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Abstract 

The macro-algae Nereocystis luetkeana or bull kelp is an important canopy-forming 

species in the rocky nearshore ecosystems of the Salish Sea. It provides structural habitat for 

many fish and invertebrates including juvenile salmon. In the Pacific Northwest, major declines 

in Chinook and Coho salmon populations have led to increased scientific efforts to determine the 

causes behind these losses. High mortality of juvenile salmon during their first months in the 

marine environment may be linked to loss of habitat such as kelp beds, which can provide 

shelter, concentration of prey and energetically favorable conditions. This work seeks to 

understand the role of kelp habitat in the early marine growth period of juvenile salmon. Initially, 

methods using satellite imagery were developed for mapping the location of kelp beds adjacent 

to a salmon bearing river in Cowichan Bay, on the West Coast of British Columbia. These 

methods were then applied to a time series of imagery from 2004 to 2017, to determine how kelp 

beds are changing over time and the possible drivers of those changes. The results found spatial 

and temporal variability in kelp beds with a decline from a high in 2015 to the lowest levels in 

2017. The observed changes were over a short period considering the natural variability of 

Nereocystis and continued long term monitoring will help to determine if the declines are 

permanent. Spatial and temporal variability were found to relate to substrate type, current 

strengths and potential lag effects of declines due to warmer than average sea surface 

temperatures. Lastly, the maps created through satellite-based methods served to inform surveys 

investigating the importance of kelp habitat to the declining populations of Chinook and Coho 

salmon. To address this, remote underwater video and visual snorkel surveys were used to 

determine the presence and absence of juvenile salmon in paired kelp and no-kelp sites 

throughout the season when the fish are known to be present in the region. Higher densities of 
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juvenile salmon were detected in kelp-associated areas; however, this effect was detected both 

before kelp growth in early spring and during kelp presence. Transects conducted on the inner 

edge of kelp beds, adjacent to rocky shorelines were determined to have the highest salmon 

densities indicating that physical factors such as substrate type and wave energy associated with 

these areas may be preferential to juvenile salmon.  
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1.0 Introduction 

1.1 Overview 

The Salish Sea is a body of water encompassing the Strait of Georgia, Puget Sound, and the 

Strait of Juan de Fuca on the west coast of North America. This biodiverse region is home to 

many iconic marine organisms and important habitats. It is also home to over seven million 

people with several large cities and coastal developments in the region (Gaydos et al., 2008). 

This has impacts on the marine environment through shipping, mining, forestry, urban and 

industrial activities (Dethier et al., 2016; Springer, Hays, Carr, & Mackey, 2007). Anthropogenic 

influences and changing environmental conditions such as sea surface temperature, dissolved 

oxygen levels, and alteration in stream flows cause disturbances to the intricate connections 

between trophic levels in the ecosystem (Beamish, Sweeting, Neville, & Lange, 2005; Riche, 

Johannessen, & Macdonald, 2014). These disturbances have varying effects on all aspects of the 

Salish Sea ecosystem, including Pacific salmon species , which are crucially important  to marine 

and terrestrial food webs as well as a commercially significant (Gislason, Lam, Gunnar, & 

Guettabi, 2017; Schindler et al., 2003). Changing and deteriorating habitat and environmental 

conditions are a concern in maintaining a healthy functioning ecosystem in the Salish Sea 

(Mumford, 2007). 

One example of potential impacts is changes in the distribution and persistence of bull kelp 

(Nereocystis luetkeana) and the effect of these changes on fish species that interact with them 

(Springer et al., 2007). Bull kelp is an important habitat forming macro algae in the nearshore 

region of the Salish Sea (Carney, 2005).  This canopy forming kelp provides structural habitat, 

which is utilized by a variety of organisms including juvenile salmon (Shaffer, 2004; Thom & 

Hallum, 1990). Further, dense growth of kelp beds can dampen the effects of waves on the 

shoreline, create nutrient entrainment and acts as a source of carbon to detrital food webs 

(Duggins, Eckman, Siddon, & Klinger, 2001; Duggins, 1988; Krumhansl & Scheibling, 2012).  

Reports of declining kelp beds have been increasing in the Salish Sea and along the west coast of 

North America (Berry, Mumford, & Dowty, 2005; Van Wagenen, 2015). Factors contributing to 

this decline may include increase in average sea-surface temperature, higher levels of turbidity, 

unchecked herbivory due to predator loss and changes in the light and nutrient availability in the 
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region (Foster & Schiel, 2010; Halpern, Cottenie, & Broitman, 2006; Steneck et al., 2002). Loss 

of this important habitat, among others, has been identified as a contributor to the decline in 

Pacific salmon populations (David et al., 2016; Ruff et al., 2017). In particular, high mortality of 

juvenile salmon in their first months in the marine environment has been identified as a key 

driver of population decline (Kemp, 2014; Preikshot, Beamish, Sweeting, Neville, & Beacham, 

2012). As salmon smolt grow they move away from the estuary and forage along the nearshore 

region where kelp habitats are common  (Duffy, Beauchamp, Sweeting, Beamish, & Brennan, 

2010).   

To understand the impacts that changes in habitat availability and quality may have on juvenile 

salmon, it is essential to have accurate knowledge of the habitat distribution. Accurate maps of 

nearshore habitats including kelp and continuous temporal data are needed to discern changes to 

its extent and potential drivers of these changes (Van Wagenen, 2015). Satellite-based mapping 

can provide important information on changing kelp beds given the large areas that can be 

mapped that may not be accessible to field-based methods such as boats (Jensen, Estes, & 

Tinney, 1980). Satellite imagery also covers a large temporal period extending back to the 1980s 

allowing a time series of changes in kelp distribution over time to be created using the known 

spectral reflectance of kelp (Cavanaugh, Siegel, Kinlan, & Reed, 2010; Stekoll, Deysher, & 

Hess, 2006). 

Mapping kelp is the first step in understanding how the health of this habitat may influence the 

species that use them. While there is much anecdotal evidence, there is a gap in scientific 

literature regarding the importance of kelp beds to juvenile salmon and, specifically, in BC, few 

studies have been published on bull kelp extent (Sutherland, Karpouzi, Mamoser, & Carswell, 

2008), spatial temporal changes (Watson & Estes, 2011) and the use of kelp by juvenile salmon 

(Shaffer, 2004) due to difficulties in sampling this complex habitat.  

1.2 Research Objectives 

This goal of this thesis is to detect and map changes in the extent and persistence of kelp habitat 

and evaluate the use of kelp by juvenile salmon with the following specific objectives:  

(1) Develop methods for the accurate mapping of kelp distribution using high resolution 

satellite imagery in the fringing nearshore kelp beds of the Salish Sea;  
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(2)  Apply methods to a time series of historical satellite images to define kelp persistence 

over time; and  

(3)  Evaluate the use of kelp habitats by juvenile Pacific salmon using non-invasive 

techniques of remote underwater video and snorkel surveys. 

1.3 Thesis Structure 

This thesis is organized into three individual papers to address the research objectives. The first 

paper (Chapter 2) provides a literature review on the methods used in the remote sensing of 

floating macro-algae using high-resolution satellite imagery and demonstrates how they can be 

applied to the detection of bull kelp through a case study (Schroeder, Dupont, Boyer, Juanes, & 

Costa, 2019). The second paper (Chapter 3) applies the methods developed for detecting kelp to 

a time series of historical imagery and explores the potential issues and results of change analysis 

and the drivers of kelp persistence (Schroeder, Boyer, Juanes, & Costa, In Press). The third and 

final paper (Chapter 4) discusses the process and methods of surveying kelp beds in relation to 

its importance to the survival of juvenile Pacific salmon. As these papers were prepared as 

independent publications there is some repetition of background information pertaining to the 

subject of kelp beds and remote sensing. The thesis concludes with a summary of the key 

findings of each paper (Chapter 5).  
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2.0 Passive Remote Sensing Technology for Mapping Bull Kelp 

(Nereocystis luetkeana): A Review of Techniques and Regional Case 

Study 

2.1 Abstract 

The distribution and abundance of the canopy-forming kelp Nereocystis luetkeana is of 

increasing concern for environmental management and conservation in coastal regions due to its 

importance as a foundation species. Mapping kelp forests aids in understanding their health, 

productivity, and response to environmental conditions. Remote sensing using satellites is an 

increasingly accessible tool for mapping nearshore habitats allowing for applications such as 

long-term monitoring and large- and small-scale surveys. This paper provides a review of 

passive optical remote sensing techniques for detection and mapping of floating macro-algae, 

and adapts these techniques for detecting Nereocystis luetkeana, demonstrating their application 

through a comprehensive case study, from imagery acquisition to map validation. This review 

with associated case study communicates to non-remote sensing experts a road map to use 

remote sensing technology for mapping kelp habitats. 

2.2 Introduction 

Bull kelp (Nereocystis luetkeana) is a brown algae in the order Laminariales, and represents one 

of two important canopy-forming kelp species found in marine nearshore habitats on the west 

coast of North America, along with giant kelp (Macrocystis pyrifera) (Druehl, 1970). Although 

the two species have similar ranges, extending from Alaska to California, there are differences in 

local scale distribution due to variations in tolerance to temperature and wave exposure. Often 

referred to as a foundation species, beds of bull kelp form structural underwater forests that offer 

habitat for fish and invertebrates (Christie, Norderhaug, & Fredriksen, 2009; Trebilco, Dulvy, 

Stewart, & Salomon, 2015), and provide nutrients to grazers and to detrital food webs as wrack 

(Duggins et al., 2001). Also, the three-dimensional structure of beds acts as a physical barrier, 

reducing coastal erosion and dampening wave action (Eckman, Duggins, & Sewell, 1989). The 

importance of this species in nearshore ecosystems makes its abundance and distribution of great 

concern to environmental monitoring and management (Krumhansl et al., 2016; Mumford, 2007; 

Springer et al., 2007; Teagle et al., 2017).  
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Several factors determine bull kelp distribution and abundance. Natural factors include grazing 

pressure (Taylor & Schiel, 2018), physical disturbance from wave action (Reed et al., 2011), and 

natural variations of light availability, nutrients, and temperature (Bell, Cavanaugh, Reed, & 

Siegel, 2015; Pfister, Berry, & Mumford, 2018). Anthropogenic factors include direct harvest 

(Sutherland et al., 2008), increase in herbivores through removal of predators by fisheries 

(Halpern et al., 2006; Ling, Johnson, Frusher, & Ridgway, 2009), coastal pollution through 

wastewater (Foster & Schiel, 2010), increased turbidity from shoreline development (Deiman, 

Iken, & Konar, 2012; Dethier et al., 2016). Larger scale impacts include climate change-induced 

sea temperature change, ocean acidification, and increased storm activity (Byrnes et al., 2011; 

Hernández, Sangil, Fanai, & Hernández, 2018; Vergés et al., 2016). For instance, there have 

been reports of bull kelp decline following abnormally high temperature disturbances and local 

scale losses attributed to regions with high anthropogenic stress (Pfister et al., 2018; Schiel, 

Steinbeck, & Foster, 2004). In many regions, however, data on the spatial temporal distribution 

and abundance of bull kelp are lacking, making it difficult to define the impact of human 

activities and environmental drivers on this ecologically important foundation species.  

Remote sensing technology, including aerial, drone, and satellite imagery, is becoming a key 

component of kelp monitoring programs (Bell, Cavanaugh, & Siegel, 2015; Casal, Kutser, 

Domínguez-Gómez, Sánchez-Carnero, & Freire, 2013; Cavanaugh et al., 2010; Pfister et al., 

2018). Specifically, satellite data is advantageous for mapping large areas as it provides multi-

temporal data in both visible and infrared wavelengths, and requires less time and labour than 

traditional boat- or diver-based surveys (Casal, Sánchez-Carnero, Sánchez-Rodríguez, & Freire, 

2011). Furthermore, remote sensing technologies have the potential to improve spatial and 

temporal coverage through automation and repeatability (Augenstein, Stow, & Hope, 1991; 

Nijland, Reshitnyk, & Rubidge, 2019).  Through the use of remote sensing technology, we now 

have a better understanding of regional kelp community dynamics, temporal trends, and 

oceanographic effects in these communities (Bell, Cavanaugh, & Siegel, 2015; Cavanaugh, 

Siegel, Reed, & Dennison, 2011). 

There is a growing body of research using remote sensing for detecting several species of 

floating algae, including giant kelp (Augenstein et al., 1991; Bell, Cavanaugh, Reed, et al., 2015; 

Cavanaugh et al., 2010, 2011; Deysher, 1993; Donnellan & Foster, 1999; Fyfe et al., 1999; Kim, 

Olsen, Lee, & Jablonski, 2010), Sargassum (Dierssen, Chlus, & Russell, 2015; J Gower, Hu, 
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Borstad, & King, 2006; Jim Gower & King, 2008; Marmorino, Miller, Smith, & Bowles, 2011; 

Wang & Hu, 2016), and green algae (Cui et al., 2012; Keesing, Liu, Fearns, & Garcia, 2011; Ma, 

Li, Lan, & Li, 2009; Shi & Wang, 2009). In comparison, relatively few studies have used 

satellite remote sensing to map bull kelp due to the challenge of detecting the generally smaller 

beds found in close proximity to rocky shorelines (Stekoll et al., 2006). Although key differences 

exist between various species of floating macro algae, the general principles for detection with 

remote sensing are similar. Therefore, the methods for detecting giant kelp, green algae, and 

Sargassum are a foundation for developing methods for remote sensing of bull kelp. The 

objectives of this paper are to (1) outline the principles for optical remote sensing of bull kelp, 

(2) review methods used by studies to map macro algae and their relevance to bull kelp mapping, 

and (3) illustrate a methodology for optical remote sensing of bull kelp with a case study in 

British Columbia, Canada.  

2.3 Optical Remote Sensing of Bull Kelp: Principles  

The principles for optical remote sensing of bull kelp are based on the algae’s morphology and 

growth patterns, along with the spectral properties of the algae, surrounding seawater, and its 

optical constituents. 

2.3.1 Optical Properties of Kelp Beds 

Bull kelp beds are composed of many kelp sporophytes, which grow at or near the water’s 

surface; they may form a dense or sparse canopy, depending on the number and proximity of 

individuals. The reflectance from kelp beds is composed of signals from the kelp plants floating 

on the water’s surface, as well as water and its optical constituents. As Figure 1 shows, the 

above-water reflectance signal corresponding to different densities of kelp is generally most 

prominent at the visible (VIS) and near infrared (NIR) spectra, similar to vascular plants 

(Cavanaugh et al., 2010; Jensen et al., 1980), and is a result of its physiological and 

morphological characteristics.  

Kelp reflectance at visible wavelengths is largely due to the photosynthetic pigments 

chlorophyll-a, chlorophyll-c, and fucoxanthin present in the chloroplasts (Wheeler, Smith, & 

Srivastava, 1984).  Dominant pigments are chlorophyll-a with peak absorption at 435 and 675 

nm, chlorophyll-c with peak absorption around 460 and 633 nm, and fucoxanthin, absorbing 

between 500 and 550 nm (Anderson, Barrett, Wolstenhome, & Fitzsimons, 1979; Kotta, Remm, 
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Vahtmäe, Kutser, & Orav-Kotta, 2014). The absorption characteristics of these pigments result in 

the brownish colour of the kelp (Charrier, Le Bail, & de Reviers, 2012); note in Figure 1 the 

lower reflectance in the blue and green wavelengths due to the higher absorption by pigments 

and slightly higher reflectance towards the red wavelengths.  Higher reflectance in the near 

infrared spectra between 700 and 900 nm is mostly due to the internal cellular structure of the 

central tissues, which refract and strongly reflect these longer wavelengths (Liew, Chong, Li, & 

Asundi, 2008). Pure water, on the other hand, is characterized by low reflectance across all 

wavelengths and very high absorption in the near infrared due to the absorption properties of 

water molecules (Mobley, 1994). 

When kelp beds are sparse or partially submerged, the detected near infrared reflectance is a 

combination of the high signal from kelp and low signal from the highly absorbing surrounding 

water. This reduces the overall signal of both the red and infrared wavelengths (see sparse and 

submerged kelp vs dense kelp spectral signatures in Figure 1). Furthermore, optical constituents 

present in the seawater can reduce contrast between the beds and surrounding water, decreasing 

the detectability of kelp beds.  For example, phytoplankton may form dense blooms and increase 

the near infrared reflectance of seawater (Babin et al., 2003), and suspended sediments generally 

increase visible and near infrared reflectance, especially red wavelengths (Roesler & Perry, 

1995). Coloured dissolved organic matter (CDOM) strongly absorbs visible light, resulting in 

decreased reflectance in blue wavelengths (Brezonik, Olmanson, Finlay, & Bauer, 2015).  



8 
 

 
 

 

 
Figure 1. Reflectance of dense (>50% of 1m2 covered), sparse (<50% of 1m2 covered), 

submerged kelp (all plants slightly below water surface) and ocean water measured with a 

Fieldspec Pro® spectroradiometer in the coastal waters of British Columbia, Canada.  

 

2.3.2 Bull Kelp Morphology and Growth 

Growth of the bull kelp sporophytes begins in early spring, after which plants grow rapidly and 

can reach sizes greater than 10 metres in height at their maximum extent by late summer. The 

physical condition of the sporophyte deteriorates due to prolonged exposure to high currents and 

temperatures, resulting in dislocation and removal of the plant by fall and winter (Mumford, 

2007). Because of its annual growth cycle, late summer is generally the best period for mapping 

bull kelp. 

Each kelp plant is composed of a root-like holdfast that anchors to hard rocky substrate, a long, 

hollow stem-like stipe, and an air-filled bulb called a pneumatocyst up to 15 cm in diameter 

(Amsler & Neushul, 1989) from which multiple blades or lamina grow (Figure 2b). The 
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buoyancy of the bulb and stipe allow the plant to stand upright in the water column and the 

blades to form a canopy.  The portion of kelp canopy floating on the surface or just below the 

surface allows remote sensing platforms to detect the macro algae (Figure 2a). However, the 

proportion of kelp canopy at the water’s surface can change depending on the length of the kelp, 

tidal height, currents, bathymetry, and water conditions (Figure 2b). 

