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10 Abstract: Land Surface Temperature (LST) estimation has been studied for several purposes, while
11 the optimal method of estimating the LST has not been criticized yet. This research explores the
12 optimum method in Land Surface Temperature (LST) estimation using LANDSAT-8 imagery data.
13 Four different LST retrieval approaches, the Radiative Transfer Equation-based method (RTE), the
14 Improved Mono-Window method (IMW), the Generalized Single-Channel method (GSC), and the

15 Split-Window algorithm (SW), were calculated to present the LSTs over Buriram Town
16 Municipality, Thailand. The calculated LSTs from these four methods were compared with the
17 ground-based temperature data, taken on the same date and time of the employed LANDSAT-8
18 images. For this reason, the optimum method of the LST calculation was justified by considering
19 the lowest normalized root means square error (NRMSE) values. As a result, the SW algorithm
20 presents an optimum method in LST estimation. Regarding the SW, this algorithm requires not only
21 the atmospheric profiles during satellite acquisition but also the retrieval of several coefficients.
22 Besides, the LST retrieval method based on the SW algorithm is sensitive to water vapor content
23 and coefficients. Although the SW algorithm is an optimum method explored in this study, it is
24 emphasized that the adjustable values of coefficient response to the atmospheric state may be
25 recommended. With these conditions, the SW algorithm can generate the land-surface temperature

26 over the mixed land-useand land cover on the LANDSAT-8 images.

27 Keywords: radiative transfer equation;improved mono-window; generalized single-channel; split-
28 window; LANDSAT-8; urban land surface temperature
29

30 1.Introduction

31 Land Surface Temperature (LST) is one of themost critical variables for estimating radiation and
32  energy budgets associated with the mainland surface processes on regional and global scales [1-3].
33 Also, it is crucial for a wide variety of land-atmospherestudies [4,5]. Knowledge of the distribution
34 of LST can provideuseful information about thesurface physical properties and climate, which plays
35 arole in a variety of fields including land-atmosphere energy budget [6,7], climate change [7-9],
36 hydrological cycle [7,9,10], evapotranspiration [8,10], and urban climate [6,10,11].

37 Regarding the data from satelliteremote sensing, the LST data provides denser spatial sampling
38  intervals than taken LST data at ground sites [12]. This remote sensing data provide a direct and
39  continuous way to observe land surface characteristics and provides spatially continuous surface
40  temperatureinformation over largescales. The LST retrieval methods from remote sensing data made
41  significant progress in obtaining the LST data. Data from the LANDSAT series is one of the most
42  widely used satelliteimages for retrieving the LST according to its free downloadabledata from the

43  USGS website, regular revisit times, and long-term recorded data. LANDSAT-8 was successfully
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44 launched in 2013 and deployed into orbit with two instruments onboard, the Operational Land
45  Imager (OLI) and the Thermal Infrared Sensor (TIRS) with two spectral bands in the Long
46 Wavelength Infrared (LWIR) [15]. As the essential data, band 11 is significantly more contaminated
47 by stray light than Band 10. It is recommended that users refrain from using Band 11 data in the
48  quantitativeanalysis,includingBand 11 in split-wind surface temperatureretrieval algorithms [16].
49  The LST estimation algorithms, with the Land Surface Emissivity (LSE), are known a priori, can be
50  roughly grouped into three categories: multi-angle methods, multi-channel methods, and single-
51  channel methods [17,18].

