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Abstract 
 

This study used Landsat data from 1984 to 2021 processed in Google Earth Engine to analyze the 

spatial and temporal pattern of waterbody colour change in Northern Canada. We created biennial 

composite mosaics with the 25th percentile pixel reflectance value from all valid cloud and ice-free 

Landsat pixels over each two-year period from 1984 to 2021. Waterbodies were defined as groups of 

contiguous water pixels from the Global Surface Water dataset greater than one hectare in size. 

According to this definition, a total of 1,453,464 waterbodies were identified and used in this study. 

We defined five optical change indicators: surface reflectance in the blue, green, red, and near-infrared 

bands, as well as turbidity calculated from the red band. The pixel values for each waterbody were first 

summarized zonally into median values for each waterbody in each mosaic, and then temporally, into 

Mann Kendall statistic and Theil Sen slope values of each change indicator for each waterbody across 

all mosaics. The time series statistics for each waterbody were then used as inputs to a random forest 

classifier to assign a value of changed or unchanged to each waterbody in the study area. The model 

classified 22.9% of the waterbodies as changed, with an overall accuracy of 91.8% and an AUC score 

of 0.95. The change was clustered in coastal areas and several inland regions. Each changed waterbody 

was then assigned a year of change based on the year of greatest absolute interannual change in the 

time series of green band reflectance. The pattern across the entire study area showed early peaks of 

change in 1986 and 1994, and more recent smaller peaks of change in 2008, 2012, and 2020. The 

pattern of temporal change was highly variable by region. This study shows promising results for the 

use of remote sensing to monitor waterbody change across very large areas. Furthermore, the methods 

outlined in this paper for creating composite mosaics and classifying waterbody colour can be easily 

modified and applied to new regions. 
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1.   Introduction 
 

Global climate change is disproportionately affecting the Arctic, where warming is estimated to occur 

at nearly quadruple the rate of the global average (Rantanen et al., 2022). This warming causes rapid 

change to northern environments, and understanding these changes and impacts requires frequent, 

large-scale and accurate monitoring of the Arctic environment. This level of monitoring is challenging 

due to the size of the area and lack of infrastructure in the Arctic, particularly for a phenomenon like 

permafrost thaw that is geographically distributed and challenging to map with satellite data.  

 

In northern Canada, thawing permafrost can impact the water quality in inland waterbodies by 

triggering geomorphic activity that releases sediment and organic matter downstream. This increased 

input of terrestrial matter can change the physical and chemical properties of lakes, which can affect 

trophic system dynamics, contribute to increased carbon emissions, and affect human activities that 

depend on clear lake water (Wauthy et al., 2018). Changes to the amount and kinds of particulate 

matter in lakes affects their optical properties and can lead to drastic lake colour change (Graneli, 

2012). Lake colour change has been sporadically identified and studied in Northern Canada (Bouchard 

et al., 2014; Lewkowicz & Way, 2019; Watanabe et al., 2011), but its magnitude, as well as any spatial 

and temporal trends, remains unknown (Wauthy et al., 2018). 

 

Effective monitoring of lakes is useful to understand more far-reaching implications of climate change 

because lakes can function as sentinels of environmental change (Williamson et al., 2008). The 

inaccessibility of much of Northern Canada is a challenge for Arctic scientists studying the rapidly 

changing landscape (Canadian Polar Commission, 2015), and the geographic distribution and 

remoteness of northern lakes in Canada makes large scale monitoring of lake water quality change a 

challenging task. In particular, the spatially and temporally limited coverage of water quality sampling, 

and the temporal variability of the permafrost environment, make traditional monitoring methods cost-

prohibitive to apply to such a large area. However, lake colour change is a phenomenon that can be 

observed from freely available satellite imagery. Landsat satellite imagery has been available at 30-m 

resolution since the launch of Landsat 4 in 1982, and it captures data within the visible bands, making 

it suitable for large-scale and long-term monitoring of lake water. Landsat data can be used to detect 
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differences in water colour and thereby estimate specific water quality parameters such as total 

suspended solids, Secchi disk depth, dissolved organic carbon, chromophoric dissolved organic matter, 

and chlorophyll a concentration (Gholizadeh et al., 2016a).  

 

Identifying areas that are experiencing drastic visible changes may also help provide insight into 

ongoing but less detectable changes (Canadian Polar Commission, 2015). For example, it is likely that 

changes with no optical expression, such as permafrost thaw and greenhouse gas release, are 

happening in tandem with lake colour change, either caused by the same environmental triggers, or as 

an indirect consequence of lake colour change (Williamson et al., 2008). As a result, the detection of 

areas of lake colour change may highlight areas undergoing broader environmental change, which 

could help to focus research efforts into the mechanisms and impacts of climate change in a range of 

scientific disciplines.  

 

In this study we use Landsat imagery to identify the spatial and temporal trends in water colour change 

for northern Canadian waterbodies for the period of 1984-2021. The following sections present a 

review of the literature on Arctic lake dynamics, water quality monitoring, and large-scale remote 

sensing (chapter 2), as well as the study objectives (chapter 3), methodology (chapter 4), and the 

results (chapter 5), before finishing with a discussion (chapter 6) and conclusion (chapter 7). 

2.   Literature Review  
2.1   Warming Arctic and Permafrost Thaw  

2.1.1   Warming Arctic Climate 

The Arctic is warming more rapidly than the global average due to the effects of Arctic 

amplification—a process whereby warming is enhanced relative to lower latitudes as a result of local 

feedback loops (Previdi et al., 2021). Rising temperatures cause sea ice to melt, thus decreasing the 

surface reflectance, or albedo, in the Arctic Ocean. The exposed seawater then absorbs significantly 

more solar insolation than would be the case under normal, ice-covered conditions, leading to further 

warming (McBean et al., 2005). The sensitive snow, ice, and salinity regimes in the Arctic Ocean 

exacerbate this process because small changes in temperature and salinity lead to further degradation 

of sea ice and its consequent effects (McBean et al., 2005). A similar process takes place on land, 

where reduced snow cover leads to increased absorption of sunlight, and hence warming. Increasing 
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temperatures and decreased albedo can also trigger other feedback loops that amplify warming, 

including permafrost degradation that can release greenhouse gases as formerly frozen organic 

material decomposes (Camill, 2005; Turetsky et al., 2019). 

 

Rising temperatures and disruptions to the delicate balance of interconnected systems can cause a 

ripple effect in the Arctic ecosystems. For instance, direct warming and its cascading effects such as 

changes to freeze-thaw cycles, variations in the length of the cold season, and alterations to ice 

formation patterns can strongly impact biological processes (Kattsov et al., 2005; McBean et al., 

2005). The Arctic’s environmental systems interact in both cumulative and contradictory ways; 

positive and negative feedback loops often occur simultaneously making it difficult to identify 

individual contributions and quantify overall impacts (McBean et al., 2005). However, studies have 

already shown how climate change can impact Arctic ecosystems, including by disrupting organism 

niches and forcing migration (Finstad & Hein, 2012; Moore & Huntington, 2008), increasing 

competition for resources (Gilg et al., 2012; Joly et al., 2009), and threatening particularly vulnerable 

species with extinction (Berteaux et al., 2004). 

 

2.1.2   Permafrost Thaw 

Rapid warming in the Arctic is triggering and increasing the rate of the thawing of permafrost, ground 

that remains frozen for at least two consecutive years (Grosse et al., 2013). Above the permafrost is a 

layer of soil that freezes and thaws seasonally, called the active layer. In addition to frozen soil, areas 

of ice-rich permafrost also contain ice wedges that can exacerbate permafrost thaw and landscape 

degradation when they melt (Nelson et al., 2001). This process, and its associated land formations, are 

called thermokarst (Grosse et al., 2013). Sub-zero temperatures inhibit decomposition of organic 

material, but as the ground thaws, organic carbon can be converted into atmospheric carbon dioxide 

via microbial decomposition. Increasing atmospheric carbon dioxide contributes to the greenhouse 

effect, thus contributing to global warming and climate change. Permafrost thaw is a prominent issue 

in the scientific community, but there is no scientific consensus on its magnitude and severity, 

primarily due to lack of data (Turetsky et al., 2019). 

 

Thaw processes are categorized based on their rate of thaw into gradual and abrupt thaw. Gradual thaw 

consists of a deepening of the active layer, and thus thaw of ground that has been frozen for a long 
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time, via slow and steady downward conductive heat flux (Schuur et al., 2008). Abrupt thaw is 

associated with ice-rich permafrost; as ground ice thaws, it causes ground subsidence (Nelson et al., 

2001). Abrupt thaw often occurs on unstable slopes but can also occur on flat landscapes (Olefeldt et 

al., 2016). Though both gradual and abrupt thaw can lead to the decomposition of formerly frozen 

organic carbon and the release of greenhouse gases, abrupt thaw is a more serious issue because it 

involves the rapid release of large quantities of carbon dioxide into the atmosphere (Anthony et al., 

2018).  

 

Permafrost thaw also influences the composition of Arctic lake microbial communities, which is likely 

to affect the functioning of these ecosystems as the climate changes (Comte et al., 2016). Increased 

dissolved organic carbon (DOC) concentrations in lakes can increase microbial respiration and 

decrease photosynthesis because of shading leading to decreased light penetration (Brothers et al., 

2014). The effects of increased DOC on freshwater systems are complicated but can lead to oxygen 

depletion and anoxic conditions (Brothers et al., 2014). Anoxia causes a switch from aerobic to 

anaerobic microbial metabolism, resulting in increased methane production (Deshpande et al., 2015). 

Furthermore, brownification—the colour transition toward brown as a result of increased DOC input—

and anoxia are linked in a feedback loop which can drastically increase greenhouse gas surface 

emissions in lakes (Brothers et al., 2014). 

