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Abstract

Land Surface Temperature (LST) is essential for climate monitoring, drought assessment,
and urban heat analysis. Despite its importance, the Landsat-8 Collection 2 Level-2 (C2L2)
LST product has not been rigorously validated using ground measurements—a critical
gap this study addresses. We present the first comprehensive accuracy assessment using
382 coincident satellite-ground observations collected from seven Surface Radiation Budget
Network (SURFRAD) stations distributed across diverse climatic regions of the United
States during the period 2023-2025. The validation results indicate strong overall agree-
ment between satellite-derived and ground-measured temperatures, yielding an RMSE of
4.20 °C, a coefficient of determination (R?) of 0.91, and a Pearson correlation coefficient (r) of
0.98. These statistics demonstrate the high reliability of the C2L2 LST product across a wide
range of environmental conditions. Nevertheless, a systematic warm bias of 1.75 °C was
observed, indicating a tendency toward temperature overestimation. Model performance
exhibited pronounced seasonal variability. The highest accuracy was achieved during
winter conditions (RMSE = 2.17 °C; r = 0.99), whereas performance declined considerably
during summer months (RMSE = 5.84 °C; r = 0.91). Analysis of atmospheric water va-
por content revealed significant associations with retrieval errors at high-elevation and
arid locations, particularly at FPK (r = 0.78) and DRA (r = 0.75), based on 106 matched
observations. These relationships provide important insight into the atmospheric fac-
tors contributing to seasonal variations in retrieval accuracy. Temperature-dependent
analyses further demonstrated that retrieval uncertainty increases with surface temper-
ature. Performance progressively deteriorated from cooler to warmer thermal regimes,
with RMSE values increasing from approximately 2.05 °C for temperatures below 20 °C
to 5.71 °C for temperatures exceeding 40 °C. Spatial evaluation also revealed substan-
tial differences among stations. Relatively homogeneous, low-elevation sites exhibited
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superior performance (GWN: RMSE = 2.60 °C; SXF: RMSE = 2.55 °C), whereas stations
located in mountainous or topographically complex environments showed reduced ac-
curacy (TBL: RMSE = 5.14 °C; FPK: RMSE = 5.62 °C). These outcomes emphasize the
influence of terrain complexity and atmospheric heterogeneity on LST retrieval perfor-
mance. Overall, this study establishes the first comprehensive benchmark for evaluating the
reliability of Landsat-8 C2L2 LST products. The results provide valuable guidance for their
application in climate research, precision agriculture, hydrological modeling, and environ-
mental monitoring. Furthermore, the findings identify specific environmental conditions
requiring enhanced validation efforts and suggest opportunities for future algorithm re-
finement through improved atmospheric correction procedures and more accurate surface
emissivity characterization.

Keywords: thermal infrared remote sensing; in situ validation; atmospheric water vapor;
seasonal bias; surface emissivity; thermal band 10

1. Introduction

Land Surface Temperature (LST) is a critical environmental variable for characterizing
the energy exchange between the Earth’s surface and the atmosphere. It plays a pivotal role
in numerous biophysical and hydrological processes across local to global scales, including
evapotranspiration estimation, drought monitoring, urban heat island analysis, and crop
water stress assessment [1,2]. In the context of escalating climate change, the demand
for accurate and consistent LST measurements has intensified to support environmental
studies and improve predictive climate models [3-10].

Among the available methods, thermal infrared (TIR) remote sensing is a prominent
approach for acquiring LST data [11]. TIR sensors, particularly those operating around
9.7 um, measure emitted thermal radiation from surfaces. The derived LST product has
become essential for Earth system monitoring. The launch of Landsat-8 in 2013 marked
a significant advancement, with the Thermal Infrared Sensor (TIRS) providing two ther-
mal bands (10.6-11.2 um and 11.5-12.5 um). These offer a native spatial resolution of
100 m, resampled to 30 m via cubic convolution for user access [12-14]. Despite the
innovative dual-band design, post-launch calibration issues—notably stray light contami-
nation in Band 11—resulted in an ~8% overestimation in radiance, nearly double that of
Band 10 [15,16]. Although a Stray Light Correction Algorithm (SLCA) was implemented
in 2017, the Landsat team continues to caution against using Band 11 in high-accuracy
LST retrievals [14].

Several studies have assessed the performance of different LST retrieval methods.
For instance, Yu et al. (2014) compared three different methods for retrieving LST from
Landsat-8: the radiative transfer equation (RTE) method, the split-window (SW) algorithm,
and the single-channel (SC) method developed by Jiménez-Muifioz et al. (2009) [17,18]. In
this study, validation was carried out using simulated land surface temperature datasets
generated through the MODTRAN atmospheric radiative transfer model, with atmospheric
profiles and ground truth LST values serving as reference data rather than direct in situ
measurements, allowing a controlled assessment of algorithm sensitivity to atmospheric
parameters. Yu et al. (2014) used ground-based water vapor measurements to calculate
the coefficients, finding that the RTE method yielded the lowest error when atmospheric
parameters were accurately known, while the SC method using Band 10 provided su-
perior results compared to Band 11 due to the latter’s higher sensitivity to atmospheric
water vapor [17,19]. In 2015, Du et al. (2015) [20] developed a new SW algorithm for
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retrieving LST from Landsat-8, achieving accuracy better than 1 K in simulations when
the atmospheric water vapor content was between 0 and 6.3 g/cm?. The validation ap-
proach relied primarily on simulated datasets generated using radiative transfer modeling
(MODTRAN), where the retrieved LST values were compared against predefined “true”
LST inputs under varying atmospheric conditions, without the use of ground-based in situ
temperature measurements, focusing on algorithmic robustness rather than site-specific
performance [20]. Subsequent research by [21] further improved the single-channel method-
ology by incorporating both water vapor and air temperature as input parameters, demon-
strating overall errors of approximately 1 K and a bias of —0.5 K [21]. Unlike previous
simulation-based studies, validation in this work was performed using in situ land surface
temperature observations collected from ground meteorological stations across multiple cli-
matic and land cover environments, enabling a direct comparison between satellite-derived
LST and ground-measured surface temperatures. This represented a significant improve-
ment over previous SC models that relied solely on water vapor content. More recently,
Ermida et al. (2020) developed an SMW-based algorithm for LST retrieval using the Google
Earth Engine (GEE) platform and the Landsat satellite series [22]. The LST in this approach
is computed using the Statistical Mono-Window (SMW) algorithm developed by the Cli-
mate Monitoring Satellite Application Facility (CM-SAF) for deriving LST climate data
records from Meteosat First and Second Generation (MFG and MSG) sensors [23]. The algo-
rithm used consistent calibration coefficients derived from a shared database across Landsat
5,7, and 8, with input parameters—including atmospheric water vapor from NCEP/NCAR
reanalysis and surface emissivity from the ASTER GEDv3 dataset—automatically sourced
from the GEE catalog. Validation was conducted using in situ LST measurements from
12 ground stations representing different surface and climatic conditions, including sta-
tions from the Surface Radiation Budget Network (SURFRAD), the Karlsruhe Institute
of Technology (KIT), and the Baseline Surface Radiation Network (BSRN), allowing an
independent assessment of algorithm performance across sensors and regions. Validation
against in situ LST from 12 ground stations showed high accuracy, with mean biases of
0.5K, —0.1K, and 0.2 K and overall RMSE values of 2.0 K, 2.1 K, and 2.1 K for Landsat 5,
7, and 8 respectively, confirming the algorithm’s reliability and robustness. In addition to
these advances, a recent study by Xu et al. (2024) [24] introduced a novel transfer-learning
(TL) neural network for retrieving LST directly from Landsat top-of-atmosphere (TOA)
reflective and emissive data, eliminating the need for explicit land surface emissivity inputs.
The proposed framework was first pretrained using an extensive set of radiative transfer
model (RTM) simulations that spanned a wide range of atmospheric and surface conditions
and subsequently fine-tuned using real satellite observations and in situ LST measurements.
The validation utilized a decade of Landsat-8 acquisitions together with ground-based
observations from 241 stations across diverse climate zones and land-cover types, including
sites from SURFRAD, BSRN, FLUXNET, and the AmeriFlux network. When benchmarked
against conventional approaches, the TL model demonstrated substantial improvements,
reducing RMSE by 0.46 K relative to machine-learning models trained solely on real data,
and by 0.84 K and 0.57 K compared to the single-channel and split-window algorithms,
respectively. These results highlight the value of integrating simulated and observational
data, as well as the contribution of shortwave TOA reflectance in implicitly capturing
emissivity-related information, yielding a robust and transferable LST retrieval approach
now publicly available through Google Earth Engine [24].