The density of kelp canopy at the surface will also affect the reflectance detected by a sensor and 

its ability to discriminate kelp from water. While there is no standard measure to define dense or 

sparse beds, the distinction may be based on the objective of the study. Aerial-based methods 

such as Kelp Inventory Monitoring (KIM-1) and its modifications used in British Columbia to 

quantify kelp extent and biomass (Foreman, 1975; Sutherland et al., 2008) calculate Nereocystis 

density directly from imagery using a point intercept method, and define dense beds as greater 

than 10 plants per 10 square meters, and sparse as fewer than 10 plants. Other methods have 

defined density by the percent coverage of plants or fronds visible at the surface, where low 

density is less than 15% and high density is greater than 15% of a given area (Sutherland et al., 

2008). These methods are well suited to remote sensing-based detection where only the 

reflectance of surface plants can be detected.    
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Figure 2. (a) Overhead view (satellite view) of floating bull kelp, with the bulb and part of the stipe 

emerged, and the blades submerged in water. (b) Bull kelp bed cross-section. The length of the stipe 

and the height of the tide affects whether kelp is submerged or emerged. 

 

2.4 Methods for Optical Remote Sensing of Macro Algae 

We compiled a literature review of studies on the subject of remote sensing of macro algae 

species including Nereocystis luetkeana, Macrocystis pyrifera, canopy-forming Laminariales, 

and other species of floating macro algae, aiming to summarize the methods applicable to the 

detection of bull kelp. Although the reviewed methods focus on various macro algae species 

such as Ulva, Sargassum, and Macrocystis, which all have differences in their morphological, 

temporal, spatial, and spectral characteristics, the remote sensing-based mapping protocols 

follow the same basic steps and techniques (workflow illustrated in Figure 3).  
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Figure 3. Generalized workflow for mapping floating macro algae with optical imagery, following 

previous research. 

2.4.1 Imagery Acquisition 

One of the first steps in remote sensing-based mapping projects is imagery acquisition. The 

optimal sensor to employ depends on the relationship between the spectral, spatial, and temporal 

characteristics of the target species and the sensor. Aerial cameras (Donnellan & Foster, 1999; 

Fyfe et al., 1999; Hu, Feng, Hardy, & Hochberg, 2015; Nezlin, Kamer, & Stein, 2007), airborne 

hyperspectral (Hu et al., 2015; Stekoll et al., 2006) and multispectral imaging systems (Stekoll et 

al., 2006), space-borne multispectral sensors (Casal et al., 2011; Cavanaugh et al., 2010; Garcia, 

Fearns, Keesing, & Liu, 2013; Jim Gower & King, 2008; Hu, 2009; Kim et al., 2010), and more 

recently, unmanned aerial vehicles (Duffy, Pratt, Anderson, Land, & Shutler, 2018; Nahirnick et 

al., 2019) have been used in macro algae detection. Along with choosing an appropriate sensor, 

timing of imagery acquisition is crucial for successful mapping of macro algae. While some 

macro algae, such as pelagic Sargassum and Ulva, float freely on the surface and are therefore 

not affected by tidal height, other macro algae, such as bull kelp, is most exposed during low tide 

and weak currents, thus defining optimal conditions for imagery acquisition. Furthermore, cloud 
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cover, water roughness, sun angle, and water column constituents also affect the visibility of 

macro algae. Rough waters, such as those with breaking waves, can obscure the reflectance of 

the underlying kelp. Waves and ripples alter the angle between incoming solar radiation and the 

surface of the water, causing glint, which results in high reflectance across visible and NIR 

wavelengths and may obscure kelp (Hedley, Harborne, & Mumby, 2005). In practice, it is 

difficult to time surveys and conditions perfectly; consequently, data are often acquired under 

sub-optimal circumstances (Casal et al., 2011; Kay, Hedley, & Lavender, 2009). 

Aerial Sensors 

Aerial imagery utilizes sensors fixed on aircraft to collect overlapping images covering the study 

area. Images are then used to create orthophotos for delineating kelp beds and deriving products.  

RGB cameras, near infrared, or hyperspectral sensors may be used depending on the objectives 

of the project. Near infrared (NIR) aerial imagery has been used since the 1930s for mapping 

kelp resources, for instance, in California for monitoring giant kelp (Deysher, 1993; North, 

James, & Jones, 1993), in British Columbia to inventory kelp resources (Foreman, 1975; 

Sutherland et al., 2008), and in Washington State to map kelp aerial extent, species, and density 

(Pfister et al., 2018; Van Wagenen, 2015). Beyond NIR imagery, airborne hyperspectral imagers 

such as AVIRIS, CASI, AISA, and PRISM collect spectral information in very narrow bands 

over many wavelengths, and provide both high spatial and spectral resolutions, which is 

beneficial in discriminating between similar species (Dierssen et al., 2015; O’Neill & Costa, 

2013). A major benefit of aerial sensors on aircraft is the control of survey timing, temporal, and 

spatial resolutions so that data acquisition can be optimized, however the costs can be high (R. J. 

Anderson, Rand, Rothman, Share, & Bolton, 2007). There are private companies that can be 

contracted to fly and collect images, some of which may process the data into orthophotos for 

use in classification. 

Unmanned Aerial Vehicles (UAV) 

The use of unmanned aerial vehicles or drones is becoming increasingly common for all types of 

habitat mapping (Duffy et al., 2018; Hardin & Jensen, 2011; Kislik, Dronova, & Kelly, 2018; 

Murfitt et al., 2017; Nahirnick et al., 2019). This method is the most flexible in terms of 

controlling for environmental variables and flight times; however, it is limited to small areas of 

spatial coverage. Depending on the altitude of data collection, imagery resolution can be 
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extremely high (<1cm) (Murfitt et al., 2017), allowing visual counts of individual plants and 

discrimination of species (Murfitt et al., 2017; Nahirnick et al., 2019). Site-specific studies 

aiming to estimate parameters such as kelp biomass may be well served by this method. Costs 

will include the purchase of an appropriate UAV able to carry the sensor of choice (RGB 

cameras such as a GoPro® or higher-end NIR, multispectral and hyperspectral) and GPS; further 

requirements are related to country-dependent license and air space limitations. Alternatively, 

several UAV-based contracting companies are available. In order to accurately process the 

images, users will need access to appropriate software to create orthomosaics and georeference 

the images for use in classification (see Kislik et al., 2018). 

Satellite Sensors 

Spaceborne multispectral imagers are a feasible choice for detecting floating macro algae due to 

their relatively low cost, high spatial coverage, and available archived data. The various satellite 

sensors used in previous research (Table 6 and 7) have differing specifications, and therefore 

different applications for macro algae detection. Coarse spatial resolution imagery from MODIS 

(250-1000 m) has been used to create indices for large floating macro algae blooms such as 

Sargassum and Ulva in the open ocean  (Cui et al., 2012; Garcia et al., 2013; J Gower et al., 

2006; Jim Gower & King, 2008; Hu, 2009; Hu et al., 2015; Keesing et al., 2011; Shi & Wang, 

2009). Medium spatial resolution data from sensors such as Landsat (30m) and SPOT (6m) have 

been used for detecting giant kelp (Bell, Cavanaugh, & Siegel, 2015; Casal et al., 2011; 

Cavanaugh et al., 2010, 2011; Deysher, 1993). On the other hand, mapping of nearshore, 

fringing bull kelp beds requires sensors with meter to sub-meter spatial resolution, such as the 

QuickBird and WorldView series. Hyperspectral sensors are being planned for the future, and 

will provide high spectral resolution imagery, which may be necessary to differentiate among 

species, but have coarser spatial (60 m) and temporal resolutions (Bell, Cavanaugh, & Siegel, 

2015). A proof of concept was the HICO sensor onboard the International Space Station, which 

has proven to be effective for differentiating Sargassum from garbage, oil, and other algae (Hu et 

al., 2015). 

There are various procedures for acquiring satellite imagery depending on whether it is freely 

available or provided by proprietary satellites. Free imagery, such as the Landsat series and 

Sentinel, can be downloaded from the United States Geological Survey (USGS) and European 

Space Agency (ESA) (https://earthexplorer.usgs.gov/, https://scihub.copernicus.eu/dhus/). Several 

https://earthexplorer.usgs.gov/
https://scihub.copernicus.eu/dhus/
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generations of Landsat satellites have been in operation from 1972 to the present. Older sensors 

had lower spatial resolution and differing spectral bands, however, the data is a valuable resource 

and has been utilized by numerous macro algal studies to understand drivers of change over long 

periods (R. J. Anderson et al., 2007; Bell, Reed, Nelson, & Siegel, 2018; Nijland et al., 2019). 

MODIS and MERIS are also freely available; images cover large areas (185-100km) but with 

coarse spatial resolution (≥250m). Higher spatial resolution satellites such as the WorldView 

Series, GeoEye, and QuickBird are proprietary, and imagery can be bought from archived 

databases or tasked for a specific time and location. The cost of a tasked mission is typically a 

few thousand dollars ($27-45 USD per km2) as there is a minimum order size required.  

2.4.2 Ground-truthing Data 

For floating macro algae studies, field observations are required to validate remote sensing 

classifications (Richards & Congalton, 2001), to train supervised classifications (Casal et al., 

2011), and to inform product creation such as biomass estimates (Cavanaugh et al., 2010; Stekoll 

et al., 2006). Ground-truth surveys of kelp are often undertaken by boat, and may involve using 

divers if biological parameters such as lengths and weights are needed (Stekoll et al., 2006). 

Basic requirements for ground-truth data are an accurate record of where kelp is located in at 

least a subset of the area to be imaged. Additional data collected can help with understanding 

variability within a scene and may include: other species present; physical conditions such as 

wind speed, surface conditions, tide height, depth of kelp, Secchi depth, or water turbidity; and 

bed density estimates. More detailed data such as individual plant location, length, and wet/dry 

weights may also be recorded if products such as biomass are being derived from imagery. For 

biomass estimates, the location and number of sampling sites may also have an effect on results. 

For instance, plots placed in the center of beds may be more representative of site-wide biomass 

than those at the edges (Cavanaugh et al., 2010). A key consideration for field surveying is to 

acquire field data concurrently with imagery acquisition. However, it is often difficult to achieve 

simultaneous collection, so the time between acquisitions should be minimized and considered 

during image processing and interpretation (McCoy, 2005). 

Although collecting field data is important for training and for validating a model for 

classification, it is not always feasible due to inaccessibility of a study area or when using 

historical imagery. Alternatively, some studies use data from historical maps, classified aerial 
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photography, and algae harvesting records (Casal et al., 2011; Cavanaugh et al., 2010; Deysher, 

1993; Donnellan & Foster, 1999). In some cases, such as the pelagic Sargassum survey by 

Marmorino et al., (2011) alternatives for field data were not available and accuracy assessment 

was omitted. Similarly, several studies of the Ulva bloom in the Yellow Sea proceeded without 

field data (Keesing et al., 2011; Ma et al., 2009), however, local knowledge was used as the 

bloom was observed by many vessels during the 2008 Olympic sailing preparations. For the 

same bloom, another study (Cui et al., 2012) compared satellite-estimated drifting velocity to 

modelled surface currents as a validation technique in the absence of formal field observations. 

In all instances, when field data are omitted or substituted, results should be interpreted with 

caution due to increased uncertainty. 

Table 1. Remote sensing of floating macro algae studies relevant to the detection of bull kelp. Note that 

this table is not a comprehensive list of all studies, but presents a sample of relevant techniques from the 

literature.  

Species Sensor(s) Image Processing Classification Study 
Ecklonia 

maxima, 

Laminaria 

pallida 

Colour infrared 

aerial photography, 

Landsat 7, Landsat 

5 

Bispectral and principal 

component (PC) analysis  

Spectral Angle 

Mapper, supervised 

classification 

(Anderson et 

al., 2007) 

Macrocysti

s pyrifera 

HyspIRI, Landsat 

5, AVIRIS 

MESMA: multiple 

endmember spectral mixing 

analysis 

MESMA threshold (Bell et al., 

2015b) 

Laminarial

es spp.  

SPOT 4 Histogram equalization, band 

ratios 

Supervised angular, 

unsupervised cluster, 

visual 

(Casal et al., 

2011) 

Macrocysti

s pyrifera 

SPOT 5 NDVI, PC analysis NDVI threshold  (Cavanaugh 

et al., 2010) 

Macrocysti

s pyrifera 

Landsat 5 MESMA MESMA threshold (Cavanaugh 

et al., 2011) 

Macrocysti

s pyrifera 

SPOT 1, 2 NIR:RED ratio Density thresholds (Augenstein 

et al., 1991) 

Enteromor

pha 

prolifera 

HJ-1 A/B, ASAR, 

MODIS 

NDVI backscattering 

interpretation 

NDVI threshold (Cui et al., 

2012) 

Macrocysti

s pyrifera 

SPOT 1, ADAR Histogram normalization, 

contrast enhancement, band 

ratios 

Unsupervised cluster, 

CLUST analysis 

(Deysher, 

1993) 

Macrocysti

s pyrifera 

Colour infrared 

aerial photography 

N/A Visual interpretation (Donnellan 

and Foster, 

1999) 

Sargassum 

spp., 

Syringodiu

m filiform 

PRISM Spectral resampling, NDVI Custom stepwise 

classification 

(Dierssen et 

al., 2015) 
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Zostera 

noltii 

Colour aerial 

photography 

(UAV) 

RGB and texture of green 

band 

Unsupervised and 

OBIA 

(Duffy et al., 

2018) 

Macrocysti

s pyrifera 

Colour aerial 

photography 

N/A Unsupervised 

classification 

(Fyfe et al., 

1999) 

Enteromor

pha 

prolifera 

MODIS Modified SAI on NDVI SAI threshold (Garcia et 

al., 2013) 

Sargassum 

spp. 

MERIS, MODIS MCI, FLH Visual interpretation  (Gower et 

al., 2006) 

Enteromor

pha 

prolifera 

MODIS, Landsat FAI FAI threshold (Hu, 2009)  

Sargassum 

spp. 

MODIS, Landsat, 

WorldView-2, 

HICO, AVIRIS, 

airborne digital 

photos 

FAI, NDVI, MCI, SI, LD Stepwise classification 

including index 

thresholds 

(Hu et al., 

2015) 

Macrocysti

s pyrifera 

Landsat, colour 

infrared aerial 

photography, radar 

Near Infrared Band Supervised 

Classification  

(Jensen et 

al., 1980) 

Enteromor

pha 

prolifera 

MODIS SAI: scaled algae index SAI threshold (Keesing et 

al., 2011) 

Macrocysti

s pyrifera 

QuickBird NDVI, panchromatic band  Brightness threshold (Kim et  

al., 2010) 

Enteromor

pha 

prolifera 

MODIS Ratio bands 1 and 2, analysis 

of chlorophyll-a product 

Index threshold (Ma et al., 

2009) 

Sargassum 

spp. 

CASI, thermal 

infrared imagery 

Spectral and thermal 

interpretation, red-edge 

calculation 

Red-edge threshold  (Marmorino 

et al., 2011) 

Macrocysti

s pyrifera, 

Nereocystis 

luetkeana 

Colour infrared 

aerial photography  

Near infrared reflectance, 

contrast enhancement 

Visual interpretation (Pfister et 

al., 2017) 

Enteromor

pha 

prolifera 

MODIS NDAI (normalized difference 

algae index) 

NDAI threshold (Shi and 

Wang, 2009) 

Nereocystis 

luetkeana, 

Alaria 

fistulosa 

Colour infrared 

aerial photography 

Log transformed, normalized 

difference using blue and 

NIR bands 

ISODATA 

unsupervised 

classification  

(Stekoll et 

al., 2006) 

Laminaria 

digitata, 

Saccharina 

latissima 

Custom airborne 

hyperspectral 

imager 

N/A Bayesian supervised 

classification, 

differential histogram 

equalization 

(Volent et 

al., 2007) 
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Table 2. Remote sensors used for floating macro algae detection 

Sensor 

Spatial 

Resolution (m) 

Spectral 

Range 

(nm) 

Number 

of Bands Swath 

Revisit 

Time 

 

 

Cost 

Satellite Sensors  

Landsat 8 15 panchromatic, 

30 multispectral, 

100 thermal 

430 - 

12510 

11 185 km 16 days Free 

Landsat 7  15 panchromatic, 

30 multispectral, 

60 thermal 

450 - 

12500 

8 185 km  16 days Free 

Landsat-5 

(TM) 

30 multispectral, 

120 thermal 

450 -

12500 

7 185 km  16 days Free 

SPOT-5 2.5 panchromatic,  

10 multispectral,  

20 SWIR 

480 - 1750 5 60 km 2 - 3 days $ 

SPOT-6/7 1.5 panchromatic, 

 6 multispectral 

455 - 890 5 60 km 1 - 3 days $ 

Sentinel 2 10, 20 60 

 

490 - 1375 13 290km 5 days Free 

WorldView-

2 

0.46 

panchromatic, 

1.84 multispectral  

400 - 1040 9 16.4 km 1 - 3 days $ 

MODIS 250, 500, 1000 405 - 

14385 

36 2330 km 1 - 2 days Free 

MERIS 300 390 - 1040 15 1150 km 3 days Free 

QuickBird 0.65 

panchromatic, 

2.62 multispectral  

445 - 900 5 16.8 km, 18 

km 

1 - 3.5 days $ 

HICO* 90  350 - 1080 128 45 km Irregular $ 

HJ-1 A/B  30  430 - 900 4 360 2 days $ 

Airborne Sensors  

AVIRIS Altitude 

dependent 

400 - 2500 224 Altitude 

dependent 

N/A $ 

ADAR Altitude 

dependent 

400 - 1000 4 Altitude 

dependent 

N/A $ 

CASI Altitude 

dependent 

380 - 1050 

 

288 Altitude 

dependent 

N/A $ 

DMSC Altitude 

dependent 

Varied Varied Altitude 

dependent 

N/A $ 

PRISM  Altitude 

dependent 

350 - 1050 > 200 Altitude 

dependent 

N/A $ 

2.4.3 Image Processing  

Image processing generally consists of preprocessing, processing, classification, validation, and a 

generated product. Several software programs are available for imagery processing, including 

ENVI, PCI Geomatica, ERDAS imagine, eCognition, for spatial data ArcGIS, open source free 
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software packages are also available: QGIS, GRASS, ILWIS, SNAP, and Google’s Earth 

Engine. 

