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ABSTRACT 23 

Land surface temperature (LST) is a key variable governing land–atmosphere energy and water 24 

exchanges. Despite the importance of LST, satellite observations and reanalysis products often 25 

differ in how they define the effective LST depth and in the assumptions underlying their 26 

estimates, making comparisons and interpretation challenging. In this study, we present a 27 

detailed comparison of LST from GOES-16 (satellite) and MERRA-2 (reanalysis) across the 28 

contiguous United States for 2022 and 2023. The results reveal systematic diurnal and seasonal 29 

differences: GOES-16 tends to be warmer than MERRA-2 in the afternoon and at night, but 30 

cooler in the morning. The magnitude of these differences varies by season. At night, GOES-16 31 

is warmest relative to MERRA-2 for forests; in the morning, it is coolest for croplands and 32 

grasslands; and in the afternoon, it is warmest for barren and shrublands. Within individual land 33 

cover types, variability in surface conditions—such as soil moisture and elevation—modulates 34 

the differences at night and in the morning, with GOES-16 LST being warmer at night and 35 

cooler in the morning for wetter soils and at higher elevations. Our analysis also indicates that 36 

Leaf Area Index plays a role during spring and autumn, likely due to the association of 37 

temperature with leaf emergence and senescence. These findings provide new insights into the 38 

mechanisms underlying LST differences between these datasets, and highlight the importance of 39 

accounting for surface condition variability when developing LST fusion and assimilation 40 

workflows. 41 

 42 

1. Introduction 43 

Land surface temperature (LST) represents the temperature of the top layer of the earth’s surface 44 

encompassing soil, vegetation or other surface features. As a key variable in land-atmosphere 45 

interactions, LST regulates the exchange of energy and water between the surface and the 46 

atmosphere (Li et al., 2023; Norman & Becker, 1995). Its significance extends across various 47 

disciplines, playing a crucial role in phenology and the carbon cycle (Zhang et al., 2007), soil 48 

moisture estimation (Gallego-Elvira et al., 2019; Zhao et al., 2021), evapotranspiration modeling 49 

(Kalma et al., 2008), drought monitoring (Karnieli et al., 2010), geology (Watson, 1975), and 50 

urban heat island assessment (Peng et al., 2018). Despite its importance, global scale LST 51 



 

measurements and model products differ in the depths over which LST is averaged and in their 52 

underlying assumptions, leading to uncertainties in their comparability and interpretation.   53 

 54 

Space-borne remote sensing platforms provide an efficient method to retrieve LST on a global 55 

scale. Among them, satellite-borne sensors with thermal infrared channels have demonstrated 56 

strong performance in terms of both accuracy and spatiotemporal resolution (Jia et al., 2024). 57 

Satellite-derived LST is commonly referred to as skin LST due to its shallow penetration depth 58 

(for both soil and vegetation canopy), which typically ranges from 1 to 100 µm. LST retrievals in 59 

the thermal infrared region are often performed using semi-empirical algorithms that determine 60 

LST as a function of top-of-atmosphere brightness temperatures while incorporating surface 61 

emissivity and atmospheric conditions as key constraints (Li et al., 2023). Geostationary 62 

satellites, due to their high temporal frequency sampling from 30 seconds to 1 hour, can 63 

characterize the LST diurnal temperature curve of a pixel, though at a coarser resolution than 64 

orbiting satellites (Freitas et al., 2013). However, satellite-derived LST is affected by cloud 65 

contamination (e.g., Figure 1a), which substantially restricts data availability. Alternatively, 66 

reanalysis products—which update land surface model states with multi-source observations 67 

through data assimilation (Baatz et al., 2021)— provide LST estimates with spatiotemporal 68 

continuity in all-weather conditions (Jia et al., 2024). However, this advantage comes at the cost 69 

of coarser spatial resolution compared to satellite-based products (e.g., Figure 1b). To maximize 70 

the benefits of both satellite-derived and reanalysis-derived LST while mitigating their respective 71 

limitations, there has been significant interest in integrating remote sensing observations with 72 

reanalysis products through downscaling (Jia et al., 2022) or data fusion/assimilation techniques 73 

(Bateni et al., 2013; Caparrini et al., 2003; Dong et al., 2022; Ghent et al., 2010; Lu et al., 2017; 74 

Meng et al., 2009; Olivera-Guerra et al., 2025). Such approaches aim to generate all-weather 75 

LST datasets and enhance the simulation of water and energy fluxes. 76 



 

 77 
Figure 1. Comparison of land surface temperature (LST) from (a) GOES-16 at its native 2 km resolution 78 
and (b) MERRA-2 at approximately 0.625° × 0.5° resolution for 1 April 2022 at 7 PM (UTC). GOES-16 79 
LST is available only under clear-sky conditions and therefore exhibits spatial gaps due to cloud cover, 80 
whereas MERRA-2 provides complete spatial coverage at each hourly time step. For each hour, GOES-81 
16 LST is aggregated to the MERRA-2 grid subject to quality constraints (c), and the difference (GOES-82 
16 upscaled − MERRA-2) is computed at the MERRA-2 resolution (d).  83 
 84 

Combining these data sources, however, is challenging due to differing modeling assumptions 85 

and the strong influence of land surface conditions on both LST satellite retrievals and reanalysis 86 

LST estimates. For example, reanalysis-derived skin LST can exhibit systematic differences due 87 

to variations in the depth over which LST is averaged, leading to potential discrepancies when 88 

compared with in situ measurements or satellite-based LST (Wang et al., 2022). Ancillary data 89 

on land cover, elevation, soil texture, Leaf Area Index (LAI), and other surface properties are 90 



 

important inputs to both reanalysis products and satellite retrieval algorithms, but differences in 91 

these input datasets can lead to differences in LST estimates. Land surface heterogeneity also 92 

influences thermal infrared LST retrievals: satellite-derived LST can be affected by variations in 93 

land cover, vegetation (Guillevic et al., 2013; Inamdar et al., 2008; Lagouarde et al., 2000), soil 94 

moisture (Friedl & Davis, 1994; Sun & Pinker, 2004), elevation (Beale et al., 2020; Ma et al., 95 

2021), and soil texture (Müller et al., 2016; Wang et al., 2015). Additionally, thermal infrared 96 

LST retrievals depend on surface emissivity—used either as an input or estimated alongside 97 

LST—which itself varies with observation viewing angle of the sensor (Ermida et al., 2024; 98 

Pérez-Planells et al., 2022) as well as with seasonality, land cover type, soil moisture, soil 99 

texture, vegetation density, and vegetation structure (Jin & Liang, 2006; Mira et al., 2010). 100 

 101 

Thus, satellite-derived and reanalysis-based LST can differ substantially in their representation 102 

of skin LST across times of day, seasons, and varying surface conditions. However, the effects of 103 

these conceptual and structural differences remain poorly understood. Examining the 104 

spatiotemporal differences between skin LST from satellites and reanalysis products, as well as 105 

assessing the influence of land surface conditions on these differences, is a critical step toward 106 

improving the interpretation, fusion, and ultimately the assimilation of thermal infrared LST into 107 

land surface models. Here, we compare thermal satellite estimates of skin LST from the 108 

