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Spatiotemporally characterizing urban
temperatures based on remote sensing and GIS
analysis: a case study in the city of Saskatoon
(SK, Canada)
Abstract: The purpose of this study is to spatiotemporally explore the characteristics of urban temperatures
based on multi-temporal satellite data and historical in
situ measurements. As one of the most rapidly urbanized
cities in Canada, Saskatoon (SK) was selected as our study
area. Surface brightness retrieving, Pearson correlation,
linear regression modeling, and buffer analysis were applied to different satellite datasets. The results indicate
that both Landsat and MODIS data can yield pronounced
estimations of daily air temperature with a significantly
adjusted R2 of 0.803 and 0.518 at the spatial scales of 120 m
and 1000 m, respectively. MODIS monthly LST data is
highly suitable for monitoring the trend of monthly urban
air temperature throughout summer (June, July, and August) due to a high average R2 of 0.8 (P<0.05), especially
for the warmest month (July). Our findings also reveal that
both the Saskatchewan River and urban green spaces have
statistically significant cooling effects on the surrounding
urban surface temperatures within 500 m and 200 m, respectively. In addition, a multiple linear regression model
with four influential factors as independent variables can
be developed to estimate urban surface temperatures with
a highest adjusted R2 of 0.649 and a lowest standard error
of 0.076.

1 Introduction
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Air temperature and surface temperature are identified as
commonly used variables to investigate local, regional,
and global climate characteristics (Hansen et al., 1981;
Dash et al., 2002; Hung et al., 2006). As a vulnerable system, the urban microclimate is more sensitive to temperature changes which escalate with the unprecedented urbanization by converting pervious surfaces into impervious land covers (Benali et al., 2012; Bristow and Campbell, 1984). Water-persistent materials have lower specific
heat capacity to store and conduct energy, resulting in a
rapid rise in air temperature in comparison with pervious materials. Urban landscapes have high proportions of
impermeable surfaces for the purposes of transportation,
commercial use, industrial zones, as well as residential
spaces (Jin and Dickinson, 2010). Consequently, in comparison to the surrounding suburbs, the central city undergoes a warming microclimate caused by the mounting
air temperature, which is generally referred to as the urban
heat island (UHI) effect (Rinner and Hussain, 2011; Liu and
Zhang, 2011; Fabrizi et al., 2010; Hamdi, 2010; Jin et al.,
2011). UHI effects can cause tremendous damage to both
environmental conditions and public health by inducing
the release of poisonous gases, causing species extinction,
and exacerbating premature human deaths (Changnon
et al., 1996). A number of previous studies have pointed
out that urban vegetation and water play a critical role
in regulating air temperatures and mitigating UHI effect
(Doick and Hutchings, 2013; Li et al., 2013; Huang et al.,

*Corresponding Author: Li Shen: School of Remote Sensing
and Information Engineering, Wuhan University, Wuhan, Hubei
Province, 430074, Chinam E-Mail: 00030791@whu.edu.cn, Tel.:
+86-027-68778546; Fax: +86-027-68778086
and Department of Geography and Planning, University of
Saskatchewan, Saskatoon, SK S7N5C8, Canada

and Sustainable Cities International, West Hastings Street, Vancouver, V6B1G8, Canada
Xulin Guo: Department of Geography and Planning, University of Saskatchewan, Saskatoon, SK S7N5C8, Canada, E-Mail:
xulin.guo@usask.ca
Kang Xiao: East Sea Information Center, State Oceanic Administration, Shanghai, China, E-Mail: xkys822111@gmail.com

Keywords: air temperature; surface brightness temperature; Landsat; MODIS; regression modeling; buffer
analysis

© 2015 Li Shen et al., licensee De Gruyter Open.
This work is licensed under the Creative Commons Attribution-NonCommercial-NoDerivs 3.0 License.

