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Highlights

What are the main findings?
• A new clear-sky merged LST dataset for the USA (2004–2021, 5 km resolution) was

successfully produced by fusing downscaled AMSR-E/2 generated from a U-Net deep
learning model with MODIS observations.

• The merged dataset reduces cloud-induced gaps and noise compared to MODIS, im-
proves spatial detail compared to AMSR alone and shows strong agreement with
ground validation.

What are the implications of the main finding?
• The dataset provides a harmonised and spatially consistent LST record, overcoming

limitations of single-sensor products.
• It demonstrates the potential value of sensor fusion for improving climate data records

for long-term studies.

Abstract

Reliable land surface temperature (LST) data are required for monitoring climate variability,
hydrological processes, and land–atmosphere interactions. Yet existing satellite-derived
LST products, such as those from thermal infrared (TIR) sensors, are limited by gaps due to
clouds, while passive microwave (PMW) observations, though less affected by atmospheric
interference, suffer from coarse resolution and larger uncertainty. This study presents
the first validated clear-sky merged LST product for the USA and combines downscaled
PMW data from AMSR-E and AMSR2 with MODIS TIR observations, using a modified
U-Net deep learning network. The merged dataset covers 2004–2021 at 5 km resolution,
providing a compromise between spatial detail and robustness. The model performs well,
with low mean squared errors and R2 values of 0.80 (day) and 0.75 (night). The merged
time series captures seasonal trends and shows a marked reduction in cloud-contamination
artefacts compared to MODIS and AMSR signals. Spatially, the product is consistent across
sensor transitions and reduces artefacts from TIR cloud contamination. Validation against
ground stations shows results between those of TIR and PMW, with better accuracy at
night and moderate positive biases influenced by land cover and terrain. Although the
merged product does not match the fine resolution of TIR data by choice, it enhances spatial
coverage over AMSR alone and temporal completeness over MODIS alone, where single-
sensor products are limited. Residual temporal and seasonal biases are moderate, with
systematic warm and cold deviations linked to land cover, propagation of emissivity errors,
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and sampling differences. Strong positive biases remain over terrain with complex surface
properties as the downscaled AMSR is closer to MODIS temperatures. Results demonstrate
the combined benefits of PMW’s broader coverage and cloud tolerance with TIR’s spatial
detail. Overall, results demonstrate the potential of sensor fusion for producing spatially
consistent LST records suitable for long-term environmental and climate monitoring.

Keywords: land surface temperature; earth observation; machine learning; U-Net; satellite
remote sensing; climate science

1. Introduction
Land Surface Temperature (LST) is a crucial component of Earth’s climate system, in-

fluencing surface energy balance and water exchange processes [1], and is recognised as an
essential climate variable (ECV) by GCOS [2]. LST can be measured in the thermal infrared
(TIR) and passive microwave (PMW) regions. TIR sensors capture longwave radiation from
the surface skin, providing detailed and accurate temperatures under clear-sky conditions,
while PMW sensors detect naturally emitted radiation from slightly below the surface and
can observe through most clouds. TIR offers finer spatial detail, whereas PMW provides
broader spatial and temporal coverage, making the two complementary for characterising
LST variability. Satellite-derived LST has been widely used in climate assessments [3–5],
heat flux estimation [6], UHI and drought studies [7,8], and cryospheric research [9,10]. Its
strong spatial and temporal variability stems from vegetation, topography, and surface het-
erogeneity [11,12], necessitating frequent, high-resolution observations that ground-based
methods cannot deliver at scale [13].

Advances in Earth observation have enabled large-scale LST climate data records [1].
Many satellites measure LST using TIR radiometers operating in the 8–14 µm atmospheric
window, including AVHRR, Landsat TM/ETM, ATSR, MODIS, ASTER, SEVIRI and VI-
IRS [14]. Some satellites also use PMW radiometers, typically near 37 GHz, for LST
estimation [15], such as SSM/I, AMSR-E/2, TMI and WindSat. TIR retrievals offer high
accuracy (1 K [16]) and high spatial resolution (1 km to tens of metres [17]) but are restricted
to clear-sky conditions [18]. The resulting clear-sky bias depends strongly on cloud frac-
tion and local meteorology [19]. PMW observations, by contrast, operate in most cloud
conditions [20], penetrate 1–10 mm depending on surface moisture [21], and have lower
spatial resolution and retrieval accuracy [22]. Combining TIR and PMW therefore provides
a promising pathway for long-term, clear-sky LST products [1].

In this work, we address the problem of spatial resolution enhancement of PMW LST
satellite imagery, commonly referred to as downscaling. Throughout this paper we define
downscaling as the process of transforming coarse-resolution PMW LST observations into
finer-resolution data (0.05 deg) to match the scale of the TIR measurements. Once down-
scaled, the PMW data can be merged with TIR observations to exploit the complementary
strengths of both sensors, achieving improved accuracy, spatial detail, and LST coverage.

1.1. Prior LST Merging Research

Merging complementary satellite observations has long been used to reduce gaps
and improve LST products [23,24]. Early TIR–PMW integration relied on statistical re-
construction from neighbouring clear-sky pixels but performed poorly in cloud-covered
regions [25] and was often region-specific [26]. Bayesian Maximum Entropy achieved
improved gap-filling but required extensive calibration with ground stations [27]. Other
approaches combined reanalysis with TIR LST to improve coverage but inherited reanalysis
biases [28]. Analytical techniques such as singular spectrum analysis reconstructed PMW
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BTs but were computationally expensive [29]. Fusion methods like Multiresolution Kalman
Filtering (MTFC) improved spatial coherence but still produced incomplete coverage when
orbital gaps or missing TIR–PMW data occurred [30].

Machine learning has more recently been applied to merging and gap-filling. MTFC-
CNN models generated spatially complete PMW LST [31], and other ML approaches
reconstructed missing PMW BTs [32]. However, most rely on temporal information, are
trained over limited regions, and have restricted global applicability.

U-Net frameworks have demonstrated strong performance for downscaling and super-
resolution tasks across temperature datasets, including near-surface air temperature [33,34]
and sea surface temperature [35,36]. They have enhanced MODIS LST from 1 km to
250 m [37,38], reconstructed multi-year time series [39], and merged PMW observations
with ground data [40]. However, no study has applied a U-Net to downscale AMSR PMW
LST directly using MODIS TIR as training data, which motivates this work.

Existing merging methods face persistent challenges such as cloud-induced errors,
regional specificity, high computational cost, and reliance on temporal dependencies. U-
Nets [41], with their encoder–decoder structure and skip connections [42,43], preserve both
contextual and local information, making them well suited for spatial downscaling. In contrast,
GAN-based models, though capable of visually realistic outputs, require unstable adversar-
ial training [44,45] and often produce blurred or low-fidelity images [46,47]. A regression-
based U-Net therefore offers a balanced and efficient option for physically meaningful
PMW downscaling.

1.2. Research Objective

This study presents the merging of complementary TIR and PMW satellite data from
MODIS and AMSR, respectively, to optimise LST products while addressing the challenges
identified in existing methods. To achieve this, we employ a regression-based U-Net
architecture, providing a spatially aware and efficient solution for downscaling PMW data
to merge with MODIS TIR data.

We introduce a novel adaptation of the U-Net architecture specifically designed for
merging clear-sky TIR and PMW LST data. While U-Net models have been previously
applied to individual LST retrievals and reconstruction tasks, no prior work has applied
this type of deep learning framework to downscale PMW data, for subsequent merging
with complementary TIR measurements that have been deemed climatically stable. This
represents the first implementation of a sensor-specific U-Net designed to exploit the multi-
sensor synergy between MODIS and AMSR-E/2 for clear-sky conditions. The proposed
approach represents the first sensor-specific U-Net targeted at MODIS–AMSR synergy
and supports the development of a globally consistent merged LST dataset under the ESA
LST_cci programme.

This work specifically focuses on producing a clear-sky merged LST product, where
merging is restricted to cloud-free TIR observations. In this context, clear-sky refers to
scenes where MODIS TIR retrievals are available and unaffected by cloud contamination,
a key feature of TIR-based LST data. Although AMSR PMW observations can penetrate
clouds and provide all-sky measurements, the training dataset is derived solely from
clear-sky conditions. As a result, the model inherits this clear-sky bias, meaning that even
when generating all-sky downscaled predictions, the merged product remains optimised to
reproduce clear-sky surface temperatures rather than true conditions under clouds. Unlike
all-sky products, which represent continuous LST estimates regardless of cloud cover
(except deep clouds), clear-sky products retain only the most cloud-free observations with
the lowest associated uncertainties. Prioritising clear-sky conditions enables direct use of
observed rather than modelled LST values, signficantly reducing retrieval noise and error
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propagation from cloud-contaminated pixels. Focusing on clear-sky conditions therefore
ensures that the merged product is built on the most reliable temperature measurements,
providing a robust benchmark for subsequent development of gap-filled products. This
distinction is significant for applications that require direct measurement-based LST values,
like climate trend analyses and surface process monitoring, where the exclusion of LST
under cloud cover and the inclusion of interpolated or modelled values could introduce
bias or inflate uncertainty. The development of a clear-sky merged product is expected
to deliver a record with improved PMW spatial resolution and reliability compared to
coarse single-sensor records, increased LST pixel availability for the end-user and reduced
clear-sky uncertainties.

2. Materials and Methods
2.1. Dataset Description

NASA’s Aqua satellite provides global, sun-synchronous observations twice a day,
with equatorial overpasses at approximately 13:30 (daytime) and 01:30 (nighttime), making
it ideal for monitoring LST. The following datasets are summarised in Table 1.

The Moderate Resolution Imaging Spectroradiometer (MODIS) onboard Aqua cap-
tures Earth’s surface in 35 spectral bands ranging from 0.4 to 14.4 µm. The AQUA_MODIS_
L3C_0.01 level 3 collated (L3C) global product (2003–2021) version 4.00 dataset produced in
ESA Land Surface Temperature Climate Change Initiative (LST_cci) at 0.01◦ spatial resolu-
tion https://gws-access.jasmin.ac.uk/public/esacci_lst/AQUA_MODIS_L3C_0.01/4.00/
(accessed on 30 October 2025) estimates LST using the Generalized Split-Window (GSW)
algorithm [48], leveraging MODIS bands 31 and 32 (centred at 11 µm and 12 µm) and
applying retrieval coefficients based on satellite viewing angles and atmospheric water
vapour conditions [49,50]. Land surface emissivity (LSE) is estimated using the CAMEL
database, which provides emissivity values for wavelengths between 3.6 µm and 14.3 µm
at a 0.05◦ resolution [51]. Furthermore, studies have found that MODIS exhibits low stan-
dard deviations [52], and is free from non-climatic discontinuities [53], making the dataset
well-suited for climate trend analysis and its use in merged Climate Data Records (CDR) [5].

In addition, Aqua has the Advanced Microwave Scanning Radiometer for EOS (AMSR-
E), which operated from 2002 to 2011. The AMSRE_AMSR2_L3C global data record
(1996–2020) version 5.11 dataset produced in ESA Land Surface Temperature Climate
Change Initiative (LST_cci) at 0.125◦ spatial resolution https://gws-access.jasmin.ac.uk/
public/esacci_lst/AMSRE_AMSR2_L3C/5.11/ (accessed on 30 October 2025) provided
LST data using PMW observations, enabling cloud-penetrating measurements of surface
temperature, soil moisture, and precipitation. Its successor, AMSR2 on the GCOM-W
satellite, continues this legacy to ensure long-term observations at 0.125 ◦ resolution [54].
The AMSR-E and AMSR2 sensors operate across several channels ranging from 6.9 GHz to
89 GHz [55], enabling a wide range of atmospheric and surface measurements. The AMSR-
E and AMSR2 sensors estimate LST using the Neural Network-Emissivity-All-channels
(NNEA) algorithm, a machine learning-based approach to estimate LSEs across multiple
spectral channels [18,20,23,56]. The method employs a multilayer perceptron network with
one hidden layer, trained using the Marquardt–Levenberg back-propagation algorithm to
minimise mean squared error between predicted and reference LST [50].

https://gws-access.jasmin.ac.uk/public/esacci_lst/AQUA_MODIS_L3C_0.01/4.00/
https://gws-access.jasmin.ac.uk/public/esacci_lst/AMSRE_AMSR2_L3C/5.11/
https://gws-access.jasmin.ac.uk/public/esacci_lst/AMSRE_AMSR2_L3C/5.11/
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Table 1. Summary of datasets used in this study.