 

2.1.3   Permafrost Thaw Distribution 

Permafrost thaw is happening across the Arctic, but it is a non-uniform process. Permafrost areas can 

be classified according to their percentage of permafrost: continuous (90-100%), discontinuous (50-

90%), sporadic (10-50%), and isolated (0-10%) (Brown et al., 2002). Permafrost thaw within these 

classes is similarly varied, with some regions thawing rapidly and other thawing slowly (Turetsky et 

al., 2019). These patterns of permafrost distribution and thaw are influenced strongly by latitude, and 

also by local factors including topography, hydrology, vegetation, snow cover, and ground 

composition (Olefeldt et al., 2016; Schuur et al., 2008).  

 

Permafrost thaw caused by disproportionate warming in the Arctic is disrupting the function of 

connected Arctic ecosystems, including microbiological activity leading to greenhouse gas emissions. 

Scientists formerly hypothesized that permafrost thaw would release catastrophic amounts of 
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greenhouse gases to the atmosphere (Camill, 2005). Although the general consensus now is that this 

will happen more slowly than previously feared, permafrost thaw will still alter the Arctic landscape 

considerably (Anthony et al., 2018; Loiko et al., 2017). The rate of permafrost thaw varies across the 

Arctic, with abrupt thaw occurring primarily in thermokarst landscapes (Turetsky et al., 2019). It is 

estimated that 20% of the Arctic is composed of thermokarst landscapes that are vulnerable to abrupt 

thaw (Olefeldt et al., 2016).    

 

Permafrost thaw is difficult to effectively monitor across large geographic extents because direct 

ground monitoring methods are limited by high costs and inconsistent sampling efforts (Duguay et al., 

2005). However, remote sensing techniques can offer some insight into permafrost dynamics. For 

example, recent studies using passive microwave sensors have shown good accuracy for detecting 

thermal stability and identifying permafrost extent (Gao et al., 2020; Park et al., 2016). Given the right 

conditions, multispectral and optical remote sensing can also use land features or surface dynamics as 

proxies to assess permafrost extent and thaw (Fichot et al., 2013; Nitze et al., 2018; Rudy et al., 2013). 

Permafrost is generally difficult to monitor with remote sensing technology because it is a sub-surface 

phenomenon, but in certain environments, particularly thermokarst environments, where permafrost 

thaw releases sediment into nearby water bodies, the change in water quality is detectable by optical 

sensors. Space-based monitoring of changes in water colour and quality can thus act as a proxy for 

identifying broad spatial and temporal trends in permafrost thaw. 

 

2.2   Large Scale Water Quality Monitoring  

2.2.1   Northern Lake Monitoring  

Lakes are a ubiquitous feature of the Arctic landscape, and it is estimated that 25% of the world’s lakes 

occur at high northern latitudes (Lehner & Döll, 2004; Smith et al., 2007). The physical and chemical 

properties of northern lakes differ based on their underlying substrate, formation, depth, and ecology, 

leading to diverse lake conditions (Larsen et al., 2017). Approximately half of northern lakes are 

estimated to be thermokarst lakes, formed from land subsidence due to ice wedge melt (Grosse et al., 

2013). Thermokarst lakes are particularly vulnerable to impacts from permafrost thaw because they 

form in areas of ice-rich permafrost that are prone to abrupt thaw. Though many are old, formed at the 

end of the last ice age, new warming is causing disruptions like retrogressive thaw slumps in areas 

adjacent to these lakes (Kokelj et al., 2005; Walter et al., 2007).  
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Large scope water quality data and monitoring efforts, both traditional and remote sensing-based, are 

limited in northern Canada, despite several efforts (Colombo et al., 2019; French et al., 2014; Lacelle 

et al., 2014; Moquin & Wrona, 2015; Roberts et al., 2017; Vucic et al., 2020). Existing studies 

generally focus on small regions close to existing infrastructure. Traditional methods of water quality 

monitoring are particularly challenging in northern and remote environments because they are labour- 

and travel-intensive where infrastructure is limited. There have been some efforts in recent years to 

develop large scale monitoring efforts, but these notably lack data in the north (Deutsch et al., 2022; 

Huot et al., 2019; Ross et al., 2019). Advances in remote sensing of water quality have improved 

monitoring efforts in remote places. Though the same challenges exist for collecting in-situ sample 

data as with traditional monitoring methods, remote sensing allows for the monitoring of larger areas 

with decreased in-situ data collection requirements. 

 

2.2.2   Remote Sensing of Water Quality 

There is a relationship between the biogeochemistry and the optical properties of water bodies that 

allows for indirect monitoring of water quality from satellite imagery (IOCCG, 2000). These optical 

properties are divided into two categories: inherent optical properties (IOPs) and apparent optical 

properties (AOPs). IOPs are properties of the medium alone, including scattering and absorption 

coefficients, while AOPs are properties of the medium given the geometry of the radiance distribution, 

and for example include reflectance. Both types of properties describe the interaction of a waterbody 

with electromagnetic radiation (EMR), the patterns of which describe the composition of the water 

column, but only AOPs can be observed directly with satellite imagery (Mobley, 2022). 

 

Optically Active Water Constituents 

Water both absorbs and scatters light. Water is highly absorptive in the near-infrared (NIR) and short-

wave infrared (SWIR) regions of the EMR, so most of the water-leaving radiance occurs in the visible 

spectrum (Mobley, 1994).  

 

The optically active constituents of water that primarily contribute to the water-leaving radiance are 

phytoplankton pigment concentration (Chl-a), coloured dissolved organic matter (CDOM), and total 

suspended solids (TSS) (Gholizadeh et al., 2016a; IOCCG, 2000; Mishra et al., 2017). 
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The chlorophyll pigments in phytoplankton absorb radiation primarily in the blue and red portions of 

the EMR spectrum (Gholizadeh et al., 2016a), with the precise absorption spectrum being dependent 

on the specific pigments and taxa of organisms present in the water (Millie et al., 2000). The scattering 

properties of phytoplankton are low relative to their strong absorptive properties (Aas, 1996). 

 

CDOM is the light-absorbing component of dissolved organic material. CDOM absorbance increases 

exponentially with decreasing wavelength, such that it primarily affects reflectance values in the blue 

and green regions of the EMR (Gholizadeh et al., 2016a). CDOM does not significantly contribute to 

scattering (Dall’Olmo et al., 2009).  

 

TSS encompasses sediment, detritus, and microorganisms in the water column, but the suspended 

particulates that contribute to TSS in any one situation can vary widely based on climate, substrate, 

and limnological and ecological processes. The absorption and scattering of TSS is dependent on the 

size, shape, and refractive index of the particles (Bowers et al., 2009; Bratby, 2014). Absorption by 

TSS increases as wavelength decreases, following a similar pattern as CDOM (Abdelrhman, 2017). 

 

The combination of TSS, Chl-a and CDOM, in addition to the water itself, determine overall water 

clarity. Water clarity is commonly quantified using Secchi disk depth (SDD), an in-situ measurement 

technique, and turbidity, a measurement of scattering by all water constituents (Topp et al., 2020). 

Spectral brightness is correlated with water clarity via water quality variables including turbidity, 

Secchi disk transparency (SDT), Chl-a and TSS concentrations (Brezonik et al., 2005; Kloiber et al., 

2002; Lathrop & Lillesand, 1986; Topp et al., 2020).  

 

These variables are used to assess water quality in both ocean water and inland and coastal waters, but 

the methods and techniques for measuring them from satellite imagery depend on the complexity of 

the water bodies. 

 

Case 1 and Case 2 Waters 

For remote sensing purposes, water can be classified into two categories based on its IOPs: Case 1 and 

Case 2 waters (Gordon & Morel, 1983; IOCCG, 2000; Matsushita et al., 2012; Mobley et al., 2004; 
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Morel, 1988; Morel & Prieur, 1977). A current working definition by the International Ocean Colour 

Coordination Group (IOCCG) classifies Case 1 waters as waters where the presence of phytoplankton 

dominates the IOPs, so bio-optical models that ignore suspended sediment and CDOM can work well. 

An estimated 80% of the world’s water, including most open ocean water, are Case 1 waters 

(Matsushita et al., 2012). 

 

The IOPs of Case 2 waters are also substantially influenced by particles other than phytoplankton, like 

suspended mineral particles, and by CDOM. In Case 2 waters, these three components can vary 

independently of each other, which complicates how models need to consider the three elements. Case 

2 waters include most coastal and inland waters (IOCCG, 2000; Matsushita et al., 2012), likely 

including all Arctic lakes.  

 

Modelling Approaches 

There are two primary bio-optical modelling approaches in remote sensing: empirical and semi-

analytical (Topp et al., 2020). Empirical models are based on fitting a regression between in-situ 

measurements of water quality and band ratios or other expressions based on satellite imagery from the 

same time period. These models are simple but non-generalizable and so only apply to the spatio-

temporal environment of the study (Kutser et al., 2001). Semi-analytical (and fully analytical) models 

are physics-based methods that model the inherent and apparent optical properties of the water body in 

order to estimate the optically active water constituents. These models are considerably more 

complicated, but may be theoretically generalizable beyond the scope of the study. Nevertheless, the 

relationships between water quality parameter concentrations and IOPs can vary locally and 

temporally (Kutser 2001, Giardino 2007, from Giardino 2010) in optically complex waters such as 

lakes, making it difficult to create universally applicable analytical models. Despite these 

complications, remote sensing has been used extensively to assess inland water quality since the early 

1970s (Gholizadeh et al., 2016b, 2016a; Matthews, 2011; Topp et al., 2020).  

 

Optically active water constituents, including TSS, Chl-a, and CDOM are often used to assess water 

quality (Gholizadeh et al., 2016a). TSS is a useful indicator of water quality because the concentration 

of suspended organisms and minerals contributes to primary production in the waterbody as well as to 

water clarity (Matthews, 2011). There is no consensus on the best bands or band ratios for identifying 
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TSS (Matthews, 2011) but most algorithms use the red and NIR bands (Östlund et al., 2001). Chl-a can 

also be an indicator of primary productivity in lakes (Matthews, 2011). Band ratios of reflectances 

from broad-band sensors can be used to estimate Chl-a, but there is some variability in its 

effectiveness. Generally, these algorithms use linear regressions of ratios of the red, blue, or NIR 

bands (Lathrop & Lillesand, 1986; Matthews, 2011). Absorption by CDOM is extensively used when 

looking at lake quality because it can be used to estimate dissolved organic carbon (DOC) by 

analyzing the light-absorbing fraction of DOC (which is CDOM) and then use the relationship between 

DOC and CDOM to estimate DOC (Hestir et al., 2015; Kutser et al., 2005; Kutser & Tranvik, 2014; 

Matsuoka et al., 2013; Watanabe et al., 2011). However, the relationship between CDOM and DOC is 

highly variable and needs to be considered when estimating DOC from remote sensing data (Hestir et 

al., 2015). 