28 | Li Shen et al.
2008). The abundance and spatial distribution of urban
green space can form a cooling mechanism due to vegetation’s unique interaction with the incoming solar radiation (Kwarteng and Small, 2010). Therefore, characterizing urban temperatures at different spatiotemporal scales
can contribute to our understanding of the UHI effect and
the impacts of anthropogenic activities on urban climate
change (Prihodko and Goward, 1997).
The demand for continuous, long-term and spatial
information provided widespread interest in satellite imagery, which can overcome the disadvantages in conventional methods (Nicole, 1996). The point-based field measurements are time-consuming, expensive to maintain,
and limited in spatial exploration due to unavoidable errors in data interpolation (Prihodko and Goward, 1997;
Nicole, 1996). Conversely, satellite remote sensing developed in the 1970s has become a practical tool for real-time,
long-term, cost-effective, and labor-efficient monitoring of
urban environmental conditions, particularly for the areas poorly covered by weather stations (Benali et al., 2012;
Madden et al., 1993; Jones, 1995; Karl et al., 1995). Multiple
spatial and temporal resolutions can provide observations
of high frequency (daily, weekly, monthly, and annually)
at different geographical scales (local, regional, national,
and global). The thermal infrared portion (3.0-14 µm) of
the electromagnetic spectra is well designed in most optical satellite sensors to detect the surface temperatures of
landscape features (e.g., vegetation, soil, water, impervious surface) (Jensen, 2007).
Land surface temperature (LST) measured at the
Earth’s surface has been proven to associate highly with
near-surface air temperature (Jin and Dickinson, 2010). As
the two types of temperature have strong similarities in
variation and trends, satellite-retrieved LST presents great
opportunities in characterizing air temperatures at different spatiotemporal scales (Strahler and Archibold, 2011).
While there has been extensive controversy on this research due to the uncertainties in the measurements of the
two temperatures and their property difference (Vukovich,
1983; Vogt et al., 1997; Mostovoy et al., 2006), increasing consensus can still be achieved to confirm the unique
role of remote sensing data in providing continuous synoptic views of dense grid air temperatures over a large
area (Prihodko and Goward, 1997; Nicole, 1996; Seto and
Christensen, 2013). A comparison analysis of the in situ
air temperature with the LST extracted from Landsat Thematic Mapper (TM) by Nichol (1996) in the city of Singapore suggests a significant correlation exists for both
the horizontal and vertical surfaces. Similar attempts were
also carried out for satellite imagery with coarse spatial
resolutions at large spatial scales. For instance, Prihodko

and Goward (1997) applied a temperature-vegetation index (TVX) contextual approach to detect the air temperature pattern based on the 1100 m Advanced Very High Resolution Radiometer (AVHRR) thermal information, which
yielded good agreement between satellite thermal measurements and ground observed air temperatures. In addition, Benali et al. (2012) have explored the capability of
weekly, 1000 m, Moderate Resolution Imaging Spectroradiometer (MODIS) in capturing the annual and biweekly
variation of LST in Portugal with some degree of success
in improving the accuracy.
Existing literature suggests that most attention has
been paid to the improvement of thermal information in
estimating air temperature for each individual instrument
by minimizing errors to increase the accuracy. Limited
work has been shown in the comparison of multiple satellite datasets in spatiotemporally characterizing the urban
temperatures. It is also important to acknowledge whether
some relevant factors from both biophysical and anthropogenic aspects can statistically impact the urban surface
temperatures. The spatial influence, especially from rivers
and green spaces, needs to be specifically focused on for
mitigating UHI effects. Therefore, the main purpose of this
study is to compare Landsat and MODIS data in characterizing urban temperatures at different spatiotemporal
scales in the city of Saskatoon. The influences of some relevant factors on urban surface temperatures were statistically analyzed. Buffer analysis of the Saskatchewan River
and urban green spaces was conducted to spatially investigate the cooling effect of those agents on the surrounding
surface temperature.

2 Study area
Considering the rapid urbanization in the past decade, the
city of Saskatoon (52.12 ∘ N, 106.67 ∘ W) was selected as
our study area (Fig. 1). Saskatoon is situated in middlesouthern Saskatchewan Province, Canada, with an elevation of 481.5 m above sea level declining from the west to
the east (Shen et al., 2013c). The South Saskatchewan River
splits the city into two parts (the east and the west). Saskatoon experiences four distinct seasons with a maximum
temperature of 30 ∘ C in summer and a minimum temperature of -30 ∘ C in winter (City of Saskatoon, 2010). Annually,
the city typically receives less than 350 mm of precipitation
on average and a high level of sunshine of over 2380 hours.
As a medium prairie city with a total area of approximately
218 km2 , Saskatoon has become the fastest growing city in
Canada due to its dramatic population growth rate being
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erage LST during the daytime for the city of Saskatoon
from 1991 to 2011. Landsat has band 6 (10.4-12.5 µm) as the
thermal infrared region with spatial resolution 120 m for
TM imagery and 60 m for ETM+ data (USGS, 2013; NASA,
2013a), and MODIS Daily LST data has spatial resolution of
1 km (NASA, 2013b). After previewing all available data in
the archive of USGS website for the study area in the past
decade, nine Landsat TM and one Landsat ETM+ imagery
with less than 10% cloud cover and seven MODIS daily LST
data were selected (Table 1). The monthly average LST imagery used in this study was MODIS/Terra Land Surface
Temperature and Emissivity Monthly L3 Global 0.05Deg
CMG. It can cover the global area from March, 2000 with
a spatial resolution of 5.6 km at the equator (USGS, 2013).
The original geographic projection was transformed into
the UTM NAD 1983 Canada Atlas Lambert projection to be
consistent with the other datasets. An illustration of the
thermal information from three types of satellite data is
provided by Fig. 2.