Preprocessing 

Image preprocessing is the correction of systematic errors and calibration of remotely sensed 

imagery to produce consistent and comparable data (Schowengerdt, 2012). For macro algae 

detection, preprocessing steps may differ slightly among studies, but generally include 

geometric, radiometric, atmospheric correction (for satellite images), and masking of land. These 

steps are fundamental principals in remote sensing techniques, and thorough descriptions can be 

found in texts such as Jensen’s Introductory Remote Sensing (Jensen, 2005).   

Processing 

After images have been corrected and masked, information can be extracted with various 

processing methods. For macro algae detection, common techniques are development of indices, 

band ratios, and principal component analysis.  

Indices and Band Ratios 

Band ratios and spectral indices (Table 3) aid in macro algae detection by enhancing the 

differences in spectral responses (Dierssen et al., 2015). The normalized difference vegetation 

index (NDVI), developed for terrestrial vegetation, is also used for macro algae detection due to 

the spectral similarities between algae and vegetation. NDVI emphasizes the “red-edge” in 

vegetation and macro algae, and reduces environmental influences (Rouse, Haas, Schell, & 

Deering, 1974). This index has been used for detection of Enteromorpha blooms in the Yellow 

Sea (Cui et al., 2012), floating Sargassum (Dierssen et al., 2015), and Macrocystis biomass 

(Cavanaugh et al., 2010). Despite the success of NDVI in the aforementioned studies, this index 

is limited due to its sensitivity to atmospheric effects that can vary throughout the field-of-view 

(Garcia et al., 2013; Shi & Wang, 2009). Several studies have proposed modified indices to 

improve upon this limitation (Garcia et al., 2013; Hu, 2009; Huete, Justice, & Van Leeuwen, 

1999; Shi & Wang, 2009). Building on indices developed to reduce atmospheric effects and 

improve the signal from high biomass terrestrial vegetation, Hu, (2009) developed the Floating 

Algae Index (FAI) (Table 3) to detect floating algae with MODIS and Landsat imagery, and 

found it less sensitive to changes in conditions such as aerosol type, sun glint, and solar geometry 

compared to other indices.  
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Similarly, the Normalized Difference Algae Index (NDAI) was developed to detect 

Enteromorpha (Shi & Wang, 2009). NDAI takes into account the NIR and Red reflectance, 

while also accounting for atmospheric effects by including the influence of Rayleigh scattering. 

Although FAI and NDAI succeeded in detecting floating macro algae, their use is limited to 

situations where the effect of Rayleigh scattering can be identified and corrected. To improve 

upon this limitation, the Scaled Algae Index (SAI) was developed to detect Ulva (Keesing et al., 

2011). SAI uses a kernel filter to remove a localized background signal that includes turbidity, 

sun-glint, and atmospheric variation from each pixel, resulting in non-algae pixels having near-

zero values, and algae pixels having high contrast with their surroundings.  

The FAI, NDAI, and SAI were developed to mitigate the effects of atmospheric and 

environmental variation throughout large study areas. As such, these indices are especially suited 

for large-scale studies that target macro algae covering areas in the hundreds of meters, capable 

of being detected with medium to coarse spatial resolution imagery such as MODIS.  Due to the 

growth patterns of bull kelp, which limit its distribution to relatively small areas close to the 

coastline, atmospheric differences throughout the study area are not as significant as those in the 

large, open-ocean areas typical of MODIS imagery. However, coastal areas may experience 

large spatial variations in turbidity, which may be reduced using the SAI index derived from 

high-resolution imagery, and modifications of FAI and NDAI using alternative bands on high-

resolution sensors may be useful for detecting bull kelp.  

Depending on the characteristics of the survey area, indices created for other applications have 

been useful for detecting floating macro algae. Casal et al. (2011) experimented with multiple 

band ratio combinations to detect submerged kelp using a band ratio of Red over Green. 

Augenstein et al. (1991) used a simple ratio of NIR over Red, and Deysher (1993) used NIR over 

Green band to detect Macrocystis. Depending on the site conditions and band availability of the 

sensor used, substitutions of bands from established indices may produce better results such as in 

Stekoll et al. (2006) using the Blue band instead of the Red band in the NDVI to detect 

Nereocystis and Alaria. 
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Table 3. Indices used for enhancing detection of floating Macro Algae where R = reflectance, SWIR, 

NIR, Red, Green, Blue indicate the bands from the sensors being used. For full variable definitions, refer 

to the literature cited. 

Index Equation Species Use 
Limitatio

ns 
Study 

NDVI: 

Normalized 

Difference 

Vegetation 

Index 

𝑁𝐷𝑉𝐼 =
𝑅𝑁𝐼𝑅 − 𝑅𝑅𝐸𝐷

𝑅𝑁𝐼𝑅 + 𝑅𝑅𝐸𝐷

 

Enteromorp

ha prolifera, 

Sargassum, 

Macrocystis 

Emphasize 

red edge 

Sensitive to 

atmospheric 

variation in 

scene 

(Cavanaugh et 

al., 2010; Cui et 

al., 2012; 

Dierssen et al., 

2015) 

 

FAI: 

Floating 

Algae Index 

𝐹𝐴𝐼 = 𝑅𝑟𝑐,𝑁𝐼𝑅 − 𝑅′
𝑟𝑐,𝑁𝐼𝑅 

𝑅′𝑟𝑐,𝑁𝐼𝑅 =  𝑅𝑟𝑐,𝑅𝐸𝐷 + (𝑅𝑟𝑐,𝑆𝑊𝐼𝑅

− 𝑅𝑟𝑐,𝑅𝐸𝐷) × (𝑁𝐼𝑅

− 𝑅𝐸𝐷)/(𝑆𝑊𝐼𝑅

− 𝑅𝐸𝐷) 

 

Sargassum Detect 

floating 

algae with 

MODIS and 

Landsat 

Limited 

to sensors 

with 

certain 

bands 

(Hu, 2009) 

NDAI: 

Normalized 

Difference 

Algae Index 
𝑁𝐷𝐴𝐼

=
[𝑅𝑁𝐼𝑅 − 𝑅𝑎𝑦𝑙𝑒𝑖𝑔ℎ𝑁𝐼𝑅] − [𝑅𝑅𝐸𝐷 − 𝑅𝑎𝑦𝑙𝑒𝑖𝑔ℎ𝑅𝐸𝐷]

[𝑅𝑁𝐼𝑅 − 𝑅𝑎𝑦𝑙𝑒𝑖𝑔ℎ𝑁𝐼𝑅] + [𝑅𝑅𝐸𝐷 − 𝑅𝑎𝑦𝑙𝑒𝑖𝑔ℎ𝑅𝐸𝐷]
 

Entermorph

a prolifera 

Similar to 

NDVI also 

takes 

influence 

Rayleigh 

scattering 

into account 

Need 

SWIR 

bands at 

1240nm 

and 

2130nm 

(Shi and Wang, 

2009) 

SAI: 

Scaled 

Algae Index 

𝑆𝐴𝐼 = 𝑁𝐷𝑉𝐼𝑃𝑂𝐼 −  𝑚𝑒𝑑𝑖𝑎𝑛𝑁𝐷𝑉𝐼𝑘𝑒𝑟𝑛𝑒𝑙 

Ulva 

prolifera 

Removes 

background 

signal from 

turbidity, 

sun-glint, 

and 

atmospheric 

effects 

Sensitive 

to the size 

of the 

processin

g kernel 

(Keesing et al., 

2011) 

GNDVI: 

Green 

Difference 

Vegetation 

Index 

𝐺𝑁𝐷𝑉𝐼 =
𝑅𝑁𝐼𝑅 − 𝑅𝐺𝑅𝐸𝐸𝑁

𝑅𝑁𝐼𝑅 + 𝑅𝐺𝑅𝐸𝐸𝑁

 

Cyanobacter

ia Bloom 

Uses green 

band instead 

of red for 

NDVI. 

Sensitive to 

chlorophyll 

variation 

Best 

suited for 

“green” 

vegetatio

n 

(Goldberg et al., 

2016) 

EVI- 

Enhanced 

vegetation 

index 

𝐸𝑉𝐼
= 𝐺𝑎𝑖𝑛 𝐹𝑎𝑐𝑡𝑜𝑟 

×  
(𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 𝐶1 ×  𝑅𝑒𝑑 − 𝐶2 𝑥 𝐵𝑙𝑢𝑒 + 𝐿)
 

Ulva Sensitive to 

canopy 

variations 

More 

sensitive 

to green 

algae 

(Son et al., 2012) 

MCI- 

Maximum 

Chlorophyll 

Index 𝑀𝐶𝐼 = 𝑅𝑟𝑐709 − 𝑅𝑟𝑐681 − (𝑅𝑟𝑐754

− 𝑅𝑟𝑐681)(709
− 681)/(754 − 681) 

Sargassum Measures 

red-edge 

reflectance 

of water 

column 

chlorophyll 

and floating 

vegetation 

Designed 

for 

MERIS 

(Gower et al., 

2006; Hu et al., 

2015) 

Simple 

Ratio: 

NIR/Blue 

𝑆𝑅 =  
𝑅𝑁𝐼𝑅

𝑅𝐵𝐿𝑈𝐸

 
Nereocystis 

luetkeana, 

Alaria 

Detect 

floating 

Unable to 

distinguis

(Stekoll et al., 

2006) 
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Principal Component Analysis 

Principal component analysis (PCA) is a statistical technique used to reduce variance and 

dimensionality of a data set by transforming image bands into a set of uncorrelated output 

products, each composed of a combination of the original bands. The first principal component 

(PC1) represents the maximum proportion of variance from the data, and each subsequent PC 

represents the maximum of the remaining variance. This allows patterns in the data to be 

identified by accentuating similarities and differences (Gupta, Reet, Saini, & Srivastava, 

2013).  For the purpose of macro algae detection, PCA is beneficial for reducing spectral noise, 

and increasing separability between macro algae and its surroundings, which ultimately aids in 

image classification. Cavanaugh et al. (2010) found useful information in the different principal 

components of SPOT 5 imagery: the PC1 accounted for variations in atmosphere, suspended 

particles, whitecaps, and waves, and PC2 showed a signal that was inversely consistent with the 

expected kelp reflectance and could be used to delineate the canopy.  

2.4.4 Classification 

Classification of image data results in a spatial representation of kelp aerial extent, which can 

then be used to derive products such as biomass, productivity or temporal change, or persistence 

trends. There are several methods of classification that have been applied in previous research: 

supervised and unsupervised classification algorithms, thresholds, object-oriented segmentation, 

spectral un-mixing, and manual visual classification. Finally, the results of a classification may 

need to be adjusted to remove errors caused by speckling or noise. The final classification results 

are validated using ground-truth-based accuracy assessments.  

Supervised Classification 

Supervised classification uses ground-truth data provided by the user to train a classifier 

according to the classes of interest. This method is best used when the user has high quality field 

data and wishes to classify several cover types. Various supervised classification techniques have 

laminaria 

biomass 

h between 

species 

Simple ratio: 

Red/Green 
𝑆𝑅 =

𝑅𝑅𝐸𝐷

𝑅𝐺𝑅𝐸𝐸𝑁

 
Submerged 

laminaria 

species 

Enhances 

submerged 

vegetation 

Less 

effective 

for 

canopy 

detection 

(Casal et al., 2011) 
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been used in macro algae studies, including Spectral Angle Mapper (SAM) and maximum 

likelihood. The SAM method groups pixels into classes based on the angle in spectral space 

between the value of a given pixel and the class spectra (R. J. Anderson et al., 2007). The 

maximum likelihood classification calculates the probability that a given pixel belongs to a class 

previously characterized with training data, with the assumption that each class is normally 

distributed (Casal et al., 2011; Hogland, Billor, & Anderson, 2017). Minimum distance 

classification is similar to maximum likelihood except that it allows for the use of classes that are 

not normally distributed (Richards, 2013). 

Image Threshold  

Using image thresholds is a simple technique where threshold values are defined based on the 

separability of the features of interest. For example, a threshold value from an original band, PC 

product, or index is applied to the image, resulting in a binary product wherein each pixel is 

identified as either above or below that value. The threshold value may be determined through 

defining the value that produces the best output, as compared to validation data or visual 

interpretation of the satellite image (Cui et al., 2012; Kim et al., 2010), based on sensitivity 

analysis (Garcia et al., 2013) or spatial gradient analysis (Hu, 2009). A basic threshold will 

produce a binary product of either “kelp” or “not kelp.” 

Threshold-based approaches may also consider a stepwise or decision tree procedure that can 

identify floating macro algae by ruling out other spectral features (Hu et al., 2015). For example, 

to discriminate Sargassum from floating seagrass wrack, Dierssen et al. (2015) applied a 

stepwise rule with multiple index/band thresholds to first isolate pixels containing floating 

vegetation (“vegetation” or “not vegetation”), and then applied a second index threshold to the 

vegetation class to differentiate between Sargassum and seagrass. In any threshold approach, a 

major challenge is threshold variability throughout the image, which can sometimes be dealt with 

by scaling image pixels using a kernal-based approach and then applying a global threshold 

(Garcia et al., 2013). 

Spectral Un-mixing 

Due to limitations in spatial resolution of images acquired by satellite and the small size of some 

floating macro algae beds, pixel reflectance may represent a mixture of signals composed of the 

target algae and the surrounding seawater. For example, in a binary classification of floating 
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macro algae, a mixed pixel would be classified as either algae or water, and therefore inaccuracy 

in canopy extent and biomass estimations may occur. Cavanaugh et al. (2011) and Bell et al. 

(2015b) used Multiple Endmember Spectral Mixture Analysis (MESMA) to address this problem 

by modelling each pixel in a Landsat image as a linear combination of giant kelp and seawater 

using one kelp pixel and multiple representative water pixels. MESMA was then used to 

determine the percent of kelp in each pixel. Uhl et al., (2013) used hyperspectral data to 

determine whether various species of macro algae could be detected within a mixed pixel and 

found that, while species level un-mixing was not possible due to the similarities in reflectance, 

higher taxonomic levels could be distinguished. For bull kelp detection, spectral un-mixing 

approaches may be especially advantageous given the small size of the kelp beds compared to 

the spatial resolution of available satellite imagery.   

Object Based Image Analysis 

Object Based Image Analysis (OBIA) is a method of classification in which pixels are first 

grouped into image objects (Blaschke, 2010). This technique is especially useful in conditions 

where the spatial resolution of an image is very high compared to the scale of the target of 

interest, such as in aerial, UAV, or high resolution satellite images (Blaschke, 2010; Nahirnick et 

al., 2019). Instead of classifying images on a pixel-by-pixel basis, image objects are created from 

groups of adjacent pixels based on information from spectral bands and contextual information, 

such as shape, scale, and compactness. This method can also include other spatial information, 

such as benthic substrate or bathymetry. Each object can be composed of pixels with similar 

digital values and is thus spectrally more homogeneous within the object than between neighbors 

(Yu et al., 2006). After segmentation, objects are classified according to a combination of 

various object features, such as mean, median, standard deviation, dissimilarity, homogeneity, 

texture, or spatial relationship to other objects  (Blaschke, 2010; Yu et al., 2006). 

Visual Interpretation 

Visual interpretation techniques can be applied to any type of imagery (Donnellan & Foster, 

1999), including images produced from transformed bands or indices (Casal et al., 2011). This 

method relies on a user to visually define and delineate the boundaries of kelp beds. While visual 

interpretation benefits from its simplicity, it is subjective and may therefore introduce error. 



24 
 

Furthermore, as a non-automated process, it may be more time-consuming and less repeatable 

than other classification techniques (Pfister et al., 2018).  

Unsupervised Classification 

Unsupervised classification algorithms do not require ground-truth information for training. A 

commonly used algorithm, cluster analysis, groups pixels into classes based on their spectral 

similarities, and then assigns all possible pixels to the nearest class (Tou & Gonzalez, 1974). A 

key consideration is the number of classes selected as an output, which will depend on the 

amount of variability in a survey area, where masked images with mostly kelp and water will 

need fewer classes than an area with other features such as rocks, boats, docks, etc. A small 

number of classes may group kelp with other spectrally similar features in the image, while a 

large number of classes may divide kelp into several clusters due to differences in density. 

Clustering algorithms have been effectively used for kelp classification of both aerial (Deysher, 

1993) and satellite imagery (Casal et al., 2011) 

Classification Adjustment 

Often, the outputs from classifications contain errors caused by digital noise in the image, or 

classified artifacts that may need to be removed. For example, Cavanaugh et al. (2010) applied a 

filter wherein single isolated kelp pixels were assumed to be incorrect and reclassified as water. 

The applicability of this technique depends on the spatial resolution of the sensor and the size of 

the kelp beds, where errors in classifying small kelp beds will be more difficult to determine.  

2.4.5 Validation and Accuracy Assessment 

To evaluate the extent of errors associated with the classification step, an estimate of the overall 

accuracy is usually necessary, allowing the classification products to be used in decision-making 

processes (Richards & Congalton, 2001).  In order to assess accuracy, ground-truth data must 

exist, which ideally should be collected at the same time as image acquisition. When data are not 

collected at the same time as image acquisition, close attention must be paid to differences in tide 

height, current, and season, as these factors can have major impacts on the mapped extent of 

macro algae (Britton-Simmons, Eckman, & Duggins, 2008).  