52 The LSE is a proportional factor that scales blackbody radiance (Planck’s law) to predict emitted
53  radiance.ltis also theefficiency of transmitting thermalenergy across the surfaceinto theatmosphere
54 [20]. Weng, et al. [21] indicated that the estimation of emissivity for ground objects from passive
95 sensor data could be measured using different techniques. For instance, the Normalized Difference
56  Vegetation Index (NDVI) wasused asa threshold to designate emissivity values [22].Regarding this
57  method, it considers the internal reflections (cavity effects) caused by a heterogeneous surface.
58  Accordingly, validation studies for complex terrains are more complicated [23]. Liu, et al. [24] and
59  Coll et al. [25] noted that a previous study [26] performed over the large, fully vegetated surfaceand
60  baresurfaces or deserts, whererelatively homogeneous test sites to avoid uncertainty due to spatial
61  heterogeneity. The land surfaceis generally heterogeneous at the satellite pixel-level; furthermore,
62  promisingtemperature-based validation is based upon in-situ measurements limits to homogeneous
63  land surface types. Therefore, the accuracy of LSTs retrieved from heterogeneous or mixed pixels
64  remains questionable.

65 This research explores the optimum method in LST estimation over the different land covers by
66  using LANDSAT-8 imagery data.For this reason, four different LST retrieval approaches, RTE, IMW,
67  GSC, and SW, are calculated to present the LSTs over Buriram Town Municipality, Thailand.
68  Eventually, the calculated LSTs were compared with the ground-based temperature data from the
69  surveyingon thesame date and time of the obtained LANDSAT-8 data. The optimum method of the
70 LST calculation is concluded and discussed regarding the lowest normalized root means square error
71  (NRMSE) values.

72  2.Materials and Methods

73 2.1 Study Area

74 Buriram province locates in the North-Eastern region of Thailand. Buriram province has been
75  overgrowingin the last decade, especially in the Town Municipality. Buriram Town Municipality
76 covers 6,000,000 sq. meters (or six sq. kilometers) with heterogeneous land cover characteristics
77  (Figure 1). Over 30,000 residences are living in the municipality [27]. Moreover, it has encountered
78  rapid urbanization due to the mega-sport complex. The mega-sports complex contains a massive
79  stadium for the football field and races motor tracks [28]. This mega-sports complex attracts many
80  tourists and drives the built-up constructions over Buriram Town Municipality developed by the

81  provincial governor [29].
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84 Figure 1. Buriram Town Municipality.
85 2.2 Datasets
86 This study used the data extracted from LANDSAT-8 imagery, path 128 - row 50, obtained on

87  January 21%, February 6", March 26t and April 11thin 2018. They were used for the LST estimation.
88 It means that thestudy area was investigated monthly from January to April 2018. Within these four
89  months,land-useand land-cover had not yet been changed. Therefore, very high-resolution imagery
90 (5 cm. GSD: Ground Sampling Distance) captured from UAV (Unmanned Aerial Vehicle) in March
91 2018 was used for accuracy assessment. The data surveyed by the UAV shows the ground-based

92  temperatureover the study area.

93 2.3 Method

94 A conceptual framework of this study is illustrated in Figure 2. The method consists of three
95  parts, (1) ground-based temperature measurement, (2) LST estimation, and (3) the comparison
96  between ground-based temperature data and the estimated LST data to investigate the optimum

97  method in LST estimation by considering the lowest NRMSE values.
98

99
100
101
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105 Figure 2. Conce ptual Framework

106  2.3.1 Ground-based temperature measurement

107 The LANDSAT-8 image contains 30x30 meter-grids, whereas the thermal band image consists
108  of 100x100 meter-grids. Therefore, an aggregated pixel as 3x3 pixels (90x90 m.) was assigned
109  regarding the resemblance of the Thermal image’s pixel size (100x100 m.). Based on the 3x3 pixels,
110  the coverage area of pixel size is 8,100 sq. meters. The total study area is about six million sq. meters.
111  Asaresult, thetotalnumber of sample pointsis 900 points.

112 Regarding the 3x3 pixels in which nine neighboring points were collected, respond to a single
113 pixel of thethermalband. At least 83 sites are theoretically investigated; therefore, the ground -surface

114  temperatureof 100 sites was obtained using the stratified random method, shown in Figure 3.