Figure 1: The city of Saskatoon (SK, Canada) with three weather
stations (red pentagons) for providing the in situ air temperature
data used in this study.

predominately contributed by international immigration
(Proudfoot, 2011). The significant population increase in
Saskatoon has facilitated dramatic urbanization processes
in terms of change in land use and urban sprawl especially
over the past decade, which poses adverse effects on the
city’s sustainable development such as ecological problems and UHI issues. Consequently, urban sustainability
in the environment, the economy, and within society has
been approved by the city council as the foremost goal for
Saskatoon’s future development (City of Saskatoon, 2010).

3 Methodologies
3.1 Satellite imagery preparation
The satellite imagery used for this study includes four data
sources which are (1) Landsat TM, (2) Landsat ETM+, (3)
MODIS Daily LST in daytime, and (4) MODIS monthly av-

Figure 2: Different satellite imagery used for characterizing daily
air temperature in the city of Saskatoon. a) Landsat TM with 120 m
spatial resolution of the thermal band on August 9, 1991 b) Daily
MODIS LST product with 1000 m spatial resolution on August 10,
2003 c) MODIS 5600 m LST product in July, 2001.

3.2 Meteorological station data
To supplement the remotely sensed data, historical in situ
weather observations (hourly and monthly average air
temperatures) were recorded by three weather stations in
Saskatoon and reported by Environment Canada between
2003 and 2007 (Fig. 1 and Table 2); these are the only
weather stations that are able to provide urban weather
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Table 1: Multi-temporal Landsat TM, ETM+, and MODIS daily imagery selected for the city of Saskatoon from Year 1991 to 2011

Satellite imagery
Landsat TM
and ETM+
MODIS/Terra LST
and Emissivity Daily
L3 Global

Dates
1991/08/09;1994/07/23;1994/09/02;1999/07/29;2003/08/10;
2004/08/28;2005/07/1;2011/06/29;2011/07/15;2011/07/31
2003/08/10;2004/08/28;2005/07/1;2006/04/28;2011/06/29;
2011/07/15;2011/07/31

Spatial resolution
120 m
1 km

information for the city of Saskatoon. In Table 2, elevation is commonly defined as the height above sea level
for the observation location where the thermometers and
other instruments (barometer cistern, humidiometer) are
located. The Climate ID represents the specific location of
measurements by the Meteorological Service of Canada.
The first digit is the province while the second and third
ones indicate the climatologic district within the province.
Other digits refer to discontinued observations in different
stations (Environmental Canada, 2013). Since the observation time of Landsat and MODIS daily data is recorded
based on Greenwich Mean Time (GMT), we firstly converted GMT to Saskatoon local standard time for all satellite imagery. Then the hourly air temperatures were averaged every 15 minutes to match Landsat imagery in Saskatoon local standard time as close as possible (Table 3).

sphere (TOA) (Qin et al., 2001; Chen et al., 2006). First the
original thermal DN values of Landsat band 6 were converted to integrated radiance at sensor based on formula 1,

3.3 Landsat pre-processing and LST retrieval

T s = C2 /ln[C1 /I λ + 1]

Owing to the inherent errors of the original Landsat data,
radiometric and geometric corrections were implemented
to Landsat data before deriving LST. For radiometric correction, we set the appropriate gain and offset in the calibration files for each image using the header file information. Then the radiometric-corrected values were extracted
by performing the ATmospheric CORrection-2 (ATCOR-2)
module in the PCI Geometica software based on Chavez’s
improved dark object theory (Chavez, 1988; Shen et al.,
2013a). For geometric correction, we applied a geo-coded
SPOT image with higher resolution (20 m) acquired on
June 13, 2010 to rectify the 30 m Landsat imagery in a common UTM coordinate system with the correction accuracy
better than 0.1 Root Mean Square Error (RMSE) (Jensen,
2007; Shen et al., 2013b). No pre-processing is required for
both the daily and monthly MODIS LST products since they
can be used directly.
Subsequently, we applied the most popular algorithm
to retrieve the surface brightness temperatures from thermal infrared emission observed at the top of the atmo-