 

2.3   Lake Colour Change  

There is no one kind of lake colour change, nor can it be explained by one mechanism. Different types 

of lakes can experience a variety of changes, dependent on their environment, substrate, formation and 

type. However, in Northern Canada, changes in lake colour and clarity can often be attributed to 

permafrost thaw (Wauthy et al., 2018). Lake water quality can be affected by terrestrial sediment that 

is introduced by permafrost thaw nearby or further upstream. For example, retrogressive thaw slumps 

adjacent to lakes have been linked to drastic lake colour change in Northern Canada (Lewkowicz & 

Way, 2019).  

 

Observed lake colour changes in the Arctic span a spectrum of different colours, from clear blue to 

turquoise and brown (Lewkowicz & Way, 2019; Matta et al., 2017; Williamson et al., 2015). Not all of 

these changes can be attributed to an increase in organic material leading to a brown colour 

(“brownification”), but instead the colour variety suggests an overall increase in turbidity caused by 

both organic and inorganic substances. The extent and impacts of lake colour change are important to 

study, especially since the rate of change appears to be linked with warmer temperatures (Lewkowicz 

& Way, 2019), which are expected to continue to rise.  

 

Water colour change is important to study because it is closely related to water quality. Differences in 

the colour of thaw waters have been directly attributed to variations in the concentrations of DOC and 
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non-algal suspended particulate matter (Watanabe et al., 2011). Lake colour has also been used as a 

proxy for total suspended solids using water reflectance in the NIR to categorize lake colour and 

estimate its sediment concentration (Matta et al., 2017). Manual inspection of lake colour in optical 

satellite imagery is also a useful tool to select water sampling locations for further study (Dvornikov et 

al., 2018).  

3.   Study Objectives 
 

Given the rapid and diverse climate-driven changes experienced by northern environments, there is a 

need to understand the temporal and spatial scope of the ongoing changes. Numerous studies have 

shown clear evidence of waterbody colour change in the North, but there has been no quantification of 

the extent of these changes, nor of their spatial and temporal patterns. The goal of this research was to 

assess the spatial and temporal trends in water colour change of waterbodies in Northern Canada by 

answering two main research questions: 

 

1. Can remote sensing be used to identify waterbody colour change in the Canadian Arctic?  

2. What are the spatial and temporal trends in waterbody colour change across the Canadian 

Arctic? 

 

These questions were answered using a big data approach, processing a large volume of Landsat 

satellite imagery with Google Earth Engine. An image compositing method was developed using 

Landsat 5-8 imagery from 1984-2021, the longest earth imaging data record with consistent spatial and 

spectral resolution. Band-specific surface reflectance values were summarized biennially for each 

individual inland waterbody across Northern Canada, defined as all territory north of the 60°N parallel. 

Waterbody colour was then classified as changed or unchanged using a machine learning classification 

based on the time series of reflectance values. This cloud-computing approach allowed for the analysis 

of all available Landsat imagery across the large spatial and temporal scope of the project.  
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4.   Methodology 
4.1   Study Area 

For the purposes of this study, Northern Canada was defined as all Canadian territory north of 60°N 

(Figure 1). The 60th parallel north generally delineates the southern provinces from the northern 

territories, but also includes a small part of northern Quebec. There was no explicit northern boundary 

for the study area, however, the study area functionally excludes most waterbodies north of 75°N 

because multiseason ice cover prevents them from meeting the mosaicking criteria described in 

Section 4.2.5. The study region covers a total area of 4,010,504 km2 and includes an estimated 

1,465,826 waterbodies greater than one hectare (Section 4.2.1).  

 
Figure 1. Study area representing all of Canada north of 60°N. 

Figure 2 and Figure 3 provide geographic context for the expansive study area. Northern Canada is 

divided into five primary physiographic regions based on their topographic features and geology: 

Cordillera, Interior Plains, Arctic Lands, Canadian Shield and Hudson Bay Lowlands (Fulton, 1989) 
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(Figure 2). The geography of Northern Canada is also characterized by the presence of permafrost at 

varying extents and with varying degrees of ice content (Figure 3). 

 

The Canadian Shield physiographic region covers 44% of the study area and contains the majority 

(57%) of waterbodies in the study area. Other regions with significant waterbody coverage are the 

Arctic lands which covers 25% of land area and contains 27% of waterbodies, and the Interior Plains 

which covers 14% of land area and contains 11% of waterbodies. Waterbody density decreases 

significantly in the other physiographic regions; The Cordillera and Hudson Bay Lowlands combine to 

cover 17% of the study area but contain less than 5% of the waterbodies. 

 

 
Figure 2. Northern Canada Physiographic Regions and Sub-regions within the study area. Data from Natural Resources 
Canada (2019). 
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Figure 3. Permafrost extent and ground ice content for study area. Data from Geological Survey of Canada (2022).  

Lake density in Northern Canada is associated with formerly glaciated terrain, permafrost presence, 

and peatland presence (Smith et al., 2007). The dominating lake types in Northern Canada are glacial-

formed shield lakes and thermokarst lakes. The lakes formed by glaciation on the Canadian Shield 

represent a wide range of shapes and morphometries due to selective erosion of the resistant bedrock 

(Vincent & Laybourn-Parry, 2009). Thermokarst lakes are typically shallow lakes resulting from 

depressions formed by thawing ice-rich permafrost (Vincent & Laybourn-Parry, 2009). Other common 

Arctic lake types include wetland ponds, which form as a combination of surface water pooling above 

the permafrost barrier and poor drainage. Beyond the shield, glacial processes including erosion and 

sediment transport resulted in depressions that formed lake basins across Northern Canada (Vincent & 

Laybourn-Parry, 2009).  

 

Northern Canada experiences long cold winters and short cool summers. Temperatures vary widely 

with daily average temperatures (1981-2010) ranging from -40°C in February to +6°C in July in the 
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high north (Eureka, NU, 79.98°N 85.93°W) and from -22°C in January to +17°C in July at lower 

latitudes (Fort Smith, NT,  60.02°N 111.96°W) (Environment Canada, 2022). All lakes in Northern 

Canada experience seasonal ice cover, with some in higher latitudes developing multi-year ice cover 

due to the variability and short duration of the melt season (Furgal & Prowse, 2008). 

 

Northern Canada is very vulnerable to climate change. Within the past few decades there has been 

significant reductions in both spring and autumn snow cover, as well as increased permafrost 

temperature, altering the functioning of hydrological and ecological systems (IPCC, 2019). The 

patterns of permafrost thaw and decline in snow cover are expected to continue over the coming 

decades due to increasing surface air temperature (IPCC, 2019).  

 

4.2   Data and Data Processing 

4.2.1  Waterbody Delineations 

Waterbodies were derived from contiguous regions of inland water pixels from the Global Surface 

Water (GSW) dataset (Pekel et al., 2016). The GSW dataset is derived from the Landsat data 

collection over the same time period as this study (1984-2021). Pixels in the GSW were assigned water 

occurrence values from 0 to 100% based on how often pixels in the Landsat collection at that location 

were classified as water. For this study, waterbodies were defined as groups of 8-connected contiguous 

pixels that have water occurrence values greater than or equal to 80% and are greater than one hectare 

in size. The waterbodies were then overlayed with the Canadian 2016 Census Province/Territory 

Cartographic Boundary (Statistics Canada, 2016) and any waterbodies that intersected with the 

territorial land boundary of Canada (i.e. the coastline) were removed from the analysis to eliminate 

bays, fjords and other coastal pixels. The Mackenzie River system, including Great Bear Lake, Great 

Slave Lake, and other connected lakes was classified as a single waterbody by this process, and was 

subsequently removed from the analysis. 

 

This method for delineating waterbodies included primarily lakes and generally excluded river systems 

because their size and shape precluded them from amassing groups of contiguous 30-m pixels greater 

than one hectare. However, river systems or sections of rivers that met the above description were 

included as waterbodies and are, for the purposes of the study, functionally the same as lakes.   
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4.2.2   Waterbody Colour Change Data 

Waterbodies delineated in the above-mentioned procedure were classified as visually having changed, 

or not, during the period 1984-2021 across seven areas (Figure 4 and Table 1) to train and validate a 

classification model. The Banks Island area uses a sample of waterbodies from across the entire island, 

while Areas 1-6 are rectangular regions between 116 km2 and 385 km2 within which all waterbodies 

were sampled (Table 1). Waterbodies where change type (changed or unchanged) could not be 

determined were removed from the dataset. Areas 2, 3, 6, and Banks Island contained many changed 

waterbodies, while fewer than 0.05% of waterbodies in Areas 1, 4, and 5 were classified as changed. 

 

All waterbodies that changed between 1984 and 2016 on Banks Island (n=288) were identified, 

including year(s) of change, by Lewkowicz & Way (2019) based on visual interpretation of Google 

Timelapse imagery. Changed lakes from the Lewkowicz & Way (2019) dataset that did not coincide 

with waterbodies as defined in this study (see Section 4.2.1) were removed, leaving a total of 256 

changed waterbodies for the Bans Island region. An additional 2% of waterbodies on Banks Island 

were randomly selected and classified for the entire Banks Island region to add unchanged waterbodies 

to the data for this area (n=323). 

 

The rest of the waterbody colour change data was collected via visual interpretation of biennial 

Landsat mosaics (see section 4.3). All waterbodies greater than one hectare within areas 1-6 (Figure 4) 

were classified as changed, unchanged, or uncertain, in the case where a waterbody could not be 

confidently assigned one of the two categories. Only waterbodies classified as changed or unchanged 

were included in the final dataset. As with the Banks Island dataset, the year(s) when each waterbody 

underwent change was also recorded. 

