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ABSTRACT: Identifying historical trends in surface shortwave (solar) radiation (SSR) is essential for understanding the en-
ergy balance in northern high latitudes and its effects on lake ecosystems undergoing climate-induced changes, such as those in
the Northwest Territories (NWT), Canada. Using Daily Surface Meteorology and Hydrology Data (Daymet) SSR}validated
against CERESmeasurements with anR2 of 0.95}this study quantified SSR trends from 1980 to 2023, investigated the relation-
ship between total cloud cover (TCC) and SSR, and assessed the sensitivity of lake surface water temperature (LSWT) to SSR
changes across continental NWT. TheMann–Kendall trend analysis showed contrasting SSR trends before and after 2000 across
NWT ecozones. Over the 44-yr period, western zones such as the Taiga Cordillera and Taiga Plain exhibited negative SSR
trends of approximately21.4 and20.7 W m22 decade21, respectively, whereas the eastern Taiga Shield showed an increase of
about 10.6 W m22 decade21 (p # 0.05 for most areas). Seasonally, summer SSR trends were mainly negative in western re-
gions and positive in eastern regions, underscoring complex SSR dynamics in NWT. Regarding the influence of TCC on SSR,
Pearson’s correlation analyses using both modeled and in situ TCC observations revealed a moderate-to-high negative correla-
tion, particularly during spring, mainly in central and western NWT, excluding areas near the high-elevation mountainous
boundaries of the Taiga Cordillera and Taiga Plains ecozones. The relationship between LSWT and SSR was varied; small lakes
showed a positive correlation, while medium and large lakes located in the north exhibited negative correlations. Our findings
suggest that lake thermal responses to SSR could be modulated by lake size and location, offering novel insights into NWT lake
energy dynamics essential for NWT communities dependent on lakes and their ecosystems.
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1. Introduction

Incident surface shortwave (solar) radiation (SSR) is en-
ergy from the sun that reaches Earth’s surface, driving both
Earth’s energy balance and the climate system, as well as im-
portant ecological processes (Budyko 1969; Wild 2009). Sev-
eral studies have shown a global decline in annual-mean SSR
(3–9 W m22 decade21) from the 1950s to the 1980s, followed
by an increase (1–4 W m22 decade21) thereafter (Wild 2009;
Yuan et al. 2021). Despite the documented importance of
SSR to Earth’s energy balance and the existence of historical
SSR trends in regions worldwide, long-term temporal changes
in SSR in Arctic regions remain understudied (Cutforth and
Judiesch 2007; Weston et al. 2007; Chiacchio et al. 2010; Yuan
et al. 2021; AMAP 2021). Existing studies, though limited in
number and recency, indicate divergent regional trends: For ex-
ample, Alaska experienced increasing SSR trends from the early
1960s to mid-1970s, followed by a predominant decrease until
the late 1990s (Chiacchio et al. 2010). In contrast, a reduction in

SSR by 2.25% and 2.50% per decade was documented at Alert
and Resolute Bay in Nunavut, respectively, between 1964 and
2003 (Weston et al. 2007).

While external factors such as seasonal changes in Earth’s
orbit and solar output affect the incident SSR in Earth’s
stratosphere, internal factors within the troposphere, such as
water vapor, aerosol type and concentration, and cloud cover,
also play crucial roles in SSR trends and variability at Earth’s
surface (Wild 2009). Variance in SSR is primarily explained
by differences in diurnal temperature range, which influence
cloud formation (Bristow and Campbell 1984). The relation-
ship between cloud cover and incoming SSR is complex, with
different cloud types having distinct effects. Low clouds, for
instance, have higher albedo and reflect SSR, while high-
altitude clouds may allow SSR into the lower atmosphere
(NASA 1999). However, an increase in high-altitude clouds
can trap and then reemit longwave radiation back to the
lower troposphere, leading to higher air temperature (NASA
1999). These processes collectively contribute to the ampli-
fication of climate warming when there is an increase in
high-altitude clouds (NASA 1999; Abe et al. 2016; Box et al.
2019).

SSR also plays a primary driving role in both the hydrologi-
cal cycle (Shook and Pomeroy 2011; Wild and Liepert 2010)
and lake productivity (Tian et al. 2017; van de Poll 2021;
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Adams et al. 2022) in northern regions. For instance, Hinkel
et al. (2012) found that SSR strongly influenced lake near-
surface temperature during summer, resulting in temperature
increases of 1.08–4.08C at two lakes near Barrow, Alaska.
Schmid and Köster (2016) reported that approximately 40%
of the spring and summer lake surface temperature increases
at Lake Zurich, Switzerland, were attributed to increasing
SSR between 1981 and 2013. In the northern latitude regions
of Canada, lakes play a vital role in regional energy balance
due to high heat and energy storage capacity, facilitating the
exchange of heat, energy, and water and regulating evapora-
tion, runoff, and basin water storage (Oswald and Rouse
2004; Rouse et al. 2005). SSR, longwave radiation, and latent
heat fluxes predominantly contribute to the energy budget of
most lakes (Fink et al. 2014; Schmid and Read 2022). How-
ever, our understanding of how lake water temperatures vary
in response to changes in SSR remains limited, despite the
ecological significance of lakes and their potential as indica-
tors of climate warming (Adrian et al. 2009; O’Reilly et al.
2015; Fabris et al. 2020).

Canada’s Changing Climate Report (Bush and Lemmen
2019) acknowledges the importance of SSR as a climate vari-
able but focuses its review on air temperature, precipitation,
and other lake ecosystem indicators during the past five decades
without incorporating SSR trends. This is due to a scarcity of in
situ SSR data, which is a result of the paucity of actinometric
stations and relatively few long-term SSR measurements in
high-latitude regions (Przybylak et al. 2021; Diaconescu et al.
2023). Consequently, long-term trends in global and regional
climate change are determined based largely on surface air tem-
perature, where long-term records are available typically near
areas with higher population density (Arias et al. 2021). Esti-
mates of SSR can be derived from model reanalysis data, re-
mote sensing observations, and spatially interpolated diurnal
temperature-range-based modeled data when in situ measure-
ments of SSR are unavailable (Bristow and Campbell 1984;
Hungerford et al. 1989; Thornton and Running 1999). Tempera-
ture-based SSR models assume that maximum air temperature
decreases with lower atmospheric transmissivity, while mini-
mum air temperature increases with increased cloud cover
(Bristow and Campbell 1984; Hungerford et al. 1989). Con-
versely, clear-sky conditions result in greater maximum air tem-
peratures due to high SSR and minimum air temperatures
decrease due to reduced atmospheric emissivity (Bristow and
Campbell 1984; Hungerford et al. 1989). These temperature-
based SSR estimates closely align with available in situ SSR
data for North America and elsewhere, offering wide spatio-
temporal coverage (Bristow and Campbell 1984; Hungerford
et al. 1989; Hasenauer et al. 2003; Stettz et al. 2019; Thornton
et al. 2021; Yuan et al. 2021), and have been used to character-
ize SSR variability and trends (e.g., Wild 2009; Yuan et al.
2021). However, limited attention has been paid to quantifying
long-term patterns in SSR and the implications of changing
SSR patterns on northern lakes. These temperature-based mod-
els provide extensive spatiotemporal coverage and may help im-
prove our understanding of SSR variability in northern Canada
and its impact on ice-free season lake temperatures, which have
implications for the timing of the freeze-up process on lakes.

As outlined in preceding paragraphs, previous studies have
focused on trends in SSR and lake surface water temperature
(LSWT) on a global and continental scale. However, the high
degree of spatiotemporal variability in these trends (Wild
2009; Yuan et al. 2021; O’Reilly et al. 2015) warrants further
investigation at the regional and local levels at northern high
latitudes. Hence, the objectives of this research are 1) to
quantify the spatiotemporal trends of SSR in continental
Northwest Territories (NWT), Canada, from 1980 to 2023,
2) to explore whether observed changes in SSR can be attrib-
uted to cloud cover, and 3) to evaluate the relations between
LSWT and SSR trends by focusing on lakes in the North
Slave Region (NSR), NWT, as a case study. This research
aims to advance our understanding of spatiotemporal patterns
of SSR and potential implications for lake energy balance dur-
ing the warm season. Detecting and understanding changes in
SSR is crucial, as it significantly influences Earth’s energy bud-
get and may impact the rate at which the atmosphere and lakes
warm. Warming has already impacted the rate of permafrost
thaw and productivity of lakes, both of which have been docu-
mented in the NWT since the 1980s (Kwong and Gan 1994;
Rouse et al. 1997; Kuhn and Butman 2021; DeBeer et al.
2021).