Geostationary Operational Environmental Satellite-16 (GOES-16; Yu et al. (2012b); Yu & Yu 109 

(2020)) to reanalysis estimates of skin LST from the Modern-Era Retrospective Analysis for 110 

Research and Applications, version 2 (MERRA-2; Gelaro et al. (2017)). While we expect GOES-111 

16 and MERRA-2 to exhibit broadly consistent spatial and temporal patterns, we anticipate 112 

notable differences in magnitude. Specifically, due to its greater representative depth, we 113 

hypothesize that MERRA-2 has a more muted and lagged diurnal cycle than GOES-16 does. We 114 

expect these systematic differences to be more pronounced in densely vegetated areas because 115 

GOES-16 primarily senses the radiometric temperature of the few millimeters of vegetation 116 

(with effective sensing depth varying with vegetation density and structure), whereas MERRA-2 117 

represents a “skin” temperature that integrates the entire canopy and the top few cm of soil. 118 

Additionally, we expect substantial variations between these datasets in mountainous regions due 119 

to the impact of topography on thermal infrared LST retrievals. While previous studies (e.g., Ma 120 

et al., 2021) have assessed the accuracy of individual remote sensing and reanalysis LST 121 



 

products using in situ data, we are not aware of any that have directly compared these datasets to 122 

better understand their differences and the role of land surface conditions in shaping them. 123 

Furthermore, seasonal effects of surface controls on LST accuracy have not been fully 124 

considered. This study aims to address two key questions: 125 

(a) Are there systematic differences between GOES-16 and MERRA-2 LST and, if so, how do 126 

they vary across space and time? 127 

(b) Which land surface characteristics are most likely to drive substantial LST differences 128 

between GOES-16 and MERRA-2? 129 

 130 

2. Study Area  131 

The study area encompasses the contiguous United States, which was selected because GOES-16 132 

LST has been extensively validated across diverse land covers in this region using in situ 133 

measurements from the National Oceanic and Atmospheric Administration’s (NOAA) Surface 134 

Radiation Budget network (SURFRAD; Augustine & Dutton, 2013; Yu et al., 2012b), providing 135 

greater confidence in the product's accuracy. Additionally, GOES-16 LST is available at a high 136 

resolution of 2 km for the contiguous United States (compared to 10 km for the full disk 137 

coverage) (Yu et al., 2012b; Yu & Yu, 2020). The study focuses on four months—January, 138 

April, July, and October—for the years 2022 and 2023. These months are assumed to be 139 

representative of the winter, spring, summer, and fall seasons, respectively. Conducting the 140 

analysis for all months or more than two years was not feasible due to computational constraints. 141 

The analysis is restricted to the years 2022 and 2023 because product quality information, critical 142 

for filtering out low-quality GOES-16 retrievals, was not available for earlier years at the time of 143 

this study. 144 

 145 



 

3. Data 146 

a. MERRA-2 LST 147 

MERRA-2 is the National Aeronautics and Space Administration’s (NASA) state-of-the-art 148 

reanalysis product, developed by the Global Modeling and Assimilation Office (Gelaro et al., 149 

2017). MERRA-2 provides simulations of skin LST along with various land surface estimates—150 

including soil moisture, streamflow, terrestrial water storage, and snow (Reichle et al., 2017a). 151 

While numerous studies have examined the use of MERRA-2 near-surface air temperature 152 

(Gupta et al., 2020; Huang et al., 2023) in various applications, the skin LST product remains 153 

largely underused by the broader scientific community.  154 

 155 

The Catchment Land Surface Model (Koster et al., 2000) governs land surface processes within 156 

the MERRA-2 reanalysis framework. This model divides the continental surface into 157 

hydrological catchments, varying in size from a few kilometers to approximately 250 km, with 158 

the boundaries defined by topography. Each MERRA-2 grid cell (~ 0.625o × 0.5o spatial 159 

resolution) contains one or more of these irregularly shaped catchments, and some catchments 160 

span multiple MERRA-2 pixels. Each catchment is divided into areas that are either saturated, 161 

unsaturated, or wilting, and the fractional areas in each of these states are dynamically adjusted 162 

based on the catchment's total water content. The surface energy balance — including LST — is 163 

calculated separately for each of these areas, and the skin LST of each MERRA-2 pixel is 164 

calculated as an area-weighted average of these LSTs within that pixel. The LST is 165 

representative of a composite surface layer with a finite and constant soil layer heat capacity 166 

(70,000 J kg-1 K-1), encompassing both the vegetation canopy and approximately the top 5 cm of 167 

the soil (except for tropical forests; Koster et al. (2020)).  168 

 169 

MERRA-2 assimilates a broad range of atmospheric observations, including atmospheric motion 170 

vectors, wind speed and wind vector measurements, atmospheric temperature and ozone profiles, 171 

and radiance observations from multiple satellite and in situ platforms, including the GOES 172 

series. However, MERRA-2 does not directly assimilate land surface observations (Reichle et al., 173 

2017b) including LST. The land surface ancillary datasets used in the current implementation of 174 

the Catchment LSM within MERRA-2 include high-resolution elevation data from the Shuttle 175 



 

Radar Topography Mission (Slater et al., 2006), 1 km soil texture information from De Lannoy 176 

et al. (2014), prescribed seasonally varying LAI fields derived from a merged MODIS and 177 

Geoland2 dataset (Baret et al., 2013; Camacho et al., 2013), and land cover information from the 178 

Globcover v2.3 dataset (GLOBCOVER, 2011). These prescribed surface characteristics 179 

influence the model’s representation of surface energy and water fluxes and, consequently, the 180 

simulated skin LST. 181 

 182 

b. GOES-16 LST 183 

Thermal infrared skin LST derived from the Advanced Baseline Imager onboard GOES-16 (Yu 184 

et al. (2012b); Yu & Yu (2020); ABI L2+ LST) is available at a 2 km hourly resolution for the 185 

contiguous United States and has reached provisional maturity, demonstrating stable accuracy 186 

based on ground validation studies (Yu et al., 2012a; Yu & Yu, 2020). The Advanced Baseline 187 

Imager in GOES-16 has 16 spectral bands, out of which infrared bands 14 (centered at 11.2 µm) 188 

and 15 (centered at 12.3 µm) are used for LST retrieval using the split-window technique (Yu et 189 

al., 2008). Assuming we have a good estimate of surface emissivity, the split window technique 190 

is a semi-empirical approach that uses the difference between top-of-atmosphere brightness 191 

temperature measurements of these two bands to provide an atmospheric correction. The current 192 

GOES-16 LST algorithm is based on the split-window formulation proposed by Ulivieri & 193 