Dataset Platform Coverage Resolution Characteristics

AQUA_MODIS_L3C
(v4.00)

Aqua (MODIS) 2003–2021 0.01◦ (upscaled 0.05◦) TIR (Bands 31–32, 11–12 µm),
GSW algorithm, emissivity from
CAMEL, semi-Bayesian cloud-
clearing using ERA5 profiles,
high accuracy, clear-sky only.

AMSRE_AMSR2_L3C
(v5.11)

AMSR-E
(Aqua) AMSR2
(GCOM-W)

2003–2021 0.125◦ (downscaled 0.05◦) PMW (6.9–89 GHz), NNEA algo-
rithm, convective cloud filtering,
all-weather except deep convec-
tion, long-term continuity.

Previous research has determined that clouds are one of the largest sources of un-
certainty in TIR LST observations [57]. Both the MODIS and AMSR CCI products have
procedures for cloud detection and clearing to mitigate this issue. For MODIS, cloud
clearing uses semi-Bayesian method comparing simulation BTs from ERA5 profiles with
climatologies for biome, time, day and night. Using key thermal channels, pixels with
<95% clear-sky probability are flagged as cloudy [58–60]. Similarly, PMW LST retrievals
can also face challenges under certain atmospheric conditions as strong convection can
interfere with BTs, especially the presence of thick ice clouds. To address this, AMSR pixels
affected by atmospheric convection are identified and filtered out by detecting anomalous
BT values [20].

Using both MODIS and AMSR for LST retrieval is advantageous because they are
co-located on the Aqua satellite, ensuring the same temporal resolution with twice-daily
global observations. This allows consistent cross-comparisons and data fusion, leveraging
MODIS’ higher spatial resolution and AMSR’s ability to penetrate clouds. Despite their
differing spatial resolutions (0.01◦ and 0.125◦, with MODIS providing finer detail and
AMSR offering broader coverage), their complementary strengths enhance the accuracy
and reliability of LST estimations, making them suitable for use in a merged LST product.
The longevity of the MODIS record alongside that of AMSR-E/AMSR2 series makes the
combination particularly useful.

A target resolution for the merged product of 0.05◦ was selected to balance spatial
detail with computational efficiency and to reduce uncertainty. While finer resolutions
like 0.01◦ can capture more local variation, downscaling PMW data to these scales tends
to increase uncertainty. This is largely due to the inherently coarse resolution of PMW
sensors, which mix signals from varying surface and atmospheric conditions, along with
coverage gaps caused by orbit paths and cloud contamination in both PMW and TIR data.
Additionally, large-scale variations in cloud cover and strong north–south temperature
gradients can introduce spatial biases and reduce the stability of PMW–LST relationships,
especially when modelling across larger regions [61]. To ensure consistency, the MODIS
0.01◦ LST data was upscaled to this resolution [62], while the U-Net model was designed
to predict downscaled AMSR estimates at the same resolution. This consistent resolution
across both datasets facilitates smoother integrations and more reliable LST merging.
Throughout this research, any reference to MODIS will henceforth represent the upscaled
0.05◦ dataset.

2.2. Study Region

The study region of continental USA (from herein will be referred to as the USA), due
to the availability of ground-based validation stations. The region is also characterised by
diverse geography, land cover types, and climate regimes. Research on the USA’s ecological
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regions (ecoregions) lead to a hierarchical framework which identified 10 broad Level I
and 85 Level III ecoregions [63]. It has since been updated and expanded, to now identify
967 fine-scale Level IV ecoregions [64], demonstrating the geographic diversity of the USA.
Widely used climate zone classification maps such as the Koppen-Geiger maps [65,66],
show North America (including USA, Central America, Caribbean Islands and Canada)
has 24 climate types. These include 54.5% cold, 15.3% arid, 13.4% temperature, 11% polar
and 5.9% tropical [67]. Land cover classification research using the National Land Cover
Database has identified 8 broad classes and 16 subclasses of land cover types for the USA,
ranging across diverse categories including grasslands, shrubland, forests, barren, cropland,
ice and snow cover and many more [68,69]. This diversity ensures the model is trained on
a range of environmental conditions to better represent the LST characterisation and to
better assess the suitability of the model used.

Figure 1 shows the latitude-longitude grid box defining this study area. Separate
day and night models were trained on a year of TIR and PMW data (2003) for this
ROI, ultimately generating downscaled PMW LST predictions covering a 17-year period
spanning 2004–2021.

Figure 1. Study region presented in the results. Region is defined by latitude and longitude grid box.
Two separate U-Net models were trained and used for prediction of this region.

2.3. Method

This study employs a regression-based U-Net architecture algorithm as the foun-
dational design of the model because of its widely adopted encoder-decoder structure,
which is well suited for tasks involving the transformation of coarse-resolution data into
finer-resolution outputs [41].

The day and night models are trained using only PMW LST as input, with coincident
clear-sky TIR observations serving as the reference dataset. This ensures that the network
learns directly from temporally and spatially matched PMW–TIR pairs without relying on
auxiliary geophysical datasets, which can introduce additional uncertainty or reduce global
consistency. By restricting inputs to the PMW field alone, we evaluate the intrinsic ability
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of the deep-learning architecture to recover fine-scale spatial structure using information
contained within the PMW observations themselves.

Through a sequence of convolutional layers arranged in a downsampling–upsampling
U-shaped architecture, the model learns multi-scale spatial features and contextual patterns
that conventional machine-learning approaches, typically pixel-wise or reliant on hand-
crafted features cannot capture. The skip connections transmit both local and large-scale
contextual information throughout the network, enabling the prediction of continuous
spatial variables by leveraging overlapping spatial context [70]. This capacity to model
non-linear, spatially coherent relationships across regions [71] allows the U-Net to produce
physically meaningful, high-quality downscaled PMW LST estimates consistent with the
corresponding clear-sky TIR observations, while maintaining a framework that remains
globally applicable without dependence on ancillary datasets.

During the downsampling phase, the model extracts features in the PMW data by
sequentially applying convolutional operations, batch normalisation (BN), and Rectified
Linear Units (ReLU) activation functions, while progressively reducing the spatial dimen-
sions through max pooling. This process is complemented by residual connections that
capture and preserve activations from previous layers. Importantly, the convolutional
architecture of the U-Net enables it to automatically extract hierarchical features at multiple
levels, providing a richer representation of temperature patterns that is difficult to achieve
with pre-defined statistical features.

The upsampling phase reverses this process by utilising transposed convolutions,
BN, and ReLU activations to expand the spatial resolution of the feature maps. To further
enhance the resolution and reduce artefacts, an additional upsampling layer is incorporated
into the model to refine spatial details. This produces the final equivalent TIR output for
the given PMW input.

Crucially, skip connections are integrated, enabling the incorporation of fine-grained
spatial information from earlier downsampled layers. The final stage of the model applies
a convolutional operation using the Keras default linear activation to generate continuous
LST predictions. This architecture enables the model to understand pixel relationships and
spatial dependencies effectively.

This architecture enables the model to capture detailed land features while preserving
spatial consistency, making it well suited for downscaling LST satellite data. Through
this structure, the U-Net has the ability to understand the relationships between pixels
and capture the pixel-wise temperature dynamics. During training, the U-Net learns how
temperature distributes across pixels, capturing it in the encoder and reversing it in the
decoder. By modelling these spatial relationships, the U-Net predicts and reconstructs
high-resolution details from low-resolution inputs, generating sharp outputs that preserve
critical spatial details and nuances present in the original data.

Ultimately, the U-Net model outputs an enhanced PMW clear-sky LST that is spatially
consistent and incorporates both the LST information from AMSR and the fine-scale details
from MODIS TIR, providing a more accurate, high-resolution LST estimation suitable
for merging.

In this section, we introduce the construction method of the model, including the
pre- and post-processing steps required to create the final clear-sky LST merged product.
A method flowchart can be seen in Figure 2, summarising the workflow of the main steps
described in this section.
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Figure 2. A flowchart showing the full end-to-end method process from pre-processing, model
training, prediction and validation.

2.3.1. Pre-Processing: Generating LST Data

We selected the year 2003 for training because it is the first year with spatial and
temporal overlap between MODIS and AMSR data, which is essential for developing
a consistent relationship between TIR and PMW observations. Using this year ensures
compatibility between the sensors as our focus was on capturing the fundamental mapping
between MODIS and AMSR signals across all seasons with changing surface types and
conditions to form a well-characterised baseline year. This design choice provides a
stable foundation for establishing the physical relationship between the two sensors before
generalising to later years.

Separate daily day and night matchup files created by matching clear-sky pixels from
TIR and cloud-cleared PMW observations for every available date in 2003. The AMSR LST
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data were bi-linearly interpolated and aligned spatially and temporally to fit the MODIS
0.05◦ grid.

The matchup files serve as the primary inputs to the U-Net model. A data generator
was employed to efficiently load, preprocess, and augment these files, summarised in
Table 2. For each day in the dataset, the generator loads the TIR and PMW matched scenes,
slicing them into 48 × 48 pixel tiles. Each pair of tiles represents PMW LST as the input
and the corresponding TIR LST as the target output, allowing the model to learn how to
reconstruct high-resolution thermal patterns from coarser observations.

Table 2. Summary of data generator and augmentation parameters to produce a training dataset.

Parameter Description

Input files Daily MODIS–AMSR-E matchup NetCDF files (daytime only)
Spatial domain Latitude: 30–50 ◦N, Longitude: 130–50 ◦W
Tile size 48 × 48 pixels
Tile step size 10 pixels (overlapping tiles)
TIR channel shape (48, 48, 1)
PMW channel shape (48, 48, 1)
NaN threshold Minimum 70% valid pixels required per tile
Validation split 20% of tiles reserved for validation
Augmentation 90◦ rotation, horizontal and vertical flips
Augmentation mode Applied synchronously to IR and PMW tiles
Augmented output Both original and augmented tiles included

Noise in training datasets can increase model complexity, slow training and reduce
performance of machine learning algorithms [72]. This refers to the variability in the
inputs or target LST that is not explained by the true physical relationship. This includes
measurement error, residual cloud and aerosol effects, emissivity errors, mixed pixels and
sampling artefacts. A significant contributor to noise is from cloud contamination, which
can introduce incorrect values affecting model quality and leads to biases [73]. To address
this and ensure data quality, only matched TIR and PMW tiles with at least 70% valid
clear-sky pixels are retained for training. This threshold was chosen as a practical balance
between data quality and sample availability, please see Appendix A: Figure A1.

The input data pipeline splits all tiles generated from 2003 into training and validation
sets using an 80:20 ratio, where 80% of the tiles are used for training and the remaining
20% for validation. For training, the filtered clear-sky dataset is expanded using data
augmentation. A function applies random 90◦ rotations and horizontal or vertical flips
to both TIR and PMW tile pairs at the same time. This process artificially increases the
number and diversity of training samples, allowing the model to learn from a broader
variety of spatial patterns and conditions. By combining these augmented tiles with the
original clear-sky tiles, the effective size of the training dataset is increased, improving
the model’s ability to generalise despite the natural limitations in daily TIR coverage.
While these augmentation techniques enhance model robustness, they assume isotropy in
spatial temperature patterns. In reality, directional dependencies can exist due to terrain
slope, coastline orientation, or climatic gradients. However, the relatively small tile size
(48 × 48) and random sampling across diverse surface types, help to minimise systematic
bias introduced by these transformations. Additionally, because both TIR and PMW inputs
are augmented identically, the spatial relationships between the two remain physically
consistent. Therefore, any potential anisotropy effects are expected to be minor and not to
compromise the learned PMW-TIR mapping.
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2.3.2. Building the U-Net Architecture

The U-Net model architecture (Figure 3) is designed for regression tasks, effec-
tively capturing features across multiple spatial scales through its hierarchical struc-
ture of convolutional layers. A technical summary of the architecture can be found in
Appendix A: Table A1.