2. Study area

The study area, located in the continental NWT (Canada),
spans seven ecozones from the Boreal Plain at 608N to the
Arctic Ocean at 708N, from the Boreal Cordillera and Taiga
Cordillera in the west to the Taiga Shield and southern Arctic
in the east, covering an area of 1.0 million km2 (Fig. 1). The
region is dominated by Arctic and sub-Arctic continental cli-
mates, characterized by short cool summers and long cold
winters (Phillips 1990). Although much surface water is pre-
sent, this region is considered relatively dry (Phillips 1990).
This can be attributed to low total annual precipitation, aver-
aging between 200 and 400 mm per year, with at least 50%
falling as snow between November and March (Phillips 1990;
Bailey et al. 1997). Summer air temperatures in this region
are highest in July (mean daily air temperature ranging from
78 to 178C) and lowest in January (mean daily air temperature
varies from2298 to2178C) [Environment and Climate Change
Canada (ECCC) 2022]. SSR is at a minimum in winter months
due to the reduced daylight hours and the variable high solar
zenith angle (Bailey et al. 1997). Consequently, the persistence
of snow and ice during this period causes a significant propor-
tion of the incoming solar radiation to be reflected back to the
atmosphere due to the albedo effect (Bailey et al. 1997; Serreze
and Barry 2014). In contrast, during the summer months, when
Earth’s Northern Hemisphere is tilted toward the sun, SSR
reaches its maximum, with June experiencing the highest levels
of SSR (Bailey et al. 1997).

Objective 3 of this study focuses on examining the relation-
ship between SSR and LSWT, with particular emphasis on the
North Slave Region due to its high density of lakes (approxi-
mately 38% of NWT lakes are located in the North Slave Re-
gion; Messager et al. 2016). The North Slave Region comprises
a diverse landscape of forest, grassland and shrubs, wetlands,
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rivers, and lakes, with approximately 24% of the surface area cov-
ered with wetlands, rivers, and lakes (Ecosystem Classification
Group 2009).

3. Data and methods

a. Datasets

Continuous and long-term in situ climate data are spatially
and temporally limited in NWT due to the remoteness and ex-
pansive territory of this northern region (Mekis et al. 2018).
To address this limitation, Daily Surface Meteorology and
Hydrology Data (Daymet) SSR interpolated data (;1-km
grid resolution) fromOak Ridge National Laboratory Distrib-
uted Active Archive (ORNL DDAA) were used. These data
were employed to examine the temporal variation of SSR re-
ceipt across the study area. Additionally, fifth generation Euro-
pean Centre for Medium-Range Weather Forecasts (ECMWF)
atmospheric reanalysis (ERA5) total cloud-cover (TCC) data
(;31-km grid resolution) from the ECMWF were used to de-
termine the correspondence between cloud cover and SSR. To
assess relations between LSWT responses to SSR, Landsat-
derived LSWT data (30-m resolution) were used. These data-
sets were used to understand changing trends in SSR for the
following reasons: 1) They fill the significant gap in in situ obser-
vations by providing continuous and long-term spatiotemporal

data (daily estimates of SSR and ERA5 since 1980 and 16-day
overpass of LSWT data since 1984) and 2) these databases are
freely distributed and easily accessible. Additional details on
these datasets are provided in the following paragraphs.

1) SSR DATA

The Daymet SSR dataset provides estimates of incident
shortwave radiation (srad), which represents the combined to-
tal of direct and diffuse solar radiation received at Earth’s sur-
face. This value is expressed as the average flux density over
the daylight period of each day (Thornton et al. 1997; Thornton
and Running 1999; Thornton et al. 2021). Daymet version 4
data, spanning 1980–2023, were utilized in this study. Thornton
et al. (2021) computed incoming SSR using the Mountain Micro-
climate Simulation Model, version 4.3 (Bristow and Campbell
1984; Hungerford et al. 1989; Thornton and Running 1999).
This model utilizes in situ daily minimum and maximum air
temperature and daily precipitation from ECCC weather
stations, along with other geographic attributes such as ele-
vation, coordinates, and solar zenith angle, to generate SSR
over Canada (Thornton and Running 1999; Thornton et al.
2021). In any given year, at least 1000–1500 in situ Canadian
stations were used in Daymet to develop interpolated gridded
products at 1-km resolution over Canada, but the quantity of
in situ locations in northern Canada was much smaller when

FIG. 1. The map illustrates the study area, highlighting grid points (black dots) defined at a
0.258 3 0.258 (latitudinal and longitudinal) resolution across the NWT to extract spatially consis-
tent pairwise matchups (corresponding pixels) from datasets with varying spatial resolutions.
The map also depicts the ecozones of NWT in distinct colors, with three independent weather
stations marked by red and black circles (Inuvik, Fort Simpson, and Yellowknife). The NSR is
outlined with a dashed black boundary, and the selected lakes within this region are represented
in blue.
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compared with southern Canada. Daymet SSR has a relatively
low mean error [0.02 megajoule (MJ) m22; maximum error of
2.5 MJ m22] compared with SSR in areas with dense networks of
weather stations; however, mean bias increases in areas with
sparse monitoring networks, as expected (Thornton et al. 2000;
Hasenauer et al. 2003; Thornton et al. 2021). Additionally, Day-
met SSR was evaluated against NASA’s Clouds and the Earth’s
Radiant Energy System (CERES) daily solar insolation data
across NWT for the period 2006–23. The analysis revealed highly
consistent seasonal and interannual patterns between Daymet
SSR and CERES, with a correlation coefficient R2 of 0.95 as
outlined in the supplemental figures (Fig. A1a in the appendix).
Additional details on Daymet modeled SSR data generation
and validation can be found in Thornton et al. (1997) and
Thornton et al. (2000, 2021).

In this study, daily Daymet SSR was extracted from grid points
(Fig. 1) across the continental NWT. The daily data were aggre-
gated to compute annual and seasonal average SSR for each
year (1980–2023). The meteorological seasons analyzed were
defined as spring (March–May), summer (June–August), autumn
(September–November), and winter (December–February),
temporally consistent with prior SSR trend studies (Chiacchio
et al. 2010; Yuan et al. 2021).

We selected the year 2000 as a breakpoint to compare the
1980–2000 and 2001–23 trends of SSR based on multiple lines
of published evidence suggesting that significant environmen-
tal transitions occurred in the NWT around this time. For
example, Connon et al. (2014) identified the period from mid-
1990s to early 2000s as a period of pronounced thaw-induced
runoff and hydrological changes, linked to permafrost degrada-
tion. Chasmer and Hopkinson (2017) noted significant changes
in the landscape and the threshold losses of discontinuous per-
mafrost that began around this time, particularly following the
1997–98 El Niño event, which triggered accelerated thaw. Simi-
larly, Haynes et al. (2019) described thaw-induced land-cover
changes, including the rapid transformation of forested peat
plateaus into wetlands at the southern margin of discontinuous
permafrost in northeastern British Columbia and southwestern
NWT, associated with accelerating permafrost loss and accom-
panied by increased runoff reported at several in situ stations
around the turn of the century.