The release of Landsat Collection 2, Level-2 product (C2L2) on 28 March 2018, repre-
sented a significant advancement in Landsat data processing. NASA and USGS introduced
an operational algorithm for LST retrieval developed by [25]. This algorithm relies on three
main steps: atmospheric correction using water vapor content from NCEP atmospheric re-
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analysis data, surface emissivity estimation based on the ASTER Global Emissivity Dataset
(GED) with temporal adjustments using Landsat-derived Normalized Difference Vegetation
Index (NDVI) and Normalized Difference Snow Index (NDSI). The algorithm has shown
promising results, with an RMSE of approximately 2.2-2.3 K when validated against Land-
sat 5-7 measurements using over 1000 Landsat scenes and ground-based measurements
from the surface radiation budget network (SURFRAD) stations operated by the National
Oceanic and Atmospheric Administration (NOAA) [25].

Although the LST products distributed by the USGS for Landsat 5 and Landsat 7 Col-
lection 2 Level-2 (C2L2) datasets have undergone validation assessments [25], a comparable
evaluation of the operational Landsat-8 C2L2 LST product against SURFRAD observations
or other in situ measurements has not yet been comprehensively conducted. This lack
of independent justification signifies an important gap in the current literature. While
previous investigations have assessed earlier Landsat-derived LST products and developed
alternative retrieval methodologies [17,20-22], the operational Landsat-8 C2L2 LST product
released by USGS in 2018 has not been systematically evaluated using a long-term network
of ground-based observations spanning diverse climatic environments. The present study
addresses this gap through three principal contributions. First, it provides the first inde-
pendent and comprehensive accuracy assessment of the operational Landsat-8 C2L2 LST
product using observations from the SURFRAD network over the 2023-2025 period. Sec-
ond, it investigates the influence of seasonal variability, atmospheric water vapor conditions
(derived from collocated MODIS MCD19A2 observations), surface temperature magni-
tude, and site-specific topographic and surface heterogeneity on retrieval performance,
thereby extending beyond the aggregate accuracy metrics commonly reported in earlier
studies. Third, it establishes a practical reliability framework that enables users to identify
environmental conditions under which the product exhibits optimal or reduced perfor-
mance. By combining operational product validation, process-based error characterization,
and user-oriented reliability guidance, this work provides a meaningful advancement
beyond previous algorithm-development and simulation-based investigations. In this
regard, SURFRAD offers an exceptionally robust platform for satellite-derived LST val-
idation. SURFRAD stations provide highly accurate measurements of surface radiative
fluxes and atmospheric parameters across a geographically diverse network encompassing
multiple climatic regions of the United States [26,27]. The network continuously moni-
tors both upward and downward broadband solar and thermal infrared irradiance using
rigorously calibrated instrumentation and standardized quality-control procedures, mak-
ing it a widely recognized benchmark for the validation of satellite-based land surface
temperature products [17].

Accordingly, this study conducts a comprehensive evaluation of the land surface
temperature product provided by USGS within the Landsat-8 C2L2 product using observa-
tions from seven SURFRAD stations. It performs detailed statistical comparisons between
satellite-derived and in situ measurements. The results provide valuable insights into the
accuracy and reliability of land surface temperature data available in the Landsat-8 C2L2
product, demonstrating its suitability for diverse applications including climate analysis,
precision agriculture, urban heat monitoring, and hydrological modeling, where precise
thermal data are essential for decision-making.

2. Materials and Methods
2.1. Landsat-8 Collection 2 Level-2 Data

Landsat-8 C2L2 data is produced using physics-based specialized algorithms to extract
land surface information. This processing level includes two main types of products:
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surface reflectance derived from the operational land imager sensor data, and LST derived
from Band 10 of the thermal infrared sensor [28-30].

LST data was obtained from Landsat 8 satellite using the Google Earth Engine plat-
form, utilizing the dataset (LANDSAT /LC08/C02/T1_L2). The Landsat-8 satellite captures
images of the same path and row every 16 days due to its sun-synchronous orbit, which en-
sures complete coverage of the Earth’s surface within this period. However, it is possible to
obtain data at shorter temporal intervals due to the overlap of paths and rows, particularly
in mid- to high-latitude regions such as the United States [31].

The surface temperature product is generated using the Single Channel Algorithm,
jointly developed by the Rochester Institute of Technology and NASA'’s Jet Propulsion
Laboratory. The algorithm relies on several key inputs, including top-of-atmosphere
reflectance and thermal radiance measurements from Landsat-8's Band 10, global thermal
emissivity data from ASTER GED, NDVI derived from ASTER data, and atmospheric data
(air temperature and specific humidity) from the GEOS-5 FP-IT model [21,25].