Cannizzaro (1985) (Eq. 1). This formulation is adopted due to its simplicity and reduced 194 

sensitivity of retrieved LST to uncertainties in surface emissivity, atmospheric water vapor, and 195 

satellite zenith angle—three of the dominant error sources in split-window LST retrievals. 196 

																									T! = C + A"T"" + A#(T"" − T"#) + A$ϵ + D(T"" − T"#)(secθ − 1)																					(1)	                                          197 

where 𝑇"" and 𝑇"#	are top-of-atmosphere brightness for ABI bands 14 and 15 respectively; 𝜖"" 198 

and 𝜖"# are the corresponding land surface spectral emissivities; 𝜖 = 0.5 ∗ (𝜖" + 𝜖#) is the mean 199 

emissivity; 𝜃 is the satellite view zenith angle; and 𝐶, 𝐴", 𝐴#, 𝐴$ and 𝐷 are the algorithm 200 

coefficients.  201 

At the time of this analysis, the surface emissivity was derived from the MODIS operational 202 

monthly land surface emissivity product (MOD11) based on the methodology described by 203 



 

Seemann et al. (2008). To account for differences in LST retrievals caused due to atmospheric 204 

water content as well as differences in discontinuity between LST and air temperatures during 205 

daytime and nighttime, the five algorithm coefficients for the split-window equation have been 206 

specified uniquely for four different scenarios: day with dry atmosphere, day with moist 207 

atmosphere, night with dry atmosphere, night with moist atmosphere (Yu et al., 2012b; Yu & 208 

Yu, 2020). Day–night classification is determined using the solar zenith angle, while dry–moist 209 

conditions are identified using total precipitable water retrieved from the GOES-16 Advanced 210 

Baseline Imager baseline products. The mission requirements specify an LST accuracy 211 

(systematic error) of 2.5 K and a precision (random error) of 2.3 K. The 2.5 K accuracy is 212 

conditional on accurate surface emissivity and atmospheric correction, and satisfactory 213 

instrument calibration; otherwise, it can increase to 5 K (Yu et al., 2012b). 214 

c. Land surface data 215 

We use 17 land cover classes defined by the International Geosphere-Biosphere Programme 216 

(IGBP) based on the Moderate Resolution Imaging Spectroradiometer (MODIS) Land Cover 217 

Type product (Friedl & Sulla-Menashe (2022); MCD12Q1, Version 6.1), available at a 500 m 218 

spatial resolution. Elevation data are obtained from the Shuttle Radar Topography Mission (Farr 219 

& Kobrick (2000); SRTM GL1) at 30 m resolution. Percent clay content is derived from the 220 

gridded Soil Survey Geographic database (Staff, 2020), also at 30 m spatial resolution. 221 

Additionally, we use MERRA-2 hourly surface soil moisture (5 cm depth) and climatological 222 

prescribed LAI fields derived from the Advanced Very High Resolution Radiometer (and 223 

provided within the MERRA-2 reanalysis), both at a spatial resolution of 0.625° × 0.5°. 224 

 225 

4. Methods 226 

We computed the hourly differences between the two datasets at the spatial resolution of 227 

MERRA-2 across the diurnal cycle and averaged them temporally over January, April, July, and 228 

October. To assess how surface conditions influence these differences, we analyzed them with 229 

respect to five land surface drivers: land cover, LAI, soil moisture, elevation, and clay content (a 230 

proxy for soil texture). To interpret these relationships, we first identified the primary driver of 231 

LST variability between GOES-16 and MERRA-2— the variable that explains the largest 232 



 

proportion of spatial variation in their systematic differences. We then examined how the 233 

remaining variables contribute to explaining the residual variability. 234 

 235 

a. Preprocessing 236 

1. LST DATA 237 

We reproject the GOES-16 LST data from the geostationary satellite view projection to the 238 

MERRA-2 WGS84 geographic projection (EPSG: 4326), which requires spatial interpolation. 239 

We use bilinear interpolation for LST values and nearest-neighbor interpolation for product 240 

quality information flags. 241 

The product quality information includes flags for LST quality, which indicate categories such as 242 

no retrieval, low quality, medium quality, and high quality. It also includes flags for land surface 243 

type (land, snow/ice, inland water, and coastal) and cloud conditions (clear, probably clear, 244 

probably cloudy, and cloudy). We treat inland water pixels as land and generate retrievals over 245 

snow/ice. However, most coastal regions (99%) contain no retrievals. To prevent potential errors 246 

from including coastal water pixels, we exclude all GOES-16 pixels flagged as coastal from the 247 

analysis. The product does not provide retrievals under cloudy conditions. Pixels flagged as low-248 

quality LST are those that meet any of the following conditions: (1) probably cloudy skies, (2) 249 

presence of thin cirrus clouds, (3) atmospheric optical depth greater than 1.0, or (4) active fire 250 

within the pixel. We exclude all GOES-16 pixels flagged as low-quality LST from the analysis. 251 

We linearly aggregate the GOES-16 pixels to MERRA-2 resolution (e.g., Figure 1c) by assuming 252 

that a GOES-16 pixel is entirely contained within a MERRA-2 pixel if its center coordinate lies 253 

within the extent of the MERRA-2 pixel. Since the split-window algorithm used by GOES-16 254 

determines LST as a linear function of the brightness temperatures (Yu et al., 2012b; Yu & Yu, 255 

2020), we do not expect that directly aggregating LST values linearly to match the MERRA-2 256 

resolution will introduce significant errors. Direct linear aggregation of satellite-derived LST to 257 

the spatial resolution of land surface models has also been commonly employed in previous 258 

studies (Ghent et al., 2010; Reichle et al., 2010). To ensure a fair comparison between the two 259 



 

LST products, we include only those MERRA-2 pixels that contain at least 85% valid GOES-16 260 

LST pixels flagged as medium or high quality and non-coastal. For example, in Figure 1d, the 261 

differences between the upscaled GOES-16 LST and MERRA-2 LST are calculated only for the 262 

MERRA-2 pixels that meet the criteria described above. This criterion limits the combined 263 

contribution of cloudy and probably cloudy pixels to a maximum of 15% of the total MERRA-2 264 

pixel area. We note that the Global Space-based Inter-Calibration System (Goldberg et al., 2011) 265 

recommends area-weighted aggregation based on the fractional overlap between high- and low-266 

resolution grids for intercomparison studies. In principle, area-weighted aggregation provides a 267 

more exact treatment of partial pixel overlap between the two grids. However, given the large 268 

number of GOES-16 pixels within each MERRA-2 grid cell and our requirement that at least 269 

85% of each MERRA-2 pixel be covered by valid GOES-16 retrievals, the contribution of 270 

partially overlapping edge pixels is expected to be minimal. Under these conditions, assigning 271 

GOES-16 pixels to a MERRA-2 cell based on the pixel center provides a close approximation to 272 

area-weighted aggregation and is not expected to significantly influence the results. Both 273 