@) (b)
115 Figure 3. (a) Sample sites over the LANDSAT-8 imagerydata; (b) high-resolution image from UAV
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116 Based on Figure 3 (a), red grids are sample points response to the LANDSAT-8 imagery data,
117  and orange girds are the locations of the site. One-hundred ground-based data of a very-high-
118  resolutionimage from UAV was collected from nineneighboring sample points within a location site
119  shown as an orange grid, as shown in Figure 3 (b). This process shows the accuracy assessment
120  between the generated temperature from the LANDSAT-8 data and the ground-based temperature

121  onthe UAV image. The distribution of sample points and samplesites areshown in Figure 4.

122 . ]
123 Figure 4. Distribution of sample points and sample sites.
124 The numbers of sample sites are 100 points. One sample site contains nine sample points;

125  therefore, the total sample points are 900 points. All samples were collected within the yellow
126  boundary of the Buriram municipality.

127 Ground-based temperature data were collected on the same date as the retrieved data from the
128 LANDSAT-8 image. The temperature within each grid was measured and averaged using the
129  weighted mean method regarding the land use and land cover (LULC). The weighted value was
130  calculated from the areas of each LULC type, which was extracted from high spatial resolution image
131  datafromtheUAV. Then the weighted-average temperature from each grid was used as thereference
132  data and compared with the estimated Urban Land Surface Temperature (ULST data). These

133 processes wereapplied to all four methods.

134  2.3.2LST Estimation

135 In the second part, the ULST (Urban Land Surface Temperature) data wereextracted using RTE,
136 IMW developed by Wang, F. et al. [30], GSC developed by Jimenez-Munoz, ].C. et al. [31], and SW
137 developed by Jimenez-Munoz, J.C. and others [31]. The relevant parameters were defined in a list

138  after each equation.
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139 1) Radiativetransfer equation-based method (RTE)

140 For the RTE method, the atmospheric profile was extracted from the NCEP (National Centers
141  for Environmental Prediction) dataset and used to simulate atmospheric transmittance, up-welling
142 and down-welling radiance from the Moderate-resolution atmospheric Transmission (MODITRAN)
143 model. Based on theradiativetransfer equation, it is possible to estimate LST by Plank’s law inversion

144 [32],as thefollowing expression.

LST = & 1)

S
Al Lsensor - Lu - 1(1-9Lg +1
R e

145  Where Lsensor is thermal radiance at the sensor level, ¢ is land-surface emissivity, T is atmospheric

146  transmissivity, Lu and Laare up-welling and down-welling atmospheric radiance, respectively, and
147  Ciand C2 arethe constant-coefficient.

148 2) Improved mono-window method

149 To avoid the dependence on radiosounding in the RTE method, Qin et al. [33] developed the
150 Mono-Window algorithm for estimating the LST from LANDSAT-5 [34]. It was consequently
151  developed as theImproved Mono-Window method for obtaining LST from LANDSAT-8 in 2015 [30],

152  asthefollowing expression.

LST = %[a(l-C-D)+(b (1-C-D)+C+D)Ty-DT, ] @

WithC= et
D= (1-9[1+@1-¢nr]
153 Where a and b are constant coefficients, € is the land surface emissivity, t is the total atmospheric
154  transmissivity, Ts is the at-sensor brightness temperature, and Ta is the mean atmospheric

155  temperature.

156  3) Generalized single-channel method

157 In 2003, Jimenez-Munoz and Sobrino [35] developed the Generalize Single-Channel algorithm
158  toestimatetheLST from LANDSAT-5. It was developed tobe the generalized single-channel method
159  in2014by [31] for obtaining LST from LANDSAT-8 as the following expression.