The Land Surface Temperature product suite includes several essential auxiliary bands
that provide comprehensive information about the thermal characteristics and quality of
the measurements. The ST_TRAD band represents the thermal radiance emitted from
the Earth’s surface, measured in W/(m? sr um). The ST_URAD band captures the up-
welling radiance traveling from the surface toward the sensor, measured in W/(m? sr um),
while the ST_DRAD band records the downwelling radiance from the atmosphere toward
the Earth’s surface, measured in W/(m? sr um). The ST_ATRAN band quantifies atmo-
spheric transmittance, which indicates how much thermal radiation can pass through the
atmosphere. The ST_EMIS band provides emissivity values estimated from ASTER GED
data, which represent the surface’s ability to emit thermal radiation. The USGS uses this
emissivity database to derive LST after adjusting it according to NDVI values derived from
Landsat-8 OLI. Additionally, the ST_EMSD band contains the emissivity standard devi-
ation, offering uncertainty information about the emissivity estimates. The ST_QA band
serves as a surface temperature uncertainty estimation layer. Finally, the ST_CDIST band
measures the pixel distance to the nearest cloud in kilometers, helping identify potential
cloud contamination effects on temperature retrievals [25,32-36].

2.2. SURFRAD Ground Stations

This study utilized seven SURFRAD stations operated by NOAA. Among the eight
currently active SURFRAD stations, seven were retained for the present validation in
order to keep the network well distributed geographically across the major climatic and
physiographic regimes of the contiguous United States, while ensuring a sufficient number
of Landsat-8 overpass-matched observations at each retained site. The final set of seven
stations therefore spans coastal humid (GWN), continental humid (BND, PSU, SXF), conti-
nental cold (FPK), high-elevation grassland (TBL), and arid (DRA) environments, providing
a balanced sampling of the surface and atmospheric conditions encountered by Landsat-8
over the United States. Ground data was obtained from the official SURFRAD website
(https:/ /gml.noaa.gov/grad/surfrad/sitepage.html (accessed on 12 July 2025)) [26], with
382 ground measurements used where Landsat-8 image capture times matched ground
station measurements at the minute level. These stations cover a wide geographical
range across the United States (Figure 1), extending from the PSU station in Pennsylvania
(77.93085° W) in the east to the DRA station in Nevada (116.01947° W) in the west, and from
the FPK station in Montana (48.30783° N) in the north to the GWN station in Mississippi
(34.2547° N) in the south (Table 1). The selected sites exhibit variation in elevation, ranging
from 98 m above sea level at Goodwin Creek station in Mississippi to 1689 m at the Table
Mountain station in Colorado. These stations have long-term records, with the earliest
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(BND in Illinois) operational since April 1994 and the most recent (SXF in South Dakota)
since June 2003 [26].
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Figure 1. Locations of SURFRAD network stations used in the United States of America.
Table 1. Locations and characteristics of SURFRAD network stations used in the study.
Code Name Latitude Longitude Elevation (m) Land Cover Installed
BND Bondville, 40.05192° N 88.37309° W 230 Grassland April 1994
linois
Table Mountain,
TBL Boulder, 40.12498° N 105.23680° W 1689 Grassland July 1995
Colorado
Desert Rock, 5 o
DRA 36.62373° N 116.01947° W 1007 Shrubland March 1998
Nevada
Fort Peck, o °
FPK 48.30783° N 105.10170° W 634 Grassland November 1994
Montana
GWN Goodwin Creek, 53 5470 89.8729° W 98 Grassland ~ December 1994
Mississippi
Penn. State
PSU Univ.,, 40.72012° N 77.93085° W 376 Cropland June 1998
Pennsylvania
SXF Sioux Falls, 43.73403° N 96.62328° W 473 Grassland June 2003

South Dakota

SURFRAD stations can conduct precise and continuous measurements of a wide range
of radiative and climatic variables at a 1 min temporal resolution. Key measurements
include components of solar and broadband infrared radiation in both downwelling and
upwelling directions, providing a comprehensive understanding of the surface radiation
balance. The stations also measure direct and diffuse solar radiation, photosynthetically
active radiation (important for vegetation studies), ultraviolet-B radiation, spectral solar
radiation, and various climatic parameters. The locations of these stations were carefully
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selected by experts from NOAA, universities, and NASA, ensuring homogeneity in terrain
and vegetation cover, making them ideal for validating satellite data. All data are uploaded,
quality-controlled, and processed into daily files, and are made available to researchers and
the public in near real-time at no cost, making them a valuable resource for climate and
environmental studies [26,37].

2.3. Processing and Analysis Methodology
2.3.1. Landsat-8 Satellite Data Extraction

A series of processing steps were applied to the Landsat Collection 2 Level-2 land
surface temperature (LST) product. First, the quality assessment mask (QA_PIXEL) was
used to remove cloud-contaminated and cloud-shadow-affected pixels. Duplicate LST
observations from Landsat 8 acquired on the same day, hour, and minute were identified
and removed to avoid redundant measurements. The thermal band (ST_B10) was then
selected, and surface temperature values were retrieved by applying the official conversion
coefficients provided with the product (scale factor = 0.00341802 and offset = 149), followed
by conversion from Kelvin to Celsius by subtracting 273.15 [38].

The analysis covers the period from 1 January 2023 to 10 December 2025. LST values
were extracted from the 30 m spatial resolution pixels corresponding to the locations of the
seven SURFRAD stations. After quality filtering, observations flagged as invalid by the QA
mask were excluded, and records with missing ground measurements at SURFRAD stations
were subsequently removed. The final dataset was exported as a CSV file containing the
station name, satellite identifier, acquisition date and time (year, month, day, hour, minute,
and second), day of year, and surface temperature values.

Table 2 summarizes the total number of retrieved observations, the number of accepted
and rejected records based on quality filtering, and the final number of valid LST-SURFRAD
matchups for each station and year.

Table 2. Statistics Total, Accepted, Excluded, and Missing Land Surface Temperature Observations
from Landsat-8 and SURFRAD Station.

