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 Text S1 shows the research progress and challenges of previous studies;  24 
 Text S2 shows the elaborate steps on thermal anisotropy mapping across global 25 

lands; 26 
 Text S3 shows the potential uncertainties related to the impacts from land cover 27 

changes over the study period; 28 
 Text S4 shows the potential impacts from retrieval errors in various MODIS 29 

products; 30 
 Text S5 shows the potential impacts from directionalities in atmospheric 31 

attenuation and emissivity inherent in MODIS LST products; 32 
 Text S6 shows the potential uncertainties related to the interval number for 33 
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spatially and temporally categorizing MODIS LST pixels; 34 
 Text S7 shows the reasons for the greater TAI variations with SAT than RAD and 35 

the relatively low RAD values; 36 
 Text S8 shows the clarifications on the robustness of TAI patterns over arid 37 

regions. 38 
 39 
 Figure S1 denotes the comprehensive framework for surface thermal anisotropy 40 

intensity (TAI) mapping across global lands;  41 
 Figure S2 shows the spatial distribution of downward shortwave radiation (RAD; 42 

W/m2) averaged over all summer afternoons from 2003 to 2022; 43 
 Figure S3 shows the spatial distribution of the grids used for examining the 44 

relationships between TAI and two atmospheric parameters during summer 45 
afternoon; 46 

 Figure S4 shows the global mapping of thermal anisotropy intensity (TAI) from 47 
2003 to 2022;  48 

 Figure S5 gives the TAI curves for different sensor VZAs during summer daytime 49 
across all climate zones;  50 

 Figure S6 gives the spatial patterns of TAI during summer mornings over several 51 
typical desert surfaces worldwide, alongside their corresponding topographic 52 
maps;  53 

 Figure S7 shows the contributions of various factors to surface TAI across three 54 
typical regions of the Sahara Desert;  55 

 Figure S8 shows the 1:1 scatterplot comparing the observed and estimated TAI 56 
values across three typical regions of the Sahara Desert;  57 

 Figure S9 gives the photos of undulating sand dunes over typical deserts;  58 
 Figure S10 shows the spatial patterns of TAI during summer mornings and 59 

afternoons across typical African regions, alongside the corresponding land cover 60 
types;  61 

 Figure S11 gives the spatial patterns of TAI across three typical regions, along 62 
with their corresponding thermal anisotropy curves;  63 

 Figure S12 shows the number of Aqua LST images across different sensor VZA 64 
intervals during summertime from 2003 to 2022 over typical African regions; 65 

 Figure S13 shows the variations in TAI depending on surface parameters during 66 
summer daytime;  67 

 Figure S14 shows the variations in TAI depending on elevation standard 68 
deviation (σele) during summer daytime;  69 

 Figure S15 shows the variations in TAI depending on σele during summer daytime 70 
over typical mountainous regions;  71 

 Figure S16 shows the variations in TAI and LST with elevation standard deviation 72 
in typical mountainous regions;  73 

 Figure S17 shows the variations in TAI depending on atmospheric parameters 74 
during summer morning;  75 

 Figure S18 gives the variations in TAI depending on typical surface and 76 
atmospheric parameters during summer morning;  77 

 Figure S19 shows the differences in LST between Aqua and Terra satellites 78 
averaged for multiple days under various weather conditions within a given VZA 79 
interval;  80 
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 Figure S20 gives the impacts from land cover changes on TAI quantification;  81 
 Figure S21 shows the surface thermal anisotropy curves across mainland China 82 

quantified using LST observations from different periods;  83 
 Figure S22 exhibits the impacts from the inherent uncertainties in MODIS LST 84 

products on the quantification of TAI;  85 
 Figure S23 shows the impacts from the inherent uncertainties in MODIS LAI and 86 

EVI products on examinations of TAI variations with LAI and EVI;  87 
 Figure S24 exhibits the mean TAI curves for 1,708 large inland lakes across 88 

different climate zones;  89 
 Figure S25 shows the emissivity directionality of thermal band 31 and 32 in 90 

MYD11A1 LST products during summer afternoon;  91 
 Figure S26 shows the Impacts from different classification intervals on the 92 

examinations of TAI variations with LAI and SAT;  93 
 Figure S27 shows the TAI variations with SAT during summer afternoons across 94 

different climate zones;  95 
 Figure S28 shows the TAI variations with RAD during summer afternoons across 96 

different climate zones;  97 
 Figure S29 exhibits the number of LST images within each VZA interval during 98 