The dimensions of the U-Net were selected following standard encoder–decoder
design principles [41], where each downsampling step halves the spatial resolution and
doubles the number of feature channels. The depth of the network (i.e., number of levels)
was determined by the 48 × 48 input tile size and the need to preserve sufficient context
while avoiding excessive parameter growth. Four encoder–decoder levels are used because
this ensures that all intermediate feature maps remain divisible by the pooling factor
(2 × 2) and prevents bottlenecks with very small feature maps. The channel dimensions
(64–128–256–512) follow common practice in image-to-image regression tasks and balance
model capacity with computational efficiency. We selected 48 × 48 tiles with 10-pixel overlap
because, at 0.05° resolution (5 km), this corresponds to a 2.4° grid cell with a 0.5° overlap,
which is large enough to capture natural LST variability yet small enough to fit comfortably
within GPU memory However, the key novelty of this U-Net is its customised architecture,
including added refinement layers, and its application to PMW LST downscaling, a task
for which U-Nets have not been used before.

Figure 3. U-Net architecture for LST image segmentation with encoder-decoder structure. The net-
work processes 48 × 48 × 1 PMW input through multiple resolution levels (48 × 48, 24 × 24, 12 × 12,
6 × 6, 3 × 3) using SeparableConv2D (3 × 3, ReLU), MaxPooling2D (3 × 3), and Upsampling
(2 × 2) operations. Skip connections transfer feature maps between corresponding encoder-decoder
levels to preserve spatial information. Following upsampling, a refinement head of three layers
(3 × 3 Conv2D (32 filters)) before a linear 3 × 3 Conv2D output layer produces the final single-channel
PMW LST prediction.
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No external data normalisation was applied prior to building the U-Net. All LST
inputs were used in their native physical units. Normalisation within the network refers
only to the Batch Normalisation layers, which act on internal feature maps and not on the
input data. Given the stable and limited thermal range of LST, the model trained reliably
without additional preprocessing.

The input layer receives pre-processed tiles of matched data, each with dimensions
of 48 × 48 pixels and a single channel representing the LST values. This tile size was
chosen as a balance between capturing sufficient spatial context for surface temperature
patterns and maintaining computational efficiency. Although, larger tiles can improve
segmentation by incorporating broader context, they increase memory demand and reduce
the number of training samples [74–76]. Moreover, larger tiles do not necessarily eliminate
false predictions [77], and several studies have shown that smaller or moderately sized tiles
can achieve comparable or superior performance when combined with effective sampling
strategies [76,78,79]. Accordingly, using 48×48 tiles provides sufficient spatial context for
learning local thermal gradients while enabling efficient training.

These tiles are first passed through an initial convolutional block, consisting of two
convolutional layers with 32 filters each and a kernel size of 3 × 3. These are standard
U-Net parameters used to preserve spatial detail and limit over-parameterisation [41].
ReLU activation functions are applied to introduce non-linearity and allow the network to
learn complex feature representations [80] and keeps gradients from disappearing during
training, making learning faster and more stable [81,82]. The final output layer uses ReLU
so the model can predict any continuous LST value. All convolutions use “same” padding
to maintain spatial alignment.

During encoding, four downsampling blocks each containing two separable convolu-
tional layers (3 × 3 kernel) followed by BN, which helps reduce computational cost and
stabilise training. After each convolutional block, max pooling (pool size 3 × 3) is applied to
downsample the feature maps, progressively reducing their spatial resolution. This down-
sampling helps capture more abstract, high-level and less spatially constrained features.

The decoder mirrors this structure with four upsampling blocks. Each block in-
cludes two 3 × 3 Conv2DTranspose layers with ReLU activation and BN, followed by
2 × 2 upsampling. Skip connections are implemented via element-wise addition between
each decoder block and its corresponding encoder output, allowing the network to recover
fine-scale spatial details lost during downsampling.

Unlike standard U-Nets, where feature refinement is embedded inside each upsam-
pling block, this architecture introduces a dedicated refinement head that operates only after
the decoder has fully restored the 48 x 48 spatial resolution. This design allows training to
split the network’s tasks and facilitate the refinement head to target pixel-level smoothing
and artefact reduction. The refinement stage consists of three additional 3 × 3 Conv2D
layers (32 filters), which smooths and consolidates the reconstructed feature maps. The fi-
nal output layer applies a linear 3 × 3 Conv2D to generate a single-channel 48 × 48 LST
prediction, appropriate for continous regression prediction. Model weights are saved for
subsequent prediction and merging.

The final output of the model is a segmentation map with the same spatial size as the
input tiles (48 × 48), containing pixel-wise predictions of LST. The weights of the output are
saved for future prediction and analysis.

2.3.3. Training Setup & Implementation

The training process was designed to optimise the U-Net model for accurate LST
prediction whilst ensuring robust generalisation.
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The U-Net was configured to be optimised using the Adam optimiser [83], an adaptive
gradient-based optimisation algorithm that dynamically adjusts the learning rate for each
parameter based on the gradients [84]. Learning rates are schedules to control the how a
model adjusts its weights with the aim to reduce noise [85]. An ExponentialDecay learning
rate schedule [86] was employed to the optimiser. The initial learning rate was set to 0.01,
with the rate decaying by a factor of 0.94 every 800 steps. The “staircase” parameter was
enabled, resulting in the learning rate decreasing in discrete intervals. This approach allows
for larger parameter updates at the beginning of training and progressively smaller updates,
thereby facilitating more stable convergence as training progresses. The decay schedule
allowed controlled adjustments to the learning rate, enhancing both the optimisation and
the model’s generalisation capabilities [84], ultimately facilitating faster convergence of the
U-Net during training.

To evaluate model performance, a custom loss function called zero mean squared
error (ZMSE) was defined. This loss function prioritises accurate predictions for valid
(non-zero) LST values by ignoring locations where the ground truth value is zero. In many
satellite-derived datasets, zero values often represent missing, invalid, or masked data
rather than true measurements. Including these in the loss calculation could unfairly bias
the model toward zero, or introduce noise into training.

The ZMSE formula in Equation (1) computes the squared difference between predicted
and true LST values only at positions where the actual value is non-zero. Formally, this is
equivalent to applying a standard MSE on a masked subset of valid targets. However this
modification prevents non-informative pixels from influencing the optimisation process,
reducing noise and improving stability. For locations where the ground truth is zero, the er-
ror contribution is set to zero, effectively excluding these points from the loss computation.
The total error is then averaged over all elements, including those with zero contribution.

ZMSE =
1
N

N

∑
i=1

0, if yactual,i = 0

(ypred,i − yactual,i)
2, otherwise

(1)

where:

yactual,i is the i-th true value (ground truth),
ypred,i is the i-th predicted value,
N is the total number of elements in the input vector.

This approach allows the model to focus its learning on valid data, enhancing the
reliability over valid clear-sky pixels. At the same time, it ensures that invalid or miss-
ing values do not adversely affect the training process, resulting in a more robust and
generalisable model.

Additionally, the R2 score evaluation metric was included as a performance metric,
providing a measure of how well the model predictions explain the variance and matched
the true values.

The training dataset was processed using a custom pipeline implemented with Tensor-
Flow’s API [87]. This pipeline was responsible for generating and filtering input LST tiles,
splitting the datasets into training and validation sets, and compiling the U-Net architecture.
Input data were collected into batches of 164 tiles, and multiplied by 8 in a shuffle buffer to
add randomness to the produced batches. The data was fed into the model for training,
with caching and prefetching incorporated to optimise memory usage and reduce latency
during data loading.

Training was carried out for up to 100 epochs, where a single epoch equates to one
complete pass through the entire dataset used during training [88]. To monitor and improve
performance during training, several callbacks were used, including the learning rate sched-
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uler. An early stopping mechanism was used to halt the process when no improvement to
validation loss was observed for 10 consecutive epochs for regularisation. A checkpoint
callback saved only the best model weights based on validation loss, ensuring that the most
effective model parameters were retained.

2.3.4. Post-Processing: LST Prediction and Merge

Post-processing is necessary to generate the downscaled predicted PMW LST pixels,
which will be used to merge with MODIS TIR data. To ensure the model was evaluated
solely on unseen data, the training year (2003) was excluded from prediction, and daily
outputs were generated for the period 2004–2021.

To begin, unmatched PMW LST scenes were divided into 48 × 48 pixel tiles, which were
then processed through the pre-trained U-Net model weights to predict 0.05◦ PMW LST
estimates for both day and nighttime. The predicted tiles were subsequently reconstructed
to match the original spatial dimensions. Since U-Net models predict for all input pixels,
including those corresponding to masked areas, additional post-processing steps were
necessary to handle these predictions effectively. Specifically, a variant of a static 0.05◦ ESA
CCI land-cover mask was applied to exclude water bodies by setting the corresponding
pixels to NaN [60,89]. Furthermore, a satellite swath and cloud mask were used to remove
regions where data was missing or unreliable. The masked PMW-predicted LST was then
merged with the TIR-MODIS LST dataset through a rule-based merging strategy (See
Appendix A: Figure A2). In this strategy, TIR LST values were preserved where available,
owing to their higher spatial resolution and lower uncertainties [16]. If a predicted LST
value was found to be higher than the TIR LST, the predicted value was preferred, as it is
likely that the TIR LST was misclassified due to cloud interference. In contrast, clear-sky
PMW-predicted values were used in areas where TIR data were absent or flagged as invalid.

Similar merging methods were applied to other key variables for the MODIS and
AMSR sensors. For the time difference and angle variables, the logic followed a per-pixel
approach, where either the TIR or regridded-PMW values were retained, depending on
which data were used in the merged LST for that day. If the merged LST for a given pixel
originated from MODIS, the corresponding MODIS variable values were retained; if it
originated from the predicted PMW field, the associated PMW-derived variables were used.
This guaranteed that every variable remained physically linked to the same pixel-level
source as the merged LST itself. Uncertainty fields were treated using the same rule-based
approach. MODIS uncertainties were preserved wherever MODIS LST contributed to the
merged pixel. In regions where the predicted PMW LST was used, uncertainties were
assigned from a standard-deviation climatology derived from the predicted PMW prod-
uct. This climatology captures the natural variability of the downscaled PMW estimates,
including seasonal changes in prediction stability and differences arising from clear-sky
sampling. By applying the same source-selection logic to both LST and associated uncer-
tainties, the merged dataset maintains internally consistent uncertainty propagation and
avoids artificial confidence in cloud-affected regions.

To maintain consistency throughout the merging process, all other sensor variables
were converted to the same spatial resolution (0.05◦) for day and night. Each MODIS and
AMSR variable was aligned using the same pixel-wise method used to merge the LST to
ensure that each pixel in the dataset corresponds to the same location and time, allowing
meaningful one-to-one comparison.

The resulting merged dataset was standardised to a uniform 0.05◦ spatial resolution,
with appropriate attributes and metadata were added to ensure compliance with data
standards. Finally, the processed dataset was saved in NetCDF format for subsequent
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analysis. This comprehensive approach provided a robust mechanism for generating
accurate, spatially continuous merged LST datasets.

2.3.5. Validating the Merged Product

To ensure data quality, ground-based validation of satellite-derived LST data was
carried out. This process involved comparing satellite observations with simultaneous in
situ LST readings collected at the same time and location [90].

The selection of validation stations within the ROI are detailed in Table 3. The sites
belong to the well-established Surface Radiation Budget (SURFRAD) [91] and the Atmo-
spheric Radiation Measurement (ARM) [92] networks. To assess the accuracy of the merged
product, pixel-level comparisons were carried out between in situ LST measurements and
three satellite-based datasets: clear-sky MODIS LST, clear-sky AMSR-E and AMSR2 LST,
and the final merged product. These matchups were performed over the full time period
from 2004 to 2021, allowing for a comprehensive evaluation of the product’s performance.

The 0.05◦ comparisons were matched to the nearest minute to ensure precise temporal
alignment. For each in situ site, statistical metrics including accuracy, precision and root
mean squared error (RMSE) were calculated to quantify the performance of the satellite
retrievals. According to the Joint Committee for Guides in Metrology, accuracy is the
“closeness of the agreement between the result of a measurement and a true value of
the measurand”, while precision is the “closeness of agreement between indications or
measured quantity values obtained by replicate measurements on the same or similar
objects under specified conditions” [93].