LST_Landsat8

Missing
Code Year Total Accepted l%l;alit)&- Final Valid SURFRI}D
Observations Observations Obse r%ga:ions Observations Observations

2023 37 18 19 0
BND 2024 31 19 12 59 2
2025 33 22 11 0
2023 23 16 7 0
DRA 2024 23 19 4 51 1
2025 20 16 0
2023 38 31 7 0
FPK 2024 34 18 16 65 0
2025 35 16 19 0
2023 41 22 19 0
GWN 2024 37 26 11 66 0
2025 38 18 20 0
2023 18 8 10 0
PSU 2024 17 12 5 26 0
2025 17 6 11 0
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Table 2. Cont.
LST_Landsat8 Missing
Code Year Total Accepted l?lgali::}‘;- Final Valid SURFRéD
Observations Observations Obse r%gations Observations Observations
2023 21 11 10 0
SXF 2024 21 12 9 34 0
2025 19 11 8 0
2023 43 27 16 0
TBL 2024 46 32 14 84 0
2025 37 25 12 0
Total 629 385 244 385 3

2.3.2. Land Surface Temperature Calculation from SURFRAD Stations

Land surface temperature (Ts) was derived from the radiometric data of the SURFRAD
network stations using the following Equation (1) [39]:

. lPT—(l—eb)~F¢]4 O
Ep0

where F{ and F| represent the upwelling and downwelling thermal infrared (3-50 pum)
irradiance measured at the time of Landsat-8 overpass, o is the Stefan-Boltzmann con-
stant (¢ = 5.6705 x 1078 W m~2 K~%), and ¢b is the broadband emissivity. The broad-
band emissivity was derived from the two spectral emissivities (31, €32) of the 1-day
MODIS Land Surface Temperature and Emissivity product (MOD11A1) using the conver-
sion Equation (2) [40]:

ep = 0.273 +1.77e31 — 1.807e31€30 — 1.037¢e3p + 1.7748232 (2)

Some Landsat-8 measurements could not be used due to low-quality flags or missing
ground station measurements. The data was organized and formatted to match the satellite
data structure. Ground and space measurements were temporally matched at the minute
level to ensure comparison accuracy.

2.3.3. Atmospheric Water Vapor Data from MODIS

To evaluate the influence of atmospheric moisture on LST retrieval performance,
column water vapor (WV) information was acquired from the MODIS MCD19A2 Collection
6.1 product. This dataset provides atmospheric water vapor estimates at a spatial resolution
of 1 km, generated using the Multi-Angle Implementation of Atmospheric Correction
(MAIAC) algorithm [41].

For each SURFRAD station, water vapor observations were extracted by tempo-
rally collocating MODIS acquisitions with corresponding Landsat-8 overpasses within a
£2 h time window. The MODIS scene with the smallest temporal offset from the Landsat-
8 acquisition was selected, and values from the Column WYV layer were retrieved and
converted to centimeters using the product scaling factor of 0.001. Among the 382 valid
Landsat-8 observations, 106 were successfully paired with MODIS-derived water vapor
measurements, yielding an average acquisition-time difference of approximately 11 min.
This temporal collocation strategy minimizes atmospheric inconsistencies and ensures
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that the retrieved water vapor conditions are representative of those prevailing during the
acquisition of Landsat thermal imagery.

The extracted water vapor values were then analyzed in relation to the absolute differ-
ences between satellite-derived and ground-measured LST to assess whether atmospheric
water vapor content contributes to the observed systematic errors, particularly during
summer months when water vapor concentrations are typically highest.

2.3.4. Statistical Analysis

Statistical analysis was performed using Google Colab environment with Python
3.11 and scientific computing libraries, including NumPy (v2.0.2), Pandas (v2.2.2), SciPy
(v1.13.1), and Matplotlib (v3.10.0), to comprehensively evaluate the accuracy of Landsat-8
Collection 2 Level-2 land surface temperature product against ground measurements from
SURFRAD stations. A comprehensive set of statistical indicators was calculated to assess
measurement accuracy from multiple perspectives, capturing both the magnitude and
direction of errors, as well as the strength of relationships between satellite-derived and
ground-based measurements.

e  Primary Accuracy Metrics:

Root Mean Square Error (RMSE)—Equation (3):

RMSE measures the average magnitude of errors between satellite-derived tempera-
tures (X;) and ground station measurements (Y;), where N represents the total number of
data points. This metric gives higher weight to larger errors due to the squaring operation,
making it particularly sensitive to outliers. Lower RMSE values indicate better agreement
between datasets, with values approaching zero representing near-perfect accuracy.

Mean Absolute Difference (MAD)—Equation (4):

1N
MAD = =) [X; =Y | 4)
Ni=

MAD computes the average of absolute differences between satellite and ground
measurements, offering a straightforward and intuitive measure of deviation. Unlike
RMSE, it treats all errors equally without amplifying the impact of large deviations, making
it a more robust indicator when extreme values are present in the dataset.

Maximum Absolute Difference (MaxAD)—Equation (5):

MaxAD =max(| X; — Y; |) )

MaxAD captures the worst-case deviation between the two datasets, identifying the
largest single error observed across all measurements. This metric is crucial for under-
standing the upper limits of uncertainty and identifying potential outliers or problematic
observations that may require further investigation.

Coefficient of Determination (RZ)—Equation (6):

N (X - v)?

R>=1 - —
Zizl(Yi_Y)

(6)

R? indicates how well the satellite-derived temperatures explain the variability in
ground station measurements, where Y represents the mean of ground station measure-
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ments. R? ranges from 0 to 1, with values closer to 1 indicating a stronger linear relationship
and better predictive capability of the satellite product.

Supplementary Statistical Indicators:

Mean Error (Bias)—Equation (7):

, 1Y
Bias = N;(Xl- -Y;) @)

Unlike MAD, the Bias metric preserves the algebraic sign of differences, revealing
systematic tendencies toward overestimation (positive bias) or underestimation (negative
bias) in the satellite-derived temperatures. A bias value near zero indicates the absence
of systematic directional error, while larger absolute values suggest consistent over- or
under-prediction across the dataset.

Standard Deviation of Error—Equation (8):

1 Y .
SDerror = mZ((Xl - Yi) — BZaS)2 (8)
i=1

This metric quantifies the variability or dispersion of errors around the mean bias,
indicating the consistency and predictability of the satellite product’s performance. Lower
standard deviation values suggest more uniform and predictable errors, while higher
values indicate greater uncertainty and less consistent behavior across different conditions.

Willmott Index of Agreement (d)—Equation (9):

N 2
(X = Y[+ ]Y; - Y])

The Willmott index is a standardized measure of agreement between predicted and
observed values, ranging from 0 to 1, where 1 indicates perfect agreement. Unlike R?, the
Willmott index is more sensitive to differences in means and variances between the two
datasets and provides a bounded measure that is easier to interpret across different studies.

e  Percentile-Based Metrics:

Additional robust statistics were computed to provide a more complete picture of the
error distribution. The Median Absolute Difference was calculated as a robust measure of
central tendency that is less sensitive to extreme values than the mean. The 95th Percentile
of Absolute Error was determined to establish the threshold below which 95% of all errors
fall, effectively characterizing the typical range of accuracy while identifying the upper 5%
of observations that exhibit exceptional deviations.

e  Correlation Analysis:

Both Pearson’s correlation coefficient (r) and Spearman’s rank correlation coefficient
(p) were computed to assess the strength and nature of relationships between satellite and
ground measurements. Pearson’s r measures linear correlation and assumes normally dis-
tributed data, while Spearman’s p assesses monotonic relationships without distributional
assumptions, making it more robust to outliers and non-linear patterns. All correlation co-
efficients were tested for statistical significance at the p < 0.001 level to ensure the reliability
of observed relationships.
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3. Results
3.1. Overall Performance Assessment of Landsat-8 C2L2 Surface Temperature Product

The evaluation of the land surface temperature product extracted from Landsat-8
Collection 2 Level-2 (C2L2) data against ground measurements from SURFRAD stations
yielded a coefficient of determination (R?) of 0.91. As illustrated in Figure 2, the Pearson
linear correlation coefficient reached 0.98 and the Spearman rank correlation coefficient
reached 0.97, both statistically significant at p < 0.001, confirming a very strong relationship
between satellite-derived and ground-measured temperatures across the full temperature
range examined.

