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Abstract

The North Atlantic right whale (Eubalaena glacialis) is critically endangered,
with only about 370 individuals remaining. Modern conservation efforts rely
on accurate knowledge of their location and movements, and, while established
surveying methods such as aerial survey flights produce high-quality data for this
purpose, they can be costly and are unable to cover large areas. Satellite imaging
has been proposed as an additional tool to aid in the detection and monitoring
of the whales, allowing for much broader coverage at a lower cost, though at a
reduced accuracy. This thesis describes the first attempts at observing the North
Atlantic right whale in satellite imagery, and the development of an automated
detector model, including a new form of training data.

On April 24th, 2021, concurrent WorldView-3 satellite imagery and aerial
photographs were acquired in Cape Cod Bay, Massachusetts. Ideal environ-
mental conditions and an abundance of whales in the area resulted in 39 whale
observations in the imagery, which were confirmed by the aerial survey. It was
demonstrated that North Atlantic right whales were fairly easily visible in 30
cm and 15 cm satellite imagery, and that they were able to be identified on a
species level due to visible markings unique to the right whale.

While right whales are often easily visible in such satellite imagery, visually
identifying whales in a large number of images would be a very slow and te-
dious task. To develop an automated whale detector model, a large number of
examples of right whales in satellite imagery are needed to allow the model to
“understand” all the different ways a whale can look in such imagery However, at
the time only the 39 observations mentioned above were available. Here, aerial
photographs were modified to resemble satellite imagery using a deep learning
approach called Neural Style Transfer (NST), in which the style of an existing
satellite image of a right whale is transferred to the content of an aerial photo-
graph. A unique set of satellite/aerial ‘reference pairs’ was developed, allowing
for direct comparison between actual satellite imagery and the newly developed
‘satellite-like’ NST images using image similarity metrics. This demonstrated
that the NST images were significantly more similar to satellite imagery than
unmodified aerial photographs, and allowed for the immediate increase of ex-
amples of right whales in ‘satellite imagery’ from 39 to many thousands.

The NST images were directly compared to other types of training imagery,
including unmodified aerial photographs, colour-normalized aerial photographs,
and satellite imagery itself, by training a detector model using each of these
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training data types and comparing detection accuracies between them. It was
found that models trained on NST simulated images slightly outperformed
those trained on colour normalized photographs, while both significantly out-
performed unmodified aerial photographs. Models trained on satellite imagery
had an excellent precision but rather poor recall, likely due to the small amount
of training data relative to the other datasets. These results indicate that per-
forming some type of preprocessing modification to aerial photographs before
training is highly desirable, though the trade-off between a slight increase in
accuracy with NST and the significantly lower preprocessing time with colour
normalized photographs will be a decision point for the end user.
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Chapter 1

Introduction

The North Atlantic right whale, Eubalaena glacialis, is Critically Endangered
(Cooke 2020), with a global population that is declining and estimated at ap-
proximately 372 animals (Pettis and Hamilton 2025; count as of September
2024). Whaling, banned in US and Canadian waters in 1935, reduced the pop-
ulation from at least several thousand to probably less than 100 animals over a
period spanning hundreds of years (Aguilar 1986; Reeves 2001). Human impacts
on right whales continue today, directly through vessel strikes and entanglement
in fishing gear, and indirectly through other causes such as climate-induced
changes to prey distribution (Meyer-Gutbrod et al. 2021; Chust et al. 2013),
increasing biotoxin loads in coastal waters (Doucette et al. 2006), and noise
pollution (Parks et al. 2003).

Current conservation measures aim to balance the need for protecting right
whales and maintaining commercial activities by creating dynamic protection
zones, the locations and extents of which are modified based on whale move-
ments (Davies and Brillant 2019; Hausner et al. 2021). The effectiveness of
this approach relies crucially on the ability to detect right whales as quickly,
completely and accurately as possible.

At present, right whales are detected based on visual observations from
aircraft, boats, and occasionally drones, with additional detections from static
and dynamic acoustic instruments (Baumgartner et al. 2020), but none of these
solutions are ideal on their own. Aerial reconnaissance includes a level of risk
(NARWC 2003), and it is difficult to search a large ocean for individual or
small groups of whales, whose colour is similar to the ocean and who frequently
dive beneath the surface (Brown et al. 2007). Acoustic detections rely on
vocalization, do not indicate the exact location of the detected whale(s), and
are not able to establish group size, limiting their use for introducing Dynamic
Management Areas (DMAs). Telemetry tags are not typically used because they
either cause trauma to the whale if implanted or are not sufficiently durable
if attached externally (Moore et al. 2012). Satellite imagery may therefore
complement other methods of right whale detection, covering large ocean areas
relatively cheaply, with daily or near-daily revisit time. It is important to note
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CHAPTER 1. INTRODUCTION 2

here that satellite data is intended as an additional tool in the toolbox of whale
surveying and detection, and is not intended to replace any of the existing survey
methods.

After Abileah (2002) initially demonstrated the potential to observe large
marine mammals in high-resolution satellite imagery, Fretwell et al. (2014)
identified 55 “probable” and 23 “possible” Southern right whales (E. australis)
in a single WorldView-2 image covering part of Golfo Nuevo Bay, Argentina,
based on visual image interpretation. Similarly, Cubaynes et al. (2019) visually
identified a total of 211 whale-like objects in four WorldView-3 images from
Hawaii, western Mexico, southern France, and Argentina. Further studies have
been done since the beginning of work on this thesis, and are discussed in detail
in the relevant chapters. These studies demonstrate the fundamental feasibility
of space-based whale detection with high-resolution optical satellite imagery,
but also illustrate some of the challenges.

Several whale species, including the Southern right whale, have a skin colour
that is similar to the ocean background against which the whales must be de-
tected (Cubaynes et al. 2019), and even slightly submerged whales therefore
likely go undetected. While satellite-based detection of whale-like objects is
clearly possible, species identification has not been demonstrated despite the
existence of species-specific characteristics related to body size, shape and col-
oration; both of the above-mentioned studies relied on imagery from locations
and times at which the presence of non-target species was unlikely. Impor-
tantly, neither study used coincident field observations to assess the identity of
ambiguous whale-like objects.

This thesis presents work done beginning in the last few months of 2020, a
time when the field of satellite detection of whales was still in its infancy. Our
research group, along with two other groups which made up the ‘smartWhales’
initiative of the Canadian Space Agency, were tasked with performing prelimi-
nary research into, and developing automated detectors to find right whales in
satellite imagery. Here, I present some of the results from that effort, the work
from which contributed to my Ph.D. thesis.

Broadly, the thesis begins by presenting the first ever satellite observations of
the North Atlantic right whale, and showing that species distinction is possible
in the imagery. Next, the thesis tackles the problem faced by so many auto-
mated machine-learning approaches —not enough training data— by creating
a simulated dataset of satellite observations from existing abundant aerial pho-
tographs. Finally, the thesis pits this new dataset in competition with the cur-
rently accepted methods of training whale detectors, to examine which method
yields the most accurate detector models.

1.1 Research Objectives and Thesis Structure

The gaps in right whale survey capabilities outlined above motivate the following
research objectives:
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1.1.1 Research Objectives

1. Identify and confirm North Atlantic Right Whales in satellite
imagery: Acquire satellite imagery at a location and time likely to con-
tain right whales, manually locate the whales in the imagery, and confirm
observations with field survey. Use these observations to determine to
what extent it is possible to distinguish whales from other marine mam-
mals, and right whales from other species of whales. Note that at the
time when preliminary work began on this research, in early 2019, satel-
lite observations of the Southern right whale had not yet been published,
so our research objectives still included whether or not right whales could
be observed using satellites at all.

2. Solve the problem of a limited training data set for whale de-
tection: Due to the rarity of satellite observations of the North Atlantic
right whale, there is a significant lack of data for training whale detector
models. Develop a method for increasing the available training data by
simulating satellite imagery from other sources.

3. Compare the new training dataset to existing types of training
data to determine which type yields the best results: Using a
standardized whale detection model, test several types of training data,
including those currently used in the field and the new dataset developed
here. Assess model performance for each dataset and compare them.

1.1.2 Outline of the Ph.D. Thesis

This thesis is written in an article format with three papers, preceded by a
literature review on the North Atlantic right whale, focusing on the biology and
natural history of the whale. Because each of the three main papers/chapters
will contain literature reviews relevant to satellite detection of whales, this topic
will be kept brief in the main literature review.

The three papers correspond to the three research objectives outlined above:

1. Paper 1: Individual North Atlantic Right Whales Identified From Space
uses coincident field survey data and satellite imagery of Cape Cod Bay on
April 24th, 2001 to confirm that right whales are visible from satellite im-
agery, and distinguishable on a species level from other whales. The paper
also presents some ground-breaking findings on the capability of satellite
imagery for individual-level identification in special circumstances. This
paper was published in Marine Mammal Science in 2022.

2. Paper 2: Simulating Satellite Imagery from Aerial Photographs using
Neural Style Transfer details the novel application of an existing machine
learning algorithm to simulate satellite imagery from aerial photographs
of right whales. Given the extreme rarity of satellite observations of right
whales, but the relative ubiquity of aerial photographs of them, a method
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to simulate satellite imagery from these abundant photographs is devel-
oped here. Image similarity metrics are used to demonstrate the success
of the simulation procedure. This paper has been accepted in Marine
Mammal Science and is currently undergoing revisions.

3. Paper 3: Comparison of Training Imagery Types for Satellite Detections
of North Atlantic Right Whales performs an experiment in which types
of data commonly used in the field for training whale detectors, and the
novel dataset developed in Paper 2, are compared. The performance of
each model is assessed, and the benefits and drawbacks of each type of
training dataset are discussed in detail. This paper has not yet been
submitted for publication.

The conclusion has been written in a more free-flowing story format, describing
our research from a personal point of view, though still including major findings.
Because an article-format thesis can be quite repetitive, I decided that such a
format would bring a fresh point of view not yet exhaustively covered by the
many abstracts, introductions, and paper conclusions herein.

1.2 Funding and the smartWhales Program

The research within this thesis is part of, and funded by, a broader research
program called “smartWhales”, which was run by the Canadian Space Agency,
and supported by Transport Canada and the Department of Fisheries and
Oceans (DFO). The smartWhales program provided a total of $5.3 million to
five industry-academic partner groups for the purposes of developing novel right
whale monitoring strategies, divided into two streams: detection and monitor-
ing, and prediction and modelling.

Our team, headed by Fluvial Systems Research Inc. (Surrey, BC), and in-
cluding University of Ottawa (Ottawa, ON), Canadian Whale Institute (Welsh-
pool, NB), and INSARSAT Inc. (Dunham, QC), was awarded $1.2 million in
the Detection and Monitoring stream to develop a method for right whale de-
tection using satellite imagery. Our collective team name was SARDA, or the
“Satellite Acquisition and Right Whale Detection Algorithm”, which is also the
name given to right whales by the 11th century Basque whalers (Figure 1.1)
who helped hunt the whale nearly to extinction.

1.3 A Note on Terminology

A note on terminology used throughout the thesis:
Unless otherwise explicitly stated, “right whale” will refer to the North At-

lantic right whale, Eubalaena glacialis. If the Southern right whale or North
Pacific right whale are mentioned, their names will always be written out in
full. None of the geographic ranges of the three varieties of right whale overlap.
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Generally, “imagery” will be used to refer to satellite imagery, and “pho-
tographs” will be used to refer to aerial photographs. “Images” will be used to
refer to a more generic concept describing pictures in general as well as products
derived from aerial photographs, such as the “satellite-like” simulated images
created using the NST method.
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Chapter 2

The North Atlantic Right
Whale

2.1 Biology

This section provides a brief overview of the North Atlantic right whale’s ap-
pearance, life cycle, and behaviour. For greater detail, I suggest reading the
excellent book The Urban Whale, written by many of the authors cited below.
While interesting in its own right, the whale’s biology is necessary to consider
while attempting to develop novel detection methods. For instance, what does
a right whale look like, and how can we distinguish it from other whales in the
area? What visual features of a right whale might be visible in satellite imagery?
Where are right whales likely to be at any given time during the year? What
whale behaviour is most likely to lead to a successful survey detection?
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2.1.1 Appearance

The North Atlantic right whale is among the largest whales; adults weigh ap-
proximately 36,000 kg and have a body length of 13 m to 14 m. Adult males
tend to be slightly smaller than adult females (Fortune et al. 2021), and calves
are born at around 5 m long (Patrician et al. 2009). Modern right whales appear
to be smaller than their pre-1980s counterparts by about 7%, or 1 m of length,
likely due to modern environmental stressors. This reduced size is especially
notable for individuals who experienced entanglement early in life (Stewart et
al. 2021).

Their bodies (Figure 2.1, above) are black or very dark grey in colour, and
quite wide relative to their length, giving them an almost oval appearance.
They notably lack a dorsal fin, which is unique among whale species in their
geographic range. The most prominent visible markings are white patches on
the top of the head, above the eyes, and on the chin and lips. In these areas,
named callosities, rough spikes of skin tissue are infested with white or cream-
coloured whale lice, or cyamids (Kaliszewska et al. 2005), giving them their
contrasting colour (Figure 2.2). Newborn calves have callosities upon birth, but
they are not yet populated by cyamids (Foley et al. 2011) and thus have no white
markings. They gain cyamids over the first several months of life, beginning at
the lips within 6 to 15 days after birth (Patrician et al. 2009), receiving them
directly through physical contact with their mothers (Kaliszewska et al. 2005).

Figure 2.2: Callosities are visible on this right whale’s head as the rough, columnar structures
of hardened black skin that are populated by white or cream-coloured whale cyamids (inset),
each of which are about the size of a pinkie fingernail (5-12 mm). Whale image from NOAA
Photo Library, cyamid inset © Hans Hillewaert under Creative Commons.

The particular shape and pattern of these callosities are unique to each in-
dividual whale and stable over time, allowing for individual identification (Fig-
ure 2.3a). Scars from boat impacts and entanglements will heal white, allowing
an additional level of unique patterning that allows for individual identification
(Figure 2.3b). These two unique patterns, callosities and scars, are the primary
methods used to identify individual whales in the North Atlantic Right Whale
Catalog (https://rwcatalog.neaq.org).



