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ABSTRACT
Daily temperature data at high spatial resolution are funda-
mental for many applications but not yet available due to
clouds and satellite’s long revisit time. Here, we propose a
novel and practical approach to generate daily 30-meter land
surface temperature (LST) in complex urban areas, using
New York City as case study. In the proposed approach, we
first use enhanced annual temperature cycles to capture the
overall temporal trend from Landsat valid-observed data. We
then use Gaussian processes to link the residuals from valid-
observed pixels to cloud-covered pixels based on the simi-
larity of surface property. The LST reconstruction process is
solved through deep ensemble learning, which provides ro-
bust estimations and offers prediction intervals. Experimental
results show that the proposed approach can successfully
generate LST under clear-sky and heavily cloud-covered sit-
uations (RMSE = 0.75-0.78 K). Further, the reconstructed
LST achieved indistinguishable performance, compared with
valid-observed LST, in estimating near-surface air tempera-
ture (RMSE = 1.42-2.96 K). The proposed approach takes one
step forward in providing daily temperature data at 30-meter
resolution.

Index Terms— land surface temperature, air tempera-
ture, temperature data reconstruction, annual temperature cy-
cle, Gaussian processes, ensemble learning

1. INTRODUCTION

As an important climate indicator [1], temperature is a critical
variable in many applications [2]. Having accurate tempera-
ture data is important for understanding and addressing global
issues, such as climate and health in the form of cardiorespi-
ratory diseases and mortality [3, 4]. There are two aspects of
temperature: temporal changes and spatial variations [5]. In
the temporal domain, it is critical to have daily data to capture
the norm and extreme of climate events [2]. In the spatial do-
main, understanding temperature changes over space allows
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us to understand its impacts on different neighborhoods and
populations, a fundamental environmental justice issue [6].

However, no single data source is capable to monitor
temperature in a temporally and spatially continuous fash-
ion [2, 7, 8]. There are two current popular data sources:
near-surface air temperature from weather stations, and land
surface temperature (LST) data from satellites [8]. Weather
stations are expensive and impossible to set up in every city
location. Satellite data are subject to clouds and long revisit
time. Given the challenge and significance, generating tem-
perature data at high spatiotemporal resolution has been an
important task in remote sensing [2, 7, 8].

Many methods have been developed to generate daily
LST products [8]. For example, the annual temperature
cycle (ATC) is ideal to model daily mean temperature over
time [9]. Several studies have adopted and improved upon the
ATC model to generate seamless LST data [10, 11]. Most of
these methods are applied to MODIS data at 1 km resolution.
At this resolution, it is impossible to distinguish temperature
variations within a city (Fig. 1). In Fig. 1, we compare the
MODIS and Landsat LST over New York City’s zip codes.
As many zip codes are smaller than 1 km × 1 km, MODIS is
incapable to distinguish temperature differences between zip
codes, not to mention the variations within them. Landsat, on
the other hand, captures great temperature variations within
the city (Fig. 1). Additionally, some coastal areas such as
Manhattan have no valid data from MODIS due to the coarse-
resolution water mask. Having temperature data finer than
zip codes is critical for many applications, because many so-
cioeconomic data are aggregated at the zip code or finer level.
For example, New York City has the daily syndromic surveil-
lance data collected and released to the public at zip code,
and London has many socioeconomic statistics aggregated at
an equivalent scale (Middle Super Output Area) [4, 12]

While there is a debate on the best use case for LST, air
temperature and other types of temperature, given the current
sensor technology, seamless data are mostly originated from
satellite observations that are fundamentally brightness tem-
perature [13]. Most air temperature and other forms of tem-



Fig. 1. MODIS and Landsat spatial resolution comparison
over New York City’s zip codes. Landsat can capture spatial
variations that MODIS cannot.

perature data are generated based on satellite observations.
The heat exchange between land surface and near-surface air
means that LST is bound to link with air temperature (mit-
igated by some factors including ground cover) [14]. Thus,
having seamless LST data at high spatiotemporal resolution
means it is one step away from having other forms of tem-
perature data [15, 16, 17]. As only a very limited number of
in-situ LST sites exist in remote areas, compared to the in-
situ weather stations that are installed in cities, and the fact
that air temperature is commonly used in many applications,
we can use the ability to generate air temperature to indirectly
validate the estimation of all-weather LST [11, 15].

In this study, we propose a novel and practical approach
for Landsat LST reconstruction that consists of enhanced
ATC models and Gaussian processes. This approach can
provide robust estimations and is among the first to offer
prediction intervals (through deep ensemble learning). The
proposed approach achieved successful LST reconstruction
under clear-sky and heavily cloudy situations. The recon-
structed LST also shows indistinguishable performance in
estimating near-surface air temperature, compared to valid-
observed LST, indirectly demonstrating its effectiveness.