The accuracy of a classification is generally reported in terms of Producers accuracy (errors of 

commission) and Users accuracy (errors of omission). These errors are defined based on 

comparison between classification outputs and validation data (i.e., ground-truth) and creating a 
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standard error matrix to report omission and commission errors (Congalton, 1991). The total 

accuracy is also commonly reported, and is found by dividing the total number of correctly 

classified pixels by the total number of pixels considered.  A poor outcome from an error matrix 

may induce reiteration through the classification steps until a satisfactory outcome is achieved, if 

possible. 

2.4.6 Products 

The goals of a monitoring project may include kelp detection (presence/absence), quantification 

of the spatial extent of beds, change detection, or deriving biological parameters such as 

biomass, productivity, and physiological condition.  Basic kelp detection products can be used 

for temporal analysis or for biomass estimates. For detecting temporal trends, multiple 

classification products derived from images collected at different times are used; however, care 

must be taken concerning differences in image quality and conditions at the time of imagery 

acquisition that may affect the accuracy of kelp classification between time periods. Differences 

in tide, water surface, and water column characteristics may create error in the classified extent 

of kelp that is not due to the full kelp extent (Britton-Simmons et al., 2008). To overcome some 

of these differences, images should be normalized when possible. 

Monitoring initiatives that require biomass estimates can give more detailed insight into kelp 

forest productivity and response to environmental change (Bell, Cavanaugh, Reed, et al., 2015).  

To calculate biomass from imagery, physical data such as plant densities, lengths, and weights 

need to be collected at an appropriate scale (Cavanaugh et al., 2010). This information is then 

related to image derived indices such as NDVI values (Cavanaugh et al., 2010) or kelp fraction 

(Bell, Cavanaugh, & Siegel, 2015) through linear regression. Total or surface kelp biomass can 

then be calculated from the classified kelp area (Bell, Cavanaugh, Reed, et al., 2015; Cavanaugh 

et al., 2010; Stekoll et al., 2006). In California, biomass of giant kelp beds was derived from 

Landsat imagery using the MESMA method discussed above, where the percent cover of kelp in 

each 30m pixel was related to diver estimates of kelp density using a linear regression (Reed et 

al., 2011).  Other measures such as sub-bulb diameter of bull kelp have been used to estimate 

plant weight, enabling a simpler method of field data collection for use in derived biomass 

estimates (Stekoll et al., 2006).   
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2.5 Case Study: Remote Sensing of Bull Kelp in the Salish Sea 

This section presents a case study in which methods adapted from the macro algae studies 

discussed in sections 2 and 3 are adopted for mapping fringing beds of bull kelp in nearshore 

regions of the Salish Sea on the west coast of Canada. 

2.5.1 Study Site 

The study site covers approximately 100 km2 in Cowichan Bay and Sansum Narrows in the 

Salish Sea, on the west coast of Canada (Figure 4). In this region, bull kelp is the dominant 

canopy forming algae often growing in narrow fringing beds along steep rocky shorelines, at 

depths between 0-20m (Mumford, 2007). Most growth occurs between April and early 

September, depending on water and light conditions (Mumford, 2007; Springer et al., 2007). 

Canopies may be maintained until fall or early winter depending on the sea and temperature 

conditions (Springer et al., 2007). 

 

 
Figure 4. Left: Regional context of study area (black box) Cowichan Bay 

and Sansum Narrows on the east coast of Vancouver Island, British 

Columbia, Canada. Right: extent of study area, covering Cowichan Bay and 

Sansum Narrows. 
 

2.5.2 Methods 

Step 1: Imagery acquisition and ground-truthing 

A WorldView 3 satellite image covering approximately 100 km2 with four multispectral bands 

(480, 545, 660, 832nm) and 1.8 m spatial resolution was planned for acquisition by DigitalGlobe 

on August 30th, 2016. Conditions required for successful collection were: tide height lower than 

1.2 m MLLW, specified by the ground-truth methods as the tide height where the majority of the 
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kelp canopy should be visible at the surface; sensor angle less than 15 degrees off nadir; minimal 

cloud cover (< 5% over shoreline); and low wind conditions (< 10m/s).  

At the same time that image collection occurred, ground-truthing of kelp extent over a subset of 

the area was conducted using kayak and handheld GPS methods following Fretwell and 

Boyer(2010). Three teams of two person crews started from different locations and paddled 

kayaks along the shoreline for one hour before, during, and one hour after the low slack tide of 

1.1m MLLW. Kelp location was recorded by handheld GPS (Garmin 64s) as either a point 

(single bulb, or several bulbs in close proximity <1m2), line (continuous kelp less than 5m wide), 

or polygon (continuous kelp more than 5m wide). Beds were considered distinct if there was a 

distance greater than 8m between kelp plants. All data was digitized in ArcGIS into shapefiles 

for use as training and validation data. 

Step 2: Pre-processing 

Initially, the acquired image was georectified in BC Albers NAD 83 with ArcGIS 10.5 using 30 

ground control points, producing a final average root mean square error (RMSE) of 0.28m.  

Next, the raw digital numbers were converted to at-satellite radiance (𝐿 in units of µW/cm-2 sr-1 

nm-1 equation 1), and an absolute atmospheric correction was applied using the FLAASH® (Fast 

Line of Sight using Hypercubes) tool in ENVI (Matthew et al., 2000). 

 

𝐿𝜆 = 𝐺𝑎𝑖𝑛 ∗ 𝑃𝑖𝑥𝑒𝑙 𝑣𝑎𝑙𝑢𝑒 + 𝑂𝑓𝑓𝑠𝑒𝑡   (1) 

 

A land mask was created using object-based segmentation with Definiens eCognition to allow 

for separation of land from water; the NIR, Red, and Green bands were used as inputs, and 

spectral characteristics were given greater weight than spatial characteristics for defining objects. 

This method resulted in a more accurate definition of the coastline than the use of published 

coastline shapefiles, which do not reflect the tide level occurring at the time of image acquisition. 

A 4-metre buffer was added to the defined land mask to account for occurrence of nearshore 

vegetation such as Fucus and Ulva, as well as removal of adjacency effects and pixel mixing 

caused by the proximity of terrestrial vegetation to the shoreline. While this method produces a 

reliable mask of the exact shoreline location, and thus allows for effective masking of land 

classes that may influence the classification, it will also potentially mask kelp located within 4 
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meters of the shoreline. Kelp in such close proximity to the shoreline is not likely to be resolved 

from other algae species in the nearshore due to similarities in reflectance. It is preferable to 

mask this area rather than to misclassify the shoreline algae as kelp. Finally, a 30m deep-water 

mask was applied using bathymetry contours created from single and multi-beam sonar data 

acquired from the Canadian Hydrography Service for coastal British Columbia. This mask 

represents the depth at which kelp will not be found in this region (Springer et al., 2007). 

Together, the masks minimize erroneous classification introduced from land, shoreline algae, 

glint, waves, and water column constituents.  

Step 3: Image processing 

Index selection:  

To explore the best possible bands and band ratios for separating kelp from other features, the 

Jeffries-Matusita Distance (JMD) statistical separability analysis (Swain & King, 1973) was 

applied to all the applicable indices and transformations available in the literature (Table 3). 

Some indices discussed in the literature could not be applied due to the limitations of band 

availability for the WorldView 3 image. The following products were analyzed: NDVI, GNDVI, 

SAI, EVI, simple ratios as well as PC outputs, and the Blue, Green, Red, and NIR reflectance 

bands. According to the JMD analysis, the products selected as best able to identify kelp ˗ NDVI, 

GNDVI, and PC1 ˗ were further linearly enhanced to maximize spectral differences and 

minimize noise, and then used as input for classification. 

Step 4: Classification 

To illustrate the feasibility of using different classification techniques with different levels of 

user input, four types of supervised methods, minimum distance (MD), decision tree threshold 

(DT), spectral un-mixing (SU), and object-based image analysis (OBIA), and one unsupervised 

method, ISODATA (ISO), were compared. All classifications used a composite of NDVI, 

GNDVI, and PC1 as input.  

For the supervised methods, MD used training data derived from ground-truth and expert 

knowledge to define six classes (kelp, water, glint, shallow water, bright objects, and shadow) 

with at least 100 pixels each. The DT used thresholds defined by the mean of the same class 

samples ±2 standard deviations. The SU was defined based on adapted methods from Cavanaugh 

et al.(2011), in which the matched filtering tool in ENVI was used to un-mix pixels. Spectral 
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endmembers for dense kelp (50 kelp endmembers) and water (120 water endmembers) were 

selected from the image based on ground-truth data and known reflectance characteristics of kelp 

and water. The result is a grey scale image for each endmember representing their approximate 

subpixel abundances, where a value of 1.0 would represent 100% kelp. Based on the ground-

truthing data and known spectral reflectance of kelp and water, a kelp minimum fraction 

threshold of 0.142 was defined. All pixels with a fraction lower than 0.142 were classified as 

water. OBIA was applied using Definiens eCognition® Version 8. As commonly used in object-

based classification, trials for different weights for parameters of scale, shape, and compactness 

were conducted to determine the optimal approach for the segmentation (Evans, Costa, Tomas, 

& Camilo, 2014). Defined parameters were considered acceptable if areas of known kelp beds 

were captured as a single object, rather than broken into several objects or combined with areas 

of non-kelp. The resulting image objects were classified using a supervised nearest-neighbor 

approach for the six classes defined above.  For the unsupervised ISO method, multiple 

classification trials were performed to define the combination of parameters and number of 

classes needed to yield the best results.  

Step 5: Accuracy assessment 

The output product of each classification was converted into two binary classes, kelp and non-

kelp, where all non-kelp classes defined through classification were combined into one class. A 

stratified random sample approach was used to define 500 validation pixels per class from the 

ground-truth data, and an error matrix was produced (Table 4).  The selection of the validation 

pixels also considered the uncertainties in the ground-truth data due to the accuracy of the 

handheld GPS (± 9 m), displacement of kelp beds of up to 1m related to changes in tide and 

current and bias or inaccuracy of the kayak surveyors. A 10m buffer was added to the kelp 

ground-truth polygons (Figure 8) to accommodate for these possible uncertainties, and no 

samples in this region were used for either the kelp or the non-kelp classes, reducing the number 

of pixels for validation to a range between 400 and 485 for each class.  

2.5.3 Results and Discussion 

All five classification methods performed relatively well in detecting kelp beds. For total 

accuracy, MD (90.7%) and SU (88.5%) yielded the best results (Figure 5), followed by DT 

(87.9%), ISO (86.9%), and OBIA (82.5%), (Table 4). The classification products showed high 
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fidelity when visually compared to the shape and location of ground-truth maps (Figures 6 and 

7), and the total accuracies are comparable to other studies which reported values between 74% 

and 94%, depending on the density of the kelp (Casal et al., 2011; Fyfe et al., 1999). 

For all classification outputs, accuracy was generally the highest in areas where kelp was dense 

and beds were large, as illustrated in Figures 6 and 7. In these regions, the detected spectral 

signals better represent kelp due to less mixing with the spectral signal of water (see Figure 1 for 

spectral signal of dense kelp vs sparse kelp). Conversely, in areas where kelp was sparse, kelp 

detection was less reliable due to spectral signal mixing with water.  The greatest error happened 

in areas in which submerged vegetation such as eelgrass was classified as kelp. The reflectance 

spectra of submerged kelp and eelgrass with high epiphytes loads are very similar when using 

only four spectral bands (O’Neill & Costa, 2013). Alternatives for minimizing this error include 

using hyperspectral data to improve the spectral separability between species and/or masking 

areas of soft substrate where kelp is unlikely to occur. Misclassification also occurred between 

the shadows of terrestrial vegetation on the water, as seen in Figure 6. Despite the 4m buffer, the 

shadow of terrestrial vegetation was not removed in some areas during the masking process, 

likely due to large shadows caused by the height of trees, sensors viewing angle, and sun 

illumination angle (Figure 7). 

Among the supervised methods, the MD classification produced the best results due to its use of 

high-quality ground-truth data and consideration of the mean of training classes in the minimum 

distance algorithm. Similarly, the spectral un-mixing method yielded good results. In this 

method, the best results will occur when pure pixels of each class are used to establish the un-

mixing algorithm. The decision tree classification applied user-defined thresholds to classify 

pixels, which can introduce bias on class definition. Adjusting threshold values or including 

additional classes where misclassifications occur may improve the results. The poorest results 

were obtained with the OBIA approach. The small size, irregular shape, and sparse nature of the 

kelp beds resulted in objects containing a range of kelp and water extents. In these conditions, 

the mean of each object mostly represents the mixing of spectral signals corresponding to water 

and kelp.  Depending on ratio of kelp and water, image objects containing kelp may be classified 

as water, thus causing larger error compared to pixel-based classification. In areas where kelp 

beds are large and dense, OBIA will likely perform better as image objects will more accurately 

represent kelp spectral signatures and have a uniform nature.  The unsupervised ISODATA 
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method performed well with both dense and sparse kelp beds, as the iterative clustering 

algorithm is most affected by the difference in spectral signals between cover types rather than 

their spatial relationship. This method is advantageous where there is a lack of ground-truth data, 

such as when analyzing historical imagery. However, knowledge of the site characteristics or 

spectral signature of cover types is still required to label the resulting classes.  

 

Table 4. Error matrices for Minimum Distance (MD), ISODATA (ISO), Decision Tree (DT) spectral un-

mixing SU, and OBIA classification results for bull kelp in the Salish Sea.  

C
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  Ground-truth  

M
D

  

 Kelp Not Kelp Total User Accuracy Total Accuracy 

Kelp 409 42 451 90.7 90.7 
Not Kelp 37 358 395 90.6  

Total 446 400 846   
Producers 

Accuracy 91.7 89.5     

IS
O
 

Kelp 376 83 459 81.9 86.9 
Not kelp 28 362 390 92.8  

Total 404 445 849   
Producers 

Accuracy 93.1 81.4     

D
T
 

Kelp 385 75 460 83.7 87.9 
Not Kelp 27 359 386 93.0  

Total 412 434 846   
Producers 

Accuracy 93.5 82.7     

S
U
 

Kelp 399 62 461 86.6 88.5 

Not Kelp 34 343 377 91.0  
Total 433 405 838   

Producers 

Accuracy 92.2 84.7     

O
B

IA
 

Kelp 333 121 454 73.4 82.5 

Not Kelp 27 364 391 93.1  

Total 360 485 845   

Producers 

Accuracy 
92.5 75.1    
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Figure 5. Result of minimum distance (MD) supervised 

classification with total accuracy of 90.7. 
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(a) MD 

 
(b) DT 

 
 (c) SU 

 
(d) OBIA 

 
(e) ISO 

 
 
        

Figure 6. Classification results for the MD, DT, SU, OBIA, and ISO classifications on a 

subset of the true colour WorldView 3 image for bull kelp in the Salish Sea.  
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Figure 7. Errors in classification methods for submerged vegetation, shadow, bright objects, sparse kelp 

beds, and dense kelp beds in the Salish Sea. (Legend provided in Figure 6) 
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Table 5 summarizes the choice of image classification methods based on the characteristics of 

the study sites and available ground-truth information. Specifically, sensors will depend on the 

size and location of beds, where large offshore beds can be detected with medium resolution 

sensors and smaller nearshore beds will require higher resolution imagery. As kelp beds become 

sparse, fringing, or small, classification techniques such as supervised minimum distance yield 

the most robust results. Additionally, the quality of the ground-truth data affects the choice of 

classification method, with high quality data acquired concurrent to image acquisition being 

ideal for all classification techniques. If ground-truth data is unavailable, unsupervised 

ISODATA classification is the most appropriate choice. However, for any of the classification 

approaches, environmental conditions during the time of image acquisition, including tide height, 

currents, water surface roughness, turbidity, and sensor angle will also have effects on the 

accuracy of the classifications.  

 

Table 5. Selection of classification methods based on quality of input parameters.  

Data Quality 

Study Site 

Characteristics 

Ground-truth 

Data 

Sensor Type and 

Resolution 

Classification 

Type 

 

Ideal 

Large dense kelp 

beds, far from 

shoreline 

Collected at 

same day and 

time as imagery 

 

Mid-high 

resolution 

30m-2m 

OBIA, MD, SU, 

DT, ISO  

 Large sparse beds, 

small beds, 

near shoreline 

Collected during 

same season 

High resolution 

(<10m) 

MD, SU, DT, ISO  

Poor 

 

Small beds, 

fringing, close 

proximity to 

shoreline 

No ground-truth 

 

High resolution  

2m 

 

ISO 

 

2.6 Conclusion 

Remote sensing technologies and imagery processing methods are continuously advancing, 

allowing for improvements in macro algae detection. Specifically, for kelp mapping and biomass 

indicators, ongoing research is developing new techniques for deriving ecological information 

from remotely sensed kelp beds. With increasing sources of high-quality data, automated 

classification methods are being developed for use with free data sources such as Landsat (Bell, 
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Reed, et al., 2018; Nijland et al., 2019), allowing for long term monitoring and detection of large 

kelp beds with global scale potential.  Ultimately, these data sets are crucial to understanding 

environmental drivers of kelp distribution and abundance, and how they relate to ecosystem 

functions affecting biodiversity, community structure, and productivity.  

With the growing availability of high spatial resolution images, such as WorldView, SPOT, and 

GeoEye sensors, the accuracy of detecting small patches of fringing kelp along nearshore zones 

has increased. However, for successful use of remote sensing, considerations concerning the 

environmental conditions at the time of image collection, such as tide height, currents, waves, 

kelp extent, and imagery analysis techniques are of utmost importance.  Additionally, the scale 

of areas able to be studied may be limited by the smaller coverage and greater costs of higher 

resolution imagery. Here, we present a literature review and a case study demonstrating how 

high-resolution satellite imagery can be used effectively for mapping at regional scales by 

applying imagery-processing techniques adapted from the literature. By using appropriate 

methods suited to the characteristics of the area of interest, we are able to accurately detect 

floating kelp beds and create maps of kelp distribution for nearshore systems. Specifically, 

among the evaluated indices and classification methods, the supervised minimum distance 

classifier with input of NDVI, GNDVI, and PC1 produced the map with the highest accuracy 

(90.7%). For monitoring that requires temporal analysis without ground-truth data, unsupervised 

ISODATA can also produce accurate results. This case study illustrates a systematic method that 

can be transferred to others areas of the world where species form small or fringing beds. 
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3.0 Spatial and Temporal Persistence of Nearshore Kelp Beds on the 

West Coast of British Columbia, Canada using Satellite Remote 

Sensing. 