summertime from 2003 to 2022 across various climate zones.  99 
 100 
 101 
  102 
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Text S1: Research progress and challenges of previous studies 103 
Research progress of previous studies 104 
Surface thermal anisotropy has been a subject of scientific inquiry since the 1960s 105 
(Monteith & Szeicz, 1962). Research on thermal anisotropy can be broadly grouped 106 
into three categories (Cao et al., 2019; Jacob et al., 2008; Paw U, 1992; Wang et al., 107 
2023). (1) Physical modeling: For over half a century, physical models and ground-108 
based or airborne observations have been used to develop effective forward 109 
physically process-based methods to investigate thermal anisotropy. These models 110 
can be further sub-divided into two categories: those driven by surface component 111 
temperatures derived from observations (Kimes et al., 1980; Kimes & Kirchner, 1983; 112 
Pinheiro et al., 2004; 2006; Rasmussen et al., 2010; 2011), and those forced by 113 
component temperatures simulated through surface energy balance models (Bian et 114 
al., 2018; Du et al., 2007; Duffour et al., 2016a; Dyce & Voogt, 2018; Huang et al., 115 
2011; Jiang et al., 2018; Krayenhoff & Voogt, 2016; Lagouarde et al., 2010; 2012; 116 
Morrison et al., 2023). These studies typically focused on specific land cover types, 117 
particularly vegetation, at relatively small scales. (2) Semi-physical modeling: Within 118 
the past decade, semi-physical models, such as kernel-driven models, have 119 
successfully combined multiple data sources to simulate or correct thermal 120 
anisotropy for predominant land covers, especially vegetation, within satellite 121 
overpass regions (Bian et al., 2020; 2021; 2024; Cao et al., 2021; Duffour et al., 2016b; 122 
Ermida et al., 2017; 2018; Jiang et al., 2021; Liu et al., 2018; Michel et al., 2023; 123 
Vinnikov et al., 2012; Qin et al., 2023; 2025; Wang et al., 2018; 2020). (3) Multi-source 124 
data-driven approaches: More recent studies have successfully bypassed a part of 125 
physical modeling procedures by leveraging multi-pixel spatial or temporal 126 
information to map thermal anisotropy or correct associated directionality (Du et al., 127 
2023; Hu et al., 2016; Teng et al., 2023; Wang et al., 2022; Wang et al., 2023).  128 
 129 
Surface thermal anisotropy intensity (TAI) exhibits spatial and temporal variability. For 130 
vegetated surfaces, TAI is generally higher in summer than winter, during the day 131 
compared to night, and in mid- to low-latitude regions (Na et al., 2024; Wang et al., 132 
2023). The relationship between TAI and vegetation characteristics is complex, with 133 
initial increases followed by decreases in TAI as leaf area index and canopy cover 134 
increase (Coll et al., 2019; Ermida et al., 2017, 2018; Rasmussen et al., 2010). 135 
Topography also plays a significant role, with mountainous areas exhibiting stronger 136 
TAI (Ermida et al., 2017; Jiao et al., 2019; Lipton & Ward, 1997; Trigo et al., 2008; Yan 137 
et al., 2016). Atmospheric conditions, such as solar irradiance, also influence TAI by 138 
affecting temperature gradients between sunlit and shaded areas (Duffour et al., 139 
2016a; Wang et al., 2023).  140 
 141 
Challenges of previous studies 142 
Physical models, characterized by high model complexity, usually require detailed 143 
surface structure and property information as model input, which has limited their 144 
application to larger areas. Semi-physical models have overcome the limitation of 145 
elaborate surface property information required by physical models. In addition, 146 
recently developed semi-physical models (i.e., dynamic kernel-driven models) have 147 
well addressed the interplay of anisotropic thermal radiation and dynamic nature of 148 
surface temperature. However, they often rely on either relatively restrictive 149 
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assumptions about the diurnal temperature cycle patterns or require auxiliary thermal 150 
data from geostationary satellites. These restrictions impede their applicability across 151 
global lands, especially (1) under complex weather conditions under which the 152 
assumptions related to diurnal temperature cycle patterns are invalidated and (2) 153 
over high-latitude regions with limited geostationary satellite coverage. Recently 154 
proposed multi-source data-intensive models have shown promise in circumventing 155 
some of these challenges, but their heavy reliance on the presence of adjacent water 156 
bodies or ground-based measurements also restricts their global applicability. As a 157 
result, our understanding of thermal anisotropy, a critical land surface property, 158 
remains extremely incomplete across different land cover types worldwide.  159 
 160 
While significant progress has also been made in interpreting the associations 161 
between TAI and related surface and atmospheric parameters, our knowledge of 162 
these associations remains predominantly localized. Whether these regional 163 
associations can be extrapolated to the global scale remains unverified. 164 
Consequently, global-scale statistical associations between TAI and relevant 165 
parameters remain unexplored. This knowledge gap significantly hampers accurate 166 
angular corrections for satellite-based thermal observations, thereby compromising 167 
the applications of thermal remote sensing in various branches of Earth science.  168 
 169 
 170 
  171 
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Text S2: Elaborate steps on thermal anisotropy mapping across global lands 172 
Our simple yet effective single-source data-driven methodology comprises a rigorous 173 
four-step process (Figure S1 in Supporting Information S1):  174 
 175 
Step 1: Removal of outliers in LST observations and binning of VZAs 176 
To reduce the potential uncertainty inherent in LST observations, we identified and 177 
removed outliers in time series LST data using the 3σ rule (Na et al., 2024; Xiao et al., 178 
2025). LST observations were divided into 13 viewing VZA bins (10° intervals) from –179 
65° to 65°. LST time series within each VZA bin were then averaged to preliminarily 180 
mitigate the impact of rapid atmospheric variations.  181 
 182 
Step 2: Further exclusion of LST anomalies and careful selection of valid VZA 183 
bins 184 
To further minimize the impacts from LST anomalies and those from varying 185 
atmospheric conditions on LST sample counts across VZA bins, additional filtering of 186 
VZA bins should be performed. Valid VZA bins were identified through a two-step 187 