(︂
L(λ) = L min (λ) +

L max (λ) − L min (λ)
255

)︂
* DN

(1)

where L(λ) (W*m−2 *sr−1 * µm−1 ) is the integrated band
radiance at the specific wavelength λ(µm). L max (λ) and
L min (λ), respectively, represent the maximum and minimum radiation brightness that the sensor can detect at
the specific wavelength λ(µm). These two values can be
acquired from the image header files. Then, based on the
approximation formula of Plank’s radiance in equation 2,
spectral radiance was converted to surface brightness temperature with the assumption of uniform emissivity (Li et
al., 2012).
(2)

where T s (K) represents the effective at-sensor
brightness temperature in K for TM band 6. C1
and C2 are pre-launch calibration constants for
the purpose of optimizing the approximation. For
Landsat TM, C1
= 607.76 W*m−2 *sr−1 * µm−1 and
C2
= 1260.56 W*m−2 *sr−1 * µm−1 while for Landsat ETM+C1 = 666.09 W*m−2 *sr−1 * µm−1 and C2 =
1282.71 W*m−2 *sr−1 * µm−1 (Landsat Project Science Office, 2013). Then the surface brightness temperature was
deducted by 273.5 K, to convert it into degrees Celsius.
Since we did not account for the emissivity in this study,
the Landsat TM-derived LST for all the analysis was the
brightness temperatures.

3.4 Regression analysis between air
temperature and LST
To investigate the capability of different satellite imagery
in estimating daily urban air temperature, the historical in
situ air temperatures collected by three Saskatoon weather
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Table 2: Geospatial information from Saskatoon weather stations providing hourly and monthly average air temperature data.

Weather Station
Name
Saskatoon Diefenbaker International Airport
Saskatoon Kernen Farm
Saskatoon RCS

Location (Latitude, Longitude)

Elevation (m)

(52 ∘ 10’ 00.000" N, 106 ∘ 43’ 00.000" W)
(52 ∘ 09’ 00.000" N, 106 ∘ 33’ 00.000" W)
(52 ∘ 10’ 25.000" N, 106 ∘ 43’ 08.001" W)

504.10
510.00
504.10

Climate ID
ID
4057120
4057155
4057165

Table 3: Saskatoon Local Standard Time for collecting in situ air temperature and acquiring the Landsat and MODIS daily satellite imagery.

Image
acquisition
date

Landsat
image
scanning
time (am)

Air temperature
acquisition time for
comparison with Landsat
data (am)

1991/08/09
1994/07/23
1994/09/02
2003/08/10
2004/08/28
2005/07/14
2011/06/29
2011/07/15
2011/07/31

11:22:21
11:22:56
11:15:14
11:48:00
11:42:13
11:15:14
11:48:00
11:48:00
11:48:00

11:30:00 (29.65 ∘ C)
11:30:00 (22.27 ∘ C)
11:15:00 (18.1 ∘ C)
11:45:00 (26.7 ∘ C, 27.5 ∘ C)
11:45:00 (18.3 ∘ C, 17.65 ∘ C)
11:15:00 (21.15 ∘ C, 23.3 ∘ C)
11:45:00 (27 ∘ C, 26.55 ∘ C)
11:45:00 (21.43 ∘ C, 21.35 ∘ C)
11:45:00 (25.43 ∘ C, 25.43 ∘ C)

Figure 3: Multi-temporal Landsat-derived daily land-surface brightness temperatures for the city of Saskatoon from 1991 to 2011. (a)
Aug. 9, 1991; (b) Jul. 23, 1994; (c) Sep. 2, 1994; (d) Jul. 29, 1999; (e)
Aug. 10, 2003; (f) Aug. 28, 2004; (g) Jul. 14, 2005; (h) Apr. 28, 2006;
(i) Jun. 29, 2011; (j) Jul. 15, 2011; (k) Jul. 31, 2011.

stations were respectively regressed with LST derived from
Landsat TM and MODIS LST data. Since there was only
1 Landsat ETM+ image available during the study period,
it will contribute little to the result based on the TM data
alone. We merely conducted this comparison analysis between Landsat TM and MODIS daily data. We obtained 15

MODIS
daily
image
scanning time (pm)
time (pm)
–
–
–
12:00:00
12:00:00
12:00:00
12:00:00
12:00:00
12:00:00