 

The additional six areas were chosen to supplement the Banks Island dataset based on locations where 

a preliminary classification model performed poorly. An initial model based on just the Banks Island 

dataset performed well in regions with lake changes similar to those on Banks Island, such as Victoria 

Island and the Bluenose Moraine area of the Northwest Territories, but performed poorly in areas with  

little or no water colour change, particularly in the central regions of the Northwest Territories and 

Nunavut. The additional areas were thus chosen to represent an increased geographic spread and 

increased variety of waterbody conditions from among the lake-rich regions of Northern Canada.  
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Figure 4. Areas within the northern Canada study area for which waterbodies were visually identified as changed or 
unchanged.  

Areas 1-6 
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The location and environmental context for each of the areas is described below. Coordinates for Areas 

1-6 correspond to the top left corner of the study area bounding box. Except where specified, all areas 

are located within the range of continuous permafrost. 

 

• Area 1 (60.75°N 97.35°W): Located in southern Nunavut, Area 1 is the southernmost training 

and validation area. It is located on the Canadian Shield physiographic region within the Taiga 

Shield ecoregion. The permafrost in this region has medium ice content. The waterbodies are 

primarily dark blue in colour, indicating clear water.  

 

• Area 2 (67.07°N 104.50°W): Area 2 is located in northern mainland Nunavut, in the southwest 

region of Queen Maud Gulf Bird Sanctuary. This area is within the Canadian Shield 

physiographic region. The permafrost in this region has low ice content. The waterbodies range 

in colour from dark blue to turquoise, to light brown, representing a range of turbidity levels.    

 

• Area 3 (67.22°N 125.70°W): Area 3 is located in northern mainland Northwest Territories, 

north of Great Slave Lake and east of Colville Lake. This area is located in the Great Bear 

Plain within the Interior Plains physiographic region, on the border between the Southern 

Arctic and Taiga Plains ecoregions. The permafrost in this region has medium ice content. It 

has rolling terrain and is characteristic of a tundra ecosystem. The waterbodies are primarily 

dark blue in colour, indicating clear water. 

 

• Area 4 (64.01°N 113.32°W): Area 4 is located in central Northwest Territories, north of 

Yellowknife and west of MacKay Lake within the Canadian Shield physiographic region 

within the Taiga Shield ecoregion in a transition area between continuous and discontinuous 

permafrost. The permafrost in this region has low ice content. The waterbodies of this area are 

primarily dark blue with a few dark green waterbodies, indicating mostly clear water.  

 

• Area 5 (70.08°N 94.21°W): Area 5 is located on the southern portion of the Boothia Peninsula 

in northern Nunavut, within the Canadian Shield physiographic region and Northern Arctic 

ecoregion. The permafrost in this region has low ice content. The waterbodies of this area are 

primarily dark blue with a few dark green waterbodies, indicating mostly clear water. 
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• Area 6 (68.62°N 70.24°W): Area 6 is located in central Baffin Island in northeastern Nunavut 

within the Canadian Shield physiographic region and the Northern Arctic ecoregion. The 

permafrost in this region has low ice content. The waterbodies in this area are primarily dark 

blue, indicating clear waters, with some lighter turquoise waterbodies, indicative of higher 

turbidity. 

 

• Banks Island (73°N 121°W): Banks Island is located in the Arctic Lands physiographic region 

and covers both Arctic Coastal Plain and Arctic Lowlands physiographic subregions. All of 

Banks Island is within the Northern Arctic ecoregion. Banks Island is characterized by rolling 

terrain underlain by ice-rich permafrost (medium to medium-high ice content). Waterbodies in 

this region range in colour from dark blue to turquoise to brown. The majority of the 

waterbodies are dark blue and unchanged but there has been notable colour change in 

waterbodies across Banks Island in recent years (Lewkowicz & Way, 2019). 

 

The areas span a range of latitudes, from 60.6°N in Southern Nunavut to the northern tip of Banks 

Island at 74.5°N, to increase the diversity of waterbody images and ensure the dataset is representative 

of the entire study area. There are no areas in the high north or far west of Northern Canada because 

lake density decreases significantly farther north in the Canadian Arctic Archipelago, north of Banks 

Island, as well as west, toward the Cordillera physiographic region.    

 
Table 1. Size and number of classified waterbodies present in each of the seven areas. Classified waterbodies are those that 
could be assigned a value of changed or unchanged based on visual interpretation of their colour from 1984-2021. 

Sample Area Area (km2)* Number of Classified Waterbodies Median Waterbody Size (ha) 

Area1 153 102 5.85 

Area2 340 235 4.45 

Area3 255 205 3.79 

Area4 385 155 7.00 

Area5 116 134 2.78 

Area6 375 158 2.85 

Banks Island 70,028** 579 5.67 

* Values rounded up to nearest whole number 

** A small number of waterbodies were sampled from across all of Banks Island whereas for other areas, all waterbodies within the area were sampled. 
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4.2.3    Landsat Imagery 

Freely available Landsat imagery from Landsat missions 5 (TM sensor), 7 (ETM+ sensor), and 8 (OLI 

sensor) covering the period from 1984 to 2021 was used to assess the temporal trend in waterbody 

colour. Landsat has previously been used to assess inland water quality due to its suitable spatial 

resolution of 30-m, spectral resolution consisting of 7 to 11 bands consistently covering blue (~0.45 

µm) to shortwave infrared (~2.3 µm) wavelengths, and long time-series of freely available data 

(Gholizadeh et al., 2016b; Matthews, 2011; Olmanson et al., 2008; Pahlevan et al., 2019; Wulder et al., 

2019; Zhu et al., 2019). The amount and the temporal span of Landsat imagery makes it particularly 

useful for long-term change detection studies (Wulder et al., 2012). The Landsat archive at 30-m 

resolution (Landsat missions 4-8) extends from 1982 to the present, and both recent and archived 

imagery became freely available in 2008, making it easier to move away from scene-based analyses 

and utilize all available data in time series analyses (White et al., 2014; Woodcock et al., 2008; Wulder 

et al., 2012).  

 

This study used Landsat Surface Reflectance imagery available through Google Earth Engine from the 

United States Geological Society (USGS) archives. Landsat imagery was classified into tiers based on 

the quality of their radiometric and geometric correction. The surface reflectance imagery was 

generated from Tier 1 imagery, using the LaSRC and LEDAPS atmospheric correction algorithms for 

Landsat 8 and Landsat 4-7 imagery respectively (USGS, 2020a, 2020b). Tier 1 products are 

radiometrically corrected and geometrically corrected to within a root mean square error (RMSE) of 

≤12 m by the USGS (USGS, 2019). Using surface reflectance imagery limited the need for additional 

pre-processing and allowed for multi-sensor composite images to be created for this study (Pasquarella 

et al., 2016; Loveland and Dwyer 2012; Markham and Helder 2012). We did not perform any 

additional pre-processing, including normalization across the Landsat sensors because water colour is 

derived primarily from the visible bands, for which changes in sensor response relatively small (Roy et 

al., 2016). All suitable surface reflectance images from the Landsat archive were combined into an 

image collection for the creation of multi-year pixel composite mosaics. 

 

4.2.4   Pixel-Based Image Compositing 

Pixel-based image compositing is an alternative to the scene-based analyses used in traditional remote-

sensing studies. In areas like Northern Canada, with a limited season of usable imagery and frequent 
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cloud presence (Stow et al., 2004), composite imagery allows for better analyses by combining pixels 

from different scenes to create a single high-quality image composite. Such image composites are 

created by applying a series of rules that determine which pixel, from the stack of suitable pixels from 

imagery covering a given time period, should be used for the composite.  

 

Pixel composite mosaics were created for two-year periods spanning 1984 to 2021 (e.g. one mosaic is 

composed of pixels from 1984 and 1985, another from 1986 and 1987, etc.) across Northern Canada 

using the Surface Reflectance products from Landsat TM, ETM+, and OLI sensors available in Google 

Earth Engine. Image collections were compiled from all available Landsat imagery and filtered to 

eliminate unusable pixels. Images with cloud cover over 70% of the image were filtered out to 

eliminate error from geometrically incorrect images due to obscured ground control points (White and 

Wulder 2013). All images were masked for cloud and ice using the CFMask algorithm (Foga et al., 

2017) and pixels with negative values in any band were also masked out. The best pixel was then 

extracted from the remaining pixel stacks to create the composite image, and pixels with no valid 

observations were masked out of the returned image. 

 

Many studies using pixel composites select the best pixel as the one with the highest NDVI value (Van 

Doninck & Tuomisto, 2017). However, NDVI is not suitable as a compositing criterion for all 

landscapes, and especially not for water surfaces. Other methods for selecting the best pixel include 

using scores for sensors, day of year, distance to cloud or cloud shadow, opacity, or statistical 

calculations of the median or medoid (Flood, 2013; Roy et al., 2009; White et al., 2014). This study 

used the 25th percentile of the surface reflectance value to determine the most suitable pixel for the 

composite mosaic images. The 25th percentile value was calculated for all bands separately and 

combined into an aggregate pixel. The resulting pixel thus did not necessarily originate from any one 

image, but was created by combining the 25th percentile reflectance values from each band. The 25th 

percentile was chosen in lieu of the median because of the high likelihood of inclusion of pixels with 

unusually high surface reflectance, mostly from residual snow and ice. The use of the 25th percentile 

served to eliminate pixels with ice and snow (frequent, high reflectance) as well as pixels that are dark 

due to cloud shadows (rare, low reflectance) and thus depict typical surface reflectance in ice-free 

conditions. The optimal percentile value can vary geographically based on the distribution of surface 

reflectance values within the image collection for a given pixel. High-latitude and high-altitude regions 
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may benefit from a lower reflectance percentile (~10%) because of the higher likelihood of including 

very bright snow and ice pixels in the imagery collection, thus biasing the reflectance distribution 

toward bright pixels. Conversely, sloped areas may benefit from a higher percentile (>25%) to avoid 

the inclusion of shadows, which reduce the amount of light reflected off the surface and could bias the 

distribution toward darker pixels. However, substantial visual inspection of image composites across a 

range of environments in the study area showed that the 25th percentile is a compromise that works 

well for the majority of Northern Canada.  