process. First, daytime LSTs from Aqua generally exceed those from Terra under 188 
relatively stable atmospheric conditions. However, LST differences between Aqua and 189 
Terra occasionally deviated from the expected patterns. For instance, in some high-190 
latitude regions of the Northern Hemisphere (Figure S19 in Supporting Information 191 
S1), Aqua LSTs could be significantly lower than Terra's during the daytime, possibly 192 
due to the uncertainties in LST retrievals or atmospheric fluctuations associated with 193 
insufficient valid observations. This could introduce potential biases into the TAI 194 
quantification. To address this, VZA bins with LST contrasts (Aqua minus Terra) below 195 
–1.5 °C or above 10.0 °C were excluded to minimize the impact from LST anomalies 196 
(Criterion #1; Crosson et al., 2012). The same criteria were applied to nighttime data, 197 
but based on LST differences calculated as Terra minus Aqua. Second, a triple 198 
weighted standard deviation filter was further applied to identify and further exclude 199 
VZA bins with anomalous LST values (Criterion #2; Bonamente, 2017; Wang et al., 200 
2006). This filter weighted LST pixels by the number of samples in each VZA bin to 201 
calculate weighted mean and standard deviation. We need to clarify that LST data 202 
utilized for calculating weighted mean and standard deviation were restricted to a 203 
VZA of ±30° for land surfaces beyond 60 °N and 60 °S, mostly due to frequent data 204 
anomalies and limited sample sizes at higher latitudes (Wan et al., 2021a; 2021b).  205 
 206 
Step 3: Calculation of thermal anisotropy intensity 207 
Thermal anisotropy curves were constructed by mapping LST variations across 208 
different VZA bins. Thermal anisotropy intensity (TAI) was quantified as the maximum 209 
LST difference between zenith and non-zenith angles (Hu et al., 2016). To enhance 210 
TAI accuracy, LSTs across all VZA intervals were smoothed using the LOESS method 211 
(Wang et al., 2022) (span = 0.7) in R package. Thermal anisotropy was mapped for all 212 
four transit times during both summer (June to August) and winter (December to 213 
February) in the Northern Hemisphere, with opposite seasons defined for the 214 
Southern Hemisphere.  215 
 216 
Step 4: Uncertainty analysis 217 
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Our study has employed LST retrievals rather than top-of-atmosphere thermal 218 
radiance to map thermal anisotropy. One may question that the derived surface 219 
thermal anisotropy can be polluted by the directionality in atmospheric effects. 220 
Therefore, we conducted further sensitivity analysis to consolidate that the identified 221 
VZA-dependent LST variations are truly from land surfaces rather than due to the 222 
directionality in atmospheric effects. Our findings indicate minimal influence from 223 
these factors, supporting the robustness of our results. Additionally, we performed 224 
sensitivity analyses to examine the potential impacts from retrieval errors in MODIS 225 
LSTs, from land cover changes over the study period (2003~2022), as well as from the 226 
directionality in emissivity inherent in MxD11 LST products. These analyses 227 
demonstrate that such effects are negligible and would not invalidate the main 228 
findings of this study. 229 
 230 
  231 
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Text S3: Potential uncertainties related to the impacts from land cover changes 232 
over the study period 233 
Our study employed multi-angle LST observations from 2003 to 2022 to map surface 234 
thermal anisotropy across global lands. Given the substantial land cover changes (e.g., 235 
urban expansion and global greening) observed in many regions worldwide in recent 236 
decades, one may question the extent to which such land cover changes could 237 
introduce uncertainties into TAI quantification.  238 
 239 
To address this, we examined the impacts from land cover change on TAI 240 
quantification using mainland China as an example, a region that has undergone 241 
particularly pronounced land cover changes in recent decades. Specifically, we 242 
examined the TAI patterns during summer afternoon across three periods of varying 243 
lengths (2003–2012, 2013–2022, and 2018–2022) and compared them with those 244 
derived from the full 2003–2022 period. 245 
 246 
The results indicate that the difference in TAI values across different time periods is 247 
less than 0.3 °C (Figures S20 and S21 in Supporting Information S1), accounting for 248 
only approximately 10% of the overall TAI magnitude observed in this region. While 249 
this sensitivity analysis focuses merely on mainland China, we consider that land 250 
cover changes during the study period should exert a similarly modest influence on 251 
TAI quantification in other regions worldwide. This is because China’s urbanization 252 
and vegetation greening represent some of the most prominent examples of land 253 
cover change worldwide (Chen et al., 2019; Gong et al., 2020). 254 
  255 
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Text S4: Potential impacts from retrieval errors in various MODIS products 256 
One may question that the inherent uncertainties in MODIS products (e.g., LST, EVI 257 
and LAI products) may introduce potential biases into TAI quantification and its 258 
relationships with key surface and atmospheric parameters.  259 
 260 
To evaluate these uncertainties, we compared the TAI patterns and their variations 261 
with LAI and EVI derived from MODIS data with and without quality control, using 262 
mainland China as an example. For LST, we utilized only pixels with retrieval errors 263 
below 2.0 K according to the QC band of MYD11A1 and MOD11A1. For LAI and EVI, 264 
we retained pixels identified as ‘good quality’ according to the FparLai_QC band of 265 
MCD15A3H and the DetailedQA band of MOD13A2. 266 
 267 
Our results indicate that the differences in TAI values and their relationships with key 268 
parameters are minimal between the quality-controlled and non-quality-controlled 269 
datasets. Specifically, the TAI values derived from two methods are 3.27 °C and 270 
3.25 °C, respectively (Figure S22 in Supporting Information S1). Likewise, the TAI 271 
variations with LAI and EVI exhibit consistent patterns across both datasets, with only 272 
slight numerical differences (Figure S23 in Supporting Information S1). These findings 273 
suggest that the potential uncertainties in MODIS products should have a negligible 274 
impact on the main conclusions of this study. 275 
  276 