Air temperature
acquisition time for
comparison with
MODIS data (pm)
–
–
–
12:00:00 (26.7 ∘ C, 27.5 ∘ C)
12:00:00 (18.3 ∘ C, 17.65 ∘ C)
12:00:00 (21.6 ∘ C, 23.7 ∘ C)
12:00:00 (27 ∘ C, 26.55 ∘ C)
12:00:00 (21.43 ∘ C, 21.35 ∘ C)
12:00:00 (25.43 ∘ C, 25.43 ∘ C)

field measurements to match with the TM imagery from
1991 to 2011, and 12 points for MODIS daily LST (from 2003
to 2011). Since UHI effects become more prominent in summer (Weng et al., 2004; Rouse et al., 1974), the regression
analysis was also performed between urban monthly average air temperature and the MODIS monthly LST during
the summer months (June, July, and August) to identify if
coarse resolution imagery can characterize long-term average urban air temperature.
The pre-processing of the datasets showed that all the
data followed a normal distribution, meaning log-normal
transformation was not necessary. The adjusted coefficients of determination (R2 ) were used to validate the accuracy as this is based on an optimization algorithm (the
Jackknife method), which limits the overestimation and
absolute difference between the dependent variable and
predicators (Liao and McGee, 2003; Benali et al., 2012). It
is particularly applicable for small sample size due to the
remaining data with one point withheld for each time. The
whole procedure is repeated until each sample point has
been removed once (Zhang et al., 2008). All the statistical
analysis was implemented using SPSS 16.0 software.
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Figure 4: Buffer zones of the Saskatchewan River at 100 m, 200 m,
500 m, 1000 m, and 2000 m for urban SLST impact analysis

Figure 5: Buffer zones of Saskatoon green spaces at 50 m, 100 m,
200 m, and 500 m for urban SLST impact analysis

3.5 Buffer analysis for the impacts of the
Saskatchewan River and green space on
SLST

between SLST and its relevant influential factors including green space percentage, impervious surface percentage, water percentage, and sustainable traveling index for
the 64 residential neighborhoods in Saskatoon. The land
use and land cover information can be extracted based on
satellite image classification to serve as effective input data
for diverse urban applications (Zhu et al., 2012). The Sustainable Traveling Index (STI) is defined as the percentage
of people that choose walking, cycling, and public transit
as their main mode of transport for each neighborhood, as
shown in Table 4. Since such census information was provided by the city council based on the survey data in the
year 2006, we applied a Neural Net classification approach
to the Landsat TM image obtained on April 28, 2006 using ENVI 4.6 software. The classification result produced
an overall accuracy of 94.79 % and Kappa coefficient of
0.93 which satisfies the requirement of the input data. After a standardization process as SLST for all variables, we
then conducted statistically dependence analysis for those
four independent variables (green space percentage, impervious surface percentage, water percentage, and STI)
and found they were significantly uncorrelated. The model
summary based on stepwise multiple linear regression is
present in Table 5.

To quantitatively explore the mitigation impacts of the
Saskatchewan River and urban green spaces on surrounding LST at different spatial scales, we conducted
buffer analysis using ArcGIS 10.1 software. Buffer analysis
was used to characterize the specific areas at different
distances from the vector features. In this study, the
Saskatchewan River and urban green spaces were all
represented by vector features provided by the City of
Saskatoon. The buffer distances from the center of the
Saskatchewan River were 100 m, 200 m, 500 m, 1000 m,
and 2000 m (Fig. 4) while those from the center of each
green space polygon were 50 m, 100 m, 200 m and 500 m
(Fig. 5). To simplify the analysis and limit the influence
of seasonal change, we normalized the surface brightness
temperature to standard land surface temperature (SLST)
based on the formula as follows:
T si − T smin
(3)
SLST =
T smax − T smin
where T si is the ith-pixel surface brightness temperature.
T smin represents the minimum surface brightness temperature in the study area while T smax is the maximum
surface brightness temperature. SLST ranges from 0 to 1.
We calculated multi-temporal averaged SLST and its standard deviation (SD) within each buffer zone for both the
Saskatchewan River and urban green spaces.

3.6 Multiple linear regressions between LST
and its relevant influential factors
To investigate the anthropogenic effect from human activities on urban temperatures, we analyzed the relationship

4 Results and discussion
4.1 Comparison of Landsat and MODIS data
in temporally estimating daily air
temperature
Our linear regression analysis between historical daily air
temperatures and image derived LST yielded a good fit line
with the adjusted R2 of 0.803 for Landsat TM data in Fig. 6
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Table 4: Sustainable traveling index (ST S TI) data for neighborhoods in Saskatoon

Neighborhood names
Adelaide/Churchill
Airport Business Area
Arbor Creek
Avalon
Brevoort Park
Briarwood
Buena Vista
Caswell Hill
Central Business District
City Park
College Park
College Park East
Confederation Park
Confederation Suburban Centre
Dundonald
Eastview
Erindale
Exhibition
Fairhaven
Forest Grove
Greystone Heights
Grosvenor Park
Haultain
Holiday Park
Holliston
Hudson Bay Park
Kelsey - Woodlawn
King George
Lakeridge
Lakeview