2) TCC DATA

To investigate the influence of cloud cover on modeled in-
coming SSR, ERA5 TCC data were used as they provide spa-
tial coverage across NWT, coincident with Daymet modeled
radiation. ERA5 is the fifth generation ECMWF atmospheric
reanalysis, developed as an improvement from its predecessor
ERA-Interim (Hersbach et al. 2020), which assimilates several
moisture-sensitive satellite channels, thereby improving esti-
mates of cloud-covered areas (Hersbach et al. 2020). ERA5 has
a spatial resolution of approximately 31 km, and data are avail-
able from 1979 to the present at an hourly scale. In this study,
ERA5 total cloud data from 1980 to 2023 were extracted for
the continental NWT to address objective 2. Correlation analy-
ses between Daymet daily SSR and ERA5 daily TCC were con-
ducted separately for each meteorological season (as defined

above) to assess seasonal variations in their relationship. Daily
ERA5 TCC data were also compared with Moderate Resolu-
tion Imaging Spectroradiometer (MODIS) daily cloud fraction
(CLDFR) products from both Terra and Aqua satellites during
the period 2000–23 (Fig. A1b in the appendix). Derived from
level-3 cloud properties products at a 1-km resolution and first
collected by the Terra satellite in 1999, MODIS provides data
on cloud-cover totals, although it covers a shorter historical
period than ERA5. The time series comparison shows that
both datasets effectively capture the temporal variability of
cloud cover, reflected by an R2 value of 0.26 (Fig. A2b in the
appendix). Additionally, to independently evaluate the SSR–

cloud-cover relationship, in situ TCC observations from three
NWT stations}Fort Simpson, Yellowknife, and Inuvik (Fig. 1)}
archived by ECCC for 1980–2020 were analyzed alongside the
modeled ERA5 TCC–Daymet SSR data. The in situ data are
based on frequent (1–3 h) human-estimated observations at
meteorological stations operated by NAV Canada and repre-
sent the line of sight of TCC (Milewska 2004). To visualize the
relationship between Daymet SSR and in situ cloud-cover ob-
servations on a common scale, we normalized the coinciding
daily matchup pairs (corresponding pixels) at these stations
(1980–2020) by converting each variable to z scores or anom-
aly (subtracting the mean and dividing by the standard devia-
tion), enabling them to be plotted together.

3) LSWT DATA

Remotely sensed LSWT data were used to investigate the
variability of LSWT in relation to SSR, as in situ lake water
temperature observations are sparse for lakes in the NWT
(Attiah et al. 2023). Remote sensing is a useful method for es-
timating LSWT, as demonstrated in previous studies (e.g.,
Wloczyk et al. 2006; Dörnhöfer andOppelt 2016; Pareeth et al.
2016; Schaeffer et al. 2018; Sharaf et al. 2019; Vanhellemont
2020; Kheyrollah Pour et al. 2012, 2014a,b). For example,
Pareeth et al. (2016) reported that differences [root-mean-
square error (RMSE)] between satellite-derived thermal and
measured lake surface temperature ranged from 0.388 to
1.288C in a subalpine lake. Huang et al. (2017) found an
RMSE of 0.418C when comparing Landsat-derived and in situ
lake surface temperature for five lakes in Alaska.

In this study, over 500 lakes in the North Slave Region
(Fig. 1) were selected for analysis. These lakes were classified
into three categories based on their surface area: small (,1 km2),
medium (1–100 km2), and large (.100 km2), following the classi-
fication by Rouse et al. (2005). Lake boundaries were obtained
from the HydroLAKES database (Messager et al. 2016). Surface
temperature data were derived from the thermal infrared (TIR)
band of Landsat 5, 7, and 8 between 1984 and 2020 (referred to
as North Slave Region LSWT). A detailed description of the
data generation process can be found in Attiah et al. (2023). A
comparison between the North Slave Region Landsat-derived
LSWT and in situ surface water temperature measurements
from 2014 to 2019 showed a mean bias of 0.128C and an RMSE
of 1.78C (Attiah et al. 2023). To investigate the relationship be-
tween LSWT and SSR, the corresponding Daymet SSR values
for each lake, from its centroid pixel, were extracted, and then,
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Pearson’s correlations were computed over the summertime
series.

All SSR–LSWT pairs are restricted to the core summer
months (June–August) to ensure ice-free conditions. After
applying the quality control steps described by Attiah et al.
(2023)}cloud masking via the Landsat Quality Assessment
(QA) band, a 100-m inward buffer to avoid shoreline mixing,
z-score-based outlier removal, and water-ice pixel classi-
fication}we retained 245 187 daily LSWT records across over
500 lakes (see Fig. A3 for their distribution).

b. Statistical analysis

The statistical analyses in this study were conducted using
Python version 3.8, leveraging several key libraries includ-
ing (geo)pandas for (geo-)data handling; numpy for numeri-
cal operations; rasterio, netCDF4, and arcpy for spatial data
processing; scipy.stats for statistical computations; pymann-
kendall for trend analysis; and matplotlib and seaborn for
visualization.

To determine the significance and rate of change, this study
used the nonparametric Mann–Kendall (MK) test and the
Theil–Sen slope estimator (Mann 1945; Kendall 1970; Yue
et al. 2002). The MK test offers several advantages: It does
not require normally distributed residuals, is less sensitive to
outliers, and is widely used in climatology for detecting mono-
tonic trends, thus enhancing the comparability of our results
with existing literature (Yuan et al. 2021; Diksha et al. 2022;
Wang et al. 2023). Furthermore, in addition to analyzing the
overall period from 1980 to 2023, we performed separate
trend analyses for the 1980–2000 and 2001–23 subperiods,
which addresses uncertainties associated with potential non-
linear behavior and changing environmental conditions over
time. The MK test is utilized to identify trends in time series
data without assuming any specific distribution. It evaluates
the null hypothesis of no trend against the alternative hypoth-
esis of an increasing or decreasing trend. The test statistic,
Kendall’s tau (t), quantifies the strength and direction of the
trend, and the associated p value assesses the significance of
the observed trend (pertaining to the MK test), indicating the
probability that the observed trend occurred by chance under
the null hypothesis. The Theil–Sen estimator calculates the
median slope of all possible pairwise combinations of data
points, providing a robust estimate of the trend slope that is
less sensitive to outliers compared to linear regression (Mann
1945; Kendall 1970; Yue et al. 2002).

For examining the relationships between any two variables
mentioned in this study, we employed Pearson’s correlation
coefficient (Wilks 2006). The p value associated with each cor-
relation coefficient assesses the probability that the observed
correlation occurred by random chance under the null hy-
pothesis of no association between the variables. Here, statis-
tical significance is defined as p # 0.05, unless otherwise
stated. The choice of Pearson’s correlation was motivated by
the continuous and approximately Gaussian distribution of
our daily SSR (Fig. A4) and cloud-cover datasets, making it
more suitable for detecting linear relationships compared to

nonparametric methods such as Spearman’s correlation. Pear-
son’s correlation coefficient r is defined as

r 5
∑(Xi 2 X )(Yi 2 Y)���������������������������������
∑(Xi 2 X )2∑(Yi 2 Y)2

√ , (1)

where Xi and Yi are the individual sample points and X and
Y are the means of the variables.

We conclude this section with Fig. 2, which provides a sche-
matic workflow diagram summarizing the key steps undertaken
in the methodology of this paper. The diagram demonstrates
the datasets used, preprocessing and processing stages, and final
outputs, including technical validations, spatiotemporal trends,
and correlations. The region of interest (ROI) for all processed
outputs is the NWT, except for two outputs focusing on three
meteorological stations within NWT and all lakes in the North
Slave Region; similarly, while the temporal coverage was in-
tended to span from 1980 to 2023 to align with the primary ob-
jective, some outputs exhibit slightly shortened periods due to
limitations in data availability and accessibility. This visualiza-
tion highlights how different datasets and processes were sys-
tematically applied for trend analysis, spatial correlations, and
technical validation, leading to the final outputs presented to
address each objective.