Table 3. Summary of station locations used in validation of the merged LST product including site
names, network, geographic coordinates, and dominant surface types.

Station Name Network Latitude Longitude Surface Type

Bondville SURFRAD 40.05 −88.37 Grassland
Desert Rock SURFRAD 36.62 −116.01 Aric shrubland
Fort Peck SURFRAD 48.30 −105.10 Grassland
Penn State University SURFRAD 40.72 −77.93 Cropland
Southern Great Plains ARM 36.60 97.48 Rural
Sioux Falls SURFRAD 43.73 −96.62 Grassland
Table Mountain SURFRAD 40.12 −105.23 Spare Grassland

3. Results
3.1. Model Loss and Validation Metrics

The following results discuss the training and validation loss for each model. Training
loss refers to the value computed by the loss function (ZMSE), which quantifies how well
the model’s predictions match the training data that it learns from. During training the
model adjusts its weights to minimise this loss, with the aim of reducing the prediction and
ground truth error to better approximate the target LST values over time [94]. The validation
loss shows how well the model generalises to unseen data [95].

The daytime USA LST U-Net model (Figure 4) was trained for 28 epochs over the
training period. The training and validation loss curves (Figure 4a) show a sharp decline
during the first few epochs, plateauing at fairly low values, suggesting effective initial
learning and convergence in the training dataset. The validation loss initially follows this
downward trend, but then starts to diverge after approximately epoch 15, rising sharply
and reaching substantially higher values by the end of training. The training loss curve
begins near 150 and falls rapidly to around 30 by epoch 5, remaining stable before climbing
back up to about 90 after epoch 18. The validation loss starts higher at about 210, drops to
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roughly 60 by epoch 10, and stays between 50 and 70 until epoch 18, after which it increases
dramatically, exceeding 300 by epoch 28. This initial reduction and stabilisation at low loss
values indicate effective model learning and convergence early in training.

The learning rate schedule (Figure 4b) reveals an exponential decay decrease of the
learning rate over the course of training, starting from 0.01. With decay steps of 800 and
a decay rate of 0.94, the learning rate is reduced stepwise at regular intervals, creating
a staircase pattern. The y-axis is shown on a log scale to emphasise the multiplicative
reduction, spanning several orders of magnitude from the initial 10x(−2) down to below
10x(−10) in the final epoch.

Figure 4. Daytime U-Net model training metrics for the USA dataset: (a) training (blue line) and
validation (orange line) loss curves, (b) dynamic learning rate schedule using ExponentialDecay,
and (c) coefficient of determination density plot with R2 = 0.80, demonstrating model performance
against perfect prediction line.

The hexabin density plot (Figure 4c) illustrates the predictive performance of the
daytime model. The hexagonal bins reflect the density of prediction points, with colour
intensity corresponding to the number of samples within each bin. Most points cluster
tightly around the red dashed line, which represents perfect prediction (a 1:1 relationship),
particularly within the central value range. The model achieves a coefficient of determi-
nation where R2 = 0.80. This indicates that 80% of the variance in the observed values
is explained by the predictions, which reflect a moderately strong correlation between
ground truth and model outputs. High-density clusters along the ideal prediction line,
particularly between 250–355 K, demonstrate strong agreement for moderate temperature
values. Although most predictions align follow with the diagonal closely, some scatter is
evident at the extremes, indicating areas where the model tends to under- or overestimate.
The horizontal line of predictions at 285 K reflects a model tendency to predict a constant
value for a wide range of true values, likely due to model bias, lack of predictive features
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for those cases, or data imbalance. Overall, this plot shows that the model performs well
across the majority of the prediction range, although the onset of overfitting is evident from
epoch 15.

The nighttime USA LST U-Net model (Figure 5) trained for 23 epochs over the training
period. The training and validation loss curves for the nighttime USA U-Net model
(Figure 5a) demonstrate a rapid drop in loss during the first few epochs, followed by a
plateau at relatively low values, indicative of effective early learning and convergence on
the training data. The training loss starts near 135 and drops sharply to approximately
12 by epoch 2, staying steady between 10 and 15 for most of the training. Validation loss
shows a similar pattern, decreasing from approximately 100 to around 45 by epoch 3, then
fluctuating between 40 and 60 until around epoch 16. After epoch 16, both loss curves trend
upward: training loss rises steadily to about 55 by epoch 22, while validation loss jumps
sharply, exceeding 160 at the end of training. The initial sharp decline and subsequent
stabilisation of both loss curves at low loss values indicate effective early training and
convergence, with signs of overfitting becomes clear after epoch 16.

Figure 5. Nighttime U-Net model training metrics for the USA dataset: (a) Training (blue line) and
validation (orange line) loss curves, (b) Dynamic learning rate schedule using ExponentialDecay,
and (c) Coefficient of determination density plot with R2 = 0.75, demonstrating model performance
against perfect prediction line.

The learning rate schedule for the nighttime model (Figure 5b) shows an exponential
decay starting from 0.01. With decay steps of 800 and a rate of 0.94, the learning rate
drops in a stepwise fashion, creating a distinctive staircase effect. The y-axis is plotted on a
logarithmic scale to emphasise the multiplicative reduction in learning rate across several
order of magnitude—from 10x(−2) at the outset, to below 10x(−6) by the final epoch.

The hexabin density plot (Figure 5c) demonstrates how well the nighttime model’s
predictions match observed values. The hexagonal bins show where prediction points
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are concentrated. Most predictions cluster closely along the perfect prediction line, partic-
ularly for mid-range temperatures, indicating strong model performance in these areas.
The model’s R2 value is 0.75, meaning it explains 75% of the variance in observed data,
which suggests a fairly strong correlation between predicted and true nighttime LST obser-
vations. While most points line up well in the centre, some spread away from the diagonal
is evident at the lower and upper extremes (<250 K and >290 K), pointing to a tendency
for increased error in these ranges, specifically for cold extremes between 230–255 K are
overestimated. Similarly to the daytime plots, there is a horizontal line of predictions where
the model predicts constant values of 260–270 K, also likely due to model bias and lack of
representative data within those predicted temperatures. Nevertheless, the overall LST
predictions are generally strong for the majority of cases.

3.2. Merged LST Product

The following section provides an overview of the “face value” product that would
be available to the end-user, prior to applying the bias quantification and seasonal cycle
analysis described later. This includes spatial maps to illustrated the quality, LST dynamics
and visual added-value of the dataset, as well as a comprehensive validation against in situ
stations. Time-series results showing the general inter-annual and seasonal trends across
the entire merged product record can be found in Appendix A: Figures A3 and A4.

Spatial Maps

The following maps compare the diurnal temperature range between the original
datasets and the merged product in 2010. They highlight the added value of the product and
geographic differences in thermal behaviour. The visualisations also help to identify spatial
patterns in surface temperature and demonstrate the continuity and coherence of pixel-level
merging across different regions. White regions represent missing or deep convective-cloud
obscured data associated with high liquid water path and intense precipitation. These
conditions can lead to PMW signal attenuation or scattering and unable to retrieve LST
observations. Seasonal spatial maps showing the day and night merged LST product over
the USA in 2018 can be found in Appendix A: Figures A5 and A6.

Figure 6 shows the daytime LST maps for the USA for 11 September 2010, for MODIS
(top), AMSR (middle) and Merged Product (bottom) at 0.05◦.

Overall, the maps illustrate the added value of the merged product compared to the
native sensor LSTs, where MODIS has been upscaled to 0.05◦ and AMSR regridded to
the same resolution. The merged product provides substantially greater LST coverage
than either MODIS or AMSR alone. MODIS data exhibit large areas of missing values
due to cloud coverage, while AMSR also shows gaps, particularly along swath edges.
The downscaled AMSR predictions effectively recover spatial continuity over regions
where MODIS is missing. However, we note residual artefacts from deep convective cloud
contamination and a narrow region of elevated LST values at the swath edge, likely related
to pixel boundary harmonisation. These will be addressed through refinement and/or
quality flagging. In general, the merged product delivers a visually coherent harmonisation
of complementary datasets, enhancing observation availability and utility, and thereby
increasing its value for climate analysis.
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Figure 6. MODIS (top), AMSR (middle) and Merged Product (bottom) LST maps over the USA for
11 September 2010.

3.3. Dataset Validation

The following results represent the validation of the full merged LST product
(2004–2021) after conducting a comparison against in situ measurements at seven
SURFRAD and ARM sites in the USA [91]. Figure 7 presents scatter plots of the merged
LST vs ground-based observations for both day (red) and night (blue) overpasses at each
validation site. Summary statistics including accuracy (median bias (µ)), precision (p) and
error (root mean square error (RMSE)) are reported separately for daytime and nighttime
to highlight performance differences. These seven sites correspond to the full set of in situ
locations available from the LST_cci internal validation dataset that provide pixel-level
matchups with the merged product. They do not represent a sub-selection, but rather the
complete set of stations for which coincident in situ and satellite LST observations are
currently suitable and accessible for this study.
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Figure 7. Comparison of in situ and satellite-derived LST measurements at eight reference sites
in the USA. Each subplot (a–g) shows a 1:1 scatter plot of in situ versus merged satellite LST for
daytime (red) and nighttime (blue) overpasses. Key statistics (bias, precision, RMSE, and number
of samples) are annotated for each period. The solid black line represents the 1:1 agreement. Panel
labels correspond to individual sites as listed in the figure.

The merged LST product (2004–2021) shows good overall agreement with in situ
measurements across the seven SURFRAD and ARM sites, with clear differences between
daytime and nighttime performance. Across all sites, nighttime retrievals consistently
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outperform daytime ones, exhibiting smaller biases, reduced scatter, and lower RMSE
values. Averaged over all stations, daytime RMSE is approximately +4.58 K (ranging from
+2.65 K to +6.47 K), with a bias of around +1.56 K and a standard deviation of +2.34 K.
At night, RMSE reduces to an average of 3.78 K (range +1.93–4.81 K), accompanied by a
smaller bias (µ = +0.97 K) and tighter scatter (p = +1.66 K). These results suggest that the
merged product is more precise and less biased under the stable, radiatively controlled
conditions typical of night-time measurements.

Several sites follow this general pattern closely. Penn State University and Southern
Great Plains demonstrate small biases and modest RMSEs, with daytime errors as low as
2.65 K and further improvement at night. Desert Rock also follows the general trend of
improved performance at night, though it is characterised by a consistent cold bias during
both day (µ = −1.96 K) and night (µ = −2.46 K), with a notably tight nighttime spread
(p = +1.05 K).

A number of sites deviate from the overall pattern. Bondville is the most prominent
daytime outlier, with a substantial warm bias (p = +2.66 K) and the largest daytime RMSE
(+6.47 K). Night-time data at Bondville show a bimodal distribution with overestimation of
very cold events, a feature also seen at Fort Peck and Sioux Falls. At these latter two sites,
daytime results exhibit a modest warm bias (p = +1.40 K at Fort Peck; p = +1.05 K at Sioux
Falls) and high RMSEs (+5 K), while night-time values are closer to in situ measurements,
with small cool biases. Table Mountain shows a persistent cold bias across both day
(p = −1.47 K) and night (p = −1.50 K), consistent with site-specific effects such as elevation
and local orography influencing surface emissivity and retrieval accuracy.

The following summary tables describe the daytime and nighttime validation results
for the 0.05◦ MODIS, AMSR, and merged LST products at eight ground-based stations
(see Appendix A: Figures A7 and A8 for the single-sensor 0.05 deg results.). For each
station, the accuracy (µ), precision (p), and root mean square error (RMSE) are reported in
Kelvin (K), providing a direct comparison of retrieval accuracy between the individual and
merged datasets.

In the daytime results (Table 4), MODIS generally shows smaller absolute biases
than AMSR across most stations, though with slightly lower variability in some cases.
AMSR tends to exhibit larger negative biases and higher RMSE values, particularly at
sites such as Table Mountain and Southern Great Plains. The merged product typically
falls between the two datasets in terms of bias magnitude, often closer to MODIS at most
stations, but occasionally exceeding both (e.g., Bondville). For standard deviation, merged
values are generally intermediate, reflecting a blending of the two sources. In terms of
RMSE, the merged product is also usually between MODIS and AMSR, suggesting that the
combination reduces some AMSR-related errors but does not consistently improve upon
MODIS performance alone.