CHAPTER 2. THE NORTH ATLANTIC RIGHT WHALE 9

Figure 2.3: Callosities, (a) the patterns of rough patches of skin around a right whale’s head,
which are infested with white whale lice, are unique to each whale, allowing for individual
identification of whales from photographs. Notice the difference in callosity pattern between
these two whales. (b) Scars heal white, and often result in unique patterns, helping with
individual identification. Center for Coastal Studies NOAA federal permit #19315–01.

2.1.2 Life Cycle and Range

Right whale calves are born in the coastal waters between Brunswick, Georgia
and Cape Canaveral, Florida (Figure 2.4) between December and March, with
births peaking in January and February (Zani et al. 2008). Here, the mothers
nurse the calves by converting stored blubber into milk, allowing calves to grow
very rapidly (Fortune et al. 2012) while the mothers eat nothing themselves
(Hamilton and Cooper 2010). In the early spring, once the calves are strong
enough for prolonged swimming, the mother/calf pairs travel north, keeping
within 30 nautical miles of the coast (Firestone et al. 2008).

Their destination is Cape Cod Bay or the Great South Channel, where their
primary food, the copepod Calanus finmarchicus, is abundant at the surface
and easy to catch (Mayo et al. 2018). Here, the mothers will feed for the first
time since giving birth and teach the calves the technique of skim-feeding by
opening their mouths and gliding along the surface to gather the tiny zooplank-
ton, though they will not be weaned for several more months or possibly up to a
year (Hamilton and Cooper 2010). They then move farther north into the Bay
of Fundy and Roseway Basin, and more recently into the Gulf of St. Lawrence,
following the copepods into the summer feeding grounds, where they stay dur-
ing the summer and fall months (Baumgartner and Mate 2005; Meyer-Gutbrod
et al. 2023).

About one-third of the whale population do not go to the Bay of Fundy and
Roseway Basin, and are thus referred to as the “Non-Fundy Right Whales”,
though it is not known where exactly they go (Schaeff et al. 1993; Cole et al.
2013). The divide appears to be familial, thus a whale brought to Fundy as a
calf will in turn bring her calves to Fundy as well.

Approaching winter, pregnant whales travel back south to the calving grounds
off Florida and Georgia to begin the cycle again; higher ocean temperatures far-
ther south prevent them from traveling much past this region (Keller et al.
2006). However, the majority of the whales don’t travel to the calving grounds,
and until recently it was not known where this portion of the population went in
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Figure 2.4: Map of the North Atlantic right whale’s movements within its primary range on the
east coast of North America. Right whale movement sources described in text below. Basemap
sources: Esri, GEBCO, NOAA, National Geographic, DeLorme, HERE, Geonames.org, and
other contributors.
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the winter (Kraus and Rolland 2007). This was of great concern to conservation
efforts, since it was thought that mating occurred during this period, making
it important to protect the mating grounds. Recent evidence strongly suggests
that the wintering ground is in the Gulf of Maine, and it appears that mating
does indeed occur here (Cole et al. 2013).

2.1.3 Food and Feeding Behaviour

The primary food source for the North Atlantic right whale is the zooplankton
Calanus finmarchicus (Figure 2.5), a tiny (2-3 mm long) zooplankton (Baum-
gartner et al. 2007), though other species of Calanus are also eaten (Sorochan et
al. 2021). To capture their prey, right whales open their mouths while swimming
slowly forward, exposing large baleen strips which are used to filter the cope-
pods from the water. Because of the large surface area exposed when feeding,
requiring a significant amount of force to drive through the water, the whales
swim very slowly while feeding, thus limiting their prey to very small zooplank-
ton; larger species are able to swim away before being captured. The life-cycle
of C. finmarchicus informs the feeding behaviour of the whales: in late winter
and early spring, the copepods come to the surface to feed on phytoplankton
blooms, where right whales skim-feed along the surface, then as phytoplankton
supplies diminish, the copepods sink back down to the relative safety of deeper
waters, where right whales dive to feed on them, having been observed diving
up to 200 m (Baumgartner and Mate 2003).

Figure 2.5: The right whale’s primary source of food: Calanus finmarchicus. Photo: “Calanus
finmarchicus” by Michael Bok, CC BY-NC-SA 2.0

2.2 Human Interaction

While the hunting of the North Atlantic right whale was banned internationally
in 1935 and whaling is no longer a serious threat to the species, the thousand-
year history of the practice nearly caused the extinction of these whales. From

https://www.flickr.com/photos/mikebok/4635279337
https://www.flickr.com/photos/mikebok/4635279337
https://www.flickr.com/photos/mikebok/
https://creativecommons.org/licenses/by-nc-sa/2.0/deed.en
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their lowest numbers of less than 100 individuals just before the whaling ban
took effect (Reeves 2001), right whales have since struggled to recover their
numbers due to a host of modern mortality issues, primarily ship strikes and
entanglement.

2.2.1 Whaling

North Atlantic right whales are known to have been hunted as far back as 1059
by Basque fishermen operating from small, open-top boats after spotting the
whales from shore (Aguilar 1986). As the Basque whaling boats got larger,
operations extended farther from shore, especially once processing of the catch
was being done onboard, allowing for multiple (perhaps up to seven) whales to
be caught, processed, and stored in one voyage.

In the 1700s, whaling for the right whale peaked along the North American
coast, where it first acquired its name, purportedly for being the “right” whale
to catch because its rich blubber content made it extremely lucrative to hunt,
its docile nature and slow surface swimming made it relatively easy to kill, and
its propensity to remain afloat once killed allowing for easy processing. While
quite a tidy explanation for the “right” name, it is equally as likely that the
term “right” was used at the time in a way similar to “typical”, as these were
considered ordinary, common whales. The true origin of the name has been lost
to time (Dolin 2007).

The last North Atlantic right whale was hunted in the United States on 31
March 1935 and the population had reached its lowest point, after which the
International Convention for the Regulation of Whaling was signed into effect,
banning whaling of the species. It is debated exactly how many right whales
were left at this time, but it is generally considered to be less than 300, and
possibly less than 100 (Reeves 2001).

Today, while deliberate hunting of the right whale has stopped, their pop-
ulation is still in peril, now due to the complexities of living in some of the
busiest waterways in the world: the Eastern Seaboard of North America. Here,
they encounter pollution, disruptive noise, numerous shipping lanes, and dense
fisheries.

2.2.2 Modern Mortality

The major mortality sources for right whales in the modern day are ship strikes
and entanglement in fishing gear; of the two, entanglement is the slightly more
frequent killer. For instance, Knowlton and Krauss (2001) found that between
1970 and 1999, 55.4% of necropsied whales were found to have been killed by
entanglement, and 44.6% by ship strikes; similarly, Sharp et al. (2019) found
that between 2003 and 2018, 57.9% were killed by entanglement and 42.1% by
ship strikes. Entanglement, when not immediately fatal, is also known to cause
severe stress on the whale involved, resulting in a range of detrimental outcomes,
such as emaciation due to the physical effort of dragging the attached fishing
gear for months or even years (Moore et al. 2021).
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The fishing gear of most concern are types which extend a vertical line from
a float on the surface to a weight on the sea floor, multiple of which are typically
arrayed in a small area, causing the whale to become entangled (Hamilton and
Krauss 2019). Upon initial entanglement, the whale may begin to thrash about
or roll, further wrapping the line around themselves (Howle et al. 2013). The
whale then begins to drag the entangled line (Figure 2.6), often with the float
and trap still attached at either end and often for months, and eventually dies
from emaciation (van der Hoop et al. 2016) due to the effort. Even whales
which are freed from entanglement by rescue crews may die days later due to
stress and emaciation (Moore et al. 2013).

Figure 2.6: An entangled right whale. Image from the Kaggle right whale dataset (Image:
Khan and Shashank 2015).

Though ship strikes are a common threat to most large whales, right whales
are particularly susceptible due to their large body size, slow swimming speed,
tendency to swim close to the surface for feeding, and presence in areas with a
high vessel traffic (Wiley et al. 2016). Vessel speed and size contribute to the
potential lethality of a ship strike (Conn and Silber 2013).

Indirect contributors to right whale mortality act as stressors on the whales,
affecting their reproduction, growth, and ability to recover from injury. These
include noise pollution and toxins in the water caused by their proximity to the
industry-heavy eastern seaboard, and climate-induced shifts in the distribution
and behaviour of their prey.

Noise pollution can mask the low-frequency noises produced by right whales
to communicate and attract mates: the frequency of the under-water sound of a
large motorized vessel is remarkably similar to the frequency of right and other
baleen whale calls, meaning that a passing vessel will obscure or distort a right
whale’s calling sound, preventing it from maintaining the long-distance (up to
20 km) communications the whales use to find and keep track of each other
while traveling (Clark et al. 2009). Louder, more sudden noises may lead to
temporary or permanent hearing loss (Southall et al. 2019), further hindering
communication activities, and the overall anthropogenic noise background has
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been shown to increase stress for right whales, leading to behavioral changes
(Rolland et al. 2012).

Climate change, the warming of ocean waters, is having an effect on the dis-
tribution of Calanus finmarchicus, which in turn exerts an effect on the move-
ments of right whales seeking their tiny copepod prey. Changing sea surface
temperatures, having warmed about 1°C between 1970 and 2004, have led to
a poleward shift of C. finmarchicus by about 8 km per decade (Chust et al.
2014). Following their food, right whales have also moved poleward. This
northward shift in species distribution, bringing them into areas where conser-
vation measures hadn’t yet been implemented, is thought to have contributed to
the unprecedented mortality event in the summer of 2017, where 12 right whales
died in the span of a few months in the Gulf of St. Lawrence (Meyer-Gutbrod
et al. 2018). Of the seven whales that underwent necropsies from this event,
four were found to have been killed by ship strikes, and two by entanglement in
snow crab fishing gear (Daoust et al. 2017).

Right whales are also extremely susceptible to waterborne biotoxins and
pollutants; even if the pollutants don’t cause mortality directly, they can con-
tribute to the general decline in health and calving rates seen in the population
(Doucette et al. 2006). Sources of harmful materials ingested by the whales
include neurotoxins produced by the prey of C. finmarchicus, which bioaccu-
mulate in the whales through their feeding on the copepods (Leandro et al.
2010). Bioaccumulation of harmful materials can also come from ingestion of
anthropogenically created pollutants, such as organochlorides originating from
pesticides (Weisbrod et al. 2000).

2.2.3 Conservation Strategies

Conservation strategies to mitigate the two major mortality causes center pri-
marily on identifying specific zones of conflict between human activity and right
whales, and applying special rules in those zones depending on the specific na-
ture of the conflict (Davies and Brillant 2019). These zones are typically re-
ferred to as Dynamic Management Areas (DMAs) in the United States (Cole
and Crowe 2019) and Marine Protected Areas (MPAs) in Canada (Hinch and
Santo 2011).

Importantly, these zones must be dynamic to adapt to changes in whale
movements throughout their annual migration cycle, but also adapt yearly to
broader changes in whale movement caused by climate change (DFO 2018; Cre-
spo et al. 2020; Hausner et al. 2021). For instance, to reduce the risk of vessel
strikes, the Government of Canada has implemented seasonal vessel speed re-
strictions, requiring large vessels to reduce their speed to 10 knots from April
to November in the Gulf of St. Lawrence (GSL), where many right whales are
found in the summer months (TC 2021). In parts of the GSL vessel speeds are
restricted throughout this period, but in other areas they are only triggered for
a period of 15 days after a right whale has been detected. Similarly, to reduce
the risk of entanglement, a right whale detection can trigger a 15-day closure of
fishing with non-tended fixed gear (e.g. for lobster and crab), covering an area
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of approximately 2000 km2 around the position of the detection (DFO 2021).
Similar speed and fishery restrictions exist in United States waters, where they
are triggered if three or more right whales are within three miles of each other
(Cole and Crowe 2019).

2.3 Detection and Monitoring

It thus follows that to successfully implement these protected zones, it is criti-
cal to know where right whales are at any given moment — “In part, migratory
critical habitat has not been designated because wildlife managers do not under-
stand exactly when right whales migrate, and through which exact pathways.”
(Mullen et al. 2013). To do that, we must be able to find them!

Unlike many other animals whose position is of interest to scientists, radio-
tagging is not typically used on right whales, since it has been found to be
particularly detrimental to their health (Moore et al. 2013). As a result, non-
invasive surveying techniques must be used.

2.3.1 Conventional Survey Methods

Conventional survey methods can be divided into three groups: Shipborne,
Aerial, and Acoustic. A fourth method to gather positional data on the whales
exists, opportunistic sightings, where a whale is spotted by mariners or even
sometimes people on land who aren’t otherwise engaged in an organized right
whale survey (Lawson et al. 2025). However, due to the limited metadata
surrounding such observations, they can be of limited use in organized right
whale research (Kenney 2019), and aren’t considered an important source of
whale location data, except where they reveal a whale to be in an unusual
location (Brown et al. 2007).

Both vessel and aerial surveys are conducted by following regular tracklines
across the study area, with trained spotters, with or without binoculars, scan-
ning the water for whales (Brown et al. 2007). Once a whale is spotted, the
survey craft will typically break away from the trackline in order to approach the
whale and take detailed photographs. In the case of shipborne surveys, biolog-
ical samples may also be taken (Gillett et al. 2010). The right whale’s distinct
callosity patterns and scars (Figure 2.3), which allow them to be individually
identified from photographs, make for a unique opportunity to conduct mark-
recapture style population estimates from aerial surveys without needing to in-
teract with or tag the animals, like traditional mark-recapture analysis (Crowe
et al. 2021). Observations are generally compiled with the North Atlantic
Right Whale Consortium, which also maintains the Right Whale Identification
Catalog at https://rwcatalog.neaq.org (Johnson et al. 2021).

