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A growing number of studies have investigated how land surface temperature (LST) is influenced
by a variety of driving factors; however, little effort has been made to identify the dominant ones.
The suggested method used the Upper Awash Basin (UAB), Ethiopia, as an example to explore the
spatial heterogeneity and factors affecting LST, which is critical for selecting effective mitigation
strategies to manage the thermal environment. The study employed two models: ordinary least
squares (OLS) and geographically weighted regression (GWR). The OLS model was first used to
capture the overall relationship between LST and some biophysical factors. The GWR was then
utilized to investigate the spatial non-stationary relationships between LST and its influencing
biophysical factors. Although the method was tested in UAB, Ethiopia, it can be applied in similar
agroecosystems, to identify the dominant factors that influence LST and develop site-specific LST
mitigation strategies.

+ The OLS and GWR models investigated the spatial heterogeneities of the influencing factors
and LST.

Biophysical parameters such as enhanced vegetation index (EVI), modified normalized differ-
ence water index (MNDWI), normalized difference built-up index (NDBI), normalized differ-
ence bareness index (NDBal), albedo and elevation were used as potential driving environ-
mental factors of LST

The models performance was computed using the adjusted coefficient of determination (adj.
R?), Akaike Information Criterion (AICc), and residual sum of squares (RSS).
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LST is a crucial parameter that reflects land-atmosphere interaction, and its intensity and spatial pattern are mostly influenced
by the biophysical composition of the land surface. Understanding the intensity and the spatio-temporal variations of LST is vital to
derive appropriate mitigation strategies to regulate the thermal environment [1]. LST derived from satellite remotely sensed ther-
mal infrared (TIR) imagery has become an indispensable data source to study the spatial non-stationary relationships between LST
and its influencing biophysical factors. This method offers several advantages, including cost-effectiveness, wide temporal and spa-
tial coverage, and data characterized by reputable accuracy, surpassing the limitations of in-situ data sources, such as traditional
weather stations [2]. The spatial variation of LST is complex and nonlinear. Thus, specific methods are required for evaluating this
phenomenon. This phenomenon has been evaluated using a variety of statistical approaches, including global regression models such
as ordinary least squares (OLS), spatial error model (SEM), and spatial lag model (SLM), which often overlook the issue of spatial
heterogeneity. Recently, various studies have employed a strong statistical approach called Geographically Weighted Regression
(GWR), which adds geographical distribution information to the regression parameters to examine spatial changes. Therefore, this
article describes the methodology used to investigate the spatial non-stationary relationships between LST and its influencing envi-
ronmental factors. Landsat 8 OLI/TIRS images (168/54 and 169/54) collected in January 2021 were utilized to extract LST and its
influencing environmental factors, while elevation was computed using SRTM DEM data [3]. Before analysis, satellite images must
be radiometrically corrected to remove noise from the sensor and atmosphere, which is done by converting digital numbers (DN) to
radiance and reflectance using a spectral radiance model [4]. First, the Landsat-8 OLI imagery was converted to top-of-atmosphere
(TOA) spectral radiance using the radiance rescaling factors provided in the metadata file using the equation given in Eq. (1).

L;=M; XQ.y+ AL (1)

where L, is TOA spectral radiance in W/(m? x sr x um), M p is the band-specific multiplicative scaling factor from the metadata, 4,
is the band-specific additive scaling factor from the metadata, and Q,,, is Level 1 pixel value in DN.

Landsat-8 OLI band data can also be converted to TOA planetary reflectance using the reflectance rescaling coefficients provided
in the product metadata file, as shown in Eq. (2).

Py =M,xQ.+A, 2)

where p,, is TOA planetary reflectance in W/(m? x sr x um), M , is the band-specific multiplicative scaling factor from the metadata,

A, is the band-specific additive scaling factor from the metadata, and Q_,, is Level 1 pixel value in DN. The derived TOA reflectance

is not true reflectance; solar elevation angle correction is required to obtain true TOA reflectance is as follows Eq. (3).
Py _ Py

cos(ﬁsz) - sin(BSE)

where p, is the true planetary reflectance and 6 is local sun elevation angle, 6, is local solar zenith angle.

3

Pr=

Extraction of biophysical factors

The biophysical properties of the earth’s surface often considered as influencing factors in LST studies, which contain a large
amount of spectral information and are easy to obtain from remoting sensing images. EVI, a modified version of the NDVI, was first
introduced by Tucker [5] and has become one of the most widely used indexes for characterizing vegetation greenness. EVI was shown
to have a negative relationship with LST [6], indicating that vegetation has a greater cooling capability and plays an important role in
lowering the LST of its surrounding neighbors. Xu [7] introduced a modified normalized difference water index (MNDWI) to improve
the features of open water bodies, which is now frequently used to evaluate the impact of water bodies on LST. The NDBI, NDBal,
and albedo are important biophysical factors that exacerbate the thermal environment. NDBI, initially developed by Zha et al. [8], is
the most extensively used indices for characterizing and identifying the built-up area. NDBal is also a well-known LULC indices for
estimating the extent of barren lands in the region of study, and it is commonly used to evaluate the impact of bare soil on LST [9].
Albedo, a measure of the fraction of solar radiation reflected from the earth’s surface, is one of the environmental factors influencing
LST and is calculated as described by Liang [10]. The radiometrically corrected reflectance bands of Landsat-8 were used to calculate
the selected five surface biophysical features (Table 1).

Retrieval of LST

The retrieval of LST using the mono-window algorithm involves the following steps. In the first step, the digital number (DN) of
Landsat 8 OLI/TIRS band 10 images was converted to spectral radiance using Eq. (4) given by Ihlen & Zanter, [12].