MERRA-2 and GOES-16 data are provided in Coordinated Universal Time (UTC). We perform 274 

the diurnal analysis in local time by converting the UTC timestamps to local time, using the 275 

center coordinate of each MERRA-2 pixel. Because local time is assigned using the MERRA-2 276 

grid-cell center, small deviations from true solar time may occur, particularly across large time 277 

zones. However, given that the analysis employs 3-hour temporal averaging windows (Section 278 

4.b), the influence of these sub-hour timing offsets on the aggregated diurnal statistics is 279 

expected to be negligible. 280 

2. LAND SURFACE CONTROLS 281 

We consolidate several land cover classifications into broader composite categories to ensure 282 

adequate pixel representation within each group. Specifically, we group cropland and 283 

cropland/natural vegetation into a single "cropland" category; closed and open shrublands into 284 

"shrubland"; all forest types—evergreen needleleaf, evergreen broadleaf, deciduous needleleaf, 285 

deciduous broadleaf, and mixed forest—into "forest"; and woody savannas and savannas into 286 

"savanna." We assign 500 m land cover pixels to a MERRA-2 pixel if their center coordinates 287 

fall within the MERRA-2 pixel boundary, and compute the fractional coverage of each land 288 

cover class within the MERRA-2 pixel. The dominant land cover classification is then defined as 289 



 

the land cover type occupying at least 50% of the total MERRA-2 pixel area. We exclude 290 

MERRA-2 pixels dominated by water, snow and ice, or urban areas, as our analysis focuses on 291 

land surface covariates. When analyzing the influence of dominant land cover on LST 292 

differences (Section 5.b), we also exclude pixels classified as permanent wetlands due to their 293 

limited representation (only three pixels within the contiguous United States). Additionally, we 294 

exclude mixed land cover pixels—those where no single land cover type exceeds 50%—from 295 

Section 5.b, as their high variability prevents the generalization of LST difference patterns across 296 

surface conditions. However, we retain these pixels in the broader analysis in Section 5.a. 297 

For the land cover analysis, we focus on six dominant land cover types: barren land, cropland, 298 

forest, grassland, savanna, and shrubland (Figure 4a). In interpreting the results, we combine 299 

barren land (38 pixels across contiguous United States) and shrubland (172 pixels) due to 300 

predominantly low LAI values for pixels with shrublands as dominant land cover—more than 301 

90% of the shrubland pixels across the two years have an LAI less than 1 representing sparse 302 

vegetation cover. For the remaining surface controls—elevation, LAI, soil moisture, and clay 303 

content—we compute mean values by applying a linear spatial average at the MERRA-2 spatial 304 

resolution. 305 

 306 

b. Statistical metrics 307 

Computing pixel-wise systematic differences between two LST datasets is an effective way to 308 

assess spatial patterns in their LST differences (e.g., Ma et al., 2021). Such differences may arise 309 

from factors such as variations in vertical effective depth and modeling assumptions. We define 310 

the systematic difference 𝛿%&' between GOES-16 and MERRA-2 as  311 

𝛿%&' = 	E(LST( − LST)) (2) 

where E denotes the expectation, LST( represents the upscaled GOES-16 LST for a MERRA-2 312 

pixel, and LST) is the corresponding MERRA-2 LST. We calculate this expectation separately 313 

for each month and hour by first computing the pixel-wise LST differences between GOES-16 314 

and MERRA-2 for each hour across all available days (subject to quality control constraints in 315 



 

Section 4.a.1) within a month, and then temporally averaging these differences. We compute 316 

𝛿%&' for a pixel only if it contains data for at least five days for a given hour and month. 317 

Although this threshold may appear low, Figure S1 (Supporting Information) shows no 318 

significant dependence of 𝛿%&' 	on the number of available days per month, and most pixels in 319 

the analysis contain a higher number of days for each time period. In the land cover analysis 320 

(Section 5.b), we spatially average 𝛿%&' for all pixels within a dominant land cover type. In 321 

Section 5.c, we do not spatially average 𝛿%&' 	across pixels; instead, we examine how spatial 322 

variability in 𝛿%&' relates to change in land surface controls. For an hour and month, to identify 323 

the percent of spatial variability in 𝛿%&' 	explained by a surface control, we use the one-way 324 

Analysis of Variance (ANOVA) for categorical variables (e.g., land cover), and the coefficient of 325 

determination for continuous variables (e.g., elevation).  326 

To streamline the discussion, we present our results averaged over three key time periods: night 327 

(12 AM–3 AM), morning (8 AM–11 AM), and afternoon (2 PM–5 PM). These time periods 328 

were selected because they represent critical phases of the LST diurnal cycle. Additionally, for 329 

the selected morning and afternoon periods, the largest diurnal LST differences consistently fell 330 

within these intervals across all seasons. We quantify the linear association between a surface 331 

control and 𝛿%&' (Section 5.c) using the Pearson correlation coefficient (R). We calculate R for 332 

each time period (night, morning and afternoon), month, and land cover type by pooling all 333 

pixels across the two study years. For each pixel, we linearly average the corresponding surface 334 

control over the selected time interval and month for each year separately, and then correlate the 335 

time period specific monthly means with the systematic LST differences. While there is no 336 

universal guideline for interpreting the strength of correlation, we classify it as moderate if 337 

absolute R is between 0.4 and 0.6, and strong if absolute R exceeds 0.6. 338 

 339 



 

 340 

Figure 2. Spatially averaged systematic differences over the contiguous United States as a function of 341 
local time for January, April, July, and October in 2022 (solid lines) and 2023 (dashed lines). Across all 342 
months, the diurnal pattern is consistent: GOES-16 is generally warmer than MERRA-2 at night (positive 343 
differences), cooler in the morning (negative differences), and substantially warmer in the afternoon, with 344 
the magnitude of the afternoon peak varying seasonally. 345 

 346 

5. Results 347 

 348 

a. Diurnal and seasonal variation in LST differences 349 

GOES-16 is warmer or cooler than MERRA-2 depending on the time of day. Figure 2 shows the 350 

diurnal spatially averaged systematic LST differences across the contiguous United States. 351 

Across seasons and years for the entire contiguous United States, GOES-16, on average, is 1 K 352 

warmer than MERRA-2 at night, 1 K cooler in the morning, and 3 K warmer in the afternoon. 353 

For a given time period, the magnitude of these spatially-averaged LST differences varies across 354 

seasons, while year-to-year variability between 2022 and 2023 is relatively minimal (Figure 2). 355 



 

Morning differences are largest in July (GOES-16 cooler by 2.3 K) and lowest in October 356 

(GOES-16 is cooler by 0.5 K) while the afternoon differences are largest in April (GOES-16 is 357 

warmer by 5.2	K) and lowest for January (GOES-16 is warmer by 1.8	K). The magnitude of LST 358 

differences at night remains similar across seasons. 359 

Spatial variation in LST differences also depends on the time of day and season (Figure 3 and 360 