3.1 Introduction 

As one of the most productive ecosystems on the planet (Krumhansl & Scheibling, 2012; Steneck 

et al., 2002), kelp forests support high biodiversity, providing protection, habitat and foraging 

opportunities for invertebrates, fish, birds and mammals (Christie et al., 2009; Estes, Duggins, & 

Rathbun, 1989), and as such are an important indicator of ecosystem health (Claisse, Pondella, 

Williams, & Sadd, 2012; Uhl, Bartsch, & Oppelt, 2016). Further, the physical structure of kelp 

beds influence coastlines through dampening of waves and providing nutrient subsidies to 

shorelines as wrack (Teagle, Hawkins, Moore, & Smale, 2017). 

Globally, kelp species are found growing on rocky reefs in temperate coastal regions, in response 

to abiotic drivers: temperature, nutrient, photosynthetically active radiation (PAR), substrate 

type, current and wave stress (Cavanaugh et al., 2011), and biotic: grazing and competition (D. 

O. Duggins, 1980). Optimum growth conditions happen in cool nutrient rich waters, associated 

with temperate coastal regions, however, prolonged periods of warmer than average 

temperatures (>17℃) reduce spore production and cause kelp die-off (Schiel et al., 2004; Vadas, 

1972). Beyond increased ocean temperatures, other stressors including increased storm 

frequency, direct harvest and the effects of overfishing contribute to collapse of kelp ecosystems 

(Halpern et al., 2006; Hernández et al., 2018; Lorentsen, Sjøtun, & Grémillet, 2010). The degree 

to which these stressors influence kelp varies, with regional differences playing a key role and an 

overall downward trend of abundance world wide (Krumhansl et al., 2016). 

Specifically, run-off associated with anthropogenic activities such as agriculture and forestry 

increases sediment loads in river effluent and has strong negative impacts on kelp beds through 

the reduction of PAR and smothering of recruits (Carney, 2005; J. A. Shaffer & Parks, 1994).  

Disturbance caused by wave and current can also have large impacts on the abundance of kelp, 

where areas of low current may leave kelp more susceptible to herbivory and high current or 

wave exposure may limit growth due to physical removal (Reed et al., 2011). In regions where 

predators such as sea otters or predatory fish have been removed through over-fishing, 

herbivores such as urchins thrive and have significant impacts on kelp bed size and abundance 
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through unchecked grazing (Foster & Schiel, 2010; Steneck et al., 2002). Additionally, changes 

in environmental conditions, which are unfavourable for kelp growth, may give rise to 

dominance by other species, such as coralline and turf algae resulting in a shift to altered stable 

states (Filbee-Dexter & Wernberg, 2018). Increased herbivory and warmer ocean temperatures 

can combine to cause major declines in kelp forest abundance (Burt et al., 2018; California 

Department of Fish and Wildlife, 2016). 

These different kelp stressors have been reported for several regions of the world. In the Salish 

Sea, on the West Coast of North America, one of the dominant canopy-forming kelps, bull kelp 

(Nereocystis luetkeana) (Druehl, 1968) has shown variability in abundance with most declines 

recorded in regions adjacent to dense urban areas (Pfister et al., 2018). Fluctuation in abundance 

has also been linked to both broad scale oceanic conditions such as the Pacific Decadal 

Oscillation and North Pacific Gyre Oscillation, and to local scale impacts on water quality, 

temperature and increased herbivory (Burt et al., 2018; Foster & Schiel, 2010; Pfister et al., 

2018; Taylor & Schiel, 2005). 

Differences between  global and local scale changes in kelp abundance may reflect regionally 

dependant influences where the local effects of grazing pressure, water quality and possible 

resilient populations interact with large scale environmental fluctuations, which result in decline, 

reduced resilience, or alternative stable states depending on the combination of factors1. 

Understanding the drivers, their outcomes and effects on associated ecosystems requires both 

long term and large-scale maps of kelp abundance. Mapping kelp extent has been a requirement 

for conservation and monitoring initiatives including quality of salmon habitat (A. Shaffer, 

2004), creation of marine protected areas (Airamé et al., 2003), regulating harvest impacts 

(Sutherland et al., 2008), oil spill impact monitoring (Peterson et al., 2003) and climate change 

adaptation services programs (Duarte, Losada, Hendriks, Mazarrasa, & Marbà, 2013).  

Satellite imagery has been successfully used to map spatial-temporal changes in canopy kelp 

(Deysher, 1993; Stekoll et al., 2006; Young et al., 2016). Many of these successful analyses 

focus on species that form large beds, such as giant kelp, Macrocystis pyrifera, allowing the use 

of lower spatial resolution imagery from Landsat (Cavanaugh et al., 2010).  However, detecting 

bull kelp, which may form fringing beds adjacent to the shoreline, may require high spatial 

resolution satellite, aerial or drone images ranging from 0.2 m to 2-4 m in resolution (Deysher, 
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1993; Schroeder et al., 2019). This study uses a time series of high-resolution satellite imagery 

from 2004 to 2017 to map bull kelp beds on the West Coast of British Columbia, Canada, and 

provides an analysis of changes in kelp persistence and its relationship to global and local scale 

environmental conditions.  

3.2 Methods 

3.2.1 Study Area  

The study area covers approximately 50 km of coastline in Cowichan Bay and Sansum Narrows, 

located in the Salish Sea on the West Coast of British Columbia, Canada (Figure 8). Tides in this 

semi-enclosed body of water are mixed semi-diurnal with exchange of water from the open 

ocean through the Straits of Georgia and Juan de Fuca. Freshwater inputs come from the 

Cowichan and Koksilah Rivers directly into Cowichan Bay (450 m3s-1 during peak flow in 

winter) as well as input from the Fraser River to the east (10,000 m3s-1 during spring freshet). In 

the summer months, warm ocean temperature and peak flow from the Fraser River create 

stratification in the water column in the Strait of Georgia, which leads to increased surface water 

temperature (14-21˚C) and decreased salinity (26-28PSU) (Chappell & Pawlowicz, 2018; 

Waldichuk, 1957). However, water flowing through the Southern Gulf Islands with localized 

regions of high currents due to the narrow channels between the islands, tends to have increased 

mixing than that in the Strait of Georgia, resulting in slightly lower temperatures and higher 

salinity (Waldichuk, 1957). 

The coastline in this region consists of rocky cliffs, mixed gravel beaches, sand and mudflats on 

which several species of aquatic vegetation grow. These habitats support a number of 

commercially and ecologically important species including Chinook (Oncorhynchus 

tshawytscha) and Coho (Oncorhynchus kisutch) salmon, whose populations have declined 

precipitously in recent years and for whom loss of habitat including kelp may be a contributing 

factor (Waldichuk, 1957).   
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Figure 8. Study area including Cowichan Bay and Sansum 

Narrows on the East Coast of Vancouver Island, British 

Columbia, Canada. Red polygons are kelp beds delineated by a 

kayak-based field survey in August 2016.  Hatched lines 

indicate the total area covered by the kayak-based field survey in 

August 2016. 

 

3.2.2 Imagery database 

A time series of high-resolution imagery from 2004 to 2017 were selected from the Digital 

Globe archives considering the preliminary criteria: spatial resolution of 2.5 m or higher, spectral 

resolution containing visible and near infrared (NIR) bands, minimal clouds and acquisition 

during peak kelp growth in summer. This selection resulted in eight images (Table 6). From 

these images, further criteria were developed to determine the reliability of the images for 

accurately mapping kelp. Similar to the methods by Nahirnick et al. (2019), each image was 

scored from 1 to 3 with one being the poorest condition, according to the following criteria: (1) 
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time of collection within the growing season; (2) tide height, where lower tides allow for better 

ability to detect kelp floating on the water surface; (3) intensity of glint on the water, where high 

glint obstructs the ability to detect kelp; (4) water surface roughness (WSR), which describes the 

texture of the water surface, where calm flat water is best for detecting kelp and breaking waves 

or white caps present difficult conditions (Table 7). The total score (maximum of 12) for each 

image was calculated and images with scores lower than seven were deemed too unreliable for 

kelp detection. Due to constraints in the overlap among all images, only five of the seven images 

meeting the quality criteria were used for further analysis (Table 6). This method resulted in 

selected images acquired in 2004, 2012, 2015, 2016 (tasked with concurrent field data), and 

2017. Finally, the scores from the images, which qualified for analysis, were used to assess 

whether image quality played a role in the resulting kelp maps.  

Table 6. Image Reliability scoring metrics. WSR = water surface roughness 
Score Season Tide Height Glint WSR 

Ideal (3) Late July to Early September ≤1.2 m No glint Smooth calm water 

Medium 

(2) 

Mid June to Late July or Mid 

September to late September 
1.3 – 2m Some glint Some surface texture 

Poor (1) 
Before mid June or 

After September 
> 2 

High glint throughout 

image 
Breaking waves 

 

Table 7. Quality Parameters for all images in database. WSR = Water surface roughness 
Year Date Tide height Glint WSR Score 

2004* Sept 24th 1.8m None Minimal 10 

2006 Sept 12th 2.6m Minimal Medium 9 

2011 June 8th 2.4m High High 4 

2012* July 29th 1.5m Medium Medium 9 

2013 July 8th 0.8m Minimal Minimal 10 

2015* August 27th 1.2m Minimal Minimal 12 

2016* August 30th 1.2m Medium Medium 10 

2017* July 27th 1.5m Minimal Minimal 11 

*images used for time series analysis 

 

3.2.3 In situ dataset 

The in-situ data set comprised of a kelp survey and above-water reflectance data acquisition. 

Field data acquisition was conducted during the time of the 2016 image acquisition using kayak 

and GPS methods following Fretwell & Boyer, (2010) covering North and South Cowichan Bay 
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and West Sansum Narrows to Maple Bay (Figure 8). Three teams of experienced mappers and 

volunteers with hand held GPSs paddled along the shoreline during the mapping window of one 

hour before and after low slack tide (1.1m). All canopy kelp floating on the waters surface was 

recorded as either a single bulb, multiple bulbs, line of kelp or a bed. The GPS points were 

digitized and used to create kelp polygons in ArcGIS for use as data in validation of 

classification methods. Possible uncertainties associated with this field data are: (1) error in the 

GPS units, which recorded accuracy between 1 and 9m, (2) errors in the kayakers’ ability 

whereby points may not be exact due to the nature of collecting data in a moving platform with 

currents, waves and in close proximity to rocky outcrops, and (3) changes in the location of kelp 

between the time of the field survey and the acquisition of the image due to differences in tide 

height and current speed. Due to these issues, a 10m uncertainty buffer was added around the 

field-derived kelp polygons, and points extracted for use in training or validations of 

classification were not collected in this buffer.  

Above-water in situ kelp and water spectra were collected in the field to record the spectral 

characteristics of different combinations of kelp and water for further analysis of the 

classification results. A calibrated hand held FieldSpec® spectroradiometer with a spectral range 

from 325-1075nm was used to collect spectra of various densities of floating kelp, deep water 

and kelp submerged within approximately 20 cm of the water surface in August of 2017. A 

sample number of n=10 was collected for each kelp-water combination of dense, sparse, 

submerged kelp and pure water under conditions of clear sky and calm water. Spectral 

measurements were acquired by boat within and beside kelp beds in the study area with a sensor 

viewing geometry of 1m from the water’s surface, held at a 45° angle zenith, and 90° azimuth to 

incoming solar radiation to prevent specular reflection. Reflectance measurements were 

averaged, and four classes were defined as dense (>50% of the sensors field of view (FOV) 

covered with kelp), sparse (<50% of FOV), submerged and pure water (Figure 9). The spectral 

signature of kelp shows high reflectance in the near-infrared (NIR) and low reflectance in red 

bands, while sparse or submerged kelp beds show lower ratio of NIR to red due to the effect of 

water, which strongly absorbs NIR (detailed spectral analysis in Schroeder et al., 2019).  
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Figure 9. Representative reflectance of dense (>50% of FOV), sparse (<50% 

of FOV), submerged kelp and ocean water measured with a Fieldspec Pro® 

spectroradiometer in the coastal waters of British Columbia, Canada  

 

3.2.4 Image Processing and Classification 

Image processing methods included geometric, radiometric, and atmospheric correction, 

masking, image enhancement, transformation, and classification. First, historical images were 

georectified using the 2016 geometrically corrected image as reference, resulting in root mean 

square errors of less than 0.06m. Next, images were radiometrically corrected and 

atmospherically corrected (Adler-Golden et al., 1999) using the FLAASH module in ENVI v5.5, 

to minimize atmospheric effects and convert radiance signal to surface reflectance. To ensure 

reflectance values were comparable to the 2016 base image, all historical images were 

normalized using pseudo invariant features with the 2016 image as reference (Figure 10). This 

procedure allows for reflectance spectra of features of interest to be comparable for the different 

years, and therefore improving the performance of the classification results (Bao et al., 2012). 

Despite these corrections, water reflectance varied slightly from year to year likely due to 
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differences in characteristics of optical constituents in the water (Figure 10). This variability will 

be reflected in the spectral response of any image pixels containing kelp as the reflectance of 

each pixel is a product of the ratio of kelp and water as established in Figure 9. 

Following normalization, a land mask was created for each image, using object-based image 

segmentation with Definiens eCognition® using the NIR (band 4), Red (band 3) and Green 

(band 2) bands as input to accentuate the contrast between the high reflectance of terrestrial 

vegetation and rocky shoreline compared to the low reflectance of water along the shoreline. A 

4m buffer was added to the resulting land mask to eliminate adjacency effects from terrestrial 

vegetation and the presence of other nearshore algae such as Fucus spp. and Ulva spp. This 

masking method allowed precise delineation of the shoreline at the slightly different tide levels 

present between images. Next, a deep-water mask was applied using the 30m isobaths created 

using multibeam data acquired from the Canadian Hydrographic Service. This represents the 

maximum depth at which kelp generally grows in this region (Springer et al., 2007). 

After applying the unique masks to each image, reflectance-based products were defined for 

optimizing input to the classification. A series of possible indices, reflectance transformations, 

and reflectance bands were tested for effectiveness in separating kelp from other cover types 

using the 2016 image and a subset of the field survey data. Using the Jefferies-Matusita distance 

statistical metric (Padma & Sanjeevi, 2014), NDVI (equation 1) and GNDVI (equation 2) were 

defined as best able to separate kelp from water, glint, shallow substrate and terrestrial vegetation 

in shadow. NDVI is the normalized difference vegetation index developed to enhance the 

detection of vegetation (Rouse et al., 1974) and is applicable to bull kelp due to kelp’s similar 

reflectance properties (Figure 9); GNDVI or the green normalized vegetation index uses the 

green wavelengths instead of red, and is more sensitive to chlorophyll concentrations than NDVI 

(Goldberg, Kirby, & Licht, 2016). 

𝑁𝐷𝑉𝐼 =  
(𝑁𝐼𝑅−𝑅𝑒𝑑)

(𝑁𝐼𝑅+𝑅𝑒𝑑)
  (1) 

𝐺𝑁𝐷𝑉𝐼 =
(𝑁𝐼𝑅−𝐺𝑟𝑒𝑒𝑛)

(𝑁𝐼𝑅+𝐺𝑟𝑒𝑒𝑛)
  (2) 

Additionally, a principal component analysis (Gupta et al., 2013) showed that PC1 was 

advantageous because of its ability to separate kelp from shadow over water that was not 
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previously masked due to its similar reflectance to kelp. These indices and transformations were 

combined as input for classification. 

 

Figure 10. Example of normalization for water based on the 2016 corrected image (2016 Reference), 

and results before (RrsATM) and after normalization (RrsNorm) for each image year. Note the 

generalized decreased reflectance in band 1 (blue spectra) between RrsATM and RrsNORM showing 

improved Rayleigh correction, and the expected low and high band 4 (NIR) reflectance for water and 

kelp, respectively. 

 

3.2.5 Classification 

The unsupervised ISODATA classification method (Tou & Gonzalez, 1974) was deemed reliable 

for classification of historical imagery as it can be used without field survey data, which was 

unavailable for all years except 2016. This method was tested against several classification 

methods using the 2016 image and concurrent field survey data, and the results showed that the 

ISODATA approach performed similarly to supervised methods (Schroeder et al., 2019). 

The ISODATA classification produced several classes for each image (8-12) and reflectance 

spectra for each class were compared to the known spectra for dense and sparse kelp derived 

from the 2016 image and in situ above-water spectra. These relationships were used to determine 

which of the defined classes should be categorized as kelp and then statistically confirmed in the 

validation step (Figure 11, Table 9). Finally, a filter to remove single isolated pixels identified as 

kelp that were separated by greater than eight pixels was applied; this situation may happen due 

to glint.  
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After the classification, the resulting kelp maps were validated following two distinct procedures 

due to availability of in-situ data: (1) 2016 image, accuracy assessment based on concurrent in-

situ samples and (2) for the other years without concurrent field data, a statistical approach was 

taken. For the 2016 image, a confusion matrix was constructed using 849 randomly selected 

samples from the field data for accuracy assessment, and an error matrix was constructed to 

determine users, producers, and total accuracy. For the remaining images (2004, 2012, 2015, 

2017), accuracy assessment was accomplished using the non-parametric Wilcoxon Signed Rank 

test (Taheri & Hesamian, 2013) to determine whether pixels classified as kelp in both, 2016 

reference image vs. historical image, were spectrally statistically similar.  First, a random sample 

of pixels (n=500) from the classification results was collected for each image and the spectral 

information from NDVI and GNDVI were extracted. PC1 values were not compared, as they are 

a function of the data within a scene and not expected to remain similar between images 

(Schowengerdt, 2012). The analysis takes into consideration that the output ranges of NDVI and 

GNDVI are a function of the proportion of highly reflective kelp in the NIR to highly absorbing 

water within each pixel.  