4. Results

a. Characterizing trends in annual- and seasonal-mean
SSR in the NWT

1) ANNUAL-MEAN SSR TRENDS

During the entire 44-yr period from 1980 to 2023, NWT dis-
played a heterogeneous spatiotemporal mosaic of mean annual
Daymet SSR trends, with individual ecozones diverging mark-
edly in both direction and magnitude of change. The Taiga Cor-
dillera ecozone has the greatest long-term decline, with an
overall decrease of 21.4 W m22 decade21, which is approxi-
mately twice the magnitude of reductions observed in the north-
ern Arctic, Taiga Plain, and Boreal Cordillera, each at around
20.7 W m22 decade21 over the same 44-yr window (Fig. 3). The
Taiga Cordillera’s pattern is not uniformly negative. During the
earlier 1980–2000 period, the Taiga Cordillera experienced a pos-
itive mean trend of 11.3 W m22 decade21, with spatial variabil-
ity spanning a wide range (216.3 to 114.4 W m22 decade21;
Fig. 3a), before reversing sharply to 24.3 W m22 decade21 after
2000 (Fig. 3b). This temporal change highlights that even within
a single ecozone, SSR dynamics can undergo dramatic regime
shifts. The Boreal Cordillera ecozone, by contrast, is unique for
its consistently negative SSR trends throughout both time peri-
ods, starting at23.3 Wm22 decade21 in 1980–2000 (Fig. 3a) and
reducing only slightly to 22.9 W m22 decade21 after 2000
(Fig. 3b), underlining persistent low SSR conditions in the
southwestern NWT. Other ecozones reveal different temporal
dynamics. The northern Arctic, which began with a negative
trend (20.8 W m22 decade21) in the 1980–2000 era, shifted to
a positive trend (11.1 Wm22 decade21) in the 2001–23 period.
Similarly, the southern Arctic transitioned from a negligible

P E R SAUD E T A L . 52451 OCTOBER 2025

Unauthenticated | Downloaded 04/28/26 03:31 PM UTC



negative trend (20.2 W m22 decade21) to a modest positive one
(10.3 Wm22 decade21). The Taiga Plain also reversed direction,
shifting from a strongly negative trend (22.1 W m22 decade21)
to a slightly positive trend (10.2 Wm22 decade21). Notably, both
the Taiga Shield andBoreal Plain (located in the southeastern part
of the NWT) saw their long-term SSR trajectories trend positively
over 1980–2023 (Fig. 3c), at 10.6 and 10.2 W m22 decade21, re-
spectively, with the Taiga Shield starting negative and ending posi-
tive and the Boreal Plain undergoing a substantial shift from22.1
to12.0Wm22 decade21 between the two intervals (Table 1).

Over the entire study period, the NWT exhibited a small
negative trend of 20.3 W m22 decade21. A summary of the
statistics discussed here is presented in Table 1, and two sup-
plemental figures (Fig. A4, displaying a ridgeline plot of an-
nual-mean Daymet SSR distributions over NWT from 1980 to
2023, and Fig. A5, showing the time series plot with linear
trend lines) are provided in the appendix.

2) SEASONAL-MEAN SSR TRENDS

The analysis showed distinct and diverse seasonal patterns
in SSR trends that aligned with the seasons and ecozones
across NWT between 1980 and 2023 (Fig. 4). During spring
(Fig. 4a), incoming SSR generally increased in the eastern
ecozones, with the southern Arctic and Taiga Shield exhibiting
positive trends of 10.9 and 11.0 W m22 decade21, respec-
tively. In contrast, the western regions tended toward negative
trends for spring, most notably in the Taiga Cordillera at

22.4 W m22 decade21. A similar spatial pattern occurred in
summer (Fig. 4b), where the Taiga Cordillera (22.8 W m22

decade21) and Taiga Plain (22.6 W m22 decade21) to the
west showed notable declines, while parts of the Taiga Shield,
in the southeast, remained positive (10.4 W m22 decade21).
The highest slope during the warm seasons occurred in the
Taiga Cordillera, with 22.4 and 22.8 W m22 decade21 in
spring and summer, respectively. Within this ecozone, summer
exhibited particularly large spatial variability, ranging from
214.2 to 110.2 W m22 decade21. For the colder seasons, es-
pecially winter (Fig. 4d), no significant overall trends were ob-
served during the past 44 years. Similarly, some ecozones
recorded only small changes even during warmer seasons such as
the Taiga Shield (spring: 11.0 W m22 decade21 and summer:
10.4 W m22 decade21), Boreal Plain in spring (20.2 W m22

decade21), and northern Arctic in spring (10.4 Wm22 decade21).
Across the entire NWT, seasonal trends were generally negligible
or weak, except in summer, where the territorial mean displayed
a decline of 21.6 W m22 decade21. For autumn (Fig. 4c), the
northern Taiga Cordillera exhibited negative mean trends, while
the southern Taiga Cordillera and southern Taiga Shield eco-
zones both showed positive mean trends (11.0Wm22 decade21).
A summary of the statistics discussed here is presented in
Table 2. Note that while our analysis includes all ecozones, we
recognize that SSR estimates in high-elevation regions (Taiga
Cordillera and Boreal Cordillera) may carry greater uncertainty
due to limited in situ calibration points, complex topographic

FIG. 2. Schematic workflow diagram of the methodology, illustrating the datasets utilized and preprocessing and processing steps, along
with their respective inputs and outputs. The cylinders, rectangles, and trapezoids represent the datasets, inputs/outputs, and processes,
respectively. Color-coded markers next to each trapezoid indicate the corresponding datasets used in each calculation step. The types of
reported results}spatial analysis, trend analysis, and correlation analysis}are depicted as maps, time series, and correlation icons, respec-
tively, next to the final outputs. Temporal coverage and the ROI for each output are provided in italicized parentheses.
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shading, and steeper radiative gradients. Even though the
Daymet SSR data are validated against CERES daily solar in-
solation data across NWT, the Taiga Cordillera and Boreal
Cordillera ecozones may exhibit larger model errors than
lower-elevation areas. We therefore interpret these trends
tentatively and recommend viewing them in the context of
the broader spatial variability illustrated in Figs. 3 and 4.

b. Correlation between TCC and SSR

The analysis focused on examining the relationship between
TCC and SSR to determine the extent to which TCC influen-
ces the detected SSR trends (Figs. 5 and 6) across the NWT.
Initially, this relationship was examined at three locations
(Inuvik, Yellowknife, and Fort Simpson) where independent

measurements of in situ TCC data were available. The correla-
tion coefficients were negative at Inuvik (r 5 20.54, p # 0.05),
Yellowknife (r 5 20.57, p # 0.05), and Fort Simpson
(r 5 20.24, p # 0.05) (Figs. 5 and 6), indicating that SSR
decreases as cloud cover increases, as expected. Figure 5 also
shows that in most years when TCC exceeded its long-term
average, SSR was typically below its long-term average and vice
versa. Increasing TCC and decreasing SSR variability were
observed from 2001 through 2020 (ranging from 61 standard
deviation) for Inuvik and Yellowknife when compared to the
remainder of the time series (Fig. 6).

Similar to the relationship between SSR and in situ TCC, the
correlation coefficient between Daymet SSR and ERA5 TCC
was also mostly negative, ranging from 20.45 to 0 (Fig. 7). SSR

FIG. 3. Spatial distribution of SSR trends across the NWT for the periods: (a) 1980–2000, (b) 2001–23, and (c) 1980–2023.
Trends were derived from mean annual Daymet SSR data (native resolution: ;1 km) using the MK test. The color
bar represents the rate of change (Sen’s slope), while shaded areas denote statistical significance (at p# 0.05).
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was negatively correlated with cloud cover, notably during the
spring months, although the relationship was less pronounced
in the rest of the seasons. Strong negative correlations were pre-
dominantly clustered over the Taiga Plains ecozone during
spring, with values lower than 20.40 (Fig. 7). Except for certain
areas in northern and northeastern ecozones, which showed
near-zero correlation, all other ecozones exhibited negative cor-
relations. The overall (for the entire 1980–2023 period) correla-
tion map of ERA5 TCC and Daymet SSR corresponding pixels
is presented in Fig. A6 in the appendix.

We note that our correlations between SSR and TCC use
the daily average TCC from ERA5, which includes both
daylight and nighttime values. Focusing only on midday or
daylight-hour cloud cover could strengthen correlations in
seasons with short days (autumn–spring) by more directly
linking cloudiness to incoming solar radiation. We acknowl-
edge that relying on 24-h averages may introduce some uncer-
tainty and could slightly attenuate correlation magnitudes
outside of summer; however, comparisons of SSR against
both modeled TCC (Fig. 7) and in situ cloudiness (Fig. 6)
yield consistent negative correlations of similar magnitude,
supporting the robustness of our findings.