Figure S2; Supporting Information). Figure 3 shows the spatial patterns of these systematic 361 

differences for each time period and season. At night, across all seasons, the majority of pixels 362 

exhibit LST differences within the ±2 K range, with most pixels showing GOES-16 LST warmer 363 

than MERRA-2. A significant proportion of pixels show GOES-16 more than 2 K warmer than 364 

MERRA-2, with January (33%) and April (31%) showing the highest percentages of such pixels. 365 

The highest spatial variation (standard deviation = 2.7 K) occurs in January while the lowest 366 

variation occurs in July (standard deviation = 1.6 K). Regionally, GOES-16 tends to be warmer 367 

than MERRA-2 along the west and east coasts, and cooler in the central regions. The 368 

mountainous regions in the western United States—including the Rocky Mountains, Colorado 369 

Plateau, and Sierra Nevada—show GOES-16 substantially warmer than MERRA-2 in January. 370 

In the morning, most pixels exhibit GOES-16 LST cooler than MERRA-2, with the majority of 371 

pixels falling within a ±2 K LST difference for January (59%), April (77%), and October (84%). 372 

July shows the highest percentage of pixels (64%) where GOES-16 is cooler than MERRA-2 by 373 

at least 2 K. The overall spatial variation in morning LST differences follows a pattern similar to 374 

that observed at night, with January exhibiting the highest variation (standard deviation = 2.8 K) 375 

and July the lowest (standard deviation = 1.5 K). Morning spatial patterns shift seasonally: 376 

GOES-16 is warmer than MERRA-2 in mountainous regions of the western United States in 377 

January, while July shows more spatially uniform patterns. In October, the west coast tends to 378 

exhibit moderately warmer GOES-16 LST relative to MERRA-2. 379 

In the afternoon, GOES-16 is warmer than MERRA-2 for most pixels across all seasons (Figure 380 

S2; Supporting Information). A substantial proportion of pixels exhibit GOES-16 more than 2 K 381 

warmer than MERRA-2, with April showing the highest percentage (91%), followed by October 382 

(64%). July has the highest spatial variability in afternoon LST differences (standard deviation = 383 

3.7 K) with October having the lowest variability (standard deviation = 1.7 K). Spatially, in 384 



 

January, GOES-16 is warmer than MERRA-2 across the western, southern, and eastern United 385 

States, while the central-northern region tends to have cooler GOES-16 LST. In July, a 386 

pronounced east–west gradient emerges: western regions generally exhibit warmer GOES-16 387 

LST relative to MERRA-2, whereas eastern regions show cooler GOES-16 LST. 388 

 389 

 390 

 391 
 392 

Figure 3. Spatial plots of systematic differences  averaged across the two years for three time periods. 393 
Across the contiguous United States, the spatial patterns of the systematic differences between GOES-16 394 
and MERRA-2 LST differ substantially across the night (12 AM–3 AM), morning (8 AM–11 AM), and 395 
afternoon (2 PM–5 PM) periods, as well as across the four months analyzed. For each time-period and 396 
month combination, there are regions where the systematic differences deviate substantially from the 397 
spatially-averaged mean shown in Figure 2. 398 
 399 

b. Influence of land cover on LST differences 400 

We identify the primary surface driver of systematic LST differences between GOES-16 and 401 

MERRA-2 for each hour and month and find that land cover is the dominant driver of these 402 

differences across the contiguous United States 78% of the time, explaining an average of 22% 403 

of the spatial variation.  404 



 

 405 
 406 

Figure 4. (a) The six dominant land cover types at MERRA-2 resolution, defined as having at least 50% 407 
of a specific MODIS 500 m land cover classification within a MERRA-2 pixel, analyzed in this study 408 
across the contiguous United States. Gray regions indicate pixels where no dominant land cover exists or 409 
where the dominant land cover is water, snow and ice, or urban areas. (b) For each season, the spatially-410 



 

averaged diurnal systematic differences vary significantly by land cover. At night, GOES-16 is warmest 411 
relative to MERRA-2 for forests; in the morning, it is coolest for croplands and grasslands; and in the 412 
afternoon, it is warmest for barren and shrublands. Generally, the magnitude of afternoon systematic 413 
differences between the two datasets is larger than night. For each month, the diurnal systematic 414 
differences shown here are spatially averaged over the respective dominant land cover pixels across the 415 
entire contiguous United States. 416 
 417 

During the night, forests, savannas, barren areas, and shrublands predominantly exhibit GOES-418 

16 LST warmer than MERRA-2, with a substantial subset of pixels where GOES-16 is warmer 419 

by more than 2 K. Figure 4b shows the diurnal spatially averaged systematic LST differences for 420 

each dominant land cover type. Among these land cover types, forests exhibit the largest LST 421 

differences, with seasonal spatial averages ranging from 1.9 K to 2.7 K and the highest 422 

proportion of pixels (34%–67% across the four months) exhibiting GOES-16 more than 2 K 423 

warmer than MERRA-2 on average. In contrast, croplands consist of a notable proportion of 424 

pixels where GOES-16 LST is cooler than MERRA-2 by at least 2 K, particularly in January 425 

(24%), April (18%), and October (21%). Seasonal variability in these differences within 426 

individual land cover types is relatively small.  427 

 428 

In the morning, across land cover types, most pixels exhibit GOES-16 LST cooler than MERRA-429 

2, except for forests, where more pixels show warmer GOES-16 LST in January (55%) and 430 

October (56%). Croplands and grasslands display the highest spatially-averaged LST differences, 431 

with GOES-16 cooler than MERRA-2 by 0.8 K to 2.6 K across seasons. For all land covers 432 

except forests, variability across land covers in July is relatively small.  433 

 434 

During the afternoon, barren and shrubland regions show the highest spatially-averaged LST 435 

differences, with GOES-16 warmer than MERRA-2 by 3.8 K to 7.9 K, peaking in April (7.9 K) 436 

and followed by July (6.9 K). Croplands record the lowest LST differences; near-neutral in 437 

January (0.5 K) and moderate in April (3.3 K). Savannas and forests exhibit smaller differences 438 

in July (0.6 K and 1.3 K, respectively) and October (2 K and 1.5 K, respectively). Notably, for 439 

croplands in July, GOES-16 is cooler than MERRA-2 by an average of 1.4 K.  440 

 441 

Aside from the effect of a pixel’s dominant land cover type on the LST differences, we also 442 

examined the effect of land cover heterogeneity—defined as the number of distinct land cover 443 



 

types each occupying at least 10% of the area within a MERRA-2 pixel (Figure 5). After 444 

controlling for seasonal and diurnal variability, land cover heterogeneity explains less than 1% of 445 

the variance in systematic LST differences, indicating a negligible contribution to the observed 446 

LST differences. We further examined the dependence of systematic LST differences on the 447 

fractional cover of each land cover class. Relationships between systematic LST differences and 448 

fractional land cover (Supporting Information; Figures S3–S7) are weak, seasonally inconsistent, 449 

and account for minimal additional variance. 450 

 451 

c. Influence of surface conditions on LST differences within land covers 452 

While land cover type is the primary factor contributing to spatial variation in LST differences, 453 

significant spatial variability also occurs within individual land cover types. Figure 6 shows the 454 

spatial variability of systematic differences between GOES-16 and MERRA-2 LST within each 455 

land cover type, with summary statistics provided in Tables S1-S4 (Supporting Information). 456 