 

4.2.5   Image mosaics 

Figure 5 shows the mosaics of the colour change dataset for Area 2, an area in northern Nunavut. 

Overall, the results for the 25th percentile pixel compositing method are very good, as they succeed in 

creating imagery that is free of clouds, snow, ice, and shadows. However, some regions in certain 

mosaics have missing pixels. The 1984-1985 mosaic from Figure 5 is missing more than half of the 

pixels, and the 1986-1987 mosaic is missing some water pixels, which is consistent with the pattern 

shown in Table 2 where there are more missing pixels in earlier mosaics. These problems are the result 

of a lack of cloud-free and ice-free imagery, likely due to particularly cold or cloudy conditions, 

combined with a general lack of imagery due to poor temporal resolution of Landsat acqusitions in that 

period. However, the brightness of each of the images created from the 25th percentile reflectance 

pixels for each time period is largely consistent, making them suitable for change detection.  

 

Figure 6 shows the number of valid pixels used to create each of the mosaics. Valid pixels come from 

any images in the area with no masked pixels (cloud, ice, negative values). Figure 6 shows that there 

are generally more pixels in later years as temporal resolution improves, particularly with the launch of 

Landsat 7 in 1999 and when Landsat 8 replaced Landsat 5 in 2013. There are also generally more 

pixels in the southern areas of the study area, where there is likely less cloud and ice, and the high 

northern areas, where the orbits converge and improve the temporal resolution. This is particularly true 

for the northernmost point of the Arctic Archipelago where there are no valid pixels in early mosaics 

but the highest numbers of valid pixels toward the end of the time series. In comparison, the more 

central latitudes of the study area, around the southern islands of the Arctic Archipelago, have 

generally fewer valid pixels across the time periods.  
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Figure 5. Biennial mosaics from 1984 to 2021 for Training Area 2 (Lat: 67.07, Lon: -104.50). 
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Figure 6. Valid pixel count used to create final mosaics for all biennial mosaics.  

 

 

1984-1985 1986-1987 1988-1989 1990-1991 

1992-1993 1994-1995 1996-1997 1998-1999 

2000-2001 2002-2003 2004-2005 2006-2007 

2008-2009 2010-2011 2012-2013 2014-2015 

2016-2017 2018-2019 2020-2021 
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Figure 7 shows the variability in mosaic quality for a waterbody classified as changed from the 

northern coast of Somerset Island, Nunavut. The mosaic quality is more variable in the high north due 

to a reduced quantity of images (Figure 6) and thus increased likelihood of inclusion of icy pixels. 

 

 
Figure 7. Shortened time series of colour-changed waterbody from northern Somerset Island, Nunavut. Every-other mosaic 
was excluded for clarity. Mosaic variation in the high north is more variable and some images appear to include pixels with 
a thin layer of ice over the water (2012-2013). Lat: 73.927, Lon: -92.263. 

 

Table 2 shows the percentage of pixels in each mosaic compared to the total water pixels for the same 

area derived from the GSW dataset. Areas with no usable pixels from all imagery for the two-year time 

period, i.e. pixels that were not masked out from cloud or ice, show as blanks in the mosaics. The 

number of missing pixels in each mosaic is highest in the earlier years and decreases considerably in 

the later years to less than 0.6% for all of the mosaics created with imagery after 1997. The highest 

percentage of missing pixels is in the 1984-1985 mosaic where approximately 15% of the water pixels 

were masked out. Other notable mosaics with missing pixels are the 1986-1987 and 1990-1991 

mosaics, which are missing 5.5% and 2.3% respectively.  
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Table 2. Percentage of each mosaic with valid pixels relative to the spatial cover of the Global Surface Water dataset for the 
same extent. The total number of pixels in the Global Surface Water dataset for the study area was 1.098 billion. 

Mosaic Time Period Start Mosaic Time Period End Percentage of Usable Water Pixels 

1984 1985 84.16% 

1986 1987 94.48% 

1988 1989 98.56% 

1990 1991 97.66% 

1992 1993 98.55% 

1994 1995 99.41% 

1996 1997 98.96% 

1998 1999 99.42% 

2000 2001 99.74% 

2002 2003 99.71% 

2004 2005 99.50% 

2006 2007 99.78% 

2008 2009 99.80% 

2010 2011 99.78% 

2012 2013 99.77% 

2014 2015 99.91% 

2016 2017 99.91% 

2018 2019 99.73% 

2020 2021 99.91% 

 

Any waterbodies that were missing all pixel values for more than one year (0.8% of all waterbodies) 

were excluded from the subsequent time series analysis, leaving a total of 1,453,464 waterbodies 

included in the analysis. These lakes were primarily located in the very high north (north of 75°N) 

where multi-year ice was most prevalent.  

 

4.2.6  Water Colour Change Indicators 

This study uses turbidity, estimated using an existing algorithm (Eq. 1) (Dogliotti et al., 2015; Nechad 

et al., 2009) and surface reflectance in the blue, green, red, and NIR bands as change indicators to 

assess waterbody colour change derived from the pixel-composite images. 

 

Observable water colour change manifests itself as a change in brightness, where the transition from 

clear blue waters to murkier water results in a change in reflectance from darker to brighter, and vice 
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versa. This change can be the result of diverse waterbody processes that change the composition of 

optical waterbody components including CDOM, TSS, and Chl-a. Studies have shown that both pixel 

brightness and turbidity are correlated with these optically active water constituents (Brezonik et al., 

2005; Topp et al., 2020). Furthermore, the colour changes are detectable in true-colour imagery and are 

thus observable in the surface reflectance change of the visible light bands of blue, green, and red. 

 

𝑇𝑇 [𝐹𝐹𝐹𝐹𝐹𝐹] =
𝐴𝐴 𝜌𝜌𝑤𝑤(𝜆𝜆)

1 − 𝜌𝜌𝑤𝑤(𝜆𝜆)
𝐶𝐶

 (𝐸𝐸𝐸𝐸. 1) 

 

Where 𝜌𝜌𝑤𝑤(𝜆𝜆) is the surface reflectance value in the red band, A = 289.29 and C =0.1686 based on a wavelength of 

655nm, and FNU (Formazin Nephlometric Unit) is a standard turbidity unit.  

 

The median values of each of the five change indicators were calculated for each waterbody in each 

mosaic, so that each waterbody had 95 indicator values associated with it—one value for each of the 

five change indictors across the 19 biennial mosaics. 

 

4.3   Analysis 

4.3.1  Change Analysis 

The values of the change indicators were aggregated over the time series to assess the trend in spectral 

reflectance and turbidity for each waterbody over time. The time series for each change indicator 

across each waterbody was summarized using the original Mann-Kendall test from the pymannkendall 

package (Hussain & Mahmud, 2019). The Mann-Kendall test is used to detect monotonic trends, i.e. 

whether data in a time series is continuously increasing or decreasing. Its test statistic ranges from -1 to 

+1, indicating the direction and strength of a trend (how consistently they increase or decrease), with 

an associated p-value indicating the trend’s significance, and is commonly used to assess long-term 

trends in satellite imagery (De Beurs & Henebry, 2004; Erasmi et al., 2014; Fraser et al., 2014; Olthof 

et al., 2015).  The Theil-Sen slope is the median of slopes of all lines through paired points that 

represents the magnitude of the linear trend (how much it changes) over the given time period and is 

thus often accompanied with the Mann Kendall test to provide a fuller understanding of the trend. 

After this aggregation, each waterbody has 25 values associated with it: the Mann-Kendall statistic, its 
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associated p-value and variance, and the Theil-Sen slope and intercept for each of the five change 

indicators.   

 
Figure 8. Concept diagram of methodology from time series mosaics to the five time series summary statistics for each 
change indicator (red, green, blue, and near-infrared bands and turbidity). The five time series summary statistics applied to 
each band are expanded in the figure for the blue band.  

 

4.3.2   Random Forest Machine Learning Binary Classification 

The visible changes in waterbody colour across the study area encompass an enormous variety of time 

series trajectories and patterns, best suited to distinction by machine learning supervised classification. 

This study used the random forest algorithm to classify waterbodies as changed or unchanged based on 

the summary time series values of each change indicator. 

 

The random forest classifier is a non-parametric machine learning classification algorithm comprised 

of an ensemble of decision trees that averages the results of individual trees (Breiman, 2001). Each 

decision tree is built using bootstrap aggregating (bagging) of the training data and feature 

randomness. Bagging is the process of selecting a sub-sample of the training data with replacement, 

i.e. each waterbody is added to the subset independently from the other waterbodies of the subset, so 
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an individual waterbody may appear more than once in the subset for a given tree. Feature randomness 

is the random selection of a defined number of model variables, in this case the time series values for 

each band, used to determine the best splitting rule at each node in each tree. The random forest 

classifier has been widely used for landcover classification with time series of satellite imagery (Jin et 

al., 2018; Labuzzetta et al., 2021; Nitze et al., 2015; Noi Phan et al., 2020; Tatsumi et al., 2015). 

 

The waterbody colour change data from the areas described in section 4.1.2 was split 70/30, with 30% 

of the data set aside for testing and 70% used for model training and validation. The 70% used for 

training and validation was split again, with 70% of the data for training and the last 30% for 

validation. Each split was stratified by class and training region to preserve the percentage of samples 

belonging to each class/region. 

 

The training and validation data were used to optimize the random forest hyperparameters (the number 

of trees in the forest, the number of features tested at each node, and the maximum tree depth) by 

iteratively testing a range of values for each and selecting the parameters that showed the best results 

against the validation data. 

 

Once the parameters were optimized, the model was retrained on the combined training and validation 

data, and the test data was used to assess the accuracy of the model. 