LST = Y[s_l(lpll-'sensor + lIJZ) + lI"3] + d (3)
2 4
Withy = —B @
byLsensor
2 5
§ = Ty— Z—B ®)
Y

160  Where Lsensxr is thermal radiance at the sensor level, by equal 1,324 K, and 1,199 K for TIRS-1 (Band
161  10) and TIRS-2 (Band 11), respectively, Tris at-sensor brightness temperature, ¢ is the land surface

162  emissivity,and U, {2, s can be obtained as a function of the total atmospheric water vapor content
163 (w).
164 4) Split-window algorithm

165 The Split-Window algorithm was developed by Jimenez-Munoz et al. Jimenez-Munoz, Sobrino,

166 Skokovic, Matter and Cristobal [31],[32] as the followingexpression.
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Ts = T+ C(Ti—T)+ C(T, —T)? + Co + (C; + C,w) (A — &) + (C5 + Cew)Ae 6)
167  WhereCo to Cs is the Split Window coefficients, Ti and Tjare at-sensor brightness temperature of the

168  bandi andj, respectively, ¢ is the land surface emissivity which obtained from & = 0.5(si + &) and Ae

169 = (& - §).

170  2.3.3 Atmospheric parameters

171 The atmospheric parameters used in the LST estimation in each method are listed in Table1.

172 Table 1. Parametersusedin the LST estimation.

Jan 21st Febo6™ Mar26t April 11%
Temperature (To) (K) 303.9 293.1 302.9 309.3
Relative Humidity 0.63 0.60 0.65 0.44
Water Vapor Content 2.86 1.52 2.79 2.72
Methods Atmospheric Parameters Jan 21s Febo6® Mar26t Apr11t
RTE Transmittance (T) ! 0.53 0.80 0.54 0.60
Up-welling 3.92 1.63 3.78 3.56
Down-welling 6.00 2.67 5.86 5.65
MW Atmospheric Temperature (Ta)(K) 296.69 286.79 295.78 301.65
Transmittance (T) 2 0.65 0.80 0.65 0.65
GSC Atmospheric Function(LPl) 1.42 1.15 1.41 1.39
Atmospheric Function(lpz) -7.25 2.97 -6.99 -6.70
Atmospheric Funcﬁon(lPa) 3.69 1.81 3.60 3.49
SW Water Vapor Content 2.86 1.52 2.79 2.72
173 Note: 1 Transmittance, up-welling, and down-welling used in the RTE method were obtained from NCEP
174 2 The transmittance used in IMW was calculated based on the Mono -window method.
175 The near-surfaceair temperature (To)and relativehumidity werereceived from Huai Rat Station

176  near Buriram Town Municipality. These data havebeen updated on the Hydro and Agro Informatics
177  Institute (HAII) website. Regarding a study of these parameters, they were used in the water vapor
178  content calculation and estimated using the follow ing expression [36].

)

17.27 x(To—273.15)

}+ 01697
237.3+(T0—273.15)

wi = {0.59 X RH xexp[

179  Wherew: is the water vapor content (gcm-2), Tois thenear-surface air temperature (K), and RH is the
180  relative humidity (Decimal). The water vapor content, near-surface air temperature, and relative
181  humidity arethe average values.

182 The water vapor content has been used in the transmittance calculation in the IMW algorithm,
183  the atmospheric function, the GSC algorithm, and the SW algorithm. The water vapor content
184  calculationisalso used in theatmospheric temperature (Ta) calculation, an essential parameter in the
185 IMW algorithm.

186 The employed parameters are criticized in several points to propose the strengths and
187  weaknesses of the model implementation. Firstly, the transmittance, up-welling, and down-welling
188  atmosphericradianceareobtained from the NASA atmospheric correction parameter calculator. The

189 calculator uses the National Centers for Environmental Prediction (NCEP) to model global
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190  atmospheric profiles which are interpolated to a particular date, time, and location as input for the
191 MODTRAN radiativetransfer codeand as a suite of theintegrativealgorithm toinfer theup-welling,
192  down-welling radiances and site-specific transmission [6]. The profiles resulting from time
193  interpolation provide the closet lat/long position or specific location [19]. Lastly, calculating the
194  atmospheric parametersin the Tropical region, the Mid-Latitude Simmer Model is usually employed
195  due to the lack of atmospheric parameters in the Tropical Model.