3.2.6 Change Analysis 

Several factors affect the accuracy of measuring changes in kelp extent derived using satellite- 

based methods, including: 

(1) Differences in the kelp extent in a given area from year to year. This may be caused by the 

dynamics of the environment during the growing season including temperature, nutrients, PAR 

and biotic interactions (Springer et al., 2007), as well as growing conditions in the previous year 

or years affecting the production and viability and settlement of spores (Cavanaugh et al., 2011; 

Pfister et al., 2018). This would be considered a true change in kelp extent. 

(2) Differences in the timing of peak kelp growth due to growing conditions from year to year. 

As bull kelp is an annual species, the timing of peak kelp growth may have natural variability 

from year to year depending on the growing conditions, including temperature, nutrient, and light 

availability. Extended periods of warm surface waters may also cause early die off in populations 

where peak growth is usually in late summer (Mumford, 2007; Simonson, Scheibling, & 

Metaxas, 2015). In this case, images collected prior to or after peak growth may underestimate 

maximum kelp extent. 
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(3) Differences in image quality due to environmental conditions at the time of acquisition 

including tide height, glint and water surface (Schroeder et al., 2019).  Effects of currents can 

cause changes to surface kelp extent on an hourly and even minutely basis (Britton-Simmons et 

al., 2008). In this case, maximum kelp extent is present but is obscured by waves, glint or water 

column and is not detected in the image. 

Together, these factors add complexity and uncertainty on how to define change in kelp extent 

based on area derived from image pixels. Satellite images offer a “snap-shot” of kelp extent, 

which may only represent a portion of the total kelp present in a given season depending on the 

conditions explained above. To overcome this problem, we adopted a method similar to that used 

in Pfister et al. (2018) in which shoreline units were used to analyze changes in kelp. We divided 

the study area into 100 m bins (shoreline units) taking into consideration the characteristics of 

the region, including the exposure, orientation and the average size of kelp beds data from the 

British Columbia Marine Conservation Analysis (BCMCA 2011), in situ observation, and field 

data. Within each bin, the number of times kelp was mapped over all the images was defined and 

expressed as a kelp persistence measure. For instance, a persistence of 100% indicates that kelp 

was present in a bin in all years analyzed. Note that due to the limited spatial coverage of the 

2004 image, the east side of Sansum Narrows (Figure 12) was analyzed separately using the 

remaining four images (2012, 2015, 2016, and 2017); for this area, 100% persistence equals to 

kelp present in four years. Drivers of spatial and temporal kelp persistence were considered 

based on known factors that influence kelp growth and reproduction and data availability. High-

resolution data of substrate and current strength allowed sub regional variation to be explored 

whereas sea surface temperature and climate indices were considered at a regional scale. 

Substrate type was identified through the ShoreZone coastal classes of “Rocky”, “Gravel”, 

“Sand”, and “Man-made”. Tidal current strength data Foreman (2004) was quantified using root 

mean square (RMS) of tidal speeds modelled over a number of tidal cycles, and is used as an 

indication of relative current speed. RMS analysis is used to indicate relative mixing within 

estuaries and enclosed areas such as fjords and narrows (Etherington, Hooge, Hooge, & Hill, 

2007). Mixing is then used as an indicator of relative temperature and stratification conditions, 

where areas of high mixing indicate weak or no stratification, and therefore lower ocean 

temperature.  
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Multiple sources of sea surface temperature were considered including satellite derived SST 

anomalies for the Strait of Georgia from 2003-2016 (Suchy, Costa, & Perry, 2019) and SST data 

collected by a citizen science program as part of the Pacific Salmon Foundation’s Salish Sea 

Marine Survival Project using CTD profiles collected in Cowichan Bay and Sansum Narrows 

from 2015-2017. The satellite-based data provides a broad scale picture of SST anomalies, which 

may have been modified to varying degrees across the subregions due to local scale driver such 

as mixing and river effluent. The limited time series of local scale data from the citizen science 

program corroborates this effect, as temperatures measured in the narrows were 1-3 degrees 

lower than the satellite data.  

3.3 Results 

3.3.1 Image Reliability  

All images used for the persistence analysis showed high values for the reliability matrix, which 

was considered sufficient to detect presence or absence of kelp within a 100 m shoreline unit. 

The kelp maps (Figure 12) show similar patterns of kelp growth across years within the study 

areas. Specifically, the reliability matrix (Table 6) shows that the 2015 image exhibited the 

highest reliability (12) and the highest percentage of kelp (89.2%). The 2012 image had the 

lowest reliability (9) due to slightly poor environmental conditions, including tide height, glint, 

and water surface roughness (Table 1). The lowest kelp presence was detected in 2017 (45.7%), 

which had the second highest reliability (11) (Table 7).   

Classification 

The results of the accuracy assessment for the 2016 image with concurrent field data yielded 

total (86.9%), users’ (81.9%) and producers’ (93.1%) accuracies (Table 8). The largest errors 

occurred in areas where kelp corresponded to single bulbs or small clusters. These errors were a 

result of the greater proportion of water in these pixels dampening the high NIR reflectance of 

kelp. Similar results, with accuracies between 74-94%, were reported in other studies using 

satellite imagery to map floating algae where high-density beds had higher accuracy (Casal et al., 

2011; Fyfe et al., 1999).   
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For the remaining image years of 2004, 2012, 2015, and 2017, the analysis of distribution and 

median values for kelp NDVI and GNDVI for all image samples are described in a boxplot in 

Figure 4. The Wilcoxon Signed Rank test shows that kelp NDVI values were the same as the 

2016 reference pixels for all image years except 2004 and 2012 while the kelp GNDVI values 

were the same for all image years except 2012 (Table 9). The distribution of slightly higher 

NDVI and GNDVI values for 2004 and 2012 images are likely due to the presence of denser 

kelp beds than were present in the 2016 reference image rather than misclassification as spatial 

filtering and visual error adjustment would have removed any erroneous high NIR reflectance 

sources, such as glint or boats.  

 

Figure 11. Boxplots of the relative distributions of sampled kelp pixels (n=500), for the classification 

results of each image year and the reference. 

 

 

 

Table 8. Validation error matrix for the 2016 Image using a 

subset of concurrent field data. 
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Kelp 
Total 

User 

Accuracy 

Total 

Accuracy 

Kelp 376 83 459 81.9 86.9 

Non-kelp 28 362 390 92.8  

Total 404 445 849   

Producer 

Accuracy 
93.1 81.4    
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Table 9. Wilcoxon tests for differences between field data from 2016 base image 

and other imagery.  

 NDVI GNDVI 

Image Year W stat P value Difference W stat P value Difference 

2004 11902 <0.001 yes 23901 0.0897 no 

2012 15656 <0.001 yes 12028 <0.0 yes 

2015 47028 0.988 no 48326 0.6571 no 

2016 31482 0.1384 no 30384 0.1867 no 

2017 24104 0.1029 no 24528 0.1683 no 

 

 

Figure 12. Classification results for the five images with each year’s image extent shown in dashed 

lines. Note the difference in coverage area for the 2004 image which did not cover East Sansum. 
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3.3.2 Spatial Patterns of Persistence 

Four hundred and forty-eight units were analysed, representing 48.8 km of coastline (Fig 13, 14). 

Of the 448 units, 37.1% (166 units) had kelp present in at least one year (persistence >0%). The 

regions north of Sansum Point (N, MB, OP), accounting for 31.2% (140) of all units, had kelp 

absent in all considered years (persistence= 0%). On the north side of Cowichan Bay (NC) and 

west side of Sansum Narrows (WS), persistence was generally high with 61.0% of units showing 

kelp present in at least one year. Specifically, in the WS region, 36.7% of shoreline units showed 

kelp present in all years and 54.4% in 4 or more years. In North Cowichan (NC), temporal 

presence of kelp was lower with 13.9% of units showing kelp in all years and 32.9% of units in 4 

or more years, followed by even lower persistence measured on the south side of Cowichan Bay 

(SC), with no units having kelp in all years. The east side of Sansum Narrows (ES) also showed 

high persistence of kelp considering the 4 image years (excluding the 2004 image due to 

differences in image extents); kelp was present in about half of the 88 units and 50.0% of those 

kelp units had kelp present in at least 3 years.  
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Figure 13. Persistence of kelp beds in Cowichan Bay and Sansum Narrows from 

2004 to 2017. Shaded grey areas indicate the Sub regions of SC= South Cowichan, 

NC= North Cowichan, WS= West Sansum, ES= East Sansum, OP= Octopus point, 

MB= Maple Bay, N= North channel.  
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Figure 14. Percentage of total shoreline units with persistence of kelp by sub-region 

and entire region. East Sansum units are calculated from only four images (2012, 2015, 

2016, and 2017) due to differences in number of images. For region definitions, see 

Figure 13. 

 

3.3.3 Temporal Change 

To understand change over time in kelp presence, the 166-shoreline units (37.1% of the total 

number of units), which showed kelp present in at least one year, referred to as “kelp units”, 

were used in the analysis. The kelp units were used with the understanding that units where 

persistence = 0 do not have suitable environmental conditions for kelp to grow and no change 

will have occurred over time.   

We then used this set of kelp units (166) to calculate the yearly percentage of units with kelp 

present. Regionally, the highest kelp presence was in 2015 (89.2%), followed by 2016 (76.5%), 

2004 (66.1%), 2012 (62.7%), and the lowest number was in 2017 (45.7%), (Figure 15). This 

indicates that there was an overall decrease in kelp presence from 2015-2017 of 48.6%, with a 

general increase from 2012 to 2015 of 42.9%. Similar trends are seen on a sub-regional scale, 

where all sub-regions experienced a loss of kelp from 2015-2017. However, this was least 

pronounced in West Sansum where the decrease was 20.3% compared to the greatest decrease in 

South Cowichan of 86.4% (Figure 15).   
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Figure 15. Percent of Kelp Units containing kelp each year by sub region and overall. Sub regions are: 

East Sansum (ES), North Cowichan (NC), South Cowichan (SC), and West Sansum (WS). Note OP, 

MB and N were not included as no units had kelp in any year. No data were available for ES in 2004 

due to imagery coverage. 

 

3.3.4 Spatial Drivers 

Figure 16 shows the greatest persistence of kelp when the substrate is rocky and where RMS tide 

is either low, 0.1, or medium between 0.3-0.6, on a scale of 0-1 (M. G. Foreman, 1978).  Figure 

17 shows how East and West Sansum have both high proportions of rocky substrate and high 

RMS tide (>50% of area with values >0.5) and at the same time medium to high kelp persistence 

(Figure 14), while areas which had low kelp persistence in Maple Bay, Octopus Point and North 

region (Figure 14) had low RMS tide (values < 0.3). 
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Figure 16. Kelp persistence across substrate types (top) and RMS tide 

(bottom), where RMS 0.1 is low current and 0.9 is high current. 
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Figure 17. Coastal class (Top) and RMS tidal speeds (bottom) by Region. 

SC=South Cowichan, NC=North Cowichan, WS=West Sansum, ES=East Sansum, 

OP=Octopus Point, MB=Maple Bay, N=North. 

3.4. Discussion 

3.4.1 Limitations of Satellite Imagery 

In a satellite imagery-based method, using kelp presence or absence within a shoreline unit helps 

to reduce the likelihood that no kelp is detected due to beds that are too small or sparse in 

relation to the imagery spatial resolution. Still, it is possible that only small patches of kelp are 

present in a given shoreline unit and thus not detected in which case the unit will be recorded as 

having no kelp. Further, the limited spatial and temporal extent of the dataset creates uncertainty 

in determining the drivers of kelp persistence. A longer time series of data with greater regional 
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coverage would allow better understanding of variability and its relationships to long and short-

term local and global scale environmental conditions.  

Other satellite platforms can be used for mapping kelp extent, each with their own strengths and 

weaknesses (Bennion, Fisher, Yesson, & Brodie, 2018; Schroeder et al., 2019). The use of 

commercial high-resolution satellite imagery as in this study allows the user to acquire images 

during optimal conditions of tide height, cloud cover, water conditions and kelp growth resulting 

in the highest quality imagery for mapping kelp. The high resolution allows small or fringing 

beds which are adjacent to the shoreline to be detected and may also be used to differentiate 

species(Botha, Brando, Anstee, Dekker, & Sagar, 2013) and estimate biomass (Andréfouët, 

Zubia, & Payri, 2004; Knudby & Nordlund, 2011). However, commercial platforms may be cost 

prohibitive as tasking imagery can cost up to $30 USD/m (digitalglobe.com). However, free 

sources of imagery such as from the Landsat series with a 30m resolution much of the nearshore 

beds will be missed due to spectral mixing of pixels with land. Landsat is still a valuable source 

of imagery for mapping large kelp beds on a large scale where the use of an extensive historical 

time series can form composites of kelp extent seasonally and detect trends in kelp abundance 

and be averages to account for areas covered by cloud and differences in tide. (Bell, Allen, 

Cavanaugh, & Siegel, 2018; Nijland et al., 2019) However, its application is limited to regions 

with large offshore beds of kelp (Nijland et al., 2019).  Copernicus’ Sentinel-2 is also a free 

source of imagery and with a spatial resolution of 10 m, it may be more appropriate for 

monitoring fringing kelp moving forward as the mission began in 2015. Additionally, free open 

source software such as Google’s Earth Engine and QGIS are making the use of satellite imagery 

for environmental monitoring increasingly accessible to a wider user base and allow for the 

automated analysis of imagery for use in broad scale mapping and change analysis (Nijland et 

al., 2019; Traganos et al., 2018). These broad scale maps can then be used to inform the selection 

of representative or important sites for more rigorous surveys. 

3.4.2 Spatial Drivers 

The regions that had the highest kelp persistence were East and West Sansum (Figure 13 and 

14). These areas provide optimal growth conditions in regards to substrate type (rocky) and 

relatively strong currents a result of the narrow passage (~0.5 to 1.0km) in Sansum Narrows 

(Mullan, 2017). These stronger currents result in higher mixing and reduced stratification, which 
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lead to lower temperature to which kelp is exposed compared to more stratified waters of 

Cowichan Bay.  

The kelp persistence in Cowichan Bay may also be driven by substrate type and current strength. 

On the north side of Cowichan Bay there is a prevalence of rocky substrate, so despite the low 

currents recorded here (expressed as 0.1 RMS) kelp growth is supported (Figure 14 and 17). The 

lower persistence of kelp along the south side of Cowichan Bay is likely associated with 

substrate availability; here substrate consists of sand and gravel combined with lower currents, 

which allow for sediment deposition and less available substrate for kelp growth. Gravel and 

sand habitats typically indicate lower energy environments and favour species such as eelgrass, 

which attaches to substrate using root-like rhizomes (Mumford, 2007). Limited availability of 

hard rocky substrate will constrain the amount of kelp that can grow and the presence of sandy 

substrate indicates deposition of sediment, which can smother kelp recruits. 

The sub regions north of Sansum Point (Octopus Point, Maple Bay and the North Channel) have 

similar predominantly rocky substrate types and current regimes (>0.3) to North Cowichan; 

however, kelp is absent in these regions whereas there are persistent beds in North Cowichan. 

Conditions north of Sansum Point may be less optimal for kelp growth due to warmer SST and 

higher turbidity when compared with North Cowichan. These regions may experience a stronger 

influence from warmer, turbid, stratified waters from the Fraser River (Suchy et al., 2019). 

3.4.3 Temporal Change 

The general detected change in kelp presence may represent a true decline from 2015-2017 or it 

may be within the natural bounds of variation given that presence in 2015 (62.6%) was not much 

higher than in 2017 (45.7%). However, on a sub-regional scale, it appears there are large 

variations in kelp, especially in South Cowichan; here we observed 91.9% in 2015 and 12.5% in 

2017. In nearby Washington State, Pfister et al. (2018) showed that there was little significant 

change in kelp persistence over a period from 1911-2015, except for areas in close proximity to 

human populations where kelp populations showed declines. Further, Krumhansl et al. (2016) 

found a slight increasing trend in the Ecoregion containing Oregon, Washington, and Vancouver 

Island in studies spanning from 1983-2012, and suggested that local drivers including successful 

management practices, recovery of urchin predators and reduction in pollution are responsible 

for the differences from globally decreasing trends.  
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In the study area of Cowichan Bay and Sansum Narrows, environmental management has 

focused on the river and estuarine system including improving river levels, salt marsh and 

eelgrass bed restoration in support of creating habitat for juvenile salmon 

(https://www.cowichanestuary.com/projects-2/). More broadly, the provincial government has 

conducted limited inventories of coastal kelp resources for determining harvest quotas with the 

most recent in 2007, (Sutherland et al., 2008) however, kelp in the study is not harvested and the 

observed changes are likely associated with local environmental conditions. 

The changes in persistence for the study region do not follow the expected trend in relation to 

large-scale climate indices. For instance, decreased kelp presence may occur during warm 

periods of the Pacific Decadal Oscillation (PDO) and El Nino Southern Oscillation (ENSO) as 

observed in Pfister (2018) and higher kelp presence during positive phases of the North Pacific 

Gyre Oscillation (NPGO) when salinity and nutrients are high (Di Lorenzo et al., 2008). Instead, 

for 2015, the year with the highest recorded regional temperature anomalies during a positive 

PDO, our data showed the highest presence of kelp. In Washington State, the PDO, NPGO, and 

ENSO indices were found to have significant correlations with kelp abundance (Pfister et al., 

2018), whereas lower temperatures (negative PDO, ENSO, positive NPGO) were associated with 

higher nutrients and increased kelp abundance. Multiple studies have shown the inverse 

relationship between warm climate regimes and kelp abundance (Cavanaugh et al., 2011; Filbee-

Dexter, Feehan, & Scheibling, 2016; Ronald E. Foreman, 1984; Krumhansl et al., 2016; Pfister 

et al., 2018), however, the impacts may be short-lived given a switch to colder, nutrient rich 

conditions, which can provide opportunities for kelp to recover relatively quickly (Pfister et al., 

2018).  