Though a large variety of airplanes have been used for right whale surveying,
most popular is the Cessna 337 Skymaster; designed specifically for aerial re-
connaissance, its ability to fly slowly lends itself to spotting and photographing

https://rwcatalog.neaq.org
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Figure 2.7: The Cessna 337 Skymaster used by the Center for Coastal Studies to conduct
aerial surveys in Cape Cod Bay in 2021. Note the distinct twin tail design. Photo from CCS
Facebook page accessed 29 August 2025.

whales (Brown et al. 2007). Its distinct twin-tail design (Figure 2.7) is notable,
and would be reasonably visible in satellite imagery.

More recently, acoustic monitoring has been used to locate right whales,
using either stationary (Clark et al. 2010) or mobile hydrophones on submersible
autonomous gliders (Baumgartner et al. 2020). Right whales are detected by
hearing their distinct calls, which can be automatically identified using software,
and can typically be heard from up to about 30 km away from a glider or 15 km
from a stationary buoy (Johnson et al. 2022).

2.3.2 Satellite Detection

While these conventional survey methods are extremely accurate, they can be
costly, and may not cover as much ocean area as researchers would ideally prefer.
Satellite imaging has been used in many research fields to significantly increase
the amount of available data to scientists, though due to technological limits
in spatial resolution, has only been proposed for wildlife detection somewhat
recently. Abileah (2001) published the first observations of whales, possible for
the first time due to the newly-launched IKONOS-2 sensor with 1 m panchro-
matic spatial resolution. Cleverly, they imaged a whale at a SeaWorld park to
obtain a confirmed whale observation and also observed some suspected whales
in the wild near Hawaii.

The more recent surge of satellite whale observation studies, begun by Fretwell
et al. (2014), were made possible thanks to 50 cm WorldView-2 imagery, and
continued on with 30 cm WorldView-3 imagery (Cubaynes et al. 2019). Other
species, such as polar bears, have also been surveyed using satellite imagery
(La Rue et al. 2015). A more detailed review of satellite whale observations is
included in the following three chapters. The next chapter demonstrates how a
satellite survey of right whales might be conducted, and presents the first ever
successful observations of the North Atlantic right whale in satellite imagery,
among other exciting firsts in the field of satellite whale detection. Make spe-
cial note of the airplane shown above in Figure 2.7 —you’ll be seeing a satellite

https://www.facebook.com/share/1GMbDs4wbd/
https://www.facebook.com/share/1GMbDs4wbd/
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image of it very soon.
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This paper addresses the first research objective outlined in Section 1.1.1

Identify and confirm North Atlantic Right Whales in satel-
lite imagery: Acquire satellite imagery at a location and time
likely to contain right whales, manually locate the whales in the
imagery, and confirm observations with field survey. Use these ob-
servations to determine to what extent it is possible to distinguish
whales from other marine mammals, and right whales from other
species of whales.

Notably, this work represents the first time that North Atlantic right whales
have been observed in satellite imagery, the first example of a whale being
observed in satellite imagery and aerial photography within seconds of each
other (“Halo”), and the first known example of an individual named animal
being identified from satellite imagery alone based on visible body markings
(“Ruffian”). It was also likely the first study to be published using Maxar’s new
(at the time) 15 cm imagery product.

This research has been done in collaboration with the Right Whale Ecol-
ogy Program at the Center for Coastal Studies (CCS) in Provincetown, Mas-
sachusetts, who supplied the aerial photographs of right whales. It has been
published in the journal Marine Mammal Science, where it received the F.G.
Wood Memorial Scholarship Award, given to the first author of the best student
paper each biennium.

A short Postscript follows the references for this paper, showing newly avail-
able results relevant to the topic of this paper which were not available at the
time of its publication.

Author attributions: MH conceptualized the study, performed the work, and
wrote the manuscript. AK assisted in conceptualization, provided feedback, and
helped with editing. BM, AJ, and CM conducted the aerial survey and provided
the data. MB and DDM provided scientific assistance with biology aspects of
the research. SB was the principle investigator and helped secure funding.
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Abstract

The population of the critically endangered North Atlantic right whale, Eubal-
aena glacialis, numbers approximately 336 individuals, and continues to decline.
Current development and implementation of protection measures and monitor-
ing of right whale presence relies on visual surveys from vessel and aerial plat-
forms, and passive acoustic monitoring, which contribute to location data. Here
we demonstrate that satellite imagery can be used to detect and confirm the
North Atlantic right whales at a species level using newly-available imaging
methods, providing another tool to inform conservation efforts. Using optical
satellite imagery with 15 cm resolution, 25 right whales were observed in Cape
Cod Bay on April 24th, 2021. Species confirmation was possible due to clearly
visible callosity patterns indicative of their species within this range. Although
the variations in callosity patterns commonly used to identify individuals were
too small to be resolved at this image resolution, one whale with large distinctive
markings visible on his body was identified at an individual level from satellite
imagery alone. Although visual and acoustic survey methods can be combined
for monitoring this species in critical habitats, satellite-based monitoring can
be especially helpful to understand whale presence outside the areas monitored
with existing visual and acoustic detection methods.
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3.1 Introduction

The North Atlantic right whale (Eubalaena glacialis; henceforth “right whale”),
was recently uplisted to “critically endangered” by the International Union for
the Conservation of Nature (Cooke, 2020). The species has been in decline since
2010 (Pace et al. 2017) and was estimated to number approximately 356 in 2019
(Pettis et al. 2021) and 336 in 2020 (Pettis et al. 2022). Over a period spanning
hundreds of years, the species was heavily exploited by commercial whaling,
reducing the population from at least several thousands to probably less than
100 animals (Reeves 2001). Although the commercial hunting of right whales
has been banned worldwide since 1935, anthropogenic threats to right whales
continue today, with vessel strikes and entanglements in fishing gear being the
predominant known human-caused mortality in the population (Bourque et al.
2020; Daoust et al. 2017; Knowlton and Kraus 2001; Moore et al. 2004; Sharp
et al. 2019).

To mitigate acute anthropogenic threats to right whales, the governments of
Canada and the United States have implemented various protection measures
to reduce the impacts of vessel strike and entanglement in fishing gear. These
conservation measures were designed to balance the need for protecting right
whales while maintaining commercial activities, and have been met with varying
levels of compliance, and regional success and failure (van der Hoop et al. 2012,
2015). Dynamic protection measures are a management strategy where the
locations and extent of human marine activities, notably vessel speed and fishery
activities, are modified based on whale presence and movements in real time
or near-real time (Davies and Brillant 2019; Hausner et al. 2021). Dynamic
measures have been implemented in both Canada (Department of Fisheries and
Oceans 2021; Transport Canada 2021) and the United States (Cole and Crowe
2019). The effectiveness of these measures relies on the ability to accurately
detect the presence of right whales to modify the location and timing of zones
restricting human activity.

At present, right whales are detected using visual observation and acous-
tic detections from a variety of platforms. Visual observations are obtained
from trained marine mammal observers on aircraft and vessels (Brown et al.
2007), while acoustic detections are obtained from fixed and mobile hydrophones
(Baumgartner et al. 2020). Satellite-monitored telemetry tags are not typically
used on right whales because they can cause trauma to the whale if implanted
and are not sufficiently durable if attached externally (Moore et al., 2012).
Although visual and acoustic monitoring methods can detect right whales accu-
rately, they are difficult to scale up to cover the whale’s entire known distribu-
tion range. The scope of aerial surveys are limited by the cost of the necessary
skilled labour —both pilot and observer— for extended periods of time, as well
as the practical limit on the range of an aircraft and safe operating conditions.
Acoustic surveys are limited by the cost and complexity of deploying the many
platforms needed to cover a large area, as well as the cost of skilled labour for
analysis of the recieved data.

Satellite imaging techniques offer the ability to acquire data across very
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large spatial scales, potentially covering entire ocean basins on a daily or near-
daily basis (Martellato et al. 2022). Such imaging can provide another tool for
remote detection of right whales in areas where aerial and acoustic surveys are
not currently conducted. Very-high-resolution (VHR) optical satellite imaging
provides imagery with a spatial resolution on the order of tens of centimeters,
depending on the sensing platform (Airbus 2021; Maxar 2020; Planet 2022).
allowing for right whales to be resolved as discrete objects.

The potential to observe large marine mammals in VHR imagery was initially
demonstrated by Abileah (2002), after which Fretwell et al. (2014) identified
55 “probable” and 23 “possible” southern right whales (E. australis) in a single
50 cm resolution image covering part of Golfo Nuevo, Argentina, based on visual
image interpretation. Similarly, Cubaynes et al. (2019) visually identified a total
of 211 whale-like objects in four 30 cm resolution images from Hawaii, western
Mexico, southern France, and Argentina. Bamford et al. (2020) also used 30 cm
VHR imagery along with a shipborne visual survey to confirm the presence of
humpback and fin whales off the coast of Antarctica, and Corrêa et al. (2022)
used an aerial survey to confirm observations of southern right whales using a
variety of satellite sensors, including 50 cm Pleiades imagery.

These studies demonstrate the fundamental feasibility of space-based whale
detection with high-resolution optical satellite imagery, but also demonstrate
some of the challenges. Several whale species, including the southern right
whale, have a skin color that is similar to the ocean background against which
the whales must be detected (Cubaynes et al. 2019), and therefore even slightly
submerged whales likely go undetected. Imagery resolution also plays a signif-
icant role in the ability to detect whales, with a higher spatial resolution, in
general, resulting in a higher degree of confidence in whale observations (Corrêa
et al. 2022).

At a spatial resolution of 50 cm, available in WorldView-2 imagery and other
VHR imaging platforms, an adult right whale with a typical length of 12.5 m
(Stewart et al. 2021) would be covered by 25 pixels lengthwise. This would
allow for the basic shape of a marine mammal to be distinguished from that
of other marine objects, but species distinction would be difficult. However, in
WorldView-3 imagery, at a resolution of 30 cm, a right whale would be covered
by 42 pixels, allowing large color patterns to be more apparent.

Here, we use Maxar’s newly available 15 cm resolution HD image product,
which is derived from the 30 cm resolution WorldView-3 platform (Formeller
2020), and costs about 10% more than the base 30 cm imagery. This is the
highest resolution satellite imagery yet used to observe marine mammals. At
this resolution, an adult right whale would be covered by 83 pixels length-
wise, potentially allowing for distinct color patterns of the whales to be seen.
Using satellite imagery from Cape Cod Bay, Massachusetts, along with coinci-
dent aerial photography, we confirm detection and species identification of right
whales observed in the 15 cm resolution imagery, and explore the potential to
use callosity and scarring patterns visible in this imagery to identify individual
right whales.
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3.2 Materials and Methods

3.2.1 Satellite Imagery

This study took place in Cape Cod Bay, where right whales are known to ag-
gregate to feed during late winter and early spring (Charif et al. 2019; Mayo et
al. 2018). In the spring, the whales’ prey, which includes the copepods Calanus
finmarchicus, Pseudocalanus spp., and Centropages spp., aggregates in patches
near the surface (Mayo and Marx 1990; Pendleton et al. 2009; Sorochan et al.
2021; Watkins and Schevill 1976). The whales sometimes feed on these patches
by skim-feeding, a behavior where the whales swim at or near the surface with
part of the upper jaw above the water surface while the rest of the body is only
slightly submerged (Baumgartner et al. 2007; Watkins and Schevill 1976). The
prevalence of this feeding behavior, where the whales are at the surface and
entirely visible from above the water, was a determining factor in selecting this
habitat area for an attempt at whale detection with satellite imagery.

Once field observations confirmed that right whales had entered the study
area and were skim-feeding, in April 2021, WorldView-3 imagery acquisition
was tasked in the area of the bay where they had been observed. A cloud-free
image with ideal ocean conditions, wave height approximately 10 cm (NOAA
2021) and minimal sun glint, was acquired on 24th April 2021, 11:40 EDT (Fig-
ure 3.1) covering 200 km2 in two swaths, including an eastern swath (Catalog
ID 1040010067D36B00) and a western swath (10400100674B2100). The imagery
was preprocessed to 15 cm resolution by the data provider using a proprietary
process (Formeller 2020) before being delivered; no other spatial or atmospheric
corrections were performed.

The imagery was systematically scanned using QGIS by a trained observer
familiar with marine satellite imagery and whale identification, who did not have
prior knowledge of the location of the whales as observed in the aerial survey.
Objects identified as potential whales were flagged, and then further classified as
“unambiguous” when species was able to be determined by observing callosities,
or “ambiguous” when callosities were not clearly distinguishable. Imagery tiles
containing the whales, like those in Figure 3.3, were created and sent to four
marine biologists specializing in right whale observation, who confirmed that
the objects were correctly identified as right whales. The observations were
then matched to the locations of observations in the aerial survey for further
confirmation.

3.2.2 Field Observations

Seasonal aerial surveys for monitoring of the right whale population are con-
ducted in Cape Cod Bay by the Right Whale Ecology Program at the Center
for Coastal Studies (CCS) in Provincetown, MA. Survey lines are flown in a
Cessna Skymaster 337 in an east-west direction across the bay with a 1.5 nau-
tical mile spacing at an altitude of 1,000 feet altitude and aircraft speed of 100
knots (Brown et al. 2007; Mayo et al. 2018). On April 24th 2021, the aerial
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Figure 3.1: Overview of the Cape Cod Bay study area. The black shaded rectangle indi-
cates the coverage of the 15 cm WorldView-3 imagery from 24 April, 2021 (Catalog IDs
1040010067D36B00 and 10400100674B2100). The yellow dots indicate the location of right
whales observed in the field by the Center for Coastal Studies aerial survey team.

survey team flew between the hours of 9:23 and 16:30 EDT, during which time
they observed 72 right whales, as well as 14 whales of other species, and 202
dolphins. The approximately 1,100 aerial photographs taken during the sur-
vey and the geo-location data obtained from the GPS navigation device in the
aircraft were used to validate satellite-based right whale observations. For con-
sistency, imagery will be used to refer to the WorldView-3 satellite imagery, and
photographs will refer to the aerial field photography acquired by CCS.

