Fall &
Spring Summer

Average

0.178
0.012 2.709
622
41 - 9,449
213.6

0.272
0.138 0.536
6,631
3,366 13,065
34.9
0.256
0.171 0.383
6,232
4,165 9,324
20.0

5 - 5,639
317.2

0.252
0.009 7.159
879
31 24,973
182.0

0.335
0.015 7.550
1,168
52 26,339
238.4

2 - 3,926
223.9

0.216
0.011 4.390
752
37 15,315
267.7

0

0
0

0.151
0.005 4.997
525
16 17,433
316.7

0.916
0.030 27.527
3,195
106 96,029
189.2

0.277
0.011 7.093
965
38 24,744
322.8

1.34
0.825 2.177
32,637
20,087 53,029
24.6

0.004
0.000 0.145
15

0.047
0.004 0.615
164

0.031
0.002 0.436
110

0 - 505

13 - 2,146

8 - 1,521

0.063
0.049 0.082
1,541
1,187 2,000

95%CI(D)
N

0
0

0
0

0.062
0.002 1.711
216

95%CI(N)

0

0

8 - 5,967
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0.247
0.006 9.903
861
21 34,546
225.0

Average

0.24
0.006 9.643
838
21 33,641
225.0

0
0

0.049
0.001 1.616
170

Entire
Region

0.028
0.001 1.125
96

Estimate

%CV
fin whale
D

Stratum
2
2004

Stratum 3
2005

2004

Summer
0

Summer
0

Summer
178.5

0

0

0

0

0
0
0
0

0
0
0
0

0
0
0
0

0

0.469
0.287 0.766
57
35 - 94
24.8

95%CI(D)
N
95%CI(N)
%CV
killer whale
D

95%CI(D)
0
N
0
95%CI(N)
0
%CV
0
minke whale
D
0.014
0.011 95%CI(D)
0.019
N
34
95%CI(N) 26 - 45
%CV
14.0

Stratum 4
2007
2008
Fall &
Spring Summer
316.3
117.1

Entire
Region

Average
199.0

Average
12.9

0

0

0
0
0
0

0
0
0
0

0
0
0
0

0.018
0.011 0.031
446
263 - 759
26.4

0

0

0

0

0
0
0
0

0
0
0
0

0
0
0
0

0
0
0
0

0

0

0

0

0

0
0
0
0

0
0
0
0

0
0
0
0

0
0
0
0

0
0
0
0
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0.013
0.006 0.027
308
146 - 649
38.2
0.018
0.011 0.029
430
259 - 712
25.2

Table A.4: Abundance and density estimates generated using Conventional
Distance Sampling (CDS) for pinnipeds in stratum 2 (Strait of Georgia), 3 (Johnstone
Strait) and 4 (mainland inlets) over all survey periods and averaged estimates for the
entire survey region (strata 1-4) in coastal British Columbia (2004-2008).

Estimate

Stratum
2
2004

Stratum
3
2005

Summer Summer
harbour seal, hauled out
D
1.217
0
0.968 95%CI(D)
1.529
0
N
2,904
0
2,311 95%CI(N)
3,649
0
%CV
11.7%
0
harbour seal, in water
D
1.934
0.647
1.754 0.588 95%CI(D)
2.133
0.713
N
4,617
79
4,187 95%CI(N)
5,090
72 - 87
%CV
5.0%
4.9
harbour seal, total
D
3.151
0.647
2.832 0.588 95%CI(D)
3.506
0.713
N
7,521
79
6,760 95%CI(N)
8,367
72 - 87
%CV
5.4%
4.9
Steller sea lion, hauled out
D
0
0
95%CI(D)
N
95%CI(N)