Several factors may explain the changes in kelp persistence described in this study. Poor 

environmental conditions such as the warm SSTs recorded from 2013-2016, may have had a lag 

in the effects on the persistence of kelp. In these conditions, prolonged periods of exposure to 

water temperatures greater than 17℃ has been shown to reduce spore formation and germination 

success (Springer et al., 2007; Vadas, 1972). The warmer than average regional SSTs in 2015 

and 2016 (Suchy et al., 2019), may be responsible for the lower presence of kelp in the 

subsequent years (2016, 2017) through reducing spore production and germination (Dayton, 

Tegner, Edwards, & Riser, 1998). Similarly, a one-year lag was shown to be the best predictor of 
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kelp growth and SST in Washington State (Pfister et al., 2018).  Conversely, light availability, 

which also limits kelp growth, is more likely to cause within-year effects on kelp beds(Desmond, 

Pritchard, & Hepburn, 2015). In 2015, positive anomalies in photosynthetic light availability 

were recorded for the Strait of Georgia region, which may help to explain the high kelp presence 

for that year.  

Furthermore, in situ measurements of SST from Cowichan Bay from 2015 to 2017 were on 

average 3oC cooler than those measured for the Strait of Georgia region, indicating that large-

scale temperature anomalies were likely minimized due to the higher currents and stronger 

mixing in this sub-region. Because both nutrient availability and stratification are linked to 

temperature and mixing, this sub-region, particularly Sansum Narrows may experience better 

kelp growth conditions than the region as a whole. This is significant as the persistence of kelp 

populations here may be an important source of spores to adjacent areas and facilitate 

connectivity between habitats (Coleman et al., 2011; Olson, Hessing-Lewis, Haggarty, & Juanes, 

2019; Reed, Schroeter, & Raimondi, 2004).  

3.5. Conclusion 

Using high spatial resolution satellite imagery, temporal and spatial persistence of kelp was 

determined in the coastal waters of British Columbia. In this region, bull kelp showed higher 

persistence in areas with rocky substrate and well-mixed waters. Temporal analysis showed 

declines from 2015-2017, which may be due to local scale effects related to a lag effect from 

anomalous warm temperatures from 2015-2016. 

Limitations of using satellite images for kelp detection include access to images with the 

appropriate spatial, spectral, temporal and physical coverage of the areas of interest, and the 

environmental conditions during acquisition such as tide height, season, sun glint and water 

surface. By using only images with the highest reliability, the resulting classifications show 

higher accuracy (86.9% in relation to field surveys) and acceptable statistical performance 

compared to expected spectral characteristics of kelp for historical images.  

Continuous and long-term mapping is needed to establish relationships between the measured 

persistence and environmental variables and to determine whether declines are long lasting or 

due to natural variability. By utilizing all available imagery sources such as new sensors like 

Sentinel-2 and developing automated processes for detecting kelp, a greater understanding of 
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spatial and temporal drivers can be gained. Monitoring efforts may want to combine large scale 

mapping for broad scale spatial temporal distribution and use this data to select representative 

sites for yearly collection of more detailed data for validation of imagery and biological data. 

This will allow conservation and management initiatives to better understand and mitigate 

impacts to kelp ecosystems.    
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4.0 Investigating the Use of Kelp Habitat by Juvenile Salmon during 

Early Marine Residency 

4.1 Introduction 

On the West Coast of North America, Pacific Salmon (Oncorhynchus spp.) are a significant 

source of prey for many species of birds, fish and mammals across a range of ecosystems from 

rivers and lakes, through estuaries, nearshores habitats and the open ocean (Schindler et al., 

2003). Salmon also serve an important role as suppliers of nutrients to terrestrial systems (Gresh, 

Lichatowich, & Schoonmaker, 2000). Further, there are large economic, cultural, and social 

values of these important species with commercial and sport fisheries earning on average $850-

1996 million USD annually for Canada and the United States, respectively (Gislason et al., 

2017). However, anthropogenic related activities are also the source of many adverse impacts to 

salmon populations, including overfishing (Finney, Gregory-Eaves, Sweetman, & Smol, 2007; 

Gresh et al., 2000), habitat degradation (David et al., 2016; Dethier et al., 2016), pollution 

(Macneale, Kiffney, & Scholz, 2010), introduction of parasites (Krkošek et al., 2007), disease 

(Di Cicco et al., 2018), and impacts of climate change (Finney et al., 2007). Together, this has 

contributed to declines in many Pacific salmon populations  along the coast over the past decades 

(Beamish, Sweeting, Beacham, Lange, & Neville, 2010; Labelle, 2009; Ruff et al., 2017) 

While mortality risks are present for salmon at every life stage, recent research has identified that 

early marine survival is an important predictor of overall survival (Lange, Neville, & Sweeting, 

2011) as a result of bottom up and top down effects. Bottom up effects include habitat 

degradation ( Beamish et al., 2010; Riche et al., 2014) and changes in oceanic conditions such as 

temperature, light and nutrients, which lead to decreased prey abundance and salmon fitness 

(Ruff et al., 2017). Top down effects include increased predation by fish, birds and mammals 

(Lance, Chang, Jeffries, Pearson, & Acevedo-Gutiérrez, 2012).  

As juvenile salmon exit natal rivers and enter the marine environment, the quality of habitat 

encountered is essential for providing adequate food sources and refuge from predators allowing 

for growth, which is one of the main indicators of survival (David et al., 2016; Duffy & 

Beauchamp, 2011). During this phase of growth and transition to marine conditions, salmon 
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disperse from estuarine saltmarshes, traveling along the nearshore where eelgrass and kelp beds 

are the prevalent vegetative aquatic habitats. Where substrate is sandy and currents are weak, 

eelgrass beds in tidal flats provide opportunities for foraging and refuge (Kennedy, Juanes, & El-

Sabaawi, 2018). Along the nearshore region where rocky coastlines dominate, sub-tidal and 

canopy forming macro-algae such as kelp create a three-dimensional habitat providing foraging 

opportunities and refuge from predators and currents (Shaffer, 2004; Teagle et al., 2017). Bull 

kelp (Nereocystis luetkeana) and giant kelp (Macrocystis pyrifera) are two dominant canopy-

forming kelps on the West Coast of North America with distributions ranging from California to 

Alaska. These foundation species form important habitat and have been shown to increase faunal 

diversity and provide important services to nearshore ecosystems (Schiel & Foster, 2015; 

Springer et al., 2007).  Anecdotal reports and a few studies indicate juvenile salmon use kelp 

habitats as either refuge, a feeding source, or both (Shaffer, 2004). However, these studies are 

limited due to the inherent difficulties in sampling within kelp beds. This research aims to 

investigate the use of kelp habitat by juvenile salmon in nearshore areas in the Salish Sea, West 

Coast of Canada. Specifically, we aim to detect potential differences in the density of juvenile 

salmon in kelp-associated areas compared to adjacent areas not associated with kelp, using non-

invasive, non-lethal sampling methods of visual counts via snorkel transects and remote 

underwater video. 

4.2 Methods 

4.2.1 Study Area 

The study area is located in Cowichan Bay, on the East Coast of Vancouver Island in British 

Columbia, Canada (Figure 18). Flowing into Cowichan Bay, the Cowichan River supports wild 

populations of Chinook (O. tshawytscha), Coho (O. kisutch) and Chum (O. keta) salmon. 

Fisheries and Oceans Canada identifies the Cowichan Chinook population as an indicator stock, 

resulting in comprehensive monitoring data including in-river counts, biological sampling in the 

bay using beach and purse seines, and tagging programs used for tracking migration and survival 

rates (Beamish, McCaughran, King, Sweeting, & McFarlane, 2000; Neville, Beamish, & 

Chittenden, 2015). Additionally, hatchery raised Chinook are released in late spring so that the 

timing of juvenile migration from the river is recorded and predictable (Schmidt, Pearsall, 

Riddell, Sucic, & Ewanciw, 2018). 
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Cowichan Bay and the surrounding inter-island narrow passages support a corridor of bull kelp 

beds extending from the north side of the Bay and into Sansum Narrows (Schroeder et al., 2019) 

where several tagging and seining projects have recorded juvenile salmon throughout the 

summer (Beamish et al., 2000; Neville et al., 2015). This region is a characterised by salt marsh 

and eelgrass habitat in the tidal flats of the estuary with rocky shorelines on the north side of the 

bay supporting persistent kelp beds, and gravel and sand shoreline on the southern shores with 

some thin fringing kelp with variable persistence (Schroeder et al. submitted). 

 

Figure 18. Location of sampling sites on the north side of Cowichan Bay, East Coast of Vancouver Island, 

British Columbia, Canada. Green polygons indicate kelp beds mapped by kayak in 2016. 

4.2.2 Field Methods 

Four sampling sites were chosen based on the location of kelp in maps derived from satellite and 

kayak-based methods conducted in August 2016 (Schroeder, Dupont, Boyer, Juanes, & Costa, 

2019) and knowledge gained from tagging programs of where salmon were likely to be found 

(Schmidt et al., 2018). Within each of the four sites, one “kelp” area and one “no-kelp” area was 

designated (Figure 19). Specifically, kelp areas (Kelp) were defined as areas that had been 

mapped with kelp beds at least 60m long and 5m wide. No-kelp areas (Nok) were areas adjacent 

to the kelp area that had a similar rocky shoreline type but where there was no kelp recorded in 
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the 2016 map (Schroeder et al., 2019). Pairing the areas within-site allowed for differences in 

salmon counts caused by sampling conditions, such as exposure to waves, tide height, and time 

of day and physical characteristics to be minimized (Dethier et al., 2016).  

Due to accessibility, tide and weather conditions, each site was sampled by snorkeling and 

remote stationary underwater video, on average once per week from May to August 2017. The 

sample timing was planned to coincide with the known migration of salmon from the Cowichan 

River and the release of hatchery Chinook on April 17th and May 24st. However, kelp beds in 

this region were not present at any of the selected areas until June, and thus the kelp and no-kelp 

areas were sampled during the period before any kelp was present and during growth of the 

plants. The data analysis was therefore separated into two periods (1) “pre-kelp” where both 

Kelp and Nok areas did not contain kelp, from week 1-6 (May 1-June20), (2) “With kelp” 

defined as the time when “kelp areas” had at least 15 plants reaching the water surface which 

occurred at all sites by June 21st (week 7-13).  

4.2.3 Snorkel Data 

Snorkel transects were conducted at each site in the kelp and no-kelp areas along a line running 

through the center of the kelp area parallel to the shore and at the same bathymetry contour for 

the no-kelp area; these are refereed to as the middle transects. Additional transects on the inner 

and outer sides of the kelp area were swum, as well as the corresponding bathymetry contours of 

the no-kelp area (Figure 19). Each transect  was approximately 80-90m in length depending on 

the site and was swum at a slow speed of approximately 0.2 m/s to reduce disturbance to fish 

(Smith, 1988). Following established methodology (Granneman & Steele, 2015; Millar, 

Babcock, & Willis, 2000), all salmon encountered, the approximate fish size, and other 

observations, such as behaviour, were recorded on a dive slate. Other species present were also 

recorded, including invertebrates and other fish. The snorkeler also carried a digital underwater 

camera to aid in fish identification, post survey.   
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Figure 19. Location of snorkel transects, remote 

camera’s and kelp and no-kelp areas within the four 

sampling sites. 

 

4.2.4 Video Data 

As very few studies  had attempted to record salmon in kelp beds (but see Shaffer, 2004), an 

additional method using stationary underwater video was employed to (1) understand the effects 

of snorkeler visual counts on fish behaviour (Dearden, Theberge, & Yasué, 2010) and (2) 

determine if video is a feasible method for studying highly mobile species in the changing 

conditions of kelp beds by comparing video results to snorkel counts.  Cameras attached to 

weighted tripods were placed in the center of the kelp and no-kelp middle transects. Each tripod 

was adjustable for the height of the tide on a given day (max 3.5m) and mounted with two Sony 

HS-A50 underwater cameras, one rear, and one front facing. These cameras could also be rotated 

and moved up or down depending on the conditions when deployed (Figure 20). Camera height 

was adjusted so that they were approximately 45cm below the water surface, as preliminary 

!\ Camera location

Snorkel Transects

Kelp Groundtruth
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observations determined juvenile salmon were primarily found within the top of the water 

column. Cameras were deployed upon arrival to each site and data recorded for approximately 

60 minutes per deployment, which included the time before, during and after the snorkeler was 

in the water allowing for visual analysis of the effect of the snorkeler on the behaviour of the fish 

(Cappo, Harvey, & Shortis, 2006; Mallet & Pelletier, 2014).  

 

  

Figure 20. Image and diagram of remote underwater video tripod. Two cameras facing opposite directions adjustable up 

to 3.5m vertically and 360 degrees depending on orientation of kelp and direction of sun.  

4.3 Data Analysis 

4.3.1 Snorkel Data 

First, salmon count data from the snorkel transects were converted to salmon density in m3 given 

the number of salmon counted per meter of transect, following methods by Shaffer, (2004). 

Subsequently, salmon density data were tested for differences between Kelp and Nok area 

overall, before and with kelp presence, and by transect according to the Paired Wilcoxon Signed 

Rank test with the significance threshold set at 0.05 (Taheri & Hesamian, 2013).   
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4.3.2. Video Data 

In total more than 240 hours of video were recorded and analysed by trained personnel. Using 

methods developed by Ellis and DeMartini (1995), the maximum number (maxN) of fish in a 

given frame was determined by analysing twenty-five minutes of video, from the one hour 

sampling period for each kelp and no-kelp area. Any time fish were in frame, the time, species 

and number of fish was recorded. If the snorkeler appeared in frame, counts were paused for one 

minute before and one minute after to allow any disturbance to be minimized. Additionally, 

frames where kelp obstructed the view by more the 20% were not analyzed. The final maxN 

values are the maximum number of salmon counted in a single frame per sampling period. While 

this method is extremely conservative as it defines the minimum number of fish known to occur 

in a recording, it eliminates the potential for the same fish to be counted multiple times. Using 

the maxN for the paired kelp and no-kelp areas, a relative comparison of the two habitat types 

can be accomplished. Additionally, the use of relative comparisons reduces the effects of the 

visibility, tide and current, which are assumed to be constant between kelp and no-kelp areas 

within a site during a given sampling period, but will change from day to day and over a season. 

Video data were analyzed similarly to snorkel data, except only for the middle transect.  

4.4 Results 

Average salmon density overall and by site, transects and week is summarized in Figure 21. All 

salmon observed in the inner and middle transects and on the video were estimated to be between 

60-100 mm with the exception of the outer transects later in the season (July, August) where 

several fish greater than 120 mm were observed. Other species recorded included shiner perch 

(Cymatogaster aggregata), kelp perch (Brachyistius frenatus), striped sea perch (Embiotoca 

lateralis), bay pipefish (Syngnathus leptorhynchus), tube snout (Aulorhynchus flavidus), sculpin 

(Oligocottus spp.), red rock crab (Cancer productus), kelp crab (Pugettia producta), harbour seals 

(Phoca vitulina), and river otter (Lontra canadensis).  

4.4.1 Snorkel Data 

In total, 2092 juvenile salmon were counted using the snorkel method, of which 1685 were 

recorded in the Kelp areas and 407 in the Nok areas. Paired Wilcoxon Signed Rank tests showed 

that overall there was a significant difference (α =0.05; P << .0001) between salmon density in 

the Kelp and Nok areas. Kelp areas had an average density of 0.15 (0.040) salmon/m3 (mean and 
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SE), while no-kelp areas had an average density of 0.036 (0.012) salmon/m3. Before kelp was 

present, an average salmon density of 0.27 (0.12) salmon/m3 in Kelp and 0.066 (0.34) salmon/m3 

in Nok was recorded. With kelp beds present, there was an average of 0.089 (0.20) salmon/m3 

Kelp and 0.021 (0.0067) salmon/m3 Nok. Specifically, by transect, average densities of salmon 

were 0.18 (0.057) salmon/m3 in the inner (0.32 [0.11] Kelp, 0.036 [0.013] Nok), 0.060 [0.018] in 

the middle (0.070 [0.021] Kelp, 0.050 [0.028] Nok) and 0.030 (0.013) salmon/m3 in the outer 

(0.044 [0.023] Kelp, 0.016[0.011] Nok). The inner transects densities were significantly different 

(P << .001), whereas the middle and outer transects were not significantly different between 

Kelp and Nok areas (P = .18 and P = .53, respectively, Table 10). 

Considering only the data before kelp beds were present (May 4th- June 21st, Weeks 1-6), there 

was a significant difference in overall salmon density between the Kelp and Nok areas (P < .01) 

and the inner transects accounted for this difference (P < .01), while the middle and outer were 

not significantly different. The data collected during the period when kelp beds were present 

show similar results where Kelp and Nok areas were different and this was driven by the inner 

transect (Table 10).  

The average salmon density were greatest at site 3 0.14 (0.066) salmon/m3  (0.24 [0.13] Kelp, 

0.039 [0.016] Nok) followed by sites 1: 0.097 (0.039) salmon/m3 (0.11 [0.045] Kelp, 0.079 

[0.064] Nok), site 4: 0.085 salmon/m3  (0.15 [0.063] Kelp, 0.017 [0.011] Nok) and the lowest 

density at site 2: 0.052 (0.013) salmon/m3 (0.077 [0.023] Kelp, 0.026 [0.012] Nok).   