3.3 Results

3.3.1 Identifying Whale Species in Imagery

The observer flagged 31 whale-like objects in the satellite imagery, of which 25
could be unambiguously identified as right whales due to the clear presence of
whitish head callosities, the uniquely-identifiable patterns of raised and rough-
ened skin patches with whitish colored whale lice on the surface of each whale’s
head (Hamilton et al. 2007). Table 3.1 lists the latitude and longitude of each
whale observation in the imagery, while Figure 3.2 maps the observations rela-
tive to observations made by the aerial survey team.



CHAPTER 3. PAPER ONE 28

Table 3.1: List of coordinates for the 31 whale observations, divided into 25 unambiguously
identified right whales, and 6 ambiguously identified whales. * indicates the location of Ruffian
(Figure 3.4) and ** indicates the location of Halo (Figure 3.5). Letter superscripts correspond
to locations of whales shown in Figure 3.3.

Unambiguous Unambiguous
41.93285710 -70.3152045 a 41.93291142 -70.2259382 d

41.93950956 -70.3112931 e 41.93257456 -70.2249384 g

41.94123800 -70.2860575 41.93270798 -70.2245800 f

41.97683733 -70.2588551 41.92876091 -70.2017034
41.97918626 -70.2565542 41.91908892 -70.2347800
41.97936659 -70.2540829 c 41.91380847 -70.2481208
41.97986158 -70.2536904 b 41.90950988 -70.2028676
41.97887902 -70.2263361 41.88744892 -70.2245133 a

41.97582371 -70.2263347
41.96968514 -70.2321683 Ambiguous
41.97117875 -70.2266444 41.97529146 -70.2474413
41.95616554 -70.2245144 41.97077528 -70.2412951
41.94678000 -70.2138914 * 41.93861738 -70.2421223
41.93718148 -70.2336107 41.92227144 -70.2451779
41.88587746 -70.2303011 ** 41.91225554 -70.2026960
41.86840123 -70.2502868 41.91120772 -70.2013629
41.86875255 -70.2502709

Figure 3.2: Locations of right whales observed in the aerial survey (yellow dots) and satellite
observations (white outlines) over the Cape Cod Bay study area. The full extent of the map
in this figure corresponds to the shaded rectangle in Figure 1, which has been rotated here
for visualization purposes. Satellite image © 2022 Maxar Technologies.
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At a spatial resolution of 15 cm, the whitish callosities along the top of
their heads are visible (Figure 3.3). There are no other large whale species
with callosity-like markings on the tops of their heads whose range overlaps
with North Atlantic right whales; observing these callosities thus allows positive
species identification. The remaining six whales whose species could not be
identified were either rotated such that their callosities were not visible in the
imagery, or had waves obscuring the part of the head where callosities are found.

Figure 3.3: Examples of North Atlantic right whale observations in 15 cm resolution imagery,
clearly showing the presence of callosities (indicated by yellow arrows), allowing for positive
species identification (a-h). For reference, (i) is an aerial photograph of “Twister” (Catalog
#3510) showing similar callosities. Based on the location of the callosity patterns on their
bodies, we can determine that whales (b,c) are facing southeast, (f-h) are facing roughly
northeast, and (a,e) are facing southwest. A scale bar of 12.5 m was used in this and other
figures to correspond to the typical size of modern adult right whales (Stewart et al. 2021).
Center for Coastal Studies NOAA federal permit #19315-01. Satellite image © 2022 Maxar
Technologies.
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Except for when the timing of the imagery capture overlapped with the
field survey, there was no direct spatial match between satellite and field whale
observations. This is because satellite imagery is captured near-simultaneously
over the entire study area while the field survey takes several hours to complete
and the whales move during this time. However, all whale observations in the
satellite imagery were made within 1.6 km of field observations of right whales.
Furthermore, the field survey did not detect any other whale species within the
area covered by the satellite imagery around the time of imaging. This allowed
species confirmation in the satellite observations. Several fin (Balaenoptera
physalus), sei (Balaenoptera borealis), humpback (Megaptera novaeangliae), and
minke (Balaenoptera acutorostrata) whales were spotted outside of the area
covered by imagery.

3.3.2 Identifying Individual Right Whales

Individual right whales are routinely identified in aerial photographs using the
small variations in the shape of callosity patterns which are unique to each
whale (Hamilton et al. 2007). Though this study has demonstrated that these
callosities are visible enough for species identification, a spatial resolution of 15
cm is not sufficient for resolving the small pattern variations necessary for indi-
vidual identification. However, some right whales possess larger white markings
caused by scarring; these, if distinctive enough, may allow for unique individual
identification. One such example is the right whale named “Ruffian” (Catalog
#3530), whose distinctive dorsum scar makes his identification using only the
satellite imagery possible (Figure 3.4). This identification of Ruffian is the first
known example of identification of an individual animal directly from satellite
imagery.

In most cases, a whale’s scarring patterns will not be large or distinctive
enough to provide positive individual identification from the 15 cm satellite im-
agery alone, but may aid in narrowing down individuals in a group given prior
knowledge of group locations. A right whale named “Halo” (Catalog #3546),
who has a scar along the left leading edge of her fluke, as well as a prominent
continuous head callosity that extends from her nares to the anterior rostrum,
is shown in Figure 3.5. By a fortunate coincidence, at the exact moment that
the satellite imagery was captured, the aerial survey team was logging the ob-
servation of Halo, making the survey aircraft visible in the imagery directly
overhead of the whale. While such a fluke scar is not unique to Halo, and likely
not enough to allow for unique identification, it is clearly visible in the imagery
and may be useful in identifying Halo in a group of known right whales or while
tracking Halo in successive daily imagery.
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Figure 3.4: North Atlantic right whale “Ruffian” (Catalog #3530), observed on April 24th,
2021, in (a) aerial photography at 12:32 EDT at 41.94863°N, 70.22321°W; and (b) WorldView-
3 satellite imagery at 11:40 EDT at 41.94678°N, 70.21389°W (800 m away from a). The dis-
tinctive white marking on Ruffian’s dorsum behind his head can clearly be seen in the satellite
imagery (yellow arrow), allowing for easy identification of this individual. Center for Coastal
Studies NOAA federal permit #19315-01. Satellite image © 2022 Maxar Technologies.

Figure 3.5: North Atlantic right whale “Halo” (Catalog #3546) observed on April 24th, 2021,
in (a) aerial photography; and (b) WorldView-3 satellite imagery, both at 11:40 EDT at
41.88587°N, 70.23030°W. The white scars along the leading edge of Halo’s left fluke and her
continuous head callosity can be seen in the satellite imagery. The survey aircraft, a Cessna
Skymaster 337 with its characteristic twin tails, can also be seen northwest of the whale.
Center for Coastal Studies NOAA federal permit #19315-01. Satellite image © 2022 Maxar
Technologies.
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3.3.3 Comparison Between 30 cm and 15 cm Imagery

Since the 15 cm WorldView-3 imagery is derived from the base 30 cm imagery, it
is useful to compare the two directly; Figure 3.6 shows a comparison between the
two forms of imagery for Ruffian, Halo, and four other right whales. Though
callosities and scars are discernable in the 30 cm imagery, they appear less
sharp, and with less of a defined shape, potentially making them more difficult
to differentiate from waves. The shape of larger patterns, especially scarring,
may not be accurately represented in the 30 cm imagery due to pixelation. For
instance, Ruffian’s (Figure 3.6a) dorsum scar, which in reality takes roughly
the shape of a rectangle (Figure 3.4), appears in the 30 cm imagery to have a
“V” shape, while in the 15 cm imagery, appears as its actual rectangle shape.
Such distortions due to pixelation would make it difficult to identify individual
whales based on scarring patterns in the 30 cm imagery.

Figure 3.6: Comparison of the 30 cm WorldView-3 pansharpened base imagery to the new 15
cm imagery. (a) shows Ruffian (as in Figure 4) while (b) shows Halo (as in Figure 3.5). (c)
and (d) here correspond to tiles (e) and (h) respectively in Figure 3 and Table 1, and (e) here
shows two whales in close proximity, which correspond to those in Figure 3.3 and Table 3.1
labelled as (g) (here, left individual) and (f) (right individual). Satellite image © 2022 Maxar
Technologies.
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3.4 Discussion and Conclusion

This study has demonstrated the ability to use the newly-available 15 cm
WorldView-3 HD satellite imagery to identify the species of a North Atlantic
right whale based on the presence of visible callosity patterns. This represents
a key development in the field of space-based whale detection, as it is the first
example of the North Atlantic right whale being observed in satellite imagery,
the first to use the 15 cm imagery, and the first to identify a named individual
based on scarring patterns.

A promising application of this identification capability will be to assist in
management and conservation efforts for right whales in Canadian and US wa-
ters, by adding detection capability alongside that of visual surveys and acoustic
monitoring, as well as helping to detect right whales outside of areas typically
covered by these traditional survey methods. Specifically, the Government of
Canada has expressed interest in using satellite imagery to help detect and mon-
itor right whale presence and predict their movements in the Bay of Fundy and
Gulf of St. Lawrence to aid in developing and updating shipping restrictions
and fishery management zones (Canadian Space Agency 2021). More impor-
tant to a broader characterization of right whale distribution, this identification
capability has the potential to assist in finding the over 50% of the right whale
population which has not been documented in the Gulf of St. Lawrence or other
known critical habitats along the Atlantic coast of North America during sum-
mer and fall months, and whose whereabouts are currently unknown (Crowe et
al. 2021), a task not suited to the smaller-scale capabilities of visual surveys.

While identifying right whales from satellite imagery certainly promises ben-
efits for conservation efforts, it is important to be mindful of technological and
environmental limitations. The WorldView-3 imagery used here was acquired
under excellent conditions for whale detection; the imagery is free of clouds
and glint, wave height is low at around 10 cm, and a high density of whales
are found swimming horizontally near the surface. The environment and right
whale behavior in Cape Cod Bay are generally conducive to space-based whale
detection, as the bay is sheltered and the whales congregate and often skim-feed
at the surface or socialize in Surface Active Groups (Kraus et al. 2007) here.
However, most other parts of the whales’ migratory range are less sheltered, the
whales are found in lower densities, and spend less time at the surface where
they can be observed (Sorochan et al. 2021). The potential for more widespread
and systematic space-based right whale monitoring thus depends on the ability
to detect the whales in these less optimal conditions, an ability which will likely
be directly improved by an increase in available spatial resolution such that it
becomes easier to differentiate whales from waves and other marine objects.

As demonstrated here, 15 cm resolution imagery, the best currently avail-
able, enabled species-level identification of right whales. Individual whales with
unique scarring patterns may also be identified, given that these patterns can
be resolved at the spatial resolution of the imagery. These patterns must be
large and distinctive, such as the scar on Ruffian. In principle, even the smaller
variations in callosity patterns that are traditionally used to identify individ-
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ual whales may become visible in satellite imagery as the spatial resolution
of imagery continues to improve. For instance, an upcoming imaging satellite
called “Albedo” has been recently approved by the United States Government
to provide commercial imagery at a 10 cm native resolution (Werner 2021),
which should be operational by 2024. Whether such imagery will be capable of
resolving callosity patterns to an individual level remains to be seen.

The use of satellite imagery for right whale detection and monitoring appears
to be a promising technique for whale conservation efforts, but it is necessary
to be mindful that this is only a single tool in a broad toolbox of monitoring
methods, each with their strengths and weaknesses. Satellite detection and
monitoring may allow for the locating of new or as-yet undiscovered habitats,
and the monitoring of overlaps with existing and emerging human activities.
However, it will be unlikely to be useful for monitoring individual whale size,
health, or behaviours, given the technological constraints of the method. Thus,
a combination of acoustic monitoring, visual surveys, and satellite detection will
be critical to the effective and long term conservation of the North Atlantic right
whale. Determining exactly how satellite detection and monitoring will fit into
the range of existing conservation tools remains an area of research.
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This paper addresses the second research objective outlined in Section 1.1.1

Solve the problem of a limited training data set for whale
detection: Due to the rarity of satellite observations of the North
Atlantic right whale, there is a significant lack of data for train-
ing whale detector models. Develop a method for increasing the
available training data by simulating satellite imagery from other
sources.

The novelty and significance of this study come, in part, from the fact that we
were able to use near-concurrent examples of aerial photographs and satellite
imagery of right whales, allowing us to create the extremely unique image pairs
of nearly-identical observations of whale in both satellite imagery and aerial
photograph, something no other study has been able to do owing to the ex-
treme rarity of the targets and the difficulty in coordinating aerial and satellite
observations so closely.

This research has been done with the permission of the Right Whale Ecol-
ogy Program at the Center for Coastal Studies (CCS) in Provincetown, Mas-
sachusetts, who supplied the aerial photographs of right whales. It has been
submitted to the journal Marine Mammal Science, where it is currently under
review.

Author attributions: MH conceptualized the study, performed the work, and
wrote the manuscript. AK assisted in conceptualization, provided feedback, and
helped with editing. AJ provided the data on behalf of the Center for Coastal
Studies. SB was the principle investigator and helped secure funding.
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Abstract

Convolutional Neural Network models are routinely being used to detect objects
of interest in satellite imagery, and are typically trained on tens or hundreds of
thousands of examples of the target object. Where target objects are rare in
satellite imagery, a training dataset of sufficient size may not exist; often aerial
photographs of the target are more abundant as they are easier to collect. This
work proposes a Neural Style Transfer (NST) approach to simulate satellite im-
agery from aerial photographs in order to increase the number of “satellite-like”
examples of a rare target. As a case-study application of this procedure, we
show the simulation as applied to whales. Satellites are increasingly being used
to detect and monitor large cetacean species, including the critically endan-
gered North Atlantic right whale (Eubalaena glacialis). While rarely observed
in satellite imagery, a large number of aerial photographs exist of these whales,
allowing for a very substantial increase in available training data through this
simulation technique. Image similarity metrics, commonly used in other forms
of image synthesis, are used here to show that NST-simulated images strongly
resemble actual satellite images of visually similar whales, both in color and
structure.
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4.1 Introduction

The North Atlantic right whale (Eubalaena glacialis, henceforth ‘right whale’)
is a critically endangered baleen whale (Cooke 2020) with declining population
numbers estimated at 340 individuals as of August 2022 (Pettis et al. 2023).
Though historical right whale population decline was caused by commercial
whaling (Reeves 2001), modern mortality events primarily occur due to ship
strikes and entanglement in fishing gear (Knowlton and Kraus 2001; Pace et
al. 2021). To mitigate these anthropogenic threats while balancing the need to
maintain commercial activities, dynamic protection measures have been imple-
mented to limit vessel speed and fisheries activities (Davies and Brillant 2019;
Hausner et al. 2021). The implementation of these measures is informed by
an understanding of whale location and movements, which in turn relies on
accurate methods of whale detection and monitoring.