Furthermore, in high latitudes, outside the summer season,
increased cloud cover can produce a net warming effect at the
surface by enhancing downwelling longwave radiation even as it
reduces incoming SSR. While our SSR–LSWT correlations focus
on the ice-free summer window (June–August), when clouds pri-
marily cool by reflecting shortwave radiation, we recommend
that future work incorporate downward longwave flux from rean-
alysis (e.g., ERA5) to fully capture the radiative impact of clouds
on lake surface temperatures in spring, autumn, and winter.

c. Correlation between SSR and LSWT in the North
Slave Region

In the North Slave Region, characterized by the high den-
sity of lakes, the relationship between SSR and LSWT was ex-
plored. It was observed that approximately 14% of lake areas
exhibited increasing SSR trends, with rates ranging from10.5
to 13.6 Wm22 decade21, while the remaining 86% of lakes
showed decreasing SSR trends, with rates varying from 20.1

to 211.0 Wm22 decade21, between 1984 and 2020 (Fig. 8a).
During the same period, 45% of lakes showed a significant in-
creasing trend of Landsat-derived LSWT, with the rate of
change ranging from11.2 to14.68C (p# 0.05) (Fig. 8b).

The distribution of correlation coefficients indicated spatial
heterogeneities between SSR and LSWT, which might coin-
cide with the northern tree line boundary in the North Slave
Region (Fig. 9a). Positive correlations were primarily found
for lakes in the western part of the region, near Great Slave
Lake (south of the tree line), while negative correlations were
prevalent for lakes in the southern, northern, and easternmost
parts of the North Slave Region (northern tree line). In fact,
91 of the 92 lakes with statistically significant positive correla-
tions lie south of the tree line, whereas 56 of the 57 lakes with
statistically significant negative correlations lie north of it.
Furthermore, small lakes exhibited a stronger positive corre-
lation between SSR and LSWT compared to medium and
large lakes (Fig. 9b). With respect to lake size, 87% of small
lakes (n 5 62) exhibited a positive correlation, whereas 77%
of medium lakes (n 5 464) and 91% of large lakes
(n 5 12) predominantly showed negative correlation between
SSR and LSWT (Fig. 9b). Notably, geographic location rela-
tive to the tree line and lake size do not fully overlap}several
of the medium-to-large lakes with negative correlations lie
south of the tree line}indicating that both spatial position
and lake size must be jointly considered to understand SSR–

LSWT dynamics in the North Slave Region.

5. Discussion

This study analyzed trends in SSR spanning four decades
(1980–2023) across the continental NWT. Multiple data sources,
including Daymet interpolated SSR data, ERA5 reanalysis TCC
data, and Landsat-derived LSWT estimates, were used for analy-
sis. Results indicate a general decrease in mean SSR between
1980 and 2000, followed by an increase in mean SSR in most eco-
zones between 2001 and 2023 (Fig. 3). These SSR trends, in terms
of both directions and magnitudes, align with previous studies
that used other datasets (including in situ data) and focused on
other geographical areas in northern high latitudes during earlier

TABLE 1. Statistics of the mean annual Daymet SSR (Sen’s slope; W m22 decade21) trend magnitude across the NWT and its
ecozones over the analyzed periods. These values are the averages of the pixel trends within each ecozone (NA 5 northern Arctic;
SA 5 southern Arctic; TC 5 Taiga Cordillera; TP 5 Taiga Plain; TS 5 Taiga Shield; BC 5 Boreal Cordillera; BP 5 Boreal Plain;
NWT 5 Northwest Territories). Values in parentheses indicate the range (minimum, maximum) of pixel slopes within each ecozone,
and values in square brackets indicate the percentage of each ecozone’s area where the trend is statistically significant (p # 0.05).

NA SA TC TP TS BC BP NWT

Area (km2) 2351 175 257 83 819 511 664 343 222 5102 16 728 1 138 142
1980–2000 20.8

(21.3, 0.0)
[0%]

20.2
(23.6, 8.3)

[6%]

1.3
(216.3, 14.4)

[6%]

22.1
(213.4, 7.4)

[32%]

21.6
(25.4, 7.3)

[28%]

23.3
(25.5, 1.6)

[42%]

22.1
(23.5, 20.9)

[6%]

21.4
(216.3, 14.4)

[25%]
2001–23 1.1

(0.6, 1.5)
[0%]

0.3
(21.9, 3.6)

[8%]

24.3
(217.6, 0.7)

[39%]

0.2
(215.5, 3.8)

[12%]

1.2
(22.7, 6.1)

[34%]

22.9
(218.8, 1.2)

[22%]

2.0
(0.9, 2.9)
[53%]

0.2
(218.8, 6.1)

[21%]
1980–2023 20.7

(20.8, 20.5)
[0%]

20.2
(22.0, 2.6)

[44%]

21.4
(28.6, 2.1)

[25%]

20.7
(25.7, 0.9)

[34%]

0.6
(20.9, 3.3)

[21%]

20.7
(25.0, 0.1)

[8%]

0.2
(20.2, 0.6)

[0%]

20.3
(28.6, 3.3)

[30%]
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periods (Weston et al. 2007; Wild 2009; Sanchez-Lorenzo et al.
2015; Yuan et al. 2021). Below, we discuss some potential causes
of the observed spatiotemporal patterns in SSR trends and the
implications of warming LSWT on northern communities and
lake ecosystem condition.

a. Causes of observed changes in SSR trends

Long-term SSR trends have been attributed to various drivers
of change within Earth’s climate system (Wild 2009; Chiacchio
et al. 2010; Huang et al. 2019). These drivers include changes in
radiatively reactive gases in the atmosphere, such as water vapor,
changes in aerosol levels, reduction in Arctic Sea ice, variation in

atmospheric–oceanic circulation patterns (e.g., North Atlantic
Oscillation, Pacific decadal oscillation), and changes in cloud
characteristics (Wild 2009; Chiacchio et al. 2010; Huang et al.
2019; Augustine and Capotondi 2022; Chtirkova et al. 2023).
Yuan et al. (2021) found that cloud cover and diurnal tempera-
ture range are the two most important variables in predicting
long-term SSR changes globally. It is expected that an increase
in daytime SSR would lead to a greater difference between
daytime maximum and nighttime minimum temperatures
(Bristow and Campbell 1984). Thus, trends in the diurnal tem-
perature range can be used as a proxy for SSR trends (Bristow
and Campbell 1984).

FIG. 4. Spatial distribution of seasonal SSR trends across the NWT for (a) spring (March–May), (b) summer (June–
August), (c) autumn (September–November), and (d) winter (December–February). Trends were derived from mean
seasonal Daymet SSR data (native resolution: ;1 km) using the MK test over the 1980–2023 period. The color bar
(W m22 decade21) represents the rate of change (Sen’s slope), while shaded areas denote statistically significant
trends (p# 0.05).
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A long-term decrease in the diurnal temperature range has
been observed in Canada since 1950, which has been attrib-
uted to increases in cloud cover (Vincent and Mekis 2006).
Milewska (2004) showed that TCC in NWT increased from
3% to 9% between 1953 and 2002. The results of this study
align with earlier findings, indicating a negative relationship
between cloud cover and SSR from 1980 to 2023 (Fig. 7). This
relationship is consistent with known relationships between cloud
cover and SSR (Twomey 1976; Zhang et al. 1996; Kejna et al.
2021), particularly during the summer (Figs. 6 and 7b) when SSR
reaches its maximum (Box et al. 2019). Additionally, a recent
modeling study by Dong et al. (2023) concluded that changes in
anthropogenic aerosol emissions, greenhouse gas concentrations,
sea surface temperature, and sea ice extent contributed to ob-
served decadal trends in SSR patterns over North America. The
authors identified changes in sea surface temperature and sea ice
extent as primary drivers of cloud-cover trends and SSR (Dong
et al. 2023). Similarly, the observed sea ice reduction and pro-
longed periods of open water in the Beaufort Sea and in the
Mackenzie River basin (Duguay et al. 2006; Box et al. 2019; Heo
et al. 2021) may have resulted in increased local TCC, leading
to reduced SSR in the northern Taiga Plains and northern
Arctic ecozones (Figs. 3 and 4). The Taiga Cordillera ecozone
exhibits the largest range of annual-mean SSR across all
NWT ecozones, as highlighted in Fig. A5, driven by its
mountainous terrain of high average elevation (1394 m) and
dynamic atmospheric conditions, including high wind speeds
(Prowse et al. 2009; Garibaldi et al. 2022). These factors
may contribute to significant SSR fluctuations, resulting in
opposing 1980–2000 and 2001–23 trends (Figs. 3a,b). The
complexity of interpreting SSR patterns in the Taiga Cordillera
underscores the limitations of statistical significance tests such
as the MK test in regions with substantial variability and het-
erogeneity. However, exploring this in more detail is beyond
the scope of the present study.