The salmon density by week (Figure 21d) follows the expected trends in salmon migration as 

defined by the timing of hatchery fish release and recorded from other surveys. Peak densities 

were recorded in week three corresponding to the release of hatchery fish (Figure 21 D) with 

0.64 (0.41) salmon/m3 in kelp areas and 0.19 (0.13) salmon/m3 in Nok. As sampling progressed 

through the season, lower salmon densities were measured in both Kelp and Nok areas (0.00088 

[0.00088] salmon/m3 Kelp and Nok, week 13). 
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Figure 21. Snorkel data for average salmon density per m3 error bars indicate one standard deviation by 

a) Habitat, and Habitat by b) Transect, c) Site and d) Week. Star indicates time when kelp was present 

at surface. Arrows indictae weeks  of hatchery salmon release. April 17th and May 24th. Note: The 

different scales for the y-axis due to the range of values included with the error bars.  

 

Table 10. Results of Paired Wilcoxon Signed Rank Test for Salmon Density measured by Snorkel Survey 

 P value Significance (α = 0.05) 

Overall 

All Transects 5.029e-06 Yes 

Inner 4.958e-06 Yes 

Middle 0.1836 No 

Outer 0.5268 No 

Before Kelp Growth 

All Transects 0.005624 Yes 

Inner 0.003857 Yes 

Middle 0.5049 No 

Outer 1 No 

After Kelp Growth 

All Transects 0.0002797 Yes 

Inner 0.0005901 Yes 

Middle 0.169 No 

Outer 0.4388 No 
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4.4.2 Video Data 

For the Kelp areas maxN ranged from 0 to 113 and the Nok areas maxN ranged from 0 to 45. 

Peak maxN values occurred in week 1 (May 1-7) for both Kelp and Nok areas, with a mean 

maxN of 62.0 (51.0) [mean and SE] for Kelp and 19.0 (19.0) for Nok areas. Before kelp was 

present, the mean maxN for Kelp was 14.1 (7.4) and the mean for Nok areas was 9.0 (3.7). With 

kelp present, the mean maxN for Kelp was 2.6 (0.74) and the mean for Nok areas was 2.5 (0.86). 

Wilcoxon tests of the difference between maxN found a significant difference between Kelp and 

Nok areas overall (P = .038) (Table 11). Further, there was a difference measured before kelp 

beds were present (P= .037) but no significant difference with kelp present (P = .49, Table11).  

MaxN values by site also show a trend similar to the snorkel data, where site 3 had the highest 

maxN 10.3 [5.3], (14.4 [10.1] Kelp, 6.09 [3.48] Nok). Sites 2 showed the opposite effect with an 

average maxN of 2.25 (0.75), (1.42 [0.37] Kelp and 3.08 [1.45] Nok, Figure 22 B). By week the 

peak maxN was recorded in week 1 at the beginning of May with an average maxN of 40.5 

(25.5), (62.0 [51.0] Kelp, 19.0 [19.0] Nok), which may correspond to the first release of fish 

from the hatchery in late April (Figure 22 C). 

Comparing the video data to the analogous snorkel data from the middle transect, a similar 

pattern was observed. Both methods of observation found higher salmon counts in the Kelp areas 

and peaks in salmon number during the “before kelp” phase of the survey in week 1 (video) and 

4 (snorkel) (Figure 22). 
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Figure 22. Average MaxN and one standard deviation by habitat type (A, D), site (B, E) and week (C, D) for video 

data and the analogous average salmon density from the middle transect of snorkel data. Note: Different scales are 

used for the y-axis due to the range in values when including error bars. 

 

Table 11. Results of Paired Wilcoxon Signed Rank Test for maxN of Kelp and Nok areas calculated from 

stationary video data. 

 P-value Significance (α = 0.05) 

Overall 0.03777 yes 

Before kelp 0.03727 yes 

With Kelp 0.4934 no 

4.5 Discussion 

4.5.1 Snorkel vs video survey 

There are advantages of using snorkel surveys in kelp beds, including the ability to maneuver 

through dense plants and decrease disturbance and impacts to both the kelp beds and fish. 

However, several factors must be considered in the analysis of the resulting data. The effect of 

the snorkeler on salmon behaviour was observed through review of the stationary video data. 

Salmon were observed moving away from the snorkeler but returned to their original positions 

within seconds of the snorkeler leaving the video frame. It is possible that due to the 

displacement caused by the snorkeler, the same fish could be recorded multiple times in different 

transects and across the kelp and no-kelp areas. Dearden et al. (2010) found the presence of 
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snorkelers conducting visual fish counts in coral reefs reduced the total fish count; however, this 

was species dependent. Brignon et al. (2011) also found that snorkeler presence disturbed 

juvenile salmon in rivers and resulted in altered fish behaviour but did not change the number of 

fish in the field of view. In our methods, we accounted for the effect of snorkeler disturbance by 

pairing habitat areas with the assumption that the effect would remain the same across the kelp 

and no-kelp areas. By randomizing the order in which transects were swum, the possibility of 

displacing fish to other transects was equalized across transects and habitat areas. Visual count 

methods may also suffer from bias due to the observer’s ability to see and accurately identify 

species at varying distances due to the obstruction by kelp (Weaver, Kwak, & Pollock, 2014).   

Both the snorkel surveys and stationary video surveys may have been impacted by differences in 

the observable area between the kelp and no-kelp areas, where the presence of kelp can obscure 

the frame or reduce the distance and area that can be observed. For the videos, no frames where 

kelp was directly obstructing the view, or frames one minute before, during or one minute after 

the snorkeler entered the FOV were analysed to reduce the impacts of obstruction and 

disturbance on counts. However, the smaller area able to be observed due to the presence of kelp 

may have affected the counts of salmon by both snorkeler and video methods and the counts in 

the kelp areas may be lower as a result.  

While both methods of observation have limitations, snorkel and video techniques are widely 

used in fisheries science (Brignon et al., 2011; Cappo et al., 2006; Duffy et al., 2018; Ellis & 

DeMartini, 1995). For this research, the added complication of sampling within the physical 

structure of kelp beds, which can unpredictably alter the field of view, results in greater difficulty 

determining the difference in habitat types. Snorkel methods seem to be more robust as an 

individual observer can determine their field of view and adjust accordingly, whereas, the 

camera system is static and cannot control for its surroundings. The influence of snorkeler 

presence on fish behaviour is assumed equivalent across habitat types and thus using relative 

differences as a metric rather than absolute abundance should reduce this effect.  

4.5.2 Juvenile salmon: kelp vs no-kelp habitat 

The overall greater salmon density found within kelp areas compared to no-kelp (0.15 salmon/m3 

in Kelp, 0.036 salmon/m3 in Nok) is mostly attributed to the inner transects, which were 

immediately adjacent to the rocky shoreline, indicating this may be a preferential habitat for 
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juvenile salmon. Several studies have found that fish behaviour within kelp habitats varies 

between species, with edges and interiors being preferential to different fish assemblages (Efird 

& Konar, 2013). Shaffer (2004) found that juvenile salmon preferred kelp beds compared to un-

vegetated areas, with the highest salmon density in the middle of beds as it provides a higher 

potential as refuge from predators. Differences in the use of habitat found in this survey may be 

linked to the size and age of salmon, as larger fish tend to be found further from shore and in 

deeper water (Lange et al., 2011). The majority of salmon observed were approximately 100 mm 

in length and located within the top 2 m of the water column. When larger fish (>120mm) were 

observed they were located in deeper water in the outer transects. 

The sampling methods may have contributed to uncertainties in the results, as both snorkel and 

video methods were conducted during daylight hours and calm conditions. Habitats may be 

utilized differently by salmon throughout the day or depending on environmental conditions. All 

surveys were conducted during the day (between 9:30 -18:00), as sampling was constrained by 

the need for adequate light conditions to observe salmon without the use of artificial light. It has 

been shown that using artificial light can affect fish behaviour as either an attractant or deterrent 

depending on the species and may have attracted unwanted predators in this case (Cappo et al., 

2006; Rooper, Williams, De Robertis, & Tuttle, 2015; Ryer, Stoner, Iseri, & Spencer, 2009). 

Additionally, an exploratory snorkel survey conducted at varying hours and light conditions 

(from 6 am to 9 pm) to determine the utility of using artificial light for sampling showed that due 

to the high amounts of particulates in the water, a reduced field of view and an inability to 

observe any fish during low light conditions. Salmon behaviour has been shown to change 

according to the time of day where foraging activities may be limited during daylight hours due 

to higher predation risk, salmon may become more active during nocturnal or twilight hours 

when foraging is less efficient but predation risk is lower (Bradford & Higgins, 2001; Metcalfe, 

Fraser, Burns, & Burns, 1999).   

The horizontal visibility in the water column in the nearshore region sampled during this study 

was recorded from less than 1 m to greater than 6 m in the top 2 m of the water column. This 

visibility changed based on tide direction with incoming tides having higher turbidity, and could 

be patchy within a site. During sampling it was noted that there were often higher levels of 

turbidity near to the shoreline, in those areas where the inner transects occurred. The spatial 



75 
 

patterns of turbidity may partially explain the preference for the inner transects by juvenile 

salmon. Many studies on diel activity have been conducted in river systems where increased 

water turbidity has been shown to reduce predation on juvenile salmon and allow increased 

activity during the day (Gregory & Levings, 2004). 

There may also be an effect of seasonal timing on the patterns described where the highest 

densities of salmon were measured in May (Week 3 May 19-26: 0.64 salmon/m3 in Kelp; 0.19 

salmon/m3 in Nok) and subsequently declined throughout the summer (0.00088 salmon/m3 in 

kelp, 0.00088 salmon/m3 in Nok, week 13 August 18-24) (Figure 21, 22). This is consistent with 

multiple sampling programs in the region that describe the transition of juvenile salmon from the 

nearshore towards deeper water as fish grow and consume larger prey  (Duffy & Beauchamp, 

2011). Throughout the sampling period, salmon observed in the inner transects were of 

consistently similar size (estimated 60-100m), indicating that new juveniles were entering the 

area rather than the same fish remaining in place.  

While peak salmon density occurred in May for both kelp and no-kelp areas, substantial kelp 

presence did not occur until mid June (Week 7, June 15-21st, Kelp 0.10 salmon/m3, 0.045 

salmon/m3). This indicates a potential mismatch in timing, as there were no substantial kelp beds 

when the majority of salmon were present in the nearshore areas. In other areas of the coast, kelp 

beds are observed much earlier in the season and thus may have a greater impact on migrating 

salmon (Pfister et al., 2018). Additionally, beds in Cowichan Bay tend to be small and fringing 

compared with larger beds observed in some areas of the Southern Gulf Islands and on the outer 

coast of Vancouver Island. These areas experience conditions of cooler temperatures and higher 

nutrients (Nijland et al., 2019; Schroeder et al., submitted). The small size of kelp beds in 

Cowichan Bay may reduce the quality of potential habitat and limit effects of kelp on 

provisioning of suitable refuge, nutrient entrainment or dampening of currents (Eckman, 

Duggins, & Sewell, 1989; Teagle et al., 2017).  

There are inherent differences in the physical and environmental characteristics of the kelp and 

no-kelp areas, which likely influence whether kelp will successfully grow in each location. Kelp 

areas were more exposed to waves and exhibited rugose rocky shorelines. Areas of no-kelp also 

occurred beside rocky shorelines, however, wave action in these regions was observed to be 
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lower, and substrate adjacent to the shoreline had sandy substrate. The higher wave exposure in 

the kelp areas is consistent with the biology of bull kelp, as it tends to grow in areas with the 

appropriate rocky substrate and high wave energy which favours the tensile strength of bull kelp 

over other species of algae (Burrows, 2012; Duggins et al., 2001). The higher wave exposure and 

energy here may reduce the vulnerability of salmon to predators that hunt from above, such as 

birds by reducing visibility (Efird & Konar, 2013; Gregory & Levings, 2004).  The inner 

transects of the kelp areas were also associated with higher rugosity than the no-kelp areas. Areas 

with structural complexity, such as highly rugose rocks with creases and crevices were found to 

support greater abundances of small fish and lower abundances of large fish which may indicate 

lower numbers of potential predators or more opportunities for refuge in these areas (Trebilco et 

al., 2015).   

4.6 Conclusion 

Understanding how juvenile salmon interact with kelp beds is the first step in assessing the role 

of these habitats and their importance to salmon survival during the critical early marine growth 

period. This study provides important insight on the potential for sampling salmon in kelp beds, 

finding that it is possible to observe and quantify small juvenile salmon within complex habitats. 

However, methods for quantifying species use of kelp habitats remain challenging to apply due 

to the difficulties of sampling a mobile species within a complex biogenic habitat. Snorkel 

methods provided greater flexibility for sampling in a fluctuating environment, allowing 

adjustments to be made as tides, currents, kelp position, and visibility changed, however the 

presence of the snorkeler may have had an effect on fish behaviour, resulting in lower or 

inaccurate counts. Results of the stationary underwater video methods were limited by inherent 

differences in the area observed caused by the presence of kelp in the camera. The results of this 

study show that there may be preferential use of shorelines bordering kelp beds, which may 

experience higher wave energy due to differences in exposure and offer greater opportunities for 

refuge in the complex rocky outcrops. The use of kelp habitat in this study area may also be 

atypical due to differences in the timing of peak salmon migration and maximum kelp growth as 

well as the small size of kelp beds compared to those in other regions. Further development of 

methods should include the consideration of the size and characteristics of the kelp beds where 

fringing beds may have different effects compared to larger reefs. Future surveys should also 
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consider the timing of kelp bed growth in spring compared to the migration peaks of juvenile 

salmon through selection of appropriate study sites.  
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5.0 Summary and Conclusions 

The goal of this research project was to understand how nearshore kelp habitats are changing and 

how these changes may affect the species, which rely on them, specifically juvenile salmon. 

Methods were developed to detect floating kelp beds using satellite imagery, and kelp beds 

within Cowichan Bay, Sansum Narrows were mapped and changes in persistence were assessed. 

Based on the satellite-mapped kelp extents, non-invasive in-situ surveys of paired kelp and no-

kelp areas were employed to evaluate if juvenile salmon were preferentially using kelp habitats.   

The case study presented in chapter two defines methods for detecting floating kelp canopy using 

satellite imagery based on techniques adapted from other macro-algal studies. The methods 

allowed for mapping small, nearshore, and fringing bull kelp beds through using high-resolution 

imagery (~2.5 m) and optimizing image collection for ideal conditions of low tides, peak 

seasonal growth, minimal sun-glint and water surface roughness. Spectral indices were 

statistically explored in relation to how effective they were in detecting kelp floating on water 

and NDVI, GNDVI and PC1 were found to be the best for separating kelp from other objects in 

the images. Additionally, multiple methods of classification were tested for accuracy in 

classifying kelp with the most accurate results from the supervised minimum distance classifier 

with an accuracy of 90.7%. However, all classifications preformed well, resulting in accuracies 

of 82.0% or higher.  

Chapter 3 used the best methods defined in chapter 2, and a time series of imagery from 2004-

2017 was collected from the DigitalGlobe Foundation’s historical database for defining the kelp 

extent for each year. Due to differences in environmental conditions during acquisition of 

historical satellite imagery, an image reliability index was created whereby parameters including 

tide height, water surface roughness, sun glint, and season were rated. Imagery used for change 

analysis was required to meet a minimum reliability value, reducing the number of images used 

to the years of 2004, 2012, 2015, 2016, 2017. Presence of kelp beds within a defined unit area 

was then developed as a metric for quantifying persistence of kelp over time. Finally, spatial and 

temporal drivers were examined with regard to kelp persistence. Rocky substrate and areas with 

high current had the most persistent kelp beds. Temporally, there was a decline in kelp from 

2015 to 2017, which showed the lowest kelp presence. This decline may have been related to 

anomalous warm sea surface temperatures in 2015 and 2016 resulting in a lag effect where kelp 
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growth in the following years was reduced due to lower spore production or germination. As the 

time series of imagery had a limited span and incomplete coverage, it is difficult to determine 

whether the measured decline is anomalous or within the natural bounds of variation for this 

annual species. 

Chapter 4 utilized the kelp bed extents mapped in chapters 2 and 3 to identify sampling sites for 

evaluating the use of kelp beds by juvenile salmon. These areas were defined as having a kelp 

bed of at least 80 m in length and an adjacent area, which did not have kelp. Paired surveys of 

kelp and no-kelp areas using visual counts by snorkeler were evaluated showing higher densities 

of salmon in kelp associated areas (0.15 salmon/m3) compared to the no-kelp areas (0.036 

salmon/m3). Stationary video was also utilized in order to monitor the effect of snorkeler on 

salmon behaviour and compare the feasibility of evaluating salmon’s use of kelp habitats 

between the two methods. Video methods also found a greater number of salmon in kelp areas 

compared with no-kelp (7.0, 5.0 mean maxN); however, the results of this method have 

uncertainties due to differences in the size of the areas the cameras observed. Interpretation of 

the data is complicated by the seasonal trend in kelp growth since when sampling began in spring 

no areas contained kelp. During this period, the kelp-associated areas still had a greater density 

of salmon compared to the no-kelp areas, suggesting other factors may be driving the trends in 

habitat use. The snorkel surveys found the greatest density of juvenile salmon close to the 

shoreline on the inside edge of kelp beds. This kelp associated area had shorelines that were 

more exposed and contained complex rocky outcrops. 

The results of this research contribute to the growing literature on the importance of nearshore 

habitats to marine species. Understanding how these habitats are distributed and how they are 

changing is key to their management and conservation. Ongoing efforts should be made to 

monitor kelp extent and distribution at various spatial scales and over longer periods to 

understand the bounds of variation and trends of kelp bed growth in response to natural and 

anthropogenic disturbances. Further research should seek to define more clearly the role of the 

nearshore zone and kelp associated areas as a resource for juvenile salmon. The results of the 

juvenile salmon surveys are a foundation to build better understanding of the connections 

between kelp habitats and salmon. The ways in which salmon are interacting with kelp, whether 

for refuge, forage or otherwise should be evaluated as well as the impacts that loss of kelp may 
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have. Improvements will come from using additional techniques such as stable isotope analysis 

and eDNA (Kennedy et al., 2018; Tillotson et al., 2018) to help define the how kelp-based food 

webs are linked to salmon, and expand surveys of salmon habitat use to include crepuscular and 

nocturnal hours.   
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