Table 4. Daytime validation statistics for MODIS, AMSR, and Merged LST products across 8 stations
(2004–2021). Values are in Kelvin (K).

Station
MODIS AMSR Merged

µ p RMSE µ p RMSE µ p RMSE

Bondville 0.91 2.31 4.64 0.73 3.37 6.53 2.66 3.23 6.47
Desert Rock −3.05 1.57 4.27 −2.55 2.86 5.28 −1.96 2.24 4.34
Fort Peck 0.43 1.93 3.34 −4.08 2.76 5.87 1.40 2.60 5.41
Penn State Univ. −1.22 1.79 3.44 −3.08 1.52 3.96 −0.59 1.49 2.65
S. Great Plains −1.85 2.05 4.43 −4.74 3.95 8.21 −1.17 2.60 4.67
Sioux Falls −0.49 1.83 3.43 −1.46 2.54 5.55 1.05 2.43 5.00
Table Mountain −1.19 1.82 3.67 −8.46 2.93 9.57 −1.47 2.10 4.39
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In the nighttime results (Table 5), MODIS generally exhibits smaller biases and lower
RMSE values compared to AMSR, which often shows larger positive or negative biases
alongside greater variability. AMSR errors are particularly pronounced at sites such as
Fort Peck and Sioux Falls, where RMSE values are more than double those of MODIS.
The merged product typically yields bias values between those of MODIS and AMSR,
though in some cases it is closer to AMSR (e.g., Bondville) or even exceeds both in magni-
tude (e.g., Penn State University). Standard deviations for the merged product are generally
intermediate, suggesting a balance between the smoother MODIS performance and the
noisier AMSR retrievals. RMSE values for the merged product mostly fall between the
two individual datasets, indicating partial error mitigation but, as in the daytime case, not
a consistent improvement over MODIS alone.

Table 5. Nighttime validation statistics for MODIS, AMSR, and Merged LST products across 8 stations
(2004–2021). Values are in Kelvin (K).

Station
MODIS AMSR Merged

µ p RMSE µ p RMSE µ p RMSE

Bondville 0.10 2.31 4.64 0.73 3.37 6.53 2.66 3.23 6.47
Desert Rock −2.25 0.90 2.73 −3.48 1.81 4.37 −2.46 1.05 3.52
Fort Peck −0.60 1.13 2.22 1.68 2.68 6.38 −0.44 2.07 4.75
Penn State Univ. 0.76 1.48 2.31 0.76 2.05 3.14 −0.66 2.42 3.39
S. Great Plains −0.40 1.06 2.32 0.89 2.69 4.63 −0.67 1.61 3.47
Sioux Falls −0.45 1.00 1.85 1.03 2.66 5.24 −0.48 1.63 4.11
Table Mountain −0.90 1.17 2.37 −2.94 1.69 4.57 −1.50 1.76 4.23

3.4. Temporal and Seasonal Bias Patterns

Seasonal biases were calculated from daily collocated LST fields at 0.05◦ resolution.
For each day and grid cell where both the merged product and the reference dataset
(MODIS or AMSR) were available, the difference was computed as:

Bias = LSTmerged − LSTre f erence (2)

These biases were calculated on daily data for the entire merged product record
and compiled as a time-series to isolate temporal seasonal biases. To evaluate the spatial
seasonal bias, each day was then assigned to a climatological season (DJF, MAM, JJA, SON),
and seasonal values were obtained by averaging these daily differences over all days and
years within each season and plotted as maps.

The following section presents results that characterise the temporal and seasonal
biases for both daytime and nighttime matched observations co-located in time and space
across the USA from 2004 to 2021.

3.4.1. Time Series for the Merged Product and Reference AMSR

Figure 8 shows a time series of differences between the 5 km merge product (MODIS
and predicted downscaled AMSR-E) and the interpolated 5 km AMSR-E training data for
the daytime (top panel) and nighttime (bottom panel) over the USA for 2003–2011.

During the daytime, the predicted product consistently exhibited a positive bias,
with LST differences ranging from +1.5 K to a maximum of +8 K. These biases showed
strong inter-seasonal variability, with values closer to +2 K in winter, rising in spring and
peaking above +5 K in summer. The annual cycles are consistent, with notable positive bias
anomalies in years such as 2004 and 2009.

In contrast, the nighttime LST biases are noisier and exhibit an inverse relationship
where values peak around +2 K in winter, reduce through spring and are generally around
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−1 K in summer. These biases are consistently cooler, ranging from −1.5 K to +3.5 K. Biases
overall are slightly positive with strong inter-seasonal fluctuations, but differences in LSTs
are smaller as they fluctuate on or near-zero.

Figure 8. Bias time series between predicted and interpolated 5 km AMSR-E LST for daytime
(top) and nighttime (bottom) over the USA, 2003–2011.

Figure 9 shows a time series of differences between the 5 km merge product (MODIS
and predicted downscaled AMSR2) and the interpolated 5 km AMSR2 training data for the
daytime (top panel) and nighttime (bottom panel) over the USA for 2013–2021.

Figure 9. Bias time series between predicted and interpolated 5 km AMSR2 LST for daytime (top) and
nighttime (bottom) over the USA, 2013–2021.

The daytime biases show an overall positive bias trend ranging from approximately
+2 K to +8 K on average. Inter-annual amplitudes are relatively large and consistent over
time, with peaks in summer and troughs in winter. Some extremes can be observed in 2013,
2017 and 2019, where a maximum positive bias of almost +10 K can be seen in summer
2013 and an anomaly of +0.5 K in winter 2017. Overall trends are consistent over time with
strong seasonal signals.

The nighttime biases show an overall positive trend, with small differences fluctuating
between −1 K and +2 K. Some large positive anomalies can be seen in 2013 and 2017
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with the largest peak of +5 K, as well as negative anomalies in 2014 and 2020 reaching
a minimum of almost −2 K. The inter-annual trends are very noisy with much smaller
amplitudes than the daytime trends, with some discernable seasonal trends that show
bi-modal peaks in winter and again in summer. The end of the time-series from 2020
consistently lies over +0 K with less obvious seasonal cycles.

3.4.2. Time Series for the Merged Product and MODIS

Figure 10 shows a time series of differences between the merged product and MODIS
LST, for both daytime (top panel) and nighttime (bottom panel) over the USA during the
AMSR-E era (2003–2011).

The daytime LST differences exhibit a strong seasonal cycle, with biases generally
increasing during the warmer months (May–September) and decreasing during the colder
months (November–February). Peak daytime differences typically range from +2–3 K
during summer, occasionally exceeding +4 K in some years (notably around early 2005 and
early 2009). In contrast, biases remain below +1 K during spring. Interestingly, the bias
pattern shows two distinct peaks within each annual cycle: a prominent maximum during
summer and a secondary peak during winter. Peak summer differences typically range
from +2–3 K, occasionally exceeding +4 K in some years (e.g., early 2005 and early 2009),
whereas the winter peaks are generally smaller, around 1.5–2 K. In contrast, biases remain
relatively low during the transitional spring and autumn months.

At night, the merged-MODIS LST differences are generally lower than those observed
during the day. The nighttime differences also exhibit a clear seasonal cycle, with biases
increasing across winter months but peaking at slightly lower magnitudes (typically <2.5 K).
Isolated spikes exceeding +3 K are present but less frequent than during daytime. Summer
biases are consistently near-zero, often remaining below +0.5 K. The smoother and more
stable nature of nighttime differences suggests improved consistency between MODIS and
the merged product under nocturnal conditions, likely due to reduced surface thermal
gradients and radiometric noise at night.

Figure 10. Time series of differences between the merged LST product and MODIS LST for day-
time (top) and nighttime (bottom) across the USA during the AMSR-E era (2003–2011).

Figure 11 shows a time series of differences between the merged product and MODIS
LST, for both daytime (top panel) and nighttime (bottom panel) over the USA during the
AMSR2 era (2013–2021).

The daytime LST differences between the merged product and MODIS show a pro-
nounced seasonal cycle, with systematic positive biases recurring annually. Peak biases
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typically occur during the warmer months (May–September), reaching up to +2–3 K, and oc-
casionally exceeding +3 K in extreme cases (e.g., mid-2019 and early 2021). A secondary, less
prominent peak is consistently observed during winter (December–February), suggesting a
bimodal annual structure. This dual-peak pattern likely reflects challenges in accurately
harmonising PMW and TIR observations under both high-temperature conditions and win-
tertime surface states (e.g., snow, frozen soils, or low solar incidence angles). The daytime
residuals remain relatively low (typically below +1 K) during spring and autumn.

In contrast, nighttime biases are generally improved with average biases between 0 K
and +2 K, and showed smoother annual cycles with peaks typically occurring in winter
months, though with less intensity than daytime. After 2018, more frequent and larger
spikes begin to appear, with peak values reaching 2–3 K in some winters (e.g., 2021). There
is also a distinct step change after 2018 where the overall trend increases above +0.5 K, likely
the result of changing AMSR trends since MODIS is stable over the USA, contributing to a
systematic error. These high-bias events are often short-lived and correspond to cold-season
anomalies, potentially reflecting retrieval artefacts under snow or frozen land conditions,
where MODIS performance may degrade or data may be sparse. These patterns suggest
that the merged product systematically overestimates LST, with greater variability and
amplification during the day, likely due to stronger surface heating and sensor sensitivity
differences. The consistent warm bias across both diurnal periods highlights the influence
of seasonal and inter-annual dynamics on the performance of the merged LST retrievals.

Figure 11. Time series of differences between the merged LST product and MODIS LST for day-
time (top) and nighttime (bottom) across the USA during the AMSR2 era (2013–2021).

3.4.3. Seasonal Maps for the Merged Product and MODIS

The seasonal daytime LST bias (Figure 12) patterns across the continental USA in 2016,
derived from comparisons between the merged product and MODIS at 5 km resolution,
reveal distinct regional and temporal trends. Across all seasons, the merged product
generally presents positive biases, ranging from +0–7 K compared to MODIS. While some
regions and seasons show localised near-zero bias, particularly in colder months, the overall
pattern indicates a systematic warm bias relative to MODIS, especially in arid regions.
In winter (DJF), the merged product shows widespread cooler positive biases, particularly
in the northern and central regions, likely due to snow cover and emissivity effects. Spring
(MAM) sees a reduction in this bias, while summer (JJA) exhibits strong positive biases
of upwards of +3 K, across arid and semi-arid regions in the south including Arizona,
New Mexico, Nevada and parts of California, extending to regions such as Texas and the
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southern Great Plains, which also experience semi-arid conditions in summer. Autumn
(SON) shows a return to cooler biases in the north.

Figure 12. Seasonal daytime LST biases (2016) between the merged product relative to MODIS at 5 km
resolution. Seasonal plots are shown for winter (DJF), Spring (MAM), summer (JJA) and Autumn
(SON) across the USA.

The nighttime seasonal biases (Figure 13) of the merged LST product compared to
MODIS for 2016 show less distinctive seasonal trends across the continental U.S, compared
to the daytime. During winter (DJF), the merged product exhibits notable positive biases
between +2.5–8 K in the midwest and northeastern regions, particularly around North
Montana and North Dakota, with the warmest biases on the border between Minnesota
and Ontario, Canada. In spring (MAM) and autumn (SON), biases are generally near-
zero, with some mild positive differences in northern areas of around +1–2 K. Summer
(JJA) shows the smallest biases overall, suggesting strong agreement with MODIS during
nighttime conditions. These patterns highlight a seasonal reduction in nighttime bias,
with the largest discrepancies occurring in colder months likely characterised by thermal
inertia of the surface.