196  2.3.4 Land Surface Emissivity

197 Another crucial parameter in LST estimation is Land Surface Emissivity, a variable with
198  wavelength. Then the NDVI threshold method can be used to estimate the emissivity of different
199  land surfaces in the 10-12 pm range. As mentioned by a study of Wang et al. [30] stated that the
200  spectral range of Band 10 of LANDSAT-8 is suitable in this range. The emissivity of the pixel was
201  determined based on the NDVI The land surface emissivity can be calculated from the following
202 expression [34].

€ = mP, + n ®)
With m = g - g—0-¢)Fg, )
n = g+ (1 — g.)Fg, (10)

203  WhereFis a shape factor whose mean value, assuming the different geometrical distributionis 0.55,

204 &, and ¢, areemissivity of soil and vegetation, respectively.

205  2.3.5 The comparison between ground-based temperature data and the estimated LST data

206 As thefinal part, weighted-average temperature values calculated from thereceived data of each
207  grid were compared with estimated ULST data. The NRMSE facilitates the comparison between
208  datasets or models with different scales. The small value of NRMSE presents an optimum method of
209  LST estimation.
RMSE (11)
maximum observation- minimum observation
210  WhereRMSE is Root Mean Square Error, which can be calculated as followed.

NRMSE =

12
RMSE = J i 2. (estimate value - observe Value)2 12)

211  WhereEstimate and Observeare the ground-based temperature data and the estimated LST data.

212  3.Results

213  Theestimated LST data on January 21¢, February 6th, March 26t ,and April 11thin 2018 areillustrated
214 inFigure5 - 8, respectively. Furthermore, theaverage, maximum, and minimum LST data are shown
215  in Table2, the NRMSE resultis shownin Table 3 and Figure 9 - 10.

216
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217 Figure 5. Estimated LST data onJanuary21s, 2018 from different te chnics
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219 Figure 6. Estimated LST data on February 6%, 2018 from different te chnics
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220 Figure 7. Estimated LST data on March 26t, 2018 from different technics
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221 Figure 8. Estimated LST data on April 11%, 2018 from different te chnics
222 Based on Figure 5 - 8, the cold spots always occur in the North-West and South-East area of the

223  city, which are urban forest areas. This LULC type presents a lower temperature than other LULC
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224 types.In contrast, high temperaturealways occursin the bare-land and built-up area. Furthermore,
225 the explored results from the single-channel methods, namely, RTE, IMW, and GSC, are almost the
226  same, whiletheexamined results from SW is different since the SW results are more complex surface
227  thanothers.

228 Table 2. Average, maximum, and minimum LSTdata (°C)

January 21%, 2018 February 6%, 2018 March26t, 2018 April 11%, 2018
RTE Average 30.821 25.258 34.087 42.330
Maximum 34.618 29.077 37.882 47.057
Minimum 25.643 19.140 29.121 35.067
MW Average 28.863 29.242 31.785 40.883
Maximum 32.189 33.134 35.217 45.494
Minimum 24.523 22.744 27.160 33.791
GSC Average 28.444 25.573 30.590 41.494
Maximum 31.435 29.114 33.633 45.567
Minimum 24.424 19.897 26.606 35.266
SW Average 33.863 27.640 34.602 43.465
Maximum 37.885 32.872 39.693 50.283
Minimum 27.377 19.608 27.860 35.323
229 Based on Table 2, the SW result shows the highest average LST data as 33.863 °C in January,

230  followed by the RTE result and the IMW result: 30.821 °C and 28.863 °C, respectively. As the next
231  month, the IMW result shows the highest average LST data as 29.242 °C, followed by the SW result
232 and the GSC result as 27.640 °C and 25.573 °C, respectively, in February.In March, the SW result
233  showsthe highest average LST data as 34.602 °C, followed by the RTE result and the IMW result as
234 34.087°Cand31.785 °C, respectively. Lastly, the SW also shows the highest average LST data as 43465
235  °C, followed by the RTE and the GSC result as 42.330 °C and 41.494 °C, respectively,in April.