These variations are largely driven by differing land surface conditions, including soil moisture, 457 

elevation, LAI, and clay content, within the same land cover. Figure 7 presents the correlation 458 

between these land surface controls and the systematic differences for each time period and 459 

season. The influence of these conditions varies depending on the season and time of day, 460 

highlighting the dynamic relationship between surface characteristics and patterns of LST 461 

differences within a land cover.  462 

 463 

 464 



 

 465 
Figure 5. Systematic LST differences as a function of land cover heterogeneity, defined as the number of 466 
distinct land cover classes (≥10% area each) within a MERRA-2 pixel. Overall, land cover heterogeneity 467 
has a negligible influence on systematic LST differences. 468 
 469 

At night, spatial variability in LST differences within land cover types is significantly influenced 470 

by elevation and soil moisture. GOES-16 is consistently warmer than MERRA-2 in croplands 471 

year-round, with the magnitude of LST differences strongly increasing with soil moisture; in 472 

grasslands and in barren and shrubland regions, LST differences moderately increase with soil 473 

moisture during the winter and spring months (January and April). Elevation also plays a key 474 

role: LST differences increase strongly with elevation in forests (April, July, and October), 475 

moderately in grasslands (all months), and moderately to strongly in savannas (all months). In 476 

contrast, croplands exhibit a moderate to strong decrease in LST differences with increasing 477 

elevation throughout the year. This inverse relationship may be due to the negative correlation 478 



 

between elevation and soil moisture in croplands (January: -0.72, April: -0.71, July: -0.47, 479 

October: -0.37). LAI influence is primarily observed during the fall (October), when LST 480 

differences increase strongly with LAI levels in croplands, and moderately in forests and 481 

grasslands. 482 

 483 
Figure 6. Spatial variation of systematic differences between GOES-16 and MERRA-2 LST within 484 
individual land cover types. For each month, time period, and land cover, vertical lines indicate the 10th–485 
90th percentile range of the spatial systematic differences, while filled circles denote the mean. 486 
Substantial spatial variability in systematic differences exists within land covers across daily and 487 
seasonal timescales. 488 



 

 489 
Figure 7. The spatial variability in systematic differences is partly driven by differences in land surface 490 
controls within land cover types, including elevation, soil moisture, and Leaf Area Index (LAI). The 491 
association of these controls with the systematic differences, quantified using the Pearson correlation 492 
coefficient, varies with both time of day and season. We classify the association as moderate when the 493 
absolute correlation is between 0.4 and 0.6, and strong when greater than 0.6. At night and in the 494 
morning, systematic differences within a land cover are broadly associated with variations in soil 495 
moisture, elevation and LAI. By afternoon, the influence of surface controls is generally attenuated. 496 

 497 



 

During the morning, spatial variation in LST differences is most strongly correlated with soil 498 

moisture, elevation and LAI. LST differences increase strongly with soil moisture in croplands 499 

across all months, and moderately in savannas (April) and in barren and shrubland regions (April 500 

and October). With respect to elevation, LST differences increase strongly in forests (October), 501 

moderately to strongly in savannas (January and October), and moderately in grasslands 502 

(October). Croplands, on the other hand, show a moderate decrease in LST differences with 503 

increasing elevation during January, April, and October, which, similar to nighttime patterns, 504 

may reflect the negative correlation between elevation and soil moisture (January: -0.74, April: -505 

0.70, October: -0.39). LAI also plays a role, with LST differences moderately increasing with 506 

LAI in croplands (April and October), barren and shrubland regions (April), forests (October), 507 

and grasslands (October). 508 

The influence of surface covariates on spatial variability in LST differences within a land cover 509 

is less pronounced in the afternoon compared to nighttime and morning periods. LAI effects are 510 

mixed: in forests, LST differences decrease moderately to strongly in January and October but 511 

increase moderately in July; in croplands, LST differences moderately increase with LAI in 512 

January. Elevation also plays a role, with LST differences moderately increasing in grasslands 513 

and strongly increasing in savannas during July. Unlike the nighttime and morning periods, soil 514 

moisture is not the dominant driver of spatial variability in LST differences. However, LST 515 

differences moderately increase with soil moisture in savannas (January and April) and forests 516 

(October). Supporting Information (Table S5 and Table S6) lists the surface conditions that, for a 517 

given time period, month, and land cover, have a high percentage of pixels with an absolute 518 

systematic difference greater than 2 K. 519 

We also analyzed the variability of these surface covariates within MERRA-2 pixels, using the 520 

standard deviation and coefficient of variation as metrics, but found no significant influence on 521 

the LST differences (not shown). Additionally, we compared the prescribed LAI product in 522 

MERRA-2 with the observed MODIS LAI product (500 m, 8-day MCD15A2H; (Myneni et al., 523 

2021)) to determine whether pixel-wise differences between the two datasets contributed to LST 524 

differences. However, no significant patterns were identified. We conducted a similar 525 

comparison between MERRA-2 surface/root-zone soil moisture and the Soil Moisture Active 526 

and Passive (SMAP) Level-4 surface/root-zone soil moisture product (Reichle et al., 2018), but 527 



 

differences between these datasets likewise showed no relationship to LST differences. 528 

Furthermore, we investigated whether differences in cloud cover between MERRA-2 and the 529 

GOES-16 were associated with consistent patterns in LST differences, but no such patterns were 530 

observed. 531 

6. Discussion 532 

a. Mechanisms underlying LST differences between land covers 533 

1. NIGHT 534 

Our results indicate that GOES-16 LST is mostly warmer than MERRA-2 during nighttime 535 

across all seasons for barren and shrubland, forests, and savannas. For barren and shrubland 536 

pixels, GOES-16 is warmer relative to MERRA-2, despite the expectation that nighttime 537 

radiative cooling typically results in cooler surface soil temperatures compared to deeper layers 538 

(Campbell & Norman, 1998). Previous validation studies comparing GOES-16 LST data against 539 

SURFRAD in situ measurements at desert and shrubland sites reported that GOES-16 exhibited 540 

a negative bias (cooler) relative to SURFRAD (Yu et al., 2012b; Yu & Yu, 2020). Considering 541 

that MERRA-2 consistently appears cooler than GOES-16—when it would, in fact, be expected 542 

to be warmer due to GOES-16’s established negative bias and MERRA-2 being representative of 543 

a deeper layer—our analysis suggests that MERRA-2 likely possesses a substantial negative bias 544 

at barren and shrubland locations during night relative to the true LST. 545 

 546 

In densely forested regions in forests and savannas, GOES-16 LST primarily represents the 547 

canopy top, while MERRA-2 calculates LST based on the entire canopy depth and the top few 548 

centimeters of soil. Typically, forest canopies cool radiatively by emitting longwave radiation 549 

toward both the sky and the ground, resulting in a cooler canopy top relative to deeper canopy 550 

layers and underlying soil (Still et al., 2021), although some exceptions exist in colder climates 551 