60
50
40
30
20

10

SURFRAD LST (°C)

-10

-20

-20 -10 0 10 20 30 40 50 60
Landsat 8 LST (°C)

Figure 2. Scatter plot of the relationship between Landsat-8 surface temperatures and ground
measurements from SURFRAD stations with correlation coefficients (Pearson r = 0.98; Spearman
p =0.97; R = 0.91; p < 0.001).

The RMSE for the complete dataset reached 4.20 °C, while the MAD recorded a lower
value of 3.19 °C, indicating that most errors are concentrated within a moderate range. The
maximum absolute difference reached 14.39 °C, representing the largest single-observation
deviation in the dataset, and the median absolute difference was 2.57 °C.

Analysis of systematic bias revealed a positive mean error of 1.75 °C, indicating a
general tendency of the Landsat-8 C2L2 product to overestimate surface temperatures
relative to ground measurements. The standard deviation of error reached 3.82 °C, the 95th
percentile of absolute error was 8.88 °C, and the Willmott agreement index (d) reached 0.98.

3.2. Accuracy Assessment by Error Categories and Distribution Across Stations

Analysis of the 382 measurements classified according to the accuracy categories
shown in Figure 3 revealed the following distribution: 165 measurements (42.9%) achieved
high accuracy with absolute error < £2 °C; 91 measurements (23.6%) recorded acceptable
accuracy (2-4 °C); 71 measurements (18.4%) fell within the moderate accuracy category
(4-6 °C); and 55 measurements (14.3%) were classified as low accuracy (>6 °C). In total,
approximately 66.5% of measurements achieved high or acceptable accuracy.
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Figure 3. Distribution of accuracy categories for Landsat-8 Level-2 LST measurements across the
seven SURFRAD stations.

Spatial analysis across the seven stations revealed clear variation in performance.
GWN station in Mississippi recorded the highest count of high-accuracy measurements
(41 out of 66 observations), followed by BND station in Illinois (32/57) and TBL station
in Colorado (13/84 despite having the largest dataset). SXF station in South Dakota
achieved 22 high-accuracy measurements out of 34 observations, while FPK station in
Montana recorded 25 out of 65, and PSU and DRA stations each recorded 16 high-accuracy
measurements from 26 and 50 observations respectively.

In the acceptable accuracy category, TBL station led with 23 measurements, followed
by GWN (16), DRA (15), FPK (13), and BND (11), while SXF and PSU recorded the lowest
counts at 8 and 5 respectively. In the moderate accuracy category, TBL again led with
25 measurements, followed by DRA (15), BND (9), GWN and FPK (8 each), and SXF and
PSU (3 each). In the low accuracy category, TBL recorded the highest number of cases (23),
followed by FPK (19), BND (5), DRA (4), PSU (2), and GWN and SXF (1 each).

3.3. Performance Assessment by Seasonal Periods

Figure 4 illustrates the seasonal analysis of Landsat-8 C2L2 product performance
across the four seasons. Winter achieved the best overall performance with the lowest
RMSE of 2.174 °C (n = 79), a Pearson correlation coefficient of 0.988, MAD of 1.581 °C,
maximum absolute difference of 9.184 °C, and R? of 0.960. Fall ranked second with RMSE
of 3.396 °C (n = 108), Pearson r = 0.977, MAD of 2.720 °C, maximum absolute difference
of 8.896 °C, and R? of 0.904. Spring occupied third position with RMSE of 4.042 °C
(n = 86), Pearson r = 0.960, MAD of 3.149 °C, maximum absolute difference of 11.135 °C, and
R? of 0.885.

Summer recorded the weakest performance among all seasons, with an RMSE of
5.838 °C (n = 109)—more than double the winter value—Pearson r of 0.907, MAD of
4.536 °C, and R? of 0.449. Summer also recorded the maximum absolute difference in
the entire study, reaching 14.388 °C. RMSE values across the four seasons follow a clear
gradient increasing from winter through fall, spring, and summer.
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Figure 4. Seasonal scatter plots of the relationship between Landsat-8 C2L2 temperatures and
ground measurements.

3.4. Performance Assessment by Temperature Ranges

Figure 5 presents the distribution of differences between Landsat-8 and SURFRAD
ground measurements classified by air temperature and land surface temperature ranges.
For air temperatures < 20 °C, the statistical median was close to zero or slightly positive,
with an interquartile range of approximately —2 to +1 °C and outliers extending from ap-
proximately —7 to +6 °C. For air temperatures > 20 °C, the median shifted to approximately
—3 °C, the interquartile range widened to —5 to 0 °C, and outliers reached approximately
—10 °C at the lower limit and +6 °C at the upper limit.

When classified by land surface temperature, measurements with LST < 20 °C showed
anarrower interquartile range of —0.5 to +1.5 °C, outliers from approximately —3.5 to +4 °C,
and a median close to zero. For LST > 20 °C, the median remained at approximately
—3 °C while outliers became more dispersed, reaching approximately —12 °C at the lower
limit and exceeding +6 °C at the upper limit. Across both classification approaches, high-
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temperature ranges consistently exhibited increased absolute differences, wider scatter,
and pronounced negative bias compared to low-temperature ranges.
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Figure 5. Box plot showing the distribution of differences between space-based and ground measure-
ments according to air (a)/surface (b) temperature ranges extracted from SURFRAD stations.

3.5. Analysis of Difference Trends Between Space-Based and Ground Measurements

Figure 6 presents the distribution of positive and negative differences between Landsat-
8 measurements and SURFRAD ground measurements across all stations. Out of 382 valid
measurements, 261 (68.3%) recorded positive differences where Landsat-8 values were
higher than ground measurements, while 121 (31.7%) recorded negative differences.
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Figure 6. Distribution of difference trends (positive and negative) between Landsat-8 measurements
and ground measurements across the seven stations.