0
0

0
0

0

0

2004
Summer

Stratum 4
2007
2008
Fall &
Spring Summer

Entire
Region

Average

Average

1.567
0.090 27.386
5,467
313 95,538
138.8

0.3
0.033 2.773
1,047
113 9,673
128.1

1.437
0.059 34.745
5,014
207 121,210
166.4

0.844
0.067 10.642
2,944
233 37,126
185.0

0.29
0.225 0.374
7,060
5,477 9,101
12.9

1.631
0.134 19.808
5,689
468 69,099
111.8

1.225
0.220 6.830
4,275
767 23,827
88.4

0.902
0.088 9.234
3,145
307 32,212
101.2

1.246
0.240 6.480
4,348
836 22,606
93.6

0.427
0.375 0.485
10,394
9,143 11,816
6.5

3.198
0.553 18.492
11,156
1,929 64,510
88.7

1.526
0.373 6.237
5,322
1,302 21,757
75.4

2.339
0.303 18.047
8,159
1,057 62,957
109.4

2.09
0.424 10.309
7,292
1,479 35,964
93.2

0.717
0.631 0.814
17,454
15,362 19,831
6.5

0.323
0.009 11.304
1,126
32 39,433

0

0

0
0

0
0

0.073
0.002 2.923
256

0

0

6 - 10,196

0.072
0.013 0.391
1,759
324 9,534
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Estimate

Stratum
2
2004

Stratum
3
2005

Summer Summer
%CV
0
0
Steller sea lion, in water
D
0
0
95%CI(D)
N

0
0

95%CI(N)

0
%CV
0
Steller sea lion, total
D
0
95%CI(D)
N
95%CI(N)

N
95%CI(N)
%CV

0
0

0.261
0.013 5.410
910
44 18,874
155.6

0.43
0.022 8.249
1,499
78 28,777
213.7

0

0.43
0.022 8.249
1,499
78 28,777
213.7

0

0.003
0.000 0.093
10
0 - 324
316.2

0

0
0

0
0

0
0

0
0
0

0

0
0
0
0

0
0
0
0

0
0
0
0

0

Summer
234.4

0.583
0.051 6.618
2,035
179 23,087
147.1

%CV
elephant seal
D
0
95%CI(D)

0
0

2004

Stratum 4
2007
2008
Fall &
Spring Summer
0
0
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0
0
0
0

0
0
0
0

0
0
0
0

Entire
Region

Average
474.3

Average
99.9

0.271
0.015 4.804
946
53 16,760
240.4

0.175
0.101 0.301
4,260
2,472 7,341
27.9

0.345
0.024 4.860
1,202
85 16,956
214.5

0.247
0.125 0.487
6,019
3,056 11,853
35.3

0.001
0.000 0.051
4
0 - 176
469.0

0.003
0.001 0.005
65
35 - 121
29.9

Table A.5: Abundance and density estimates generated using Density Surface
Modeling (DSM) for cetaceans in all strata (1, Queen Charlotte Basin; 2, Strait of
Georgia; 3, Johnstone Strait; 4, mainland inlets) over all survey periods and average
estimates for the entire survey region in coastal British Columbia (2004-2008).
Strata
Estimate
1
harbour porpoise
D
0.058
95%CI(D)
0.035 - 0.096
N
3,647
95%CI(N)
2,202 - 6,041
%CV
26.2
Dall's porpoise
D
0.067
95%CI(D)
0.059 - 0.077
N
4,232
95%CI(N)
3,701 - 4,839
%CV
6.9
Pacific white-sided dolphin
D
0.313
95%CI(D)
0.233 - 0.419
N
19,715
95%CI(N)
14,699 - 26,441
%CV
15.1
humpback whale
D
0.016
95%CI(D)
0.014 - 0.017
N
995
95%CI(N)
905 - 1,094
%CV
4.8
fin whale
D
0.005
95%CI(D)
0.004 - 0.006
N
314
95%CI(N)
262 - 377
%CV
9.3
killer whale
D
0.004
95%CI(D)
0.003 - 0.007
N
264

