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1. General introduction

This thesis details the design and testing of a machine learning
model. The function of this model is to predict the temperature
of the air at specific points in time and space.

Machine learning models train on data that is accompanied
by a ground truth value. The model processes the input data,
produces an estimate for the desired output, and this estimate
is then compared to the ground truth. Using this comparison,
the parameters that comprise the model are adjusted. Through
repeated iterations of this process, the adjustments made cause
the model to “learn” how to translate its input data into approx-
imations of their ground truth. In the context of this research
these input data are satellite images of land surface temperature
(LST), and the ground truth are air temperature readings made
by measuring stations.

LST and air temperature have a complex and correlated relation-
ship (Kawashima et al., 2000). As the sun heats up the ground,
a part of this warmth is radiated back into the air. This process
is affected by surface topology, vegetation, exposure to sunlight,
material of the ground, wind speed and other factors. For this
reason estimating air temperature requires more than just LST
data. Conveniently, many of these ancillary data types can
also be derived using satellite imagery. The benefit of utilizing
remotely sensed information to make predictions for the air
temperature is primarily the massive coverage they provide.

A critical element of determining the efficacy of greater cover-
age is knowing the resolution of that coverage. The benefits of
having data available for a large area are nullified if said data
cannot be used to discern important details and variations. For
that reason this thesis makes use of data captured by NASAs
ECOSTRESS mission (NASA, 2018). ECOSTRESS is a relatively
new instrument attached to the ISS and it provides LST data at
a 70 by 70 meter pixel size. Many previous studies utilizing LST
data used imagery provided by MODIS (Salomonson et al., 1989),
which has a maximum resolution of 250 by 250 meters.

This increase in resolution makes it possible observe estimated
temperatures in greater detail than before. One area where this
is of particular interest is the study of the urban heat island
(UHI) effect (Kim, 1992). Depending on how they are designed
and constructed, cities are susceptible to becoming extremely

hot, and these increased temperatures can cause and exacerbate
health issues. Being able to observe the predicted air tempera-
tures in high detail can lead to better monitoring and combatting
of UHL

The usage of LST data to estimate air temperature has been an
active field of research for multiple decades. (Cresswell et al.,
1999, Prihodko and Goward, 1997, Sun et al., 2005). This thesis
aims to expand on the established body of work in three distinct
aspects:

1. By using a type of deep learning model called a transformer
as the backbone for making predictions.

2. By training the transformer on both spatially as well as
temporally connected data, thereby making the transformer
“spatio-temporal”.

3. By constructing the model such as to not only make a
prediction for the temperature, but also to estimate the
certainty it has in its prediction, thereby making it “uncer-
tainty-integrated”.

All in all, this thesis explores new technologies and data to
further develop a well established field that is becoming increas-
ingly more relevant in light of our rapidly changing climate.

2. Preliminary materials

This section details ideas, concepts and methods that are used
throughout the article (part 3).

2.1 Remote sensing data

In this thesis remote sensing refers to the acquisition of data
captured via satellite or airplane, or is derived from data that
was.

2.1.1 View zenith: View zenith, or viewing zenith angle,
indicates the angle between the zenith of a position and the
satellite that is observing it. If a satellite is observing a position
directly beneath it, the angle is 0°. This angle increases as the
satellite moves away from the zenith. View zenith was included
as one of the ancillary data bands as the LST being measured
can be affected by it (Shen et al., 2020). ECOSTRESS provides
view zenith imagery as one of the bands accompanying their
LST measurements. Figure 1 shows an example of view zenith
data used during training and inference.
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Figure 1: An example of the view zenith data for an LST image.
The shifting colors indicate what the angle of that position was
relative to the ISS. The values are in degrees.

2.1.2 Landcover: Landcover data informs on the makeup of
the earths surface. Pixels are classified into discrete classes, each
indicative of a different type of land or environment. As men-
tioned in the introduction, knowledge on the type of land that
an LST measurement is associated with can help with prediction
of air temperature. Figure 2 shows an example of landcover data
used during training and inference.
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Figure 2: An example of landcover data used. Yellow areas are
classified as “non vegetated”, green as “vegetated” and blue as
“water”.

2.1.3 NDVI: NDVI stands for normalized difference vegeta-
tion index, and it is a quantification of the density and health
of vegetation. NDVI is derived from remotely sensed imagery of
the red and near-infrared bands. NDVI can range from -1 to 1,
with values below 0 indicating non vegetated areas, and values

above 1 representing areas of increasingly dense and healthy
vegetation.