b. Variability of LSWT in relation to SSR

Results indicate a general decrease in incident summer
SSR in the North Slave Region between 1984 and 2020
(Fig. 8a). However, during the same period, summer LSWT
exhibited an increase of 11.2 to 14.68C (Fig. 8b), which is
substantial relative to the mean and median LSWT of 21.68
and 21.78C, respectively, potentially affecting their thermal
regimes through increased evaporation rates (Rouse et al.
2005). Consequently, it is possible that increased evaporation
has contributed to elevated amounts of local TCC and a sub-
sequent decrease in SSR (Figs. 6 and 7) (Hu et al. 2017). The
difference in the direction of the correlation between LSWT
and SSR in summer in medium and large lakes (negative cor-
relation) versus in small lakes (positive correlation) is likely
driven by the higher heat capacity of medium and large lakes,
which make them less sensitive to changes in SSR (Bailey
et al. 1997). Mechanical mixing by wind in medium and large
lakes (Rouse et al. 2005) can cause cooler subsurface water to
mix with warmer upper lake water, leading to a slower heat-
ing process compared to small lakes and resulting in a delay
of the spring release of latent and sensible heat fluxes (Rouse
et al. 2005). Additionally, recent studies highlight that large
and deep lakes demonstrate a lagged thermal response to ex-
ternal forcings due to their high heat capacity and delayed on-
set of stratification (Woolway and Merchant 2017; Zhang
et al. 2024). These lakes exhibit a longer thermal memory, of-
ten responding to changes in SSR over extended periods. This
phenomenon has also been observed in cold-climate lakes,
where interannual variations in stratification onset signifi-
cantly influence LSWT during summer (Woolway et al. 2021).
Conversely, small lakes, with lower thermal inertia, show rapid
warming patterns due to direct solar inputs, indicated by posi-
tive correlations with SSR (Bailey et al. 1997; Woolway and
Merchant 2017). For example, large lakes near the Central
Mackenzie River basin in the NWT tend to lose heat and
water vapor almost as quickly at night as during the day,

TABLE 2. Statistics of the mean seasonal Daymet SSR (Sen’s slope; W m22 decade21) trend magnitude across the NWT and its
ecozones over the analyzed periods. These values are the averages of the pixel trends within each ecozone (NA 5 northern Arctic;
SA 5 southern Arctic; TC 5 Taiga Cordillera; TP 5 Taiga Plain; TS 5 Taiga Shield; BC 5 Boreal Cordillera; BP 5 Boreal Plain;
NWT 5 Northwest Territories). Values in parentheses indicate the range (minimum, maximum) of pixel slopes within each ecozone,
and values in square brackets indicate the percentage of each ecozone’s area where the trend is statistically significant (p # 0.05).

NA SA TC TP TS BC BP NWT

Area (km2) 2351 175 257 83 819 511 664 343 222 5102 16 728 1 138 142
Spring

(1980–2023)
0.4

(0.2, 0.5)
[0%]

0.9
(22.8, 6.0)

[26%]

22.4
(220.6, 3.1)

[26%]

20.7
(216.2, 3.4)

[6%]

1.0
(21.5, 4.5)

[8%]

20.5
(211.8, 2.5)

[6%]

20.2
(21.5, 0.5)

[0%]

20.1
(220.6, 6.0)

[12%]
Summer

(1980–2023)
22.1

(22.4, 21.7)
[0%]

21.5
(26.8, 4.5)

[52%]

22.8
(214.2, 10.2)

[16%]

22.6
(28.9, 0.8)

[54%]

0.4
(22.6, 6.6)

[8%]

22.6
(25.3, 20.3)

[28%]

21.3
(23.2, 0.9)

[8%]

21.6
(214.2, 10.2)

[36%]
Autumn

(1980–2023)
20.5

(20.6, 20.3)
[0%]

20.3
(21.2, 1.0)

[1%]

0.3
(27.6, 3.2)

[58%]

0.2
(23.5, 2.7)

[7%]

0.3
(21.1, 3.1)

[16%]

0.3
(23.9, 2.2)

[43%]

1.0
(0.6, 1.2)
[1%]

0.2
(27.6, 3.2)

[13%]
Winter

(1980–2023)
20.1

(20.1, 20.1)
[0%]

0.0
(20.3, 0.3)

[2%]

20.3
(21.8, 0.4)

[17%]

0.0
(21.3, 0.4)

[1%]

0.2
(20.2, 1.1)

[4%]

20.2
(21.4, 0.1)

[5%]

0.2
(20.1, 0.3)

[0%]

0.0
(21.8, 1.1)

[3%]
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particularly in late summer and autumn than in spring and early
summer (Rouse et al. 2005). These large lakes are particularly
sensitive to the surrounding air; a warm, calm, and sunny period
may be followed by a cold, dry air mass with more cloudiness
and windy conditions that can increase convection and latent
heat energy, even without direct solar input (Rouse et al. 2005).
The increased cloudiness can enhance SSR reflection at the top
of the atmosphere, reducing the amount of SSR absorbed by
Earth’s surface. Additionally, clouds increase the emissivity of
the atmosphere, leading to an increase in downward longwave
radiation (Twomey 1976; Zhang et al. 1996). The higher long-
wave radiation input leads to decreased heat loss from lakes dur-
ing nighttime (Livingstone 2003; Fink et al. 2014), potentially
contributing to the observed warming of some of the lakes in
the North Slave Region.

Additionally, the correlation between SSR and LSWT has a
spatial pattern that appears to be consistent with the northern

tree line boundaries (to be more accurate, the southern 50 km
buffer from the tree line; see Fig. 9a). These boundaries are
characterized by the transition of the boreal forest northward
into tundra, approximating the summer position of the Arctic
Front (Pienitz et al. 1997). The heating differences between
boreal forest and tundra regions can drive localized circula-
tions and have ecological implications (Beringer et al. 2001).
Green et al. (2017) reported that the interactions between the
atmosphere and vegetation can account for up to ;30% of
variability in surface radiation and precipitation patterns due
to the release of water vapor during photosynthesis. The lakes
within the tundra region, governed by an open canopy, may al-
low SSR to penetrate more deeply (Bailey et al. 1997), leading
to increased evaporation and cloud formation at the local
level. These factors collectively may also affect SSR receipt
and rapid changes in surface characteristics and microclimates
at the local scale. However, further research is required to

FIG. 5. Time series of mean summer values of normalized in situ TCC observations (blue bars) and Daymet SSR
estimates (red lines) for three measurement locations (Inuvik, Yellowknife, and Fort Simpson) in the NWT over
1980–2020. The zero line represents the 1980–2020 long-term average.
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confirm that the northern tree line is the primary control on
changes in SSR trends and SSR–LSWT correlation.

c. Implications of warming lakes for northern
communities and ecosystems

This study reveals that during summer, LSWT in the North
Slave Region experienced an increase between 1984 and
2020, ranging from 11.28C to 14.68C in 45% of lakes (Fig. 9),
as also reported by Attiah et al. (2023), which is consistent
with global trends (O’Reilly et al. 2015). Future projections
suggest an even higher lake temperature increase, with po-
tential maxima reaching 308C by 2100 (Sharma et al. 2007;
Råman Vinnå et al. 2021). These long-term temperature
changes may have implications for ice road construction and
transportation networks in northern communities, as warm-
ing delays ice formation and affects ice road accessibility
(Duguay et al. 2006; Levin 2017).