It is now well established that Very High Resolution (VHR) satellite im-
agery can be used to observe large whales (Abileah 2002; Fretwell et al. 2014;
Cubaynes et al. 2019; Bamford et al. 2020; Corrêa et al. 2022; Khan et al.
2023), including right whales (Hodul et al. 2022, Davies et al. 2025). Most stud-
ies to date have used a manual scanning approach to find whales in the imagery,
which is accurate but time-consuming. Automated detection approaches using
Convolutional Neural Networks (CNNs) have also been developed, though their
accuracy and broad application is currently limited by the lack of a large, robust
training dataset of target whales (Höschle et al. 2021, Davies et al. 2025).

Guirado et al. (2019) and Borowicz et al. (2019) both trained detector CNNs
using aerial photographs, with only Borowicz having downsampled them first,
with 945 and 690 whale examples respectively. Using satellite imagery of whales
directly to train detectors is still a challenge, due simply to the limited number of
available images. Cubaynes and Fretwell (2022) have compiled a dataset of 633
annotated whale examples in WorldView-2, -3, GeoEye-1, and QuickBird-1 im-
agery. These include 463 southern right whales (Eubalaena australis), 56 hump-
back whales (Megaptera novaeangliae), 34 fin whales (Balaenoptera physalus),
and 80 grey whales (Eschrichtius robustus). Davies et al. (2025) used a dataset
of 428 large whales of various species in WorldView-2, -3, Pleiades Neo, and
GeoEye-1 to train a two-step human-in-the-loop detector. However, Guirado et
al. (2019), Browicz et al. (2019), Höschle et al. (2021), Cubaynes and Fretwell
(2022), and Davies et al. (2025) all suggest that further increasing the number
of available training images of whales will be important to improve the perfor-
mance of detector models and better generalizing them to more study areas,
different species, and varying sea conditions.

Green et al. (2023) trained a gray whale detector model using satellite
whale observations and tested to see whether including non-downsampled aerial
photographs in addition to the satellite observations for training would improve
the model, finding no substantial improvement when training with the additional
aerial photographs. They concluded that since preprocessing aerial photographs
to a sufficient degree to make them resemble satellite imagery is difficult, it would
be better to focus on building a larger database of satellite observations.
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Other fields employing CNN classification in computer vision applications
have begun training models using synthetic or simulated images (Tremblay et
al. 2018), including in remote sensing applications (Zhang et al. 2022), allow-
ing the creation of larger training datasets than would otherwise be available.
This paper proposes a simple method to simulate satellite imagery from aerial
photographs using a Neural Style Transfer (NST) model to transform aerial
photographs of whales into simulated satellite imagery by applying the style
of a satellite image to the content of an aerial photo. Using publicly available
databases of aerial photographs of whales, this allows very quick production
of a much larger dataset for training detector models; for instance, the Kag-
gle Right Whale Recognition aerial photograph database (Khan and Shashank
2015) contains 11,470 aerial photographs of right whales, which, if used to simu-
late satellite imagery, would create a training database with a similar size as used
for ship detection (for example Kızılkaya et al. 2022). This is useful because
the number of available aerial photographs of right whales is at least an order
of magnitude larger than the available number of satellite imagery detection of
right whales.

4.2 Data and Methods

4.3 Data

WorldView-3 imagery and aerial photography were acquired concurrently on
April 24th, 2021 in Cape Cod Bay. The satellite imagery was captured at 11:40
EDT (local time), covering 200 km2 in two swaths (Catalog IDs 1040010067D36B00
and 10400100674B2100) as Standard 2A imagery, and preprocessed from the
original 30 cm panchromatic and 2 m multispectral to a 15 cm resolution RGB
image by Maxar, the imagery provider (Formeller 2020), through a proprietary
process not revealed to the public. This imagery was chosen because it was
the best commercially available resolution at the time of the study; while right
whales are large animals, they are still relatively small objects when viewed
from space. Corrêa et al. (2022) and Hodul et al. (2022) examined varying
resolutions for satellite whale observation, and both concluded that higher res-
olution is generally best for whale detection. Aerial photography was acquired
as part of a regular aerial survey effort by the Center for Coastal Studies (CCS)
between the hours of 9:23 and 16:30 EDT using a standard RGB DSLR camera.
See Hodul et al. (2022) for further details on the imagery and survey methods.

For the purpose of visual and quantitative comparison of simulated and ac-
tual satellite imagery, a set of 39 image reference pairs were compiled. Figure 4.1
shows an example of four such reference pairs; the full set of 39 can be found
as supplementary material. These four pairs were specifically chosen to cover
most of the typical whale behaviors/signatures visible in satellite imagery, as
identified by Cubaynes et al. (2019) including wake, contour, blow, flukeprint.

It is important to note that the matched photographs do not necessarily
show the exact whale observed in the satellite imagery, but rather have been
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Figure 4.1: Four representative examples of aerial photograph and satellite imagery pairs
of right whales, the reference pairs. Pairs do not necessarily contain the same exact whale,
rather they have been chosen from near-concurrent imagery to very closely resemble each
other. Panels are labelled as a) through d) to allow easier comparison to the corresponding
whales across other figures. Center for Coastal Studies NOAA federal permit #19315–01.
Satellite image © 2022 Maxar Technologies.

chosen because they very closely resemble the satellite observations, allowing for
the closest possible comparison. Nevertheless, pairs come from the same date
and location, meaning that water quality, sea state, and atmospheric conditions
are as close to identical as practically possible.

4.3.1 Neural Style Transfer

NST is an application of a Convolutional Neural Network (CNN) that is designed
to blend two or more images together (Singh et al. 2021; Cai et al. 2023),
introduced by Gatys et al. (2015). The concept of NST is likely more familiar
to readers in the form of online tools meant for amusement, which can be used
to make regular photos resemble paintings, as in Figure 4.2. By providing a
“content” image, typically a photo, and a “style” image, typically a painting,
the NST is able to blend them together to make the content of the photo seem
like it was painted in the style of painting.

The NST works by using the intermediate layers of a pretrained CNN to
extract the textural and color components (“features”) from the style image,
and the positional (shape) components of the content image. The model then
iteratively creates an output image which satisfies both the textural and color
elements of the style image and the positional elements of the content image,
working toward a predetermined (assigned) balance between the two inputs.
The output of an NST can thus be tuned to more closely resemble the texture
and color of the style image, or more preserve the spatial coherence of the
content image.

NST may be suitable for simulating satellite imagery from aerial photographs
for the purpose of using the simulated imagery as training input to a whale-
detection CNN, because CNNs detect whales not primarily from the spectral
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Figure 4.2: An example of the typical application of an NST model (adapted from Gatys et
al. (2015)), showing the content image (a) of a row of houses, the style image (b) of Starry
Night, and the resulting NST output (c) where the content image has been made to resemble
the style of the painting.

properties of individual pixels but rather based on the shape and texture of
image sections. Here, we use the aerial photographs as content images, and
an actual satellite image of a whale as the style image. The goal is to create
simulated images in the style of satellite imagery, using the content of the aerial
photographs.

We adapted code from Chollet (2020), who based his code on Gatys et al.
(2015), which uses the ubiquitous VGG19 model pretrained on the ImageNet
database for feature extraction. There are three model parameters which, by
assigning weights to each, can be used to tune the simulated image: Style Loss
determines how much of the “style” of the style image ends up in the simulated
image; Content Loss determines how much of the content image remains; and
Total Variation Loss maintains local coherence of objects in the output. Ad-
ditional details on these three parameters can be found in Gatys et al. (2015).
Here, their values were determined experimentally by examining results from a
set parameter space and selecting the parameters which yielded the best visual
results; in general, the model required high style weight, to force the output to
look like a satellite image, a low content weight, to not require that the output
look much like the original aerial photograph, and a very high total variation
weight, to ensure that the shape of the whales would remain true to the aerial
photo. Since whales and water texture appear different in imagery acquired
by different satellite sensors due to spatial resolution, spectral properties, and
blur/noise, simulated imagery must be produced separately for each sensor. In
this demonstration we use 15 cm WorldView-3 imagery, but the process can,
in principle, be used with any sensor with a sufficiently high spatial resolution,
provided that at least one example of a whale observation exists for that sensor,
to be used as a style image.

To create a dataset of simulated 15 cm WorldView-3 images, the model is
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Figure 4.3: The style image used to simulate 15 cm WorldView-3 imagery from aerial pho-
tographs, showing North Atlantic right whale Halo as seen in Cape Cod Bay on 24 April,
2021. Satellite image © 2022 Maxar Technologies.

run on each aerial photograph (the content images), with a single style image,
Figure 4.3, being kept constant: the satellite image of Halo from the 24 April
2021 Cape Cod Bay imagery in Hodul et al. (2022). This image was chosen
because it is an example of a right whale in satellite imagery of which we are
certain because the aerial survey observation was near-simultaneous and con-
current to the satellite acquisition; it is also a representative example of a right
whale seen in 15 cm WorldView-3 imagery, with fins and callosities visible.

The scale of each aerial photograph is estimated by assuming that the whale
in each photograph is 12.5 m long, the average length of a modern adult right
whale (Stewart et al. 2021). Whale length, in photo pixels, is measured manu-
ally for each photograph (Cubaynes et al. 2023), and thus a resolution for each
photograph is estimated. This value is then used to calculate the output size of
the simulated image to achieve a desired target resolution, in this case 15 cm.

4.3.2 Image Similarity Metrics

Image similarity metrics are used in computer vision tasks to directly compare
two images to each other, and calculate a quantitative assessment of how sim-
ilar the two images are. Consider comparing the same image to itself: this
comparison would yield a “perfect” similarity score. Modifying one of the im-
ages slightly would yield a slightly worse similarity score, and comparing two
extremely different images would yield a poor similarity score. Many similarity
metrics have been developed for various uses.

Here, to quantitatively assess the quality of the simulation method, two
image similarity metrics were used to compare the simulated images to their
reference pairs (Figure 4.1), one to measure the accuracy of the simulated colors,
and the other to measure the accuracy of the simulated structure. Relative
Globale Adimensionnelle de Synthèse (ERGAS) directly compares pixel values
between two images (Wald 2002), and was chosen as an indicator of the quality
of the color simulation, while the Structural Similarity Index Measure (SSIM)
compares pixel intensities within a sliding window (Wang 2004), and was chosen
as an indicator of the quality of the structural component (Zhang 2022).
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Figure 4.4: Visually similar satellite whale observations, used to create a baseline value for
the similarity metrics, indicating what a “perfectly” simulated image might score. Panels are
labelled as a) through d) to allow easier comparison to the corresponding whales across other
figures. Satellite image 2022 Maxar Technologies.

Since the simulation is an iterative process, we can calculate the similar-
ity metrics for each successive iteration, producing a curve illustrating the in-
creasing similarity between the simulated and reference image as the simulation
proceeds. Here, we run the simulation through 4000 iterations, a value arrived
at experimentally, having observed that little to no change in the simulated
imagery occurs with additional iterations.

In addition to the reference pairs discussed above, a further set of similar
imagery observations of the whales is needed to create a baseline of similarity
scores against which to judge the performance of the simulation model (Fig-
ure 4.4). We would not expect even perfectly simulated imagery to be identical
to the satellite image in its reference pair, due to slight differences in whale
position, splashing, depth, etc. However, we would expect perfectly simulated
imagery to be about as similar to its reference image as that reference image
is similar to another visually similar satellite image of a whale, because this
image would have the same degree of difference in whale position, splashing,
etc. In other words, we would expect that a perfectly simulated image would
achieve the same score on a given similarity metric as a similar satellite image,
when both are compared to the reference image. This allows us to define a
target similarity metric score that will quantify how successful the simulation
has been.

To assess the image similarity scores of the entire 39-image dataset, a “success”
value is calculated using Equation 4.1 separately fro ERGAS and SSIM for each
image i.

successi =
A− S

A− T
(4.1)

where A is the similarity between the aerial photograph and its reference image,
S is the similarity metric between the final simulated image and its reference
image, and T is the similarity metric between the “similar” satellite image and
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its reference image. This score measures how far the simulation moved each
similarity metric from the original photo towards the similarity expected of a
perfectly simulated image.

4.4 Results

Figure 4.5 shows the simulated imagery results for the four example aerial photos
used throughout this paper; the full set of 39 aerial/satellite image pairs can be
found in Appendix A. Visually, the simulation appears to have been successful,
especially regarding water texture and color.

Figure 4.5: Simulated imagery (center column) from the four example photographs (left col-
umn), alongside satellite imagery reference pairs (right column). Panels are labelled as a)
through d) to allow easier comparison to the corresponding whales across other figures. Cen-
ter for Coastal Studies NOAA federal permit #19315–01. Satellite image © 2022 Maxar
Technologies.

Figure 4.6 shows the ERGAS and SSIM similarity metric values for each
image, as a function of the iteration number from 1 to 4000, as well as similarity
metric values for raw photo/imagery pairs (as in Figure 4.1) and similar pairs
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Figure 4.6: Similarity metrics for the four example images, showing similarity between: simu-
lated imagery and reference pair (solid blue curve) as the simulation progresses through 4000
iterations; the raw aerial photograph and satellite reference pair, as in Figure 4.1 (blue dotted
horizontal line); and the two “similar” satellite observations, as in Figure 4.4 (orange dashed
line). Panels are labelled as a) through d) to allow easier comparison to the corresponding
whales across other figures.