2

3

4

Entire Region
Average

0.368
0.222 - 0.610
3,053
1,843 - 5,058
26.2

0.21
0.11
0.127 - 0.350 0.066 - 0.183
92
1,298
55 - 153
783 - 2,153
26.4
26.2

0.097
0.058 - 0.160
8,091
4,885 - 13,401
26.2

0.063
0.055 - 0.072
518
452 - 595
7.0

0.17
0.041
0.143 - 0.203 0.035 - 0.046
75
478
63 - 89
418 - 548
9.0
7.0

0.063
0.055 - 0.073
5,303
4,638 - 6,064
6.8

0.001
0.000 - 0.002
7
3 - 18
52.6

2.704
0.106
1.996 - 3.664 0.079 - 0.144
1,183
1,256
873 - 1,603
931 - 1,693
15.6
15.3

0.265
0.198 - 0.356
22,160
16,522 - 29,721
15.1

0.008
0.007 - 0.009
97
87 - 107
5.3

0.013
0.012 - 0.014
1,092
993 - 1,200
4.8

0.001
0.001 - 0.002
15
11 - 19
12.5

0.004
0.003 - 0.005
329
274 - 395
9.3

0.118
0.005
0.071 - 0.199 0.003 - 0.008
52
55

0.004
0.003 - 0.007
371

0
0
0
0
0
0
0
0

0
0
0
0
0
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Strata
Estimate
1
95%CI(N)
158 - 442
%CV
26.7
minke whale
D
0.008
95%CI(D)
0.004 - 0.014
N
498
95%CI(N)
281 - 883
%CV
29.9

2
0
0

3
31 - 87
26.8

4
33 - 93
27.2

Entire Region
Average
222 - 621
26.7

0.003
0.001 - 0.005
21
11 - 39
32.3

0
0
0
0
0

0
0.000 - 0.001
4
2-7
38.9

0.006
0.004 - 0.011
522
295 - 927
29.9

Table A.6: Abundance and density estimates generated using Density Surface
Modeling (DSM) for pinnipeds in all strata (1, Queen Charlotte Basin; 2, Strait of
Georgia; 3, Johnstone Strait; 4, mainland inlets) over all survey periods and average
estimates for the entire survey region in coastal British Columbia (2004-2008).
Strata
Estimate
1
2
harbour seal, haul-out
D
0.048
0.436
95%CI(D) 0.038 - 0.060 0.348 - 0.547
N
3,040
3,613
95%CI(N) 2,423 - 3,815 2,881 - 4,530
%CV
11.6
11.6
harbour seal, in-water
D
0.018
0.441
95%CI(D) 0.017 - 0.019 0.413 - 0.471
N
1,141
3,652
95%CI(N) 1,068 - 1,219 3,420 - 3,900
%CV
3.4
3.4
harbour seal, total
D
0.066
0.877
95%CI(D) 0.052 - 0.084 0.693 - 1.110
N
4,181
7,265
95%CI(N) 3,301 - 5,296 5,740 - 9,195
%CV
12.1
12.1
Steller sea lion, haul-out
D
0.042
0.128
95%CI(D) 0.012 - 0.147 0.037 - 0.442
N
2,673
1,057
95%CI(N) 771 - 9,262 305 - 3,664
%CV
70.3
70.4

3

4

Entire Region
Average

0.051
0.040 - 0.066
22
18 - 29
12.7

0.387
0.308 - 0.485
4,558
3,635 - 5,715
11.6

0.134
0.107 - 0.168
11,233
8,965 - 14,076
11.5

0.352
0.304 - 0.407
154
133 - 178
7.5

0.741
0.680 - 0.807
8,736
8,017 - 9,520
4.4

0.164
0.152 - 0.176
13,683
12,734 - 14,703
3.7

0.403
1.128
0.298
0.302 - 0.537 0.885 - 1.436
0.235 - 0.378
176
13,294
24,916
132 - 235 10,439 - 16,930 19,666 - 31,569
14.8
12.4
12.1
0.023
0.007 - 0.081
10
3 - 36
70.4
195