Furthermore, changes in SSR can influence lake conditions,
particularly through its relationship with cloud cover. The
observed negative correlation between TCC and SSR during
the summer (Fig. 7b) highlights that increasing cloud cover
reduces SSR, which can affect photosynthesis and lower
dissolved oxygen concentrations in lakes (Twomey 1976;
Zhang et al. 1996; Schindler et al. 1997; Kejna et al. 2021;
Woolway et al. 2022). Additionally, water quality parame-
ters such as turbidity play a significant role in SSR absorp-
tion, with lakes high in dissolved organic carbon attenuating
more SSR. This can lead to enhanced stratification, potentially
affecting fisheries and impacting communities that depend
on these ecosystems for economic stability and food secu-
rity (Adams et al. 2022; Pienitz et al. 1997; Molot et al. 2005;

Pilla and Couture 2021; Sharma et al. 2007; Moslemi-Aqdam
et al. 2022). While these interactions are critical to under-
standing the broader implications of SSR variability, they are
beyond the scope of the present study. Future research should
explore these ecological and socioeconomic dynamics in greater
detail to fully understand the impacts on high-latitude lake
systems.

d. Use of gridded and remote sensing data, potential
limitations, and opportunities

This research used Daymet interpolated SSR, ERA5 rean-
alysis TCC, and Landsat-derived LSWT data to study their
long-term trends and variability across the continental NWT. It is
important to acknowledge that gridded interpolated and remote
sensing data may introduce uncertainties, which can either
amplify or underestimate trend magnitudes. For example,
Daymet SSR estimates used in this study rely on limited in
situ data, which can be challenging to obtain in northern re-
gions (Thornton et al. 2021; GNWT 2018; Diaconescu et al.
2023). However, the use of gridded and remote sensing data
allows researchers to detect and attribute changes over exten-
sive spatial areas where in situ measurements are not readily
available (Zhang et al. 2000; Derksen et al. 2008; Murfitt and
Brown 2017).

While the dataset used in this study provides a reasonable
quantification and insights into the spatiotemporal evolution
of SSR and LSWT in unmonitored locations, it is important
to note that more comprehensive investigations into cloud
characteristics and other drivers of observed SSR trends are
warranted. The relationship between SSR and LSWT is com-
plex and influenced by factors such as catchment geology and

FIG. 6. Scatterplot showing relationship between mean summer values of in situ TCC observa-
tions and Daymet SSR for three measurement locations (Inuvik, Yellowknife, and Fort Simp-
son) in the NWT over 1980–2020.
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soil type, geographic region, topography, aspect and vegetation,
and local climate conditions (Bigras 1990; O’Reilly et al. 2015;
Thompson et al. 2020). In-depth studies considering these fac-
tors and their interactions would require in situ investigations
and long-term data collection. Nevertheless, this research con-
tributes to the understanding of SSR–LSWT relationships by ex-
amining a large number of lakes of various sizes over an
extended period of nearly four decades (1984–2020), in contrast
to previous studies that focused on a limited number of lakes
over shorter time frames (e.g., Oswald and Rouse 2004; Rouse
et al. 2005). Furthermore, the analysis identified the significant
influence of lake size on the sensitivity of SSR and LSWT during
the same period.

6. Conclusions

This study improves our understanding of long-term histor-
ical trends and patterns of SSR receipt across the continental
NWT as derived from Daymet SSR interpolated data, ERA5
TCC data from ECMWF, and explored linkages between
SSR and LSWT in the North Slave Region using Landsat re-
motely sensed data. Key findings are summarized below:

1) From 1980 to 2023, annual SSR decreased in most north-
western ecozones, including the Taiga Cordillera and Taiga
Plains, while a generally positive trend was observed in south-
eastern ecozones such as the Taiga Shield. The highest
rate of change was observed in the Taiga Cordillera

FIG. 7. Seasonal Pearson’s correlation coefficient r between ERA5 daily TCC and Daymet daily SSR matchups
(corresponding pixels) over the NWT from 1980 to 2023 displayed for (a) spring (March–May), (b) summer (June–
August), (c) autumn (September–November), and (d) winter (December–February). Black dots indicate grid points
where Pearson’s correlation coefficients are statistically significant at p# 0.05.
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ecozone. SSR trends in the Taiga Shield and Boreal Plain
ecozones typically decreased from 1980 to 2000 and in-
creased from 2001 to 2023, contrasting with the Taiga
Cordillera ecozone where SSR increased prior to 2000
and declined thereafter.

2) Seasonally, SSR trends showed varying but distinct patterns
across ecozones from 1980 to 2023. In spring, increasing
trends were observed in the Taiga Shield (average rate
of change 11.0 W m22 decade21) and southern Arctic
(10.9 W m22 decade21) ecozones. In contrast, summer
SSR showed a general reduction with an average rate

of change of 21.6 W m22 decade21 across the entire
NWT, with the largest declining rates in the Taiga Plain
(22.6 W m22 decade21), Taiga Cordillera (22.8 W m22

decade21), and Boreal Cordillera (22.6 W m22 decade21)
ecozones.

3) There was a negative correspondence between SSR re-
ceipt and cloud cover, particularly during the spring
months. This relationship aligns with previous research on
the cloud–climate interaction over the Arctic region.

4) Small lakes showed a positive correlation between LSWT
and incoming SSR, whereas the majority of medium and

FIG. 8. MK trend analysis of mean summer values for (a) Daymet SSR and (b) LSWT over the North Slave Region from 1984 to 2020.
Solid red and blue triangles indicate statistically significant (increasing and decreasing, respectively) trends at p # 0.05, while open triangles
represent nonsignificant trends.

FIG. 9. (a) Spatial distribution of Pearson’s correlation coefficients between mean summer Daymet SSR and Landsat-derived LSWT
from 1984 to 2020 for over 500 lakes in the North Slave Region. Blue markers represent negative correlations, and red markers represent
positive correlations; solid symbols denote statistically significant correlations (p# 0.05), and hollow symbols denote nonsignificant correla-
tions. The green line shows the tree line, and the lightly shaded buffer illustrates a 50-km zone around it. (b) Boxplots of the derived Pear-
son correlation coefficients (blue 5 negative and red 5 positive) categorized by lake size: small (,1 km2; n 5 62), medium (1–100 km2;
n5 464), and large (.100 km2; n5 12). Brackets above the boxes indicate pairwise independent two-sample Student’s t tests between size
classes that are significant at p# 0.05.
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large lakes exhibited a negative correlation. The implications
of persistent lake warming and changing SSR on northern
communities and lake ecosystems were discussed.

5) The use of gridded and remote sensing data in this study
highlights their value in advancing understanding of how
water temperatures of northern lakes are changing.

Together, these findings provide new insights into the
changing trends over the past 44 years in the NWT, a period
characterized by significant atmospheric warming. They also
underscore the implications of these changes on lake-rich re-
gions in NWT, which play a crucial role in the Earth system.
However, the heterogeneity in long-term trends in SSR re-
ceipt across NWT emphasizes the need to consider interac-
tions among climate variables at different spatiotemporal
scales. Monitoring mechanisms for tracking changing lake be-
havior remain crucial for researchers and decision-makers be-
cause lake data are essential to support weather, climate, and
hydrological predictions. To the best of our knowledge, this
work also represents one of the first attempts to quantitatively
examine long-term SSR trends while relating the changes to
cloud cover using Daymet and ERA5 data during a four-
decade period (1980–2023) in the continental NWT. Thus, it
can serve as a benchmark for policymakers when synthesizing
future climate reports for northern regions.
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APPENDIX

Supplementary Materials

a. Technical validation of Daymet SSR and ERA5 TCC
data with CERES and MODIS remote sensing data

Before conducting our main analyses, we performed a series
of validations to assess the reliability and suitability of the

FIG. A1. Intercomparisons of (a) Daymet daily SSR and CERES daily solar insolation data from 2006 to 2024 and (b) ERA5 daily
TCC and MODIS daily cloud fraction from 2000 to 2024. The left panels present a time series of daily averages spatially averaged over
the NWT for the longest available comparable period. (right) Scatterplots showing one-to-one relationships, where a 1:1 line indicates per-
fect agreement. The linear regression slope, RMSE, and R2 values assess the agreement and validity of the datasets used in this study with
remote sensing–based data.
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Daymet SSR and ERA5 TCC datasets for the methodology.
Given the limited availability of in situ measurements, particu-
larly for SSR, these validation steps ensure that our chosen
data products align with independent remote sensing–based
datasets and capture the underlying variability at appropriate
temporal and spatial scales.