(Staebler & Fitzjarrald, 2005). Contrary to expectations, our findings reveal that GOES-16 LST 552 

is warmer compared to MERRA-2. We speculate that one possible explanation for this is that 553 

critical biotic and abiotic factors influencing canopy energy balance—e.g., leaf size, clumping, 554 

stomatal conductance, canopy structure and function (N. Dong et al., 2017; Jiang et al., 2019; 555 



 

Still et al., 2021)— are not explicitly represented in the Catchment Land Surface Model. The 556 

absence of these factors may influence simulated energy partitioning in forests, potentially 557 

contributing to cooler modeled LST relative to GOES-16. However, targeted process-level 558 

analyses are required to confirm this hypothesis. This discrepancy is muted in croplands and 559 

grasslands. 560 

 561 

2. MORNING 562 

Since GOES-16 generally records warmer temperatures at night (except over croplands and 563 

grasslands), we expected GOES-16 to also be warmer than MERRA-2 during the morning 564 

period, given that the upper few millimeters of vegetation and soil typically warm faster than 565 

deeper subsurface layers during the morning (Campbell & Norman, 1998). However, our 566 

analysis reveals an opposite trend: GOES-16 is, on average, cooler than MERRA-2 during 567 

morning hours, except over forests in January and October, where it is warmer. Several potential 568 

factors might explain these observations. 569 

 570 

First, GOES-16 observes the contiguous United States at varying viewing angles, potentially 571 

altering the proportions of visible soil and vegetation fractions, thereby affecting the retrieved 572 

LST. Recent analysis by Qin et al. (2025) using AmeriFlux sites indicated that GOES-16 573 

morning LST retrievals exhibit higher root mean square errors compared to noontime retrievals, 574 

primarily due to sun-sensor geometry effects. They demonstrated that explicitly accounting for 575 

these angular variations significantly reduces errors. Second, the morning period corresponds to 576 

a longer atmospheric optical path length, increasing susceptibility to atmospheric absorption and 577 

emission of infrared radiation. Specifically, Pestana et al. (2024) demonstrated that atmospheric 578 

absorption in midlatitude winter conditions could make the GOES-R Advanced Baseline Imager 579 

surface brightness temperature as much as 4 Kelvin colder than the true surface brightness 580 

temperature.  581 

 582 

Conversely, for forests, where GOES-16 is typically warmer than MERRA-2 in January and 583 

October, prior studies suggest that this discrepancy arises from GOES-16 preferentially 584 

observing sunlit portions of trees (Pestana et al. (2024). This effect is most pronounced during 585 



 

winter mornings (and to a lesser extent in fall), when the angular difference between satellite 586 

viewing direction and solar illumination is small for the contiguous United States. At off-nadir 587 

angles, GOES-16 captures tree profiles rather than only the canopy top, and tree trunks exposed 588 

to insolation can become substantially hotter than other parts of the canopy and the surrounding 589 

canopy air temperature (Rutter et al., 2023), especially under sparse canopy conditions (Pomeroy 590 

et al., 2009) common in fall and winter. Additionally, for pixels containing forests and snow, 591 

trees can obscure the snow surface beneath and behind them (Pestana et al., 2019), causing 592 

GOES-16 LST to appear warmer than the actual surface. Consequently, our findings emphasize 593 

the importance of incorporating improved angular radiometric corrections and explicitly 594 

accounting for enhanced warming in sunlit forested areas when comparing GOES-16 and 595 

MERRA-2 LST data during morning periods. 596 

 597 

3. AFTERNOON 598 

In general, GOES-16 is substantially warmer than MERRA-2 in the afternoon. This can be 599 

attributed to several factors, including uneven solar heating driven by variations in sun-sensor 600 

geometry, surface topography, and thermal inertia; and increased thermal emission from exposed 601 

surfaces such as rocks and vegetation (Kuenzer & Dech, 2013) during the day. Across all 602 

seasons, GOES-16 consistently reports higher LSTs than MERRA-2 over barren lands and 603 

shrublands, with the largest discrepancies observed during the months of April and July. We 604 

hypothesize that this arises primarily from three factors. First, in dry sparsely vegetated regions, 605 

vertical temperature gradients within the soil column become more pronounced, with the top few 606 

millimeters substantially warmer than the underlying 5 cm layer (Holmes et al., 2008). Second, 607 

daytime LST retrievals over bare soil are more susceptible to errors related to surface emissivity 608 

variability than those over vegetated surfaces (Cheng & Liang, 2014; Jin & Liang, 2006; Ogawa 609 

et al., 2003). In addition, while directional effects of solar radiation on GOES-16 LST retrievals 610 

are generally reduced in the afternoon compared to the morning, these effects tend to be more 611 

prominent over sparsely vegetated areas (Carlson et al., 1995). 612 

 613 

For croplands, the systematic differences between GOES-16 and MERRA-2 LST are generally 614 

lower, particularly in April and July, likely due to frequent irrigation. We hypothesize that this is 615 



 

related to the increased thermal conductivity of wet soils, which reduces vertical temperature 616 

gradients near the surface. In July—when irrigation volumes are typically high due to elevated 617 

temperatures—GOES-16 is cooler than MERRA-2 during the afternoon. This may be attributed 618 

to the top few millimeters of the soil being significantly cooler than deeper layers due to 619 

irrigation-induced effects (Zhu & Burney, 2022). Another contributing factor is that the 620 

MERRA-2 Catchment Land Surface Model does not explicitly model irrigation. Additionally, Li 621 

et al. (2021) found that GOES-16 LST consistently underestimated LST compared with in situ 622 

observations for croplands in the United States corn belt for midday time periods (10 AM–2 PM) 623 

which might also explain low systematic differences for croplands between GOES-16 and 624 

MERRA-2. 625 

 626 

Grasslands exhibit pronounced afternoon LST differences during April and July, which generally 627 

correspond to the active growing season. By October, most grasslands enter senescence, while 628 

January represents the dormant phase with minimal vegetation activity across the United States 629 

(Fischer et al., 2023; Hartman et al., 2020). Accordingly, afternoon LST differences are highest 630 

in April and July, lower in October, and negligible in January. We speculate that—in addition to 631 

seasonal variations in solar geometry and associated changes in incoming solar radiation—the 632 

presence and growth stage of grasslands might also influence the observed LST differences 633 

between the two datasets, with larger differences occurring as grassland height and biomass 634 

increase. Our analysis indicates that the top few millimeters of the grassland canopy are 635 

significantly warmer than the combined grassland canopy and upper 5 cm of soil. This 636 

temperature difference appears to amplify during the growing season, decrease during 637 

senescence in the fall, and become negligible during dormancy in January. However, additional 638 

research is required to evaluate this interpretation. 639 

 640 

Forests and savannas exhibit warmer GOES-16 temperatures during the afternoon; this is partly 641 

because GOES-16 senses only the top few millimeters of the canopy, which can be warmer than 642 

the deeper canopy layers. However, the magnitude of the LST differences between the two 643 

datasets varies seasonally. One possible explanation is that canopy structure strongly influences 644 

radiative transfer; in heterogeneous canopies, lower leaves can absorb radiation scattered from 645 

the upper layers (Roberts et al., 2004; Still et al., 2021). Additional factors such as leaf angle 646 