TBL station in Colorado showed the most pronounced overestimation pattern, with
27 positive cases versus only 5 negative cases (84.4% overestimation). GWN station fol-
lowed with 19 positive versus 7 negative cases, then DRA and FPK stations each with
12 positive and 6 negative cases, and BND station with 11 positive versus 6 negative cases.
SXF station recorded a more balanced distribution with 8 positive versus 4 negative cases.
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PSU station in Pennsylvania was the only station where underestimation predominated,
recording 8 negative cases versus only 4 positive cases.

3.6. Performance Evaluation by Ground Stations

Table 3 presents the statistical indicators of Landsat-8 C2L2 LST accuracy for each
of the seven SURFRAD validation stations. Figure 7 provides a visual comparison of
satellite-derived and in situ surface temperatures at each station, incorporating seasonal
variability. Overall retrieval accuracy across stations ranged from approximately 85% to
97%. Positive bias was evident at nearly all stations; PSU station was the only exception,
exhibiting a negative bias of approximately —0.9 °C.

Table 3. Statistical indicators of LST product accuracy from Landsat-8 C2L2 for each station.

Maximum
Station The Numl{er of RMSE (°C) M'e an AbSOI:,’l te Absolute R?
Observations Difference (°C) . o
Difference (°C)

BND 57 3.738 2.631 11.449 0.870
DRA 50 3.674 3.021 7.696 0.928
FPK 65 5.616 4.241 14.388 0.901
GWN 66 2.599 1.950 7.535 0.908
PSU 26 3.586 2.462 11.687 0.878
SXF 34 2.554 1.920 8.302 0.972
TBL 84 5.136 4.547 9.914 0.847
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Figure 7. Cont.
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Figure 7. Visual comparison of LST product performance extracted from Landsat-8 Level 2 across the
seven SURFRAD stations.

GWN station in Mississippi demonstrated the highest overall performance based on
66 observations, recording RMSE of 2.599 °C, MAD of 1.950 °C, maximum absolute devia-
tion of 7.535 °C, and R2 of 0.908. SXF station in South Dakota ranked second with RMSE
of 2.554 °C (n = 34), MAD of 1.920 °C, maximum absolute difference of 8.302 °C, and the
highest R> among all stations at 0.972. PSU station in Pennsylvania recorded RMSE of
3.586 °C (n = 26), MAD of 2.462 °C, maximum absolute difference of 11.687 °C, and R?
of 0.878. DRA station in Nevada recorded RMSE of 3.674 °C (n = 50), MAD of 3.021 °C,
maximum absolute difference of 7.696 °C, and R? of 0.928. BND station in Illinois recorded
RMSE of 3.738 °C (n = 57), MAD of 2.631 °C, maximum absolute difference of 11.449 °C,
and R? of 0.870.

https://doi.org/10.3390/atmos17060615


https://doi.org/10.3390/atmos17060615

Atmosphere 2026, 17, 615

17 of 24

TBL station in Colorado (elevation: 1689 m asl) recorded the highest RMSE of 5.136 °C
(n = 84), MAD of 4.547 °C, maximum absolute difference of 9.914 °C, and the lowest R? of
0.847. FPK station in Montana recorded RMSE of 5.616 °C (n = 65), MAD of 4.241 °C, the
highest maximum absolute difference in the entire study at 14.388 °C, and R? of 0.901.

3.7. Performance Evaluation by Land Surface Temperature Ranges

Table 4 presents the statistical indicators of Landsat-8 C2L2 accuracy across six land
surface temperature ranges. In the lowest thermal range (LST < 0 °C), 26 measurements
recorded RMSE of 2.322 °C, MAD of 1.473 °C, standard deviation of 1.831 °C, and absolute
errors from 0.060 to 9.184 °C. In the range 0-10 °C, 35 measurements achieved the best
performance with RMSE of 2.054 °C, MAD of 1.716 °C, standard deviation of 1.144 °C, and
absolute errors from 0.026 to 4.286 °C. In the range 10 to <20 °C, 65 measurements recorded
RMSE of 2.123 °C, MAD of 1.496 °C (the lowest among all ranges), standard deviation of
1.518 °C, and absolute errors from 0.004 to 6.128 °C. All three thermal ranges below 20 °C
achieved RMSE values below 2.5 °C.

Table 4. Statistical indicators of LST product accuracy from Landsat-8 C2L2 by land surface tempera-
ture ranges.

Mean Absolute Std Absolute Max Absolute Min Absolute

Range Count Difference (°C) Difference (°C) Difference (°C) Difference (°C) RMSE (°C)
LST <0 26 1.473008 1.830608 9.183992 0.059815 2.322066
0<LST<10 35 1.716126 1.144297 4.286313 0.025703 2.053556
10 <LST <20 65 1.495657 1.518221 6.128251 0.003544 2.122858
20 < LST <30 94 3.063101 2.630970 11.687243 0.017201 4.028766
30 < LST <40 122 4.325717 2.941131 13.267416 0.185426 5.224096
LST > 40 40 5.135905 2.521179 14.388354 0.039895 5.707448

A notable decline in accuracy was observed in the 20 to <30 °C range, where
94 measurements recorded RMSE of 4.029 °C, MAD of 3.063 °C, standard deviation of 2.631 °C,
and absolute errors from 0.017 to 11.687 °C. The 30 to <40 °C range (n = 122, largest group)
recorded RMSE of 5.224 °C, MAD of 4.326 °C, standard deviation of 2.941 °C, and abso-
lute errors from 0.185 to 13.267 °C. The hottest range (LST > 40 °C) recorded the worst
performance with RMSE of 5.707 °C, MAD of 5.136 °C, standard deviation of 2.521 °C,
and absolute errors from 0.040 to 14.388 °C. RMSE values approximately doubled from
cold ranges (LST < 20 °C) to the warm range (20-30 °C), and doubled again in hot
ranges (> 30 °C).

3.8. Relationship Between LST Errors and Atmospheric Water Vapor

A subset of 106 Landsat-8 observations (27.5% of the total dataset) was successfully
matched with MODIS MCD19A2 atmospheric water vapor measurements withina £2 h
temporal window, with an average temporal difference of 11 min between acquisitions.
Table 5 presents the Pearson correlation coefficients between atmospheric water vapor
content and absolute LST retrieval errors for each station.

Strong positive correlations were observed at FPK (r = 0.783, R = 0.613, n = 19) and
DRA (r = 0.750, R = 0.563, n = 15). Moderate positive correlations were found at SXF
(r = 0.548, R? = 0.300, n = 9), TBL (r = 0.490, R? = 0.240, n = 24), and GWN (r = 0.346,
R? = 0.120, n = 19). BND showed virtually no correlation (r = 0.042, R? = 0.002, n = 17),
while PSU exhibited a weak negative correlation (r = —0.171, R%2=0.029,n = 3), the latter
based on a very limited sample.
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Table 5. Correlation between atmospheric water vapor and absolute LST errors by station.