ST_STI
0.11
0.23
0.00
0.11
0.19
0.00
0.22
0.29
0.58
0.47
0.16
0.04
0.05
0.15
0.04
0.15
0.03
0.16
0.07
0.11
0.19
0.40
0.18
0.15
0.19
0.18
0.22
0.18
0.01
0.05

Neighborhood names
LakeWood Suburban Centre
Lawson Heights
Lawson Heights Suburban Centre
Massey Place
Mayfair
Meadowgreen
Montgomery Place
Mount Royal
North Park
Nutana
Nutana Park
Nutana Suburban Centre
Pacific Heights
Parkridge
Pleasant Hill
Queen Elizabeth
Richmond Heights
River Heights
Riversdale
Silverspring
Silverwood Heights
Stonebridge
Sutherland
U of S Lands South Management Area
University Heights Suburban Centre
Varsity View
Westmount
Westview
Wildwood
Willowgrove

(a). In comparison with the moderate resolution observation, MODIS daily LST product showed slightly weaker capability in estimating urban daily air temperature but still
a significant relationship with an adjusted R2 of 0.518 in
Fig. 6 (b). In other words, for 60 m of spatial scale approximately 80% of the variation in urban air temperatures can
be attributed to the corresponding variation in LST, while
for 1000 m of spatial scale LST can explain 50% of the variation in urban air temperature. These results further prove
that Landsat TM data possibly has greater potential in estimating daily air temperatures for urban areas in comparison with MODIS daily LST data. Daily urban air temperature is more strongly correlated with LST at a moderate
spatial scale of 120 m than at a coarse spatial scale over
1000 m. This result can be explained by the huge discrep-

ST_STI
0.08
0.10
0.07
0.03
0.15
0.18
0.05
0.16
0.21
0.40
0.05
0.26
0.07
0.04
0.38
0.16
0.00
0.08
0.52
0.01
0.04
0.12
0.12
1.00
0.16
0.48
0.10
0.10
0.14
0.00

ancy in the pixel cell (1000 m) of MODIS LST data and the
several square meters for actual air temperature measurements. Substantial surface information could be missed
by averaging observations within a 1000-meter instantaneous field of view. As Kustas and Norman (2000) suggested, Landsat imagery can be used as effective ancillary
information to validate and extract sub-pixel variability of
low-resolution data.

4.2 Estimation of summer monthly air
temperature using MODIS monthly data
A comparison analysis of the in situ monthly air temperature and MODIS derived monthly LST were conducted for
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Figure 6: Comparison of different satellite data in temporally estimating daily urban air temperatures based on linear regression
models between imagery-derived LST and field-measured air temperatures for the city of Saskatoon from 1991 to 2011. a) Daily urban air temperature and 120 m Landsat TM-derived LST based on
15 points, b) Daily urban air temperature and 1000 m MODIS daily
LST based on 12 points

the summer months (June, July, and August) from 2000 to
2007. This is because MODIS monthly LST started to be accessed in 2000 and the available in situ monthly air temperature can only be tracked to 2007. The linear regression
results in Fig. 7 demonstrate a close relationship existing
between them in summer for the city of Saskatoon. An average of 80% of variation in monthly air temperature can
be significantly explained by the monthly LST at a spatial
scale of 5600 m for the three summer months. The best
fit with highest adjusted R2 was obtained for the warmest
month, July, in Saskatoon based on 8 years of data. It also
suggests that the 5600 m MODIS LST data can provide good
estimates of summer monthly air temperature in urban areas at a 5% significance level. Such high agreement between in situ air temperature and satellite LST data has
great relevance for studying urban climate change at large
spatiotemporal scales.
Fig. 8 shows two similar overall trends of the in situ
monthly air temperature and MODIS derived monthly LST
attributed to their close relationship based on heat transferal. However, surface temperature differs from air temperature in numeric values at different times during a day,
which can be explained by the 24-hour cycle of net radiation distinct in the daytime and nighttime. In the daytime,
surface temperature experiences a rapid increase due to
the rising insolation and positive net radiation, showing a
higher numerical value. Conversely, in the late afternoon
and evening poor insolation and constant outgoing radiation lead to negative net radiation. As a primary energy
source for the air, the ground surface transfers heat to the
upper air and the extreme surface temperature is mitigated
quickly. In addition, the movement of convection currents
in the early afternoon also contributes to the reduction
of surface temperature by raising warm air and pushing
down cooler air. In comparison to the LST, air tempera-

Figure 7: Estimation of Saskatoon historical monthly air temperatures for summer from 2000 to 2007 using MODIS monthly LST
data. (a) June. (b) July. (c) August

Figure 8: Comparison of historical climate data (average monthly air
temperature) and MODIS monthly LST in the city of Saskatoon for
summer (June, July, and August) from 2000 to 2007

ture has a smaller range of diurnal variation. The average
monthly air temperature and LST in Fig. 8 were obtained
approximately at noon, is consistent with the diurnal characteristics of urban temperatures.