 

distribution and clumping also modulate within-canopy radiation absorption. In a forest, canopy 647 

temperature itself can vary considerably among species during the day (Zakrzewska et al., 2022). 648 

These results are supported by the strong impact of canopy structure representations on LST 649 

estimates in land surface models. 650 

 651 

b. Influence of surface controls  652 

During the night and morning periods, our results indicate that spatial variability in LST 653 

differences within certain land covers—particularly croplands, and to a lesser extent, barren and 654 

shrublands and grasslands—is strongly influenced by surface soil moisture. In these regions, 655 

higher soil moisture levels are associated with GOES-16 LST being warmer than MERRA-2. 656 

One possible explanation is that the MERRA-2 soil moisture product, which we use in this study, 657 

represents an effective depth of 5 cm. This depth may not capture the wetness of the top few 658 

millimeters that directly influence GOES-16 LST, leading to differences between the two 659 

datasets under wetter conditions. Notably, the influence of soil moisture on this spatial variability 660 

becomes minimal in the afternoon, suggesting that at the MERRA-2 spatial resolution, vertical 661 

LST gradients within individual land cover types are less sensitive to surface soil moisture under 662 

high solar insolation, likely because the soil column dries more uniformly with depth as the day 663 

progresses. In croplands, an additional factor may be the effect of irrigation: increased soil 664 

moisture from irrigation is not explicitly represented in the MERRA-2 Catchment Land Surface 665 

Model, potentially contributing to larger discrepancies between the two products at night and 666 

morning under wetter conditions, which are more likely to represent irrigated conditions than dry 667 

soil moisture levels are.  668 

 669 

Elevation plays a significant role in modulating spatial variability in LST differences within 670 

forests, savannas, and grasslands at night, while its influence is comparatively minor during the 671 

morning and afternoon. Our analysis shows that higher elevations are associated with GOES-16 672 

LSTs being warmer than MERRA-2 during the night. Thermal infrared LST retrievals are known 673 

to have high errors in high-elevation regions with rugged topography due to pronounced surface 674 

heterogeneity and the effects of viewing geometry (Beale et al., 2020; Jia et al., 2023). 675 

Interestingly, compared to daytime thermal infrared LST retrieval errors, our results show that 676 



 

the effect of elevation on nighttime LST differences is more pronounced. This suggests that these 677 

differences are not solely due to insolation contrasts between sunny and shady slopes in 678 

mountainous regions, but also reflect the ways in which topography fundamentally alters water, 679 

energy, and biogeochemical processes (Hao et al., 2022). For instance, topography significantly 680 

influences lateral ridge-to-valley water transport (Fan et al., 2019), and north- and south-facing 681 

slopes often support different vegetation types, densities, and species compositions (Dearborn & 682 

Danby, 2017)—features that are generally poorly represented in land surface model 683 

parameterizations, including the Catchment Land Surface Model. Given that both GOES-16 and 684 

MERRA-2 exhibit limitations in high-elevation regions—particularly in complex terrain such as 685 

the Rocky Mountains, Colorado Plateau, and Sierra Nevada (as noted in Section 5.a)—our 686 

findings underscore the need to improve both satellite-based retrieval algorithms and LST 687 

modeling to better capture topography-driven variability in LST. 688 

 689 

Interestingly, contrary to our initial hypothesis, the effect of LAI within land cover types is less 690 

pronounced. Specifically, the effect of LAI on LST differences appears mainly during the night 691 

and morning hours of the spring and autumn seasons. We hypothesize that this seasonal pattern 692 

is largely due to the influence of temperature in controlling the onset of the growing season in 693 

spring and the timing of senescence in autumn. Multiple studies have shown that variability in 694 

temperature strongly affects the timing of leaf-out in spring and senescence in autumn (Gill et 695 

al., 2015; Linderholm, 2006; Polgar & Primack, 2011). Land surface models have generally 696 

struggled to capture this interannual variability in phenological transition dates and related 697 

vegetation processes (Richardson et al., 2012). MERRA-2, which uses prescribed climatological 698 

LAI, cannot capture this variability, and this limitation may help explain why the influence of 699 

LAI is stronger during transitional seasons than in winter or summer. 700 

 701 

7. Conclusion 702 

This study provides a detailed evaluation of diurnal and seasonal LST differences between 703 

satellite-derived (GOES-16) and reanalysis-based (MERRA-2) LST across the contiguous 704 

United States, with particular emphasis on the role of land surface conditions in shaping these 705 

discrepancies. Our results show that GOES-16 is typically warmer than MERRA-2 at night and 706 



 

during the afternoon, and cooler in the morning. These patterns are primarily attributable to 707 

differences in averaging depth between thermal infrared LST retrievals and reanalysis LST 708 

estimates, further modulated by soil moisture, elevation, and LAI. 709 

We identify land cover type as the dominant driver of LST differences between the two datasets, 710 

which explains a substantial portion of the spatial variability between the two datasets. At night, 711 

GOES-16 is significantly warmer than MERRA-2 for forests and savannas, whereas in the 712 

morning it is significantly cooler over croplands. During the afternoon, GOES-16 is significantly 713 

warmer over barren and shrubland areas, likely driven by shallow surface heating and surface 714 

emissivity variability. Within individual land cover types, elevation and soil moisture exert 715 

strong controls on nighttime and morning LST differences, while vegetation phenology has a 716 

marked influence during transitional seasons (spring and autumn). By contrast, the role of 717 

surface controls in the afternoon is comparatively weaker due to the overriding effects of solar 718 

insolation. 719 

Our findings underscore key limitations of both GOES-16 thermal infrared LST retrievals and 720 

MERRA-2 reanalysis in capturing sub-grid heterogeneity, complex canopy structures, and the 721 

influence of irrigation and topography on LST. Addressing these challenges—through improved 722 

angular corrections in thermal infrared LST retrieval algorithms, dynamic vegetation 723 

parameterizations in land surface models, and enhanced representation of sub-grid surface 724 

heterogeneity—will be essential for effectively integrating satellite and reanalysis LST products 725 

in environmental applications, hydrological modeling, and numerical weather prediction. 726 

Ultimately, this work underscores that effectively reconciling remote sensing and reanalysis-727 

based LST estimates requires capturing the evolving interplay among land cover, surface 728 

properties, and effective LST depth, which shifts markedly across the diurnal cycle and seasons. 729 
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