10 

Text S5: Potential impacts from directionalities in atmospheric attenuation and 277 
emissivity inherent in MODIS LST products  278 
We mapped global land thermal anisotropy using MODIS LST products, rather than 279 
relying on top-of-atmosphere raw radiance data. While the LST retrieval algorithm 280 
corrects for atmospheric effects using a differential absorption approach in two 281 
thermal bands, complete removal of atmospheric influences remains difficult (Hu et 282 
al., 2016). Given the dependence of atmospheric attenuation on sensor VZA, one may 283 
question that our surface thermal anisotropy estimates may be distorted by 284 
directional atmospheric effects.  285 
 286 
Inspired by previous insights in eliminating the impacts of directionality in 287 
atmospheric attenuation (Hu et al., 2016), we evaluated the uncertainties associated 288 
with this effect by mapping thermal anisotropy across 1,708 large inland lakes 289 
worldwide using MODIS LST data, because thermal radiation of inland water bodies is 290 
mostly isotropic (Hu et al., 2016). Our results reveal an average TAI of 1.3 °C for these 291 
lakes during summer daytime (Figure S24 in Supporting Information S1), indeed 292 
suggesting a moderate influence of this effect. This value may be jointed induced by 293 
the directionality in both emissivity and atmospheric attenuation residual in the 294 
MODIS LST products. However, this value is substantially lower than the global mean 295 
land surface TAI of around 3.0 °C during the same period (Figures 1a and 1b), 296 
indicating that such effects would not largely bias our primary findings. 297 
 298 
We also acknowledge that the directional dependence of emissivity in MODIS LST 299 
products may also influence the TAI quantification, as emissivity values are 300 
determined based on land cover types (Wan et al., 2021a; 2021b) and can vary with 301 
viewing geometry. To assess this potential effect, we examined the directional 302 
emissivity of bands 31 and 32 in the MYD11A1 product during summer afternoons 303 
from 2003 to 2022 across global lands. Our results show that the directionality of 304 
emissivity is less than 0.001 for both bands, and occurs only at sensor VZA exceeding 305 
±40° (Figure S25 in Supporting Information S1). According to previous studies 306 
(García-Santos et al., 2015; Hu et al., 2019), such minimal variation should exert a 307 
negligible impact on TAI quantification. 308 
  309 
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Text S6: Potential uncertainties related to the interval number for spatially and 310 
temporally categorizing MODIS LST pixels 311 
This study examined the TAI variations with LAI and SAT, by spatially or temporally 312 
categorizing all LST pixels into different bins according to LAI or SAT values. One may 313 
argue that the selection of category number may influence the number of valid pixels 314 
within each category, thereby affecting the results.  315 
 316 
To address this, we further examined the TAI variations with LAI and SAT by using 317 
different number of classification intervals, and compared the results under different 318 
interval number. Specifically, for LAI (typically ranging from 0 to 4.5), we adopted 319 
three classification schemes, including dividing all LAI into eleven intervals in 0.4 320 
increments, dividing all LAI into nine intervals in 0.5 increments, and dividing all LAI 321 
into eight intervals in 0.6 increments. For SAT, we also formulated three classification 322 
schemes, including classifying all weather conditions into 6, 8, and 10 categories 323 
based on daily SAT values during summer time from 2003 to 2022.  324 
 325 
The results indicate that the TAI variations with respect to LAI or SAT across mainland 326 
China under different interval number exhibit a broadly consistent pattern across 327 
different classification intervals, with only minor numerical differences (Figure S26 in 328 
Supporting Information S1). This indicates that while the selection of classification 329 
interval may affect the number of valid pixels within each interval, it should exert a 330 
relatively minimal impact on the main conclusions of this study. 331 
  332 
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Text S7: Reasons for the greater TAI variations with SAT than RAD and the 333 
relatively low RAD values 334 
One may raise question why TAI variation with SAT appears more pronounced than 335 
with RAD, and why the RAD values in Figure 3 are relatively low, which seem 336 
contractionary with conventional understanding that RAD strongly regulates surface 337 
thermal anisotropy. These patterns, however, may arise from the approach we 338 
adopted to examine TAI variations in relation to SAT and RAD. To avoid potential 339 
confusion, we provide a more detailed explanation below. 340 
 341 
Our analysis reveals that when all grids are included, the magnitudes of TAI variations 342 
with SAT and RAD are nearly identical (Figures S27 and S28 in Supporting Information 343 
S1). However, in Figure 3, we have narrowed the grid range to more clearly illustrate 344 
the TAI variations with weather conditions, which made the SAT-induced variations 345 
appear more pronounced.  346 
 347 
Specifically, both RAD and SAT are influenced not only by weather conditions but also 348 
by geographical locations. In Figure 3, to ensure that the observed TAI variations with 349 
SAT and RAD primarily reflect weather-driven changes rather than background 350 
climatic differences, we applied additional grid filtering to ensure that the grids were 351 
consistent for all SAT/RAD intervals. Since the grid selection for SAT and RAD analyses 352 
was performed independently, the grids used for SAT analysis did not overlap with 353 
those used for RAD analysis (Figure S3 in Supporting Information S1). Consequently, 354 
in the finally chosen grids, the TAI variation with SAT was greater than that for RAD. 355 
However, this comparison may not be entirely equitable due to the distinct grids 356 
selected for SAT and RAD. This process also led to the exclusion of many grids with 357 
high RAD values, resulting in lower RAD values in Figure 3. 358 
 359 
  360 