(as in Figure 4.4). Note that a perfect ERGAS score (in which the two images
being compared are exactly identical) would be 0, and a perfect SSIM score
would be 1; for both metrics, the scores for the simulated images get closer to
the corresponding perfect score as the simulation progresses, and the simulated
index scores stabilize at, or very close to, the metric values for the similar pairs,
indicating that the simulated imagery is about as similar to its reference image
as that reference image is to a similar satellite image.

In all examples, the simulated images are an improvement over the raw
aerial photographs in terms of how similar they look to satellite imagery, and
resemble satellite imagery more than the originals, both visually and according
to ERGAS and SSIM.

Figure 4.7 summarizes the calculated success values for the 39 images; the
complete table can be found in the supplementary information. ERGAS had
a mean success value of 79.8% and median of 84.2%, while SSIM had a mean
of 73% and median of 78%. In general, simulated photos with good ERGAS
success values also had good SSIM success values (for instance, the ERGAS
success value of 182% and the SSIM success value of 145% are from the same
image). Success values higher than 100% can occur when the similarity metric
of the simulated imagery ends up being better than the corresponding metric
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Figure 4.7: Histograms summarizing the ERGAS and SSIM success scores for all 39 images.

between the “similar” satellite image and reference image. The single negative
success value for SSIM resulted from the simulated image getting a worse SSIM
metric score than the “similar”-reference SSIM metric for that photo. These
extreme values are likely caused due to the similarity of the “similar”-reference
satellite image pairs not being of high quality, which is a limitation of the satellite
imagery used in this study.

It appears that no further improvement to simulation quality, and indeed in
some cases a decrease in simulation quality, is seen after about 1500 iterations,
notably in examples (b) and (d). Since NST simulations are computationally
slow, practical application of this method could be limited to around 1500 it-
erations in order to save processing time while maintaining simulation quality.
Running on a NVIDIA GeForce GTX 1660 Super GPU, a simulation of a 5472 x
3648 pixel aerial photograph takes 9.5 minutes to reach 4000 iterations; smaller
images take significantly less time.

Since only one style image is used for the NST modeling, it is necessary to
examine what effect the choice of style image has on the results. Figure 4.8
presents a grid of style images and content images, showing the variation in
simulation output for each of the four aerial photos shown in Figures 4.5 and
4.6, combined with style images showing various whale behaviours.

Visually, the simulated images don’t appear to be very sensitive to the choice
of style image. Calculating the success scores for the complete 39-image dataset
for each style image (Table 4.1) reveals small differences in the overall quality
of the simulations, with the large splash style image (Figure 4.8b) having a
significantly worse score than the original style image, while the obscured whale



CHAPTER 4. PAPER TWO 50

Figure 4.8: An example of different style images used during the NST process: a) the original
style image, chosen to show a representative amount of wake, body visibility, and fluke pattern;
b) showing a very large amount of splash pattern; c) showing the whale almost completely
obscured; and d) plain water. Center for Coastal Studies NOAA federal permit #19315–01.
Satellite image 2022 Maxar Technologies.

and plain water (Figures 4.8c and 4.8d) had slightly better scores. This seems
to suggest that it is possible to run an NST simulation for a sensor, for the
purposes of developing training data for whale detection, without having an
example of the target whale species in imagery from that sensor.

4.5 Discussion

The field of satellite whale detection broadly agrees that the current bottleneck
to development of a robust whale detector is the lack of training data needed

Table 4.1: Results of the success scores for the full 39-image dataset when simulated using a)
the original style image, chosen to show a representative amount of wake, body visibility, and
fluke pattern; b) showing a very large amount of splash pattern; c) showing the whale almost
completely obscured; and d) plain water.

a) original b) large splash c) obscured whale d) plain water
ERGAS mean 79.8% 67.4% 81.5% 83.3%
ERGAS median 84.2% 68.0% 85.6% 89.8%
SSIM mean 73.8% 56.8% 77.1% 77.0%
SSIM median 78.0% 56.7% 81.9% 79.4%
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to train models over a wide range of whale species, poses, environmental con-
ditions, and locations. The most obvious method to generate more training
data is simply to gather more satellite imagery of whales, and this is indeed
being done, albeit at a very slow pace: Whale observations are rare, especially
those of the North Atlantic right whale, and to build a detector which might
more quickly gather such observations itself requires training data. Instead,
researchers have looked to other data sources for model training, traditionally
aerial photographs. While directly using aerial photographs, or downsampling
them first, has been done in previous studies with moderate success, we believe
that modifying them to more closely resemble satellite imagery before training
can increase model performance. This is inherently intuitive: if the model is to
detect whales in imagery acquired by a given sensor, it must learn what whales
look like in imagery acquired by that sensor. Here we demonstrate that NST
can be used to convert aerial photography into simulated satellite imagery, and
that this simulated satellite imagery is more similar to actual satellite imagery
(according to image similarity metrics) than the aerial photos themselves. This
study is unique because of the aerial/satellite image pairs used to calculate im-
age similarity metrics. To be able to use image such metrics to examine how
“close” an NST simulation has gotten to an actual satellite image, concurrent
observations of a whale in satellite and aerial are needed; the whale and water
conditions need to look the same in both. No other study to date has been able
to achieve sufficiently concurrent observations.

Other methods of training data preparation, development, or generation may
also be possible, and further research into these would be a valuable undertak-
ing. From simple methods such as colour-normalization or histogram-matching
of aerial photos, to more complex undertakings such as using a Generative
Adversarial Network (GAN) or even 3D modelling to generate images, many
possibilities exist and should be explored. Here, we presented one such option,
NST-based modification of aerial photos. Another benefit of using NST simu-
lations is the ease of transferring the simulation to a different sensor: the NST
need only be run using a different style image, one from the desired sensor, to
create a new simulated dataset for that sensor. Indeed, it this study shows that
it may not even be necessary to have a whale observation in the new sensor to
run the simulation, a feature which would be extremely useful when modelling
for brand new sensors for which we do not yet have whale observations.

In the next chapter, a larger, more detailed comparison of methods will be
conducted, comparing detector models trained on a variety of different training
data types, including the NST proposed here, downsampled aerial photos, and
actual satellite observations.

4.6 Conclusion

The use of CNNs to detect whales in satellite imagery is a promising develop-
ment in the whale conservation field, but the need for large training datasets is
complicated by the relative rarity of whale observations in satellite imagery. To
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better train whale-detector CNNs, this paper presents a novel method of simu-
lating satellite imagery of whales using a Neural Style Transfer model applied to
abundant aerial photographs of whales, increasing the available bank of train-
ing imagery of rare, endangered whales by more than an order of magnitude.
Importantly, the method presented here does not rely on aerial photo meta-
data (camera used, flying altitude, atmospheric conditions, etc.), significantly
simplifying its application.

The current best effort to compile actual satellite images of whales contains
633 satellite observations of a variety of whale species (Cubaynes et al. 2022),
acquired with four different satellite sensors. In comparison, our method can
immediately expand the available training imagery by 11,470 observations of
the right whale alone, by applying our simulation procedure to the publicly
available Kaggle Right Whale Recognition aerial photograph database (Khan
and ShaShank 2015). Results presented here demonstrate that simulation of
satellite imagery from aerial photographs improves image similarity metrics.
A full applied comparison of training data types in a detector model will be
presented in the next chapter.
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Abstract

Automated detectors are beginning to see use for North Atlantic right whale
detection in satellite imagery in an academic setting, and conservation efforts
will likely benefit greatly from their continued improvement and ultimately their
operational implementation. Current detector models are trained with either
downsampled aerial photographs or satellite imagery chips, though both meth-
ods have shortcomings: downsampled aerial photographs don’t look much like
satellite imagery, and actual satellite imagery of these whales is rare. This work
compares satellite right whale detector models trained on these two currently
used training data types, as well as two newly proposed types: simulated im-
agery created using Neural Style Transfer (NST), and colour-normalized aerial
photographs. Detectors trained using NST prove to be slightly more accurate
than those trained using colour-normalized photos, both of which are signifi-
cantly more accurate than those trained on downsampled aerial photos. Models
trained on satellite imagery are limited by the lack of variability in training data.
Unless the researcher has access to a very large, high-quality satellite dataset
of their target whale, it is recommended that they train detector models with
aerial photographs that have undergone some form of preprocessing; whether
NST or colour-normalization is used can be a decision balancing the need for
accuracy versus the available processing time and resources, NST simulation
being significantly more processing-intensive than colour-normalization.
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5.1 Introduction

The North Atlantic right whale (Eubalaena glacialis), is a critically endan-
gered baleen whale with population numbers estimated at 372 individuals as
of September 2024 (Pettis and Hamilton 2025). Understanding whale move-
ments is critical for conservation efforts (Davies and Brillant 2019; Hausner et
al. 2021), and while aerial and acoustic survey methods produce high-quality
data, they can be costly and difficult to scale. In the past few years, satellite
detection of right whales has become established as a promising addition to the
toolkit of whale detection and monitoring (Höschle et al. 2021), allowing for
surveying on a much larger spatial scale, albeit not as accurately as traditional
survey methods.

Beginning with Ablieah (2002), who demonstrated the first known instance
of whales in satellite imagery, many studies have now been put forth exploring
various aspects of whale detection in satellite imagery (Fretwell et al. 2014;
Borowizc et al. 2019; Cubaynes et al. 2019; Guirado et al. 2019; Bamford et
al. 2020; Corrêa et al. 2021; Hodul et al. 2022; Rodofili et al. 2024; and Davies
et al. 2025).

Borowizc et al. (2019) was the first to demonstrate a machine learning-based
automated detector, using CNN models trained on aerial photographs downsam-
pled to the same resolution as their target satellite imagery (WorldView-3 at 0.3
m), based on known flight and camera parameters. Guirado et al. (2019) fur-
thered the CNN detection concept by introducing a two-step approach, where a
CNN model first classifies imagery tiles as containing or not containing whales.
Tiles in which whales were classified as present are then sent to a second CNN
which applies bounding boxes around the whales. These models were also
trained on an annotated set of aerial photographs. Guirado et al. (2019) did not
downsample the aerial photographs during preprocessing. Davies et al. (2025)
used satellite observations of whales directly to train their two-step model, with
428 observations of large whales including North Atlantic and Southern right,
gray, and fin whales.

All three of the abovementioned CNN detector studies used a pretrained
model, where the CNN is first trained on an unrelated extremely large dataset
—in all three cases the ImageNet dataset (Deng et al. 2009) was used— then
subsequently trained on the (relatively) much smaller target dataset, leading to
greater accuracy than if the model was trained solely on the target dataset; a
technique known as Transfer Learning (Brodzicki et al. 2020).

It is difficult to directly compare model accuracy between these three studies,
since each used a different set and size of training data, different CNN architec-
tures, and different target imagery. Nevertheless, all three studies, and other
similar ones (Höschle et al. 2021; Cubaynes and Fretwell 2022), stress the need
for expanding the available training data in order to improve model accuracies,
and increase the applicability to different species, locations, and environmental
conditions.

These studies have used two main sources of training data: aerial pho-
tographs, downsampled, as a proxy for satellite imagery, and actual satellite
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imagery. While aerial photographs don’t directly resemble satellite imagery,
there is a much greater amount of it available for training data-hungry detector
models. In Chapter 4, we introduced another form of training data: “satellite-
like” imagery, derived from aerial photographs using a Neural Style Transfer
algorithm. This, in theory, would provide the benefits of the training/target
matching of satellite imagery, along with the abundance of aerial photographs.

Other training data treatments also exist, including simple colour-matching
of downsampled aerial photos, and fully synthetic images. This paper will com-
pare a number of training data types in training a whale detector, and will then
discuss the advantages and disadvantages of each data type.

5.2 Data and Methods

Experiment design consisted of four identical CNN image classification models,
each trained with a different type of training data. These models were then used
to classify image chips from a unique test satellite image as either containing
or not containing whales, and the performance of each model was assessed and
compared using standard metrics.

5.2.1 Training Datasets

Here, we propose the categorization of training data into three broad types:
Aerial, Satellite, and Synthetic. The aerial category includes raw aerial im-
agery, which is not typically used directly, as well as products derived from
aerial photographs. Such products can include downsampled aerial photographs,
which are commonly used; photographs with some sort of colour-matching to
satellite imagery; and the previously mentioned NST “satellite-like” aerial im-
ages. The satellite category is simply satellite image chips (Cubaynes and
Fretwell 2022). The fully synthetic category can include images generated
using machine-learning algorithms such as Generative Adversarial Networks
(GANs), or perhaps 3D rendered models.

This study will compare the use of four of the above-mentioned types of train-
ing data: 1) Downsampled aerial, 2) Downsampled aerial with colour matching,
3) NST, and 4) Satellite imagery.

Notably, we chose not to include GAN in our testing: we were unable to
find a GAN model that seemed to create results suitable for use as training
data. Several existing GAN models were investigated, including a version of
Stable Diffusion specifically pretrained for satellite imagery, however all avail-
able models were suited for synthesizing satellite imagery of land, and failed to
produce satisfactory results for marine environments and especially for produc-
ing convincing examples of right whales. Training a new GAN for production
of whale imagery was considered, however due to the fact that GANs typically
need significantly larger datasets to train than our limited number of satellite
whale observations (Karras et al. 2020), creation of a custom GAN was not
undertaken.
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Non-downsampled aerial imagery was not included as one of the training data
types, because Green et al. (2023) had demonstrated that little improvement is
gained when including such imagery.

A final aspect of training data creation is that of the negative data: images
without whales. For satellite imagery, such imagery is easy to come by as
the vast majority of a given satellite image will be open water providing copious
amounts of negative data. For aerial imagery, this is somewhat more challenging
as survey crews specifically take photos of the whales they locate. Here, we use
satellite imagery of open water.

Aerial Preprocessing and Downsampled Aerial

Aerial photographs were acquired from two sources: the aerial photographs
provided by CCS used in Hodul et al. (2022); and the Kaggle right whale
identification dataset (Khan and Shashank 2015). Photographs were manually
annotated in a manner similar to Cubaynes et al. (2023), with the important
addition of “whale framing”, which describes whether framing is “complete”, or
only “partial” (i.e. whether or not the entire body of the whale is visible within
the photograph). For photographs where the whale was completely in frame,
whale length was measured from the tip of the lower jaw to the notch of the
fluke (Christiansen et al. 2020). In instances where the fluke was difficult to
see in the photograph due to being deeply submerged, a best estimate of length
was given. A rotated bounding box was also drawn around the whales using the
annotation software SuperAnnotate, to be used in later processing.