 

4.3.3   Temporal Analysis 

The year of change is useful in assessing whether there are any patterns in the timing of waterbody 

colour change. For example, particularly warm years have been shown to be associated with higher 

occurrence of waterbody colour change on Banks Island, associated with increased permafrost thaw 

activity (Lewkowicz & Way, 2019). However, some waterbodies experienced multiple periods of 

abrupt change, or continuous change, resulting in noisy time series with no clear way to always 

attribute change to a single year. To eliminate noise and to simplify the results, changed waterbodies 

are nonetheless assigned a single year of change, determined as the year with the maximum magnitude 

of interannual change in the reflectance of the green band.  
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Figure 9. Time series of median surface reflectance values for five waterbodies on Banks Island (118.05°W 72.96°N) in the 
visible bands: red, green, and blue. 

 

The green band was used because its temporal pattern of change aligned most closely with changed 

waterbodies in preliminary analyses (Figure 9). The preliminary analyses for this study considered 

waterbodies on the eastern coast of Banks Island that were identified as changed in Lewkowicz & Way 

(2019) and plotted their reflectance values in the three visible bands to ascertain whether the change 

could be identified in the time series graphs of red, green and blue reflectances. All three visible bands 

showed similar patterns for the five waterbodies, where reflectance increases as waterbodies change to 

brighter colours (brown for waterbody A and turquoise for waterbodies C and E) indicating that each 

of them could be a useful single indicator of waterbody change for changed waterbodies. However, 

visual examination of the time series patterns for the waterbodies across Banks Island (example 
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waterbodies in Figure 9) indicated that the green band is the most suitable for identifying the year of 

greatest change. In Figure 9, the red band can also be used to distinguish between the three different 

colour profiles shown in the 2012 mosaic (dark blue for waterbodies B and D, turquoise for 

waterbodies C and E and brown for waterbody A), however earlier in the time series around the early 

2000s, it does not differentiate well between the dark blue waterbodies and the changed waterbodies, 

while the green and blue bands do. The blue and green bands generally show similar time series 

patterns, but the difference in reflectance for the different coloured waterbodies cover a larger absolute 

range (0.02 to 0.12) in the green band than in the blue band (0.03 to 0.09), making it easier to visually 

identify the change. 

 

To assess the suitability of this method, the year of maximum interannual change from the surface 

reflectance time series was compared to the list of years recorded as change years in the Banks Island 

training data from Lewkowicz et al (2019), which were summed over the same two-year periods as the 

mosaics used in this study. The magnitude of change could not be reliably determined by visual 

examination of the image time series so all change years were included for comparison, rather than 

attempting to use the year of greatest change identified visually. Banks Island was the only area used 

to assess the viability of this method of temporal analysis because the waterbody changes on Banks 

Island were clear and abrupt with visually obvious differences in colour from one image mosaic to the 

next. The other areas were excluded from this comparison because the waterbody colour change occurs 

more gradually across years, making it difficult to unambiguously assign a single year of change to a 

given waterbody.  

 

Figure 10 compares the automatic detection of the year of greatest change with visual detection of all 

years of change for each waterbody. The manual method had a greater overall number of waterbodies 

because it includes all years where a waterbody visibly changed (n changes = 384) whereas the 

automatic method included only the single year of greatest changes (n changes = n waterbodies = 316). 

Both methods identified the same two years of most change, 1998 and 2012, which demonstrates that 

the automatic detection method matched well with the visual detection of waterbody colour change on 

Bank’s Island. However, there are also notable discrepancies in Figure 10 between the automated and 

manual methods of identifying year of change. The automated method identified waterbody changes 

early in the study from 1990-1994 that are not reflected in waterbodies identified as changed by 
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manual detection. The incongruency in early years was likely due to differences in the methods of 

handling missing pixels, which differed between the mosaicking done in this study and in Google 

Timelapse, used by Lewkowicz et al. (2019) to manually identify waterbody change on Banks Island. 

In this study, biennial mosaics were created to maximize the usable data and areas with missing pixels 

left with no data, while in Google Timelapse missing pixels for a given year are interpolated between 

valid image years (Sargent et al., 2013). The Google Timelapse methodology is visually pleasing but 

can be misleading, suggesting no change when change is present because the pixels in the image were 

derived from other years. This is particularly true for areas with many missing pixels for certain years, 

such as Northern Canada. Another notable discrepancy between the two methods is between 2006 and 

2010, where the manual method identified the most changed waterbodies in 2006, with fewer in the 

next few years, while the automatic method identified the most changed waterbodies in 2008. This 

discrepancy could be due to the two methods not making a direct comparison; the manual method 

included all changes for waterbodies while the automatic method included only the largest magnitude 

change, essentially ignoring other changes. Thus, if a waterbody changed in 2006 but changed more in 

2008, the automatic method would only record change in 2008.  
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Figure 10. Comparison of manual (blue) and automatic (green) detection of year of change for changed waterbodies on 
Banks Island. 2018 and 2020 are excluded to match the Banks Island dataset from Lewkowicz et al (2019), which includes 
only up to 2016. 

 

Despite these discrepancies, the automatic method is clearly a helpful and easily interpretable method 

for assigning a single year of greatest change to colour-changed waterbodies, in order to assess the 

temporal pattern of such change across Northern Canada.  

5.   Results 
 

5.1  Spatial Analysis 

5.1.1  Waterbody Colour Change Classification  

The overall accuracy for the random forest classification was 91.8%, with an AUC score of 0.95. 

Changed waterbodies had a producer accuracy of 78.6%, a user accuracy of 94.2%, and an F1 score of 

0.86, while unchanged waterbodies had a producer accuracy of 97.8%, a user accuracy of 90.9%, and 

an F1 score of 0.94. Generally, the accuracy results showed that the model performs well. There was a 

total of 333,084 waterbodies classified as changed and 1,120,380 waterbodies classified as unchanged. 

The changed waterbodies cover an area of 55,219 km2, representing 17.3% of the total waterbody area 
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in the study region. Figure 11 shows the distribution of changed and unchanged waterbodies (>1 ha) 

by size, and Table 3 shows summary statistics for the changed and unchanged waterbodies. 

 

 
Figure 11. Percentage of changed lakes, with linear trendline (y= -0.0014x + 0.2283), and total number of lakes by 
waterbody size. 95% of waterbodies in the dataset are under 50 ha. 0.38% are over 500 ha (represented by the 500+ bin).  

Table 3. Waterbody size statistics for changed and unchanged waterbodies. 

  All Waterbodies Changed Waterbodies Unchanged Waterbodies 

N (>1 ha) 1453464 333084 (22.9%) 1120380 (77.1%) 

N (>500 ha) 5588 802 (14.4%) 4786 (85.6%) 

Maximum (ha) 487502 487502 421848 

Median (ha) 3.43 3.18 3.51 

Total Area (km2) 318838 55219 (17.3%) 

 

The proportion of changed to unchanged waterbodies across size profiles is higher in in Figure 11 and 

Table 3 show that there is a downward trend in percentage of changed waterbodies as waterbody size 

increases. This trend could be explained by the method in which reflectance was calculated for each 

waterbody and the possible mechanisms of change. Waterbody reflectance values were calculated 

based on the median of all water pixels in the waterbody thus descreasing the impact of small coastal 

change mechanisms on the waterbody’s colour as a whole for larger waterbodies. 
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Table 4 shows the mean accuracy of the classification by area. The accuracy varied slightly across 

areas, ranging from 84.12% to 100% accuracy. These regional results indicate a stronger performance 

in regions with a higher proportion of unchanged waterbodies, owing to the greater accuracy of the 

classifier for the detection of unchanged waterbodies. 

 
Table 4. Regional accuracy results for all training regions used to train the machine learning classification algorithm. 

Sample Area 
Count of Changed 

Waterbodies 

Count of Unchanged 

Waterbodies 
Mean Accuracy (10-fold Cross Validation) 

Area1 0 102 100.00% 

Area2 84 140 91.04% 

Area3 69 136 86.26% 

Area4 6 149 98.75% 

Area5 3 124 97.69% 

Area6 65 92 84.12% 

Banks 256 323 96.03% 

 

 

5.1.2  Spatial Pattern of Change 

Figure 12 shows the result of the classification for all waterbodies in the study area. Areas with many 

waterbodies classified as changed are shown as bright yellow, while regions with many unchanged 

waterbodies are shown in blue. Figure 13 shows the spatial pattern of waterbody change across 

Northern Canada, with waterbodies aggregated into 10km x 10km grids based on the density of all 

waterbodies and the density of changed waterbodies in the study area. Light grey areas are regions 

with very few to no waterbodies. Bright green areas are regions with a low proportion of waterbody 

area relative to the total area of the grid (100km2) but with a high proportion of changed waterbodies. 

Bright blue areas are the opposite: areas with a large proportion of waterbodies where a minority 

changed at some point in the time period (most waterbodies stayed the same). Purple areas are areas 

with a high proportion of waterbodies relative to the total area and a high proportion of those 

waterbodies experienced change.  
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Figure 12. Changed and unchanged waterbodies across Northern Canada represented by their centroid points. Points are 
95% transparent so regions with brighter colours indicate higher waterbody density. Legend symbols enlarged for clarity.  
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Figure 13. Spatial pattern of proportion of changed waterbodies relative to the total number of waterbodies from 1984-
2021. Grids are 10km x 10km. 

There is a clear spatial pattern in the distribution of changed waterbodies across the study area in 

Figure 12 and Figure 13. Most of the very high north (north of 74°N) has low waterbody density but a 

proportionally high density of changed waterbodies (shown in bright green in Figure 13). The regions 

with many changed waterbodies (shown as yellow in Figure 12 and as purple in Figure 13) mostly 

occur in coastal areas, with some prominent clusters on Victoria Island, the area south of the Queen 

Maud Gulf, and the region between Great Bear Lake and Great Slave Lake. Aside from those areas, 

the majority of waterbodies in the continental interior show little change (shown in bright blue in both 

figures).  