4.3 The impacts of Saskatchewan River and
urban green spaces on surrounding LST
The buffer analysis of the Saskatchewan River (Fig. 9,
Fig. 10) demonstrates that the averaged surface brightness
temperature rises more dramatically within 500 m radius
of the river center line in comparison to that beyond 500 m.
The standard deviation also indicates a significant threshold of 500 m where the influence of the Saskatchewan
River on the surrounding surface temperature changes.
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Figure 11: Buffer analysis of averaged standardized land surface
temperature (SLST) within 50 m, 100 m, 200 m, and 500 m from the
urban green spaces

Figure 10: Buffer analysis of standard deviation (SD) of the standardized land surface temperature (SLST) within 100 m, 200 m,
500 m, 1000 m, and 2000 m from the Saskatchewan River

Within 500 m, an increasing standard deviation shows a
growing variation in the averaged surface brightness temperature with the surrounding region more distant from
the river center. This suggests that the mitigation impact
of the Saskatchewan River on the adjacent surface temperature declines as the geographic zone becomes further
away. Beyond 500 m of the river it is possible that the high
radiation rate of the underlying surface plays a leading
role in affecting the surface temperature with less influence from the water body. Similarly, based on Fig. 11 and
Fig. 12, we can conclude that urban green spaces perform
a cooling effect on the surrounding surface temperatures
of Saskatoon within an approximate range of 200 m. However, so far the interactive cooling effect between the river
and green spaces on the surrounding LST is still difficult
to be clearly understood.

4.4 Relevant influential factors of urban LST
The multiple linear regression analysis helps determine
whether the four relevant variables can statistically contribute to the variation in the urban surface temperatures.
Our results in Table 5 present four models based on step-

Figure 12: Buffer analysis of standard deviation (SD) of the standardized land surface temperature (SLST) within 50 m, 100 m,
200 m, and 500 m from the urban green spaces

wise methods significantly effective in explaining the urban land surface temperature. Green space percentage,
water percentage, and STI are negatively correlated with
SLST while impervious surfaces positively contribute to
SLST. This conclusion is consistent with the reality that
green space, water, and sustainable traveling modes can
help mitigate urban temperatures while increasing impervious surfaces can cause the temperature increase to accelerate in urban areas. The residuals were examined and
found to follow a binomial distribution which indicates
no reason to reject the fit of the models. The four-variable
model has the highest adjusted R2 (0.694) in comparison
with the other three models with less independent variables. The four variables in model 4 can account for approximately 69.4% of the variation in urban land surface
temperature, followed by model 3, 2, 1 with 66.1%, 63.4%,
and 50.6% of the variation, respectively. All of the models
should be further tested with other datasets for mapping
the standard land-surface temperatures when census data
and land cover and land use information are available.
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Table 5: Summary of the stepwise multiple linear regression model between standard land surface temperature (SLST) and its relevant
factors green space percentage (ST_GP), water percentage (ST_WS), impervious surface percentage (ST_IP), and sustainable traveling index(ST_STI).

Models

Sig. for
the
model

Sig. for variables

Adjusted
R2

SLST = - 0.441 ST_GP
+ 0.893
SLST = - 0.415 ST_GP
+ 0.228 ST_IP +0.802

0.000

0.506
0.634

0.083

SLST = - 0.397 ST_GP
+ 0.215 ST_IP – 0.146 ST_STI
+0.828
SLST = - 0.331 ST_GP
+ 0.227 ST_IP – 0.170 ST_STI
– 0.223 ST_WS +0.826

0.000

Constant (0.000)
ST_GP (0.000)
Constant (0.000)
ST_GP (0.000)
ST_IP (0.000)
Constant (0.000)
ST_GP (0.000)
ST_IP (0.000)
Constant (0.000) TUTAJ
ST_GP (0.000)
ST_IP (0.000)
ST_STI (0.006)

Std.
error of
the
estimate
0.097

0.661

0.080

0.694

0.076

0.000

0.000

5 Uncertainties and opportunities
As preliminary research, this study has several limitations and uncertainties. First, the materials of urban surface are not perfect blackbodies with a range of emissivity from 0 to 1; we approximated those land covers
to ideal blackbodies. This may result in underestimating the surface-leaving radiance and overestimating the
atmospheric-path radiance. Even for specific materials,
emissivity might vary in different atmospheric conditions
(Li et al., 2004). Therefore, the existing approaches in
retrieving land-surface temperature from satellite data
need to be improved through transferring the brightness
temperature to surface radiant temperature using accurate surface emissivity and a validated radiative transfer
model. One NDVI method recommended by Sobrino et al.
(2008) is a relatively simple and good method to obtain
the emissivity. However, our study area is highly covered
in mixed pixels which makes it hard to define the thresholds of different land covers and land uses based on the images and limited ground reference data. More detailed field
work will be needed to enable the application of this NDVI
method for improved LST retrieval. Other opportunities lie
in the development of empirical or physical algorithms for
quantification of parameters based on experimental measurements.