2. DATA AND METHOD

2.1. Study Area and Data

We select New York City (NYC) as the study area (Fig. 2).
Having a population density of 11,232/km2 (28,872/km2 in
Manhattan), NYC is the most populous city in the United
States. NYC adopts open data policy, with many socioeco-
nomic and health statistics aggregated to the zip code level
freely available to the public, including the syndromic surveil-
lance system [4, 18]. Having daily temperature data at high
spatiotemporal resolution is therefore critical for analyzing
temperature-related events. NYC also happens to be situated
within two Landsat paths (Fig. 2), doubling data frequency.

With both Landsat 8 and 9 in operation, we successfully
obtained 91 Landsat scenes from different dates in 2023. We

Fig. 2. New York City overlapped with zip code boundaries
and seven weather stations (marked with triangle △), com-
pletely situated within two Landsat paths.

use the thermal band, Band 10, from the level 2 products. We
mark all pixels labeled as clear from the cloud mask as clear.
The cloud mask is not perfect as noted in data description.
We further visually inspected all scenes by splitting them into
nine subsets per scene. We manually mark all pixels within
a subset as cloudy if it appears cloudy but the cloud mask
fails to capture, and mark all pixels within a subset as clear if
it appears clear but some areas are incorrectly labeled as not
clear (especially at the land-water boundary).

2.2. Method: Enhanced ATC and Gaussian Processes

The reconstructed LST (T R
s ) is generated through enhanced

ATC and Gaussian processes (GP):

T R
s (d) = T ATC

s (d) + T GP
s (d) , (1)

where d is day of year, s = [x, y] is pixel index, T ATC
s (d)

is the ATC-reconstructed temperature as a function of day of
year, and T GP

s (d) is the temperature residual estimated from
GP. This equation can be written out as

T R
s (d) =Cs +As cos (2π/365 (d− ϕs)) + bsT c (d)

+ GPd (s, sd) ,
(2)

where Cs+As cos (2π/365 (d− ϕs)) is the classic ATC with
three parameters {Cs, As, ϕs}, bs is to capture daily fluctu-
ation (we obtain the ERA5 mean skin temperature as T c),
and GPd (s, sd) is a daily-specific GP model to link tempera-
ture residuals from valid-observed pixels (sd ) to any cloud-
covered pixel (s). We assume pixels with similar surface
properties have similar temperature residuals on the same day.
We use their blue, green, red and near-infrared mean spectral
reflectance in 2022-2024 from Sentinel-2 to account for sim-
ilarity of surface properties.



2.3. Deep Ensemble Learning

We use deep ensemble learning to find the solutions of the
model to achieve robust estimations and obtain prediction in-
tervals. In enhanced ATC, we minimize the L1 loss, which
is equivalent to maximizing a Laplace likelihood and can be
written out as (with the location index s omitted)

p (T | ω) ∝ exp

(
−|T − T̂ ATC |

β

)
, (3)

where ω = {C,A, ϕ, b} is the parameters of enhanced ATC
to calculate T̂ ATC , T is the valid-observed training data, and
β is a scale factor of the Laplace distribution. We obtain 200
snapshots per 2 epochs after the training loss is flat and then
calculate the prediction mean and 95% intervals.

2.4. Gaussian Processes To Link Temperature Residuals

On the same day, we assume the LST residuals (T ϵ =
T − T ATC) are related to certain surface property that can
be modeled through Gaussian processes, with mean function
m (s) and covariance function k (·, ·) as (with d omitted):

T ϵ (s) ∼ GP (m (s) , k (·, ·)) , (4)

where k (s, s′) models the similarity between two pixels
(s, s′). We use the mean spectral reflectance from 2022-2024
as the features to model their surface similarity. The GP
model can be solved through maximizing the log-likelihood
function and inherently offers prediction mean and inter-
vals [19]. We use GPyTorch to accelerate computation [20].

The final prediction is the combination of prediction mean
from ATC and GP. Based on the law of total variance, we can
simply add the respective prediction intervals from ATC and
GP to achieve the final prediction intervals.

2.5. Indirect Validation with Air Temperature

For indirect validation, we test the reconstructed LST’s per-
formance in estimating air temperature over seven stations
(Fig. 2). This is an increasingly-used validation strategy in
areas without in-situ LST sites [2, 11, 15]. We use a simple
linear regression model that considers only LST, NDVI, ele-
vation, solar radiation factor, and solar zenith angle:

Ta = c+Tlst×α1+Vndvi×α2+Velv×α3+Vsrf×α4+Vsza×α5 .
(5)

3. RESULTS AND ANALYSIS

3.1. Results on All-Weather LST Reconstruction

We first show the scatter plots under mostly clear, partially
cloudy, and heavily cloudy situations, corresponding to cloud
cover <20%, 20%-80%, and >80% (Fig. 3). The validation is

Fig. 3. Reconstruction comparison over mostly clear situa-
tions (<20% clouds), partially cloudy situations (20%-80%
clouds), and heavily cloudy situations (>80% clouds).