0.023
0.007 - 0.080
273
79 - 948
70.3

0.048
0.014 - 0.166
4,014
1,158 - 13,908
70.3

Strata
Estimate
1
2
3
Steller sea lion, in-water
D
0.0003
0
0
95%CI(D) 0.000 - 0.000
0
0
N
19
0
0
95%CI(N)
12 - 30
0
0
%CV
24.1
0
0
Steller sea lion, total
D
0.043
0.128
0.023
95%CI(D) 0.012 - 0.157 0.035 - 0.468 0.006 - 0.086
N
2,692
1,057
10
95%CI(N) 733 - 9,882 288 - 3,876
3 - 38
%CV
74.4
74.3
74.3
elephant seal
D
0.00007
0.000005
0
95%CI(D) 0.000 - 0.000 0.000 - 0.014
0
N
5
0
0
95%CI(N)
3-7
0 - 116
0
%CV
22.2
411476.5
0

196

4

Entire Region
Average

0.0004
0.000 - 0.001
4
3-7
24.4

0.0003
0.000 - 0.000
23
15 - 37
24.0

0.024
0.006 - 0.087
278
76 - 1,021
74.5

0.048
0.013 - 0.177
4,037
1,100 - 14,815
74.3

0.0004
0.000 - 0.065
4
0 - 770
3497.3

0.0001
0.000 - 0.015
9
0 - 1,248
2452.4

Table A.7: Sightings of other species observed but not modeled by season,
year and stratum from surveys in coastal British Columbia (2004-2008).
Species
gray whale

sunfish

shark

sei whale
sea otter

Season Year
Spring 2007
2007
Summer 2004
Total
Summer 2004
2005
2006
2008
Total
Summer 2004
2005
2006
2008
Total
Summer 2005
Fall 2007
2007
Spring 2007
2007
Summer 2005
2006
2008
2008
Total

197

Stratum
1
4
1
1
1
1
1
1
1
1
1
1
1
4
1
4
1
1
1
4

Sightings
3
1
3
7
8
9
8
2
27
21
57
27
1
106
1
5
7
5
3
2
7
6
1
36

B. Supplement to Siting Offshore Wind Energy
Table B.1: Parameter estimates for modeling transmission Costs.
Costs if ≤ 60km (AC)
MW
.81***
-0.15
Cables (km)
1.36
-1.19
0.937
Adj R2
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Costs if > 60km (DC)
1.09**
-0.37
0.89
-1.61
0.951
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Research Associate, Marine Geospatial Ecology Lab, Duke University, 8/2002
– 8/2008
Computer & Network Technologist, Bren School of the Environment, UC
Santa Barbara, 2/2000 – 8/2002
IT Consultant, European Human Rights Foundation, 9/1998 – 10/1999
Lab and Field Assistant, Marine Biogeography Lab, UC Santa Barbara, 9/1997
– 6/1998

Honors and Awards
•
•
•
•
•
•

Strategic Environmental Research and Development Program Project of the
Year in Sustainable Infrastructure 2008
Audrey Lynn Copeland Memorial Award for Excellence in Ecology Evolution
and Marine Biology, 1998
UCSB President’s Undergraduate Research Fellowship, 1997 – 1998
NSF Research Experience for Undergraduates, 1997 – 1998
NSF Research Training Grant, 1997
Howard Hughes Medical Internship, 1996 – 1997

Teaching Experience
•
•
•
•
•
•
•
•

Instructor for Geographical Information Systems at UCSB, Spring 2016
Instructor for Environmental Informatics at UCSB, Winter 2016
Instructor for Advanced Topics in GIS at UCSB, Fall 2014+2015
Instructor for Landscape Ecology at UCSB, Winter 2015
Instructor for Marine Geospatial Analysis at Duke, Spring 2012
Lab Instructor for Conservation Planning at UCSB, Winter 2011
Teaching Assistant for Advanced Geospatial Analysis at Duke, Fall 2010
Teaching Assistant for Marine Geospatial Analysis at Duke, Spring 2009

Professional Development
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•
•

Organizer for Santa Barbara R Users Group, UCSB Data Science Group
Reviewer for Methods in Ecology & Evolution, Endangered Species Research,
Biological Conservation, Marine Ecology Progress Series, Conservation
Letters, Giga Science

Affiliations/Memberships
•
•
•
•
•

Society for Conservation Biology
Society for Conservation GIS
Society for Marine Mammalogy
Marine Technology Society
Sigma Xi
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