L,=MLxQ,, +AL-0; 4)

where, L, is the Top-of-Atmosphere (TOA) spectral radiance in W/(m? x sr x um), ML is the band-specific multiplicative scaling
factor from the metadata, AL is the band-specific additive scaling factor from the metadata, Q_,, is Level 1 pixel value in DN and O;
is the correction of the thermal band.

Secondly, using Eq. (5), sensor spectral radiance is converted into sensor brightness

K
Tp=— 2 ®

ln(l;—'/1 + 1)
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Table 1
Equation for Surface biophysical parameter calculations.
Biophysical Equation Description
parameters
EVI YEVI=G % m PNIR> PRED> Parur Tepresent reflectance values of Bands 2, 4, and 5
of the Landsat-8 OLI/TIRS
MNDWI MNDWI = % PGreen> Pswir1 Tepresent reflectance values of Bands 3 and 6 of the
Landsat-8 OLI/TIRS
NDBI NDBI = % Pswiris> Pnir Fepresent reflectance values of Bands 5 and 6 of the
‘ Landsat-8 OLI/TIRS
NDBal NDBal = % pPswiri> Prirs represent reflectance values of Bands 5 and 10 of the
’ ) Landsat-8 OLI/TIRS
Albedo Albedo = 233 0240130 410,373 «5+0.085 « 6+0.072 o7 00018 « represent reflectance values of Bands 2,4,5,6 and 7

0.356+0.130+0.373+0.085+0.072

* L is a soil adjustment factor, and C1 and C2 are coefficients used to correct aerosol scattering in the red band by the use of the blue band. In
general, G = 2.5, C1=6.0, C2=7.5,and L = 1 [11].

where, T} is effective at-sensor brightness temperature in Kelvin (K), and K, and K, are band-specific thermal conversion constants
from the metadata. For Landsat-8 TIRS band 10, K; was 774.8853 and K, was 1321.0789, P4 is sensor spectral radiance and /n is
the natural logarithm.

The land surface is composed of different objects that have different emissivities. Since the land surface emissivity (¢) varies
greatly with surface features, it is vital to determine it before computing LST [13]. The NDVI threshold approach is one of the most
popular emissivity extraction techniques currently in use due to its simplicity of application [14]. Thus, ¢ is calculated as given in
Eq. (6) given by Sobrino et al. [15].

£ =0.004P, +0.986 (6)
where, £ is emissivity and P, is the proportion of the vegetation, which may be estimated using the formula provided by Carlson

and Ripley [16] and stated in Eq. (7).

)

_( NDVI-NDVI,, \’
V= \ NDVI,,, - NDV1,,

max

where, NDV 1, is a fully vegetated land-covers NDV I value 0.5; NDV I, is a non-vegetated land-covers NDV I value 0.2 [14].

Finally, Eq. (8) was applied to correct the computed radiant surface temperature for emissivity .

Ty

{1 + [(ﬂ)lnsﬂ] }
P
where, LST is land surface temperature (in degree Celsius); T is the radiant surface temperature (in kelvin); A is emitted radiance

wavelength (10.8 um); p is calculated as p = hf;' =1.438 x 102 mK, p is the Boltzmann constant (1.38 x 10723 J/K), h is Planck’s
constant (6.62 x 10734 J/s), and c is velocity of light (2.998 x 108 m s1); and « is land surface emissivity.

LST = —273.15 8)

Spatial association of LST

To evaluate the relationships between LST and selected biophysical factors, 5446 sample points in the study area were randomly
generated using 'create random points’ tool in ArcGIS 10.8. The values of each parameter were then extracted for each point using
the ’extract multi values to points’ tools, and exported to the OLS and GWR models. Initially, using GeoDa 1.20.0 software, the OLS
model was used to examine the relationships between LST and its influencing factors [17]. The expression for this global OLS model
is Eq. (9).

k
vi=ho+ ) Bx, +e )
Jj=1

where, y; is the i"" observation of dependent variable, x; ; is the i"" observation of the j’* independent variable, g ; is the regression
coefficient of the j* variable, and ¢, is the error term.

However, the OLS regression could be biased whether spatial autocorrelation and spatial heterogeneity are present. Therefore,
the Global Moran’s I test was applied to assess whether there is spatial autocorrelation in the LST and the residual term. The global
Moran’s I Index is calculated using the following formula [18].

ny Zwij(x,» —)'c)(xj —)‘c)

Moran's I = > (10)
wY (x;— %)
n(x; —x) Y, w;(x; — %)
Local Moran's I = (x ),, /=l I_J ! (11)
Zi=1(xi _x)
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where, n is number of points; x; and x; are the LST values of sample i and j, respectively; w;; is the spatial weight describing the
distance between i and j; and x is the average LST value.

The local spatial autocorrelation index is often measured by the local Moran’ I statistic in Eq. (11), used to explore the geographic
location of such clustered/dispersed patterns of LST [19].

The local patterns of the relationship between LST and explanatory variables are better characterized by the GWR model than
by the global OLS model [20]. The GWR model was developed using the GWR4 software [21]. The GWR model can be expressed

mathematically as follows:
n

yi = Bolu; » Ui)"'Zﬂk(“i L U)X g (12)
k=1

where, (u; , v;) is the geographic coordinate of the i’ location; f,(; , v;) is a constant term, §,(u; , v;) is the regression coefficient of
each variable at point i and ¢, is the random error term at point i.

In this study, to evaluate the performance of the OLS and GWR model, three parameters including adj. R?, and the RSS were
chosen, and higher adjust R2 and lower AICc and RSS values indicate better model performance [22].
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