Fig. 4. Reconstructed LST images under clear (left) and
cloudy (right) situations.

conducted over 20% hold-out test data. The reconstruction re-
sults are very similar under the three situations (RMSE=1.23-
1.34 K), with less cloud coverage slightly better performance.
Regardless of clear or heavily cloudy situations, the proposed
approach successfully generated accurate LST estimations.

We show the zoom-in view of the reconstructed LST im-
ages under clear and cloudy situations in Fig. 4. The cloudy
reconstructed LST image shows some pattern different from
the clear one. Cloud-covered pixels, including cloud shadow,
show relatively lower LST values. In partially cloudy sit-
uations, even though some pixels are valid-observed, they
are different from clear-sky situations and should be treated
differently. In terms of solar energy balance, under partially
cloudy situations, the Earth surface receives less energy than
clear situations (depending on cloud coverage, thickness,
opacity etc.) [21]. With cloud coverage going higher, the
LST surface is closer to overcast situations than clear-sky
situations. We are only able to observe them due to gaps be-
tween clouds, but over the next hour with the clouds shifting,
the same location is likely blocked by clouds and becomes
non-observable. The different LST patterns are solid evi-
dence that the proposed approach can generate accurate LST
in all-weather situations (Fig. 4). This all-weather capability
comes from (1) amplifying the coarse-resolution ERA5 tem-



Fig. 5. Demo showing prediction mean and intervals

Table 1. Ablation analysis. ATC is baseline. DEL denotes us-
ing deep ensemble learning. GP denotes Gaussian processes.

ATC ATCDEL ATC+GP ATCDEL+GP

Clear Sky R2 0.891 0.961 0.892 0.974
(0% clouds) RMSE (K) 2.13 1.67 1.53 0.75

MAE (K) 1.72 1.4 1.17 0.59
Bias (K) 1.31 1.31 0.17 0.17

Heavily Cloudy R2 0.835 0.876 0.927 0.981
(>80% clouds) RMSE (K) 2.55 2.16 1.55 0.78

MAE (K) 1.94 1.62 1.18 0.56
Bias (K) 0.13 0.13 0.03 0.03

perature at higher resolution using valid-observed Landsat
pixels and (2) the surface of temperature residuals modeled
through Gaussian processes. The proposed approach can also
generate prediction intervals, as shown along the x-axis 300
from the clear situation in Fig. 5.

3.2. Indirect Validation via Estimating Air Temperature

We use the capability to estimate air temperature as indirect
validation. This is an increasingly-used validation approach
for areas without in-situ LST sites [11, 22], such as NYC. It
also makes more sense for the current study because (1) it al-
lows us to gain insights of the results within the study area,
and (2) near-surface air temperature, which is often generated
from seamless LST, is more commonly used in real-world ap-
plications [3, 13]. We use simple linear regression models
to estimate air temperature from LST, separately using valid-
observed and reconstructed LST. If the reconstructed LST
shows similar performance with the valid-observed LST, it
means they have good agreements with each other, indirectly
validating the results. As shown in Fig. 6, the estimation
through reconstructed LST (RMSE=1.65-2.73 K) achieved
comparable performance in estimating air temperature com-
pared with valid-observed LST (RMSE=1.42-2.96 K).

3.3. Ablation Analysis

We show ablation analysis in Table 1. The experiments were
conducted separately based on cloud coverage (0 clouds, over
80% clouds). Deep ensemble learning greatly increases ac-
curacy, in both clear-sky and cloudy situations, by reducing

Fig. 6. Results on estimating air temperature through valid-
observed and reconstructed LST (indirect validation).

RMSE from 2.13 to 1.67 K (clear sky) and from 2.55 to 2.16
K (heavily cloudy). The usage of GP further reduces RMSE
and greatly reduces bias.

4. CONCLUSION

We propose a novel and practical approach to generate daily
30-meter LST data. The proposed approach amplifies ERA5
signals to high spatial resolution through enhanced ATC
based on valid-observed Landsat pixels and links tempera-
ture residuals from valid-observed to cloud-covered pixels,
thereby achieving all-weather LST generation. The method
is enhanced via deep ensemble learning to offer robust results
and prediction intervals. Experimental results show success-
ful daily LST data generation under all-weather conditions.
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