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Text S8: Clarifications on the robustness of TAI patterns over arid regions 361 
Our results indicate that TAI displays evident spatial variability within arid regions 362 
(Figure 2), with desert surfaces typically showing stronger TAI than mountainous or 363 
plateau surfaces, which are often characterized by stony or rocky landscapes. One 364 
may argue that the relatively lower retrieval accuracy of MxD11 LST products over 365 
these hot and dry areas may introduce potential uncertainties into the findings. To 366 
address this concern, we provide a detailed explanation from three aspects. 367 
 368 
First, our study utilized the MODIS LST V6 product to examine surface TAI across 369 
global lands. Compared to the V5 product, the V6 product refined the LST retrieval 370 
algorithm for bare soil pixels in hot and warm bare soil zone within latitude between 371 
−38° and 49.5° (Wan, 2014). Even if potential retrieval uncertainties may persist in 372 
these regions, our analysis focuses on the differential LST between nadir and off-nadir 373 
views rather than their absolute values, which could effectively minimize the influence 374 
of retrieval errors on TAI quantification.  375 
 376 
Second, we performed further sensitivity analyses to demonstrate the relatively 377 
minimal impacts from atmospheric attenuation directionality, emissivity directionality, 378 
and weather fluctuations on TAI quantification. Specifically, by mapping thermal 379 
anisotropy across large inland lakes worldwide, we observed no significant 380 
differences in thermal anisotropy patterns between lakes in arid and other climate 381 
zones (Figure S24 in Supporting Information S1), indicating the negligible impacts 382 
from atmospheric attenuation in arid regions. Additionally, we observed only weak 383 
directionality in emissivity for bands 31 and 32 in this region (Figure S25 in 384 
Supporting Information S1), suggesting the minimal impact from directional 385 
emissivity. Furthermore, there are substantial number of valid observations across all 386 
VZAs in arid regions (Figure S29 in Supporting Information S1), signifying the minimal 387 
impact from weather fluctuations on TAI quantification. 388 
 389 
Third, we further investigated the reasons underlying the notably higher TAI values 390 
observed in sandy surfaces compared to mountains and plateaus. This was achieved 391 
by examining the individual contributions of several key variables to surface TAI 392 
across these typical regions using the widely adopted random forest (RF) model. The 393 
selected variables involve three main categories: (1) surface geometries, including 394 
surface slope and aspect (i.e., a proxy of azimuth), (2) surface physical properties, 395 
including surface albedo and diurnal temperature range of LST (termed DTRLST, a 396 
proxy for specific heat capacity), and (3) environmental factors, including downward 397 
shortwave radiation and daytime LST (termed LSTday). These variables were chosen 398 
based on their significant influence on surface TAI and their availability at large spatial 399 
scales.  400 
 401 
The results showed that surface TAI can be accurately estimated by integrating the RF 402 
model with these variables, achieving an R² of 0.94 and an RMSE of 0.13 °C. Variable 403 
importance analysis revealed that the primary factors regulating TAI across these 404 
regions were DTRLST (48%), WSA (26%), and RAD (11%) (Figures S7 and S8 in 405 
Supporting Information S1). These findings strongly support our hypothesis that the 406 
enhanced TAI over sandy surfaces may be linked to the presence of undulating sand 407 
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dunes and the lower specific heat capacity of sand. This combination, along with the 408 
pronounced solar radiation over arid regions, leads to greater temperature 409 
differences between sunlit and shaded components compared to mountainous and 410 
plateau terrains. 411 
 412 
Importantly, the enhanced TAI observed over sandy surfaces extends beyond the 413 
Sahara Desert, with similar patterns found across nearly all sandy regions worldwide 414 
(Figure S6 in Supporting Information S1). Notable examples include the Kalahari 415 
Desert in southern Africa (Figures S6c and S6d in Supporting Information S1), the 416 
Rub' al Khali Desert on the Arabian Peninsula (Figures S6e and S6f in Supporting 417 
Information S1), the Karakum Desert in northern Iran (Figures S6e and S6f in 418 
Supporting Information S1), the Thar Desert in India (Figures S6e and S6f in 419 
Supporting Information S1), and the Taklamakan Desert in China (Figures S6g and 420 
S6h in Supporting Information S1). The widespread consistency of these patterns 421 
further underscores the robustness of our findings. 422 
  423 
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 424 
Figure S1. Comprehensive framework for surface thermal anisotropy intensity (TAI) 425 
mapping across global lands | The framework comprises two primary components, 426 
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e.g., mapping of thermal anisotropy (Part 1), and analysis of TAI-parameter 427 
relationships (Part 2). Part 1 involves three key steps: (1) removal of MODIS land 428 
surface temperature (LST) outliers and binning of viewing zenith angles (VZAs), (2) 429 
selection of valid VZA bins based on two criteria, and (3) TAI calculation. Part 2 430 
includes selection of key surface and atmospheric parameters, and identifying 431 
relationships between TAI and key surface and atmospheric parameters.  432 
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 433 
Figure S2. Spatial distribution of downward shortwave radiation (RAD; W/m2) 434 
averaged over all summer afternoons from 2003 to 2022 | These values were 435 
extracted from the 2-hour period preceding the Aqua satellite overpass and 436 
subsequently masked using daily LSTs from Aqua MODIS to obtain clear-sky values. 437 
The observed differences in RAD values across the equator primarily result from the 438 
varying definitions of summer months: June to August in the Northern Hemisphere 439 
and December to February in the Southern Hemisphere.  440 
  441 
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 442 