236 The highest average LST data occursin April, followed by March and January, respectively. The
237  LST data were the lowest due to the drop-down temperature in February. The most of SW results
238  showed the highest average LST data as 33.863 °C, 34.602 °C, and 43.465 °C in January, March, and
239  April, respectively. TheIMW result showed themost upper average LST data as29.242 °C.In contrast,
240  theGSC results showed thelowest average LST data as 28.444 °Cand 30.590 °C in January and March,
241  respectively. The RTE result showed the lowest average LST data in February, and the IMW result
242  showed the lowest LST average datain April.

243 Table 3. NRMSE Values

NRMSE
Date
RTE IMW GSC SW
January 21,2018 0.454 0.613 0.650 0.227
February 6,2018 0.702 0.317 0.671 0.473
March 26,2018 0.246 0.416 0.509 0.218
April 11,2018 0.165 0.226 0.202 0.132

OverallNRMSE 0.171 0.181 0.219 0.114
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Considering Table 3, the SW provides the lowest NRMSE values as 0.227 in January, followed
by the RTE result, and the IMW result as 0.454 and 0.613, respectively. In February, the IMW result
shows the lowest NRMSE value of 0.317, followed by the SW and the GSC as 0.473 and 0.671. In
March, the SW result shows thelowest NRMSE values like 0.218, followed by the RTE result and the
IMW result as 0.246 and 0.416, respectively. Lastly,in April, the SW result shows the lowest NRMSE
value of 0.132, followed by the RTE and GSC as 0.165 and 0.202. Considering the overall NRMSE, the
SW provides the lowest NRMSE values (0.114), followed by the RTE, IMW, and GSC, 0.171, 0.181,

and 0.219.
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Figure 9. NRMSE values based on monthly results

Based on Figure 9, the SW algorithm provides the lowest error in January, as 0.227, followed by
the RTE algorithm (0.454) and the IMW algorithm (0.613). In February, theIMW algorithm provides
thelowest error as 0.317, followed by the SW algorithm (0.473) and the GSC algorithm (0.671). The
results in March aresimilar to January, in which the SW algorithm provides thelowest error as 0.218,
followed by the RTE algorithm (0.246) and the IMW algorithm (0.416), respectively.In April, the SW
algorithm also presents thelowest error as 0.132, followed by the RTE algorithm (0.165) and the GSC
algorithm (0.202).
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263 Figure 10. NRMSE values regarding LST estimation methods.
264 Based on Figure 10, most of all algorithms (RTE, GSC, and SW) present the highest NRMSE in

265  Feb, but the IMW algorithm. In contrast, the SW algorithm remarkably performs the optimum
266  method in estimating the LST in the typical dry period (December to April annually).

267  4.Discussion

268 As addressed in a study by Jimenez-Munoz, et al. [38] whether all of the single-channel methods,
269 RTE, IMW, and GSC, apply only onethermal channel in LST estimation and require an accurate value
270  of atmospheric parameters such as transmissivity, atmospheric up-welling, and down-welling
271  radiance, atmospheric water vapor content, and air temperature. Besides, Coll, et al. [39] found that
272  theaccuracy of thesingle-channel method depends on theefficiency of the RTM and the atmospheric
273  profiles representing the real state of the atmosphere over the study area at the time of the satellite
274  measurements.Focusing on the RTE results, the error in this study may come from the atmospheric
275  model used tocalculate theatmospheric parameters. The study area locates in the tropical zone, while
276  the atmospheric model provided by the NCEP model offers only the mid-latitude summer and mid-
277  latitudewinter models. On the other hand, the atmospheric parameters used in the IMW algorithm,
278  the GSC algorithm, and the SW algorithm aredirectly based on the water vapor content values. This
279  parameter was estimated based on the near-surface air temperature (To) and relative humidity values
280  taken from the local meteorological station. It confirms that any large area, which few relative
281  humidity values provided by the local meteorological station, may present significant errors in LST
282 estimation.