 

Figure 14-Figure 17 show the classification results for some of the regions with many changed 

waterbodies, identified above. These sample images show that the classification was successful at 

identifying changed waterbody color in these regions. The waterbodies with clear visual change, going 
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from a dark clear blue colour to a turbid brown, are classified as changed, while adjacent waterbodies 

that stayed visually clear throughout the time period were classified as unchanged. There is some 

discrepancy between the classification and visual appearance of change in the imagery because 

waterbodies are classified as changed based on the entire time series of images while for clarity the 

figures are limited to images from two time periods.  

 

 
Figure 14. Comparison of waterbody colour and classification result near Bluenose Lake, NWT. Waterbodies classified as 
changed are outlined in white and waterbodies classified as unchanged are outlined in grey. Missing pixels show basemap. 
Lat: 68.599, Lon: -119.227. Note that change may have happened in other years than those shown here, so waterbodies 
classified as "changed" despite having similar appearance in 1988-89 and 2014-15 may still be correctly classified. 
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Figure 15. Comparison of waterbody colour and classification result near Lac Levis, NWT. Waterbodies classified as 
changed are outlined in white and waterbodies classified as unchanged are outlined in grey. Lat: 62.503, Lon: -117.700. 

 

 
Figure 16. Comparison of waterbody colour and classification result near Queen Maud Gulf Bird Sanctuary, Nunavut. 
Waterbodies classified as changed are outlined in white and waterbodies classified as unchanged are outlined in grey. Lat: 
67.587, Lon: -97.790 
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Figure 17. Comparison of waterbody colour and classification result on the north-eastern section of Victoria Island. 
Waterbodies classified as changed are outlined in white and waterbodies classified as unchanged are outlined in grey. 
Pixelated region indicates that some interior pixels were excluded from the waterbody extent. Lat: 72.442, Lon: -106.378 

 

5.2   Temporal Analysis 

5.2.1   Temporal Patterns of Change 

Figure 18 shows the distribution of maximum year of change for all changed waterbodies with (a) and 

without (b) the inclusion of the year 1992. The mosaic for 1992-1993 was brighter overall than 1994-

1995, resulting in a false peak of ‘change’ (Figure 18 a) so it was removed from the analysis (Figure 

18 b) to more appropriately distribute the year of maximum change for each waterbody. However, by 

removing 1992 from this portion of the analysis, we also lose the ability to identify waterbodies that 

did actually show real change in 1992 and uses instead the year of second largest change for those 

waterbodies.   

 

The early years show considerably more change than later years, which is possibly influenced by 

increased variation in the quality of the mosaic imagery due to fewer available images (Figure 6). 

However the pattern in later years clearly shows some years with comparatively more change, 

including 2008, 2012, and 2020, while the mosaic quality across those later years is consistent. 
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Figure 19 shows the temporal pattern of the year of greatest change in the green band for all changed 

waterbodies. Waterbodies are represented by their centroids and set to 80% transparency in order to 

show the pattern in regions of high waterbody density. 1986 was excluded to reduce the impact of 

missing pixels in early years (see Figure 6) 

 

 

 
Figure 18. Maximum year of change in the green band for all changed waterbodies (a) including all annual values and (b) 
excluding 1992-1993 prior to differencing. The year shown on the x-axis represents the beginning of the later of the two 
periods used to calculate the difference, e.g. 2020 indicates that the greatest difference in reflectance values happened 
between 2018-2019 and 2020-2021. In b, 1994 indicates the difference between the mosaic values for 1990-1991 and 1994-
1995. 
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Figure 19. Maximum year of change in the green band for all changed waterbodies. The year represents the later of the two 
years used to calculate the difference, e.g. 2020 indicates that the greatest difference in reflectance values for a particular 
waterbody was between 2018 and 2020. 

 

The pattern of temporal change (Figure 19) shows high variability across the entire study area. 

However, there are regions of clear spatial clustering of change timing. There are several clusters of 

orange to red colours at lower latitudes, indicating later colour change, in the central southern portion 

of the study area of Figure 18, as well as around Banks Island and the western coast of Victoria Island. 

There are also apparent clusters of early change in the 1990s (purple) and mid-2000s (green) spread 

out across Northern Canada with no broader-scale pattern. The region south of Queen Maud Gulf 

around the Queen Maud Gulf Bird Sanctuary (QMG) has a high density of waterbodies and appears to 

have a gradient from west to east of primarily green (changes in the mid 2000s) to primarily purple 

(changes in the late 1980s). Another region with high density is the area between Great Slave Lake and 

Great Bear Lake (GSGBL) where there is a cluster of orange (2016) change. Time series of these 

regions show that both the QMG and GSGBL regions experience frequent ongoing change. The 
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distribution of years of change does not show a general temporal gradient from low to high latitudes. 

The spatial distribution of maximum year of change thus appears to be influenced primarily by local 

processes or environmental conditions. 

 

Figure 20 compares the timing of greatest waterbody colour change with the mean July-August air 

temperature for the same area, for the entire area between 60°N and 74°N in orange, Banks Island in 

blue, and the QMG region in red. The temperature trend for all three areas shows regional differences 

in the early half of the study period but follow the same general trend in the latter half of the time 

period, with warm peaks around 2010-2012 and 2016, and colder temperatures around 2014 and 2018. 

The pattern of timing of greatest waterbody colour change is distinct across the three areas. The area 

between 60-74°N has a strong peak in 1994, while the other areas show significant change in early 

years (QMG) and late years (Banks Island). 

 

The comparison with temperature shows some possible connection, particularly for Banks Island, 

where peaks of colour change timing appear to coincide with relatively high summer temperatures for 

1994, 1998, and 2012. However, temperature does not appear to be the sole factor, as peaks in change 

timing are not always associated with temperature peaks, as in 2018 and 2020 for Banks Island, and 

2006 for the red region. While temperature has a well-studied impact on permafrost thaw and thus 

water colour change, this relationship is complex and not obvious from the direct comparison of 

temperature and change timing in Figure 20. 
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Figure 20. Mean July-August temperature and biennial waterbody change counts comparison. Monthly-mean temperature 
(2m) averages retrieved from ERA5-Land dataset post-processed by ECMWF. Both temperature data (average) and count 
of changed waterbodies by year of change (sum) were summarized for each region shown on the map (all of northern 
Canada between 60N and 74N in orange, Banks Island in blue, and the region south of the Queen Maud Gulf (QMG) in 
red) in Google Earth Engine. 
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6.   Discussion 
 

Long time series of high-resolution satellite imagery are essential for monitoring dynamic inland water 

quality changes. The enormous quantity of freely available Landsat data is an exceptional source of 

data for investigating water quality change across large timescales, but data processing can be very 

intensive. Cloud computing resources such as Google Earth Engine allows users to process large 

amounts of data quickly and efficiently, allowing for the development of methodologies to detect 

spatial and temporal patterns across large areas and long time periods with relative ease. Google Earth 

Engine and Landsat data have been widely used for studies quantifying landcover change and 

waterbody dynamics across a large spatial scope (Deines et al., 2019; Dong et al., 2016; Duan et al., 

2020; Fu et al., 2022; Guo et al., 2022; Huang et al., 2017; Noi Phan et al., 2020; Wang et al., 2022; 

Zhou et al., 2019). In this study, we used Landsat data and the processing power of Google Earth 

Engine to assess inland waterbody colour change between 1984 and 2021 across Northern Canada. 

Across this period, we found that 22.9% of all waterbodies in Northern Canada underwent visually 

obvious colour change, and we outlined previously unknown spatial and temporal patterns of such 

change. 

 

6.1 Spatial Patterns of Change 

This study is the first to assess the spatial pattern of inland waterbody colour change across Northern 

Canada. We found strong spatial clustering of colour change, with changes primarily happening along 

coastlines, and with larger clusters of change occurring farther inland on northern Victoria Island, 

along the southern coast of the Queen Maud Gulf (QMG) and between Great Slave Lake and Great 

Bear Lake (GSGBL).  

 

These clusters of water colour change do not share permafrost or physiographic characteristics. They 

are spread across areas with continuous and extensive discontinuous permafrost, and have varying 

levels of ground ice content; Victoria Island lies within a zone of high ground ice content while the 

QMG and GSGBL regions are within zones with low ground ice content. The clusters are also spread 

across several physiographic regions including the Interior Plains, Arctic Lowlands and the Canadian 

Shield.  
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The variety in landscape characteristics across areas with high levels of waterbody colour change 

suggests diversity in the mechanisms and types of changes occurring in these regions. This is 

supported by the variance we see in the time series of reflectance values for individual waterbodies in 

these regions. In regions like Banks Island and Victoria Island, where water colour change has 

previously been correlated with above-average temperatures and adjacent permafrost activity, 

waterbody colour change is usually abrupt, happening over the course of 1-2 years. These waterbodies 

generally experience just one instance of colour change throughout the 1984-2021 period, typically 

from clear blue to turquoise, but some undergo colour change multiple times. In other regions, 

including the QMG and GSGBL regions, the colour change is near-constant throughout the time series. 

These areas have high interannual variability in water colour, and fluctuate between bright and dark, 

often on a year-to-year basis. Unlike Banks Island, the mechanisms of change in these areas are less 

clear and could be the result of permafrost thaw processes or other factors entirely. 

 

The overall accuracy of the random forest classification of changed and unchanged waterbodies is 

good, but there is some variation in how well it identified changed vs. unchanged waterbodies. True 

changed waterbodies are more often misclassified than true unchanged waterbodies (changed producer 

accuracy of 78.6% vs. unchanged producer accuracy of 97.8%). As a result, this study likely 

underestimates the true number of changed waterbodies. However, these findings may be regionally 

biased by the locations of the areas used to train, validate and test the model. These areas were 

geographically distributed among the waterbody-rich regions of the study area, but with Banks Island 

(northernmost point around 74°N) as the northernmost location used for training the model, the sparse 

waterbodies north of Banks Island in the Arctic Archipelago were not represented in the training data. 