Figure S3. Spatial distribution of the grids used for examining the relationships 443 
between TAI and two atmospheric parameters during summer afternoon | The cases 444 
for downward shortwave radiation (RAD; a) and for surface air temperature (SAT; b).  445 
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 446 
Figure S4. Global mapping of thermal anisotropy intensity (TAI) from 2003 to 2022 | 447 
Spatial distribution of TAI for summer (a to d) and winter (e to h), respectively. 448 

  449 
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 450 

Figure S5. TAI curves for different sensor VZAs during summer daytime across all 451 
climate zones | TAI curves for summer morning (Terra; a) and summer afternoon 452 
(Aqua; b).  453 
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 454 
Figure S6. Spatial patterns of TAI during summer mornings over several typical 455 
desert surfaces worldwide, alongside their corresponding topographic maps | Cases 456 
for the Sahara Desert in Northern Africa (a and b), the Kalahari Desert in Southern 457 
Africa (c and d), the Rub' al Khali Desert on the Arabian Peninsula (e and f), the 458 
Karakum Desert in Northern Iran (e and f), the Thar Desert in India (e and f), and the 459 
Taklamakan Desert in China (g and h). Topographic maps were sourced from 460 
https://www.reddit.com/r/MapPorn/comments/blffuv/world_topographic_3d_map/#li461 
ghtbox. 462 
  463 
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 464 
Figure S7. Contributions of various factors to surface TAI across three typical regions 465 
of the Sahara Desert (termed Sahara-A, Sahara-B, and Sahara-C). 466 
  467 
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 468 
Figure S8. The 1:1 scatterplot comparing the observed and estimated TAI values 469 
across three typical regions of the Sahara Desert (i.e., Sahara-A, Sahara-B, and 470 
Sahara-C). 471 
  472 
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 473 
Figure S9. Photos of undulating sand dunes over typical deserts | The cases for the 474 
Duna en Sossusvlei, Namibia (a; Ragnhild & Neil, 2015) and the Namib desert (b; Diego 475 
Delso, 2018). 476 
 477 
  478 
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 479 
Figure S10. Spatial patterns of TAI during summer mornings (a; Terra) and 480 
afternoons (b; Aqua) across typical African regions, alongside the corresponding land 481 
cover types (c). The rectangle highlights a west-to-east transect near 10°N, exhibiting 482 
a north-to-south sequence of low-high-low TAI patterns. Land cover types are 483 
derived from the IGBP classification in the MCD12Q1 product for 2010, with LC_type 484 
9 and 10 representing Savannas (tree cover 10-30%, canopy > 2 m) and Grasslands 485 
(dominated by herbaceous annuals, canopy < 2 m), respectively.  486 
 487 
  488 
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 489 
Figure S11. Spatial patterns of TAI (a) across three typical regions: the northern low-490 
TAI region (Area-1), central high-TAI region (Area-2), and southern low-TAI region 491 
(Area-3), along with their corresponding thermal anisotropy curves (b) during 492 
summer afternoons. 493 
  494 
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 495 
Figure S12. Number of Aqua LST images across different sensor VZA intervals during 496 
summertime from 2003 to 2022 over typical African regions. The rectangle highlights 497 
a west-to-east transect near 10°N, exhibiting a north-to-south sequence of low-high-498 
low TAI patterns. 499 
  500 
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 501 
Figure S13. Variations in TAI depending on surface parameters during summer 502 
daytime | Variations in TAI with leaf area index (LAI) across different climatic zones 503 
during summer morning (a) and afternoon (d); variations in TAI with tree cover 504 
percentage (TCP) during summer morning (b) and afternoon (e); and variations in TAI 505 
with enhanced vegetation index (EVI) during summer morning (c) and afternoon (f). 506 
 507 
  508 
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 509 
Figure S14. Variations in TAI depending on elevation standard deviation (σele) during 510 
summer daytime | Distribution of global mountainous surfaces (a) according to the 511 
Global Mountain Biodiversity Assessment (GMBA) dataset (Snethlage et al., 2022); 512 
and variations in TAI with σele across different climatic zones during summer morning 513 
(b) and afternoon (c). 514 
 515 
  516 
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 517 