Figure 13. Seasonal nighttime LST biases (2016) between the merged product relative to MODIS
at 5 km resolution. Seasonal plots are shown for winter (DJF), Spring (MAM), summer (JJA) and
Autumn (SON) across the USA.
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4. Discussion
4.1. Model Training Performance and Predictive Accuracy

Unlike traditional gap-filling or merging approaches that depend on temporal in-
terpolation, empirical relationships, auxiliary geophysical variables, or reanalysis data,
the proposed U-Net framework learns spatial and radiometric correspondences directly
from coincident TIR and PMW clear-sky observations. By relying solely on PMW LST as
input, the model isolates the intrinsic capability of deep learning to extract multi-scale
spatial structure and contextual patterns, information that conventional machine-learning
methods cannot capture without manual feature engineering. This spatially informed
learning enables the network to preserve temperature gradients, minimise artefacts in
heterogeneous landscapes, and maintain physical consistency between sensors. Training di-
rectly on clear-sky MODIS observations also prevents the propagation of reanalysis-driven
or model-driven biases that commonly affect statistical or assimilation-based gap-filling.
As a result, the merged LST product achieves improved spatial coherence, reduced arte-
facts, and a more physically consistent representation of surface temperatures compared to
techniques that rely on interpolation or auxiliary dataset.

The U-Net model was trained using 2003 AMSRE–MODIS data, when both sensors
operated without design or calibration changes. Training on one stable year avoids com-
plications from the AMSRE to AMSR2 transition, which lacks overlapping data for bias
correction, so continuity relies on MODIS as a stable reference. As large-scale LST pat-
terns remain consistent from 2004 to 2021, the results show good generalisation to AMSR2.
Although a climatic step-change after 2018 may reflect the lack of inter-calibration be-
tween AMSRE and AMSR2, this work focuses on improving data quality and coverage
rather than long-term stability. The trained weights were applied to daily AMSRE and
AMSR2 inputs to ensure consistent predictions across the full record. Data augmentation
doubled the training dataset and increased tile diversity without adding additional years.
Although flips and rotations assume isotropic spatial patterns and may introduce bias in
anisotropic LST fields [96,97], preliminary experiments showed improved convergence and
initial predictions, justifying their use.

Interpolation of AMSR to the MODIS grid was necessary because the U-Net requires
pixel-level inputs with consistent resolution. Bi-linear interpolation provides smooth
transitions between grid cells and preserves large-scale thermal gradients. This may
include mixed or partially cloudy contributions within the footprint, but training on clear-
sky MODIS means the model tends to suppress cloud-contaminated signals. No explicit
correction for partially cloud-affected pixels was applied, but their influence is expected to
be minimal due to the clear-sky bias and AMSR spatial averaging.

Although trained on a single year, inter-annual variability in vegetation, soil moisture
or emissivity could affect the PMW–TIR relationship. However, because the U-Net learns
spatial and radiometric relationships not tied to particular years, the impact should be
reduced. Some temporal dependency may remain and is evaluated during validation.
Future multi-year sensitivity experiments will further assess model stability.

For the daytime model, the rapid decline in loss during early training indicates efficient
optimisation. The widening gap between training and validation losses, along with the late
rise in validation loss, reflects overfitting [98]. This suggests the model began memorising
training features.

The nighttime model shows a similar trend, with early convergence even more pro-
nounced. Training loss reaches low, stable values, and validation loss initially follows but
eventually rises, indicating reduced generalisation. The delayed onset of overfitting may
reflect smoother nighttime thermal conditions, which are less affected by solar heating and
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atmospheric variability. Regularisation such as dropout [99] and weight decay [100] should
be explored. Dropout has shown effective enhancements in convolutional architectures [101].

Overfitting in both models is driven by U-Net parameterisation, spatial heterogeneity,
residual cloud contamination and strong diurnal and seasonal variability in emissivity
and temperature gradients. These inconsistencies increase prediction error. Sensitivity to
localised noise and tiling artefacts, such as abrupt surface transitions,further contributes to
uncertainty and reduce accuracy for extreme or fine-scale features. Once training progresses,
the model begins to memorise these high-frequency spatial patterns, as seen in the hexabin
plots, rather than learning fully generalisable relationships.

For both models, the exponentially decaying learning rate appears to have promoted
stable optimisation [84]. The high initial learning rate helped avoid early memorisation
of noisy inputs, while gradual decay allowed the model to refine more complex spatial
patterns. The later increase in validation loss is therefore not due to the learning rate
schedule itself, but reflects the point at which the model begins to overfit given the limited
regularisation and noise in the input data (e.g., interpolated AMSR values and occasional
NaNs). The weights from the 15th epoch were selected following an early-stopping crite-
rion, as this epoch corresponded to the lowest validation loss and strongest generalisation.
The low training MSE values confirm that, despite the onset of overfitting, the model
captures the core spatial and radiometric relationships effectively.

The R2 results complement the loss metrics and provide a clear measure of predictive
performance. Hexabin plots show greater scatter at temperature extremes, indicating
reduced certainty due to fewer samples or natural variability which the model struggled to
learn. Horizontal lines in both plots suggest model bias or saturation, possibly caused by
defaults to common training temperatures, data imbalance or physical constraints. These
plateaus imply reduced sensitivity and potential underestimation of variability in those
ranges, which may lead to systematic errors when predicting extreme LSTs.

Overall, the decreasing training loss and strong R2 values show that both day and
night models learned meaningful relationships between the inputs and LST.

4.2. Merged LST Spatial and Temporal Analysis

The merged day and nighttime LST products highlight both the advantages and
challenges of combining satellite datasets with differing spatio-temporal characteristics.
The merged time series (see Appendix A) retains MODIS seasonal phase while reducing
cloud-related discontinuities and orbital-gap artefacts, and inherits PMW temporal conti-
nuity to deliver spatially coherent, continuous 5 km records. The merged product closely
follows the seasonal trends in both MODIS and AMSR, showing consistent annual cycles
with strong summer maxima and winter minima. This indicates that the merging method
retains the fundamental seasonal dynamics of surface temperature for the USA. The merged
product also reduces noise and abrupt fluctuations in the stand-alone datasets, particularly
during daytime, and improvements are especially evident at night where sensor-specific
outliers and gaps are corrected. Cloud-related artefacts, such as extreme cold spikes in
MODIS caused by misclassified clouds, are less pronounced. This improvement results
from the selection process during fusion, which discards absent or compromised TIR
readings but keeps high-quality data.

The merged series typically lies between the original datasets, offering a balanced
estimate that combines the specificity of TIR with the broader coverage and atmospheric
sensitivity of PMW. The data gap between AMSR-E and AMSR2 during 2011 to 2012
introduces some discontinuity in the merged time series, but the overall integration remains
consistent and maintains a long-term temperature signal. The strength of the approach is
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its capacity to amalgamate data from diverse sources and add value to the original record
despite sensor differences.

The merged LST comparison and seasonal maps show consistent regional and tempo-
ral contrasts in LST, reflecting expected seasonal and geographical patterns across the USA.
Comparisons between MODIS, AMSR and the merged product demonstrate the added
value of combining complementary LST datasets. Increased LST pixel availability offers
further benefit for end-users. The seasonal maps (see Appendix A) highlight representivity
across a single year, demonstrating the merged product’s suitability for climate studies.
The visual continuity across both daytime and nighttime maps shows reliable representa-
tion of spatial temperature distributions on a regional scale. Smooth transitions between
adjacent pixels, largely free from noticeable striping or discontinuities, indicate effective
blending of satellite swaths. Some gaps remain in regions affected by deep convective
clouds, which naturally limit PMW retrievals and are unavoidable. Persistent cloud cover
therefore continues to cause localised missing data in both day and night.

The AMSR-E/2 PMW LST used here is the Version 5 product available during the
LST_cci project; newer Version 6 updates will offer improved cloud masking and QC and
will be incorporated in future work. Some gaps in the PMW LST product are caused not by
clouds but by the static water mask, which removes pixels where the lower-resolution PMW
footprint includes small fractions of water, leading to larger apparent gaps around water
bodies compared with the TIR product. Our aim is to demonstrate a downscaling algorithm
rather than interpolate AMSR cloud gaps, which represent genuine deep-convective re-
trieval limitations. The U-Net is therefore trained only on valid MODIS–AMSR pairs so that
it learns spatial relationships without imposing artificial cloud-gap infilling. This allows us
to assess the added value of complementary PMW–TIR information while avoiding the
uncertainties associated with interpolated cloud-contaminated pixels.

Furthermore, cloud cover is one of the principal constraints for TIR LST retrievals,
leading to widespread spatial gaps in many clear-sky products as noted in [102]. By ref-
erencing this issue, we emphasise that the gaps observed reflect the inherent clear-sky
constraint. However, the value and benefit of this method lies not in eliminating cloud
gaps but in improving the quality of the valid observations. By enhancing PMW spatial
structure using TIR radiometric information, the approach produces clearer gradients,
fewer artefacts, and more physically consistent LST fields. These improvements directly
benefit downstream climate and land-surface applications that rely on accurate clear-sky
observations, irrespective of the presence of unavoidable cloud gaps.

While the merged product resolution is coarser at 0.05◦ compared to TIR at 0.01◦, this
is a necessary compromise to minimise uncertainties when downscaling PMW observa-
tions that are inherently lower in spatial detail. By prioritising accuracy over resolution,
the merging process enhances overall data quality. The combined output still represents
a substantial improvement over TIR alone, maintaining inter-sensor temporal continuity,
expanding spatial coverage and reducing data gaps.

To further address uncertainty associated with cloud-induced sampling, we relied
exclusively on matched clear-sky MODIS–AMSR pairs, avoiding any artificial interpolation
of cloud gaps. We also quantified the variability of the predicted PMW LST using a
standard-deviation-based uncertainty climatology, capturing both seasonal changes in
model stability and the influence of cloud-driven sampling differences. This uncertainty
field was merged using the same pixel-wise logic applied to the LST, ensuring consistent
propagation of uncertainty into the final product. Together, these measures ensure that the
seasonal bias analysis and associated uncertainties are representative of clear-sky conditions
and are not distorted by cloud-contaminated pixels.
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4.3. Verification of the Merged Dataset

Validation against in situ observations across multiple sites shows that the merged
product reliably captures surface temperatures with strong linear agreement, small system-
atic biases and acceptable errors for both day and night. Although the number of validation
sites limits spatial representativeness, these locations provide high-quality observations
with reliable temporal continuity, allowing confident assessment of model behaviour.

Nighttime values generally show smaller standard deviations and lower RMSEs than
daytime due to more stable surface and atmospheric conditions. Reduced solar input
eliminates radiative heating effects that often introduce variability and misclassification in
TIR retrievals. The Penn State site performed worse at night than the single-sensor results,
likely because it sits within cropland while the surrounding land cover is a heterogeneous
mix of forests, fields and settlements [103]. At night, radiative cooling and emissivity differ-
ences between these surfaces become larger, amplifying sensor differences in the merged
product, although daytime performance is more consistent with the single-sensor results.
This reflects the influence of downscaled AMSR, which reduces seasonal and angular effects
that previously degraded daytime MODIS performance [103]. At night, however, radiative
cooling enhances contrasts between sensors, especially for heterogeneous land cover.

Several sites, including Bondville, Fort Peck and Sioux Falls, showed slight overes-
timation of extreme cold temperatures. This may indicate a systematic bias or an under-
representation of cold extremes in the training data. The recurrence of this pattern across
geographically diverse sites suggests it is model related rather than site specific.

Daytime performance shows greater variability and biases driven by local landscape
features. At Bondville, the merged product tends to overestimate extreme daytime tem-
peratures, consistent with the mismatch between the grass station and surrounding crop-
land [103]. In spring and autumn, bare or recently harvested fields create temperature
differences between the station and the wider area viewed by the satellite, explaining
the warm daytime bias. Compared to MODIS and AMSR alone, the merged product
performs worse in daytime at this site, likely because AMSR does not show the same
high-temperature overestimations due to deeper penetration into dry soils. At night, when
temperatures are more uniform, agreement improves and statistics become closer to AMSR,
driven by its penetration depth.

At Desert Rock, the cold bias reflects strong temperature gradients and the complex
orography documented in [103]. Sunlight and shadow patterns across slopes lead to
mixed warm and cool areas within the satellite footprint, causing averaged temperatures
that underestimate the station measurements, especially in winter. This underestimation
persists at the 5 km resolution of the merged product.