Visual inspection of the classification result and biennial imagery for these very high latitude 

waterbodies suggests ice contamination in the images could have led to misclassification of unchanged 

(but regularly ice-covered) waterbodies. Consequently, the classification results for the Queen 

Elizabeth Islands of the Canadian Arctic Archipelago, the cluster of islands north of 74.5°N, should be 

interpreted carefully and with lower confidence.  

 

This points to room for improvement in two areas: the compositing method and the masking of ice. In 

this study, we used a composite pixel method and opted to use a darker-than-median pixel in order to 

minimize ice contamination in the image mosaics. The 25th percentile was chosen because it generally 
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worked well across the entire area, however the inclusion of abnormally bright pixels in the mosaics 

did still occur occasionally. Given the variety of environment types across Northern Canada and the 

steep gradient in temperature between the lower latitudes of Northern Canada (60°N) and the glaciated 

northern tips of the Arctic Archipelago, a one-size-fits-all method may not be the best way to mosaic 

imagery in Northern Canada. The compositing method used in this study is useful for comparing 

imagery objectively between different locations, and thus assessing trends across large areas, but more 

localized or geographically varying compositing methods may be more useful for assessing trends 

within particular areas of interest. Future studies may find more success in applying a more regional 

approach to compositing, based on the ice-free season of a particular area and the range of reflectances 

that are considered normal in those regions.  

 

Alternatively, improvements in masking out thin layers of ice and snow may also improve the 

performance of large-scale studies. In colder locations, waterbody ice-cover sometimes stays year-

round and if those pixels are not properly masked out, the variance between dark pixels with no ice 

and bright pixels with some ice cover can be mistaken as colour change. This study used CFmask to 

eliminate cloud- and ice-contaminated pixels; this is an often-used method, despite variable 

performance. Improved methodologies for masking out snow and ice, particularly thin layers of ice 

overtop waterbodies, would reduce image contamination by icy pixels and avoid misclassification. The 

incorporation of radar data for snow and ice masking in particular could be very useful for higher 

latitudes with shorter or rarer ice-free seasons.  

 

This study considers colour change as a binary process—it is either happening or it is not—but in 

reality water colour change is a dynamic and often gradual process, linked to a waterbody’s 

hydrological and ecological processes and constantly undergoing change. Despite the continuous 

nature of waterbody colour change and the subjectivity of coercing continuous data into categories of 

changed or unchanged, it is useful to apply a threshold to distinguish substantial and meaningful 

change from the minute changes in colour all water bodies experience on a daily basis, identify trends 

in the data on waterbody colour, and link those trends back to the underlying mechanisms of change. 

This study thus categorizes waterbodies as changed or unchanged to identify the spatial and temporal 

patterns of significant colour change. Now that change has been identified in these areas, future studies 
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can further examine the nature and mechanisms of change and how they relate back to physical 

processes in the waterbody and surrounding landscape.  

 

The Mann-Kendall test and Theil-Sen slope are widely used for trend analysis in remote sensing 

(Militino et al., 2020; Thakur et al., 2021) however, they are both primarily used for detecting linear 

trends; the Mann-Kendall test specifically looks for monotonic trends while the Theil-Sen slope 

provides a linear slope through the points of data. This makes them well suited for detecting change 

that occurs consistently in one direction, e.g. when a waterbody becomes increasingly or decreasingly 

reflective over time. However, these metrics may be poor indicators of pulsed or continuous change 

that both increases and decreases a waterbody’s reflectance over time, as when turbidity is constantly 

fluctuating. The results of this study show that despite this potential limitation, the accuracy of the 

classifier is still high for the continuously changing waterbodies in the QMG and GSGBL regions.  

 

6.2 Temporal Patterns of Change 

This study used the single year of greatest reflectance change in the green band to assess the temporal 

pattern of waterbody colour change across northern Canada with some success. This method 

corresponds well with the timing of waterbody colour change on Banks Island where the change 

generally occurs just once and is abrupt, with colour changing substantially from one year to the next. 

However, this method assumes that waterbodies change colour just once and that the brightness levels 

across mosaics are consistent, neither of which are always true.  

 

Identifying single years of change is useful in regions with abrupt distinctive change because it can be 

used to relate the change to environmental factors that may be implicated in the physical processes 

causing it. By contrast, identifying a single year of change is less useful when change is frequent or 

continuous and slow, evolving over the course of many years. In those cases, identifying the single 

year of greatest change could be useful and highlight a year of significant change across many 

waterbodies, but it could also distract from the understanding of colour change as a continuous 

process. 

 

The brightness levels across the biennial image mosaics must be consistent for detected changes in this 

brightness to correspond to environmental changes in the water. The use of a single percentile (in this 
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case the 25th percentile) to create the composite imagery assumes that the distribution of pixel 

brightness is consistent from year to year, and specifically that the 25th percentile allows the composite 

imagery to exclude pixels contaminated by clouds, ice and snow (bright) as well as cloud shadow 

(dark) and reflect the typical water colour of the two-year period. This is a safe assumption when the 

sample size is large, as when there are many ice-free and cloud-free images over the two years from 

which pixels are sampled for the composites, but abnormal conditions, which are likely in years with 

few available images, can bias the overall brightness of the mosaic to be darker or lighter than normal. 

In these cases, a waterbody may not have changed colour from the previous period, but the 

compositing method may be unable to accurately reflect typical water colour across the image mosaic, 

leading to errors in the detection of change, including its timing. This is particularly challenging when 

trying to identify real change in the early years of the study period, when the image mosaics had many 

fewer usable pixels (Figure 6).  

 

Furthermore, it is difficult to assess the accuracy of the automatic method of detecting year of chang 

using the maximum magnitude of interannual reflectance change. Although the human eye is good at 

detecting colour change between images, as was done to train and test the model, it is not very good at 

assessing the magnitude of change relative to other changes, especially if these changes are dissilmilar 

in nature (e.g. from dark blue to brown, vs. dark blue to green), as is necessary to determine the year of 

greatest change. In this study, the distribution of the year of greatest change (i.e. one year of greatest 

change per waterbody) was compared to the distribution of all detected years of change (i.e. greater 

than or equal to one change per waterbody). This showed some congruency between the two, with 

spikes occurring at similar times for both the visual detection of each waterbody change and the 

automatic detection of a single change, but works best when there are few colour changes happening to 

a waterbody over the course of the time series.  

 

Given the known relationship between waterbody colour change and permafrost thaw activity, 

temperature is the most likely contributor to waterbody colour change. However, Figure 19 showed no 

clear relationship between the timing of colour change and the temperature signal for a given area. 

This could be due to a lag between high temperatures and subsequent permafrost activity contributing 

to water colour change, which makes a direct interpretation of Figure 19 difficult. Additionally, the 

best reason to believe that temperature is a factor in waterbody colour change is when increased 
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temperatures lead to permafrost thaw activity and thus higher turbidity. This mechanism would only be 

reflected in changes where brightness increases. However, the year of change in this study is 

determined by an absolute change in brightness, i.e. the waterbody could have increased or decreased 

in brightness in that time, leading to further complexities when interpreting the relationship between 

colour change and temperature. Overall, Figure 19 suggests that while temperature is important, its 

relationship to colour change is complex and is likely just one of many contributing factors to water 

colour change.  

 

6.3 Limitations 

This study demonstrates that water colour change can be successfully detected automatically across a 

very large area, however, the method of using visual detection of colour change to train a model does 

not provide insight into the physical processes causing this change to happen in a given area. Of the 

colour change indicators used to train the classifier, only turbidity is a metric of waterbody 

constituents, the rest are simple surface reflectances in the visible bands. This study was limited by a 

lack of in-situ water quality data for waterbodies in Northern Canada, which would be needed to 

calibrate algorithms to quantify other physical water quality metrics such as Secchi disk depth, 

chlorophyll concentration, total suspended solids, and coloured dissolved organic matter. Other than 

turbidity, at the time of analysis the published methodologies for detecting those waterbody 

constituents across the large spatial scope of this study require calibration with local in-situ data. It 

would be ideal to have in-situ training data for water quality to improve the interpretation of this type 

of automatic detection and attribute colour change to a specific type of change in water quality, which 

is more closely linked to the physical processes underlying change than the colour change itself. The 

collection of water quality data for these purposes would be labour intensive and points to the need for 

more open-source collaboration and sharing platforms for Northern water quality data, akin to Lake 

Pulse in southern Canada and Aquasat in the United States (Huot et al., 2019; Ross et al., 2019).   

7.  Conclusion 
 

This study used a machine learning method to classify waterbodies across Northern Canada as colour-

changed or unchanged since 1984 from cloud- and ice-free Landsat TM, ETM+ and OLI biennial pixel 

composite mosaics created with Google Earth Engine. In total, this study assessed the colour trend in 
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over 1.4 million waterbodies across the 4 million square kilometer study area and found over 330,000 

waterbodies (22.9%) to have changed colour over the period 1984 to 2021. The use of pixel composite 

mosaics, as opposed to individual images, allowed us to maximize the usable data from the entire 

Landsat collection and use a single methodology for assessing colour change across the large spatial 

extent of the study area.   

 

Results show strong spatial clustering of change, particularly in coastal areas and in certain inland 

areas such as the plain between Great Bear Lake and Great Slave Lake. Areas with many waterbodies 

undergoing or having undergone change are geographically diverse, both in terms of their location and 

their permafrost and substrate conditions. The types of colour change were likewise diverse across 

these areas, with some waterbodies undergoing simple and obvious change from one year to the next, 

and others undergoing gradual or continuous change across an extended time period. These findings 

indicate that the processes driving waterbody colour change are likely dependent on diverse local 

factors.  

 

As waterbody dynamics are important indicators of change in northern landscapes, these findings will 

help to improve monitoring efforts and increase understanding of the spatial and temporal patterns in 

the landscape’s response to a rapidly warming northern environment. By identifying clusters of 

significant waterbody colour change across Northern Canada, this study contributes important 

information for the basis of future studies on the local patterns and mechanisms contributing to water 

colour change and other climate-change driven impacts in those regions. The code for this project will 

be made publicly available for transparency and to provide a base framework for future large-scale 

water quality monitoring projects. 
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