Figure S15. Variations in TAI depending on σele during summer daytime over typical 518 
mountainous regions | Variations in TAI with σele over the Tibet Plateau during 519 
summer morning (a) and afternoon (e); variations in TAI with σele over the rocky 520 
mountains during summer morning (b) and afternoon (f); variations in TAI with σele 521 
over the Kunlun mountains during summer morning (c) and afternoon (g); and 522 
variations in TAI with σele over the Andes mountains during summer morning (d) and 523 
afternoon (h).  524 
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 525 
Figure S16. Variations in TAI (red curve) and LST (blue curve) with elevation standard 526 
deviation (a), as well as TAI variations with elevation (b) in Andes Mountains. 527 
  528 
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 529 

Figure S17. Variations in TAI depending on atmospheric parameters during summer 530 
morning | Variations in TAI with surface air temperature (SAT; a) and downward 531 
shortwave radiation (RAD; b). Reasons for the relatively low RAD values in (d) are 532 
provided in Text S4 in Supporting Information S1.  533 
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 534 

Figure S18. Variations in TAI depending on typical surface and atmospheric 535 
parameters during summer morning | Variations in TAI with the interplay between LAI 536 
and SAT in tropical climate zones (a); and variations in TAI with the interplay between 537 
σele and SAT over the Tibetan Plateau (b).  538 
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 539 
Figure S19. Differences in LST between Aqua and Terra satellites averaged for 540 
multiple days under various weather conditions within a given VZA interval, using 541 
winter daytime as an example. 542 
  543 
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 544 
Figure S20. Impacts from land cover changes on TAI quantification | Statistics of 545 
surface TAI in mainland China during summer afternoons for the periods of 2003 to 546 
2012, 2013 to 2022, 2003 to 2022, and 2018 to 2022. 547 
 548 
  549 
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 550 
Figure S21. Surface thermal anisotropy curves across mainland China quantified 551 
using LST observations from different periods. 552 
  553 
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 554 
Figure S22. Impacts from the inherent uncertainties in MODIS LST products on the 555 
quantification of TAI | Statistics of surface TAI in mainland China derived from raw LST 556 
observations (blue column) and quality-controlled LST observations (red column, 557 
using pixels with retrieval errors below 2.0 K according to the QC band).  558 
  559 



38 

 560 
Figure S23. Impacts from the inherent uncertainties in MODIS LAI and EVI products 561 
on examinations of TAI variations with LAI and EVI | TAI variations with LAI quantified 562 
using LAI data without or with quality control (i.e., pixels labelled as ‘good quality’ 563 
according to the FparLai_QC band) across mainland China (a); TAI variations with EVI 564 
quantified using EVI data without or with quality control (i.e., pixels labelled as ‘good 565 
quality’ according to the DetailedQA band) across mainland China (b). 566 
  567 
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 568 

Figure S24. Mean TAI curves for 1,708 large inland lakes across different climate 569 
zones during summer morning (a) and afternoon (b).  570 
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 571 
Figure S25. Emissivity directionality of thermal band 31 and 32 in MYD11A1 LST 572 
products during summer afternoon | (a) and (b) represent cases for band 31 and 32, 573 
respectively. 574 
  575 
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 576 
Figure S26. Impacts from different classification intervals on the examinations of TAI 577 
variations with LAI (a; using mainland China as a case study) and SAT (b; using arid 578 
regions as a case study). 579 
  580 
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 581 
Figure S27. TAI variations with SAT (represented by clear-sky SAT averaged over a 2-582 
hour period prior to Aqua satellite overpasses) during summer afternoons across 583 
different climate zones | The red curve depicts the TAI variations in relation to SAT, 584 
while the gray histogram represents the number of 2° × 2° grids included in the 585 
analysis for each SAT interval. 586 
  587 
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 588 
Figure S28. TAI variations with RAD (represented by clear-sky RAD averaged over a 589 
2-hour period prior to Aqua satellite overpasses) during summer afternoons across 590 
different climate zones | The red curve depicts the TAI variations in relation to RAD, 591 
while the gray histogram represents the number of 2° × 2° grids included in the 592 
analysis for each RAD interval. 593 
 594 
  595 
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 596 
Figure S29. Number of LST images within each VZA interval during summertime 597 
from 2003 to 2022 across various climate zones | (a) represents the case for Aqua 598 
MODIS, while (b) represents the case for Terra MODIS. 599 
 600 