The merged product does not surpass TIR-only validation performance (MODIS mean
bias of −0.93 K [104]), but it improves significantly over PMW sensors, which often show
large negative biases. At Desert Rock, MODIS shows daytime and nighttime biases of
−1.9 K and 3.5 K [105], while AMSR-E and AMSR2 reach −4.8 K and −2.6 K during the
day and −6.1 K and −6.3 K at night. The merged product, with biases of −1.96 K (day)
and −2.46 K (night), reflects this improvement. At Table Mountain, MODIS shows daytime
and nighttime biases of 0.3 K and −1.2 K, while AMSR-E and AMSR2 show −5.1 K and
−5.5 K during the day and −2.7 K and −2.6 K at night. The merged product reports more
moderate biases of −1.47 K (day) and −1.50 K (night). These results demonstrate that the
merged product provides a stable middle ground across varied atmospheric and surface
conditions and improves spatial and temporal coverage.

The regional over- and under-estimation patterns in the merged product are consistent
with known physical drivers reported for other global LST datasets [14,106]. Warm biases
in arid and semi-arid regions reflect deeper PMW penetration into dry soils and enhanced
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subsurface heating, while cold biases in high-latitude and high-elevation areas result from
snow-related emissivity changes and terrain-driven mixed-pixel effects. These behaviours
closely match documented bias structures in reanalysis products like ERA5-Land [107,108],
which similarly overestimates temperatures in warm, sparsely vegetated regions and un-
derestimate them in snow-covered, or arid and mountainous terrain [109]. This consistency
supports the physical plausibility of the merged product, indicating that the regional
deviations represent real surface–atmosphere processes rather than model artefacts.

Overall, the merged LST product performs reliably across land covers and aligns
with known local influences, with strong agreement at night. While certain systematic
biases persist, the merged product represents a meaningful improvement over stand-alone
datasets by combining their strengths into a more consistent and usable temperature record.

4.4. Assessment of Model Value Through Bias and Seasonality
4.4.1. Merge Product Bias

The U-Net model was developed using only clear-sky, spatially matched MODIS
and AMSR observations, since these conditions provide the most reliable reference for
training. When predictions are extended to the full AMSR record, including periods with
cloud cover where MODIS is unavailable, the predictions retain an inherent clear-sky bias.
This is a major factor driving the warm biases of the merged product relative to MODIS,
particularly when the absence of clouds in the training data limits the model’s ability to
represent cooler, cloud-affected surface states. Although this is a natural limitation of the
data and training, the approach still improves the spatial detail of AMSR and brings AMSR
LST values closer to MODIS. These warm biases will likely affect statistical analyses more
than climatological assessments using all available pixels. The merged product remains a
refined, high-resolution dataset suitable for long-term climate studies, offering enhanced
spatial consistency and closer alignment between the two sensor records.

The time series analysis shows differences in the behaviour of the merged product
compared to the AMSR reference between daytime and nighttime. Daytime biases are
consistently positive and strongly seasonal, reflecting how merging and downscaling inherit
and sometimes amplify differences between MODIS and AMSR. Because PMW sensors
measure deeper soil layers that warm more slowly [110], predicted surface temperatures
appear warmer than the reference data. Daytime winter biases may result from subsurface
heating of snow-covered or complex terrain, and inter-annual anomalies highlight the
difficulty of harmonising sensors with different sensing mechanisms.

At night, bias magnitudes are smaller and more variable, with less distinct seasonal
cycles. The surface cools faster than the deeper layers sensed by PMW sensors, causing
predicted LST in the merged product to appear cooler than the reference data [15]. Irreg-
ular anomalies linked to snow, frozen soils or cloud contamination indicate continuing
uncertainties in capturing nighttime surface temperatures. Some negative nighttime bias
in summer may also originate from MODIS sampling during training where TIR errors
increase under cloud or high viewing angles [15], consistent with findings in [110].

These predicted AMSR biases propagate into the merged product, amplifying seasonal
patterns such as the pronounced warm daytime bias relative to MODIS. Daytime biases
are often high in summer due to stronger surface heating and the depth sensitivity of
PMW sensors, particularly in dry soils across the southwest USA. The merged product
therefore overestimates LST in hot, dry conditions, consistent with research on land-surface
forcings such as urbanisation, deforestation and irrigation [111]. During the AMSR2 period,
daytime biases tend to be lower than AMSR-E, although winter bias spikes remain common
due to retrieval artefacts. Seasonal vegetation changes tracked by PMW BTs also introduce
variability in dynamic regions like the USA [112].
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The bimodal seasonal structure in the merged daytime bias highlights challenges in
harmonising TIR and PMW signals. While summer peaks are expected due to surface heat-
ing, winter peaks indicate difficulty reconciling MODIS and AMSR under snow or frozen
ground conditions where emissivity and retrieval accuracy change. These extremes likely
result from emissivity modelling challenges, sensor harmonisation issues and retrieval
inconsistencies when surface states diverge. Vegetation phenology, soil moisture and land
surface type changes further contribute to the bimodal patterns [21,111]. Phenology timing,
linked to climate drivers such as ENSO, affects emissivity and emitting depth differently
for MODIS and AMSR [113]. The largest warming trends on bare soil, vegetated and
urban surfaces [114] also align with the enhanced daytime biases. Nighttime biases remain
smaller with smoother annual cycles, likely due to more stable conditions and deeper PMW
soil penetration [115].

There is a step change in the AMSR2 period after 2018 that may reflect instability in
the AMSR datasets. AMSR-E and AMSR2 LSE results broadly agree with TELSEM2 but
differ slightly in magnitude, likely due to small calibration discrepancies noted in [116].
Systematic biases in AMSR emissivity may also propagate from ancillary data used during
emissivity estimation.

Overall, the merged product shows more consistent performance at night and during
transitional seasons, but systematic daytime warm biases in summer and winter reflect
its sensitivity to land surface conditions and training data characteristics. All merge
product biases are consistently positive because the model predicts warmer temperatures
due to propagated systematic errors, sensor differences and the treatment of downscaled
AMSR in areas where MODIS has missing or cloudy data. These biases do not negate
the temporal trends of the merged product, which lie between native MODIS and AMSR
when considering all available pixels. This suggests the merged product still performs
well for broader climate assessments. The merged clear-sky LST also differs markedly
from the all-weather AMSR-E record due to cloud influence in the latter, indicating that an
AMSR-E clear-sky series might exhibit a less pronounced seasonal pattern. These findings
highlight the need to consider sensor-specific behaviours and environmental factors when
interpreting merged LST time series for trend analyses and anomaly detection.

4.4.2. Seasonal Trends

Daytime biases are generally positive, particularly during summer, and are most
pronounced across arid and semi-arid regions such as the southwest and southern Great
Plains. These warm biases align with land cover types characterised by sparse vegetation
and low soil moisture. Such areas exhibit strong PMW emission with minimal vegetation
to modulate the signal. This is in line with findings that in semi-arid zones, PMW emis-
sivity initially responds to moisture availability and later reflects vegetation growth [21].
Severe positive biases occur in the mid-southwestern states from Oregon to Arizona, con-
sistent with research predicting a drying trend in western USA linked to reduced winter
precipitation and a poleward-shifted Pacific storm track [117].

More vegetated areas in the central and eastern USA display more modest biases, par-
ticularly in spring and autumn when vegetation is active but surface conditions are less
extreme. PMW emissivity over vegetated land tracks vegetation density and phenological
changes [113], with daily PMW BT variations following these seasonal patterns [112]. Sea-
sonal shifts in soil moisture across the central states, and consistently dry conditions in the
southwest [116], contribute to these biases. In grassland and cropland regions, soil moisture
availability and canopy development play important roles in modulating the thermal signal.

During winter, positive biases are cooler or negligible across the northern and eastern USA,
likely driven by snow and associated changes in emissivity. Ref [118] showed that early winter
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surface changes, including ground freezing and scattering snow, influence AMSR-E retrievals.
Snow reduces effective BTs sensed by PMW instruments, which may not be fully corrected in
the merged product. This is particularly evident in daytime comparisons where strong thermal
gradients and atmospheric instability amplify errors during freeze–thaw transitions.

Nighttime patterns show different behaviour. Biases are generally smaller and less
spatially variable, with most regions showing near-zero or modest positive differences.
A notable winter exception occurs across northern states and southern Canada. Differences
between DJF and MAM for both day and night may be influenced by the strong 2015–2016
ENSO event [119], which produced large LST anomalies across North America [120]. ENSO-
driven temperature anomalies in northern USA have been documented previously [121].
Improved nighttime agreement, particularly in summer, suggests the merged product
captures the stable nighttime thermal state of the land surface under clear-sky conditions.

These results highlight both the challenges and advantages of combining TIR and
PMW observations. The seasonal and regional bias structures are unlikely to stem from
artefacts in the AMSR product, indicating that downscaling and MODIS-based training
have moderated sensor-specific biases. Nevertheless, the merged product retains sensitivi-
ties to land surface characteristics intrinsic to PMW observations, particularly emissivity
variations tied to land cover, vegetation and soil moisture. These differences likely con-
tribute to the inter-annual and seasonal bi-modality in the biases, especially under extreme
conditions such as drought or snow events.

4.5. Limitations and Future Work

One limitation of the current study lies in the generalisability of the downscaling
model across the full LST range. While overall performance is consistent, the model shows
signs of reduced reliability at the lower extremes of temperature distribution. This may
be partly due to the limitations in the training data, which may not sufficiently represent
extreme conditions, or the presence of noise from NaN values which are common in LST
data. Additionally there is some indication of overfitting in the later stages of training,
which may be particularly affected by sparse or noisy data.

Although the merged product captures general seasonal patterns and inter-annual
variability with reasonable accuracy, some limitation remain regarding residual differences
between TIR and PMW data understanding. Minor discrepancies, again relating to tem-
perature extremes, suggests the model may not fully resolve all temperature variations.
This indicates the need to refine the downscaling approach to better represent extreme
climate signals. Expanding the training dataset to include a broader range of climatic
and surface conditions, and investigating the added-value of auxiliary parameters, may
help improve performance but may be difficult due to higher computational restrictions.
Furthermore relying on a single training year limits exposure to inter-annual variability
(e.g., ENSO cycles, snow cover anomalies, dryness of soil, solar forcing and phenological
shifts). Although TIR and PMW LST data are complementary, and the validation results
support the success of their merging, limitations remain in balancing spatial and temporal
resolution. These trade-offs may constrain the model’s ability to match the performance of
TIR data under ideal clear-sky conditions, especially at the native high resolution of 0.01◦

offered by TIR sensors. Furthermore, the merged LST product still shows some clear-sky
and systematic biases which limits its accuracy under certain surface conditions like snow
cover and arid soils. Improving the way snow and frozen ground are represented in the
retrievals will be important to reduce these errors.

While machine learning techniques such as regression U-Nets are effective for down-
scaling tasks, their performance is ultimately constrained by the information content of the
input data. In the case of LST retrieval, limitations arise from the ability of PMW observations
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to infer fine-scale spatial variability and accurate surface temperatures without additional
contextual or ancillary data. This suggests that observed performance may reflect the physical
resolution and accuracy of PMW LST, rather than overfitting due to insufficient training
data. Optimising these models requires careful tuning of hyper-parameters, regularisation
techniques to increase stability and accuracy. This comes with difficulties, since the TIR data
taken as reference data and is restricted to clear sky only with a strict cloud-mask, decreasing
the quantity of data to validate and increasing uncertainty. Machine learning models such
as the U-Net also lack diagnostic information about the statistics of the developed predictive
relationships. Plus, incorporating and interpreting machine learning methods is not straight-
forward, as it requires a solid understanding of the fundamentals and statistics, as well as
experience in interpreting model behaviour and outputs.

Further work should focus on improving the generalisability and robustness of the
downscaling method, particularly at the extremes of the temperature range where current
performance is reduced. Enhancing the diversity of the training dataset to better represent
extreme climatic conditions, and improving the handling of noisy or incomplete data,
such as NaN values common in LST records, will be essential. Further investigation is
also needed into reducing overfitting during training, as well as training AMSR-E and
AMSR2 separately and inter-comparing the products. In addition, addressing the residual
discrepancies between TIR an PMW observations, particularly under extreme conditions,
may help refine the merged product and improve its representation of seasonal and inter-
annual variability. Future experiments should also investigate whether training on multiple
years leads to meaningful improvements in generalisation. Improvements on modifications
to LSE modelling and comprehension of change in emissivity characterisation between TIR
and PMW versions are required. Including additional ancillary parameters could enhance
the model’s capacity to reproduce non-linear temperature behaviour such as reanalysis
integration. Although the present merging approach is able to balance the advantages of
both TIR and PMW data, the trade-off between spatial and temporal resolution requires
further optimisation. There is also considerable scope to apply this model more widely,
beyond its present region of interest. Expanding it to cover a broader spectrum of climate
zones and land surface conditions would yield a dataset of substantial value. The model has
clear potential to be used more broadly, outside the region it currently focuses on. Applying
it to a wider range of climates and land types could produce a particularly useful dataset.
With more accurate and detailed LST data from different settings, researchers would be
better placed to track climate behaviour and the merge product’s stability. In turn, this
could shed light on how weather patterns shift at both local and regional levels over time.