Station Mf;r:ienr\:rf\ts Pearson Correlation (r) R?
BND 17 0.0418 0.0017
DRA 15 0.7502 0.5627
FPK 19 0.7832 0.6134
GWN 19 0.3460 0.1197
PSU 3 —0.1708 0.0292

SXF 9 0.5475 0.2998
TBL 24 0.4898 0.2399

4. Discussion

The Landsat-8 C2L2 surface temperature product, generated using the single-channel
algorithm of [25] and validated here against seven SURFRAD stations, demonstrated strong
overall agreement with ground measurements (R2=0.91,d =0.98, r = 0.98). Nevertheless,
the RMSE of 4.20 °C and the systematic positive mean bias of 1.75 °C indicate recurring lim-
itations that warrant detailed examination. The following discussion contextualizes these
findings within the framework of seasonal variability, temperature-dependent performance,
atmospheric water vapor effects, and station-specific characteristics.

4.1. Seasonal Performance and Atmospheric Water Vapor

The seasonal analysis revealed a clear and systematic pattern of performance varia-
tion. Winter achieved the best performance (RMSE = 2.174 °C, r = 0.988), while summer
recorded the weakest (RMSE = 5.838 °C, r = 0.907), representing an approximately 2.7-fold
increase in retrieval error between the two seasons. This pattern reflects a clear inverse rela-
tionship between ambient thermal conditions and retrieval accuracy. Consistent seasonal
degradation patterns have been documented across multiple Landsat-based LST validation
studies [22,42], and are primarily attributed to the marked increase in atmospheric water
vapor content during summer months. As reviewed by Li et al. (2013), accurate knowledge
of vertical profiles of atmospheric water vapor is critical for thermal infrared atmospheric
correction, and single-channel algorithms provide poor results under high water vapor
conditions [9]. This is further supported by Jiménez-Munoz et al. (2014), who demonstrated
that errors in the estimated water vapor content represent the most significant source of
uncertainty in single-channel LST retrieval [43].

The water vapor analysis conducted in Section 3.8 provides direct mechanistic evi-
dence for these seasonal patterns. Strong positive correlations between atmospheric water
vapor content and LST errors at FPK (r = 0.783, R? = 0.613) and DRA (r = 0.750, R? = 0.563)
confirm that elevated atmospheric moisture substantially degrades retrieval accuracy at
these locations. Atmospheric water vapor increases substantially during summer due to
enhanced evaporation and transpiration, leading to greater attenuation of thermal radi-
ation emitted from the Earth’s surface and increasing the difficulty of applying accurate
atmospheric corrections using NCEP/GEOS-5 reanalysis profiles [25,44]. The strong water
vapor-error relationships at high-elevation stations (FPK, TBL) and the arid DRA site are
particularly instructive. At these locations, the vertical stratification of water vapor creates
discrepancies between reanalysis estimates and actual column content, compounding errors
in atmospheric correction [44].

The summer period is also characterized by rapid vegetation cover dynamics, with
plant canopy structure, biomass, and moisture content changing on short temporal scales.
These changes lead to significant variation in surface emissivity that may not be accurately
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captured by the ASTER GED temporal adjustment procedure [45]. The ASTER GEDv3
dataset represents average emissivity from 2000 to 2008 and requires adjustment to the
time of Landsat overpass using NDVI-based vegetation and snow cover corrections [25,45].
However, this NDVI-based adjustment has documented limitations, particularly at mixed-
cover pixels where emissivity uncertainty can reach 1-2% [45], with corresponding LST
errors that are largest during the growing season when vegetation dynamics are most pro-
nounced. Conversely, winter conditions reduce both atmospheric moisture and emissivity
variability, rendering ASTER GED-derived values more representative of actual surface
conditions and producing more reliable atmospheric corrections.

4.2. Temperature-Dependent Performance and Systematic Bias

The temperature range analysis demonstrated a clear and systematic relationship
between surface temperature level and retrieval accuracy. Performance was high in cold
and moderate thermal ranges (LST < 20 °C, RMSE 2.0-2.3 °C) and deteriorated progres-
sively with rising temperatures, reaching its lowest level in the hottest range (LST > 40 °C,
RMSE 5.707 °C). This increasing performance degradation under high thermal conditions
is consistent with the known sensitivity of single-channel algorithms to input parame-
ter errors [9,43], where simplifying assumptions in the radiative transfer model become
progressively less valid as surface temperatures rise. The temperature-dependent degra-
dation is mechanistically linked to the water vapor effects documented in Section 3.8, as
high surface temperatures frequently coincide with elevated atmospheric moisture con-
tent, particularly during summer, creating compounded uncertainties in both atmospheric
correction and emissivity estimation [9,42].

The overall positive mean bias of 1.75 °C reflects a systematic tendency of the Landsat-8
C2L2 product to overestimate surface temperatures, as further evidenced by the predomi-
nance of positive differences in 261 out of 382 measurements (68.3%). Two principal causes
merit consideration. First, underestimation of actual atmospheric water vapor content in
the NCEP/GEOS-5-based correction leads to insufficient compensation for atmospheric
attenuation, producing overestimated surface temperatures [25,44]. Second, a systematic
downward bias in emissivity values derived from ASTER GED, particularly at vegetated
sites where LSE is treated as invariant with increasing NDVI [42,43], produces overes-
timated surface temperatures through the inverse relationship between emissivity and
retrieved LST [9,42]. The PSU station was the only exception to the general overestimation
pattern, exhibiting a slight negative bias of approximately —0.9 °C.

4.3. Station-Level Performance and Spatial Variability

Spatial variation in product performance across the seven SURFRAD stations reflects
the influence of site-specific characteristics, including elevation, land cover homogeneity,
and topographic complexity, on retrieval accuracy. This pattern is consistent with the
general finding that LST validation is most reliable at homogeneous, isothermal sites, while
heterogeneous landscapes introduce scale mismatch errors between point-scale ground
measurements and satellite-scale retrievals [9,46].

The notably poor performance at TBL station in Colorado (RMSE = 5.136 °C, R? = 0.847)
and FPK station in Montana (RMSE = 5.616 °C) represents a consistent pattern confirmed by
multiple independent validation studies [22,34,42]. At FPK, Ermida et al. (2020) attributed
a positive bias of 1.8 K for Landsat-8 to overestimation of surface temperatures exceeding
300 K, identifying possible emissivity underestimation during the warm season as the
likely cause [22]. This is fully consistent with the hypothesis that ASTER GED-based
emissivity values, temporally adjusted using NDVI, may fail to capture rapid changes
in vegetation cover during summer at this station [25,45]. The strong water vapor-error
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correlation at FPK (r = 0.783, R? = 0.613) indicates that both emissivity uncertainties and
atmospheric correction challenges compound to produce the largest errors at this station,
particularly during warm periods when water vapor content and surface temperatures are
simultaneously elevated [22,44].