Only photographs where the whale is fully in frame were retained. Further
filtering was done to remove photographs taken at extremely oblique angles, an
observation geometry which doesn’t occur in satellite imagery, and photographs
with extreme levels of glint in which the whale is mostly obscured. Figure 5.1
shows an example of an acceptable photo (a), and non-acceptable photos (b-d).

Because the metadata for the aerial photographs from the Kaggle dataset
were not available, photograph scale was estimated by assuming a whale size
of 12.5 m (Stewart et al. 2021). For confirmation of the 12.5 m assumption,
we checked the sizes of the whales seen in the imagery in Hodul et al. (2022),
finding a mean whale length of 12.96 m with a standard deviation of 1.04 m. A
photograph scale factor S was then calculated using Equation 5.1,

S =
A

LR
(5.1)

where A is the assumed whale length of 12.5 m, L is the length of the whale
in the photograph in pixels, and R is the target imagery resolution (0.3 m
in the case of WorldView-3). In the case of two or more whales in the same
photograph, the largest one was used as the basis for the scale calculation.
Photographs were then downsampled using OpenCV with a bit-exact bilinear
interpolation. Other downsampling methods were also investigated, including
an area averaging method, but yielded worse results.
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Figure 5.1: Examples of acceptable and non-acceptable aerial photographs from the Kaggle
dataset. A) Acceptable; and non-acceptable because of: B) partial framing, C) oblique obser-
vation, and D) excessive glint. (Images: Khan and Shashank 2015)

Finally, a padding step was applied: The input images entering into a CNN
are almost always square, with the exact dimensions determined by the partic-
ular architecture of the model; typically, if an input image doesn’t conform to
these dimensions, a preprocessing step is applied to scale/distort the image to
match. Instead of applying such a distortion, we chose to pad the images out
to the correct dimension by mirroring areas of open water in the aerial pho-
tographs, using the rotated bounding boxes. Figure 5.2 illustrates the padding
process.

All aerial-derived methods used the same preprocessing procedure, ensuring
that the datasets would be identical except for the specific image manipulation
method intended to be applied.

Colour-Normalized Aerial

Colour normalization is performed using a histogram-matching technique, where
the aerial photographs are modified such that the histogram of each colour band
matches that of a reference image, in this case a satellite whale observation (the
same image used as a style reference for the NST). This is performed using
the Scikit-Image’s exposure library, and is performed prior to downsampling;
Figure 5.3d shows an example.
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Figure 5.2: The procedure for padding aerial photographs: Starting with the original aerial
photographs (A), a rotated bounding box is drawn around the whale (B). Areas outside of
this bounding box are considered to contain only water (C). The number of pixels needed to
pad out to the correct dimension are calculated, and the areas of only water are sequentially
mirrored to achieve the correct dimension in each direction (D), resulting in the finished
padded image (E). Center for Coastal Studies NOAA federal permit #19315–01.

NST Satellite-Like Imagery

Neural Style Transfer (NST) is a machine-learning based method for transfer-
ring the style of one image onto the content of another image (Gatys et al.
2015). Popularly, these are used to modify photographs to have the style of
famous paintings. Here, NST is used to simulate satellite imagery from aerial
photographs, essentially applying the “style” of an actual, rare, satellite obser-
vation of a whale to the content of many thousands of aerial photos. Details of
the NST method as applied to aerial whale photographs, including an exami-
nation of image similarity between actual satellite imagery and NST simulated
imagery can be found in Chapter 4; Figure 5.3e shows an example of one such
simulation.

Satellite Image Chips

633 satellite imagery chips of whale observations are available from the dataset
compiled by Cubaynes and Fretwell (2022). Whales observed include Southern
right (463 of the chips), humpback (56), fin (34), and grey (80); each further
classified into “Definite”, “Probable”, and “Possible” observations. Figure 5.4
shows an example of each species. Using southern right whales, as well as other
species of whales, as a proxy to train a detector for North Atlantic right whales
is an established technique (Davies et al. 2025).
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Figure 5.3: An example of the various pre-processing steps used to create the aerial-derived
training datasets: a) The original aerial photograph, b) the satellite image used as reference
for colour normalization and NST style, c) downsampled aerial, d) colour-normalized, e)
NST satellite-like, and f) a similar-looking satellite observation of a whale (see Chapter 4
for explanation on these ‘reference pairs’. Center for Coastal Studies NOAA federal permit
#19315–01. Satellite image © 2022 Maxar Technologies.
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Figure 5.4: Example chips from the Cubaynes and Fretwell (2022) dataset, showing A) South-
ern right whale, B) humpback whale, C) fin whale, and D) grey whale.

5.2.2 Testing Data: Satelite Imagery

The detector models were tested on 200 km2 of WorldView-3 imagery (Standard
2A) acquired on 24 April 2021 in Cape Cod Bay; see Hodul et al. (2022) for de-
tails on the imagery. A manual scanning approach found 39 whale observations
(31 individual whales, some were observed twice a few seconds apart, due to two
slightly overlapping swaths being acquired). A concurrent aerial survey by the
Center for Coastal Studies (CCS) confirmed all observations as North Atlantic
right whales. Imagery used in testing was pansharpened to 30 cm using the
Brovey algorithm available in QGIS. Notably, this is different than the 15 cm
imagery shown in the previous studies: partly this was done because the field
of whale detection has so far not been using the 15 cm imagery, likely for cost
and computational reasons, using 30 cm imagery for comparison is thus more
relevant to common practice in the field.

5.2.3 The Detector Model

An existing, proven deep learning architecture was chosen to reduce the prob-
ability that poorly designed architecture would lead to unsatisfactory results.
The model used was a VGG16 backbone, due to its proven ability to generalize
on small datasets after being pre-trained (Chollet 2018), and its relatively small
input size of 224x224 pixels, which may be helpful when dealing with satellite
imagery of relatively small objects, as the object takes up more of the frame of
the image (Chen et al. 2024).

Pretraining is a critical step in training models when a relatively small
amount of training data is available, such as in the case of whale detection
(Davies et al. 2025). Pretraining a model on an extensive, but unrelated,
dataset allows for transfer learning to occur, where the CNN model learns to
distinguish generic visual features before being fine-tuned on the target dataset
— essentially, we are first teaching the model how to see with pretraining, and
then we are teaching it what to look for with fine-tuning. The first layers of
a model learn universal geometric features such as edges, and deeper layers
learn increasingly abstract combinations of these features and later meaningful
shapes. Because basic geometric shapes transfer well across object-based com-
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puter vision tasks, pretraining can reduce the number of whale training data
examples needed. Here, the model was pretrained on the well-known ImageNet
database (Russsakovsky et al. 2015), with over 1.4 million images in 1,000
classes, including a whale class.

Data augmentation was applied to the training data to bolster the relatively
small number of images; the same augmentation was applied to each model,
which included rotation, zooming, stretching, and flipping. Reasonable values
were chosen as ranges for each augmentation type. Of particular note is the
zoom augmentation, which stretches or shrinks each training image by up to
15%. During image annotation, whale length was assumed to be 12.5 m for
all whales; thus the range of possible whale sizes during augmentation becomes
10.6 m to 14.3 m, which is approximately the correct size distribution for right
whales. Hyperparameters were kept constant for all models. The significant
lack of testing data made it difficult to perform hyperparameter optimization,
so hyperparameters were set to a standard value across all models.

5.2.4 The Experiment

A separate model was trained for each type of training data. For each model, the
number of negative (non-whale) tiles was set equal to the number of positive
tiles; these negative tiles were randomly selected from the available bank of
imagery tiles. For the satellite image chips, a version of the dataset containing
all data was tested, as well as a version containing only Southern right whales,
and of those, only the “Definite” and “Probable” classes, reducing the dataset
size from 633 chips to 260.

The testing imagery was divided into 332,307 tiles of 112x112 pixels, sepa-
rated with a 25% overlap to ensure that each whale would be fully represented
on at least one tile. This way, if any one tile encompassing a given whale obser-
vation was classified as ‘whale’, that whale could be considered found, even if
other tiles encompassing the same whale did not return a positive classification.
A tile size of 122 was used because a right whale, at about 13 m in length, in
30 cm imagery, and with a tile stride of 25%, will always be fully encompassed
in at least one tile. Additionally, with the VGG model having an input tile size
of 224 pixels, the tiles are easily scaled up to fit the model input. A tile size of
224 was tested but discarded due to quality issues with padding (Figure 5.2) at
that size. The tiles were then sent to the models for inference, and the detector
assigned each tile a confidence score, or probability, indicating how likely the
tile was to contain a whale.

For validation, tiles actually containing whales were manually determined,
and each whale was given a whale ID number. Since a given whale could appear
in several tiles due to the overlap, this allowed the validation system to mark
the whale as correctly found if any of the tiles containing that whale were
classified correctly. This is in line with what would occur in an operational
context. Model performance was calculated using precision, recall, and F1 score
for chips identified as containing whales, using the standard equations for those
values (Equations 5.2, 5.3, and 5.4).
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Precision =
True Positive

True Positive+ False Positive
(5.2)

Recall =
True Positive

True Positive+ False Negative
(5.3)

F1 = Precision = 2 ∗ Precision ∗Recall

Precision+Recall
(5.4)

Threshold curves for the above metrics were created by calculating the metrics
for all tiles above a progressively increasing whale probability threshold, from
0.01 to 0.99 in increments of 0.001.

5.3 Results

The processing needed to create the four datasets varied significantly. Simply
downsampling the aerial photographs took a negligible amount of time. Colour
normalization took several seconds per photo, but the total computational time
was not significant, the entire processing taking only a couple minutes. Addi-
tionally, neither preprocessing method requires specialized hardware to run, a
simple computer without a dedicated GPU is sufficient. By contrast, the NST
simulation for the entire 8,749 photo dataset took about one month of con-
tinuous processing using a NVIDIA GeForce GTX 1660 Super GPU, at about
3-10 minutes per photo depending on each photo’s size. As of 2025, this is out-
dated hardware, and significantly less computational time might be expected
with modern equipment. However, performing the simulation without a GPU
would take significantly longer and would thus not be practically feasible. The
satellite dataset was used directly in the format that it was downloaded in, so
no computational time was spent in preprocessing.

Figure 5.5 shows the progressive threshold curves for each of the four training
data methods, and Figure 5.6 shows the same data organized by metric instead
of training method. For the satellite training method, dotted lines show the
filtered dataset containing only Definite and Probably Southern right whales.
The relatively very high precision but low recall of the model trained on satellite
imagery is likely explained by the small number of high quality training data in
that dataset: the model is very good at finding the types of whale observations
that it has been trained on, but due to the small dataset, it hasn’t had the op-
portunity to see many different kinds of right whale behaviour and appearance.
With a significantly larger dataset, we might expect these metrics to improve.
The filtered dataset has lower values across all performance metrics. This is
expected, since we are further reducing an already very limited dataset, and
even training data of whales of a different species are valuable to include.

Of the three aerial preprocessing methods, the results for downsampled aerial
appear quite a bit different from NST and colour normalization. Peak F1 occurs
at a much lower threshold, 0.42, as opposed to the other two which peak around
0.99 (Table 5.1), and the recall scores are lower at their respective F1 peaks
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Figure 5.5: Progressive threshold curves showing precision, recall, and F1 score for the four
training methods. Curves are created by using all detected points with a whale confidence
score above the given threshold to calculate the metrics. A threshold range between 0.01 and
0.99 in increments of 0.001 is used. Dotted lines in satellite plot show the model trained using
the filtered satellite dataset.

than NST. Furthermore, precision and recall for the downsampled aerial, at
a threshold of around 0.99, is at 0.467 and 0.152 respectively. Given these
values, and the understanding that generally, a higher recall is desirable for
whale detection to reduce the likelihood of missing whales, some form of aerial
photo preprocessing is desirable.

While metric values are slightly better for NST than colour normalization,
the increase in detector performance comes at the cost of significantly increased
preprocessing time and the requirements for a GPU, though the NST simulation
only has to be performed once to generate the data, not each time a detector
model is run. In both cases, a very high threshold value would be best to use
operationally.
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Figure 5.6: Progressive threshold curves, as in Figure 5.5, organized by metric instead of
training type.

Table 5.1: Peak F1 score and the corresponding threshold that peak occurs at for each of the
four training data methods.

Method Peak F1
Threshold at
Peak F1

Precision at
Peak F1

Recall at
Peak F1

Downsampled Aerial 0.55 0.423 0.358 0.630
Colour Normalization 0.54 0.997 0.545 0.522
NST 0.64 0.992 0.593 0.696
Satellite 0.51 0.010 0.606 0.434
Satellite Filtered 0.41 0.574 0.536 0.333

5.4 Transferability to Other Sensors

One of the benefits of the NST simulation, and also the colour-normalization
method of aerial pre-processing, is the relatively easy transferability to other
sensors. Provided that you have an example of a whale observed by the relevant
sensor, you can simulate what a whale would look like in that imagery. For
instance, Figure 5.7 shows a Pleiades Neo image in Cape Cod Bay, captured on
April 9th, 2023, with whale detections shown as yellow dots. The detector used
here was trained on a different set of NST images created using a Pleiades Neo
whale observation as the style image. As in the results based on the WorldView-
2 image, an extremely high threshold of 0.99 also works well for whale detection
here, as most of the false-positives are below this threshold.
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Figure 5.7: Whale detections in a Pleiades Neo image from Cape Cod Bay on April 9th, 2023.
Yellow dots indicate detections, white squares indicate actual whale locations, and numbers
show the model’s whale confidence score. Insets are used to more clearly show the whales in
the imagery.