	Text S1: Research progress and challenges of previous studies
	Text S2: Elaborate steps on thermal anisotropy mapping across global lands
	Text S3: Potential uncertainties related to the impacts from land cover changes over the study period
	Text S4: Potential impacts from retrieval errors in various MODIS products
	Text S5: Potential impacts from directionalities in atmospheric attenuation and emissivity inherent in MODIS LST products
	Text S6: Potential uncertainties related to the interval number for spatially and temporally categorizing MODIS LST pixels
	Text S7: Reasons for the greater TAI variations with SAT than RAD and the relatively low RAD values
	Text S8: Clarifications on the robustness of TAI patterns over arid regions
	Figure S1. Comprehensive framework for surface thermal anisotropy intensity (TAI) mapping across global lands | The framework comprises two primary components, e.g., mapping of thermal anisotropy (Part 1), and analysis of TAI-parameter relationships (...
	Figure S2. Spatial distribution of downward shortwave radiation (RAD; W/m2) averaged over all summer afternoons from 2003 to 2022 | These values were extracted from the 2-hour period preceding the Aqua satellite overpass and subsequently masked using ...
	Figure S3. Spatial distribution of the grids used for examining the relationships between TAI and two atmospheric parameters during summer afternoon | The cases for downward shortwave radiation (RAD; a) and for surface air temperature (SAT; b).
	Figure S4. Global mapping of thermal anisotropy intensity (TAI) from 2003 to 2022 | Spatial distribution of TAI for summer (a to d) and winter (e to h), respectively.
	Figure S5. TAI curves for different sensor VZAs during summer daytime across all climate zones | TAI curves for summer morning (Terra; a) and summer afternoon (Aqua; b).
	Figure S6. Spatial patterns of TAI during summer mornings over several typical desert surfaces worldwide, alongside their corresponding topographic maps | Cases for the Sahara Desert in Northern Africa (a and b), the Kalahari Desert in Southern Africa...
	Figure S7. Contributions of various factors to surface TAI across three typical regions of the Sahara Desert (termed Sahara-A, Sahara-B, and Sahara-C).
	Figure S8. The 1:1 scatterplot comparing the observed and estimated TAI values across three typical regions of the Sahara Desert (i.e., Sahara-A, Sahara-B, and Sahara-C).
	Figure S9. Photos of undulating sand dunes over typical deserts | The cases for the Duna en Sossusvlei, Namibia (a; Ragnhild & Neil, 2015) and the Namib desert (b; Diego Delso, 2018).
	Figure S10. Spatial patterns of TAI during summer mornings (a; Terra) and afternoons (b; Aqua) across typical African regions, alongside the corresponding land cover types (c). The rectangle highlights a west-to-east transect near 10 N, exhibiting a n...
	Figure S11. Spatial patterns of TAI (a) across three typical regions: the northern low-TAI region (Area-1), central high-TAI region (Area-2), and southern low-TAI region (Area-3), along with their corresponding thermal anisotropy curves (b) during sum...
	Figure S12. Number of Aqua LST images across different sensor VZA intervals during summertime from 2003 to 2022 over typical African regions. The rectangle highlights a west-to-east transect near 10 N, exhibiting a north-to-south sequence of low-high-...
	Figure S13. Variations in TAI depending on surface parameters during summer daytime | Variations in TAI with leaf area index (LAI) across different climatic zones during summer morning (a) and afternoon (d); variations in TAI with tree cover percentag...
	Figure S14. Variations in TAI depending on elevation standard deviation (σele) during summer daytime | Distribution of global mountainous surfaces (a) according to the Global Mountain Biodiversity Assessment (GMBA) dataset (Snethlage et al., 2022); an...
	Figure S15. Variations in TAI depending on σele during summer daytime over typical mountainous regions | Variations in TAI with σele over the Tibet Plateau during summer morning (a) and afternoon (e); variations in TAI with σele over the rocky mountai...
	Figure S16. Variations in TAI (red curve) and LST (blue curve) with elevation standard deviation (a), as well as TAI variations with elevation (b) in Andes Mountains.
	Figure S17. Variations in TAI depending on atmospheric parameters during summer morning | Variations in TAI with surface air temperature (SAT; a) and downward shortwave radiation (RAD; b). Reasons for the relatively low RAD values in (d) are provided ...
	Figure S18. Variations in TAI depending on typical surface and atmospheric parameters during summer morning | Variations in TAI with the interplay between LAI and SAT in tropical climate zones (a); and variations in TAI with the interplay between σele...
	Figure S19. Differences in LST between Aqua and Terra satellites averaged for multiple days under various weather conditions within a given VZA interval, using winter daytime as an example.
	Figure S20. Impacts from land cover changes on TAI quantification | Statistics of surface TAI in mainland China during summer afternoons for the periods of 2003 to 2012, 2013 to 2022, 2003 to 2022, and 2018 to 2022.
	Figure S21. Surface thermal anisotropy curves across mainland China quantified using LST observations from different periods.
	Figure S22. Impacts from the inherent uncertainties in MODIS LST products on the quantification of TAI | Statistics of surface TAI in mainland China derived from raw LST observations (blue column) and quality-controlled LST observations (red column, u...
	Figure S23. Impacts from the inherent uncertainties in MODIS LAI and EVI products on examinations of TAI variations with LAI and EVI | TAI variations with LAI quantified using LAI data without or with quality control (i.e., pixels labelled as ‘good qu...
	Figure S24. Mean TAI curves for 1,708 large inland lakes across different climate zones during summer morning (a) and afternoon (b).
	Figure S25. Emissivity directionality of thermal band 31 and 32 in MYD11A1 LST products during summer afternoon | (a) and (b) represent cases for band 31 and 32, respectively.
	Figure S26. Impacts from different classification intervals on the examinations of TAI variations with LAI (a; using mainland China as a case study) and SAT (b; using arid regions as a case study).
	Figure S27. TAI variations with SAT (represented by clear-sky SAT averaged over a 2-hour period prior to Aqua satellite overpasses) during summer afternoons across different climate zones | The red curve depicts the TAI variations in relation to SAT, ...
	Figure S28. TAI variations with RAD (represented by clear-sky RAD averaged over a 2-hour period prior to Aqua satellite overpasses) during summer afternoons across different climate zones | The red curve depicts the TAI variations in relation to RAD, ...
	Figure S29. Number of LST images within each VZA interval during summertime from 2003 to 2022 across various climate zones | (a) represents the case for Aqua MODIS, while (b) represents the case for Terra MODIS.