Other limiting factors may include data quality and
completeness for either in situ measurements or satellite
observations. The data sets obtained for this study were
limited by either the spatial or temporal resolutions, which
might restrict the accuracy and reliability of the results. To
address such limitations, down scaling techniques need
to be applied to increase the data availability. Another opportunity is to composite monthly data based on daily images to increase the spatial resolution. Although this involves an intensive workload, the accuracy might still be
improved. Also, the historical air temperatures along with
other climate data (precipitation, humidity, wind speed,
wind direction, atmospheric pressure, and visibility) collected by Saskatoon weather stations can hardly guarantee a precise description of the environmental condition beyond a limited adjacency of the observation stations. The spatial distribution of these three stations is
not equally random and the data sample needs to be enlarged. In addition, although the satellite imagery used in
this study was obtained with minimized cloud effect, the
residual cloud cover might still weaken the insolation dramatically. For these reasons, LST retrieved from such satellite imagery consequently suffers from the uncertainties in
further data preprocessing and calculation (Benali et al.,
2012; Jacobson, 2000).
Third, this study shows the potential in comparing
multi-temporal Landsat and MODIS data for characteriz-
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ing urban temperatures in semi-arid cities (e.g., Saskatoon) at higher latitudes. However, the investigation of urban temperatures in other areas should take into account
the influence imposed by latitude, topographic features
(mountains, coastal areas, or plain regions), and surface
conditions at various spatial scales.
In addition, land surface temperature is not only influenced by biophysical features such as water and vegetation, but it is also highly impacted by human activities. This research conducted limited discussion on the anthropogenic effects merely from land use and land cover
and travelling mode perspectives. However, more anthropogenic influential factors (demographic characteristics,
economic development, and energy consumption) are also
involved in providing a more complete understanding of
the urban temperature mechanism.

used to estimate urban surface temperature based on census and imagery-derived information with a highest adjusted R2 of 0.649 and a lowest standard error of 0.076.
In summary, our research draws together both satellite and ground evidence to prove the potential of different satellite thermal data in spatiotemporally characterising urban temperatures. For suggestions to prevent and
alleviate UHI in Saskatoon, it is necessary to protect the
Saskatchewan River and urban green spaces, to encourage sustainable travelling modes and in the meantime,
restrict impervious surface sprawl (e.g., parking lots). In
regions beyond 200 m of the green spaces and 500 m
of the Saskatchewan River, available cooling strategies
are highly recommended. Consequently, taking advantage
of multi-source imagery based on fusion techniques has
great implications for a better understanding of the urban
temperature mechanisms in future studies.

6 Conclusions
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The results in our study indicate that it is possible to
spatiotemporally characterize urban temperatures based
on multi-temporal satellite thermal information and corresponding in situ measurements. Both Landsat TM and
MODIS LST data can yield pronounced estimations of daily
air temperatures at the spatial scales of 120 m and 1000 m,
respectively, with significant adjusted R2 of 0.803 and
0.518.
In addition, the 5600 m MODIS monthly LST data is
highly suitable for monitoring the trend of urban monthly
air temperatures in summer months (June, July, and August) due to its good agreement with the in situ observations based on an averaged R2 of 80% (P<0.05), which
is especially for the warmest month of July. The Landsat
moderate satellite imagery can provide more spatial details while the low-resolution MODIS LST data can be used
in temporally continuous monitoring for routine record.
For the spatial impacts on urban surface temperatures from biophysical and anthropogenic aspects, the
findings revealed that both the Saskatchewan River and
green spaces have significant cooling effects on the surrounding urban LST within 500 m and 200 m, respectively.
Beyond these thresholds, it is possible that the high radiation rate of the underlying surface plays a leading role in
affecting the surface temperature. In addition, increasing
green space percentage, water space percentage, and sustainable travelling modes can help mitigate urban temperatures, whilst increasing impervious surfaces can cause
heating up and even the formation of UHIs. A multiple linear regression model based on those four variables can be
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