To evaluate the accuracy of Daymet SSR, we compared it
with NASA’s Clouds and the Earth’s Radiant Energy System
(CERES) daily solar insolation data (Fig. A1a). The CERES
instrument provides top-of-the-atmosphere (TOA) radiative
flux measurements, which are then converted to surface solar
insolation estimates using a well-established radiative transfer
methodology (Wielicki et al. 1996). Temporal comparisons re-
veal that Daymet SSR and CERES solar insolation exhibit
highly similar seasonal and interannual patterns, demonstrating
consistent peaks and troughs throughout the studied period
(2006–24). Despite a slight positive bias in Daymet SSR (nota-
bly at high values), the linear regression analysis indicates a
strong agreement, with an R2 value of 0.95. This near-perfect
temporal alignment and the relatively low RMSE underscore
the robustness of Daymet SSR estimates in representing the
temporal variability of incoming SSR over the NWT. Spatially,
a point-by-point (on a common grid mesh) Pearson’s correla-
tion analysis between Daymet SSR and CERES solar insolation
matchups (corresponding pixels) also confirms this strong align-
ment (Fig. A2a). Most areas exhibit statistically significant cor-
relations (p # 0.05), indicating that Daymet captures the spatial
distribution of SSR variations well, even in a region with sparse

ground-based radiometric measurements. These results provide
confidence that Daymet SSR can reliably serve as the primary
input for long-term trend analyses in this study.

For cloud cover, we compared ERA5 daily TCC data with
the MODIS (from both Terra and Aqua satellites) daily
cloud fraction product over the 2000–24 period (Fig. A1b).
MODIS cloud fraction, derived at 1-km resolution from
level-3 cloud properties products and first collected by the
Terra satellite launched in 1999, offers a detailed view of
cloud variability but spans a shorter historical period than
ERA5. The time series comparison shows that while both
ERA5 and MODIS capture general cloud-cover dynamics}the
one-to-one scatter closely aligns with the perfect fit, demonstrat-
ing fair representation of the regionwide mean behavior}the
relationship is more moderate, yielding an R2 value of about
0.26. This lower agreement can be attributed to several factors.
First, MODIS provides a finer spatial and temporal depiction
of cloud heterogeneity}via instantaneous 1-km overpass
snapshots}potentially capturing transient and localized cloud
events not resolved by the coarser ERA5 grid (;31 km).
Second, differences in retrieval algorithms and underlying
assumptions (e.g., atmospheric profiles, cloud overlap assump-
tions, and spectral thresholding) may introduce systematic
discrepancies (Ackerman et al. 1998; Dee et al. 2011).

It is worth noting that ERA5 TCC is a model-based reanalysis
that ingests hourly observations into a multilayer overlap scheme
and then aggregates them to daily means, smoothing out
short-term variability and reducing direct comparability to

FIG. A2. Pearson’s correlation coefficient r for (a) Daymet daily SSR and CERES daily solar insolation matchups (corresponding pixels)
from 2006 to 2024 and (b) ERA5 daily TCC and MODIS daily cloud fraction matchups from 2000 to 2024 over the NWT. Black dots indicate
grid points where correlation coefficients are statistically significant (p# 0.05).
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the instantaneous satellite snapshots of MODIS. Despite
these differences, the long-term, regionwide behavior remains
consistent: The one-to-one comparison (Fig. A1b) follows the
1:1 line fairly (RMSE ’ 14%), and the spatial correlation pat-
terns in Fig. A2b, while moderate (ranging from 0.15 to 0.50),
remain statistically significant (p # 0.05) over the majority of
the study area. Given the paucity of in situ cloud observations
across the NWT}and the need for a continuous daily time
series spanning 2000–24}MODIS represents the most spatially
detailed sensor alternative to ERA5 for validation, even if their
native sampling schemes cannot be perfectly synchronized.

b. Distribution of Landsat-derived mean lake surface
water temperature records

Figure A3 summarizes the daily lakewide mean surface
temperatures retrieved from the thermal bands of Landsat
5, 7, and 8 across more than 500 lakes in the North Slave
Region [based on the work of Attiah et al. (2023)]. In total,
245 187 summer records (June–August) were analyzed: 34%
in June, 35% in July, and 31% in August.

c. Yearly distribution of Daymet SSR

Figure A4 depicts annual-mean Daymet SSR over NWT
from 1980 to 2023 using a ridgeline plot. This visualization
arranges kernel density estimates (KDEs) of the annual-
mean SSR data vertically stacked, allowing for a clear year-
to-year comparison. The KDE, by default employing a
Gaussian kernel, transforms discrete data samples into a
continuous probability density function, thereby smoothing out
random fluctuations and highlighting the overall distributional

shape. We also applied the Shapiro–Wilk (SW) normality test
to each year’s SSR distribution. The SW test is a widely ac-
cepted method to assess how closely a dataset follows a nor-
mal distribution, with test statistics closer to 1 signaling greater
normality. Across years, SW statistics exceeded 0.93, consistent
with near-normal distributions; together with the KDE shapes
in Fig. A4, this supports treating annual-mean SSR as approxi-
mately Gaussian.

d. SSR trend analysis (linear)

Figure A5 presents the annual-mean Daymet SSR time
series for seven ecozones within NWT from 1980 to 2023. The
shaded areas highlight the observed maximum and minimum
ranges across each year, illustrating the variability within these
ecozones through the analyzed years. A vertical split line at
the year 2000 marks a temporal breakpoint, distinguishing
two distinct periods for trend evaluation. The linear trend
lines calculated for the 1980–2000 and 2001–23 intervals
reveal that, in five of the seven ecozones, the direction of
the trend is reversed following the year 2000. This pattern
supports the choice of 2000 as a meaningful breakpoint for
analyzing long-term SSR trends in the NWT.

e. Correlation between total cloud cover and
shortwave radiation

Figure A6 presents Pearson’s r between ERA5 daily TCC
and corresponding Daymet daily SSR pixel value across NWT
for the entire 1980–2023 period. Black dots indicate grid points
where the correlations are statistically significant (p # 0.05),

FIG. A3. Histogram distributions of mean LSWT (8C) for the summer months of June (green), July (red), and
August (blue). The y axis shows the count of lake temperature instances. Temperature means were calculated over all
retrieved pixels of each lake. Distributions are based on daily Landsat-derived LSWT estimates for over 500 lakes in
the North Slave Region covering 1984–2021 based on the work of Attiah et al. (2023).
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FIG. A4. Ridgeline plot of annual-mean Daymet SSR over the
NWT from 1980 to 2023. Each colored curve represents a KDE of the
annual-mean SSR distribution, where the KDE is computed using a
Gaussian kernel approximating the underlying frequency distribution
of the data. The reported SW test results indicate a statistically signifi-
cant approximation to normality for these distributions.

J OURNAL OF CL IMATE VOLUME 385258

Unauthenticated | Downloaded 04/28/26 03:31 PM UTC



FIG. A5. Time series of annual-mean Daymet SSR values (W m22) for seven ecozones in the NWT from 1980 to 2023. Each ecozone
[for (a) northern Arctic, (b) southern Arctic, (c) Taiga Cordillera, (d) Taiga Plain, (e) Taiga Shield, (f) Boreal Cordillera, and (g) Boreal
Plain] is color coded, displaying the range of variation (maximum, average, and minimum) within each zone. The dashed black lines indi-
cate trends for the 1980–2000 and 2001–23 periods, with the slope (W m22 yr21) of the (linear) trend displayed on each line.
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providing a spatial overview of how TCC and SSR are related
throughout the region.
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