5.5 Discussion

Aside from the model performance differences, there are evident advantages and
disadvantages with each type of training data. Conceptually, actual satellite
imagery of the target whale species is the best kind of training data, or barring
that, imagery of species with a similar appearance. However, the difficulty and
especially cost of acquiring such imagery may be prohibitive, which results in
a substantially smaller dataset than all other types of training data. A lack
of varied examples of whales in the training imagery may lead to whales being
missed during detection, because the model may not have been trained on all
instances of what a whale may look like. This is shown in the lower recall
but higher precision scores seen in the results here. It is important to note
here that for the type of human-in-the-loop operations that would be used for
right whale detection in an operational context, a high recall is much more
desirable than a high precision, since it is considered acceptable for an analyst
to sort through and remove false positives while ensuring that no whale goes
undetected. Recall values for NST demonstrated in this study are in the same
range as those reported for other satellite whale detectors (Davies et al. 2025).

Downsampled aerial photographs, the current non-satellite standard in the
field, are typically plentiful, but as demonstrated here, they don’t closely re-
semble satellite imagery, and their use with no preprocessing can worsen model
performance. Both NST and colour normalization images improve model per-
formance, with NST being slightly better than colour normalization. Visually,
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the NST images do resemble satellite imagery to a greater degree than colour
normalization, containing more of the noise and atmospheric effects seen in im-
agery, and this may be the cause of the small increase in detector performance.
Since the NST simulation is only needed to be performed one time, and ensuring
right whale safety is of such a high concern, the processing time will likely be
acceptable to conservationists intending to train such a model. Regardless of
the choice of which to use, it remains clear that using either is better than sim-
ply downsampling the imagery, and thus one of these two methods, or a similar
preprocessing method, is recommended when developing a whale detector using
aerial photographs as the basis for the training data.

This research was limited by the limited testing dataset (one test image un-
der ideal conditions), and so conclusions drawn from these results should be seen
as a preliminary exploration into training dataset types, rather than a definitive
answer as to which one is best. Confidence bounds on the validation metrics
(precision, recall, and F1) are large due to only having 39 test observations
of right whales available. While the benefit of using some form of preprocess-
ing on the aerial imagery is large, and so it can be fairly confidently stated
that preprocessing is better than not preprocessing, choosing between NST and
colour normalization is less clear. The difference in performance between NST
and colour normalization is small, and given the small testing dataset, it can’t
definitively be stated which one would perform better on other test images.

Note that the focus of this work was to compare relative performance of
detector models trained with different sets of data, rather than model develop-
ment and optimization of detector performance. Re-running this comparison on
a broader set of images from different locations, and with different environmen-
tal conditions, should be an avenue of further research. As such, the research
here should be seen as a preliminary exploration of the influence of different
training data, and their preprocessing, for satellite whale detection, rather than
providing a definitive answer pointing to the best approach. The authors also
encourage further research into the use of synthetic (GAN) images for training
models.

5.6 Conclusion

Automated detector models used for finding whales in satellite imagery have
typically been trained with either downsampled aerial photographs or satellite
observations of whales. However, downsampled aerial photographs of North
Atlantic right whales don’t closely resemble satellite observations, and gathering
enough actual observations from satellite imagery to train a model is difficult
and expensive. Several methods have been proposed to improve the quality and
quantity of training data, including various preprocessing methods intended to
make aerial photographs more closely resemble satellite images, as well as the
creation of synthetic imagery.

This work compared two of those preprocessing methods, Neural Style Trans-
fer (NST) and colour normalization, against downsampled aerial and satellite
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chips, by training detector models on datasets created using each of the meth-
ods, and comparing the resultant model performance on a test image of Cape
Cod Bay containing known right whale observations. Synthetic imagery was
not investigated as part of this study.

The NST method of aerial photograph preprocessing resulted in the best
model accuracy, followed by colour normalization. Both of these were signifi-
cantly better than the un-preprocessed downsampled aerial photographs. The
detector trained on satellite imagery chips had excellent precision, but poor re-
call, suggesting that while the data were of good quality, the relatively small
number of available training images limited performance.

Based on the results, it is recommended that, if using aerial photographs
for model training, preprocessing should be used to make the photographs look
more like satellite imagery; our results show that this will lead to improved
model performance. The use of NST-based training data led to a relatively
small improvement in model performance compared to colour normalization,
while requiring a significantly larger amount of compute resources and time.
In an operational setting, this trade-off must be considered when determining
the choice of preprocessing method. However, we suggest that considerations of
model performance, because of their implications for whale detection and the
conservation efforts they contribute to for the endangered North Atlantic right
whale, should generally be considered more important than the computing re-
sources required for one-off model training. Further research into other methods
of model training, including the use of synthetic images, is recommended by the
authors.
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Chapter 6

Conclusion

The North Atlantic right whale, a critically endangered baleen whale living off
the eastern coast of North America, is of particular interest to conservationists
and scientists due to its extremely low numbers (only around 372 are left alive),
public awareness of their plight, and the political, cultural, and economic pres-
sures surrounding their interactions with humans. One of the critical difficulties
in rehabilitating the right whales has been knowing their locations at any given
time, since much of the conservation efforts centre around dynamically alter-
ing protected zones, slowing or diverting shipping around known locations, and
closing fisheries when the whales are nearby.

Established survey methods, including aerial and shipborne surveys, and
acoustic monitoring, are extremely accurate at pinpointing whale location, but
they are costly and resource-intensive to implement and can only cover relatively
small areas. To provide wider coverage at a reasonable cost, satellite imaging
has been proposed as another method, complementary to these conventional
survey methods, allowing for much larger swaths of ocean to be monitored in a
short period of time, albeit at reduced accuracy owing to the limitations of the
platform (resolution, cloud cover, atmospheric effects, and lower signal-to-noise
ratio).

When work began on this thesis, which started with the writing of a funding
proposal in late 2019, the field of satellite whale detection was just getting off
the ground. There were a few papers out, showing examples of whale detection
in satellite imagery, but, at the time, there were none where detections were
confirmed using concurrent aerial survey, and the North Atlantic right whale
had yet to be observed at all in satellite imagery. During the writing of this
thesis, the field accelerated, with many papers and other contributions coming
out between 2020 and 2025, including major working groups and seminars at
key conferences, such as the Conference on the Biology of Marine Mammals in
Perth in 2024. The work which I have presented in this thesis documents some of
the key developments in the field during this time, foremost of which is the first
confirmed satellite observations of the North Atlantic right whale. The overall
goal of this thesis was to investigate the feasibility of detecting North Atlantic
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right whales in satellite imagery, and if so, develop an automated method of
detecting them in the imagery.

The first step was to attempt to make the first ever satellite observations of
the whales, and at the same time have the observation occur during a planned
aerial survey by the Center for Coastal Studies, which would be a first in the
whale detection field. On April 24th 2021, on a day when the ocean was very
calm and numerous right whales were present in Cape Cod Bay, a series of three
satellite images were captured by the WorldView-3 satellite while, at the same
time, the aerial survey team was making observations of what would end up
being a staggering 80 right whales, which at the time, was nearly one quarter of
the entire living population (there having been an estimated 340 right whales in
2021). Since some of the whales observed by the aerial team were under water
at the time of satellite overpass, and due to budgetary constraints limiting us
to the amount of imagery we were able to purchase, not all of these whales
were observed in the satellite imagery; yet still, an impressive 31 right whales
were visible in our imagery —nearly 10% of the entire population in one satellite
image. Coincidentally, April 24th would go on to become Massachusetts’s official
‘Right Whale Day’ a few years later.

As luck would have it, the imagery was captured at the exact same moment
as the survey team was making an observation of the right whale named Halo,
giving us the fantastic Figure 3.5 showing Halo and the survey aircraft right
next to each other in the satellite imagery. These results allowed us to conclude
that North Atlantic right whales were indeed possible to observe in satellite
imagery, and further, that they could be identified on a species level based on
body markings visible in the imagery, which would be important when making
conservation decisions based on their observation. We were also able to identify
one whale by name, ‘Ruffian’ based solely on the extremely large and distinct
markings on his back, visible in the satellite imagery.

The second step was to develop an automated detector model. It was im-
mediately clear that the number of right whale observations that we had (39
instances of right whales in satellite imagery —some were captured twice in the
span of a few seconds because of swath overlap) would not be sufficient to train
a model. Looking to the literature, we saw that the few detector models which
had been developed up to that point were trained on aerial photographs, with
no preprocessing applied save for downsampling them to satellite resolution.

Any model that uses training data to learn to detect a specific type of ob-
ject in imagery necessarily learns to detect such objects as they are presented in
the training data. This means that both the object characteristics (e.g. diving
whale vs. whale at the surface) and the imaging modality (e.g. oblique vs.
nadir imaging) influence the model’s ability to recognize new instances of those
objects. As a result, the training data should contain the full range of object
characteristics that the model is expected to detect, and those objects should be
imaged with the same modality that the model will be applied to for detection.
This was a fundamental problem for our work, because existing satellite im-
agery was limited in quantity and not expected to cover the full range of whale
poses and environmental contexts necessary, while a substantial difference exists
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between the aerial photographs and satellite imaging modalities, as is obvious
when comparing imagery from those two sources.

With the hope that it would improve detector accuracy, we therefore decided
to apply some preprocessing to the aerial photographs that we had, before us-
ing them as training data, with the goal of making them more similar to the
satellite imagery the model would ultimately be applied to for whale detection.
At the time, we thought that simulation of satellite imagery from aerial pho-
tographs was likely a solved problem because of the somewhat generic nature
of the problem (not isolated to use in whale detection), but we discovered that
no standardized methods were available to conduct the necessary image pro-
cessing. Several options were considered, including a physics-based atmospheric
‘de-correction’ simulating what the aerial photographs would have looked like if
the camera had been in space, with the atmosphere in between the sensor and
the target; this proved to be quite complicated since we had no metadata for
much of the aerial photographs which we had access to.

At some point around this time, the idea struck that trying to make an
aerial photograph resemble a satellite image was not too dissimilar to making
a photo look like a painting (in essence, reducing the quality in a very specific
way), which is where the idea to use Neural Style Transfer began, NST being
most commonly represented as a fun way to make pictures look like they were
painted by Van Gogh.

Critically, to make a comparison between aerial ‘simulated’ satellite imagery
and actual satellite imagery of right whales, we needed a dataset of aerial-
satellite pairs. We developed this dataset of pairs from the aerial survey photos
acquired by CCS on that now-famous April 24th 2021 survey. Implementation
of the NST was subsequently fairly straightforward. Using two image similar-
ity metrics, one which measures colour similarity and another which measures
shape similarity, we demonstrated that running NST incrementally on the aerial
photos resulted in a corresponding incremental improvement in image similar-
ity between each NST-modified aerial photograph and its satellite observation
pair. While conceptually a simple task, the real strength of this part of the re-
search were these carefully curated image pairs, which allowed us to directly see
the improvements in the similarity between NST simulated images and satellite
observations.

The final aspect of the research was to compare this newly developed NST
dataset to the types of datasets currently used in the satellite whale detection
field to train models: downsampled aerial and satellite images themselves. On
the suggestion of a reviewer for the NST paper (Chapter 4), we also included
a simpler preprocessing method, colour normalization, in the comparison. We
discovered that colour normalization and NST both improved detector perfor-
mance over simple downsampled aerial, with NST providing just slightly better
results than colour normalization, leading to the recommendation that if using
training data based on aerial photographs, it is beneficial to first apply some pre-
processing step to get the aerial photos to more closely resemble actual satellite
imagery.

Because of the rather small difference in performance, the choice of which
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preprocessing step to use, between NST and colour normalization, can be left to
the end-user to decide based on needs, and willingness and computer resources
to implement the lengthy NST simulation process. The model trained on a
relatively small amount of satellite imagery saw far better precision, but far
worse recall, than the two preprocessing methods, which is to be expected of a
high-quality but small dataset. We also suggested that investigating the use of
synthetic images of whales for training, such as those produced using a GAN,
would be a beneficial avenue of research; a method for creating such images
hasn’t yet been put forth, and we decided it was out of scope for this research.

Conclusions drawn from these final results were limited by the small amount
of test data available, however. It is important to note that the results shown
here apply to one test image, in an ideal location under ideal environmental
conditions, and that results may differ under different conditions. Indeed, under
different conditions, it is possible that NST may not be better than colour
normalization. Despite this, it is still very likely that performing some form
of preprocessing on aerial photographs before using them for training is better
than not doing so, and that having a large number of simulated training data
is better than a small number of actual satellite observations.

Overall, the work done in the five years it took to put together this thesis
spanned during the years in which some of the fastest progress on satellite whale
detection has been made. And, while this thesis represents only a small piece of
that larger effort, carried out by a great number of researchers all over the world,
many of whom I had the pleasure of meeting in Perth in November of 2024, I
believe that it represents a key element of that larger effort. We demonstrated
the first ever observation of a North Atlantic right whale in satellite imagery, the
first identification of a named individual from satellite imagery based solely on
body markings, and the first aerial survey concurrent with satellite observations
of whales. We proposed a new method for simulating satellite imagery from
aerial photographs, and explained why this might be important in the effort
to build automated whale detectors. We tested these new simulated images
against other forms of data typically used to train satellite whale detectors, and
while it turned out that our new method didn’t result in revolutionary new-
and-improved model performance, we did show that it was an improvement
on existing methods and that preprocessing aerial photos before using them in
training satellite detectors is important.

Despite the rapid acceleration in the past five years, the field of satellite
whale detection remains in its early years. Still to come will be the study showing
us how to train a model using synthetic images (and achieve good performance),
the first use of this technology in earnest by the Canadian government, the first
right whale saved by a satellite detection, and perhaps even the first evidence
of a sustained recovery of the population of the North Atlantic right whale.



Appendix A

Below are all observations from the WorldView-3 imagery from Cape Cod Bay
acquired on April 24th 2021, including both the 30 cm pansharpened imagery
(left), and the 15 cm HD imagery (middle). Also included are the aerial pho-
tographs (right) considered ‘reference pairs’ to each satellite observation (see
Chapter 4). All satellite imagery © 2022 Maxar. All aerial photographs: Cen-
ter for Coastal Studies NOAA federal permit #19315-01.
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