283 Based on the IMW results, the error also comes from the near-ground air temperature (To) used
284  in the sufficient atmospheric temperature (Ta) estimation. Another weak point is the lack of the
285  obtained air temperature in the calculation [40]. The relationship between transmittance and w ater
286  vapor content depends on not well-defined “high” and “low” air temperature values, whereas the
287  relationshipbetween Ta and To are given for absolutestandard atmospheres [38].

288 Based on the GSC results, this algorithm provides a higher error than other methods. The basis
289  of thisalgorithm, criticized in a study by Jimenez-Munoz et al. [38], relies on estimating the so-called

290  atmospheric function, which is always dependent only on water vapor content values. It was
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291  recommended by Chen et al. [41] and Cristobal et al. [40] whether these atmospheric functions may
292  beobtained more precisely from water vapor content and air temperaturebut through more complex
293  models. Since input data are minimized to only one atmospheric parameter, an error in water vapor
294  content estimation could increase the error in the LST retrievability of the single-channel algorithm.
295  Furthermore, the possibleerrorsin LST retrieval of the GSC algorithm are also expected to increase
296  with atmospheric water vapor content [30,35].

297 Based on the SW results, this algorithm provides the lowest NRMSE. The accurateinformation
298  about the atmospheric profiles during satellite acquisition seems not a significant issue [42]. In
299 contrast, this algorithm requires the retrieval of several coefficients. Therefore, it can be concluded
300  that the LST retrieval method is sensitive to water vapor content estimated error and also the
301  coefficients. In this study, the coefficients werebased on the study by Jimenez-Munoz et al. [31]. The
302  coefficients depend on the atmospheric state, but sometimes fixed values are utilized, imposing
303 significant errors. Apart from the atmospheric correction parameters, the surface emissivity is also
304  required [19]. However, these methods assume that the surface is homogeneous, and the radiances
305  are directly correlated with the emissivity values of materials and derived to LST. However, these
306  emissivity values are generally based on land cover classification data, which have not considered
307  the multiplescatteringand reflection caused by urban geometry [44]. The study area, Buriram Town
308  Municipality, is a more complicated phenomenon and heterogeneous spectral.

309 The multi-angles method is similar to the principle of the split-window algorithm yet different
310  absorption due to varying atmospheric path-lengths from different observational angles. A
311  significant benefit of these technics is that the measurements can be made from one satellite or
312 simultaneously from twosatellites [45]. Furthermore, the Multi-channels method or the split window
313  requires two spectral bands at approximately 11 and 12 um, which are affected by different
314  atmospheric absorption. It assumes that the emissivity data in the multi-channels are similar [46].
315  Land surfacebrightness temperatures arethen calculated as a linear combination of the two channels
316  [47].The algorithm does not requirean atmospheric profile, whilean integrated water vapor content
317  is essential in the calculation [48]. However, a significant disadvantage of this approach is the

318  coefficients, which areonly valid for the ad hoc datasets [46].
319  5.Conclusions

320 Most of all algorithms (RTE, GSC, and SW) present the highest NRMSE in Feb, but the IMW
321  algorithm. To answer this situation clearly, it wasnoticeable that the land surface of the study area
322  contained much moisture due to the rain. The water vapor content is used in the transmittance
323  calculationin theIMW algorithm. The water vapor content calculation is alsoused in the atmospheric
324  temperature (Ta) calculation, an essential parameter in the IMW algorithm. Therefore, the IMW
325  algorithm would provide the closest result to the humid day. It is considered as an extraordinary
326  phenomenon for therainingdaysin February.This unexpected event may affect the LST calculations
327  of those algorithms, but IMW. Considering the lowest NRMSE, it presents the SW algorithm as an
328  optimum method in USLT estimation for this study. The errors may occur due to the atmospheric
329  parameter estimation and emissivity estimation, while the amount of atmospheric water vapor
330  content data plays a significant role in the calculation. It is noted that the atmospheric water vapor
331  content data must be carefully considered regarding the use of the SW algorithm. Furthermore,
332  regarding these explored results, it can be concluded that the amount of atmospheric water vapor
333 contentplaysan essential role in accuracy assessment.
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