5. Conclusions
In summary, this study presents the successful use of an adapted U-Net to predict

clear-sky LST from PMW observations by training on stable TIR clear-sky measurements.
This represents the first product to exclusively utilise clear-sky observations, enabling full
exploitation of available LST pixels without gap-filling, interpolation, or integration with
auxiliary datasets. The merged CDR produced under the ESA LST_cci initiative adds value
by homogenising complementary data sources to support consistent and accessible use
by the wider community. The merged LST product represents a notable improvement by
integrating complementary satellite datasets, resulting in a more stable and reliable clear-
sky temperature records with greater representivity across continental USA. The fusion
of downscaled PMW data with TIR observations preserves key temporal dynamics while
enhancing spatial coverage and reducing data gaps, resulting in a higher quality dataset.
Importantly, the combination of TIR and downscaled PMW pixels in the merged product
represent clear-sky observations. Due to the nature of the data used, cloud gaps remain.
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However, the method significantly improves the spatial consistency of all valid LST obser-
vations. It enhances gradients, reduces artefacts, and preserves the radiometric integrity
of the clear-sky TIR data, offering a higher-quality clear-sky product without introducing
uncertainty from artificial gap filling. Although the merged produce has a coarser spatial
resolution (0.05◦) compared to TIR data (0.01◦), this trade off reduces uncertainties inherent
in PMW downscaling and improves overall reliability. The product avoids replicating
AMSR biases, yielding a more MODIS like behaviour, but remains slightly warmer, likely
due to clear sky biased training propagating into predictions. Additional biases may arise
from land surface phenology, cover type, emissivity characterisation, and sensor specific
sensitivities, to which PMW is more responsive than TIR. These factors also explain the
observed seasonal and inter-annual bimodal bias structures, including persistent warm
daytime biases in summer and winter. Validation against in situ measurements confirms
good performance, particularly at night, though some systematic biases persist for cold
extremes and complex terrain. These limitations are outweighed by the model’s ability
to combine sensor strengths, producing smooth, spatially consistent surface temperature
fields. Overall, the merged dataset provides a valuable resource for environmental and
climate monitoring applications requiring long term, spatially coherent LST records. Im-
proving such integrated datasets remains essential for advancing climate research and
supporting data driven decision making.
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Appendix A
U-Net Model Supplementary Information

Figure A1 shows the number of available training tiles with a 70% threshold ap-
plied varies significantly across day and nighttime in 2003. Using stricter thresholds (e.g.,
90–100% clear-sky coverage) would further reduce the number of usable tiles, particularly
in months with already limited data (e.g., January, October–December). This could lead to
training imbalance or even data sparsity in specific seasons, affecting model generalisation.
This filtering of clear-sky pixels helps reduce paired scenes with excessive NaN-values or
contaminated data, maintaining consistency in clear-sky coverage and supporting robust
and reliable model performance.

Figure A2 illustrates the pixel merging logic described in the main text (not to scale).
Showing the process of choosing between TIR and downscaled PMW pixel data to generate
the merged CDR.

Figure A1. Monthly distribution of valid daytime (blue line) and nighttime (orange line) training
tiles generated with a 70% clear-sky threshold applied for 2003. The number of matched TIR and
PMW tiles varies seasonally, with reduced availability in winter months.

Table A1 shows an advanced technical breakdown of the U-Net architecture described
in the main text.

Table A1. Summary of the U-Net architecture used for PMW LST downscaling.

Stage Layer Type Filters Kernel/Pool Output Size

Input Input tile – – 48 × 48 × 1
Initial Block Conv2D ×2 32 3 × 3 48 × 48 × 32
Encoder Block 1 SepConv2D ×2 + BN 32 3 × 3 48 × 48 × 32

MaxPooling2D – 3 × 3, stride 2 24 × 24 × 32
Encoder Block 2 SepConv2D ×2 + BN 64 3 × 3 24 × 24 × 64

MaxPooling2D – 3 × 3, stride 2 12 × 12 × 64
Encoder Block 3 SepConv2D ×2 + BN 128 3 × 3 12 × 12 × 128

MaxPooling2D – 3 × 3, stride 2 6 × 6 × 128
Encoder Block 4 SepConv2D ×2 + BN 256 3 × 3 6 × 6 × 256

MaxPooling2D – 3 × 3, stride 2 3 × 3 × 256
Decoder Block 1 Conv2DTranspose ×2 + BN 256 3 × 3 3 × 3× 256

UpSampling2D – factor 2 6 × 6 × 256
Skip connection – add 6 × 6 × 256

Decoder Block 2 Conv2DTranspose ×2 + BN 128 3 × 3 6 × 6 × 128
UpSampling2D – factor 2 12 × 12 × 128
Skip connection – add 12 × 12 × 128

Decoder Block 3 Conv2DTranspose ×2 + BN 64 3 × 3 12 × 12 × 64
UpSampling2D – factor 2 24 × 24 × 64
Skip connection – add 24 × 24 × 64

Decoder Block 4 Conv2DTranspose ×2 + BN 32 3 × 3 24 × 24 × 32
UpSampling2D – factor 2 48 × 48 × 32
Skip connection – add 48 × 48 × 32

Refinement Conv2D ×3 + BN (first 2) 32 3 × 3 48 × 48 × 32
Output Layer Conv2D 1 3 × 3 48 × 48 × 1
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Figure A2. Schematic showing how final LST is determined from TIR and PMW estimates: using TIR
when both sources agree, PMW when TIR is missing, and PMW when it exceeds TIR significantly.

Appendix A.1 Merge Product Results Supplementary Information

Figures A3 and A4 present day and nighttime inter-comparisons of 5 km resolution
MODIS LST, interpolated AMSR LST, and the merged product, which combines MODIS
and downscaled AMSR from the predictive U-Net model. Data from 2003 are excluded,
as this year was reserved for model training. The final merged LST product was generated
for the periods 2004–2011 and 2013–2021. AMSR-E operations ceased in October 2011 due
to an antenna rotation mechanism failure, and AMSR2 LST retrieval commenced in January
2012 following its launch and initial commissioning in late 2011 [122]. Consequently, no
AMSR-based LST data are available for the transition period between these sensors, and this
gap is reflected in the results. The time-series plots shown here are based on unmatched
pixels, representing the complete dataset available to an end user without any spatial
filtering or matchup constraints.

Between 2004 and 2011, both daytime and nighttime LST datasets MODIS, AMSR-E,
and the merged product, show clear and consistent seasonal cycles for the study region,
with temperatures peaking each summer and dipping in winter. As expected, daytime
LST readings were consistently higher than nighttime ones, with daytime temperatures
generally ranging from approximately 275 K to over 310 K, while nighttime values were
lower and more stable, typically falling between 255 K to 295 K. Throughout the study
period, the merged dataset closely tracked the seasonal trends seen in both MODIS and
AMSR-E. It preserved the amplitude and timing of seasonal changes while softening some
of the sharper swings seen in the individual products. In instances where MODIS and
AMSR-E showed inconsistencies or noise, the merged product effectively bridged the
gap between them, resulting in a smoother and more reliable temperature record. This
alignment was especially strong at night, where all three datasets showed near-identical
trends, highlighting the effectiveness of the merging process in reducing noise and sensor-
specific discrepancies, particularly in cases of missing or unreliable data.

From 2013 to 2022, daytime and nighttime LST datasets (MODIS, AMSR2, and the
merged product) continued to show well-defined seasonal patterns, with temperatures
peaking each summer and dropping in winter. Daytime LSTs ranged from approximately
275 K to above 310 K, while nighttime values were lower, generally fluctuating between
about 255 K and 295 K. The merged LST product closely followed both MODIS and
AMSR2, capturing seasonal trends with consistent accuracy. Notably, the merged product
effectively mitigates abrupt fluctuations and noise observed in the individual datasets,
particularly evident in the daytime AMSR2 series, without distorting the overall seasonal
signal. At night, the agreement between datasets are strong, as the merged product smooths
minor discrepancies and reduces noise particularly during winter and summer months.
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Figure A3. Comparison of daytime (top panel) and nighttime (bottom panel) LSTs over the USA
at 0.05° resolution, spanning 2012–2011. The images show LST from MODIS, AMSR-E, and the
merged product. The merged LST integrates MODIS observations with merged, downscaled AMSR-
E estimates derived from U-Net model predictions.

Figure A4. Comparison of daytime (top panel) and nighttime (bottom panel) LSTs over the USA
at 0.05° resolution, spanning 2013–2021. The images show LST from MODIS, AMSR2, and the
merged product. The merged LST integrates MODIS observations with merged, downscaled AMSR2
estimates derived from U-Net model predictions.

Figure A5 shows the daytime merged LST maps across the continental USA for January
(winter), April (spring), June (summer) and October (autumn) 2018. A uniform colour scale
ranging from 260 K to 330 K is used to allow for consistent comparison.

During the day surface temperatures show consistent gradients across the USA, where
temperature distribution varies across states and generally get cooler towards the East. LSTs
are notably high across the southern states, with large portions of the southwest (California,
Arizona, New Mexico and western Texas) exhibiting temperatures above 280 K in winter
and autumn and 310 K in spring and summer. The midwest and eastern seaboard also
show relatively warm conditions, while cooler temperatures are evident in the northwest
and upper midwest. Northeast regions bordering Canada remain cool throughout the year,
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with particularly cold temperatures of 260 K in winter. Missing data due to cloud or swath
gaps are present in all images, most notably in the winter as expected.

Figure A5. Daytime Merge Product LST maps over the USA across all four seasons (winter, spring,
summer and autumn).

Figure A6 shows the merged daytime and nighttime LST distributions over the USA
for October 21, 2018. The LST data are shown using a common colour scale ranging from
250 K to 310 K to facilitate a direct comparison between daytime and nighttime conditions.

Figure A6. Nighttime Merge Product LST maps over the USA across all four seasons (winter, spring,
summer and autumn).

At nighttime cooler temperatures dominate the maps, with much of the midwest,
northeast and high-elevation western areas falling below 270 K. General trends are more
uniform with smaller LST fluctuations between 250–280 K, with the exception of summer
where nighttime temperatures exceed 300 K particularly in the central and eastern states.
Northern and higher elevation regions show the most significant cooling, most notably in
the northeast in winter similarly to daytime. Smooth LST transitions show detailed features
between states and across all seasons. Missing data due to clouds and swath gaps are also
evident, most notably in winter and summer.

Figures A7 and A8 show the validation of the 0.05◦ MODIS and AMSR sensors
(2004–2021) after conducting a comparison against in situ measurements at eight SURFRAD
and ARM sites in the USA [91]. Summary statistics including accuracy (median bias (µ)),
precision (p) and error (root mean square error (RMSE)) are reported separately for daytime
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and nighttime to highlight performance differences. These complement the summary
statistics provided in the main text.

Figure A7. Comparison of in situ and MODIS LST measurements at eight reference sites in the
USA. Each subplot (a–g) shows a 1:1 scatter plot of in situ versus MODIS LST for daytime (red)
and nighttime (blue) overpasses. Key statistics (bias, precision, RMSE, and number of samples) are
annotated for each period. The solid black line represents the 1:1 agreement. Panel labels correspond
to individual sites as listed in the figure.
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Figure A8. Comparison of in situ and AMSR LST measurements at eight reference sites in the USA.
Each subplot (a–g) shows a 1:1 scatter plot of in situ versus AMSR LST for daytime (red) and nighttime
(blue) overpasses. Key statistics (bias, precision, RMSE, and number of samples) are annotated for
each period. The solid black line represents the 1:1 agreement. Panel labels correspond to individual
sites as listed in the figure.
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