At TBL station, Ermida et al. (2020) identified severe spatial variation in surface
temperatures around the station, reaching approximately 10 K, as a major source of large
biases, attributable to distinct differences in soil type and vegetation cover at small spatial
scales, compounded by the station’s elevated location (1689 m asl) with rolling terrain
and varying slopes [22]. The present study corroborates these findings. TBL recorded
the highest MAD (4.547 °C) and lowest R? (0.847) among all stations. The moderate
water vapor-error correlation at TBL (r = 0.490) suggests that atmospheric effects con-
tribute to, but do not fully explain, the poor performance, confirming that surface het-
erogeneity remains the dominant error source, consistent with Duan et al. (2021) and
Wang et al. (2020) [36,42]. At high elevations, atmospheric conditions exhibit greater
instability and more rapid fluctuations in humidity, temperature, and aerosol content [44],
all of which increase uncertainty in the atmospheric correction parameters.

Conversely, GWN station in Mississippi achieved the highest overall performance
(RMSE = 2.599 °C, R? = 0.908). This result is attributable to the station’s relatively homoge-
neous grassland cover, flat terrain, and low elevation (98 m asl), which collectively satisfy
the conditions identified by Ma et al. (2021) as most favorable for accurate satellite-based
LST validation [46]. SXF station achieved the highest R? of all stations (0.972), reflecting
the stable measurement environment of its flat, homogeneous setting. DRA station in
Nevada achieved good performance (RMSE = 3.674 °C, R? = 0.928) in its desert environ-
ment, though the strong water vapor correlation (r = 0.750) identifies atmospheric moisture
as an important uncertainty source at this site when conditions depart from the typical arid
baseline [11,44]. Overall, these results indicate that the Landsat-8 C2L2 product performs
reliably at low-elevation homogeneous sites and in cold to moderate thermal regimes, but
requires caution when applied in contexts involving high surface temperatures, complex
terrain, elevated atmospheric moisture, or the rapid surface dynamics characteristic of the
summer season [9,11].

5. Conclusions

This study conducts a comprehensive evaluation of the land surface temperature
product provided by USGS within the Landsat-8 Collection 2 Level-2 product using
382 satellite-ground observation pairs from seven SURFRAD stations spanning January 2023
to December 2025. The product demonstrates strong overall accuracy with an RMSE of 4.20 °C
and a coefficient of determination (R?) of 0.91. The high Pearson correlation coefficient
(r = 0.98) and Willmott index (d = 0.98) confirm robust agreement between satellite-derived
and ground-based temperatures across diverse geographical and environmental conditions.

However, the results reveal systematic patterns in product performance that war-
rant consideration in operational applications. A positive bias of 1.749 °C indicates a
consistent tendency toward overestimation of surface temperatures. Performance varies
substantially across seasons, with winter achieving exceptional accuracy (RMSE = 2.174 °C)
while summer shows significantly reduced performance (RMSE = 5.838 °C). Analysis of
106 successfully matched Landsat-8 and MODIS water vapor observations (with an average
temporal difference of 11 min) revealed that atmospheric water vapor content plays a
significant role in these seasonal accuracy variations, with strong positive correlations
between moisture and LST errors observed at FPK (r = 0.783) and DRA (r = 0.750), confirm-
ing that elevated atmospheric moisture during summer substantially degrades retrieval
accuracy, particularly at high-elevation and arid stations. Temperature-dependent analysis
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demonstrates that accuracy deteriorates systematically as surface temperatures increase,
with RMSE values approximately doubling when transitioning from cold ranges (below
20 °C) to warm ranges (20-30 °C), and doubling again in hot conditions (above 40 °C).

Spatial analysis reveals notable differences among stations, with GWN and SXF
achieving the best performance (RMSE < 2.6 °C), while TBL and FPK stations at higher
elevations recorded larger errors (RMSE > 5.1 °C). The spatial variation in water vapor-error
correlations is particularly instructive: strong relationships at high-elevation and complex
terrain sites (FPK, TBL, DRA) indicate that atmospheric correction challenges compound
with topographic and surface heterogeneity effects, while the negligible correlation at
homogeneous low-elevation sites (BND: r = 0.042) suggests that emissivity estimation
dominates the error budget in more favorable environments. These variations reflect the
influence of local topographic complexity, spatial heterogeneity in surface characteristics,
and atmospheric conditions on algorithm performance.

Despite these limitations, the Landsat-8 Collection 2 Level-2 (C2L2) LST product
exhibits adequate accuracy for numerous environmental applications, including climate
assessment, urban heat island investigations, agricultural drought and water-stress moni-
toring, and hydrological modeling. Its utility remains particularly strong when the docu-
mented seasonal and temperature-dependent uncertainties are appropriately considered
during interpretation. The analysis of atmospheric water vapor effects provides important
insights into potential avenues for product enhancement. Specifically, incorporating higher-
temporal-resolution atmospheric moisture datasets, improving emissivity characterization
during rapidly changing surface conditions, and implementing temperature-sensitive cali-
bration procedures may further enhance retrieval accuracy, particularly during summer
periods and in environmentally complex settings. Additional improvements in emissivity
estimation, atmospheric correction under elevated water vapor conditions, and algorithm
refinement for heterogeneous terrain could further increase product reliability across di-
verse environmental contexts. Such developments would strengthen confidence in the
application of this 30 m thermal dataset for environmental monitoring, resource manage-
ment, and decision-support activities.

Nevertheless, some findings presented in this study are based on relatively lim-
ited subsets of observations. Although the overall validation framework utilized
382 valid Landsat-8 /SURFRAD matchup pairs, the atmospheric water vapor assessment
relied on only 106 collocated MODIS observations. Furthermore, several site-specific
analyses—particularly those associated with the PSU station (n = 26 overall and n = 3
within the water-vapor subset)—are constrained by small sample sizes. Consequently,
station-level statistics and site-specific water vapor relationships should be interpreted as
preliminary indicators rather than definitive conclusions and warrant verification through
extended observational records and additional ground-based reference networks. In con-
trast, the broader conclusions regarding the overall performance of the C2L2 LST product,
the deterioration in accuracy during summer conditions, and the systematic reduction in
retrieval accuracy at higher surface temperatures are supported by substantially larger
sample sizes and are therefore considered robust and reliable.
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