NDVI
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Figure 3: An example of NDVI data used. For this particular
dataset values below 0 were set to 1

2.1.4 Sky view factor: Sky view factor (SVF) indicates how
much of the sky can be seen from a given position. An observer
in an open field will be able to the see the entirety of the sky,
which would correspond to a SVF value of 1. This is in contrast
to an observer standing next to a tall building. The building will
obscure a significant portion of the sky, resulting in a lowered
SVF value. SVF is valuable metric as it can inform on the amount
of sunlight that a position can realistically be exposed to, which
is an important factor when estimating air temperature (Svens-
son, 2004). Figure 4 shows a sample of the SVF data used.

Figure 4: An example of SVF data used. A value of 0 indicates no
view of the sky, while a value of 1 indicates perfect visibility.

2.2 Inference

Inference is the process of applying a trained model to new data,
so as to make a prediction. In the context of this thesis it refers
to the collection of data for a specific position and timestamp,
and the feeding of this data into a trained model. The prediction
that the model makes can then be associated with the inputs.



2.3 Embedding

Embedding is the process of representing input data as a multi-
dimensional numerical vector. Data is “embedded” before being
fed into deep learning layers. The goal of embedding is to ensure
that data points that have similarities are closer together in mul-
tidimensional space, whilst the opposite is true for data points
that are dissimilar. Essentially, embeddings attempt to capture
the meaning and connections of data.

As an example, the word “red” might be embedded in such a
way that is has similarities with the embedding for the word
“turquoise”. Since both words are representative of colors, it
makes sense that their embeddings share certain qualities. The
embedding of “red” will also have connections to objects that
are associated with that color, such as roses or fire trucks.

Determining the correct embedding for a data point is a complex
problem with multiple approaches. The quality of an embedding
process can determine if a model eventually succeeds in its task.
The approach applied in this thesis is let the embedding itself
also be done by the model. During training the model both learns
how to embed the input data, and how to correctly interpret said
embedded data.

2.4 Transformers

Transformers are a form of deep learning model (Vaswani et
al, 2017). Introduced in 2017, they have proven capable of
processing a massive variety of different forms of input data.
Transformers are especially adept at making connections within
and between data sources.

2.4.1 Self Attention: The component in transformers re-
sponsible for their abilities to make connections is the attention
mechanism. Attention allows a model to determine the impor-
tance of an element in a sequence with respect to all other
elements. As an example, in the sentence: “The red ball flew
through the air”, the word “red” will have a greater association
with the word “ball” than with the other words.

Attention is often applied many times in a row. This repeated
analysis makes it possible to capture the subtle connections
latent within the input data.

2.4.2 Cross attention: In self attention, the components of
an input are compared with each other. In contrast cross atten-
tion compares the parts of one sequence with the parts of a
different one. This can allow for finding connections between
different types of data. A classic example is translation of
languages, where cross attention will associate a word with its
translation.
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Figure 5: A simplified representation of self attention and cross
attention. The repeated images signify the layering of the atten-
tion blocks.

2.5 SWIN transformer

Shifted WINdow (SWIN) transformers are a relatively recent
breed of transformer that specializes in the analysis and process-
ing of image data (Liu et al., 2021). Images are first divided into
small patches, after which attention is applied within a window,
which is a grouping of patches. Next the windows are “shifted”,
as can be seen in Figure 6. After shifting attention is again
applied within the newly formed windows. This shifting causes
the patches to be exposed to a different selection of their peers.
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Figure 6: An image representing how the windows of attention
are “shifted”.

A second aspect of SWIN transformer is the merging of patches.
After attention has been applied amongst patches, they are
merged together to form larger patches. This process repeats,
with each iteration processing progressively fewer total patches
of increasing size. This is illustrated in Figure 7. By applying
attention at both small and large scales within an image, SWIN
transformers can process both the fine details and large features
within an image.
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Figure 7: A simplified representation of a how a SWIN trans-
former processes images at changing patch density.
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Abstract

Accurate estimates for air temperatures in urban environments can help with timely and precise action against the urban heat island
(UHI) effect. Uncertainty-aware spatio-temporal transformers are an ideal candidate model for producing such predictions. This
study details the implementation and testing of a transformer model that combines remotely sensed land surface temperature (LST)
data with in-situ sensor readings to predict air temperature values for the entirety of the Netherlands. The three best models out of
the 21 trained attained an averaged test-set error of 1.365° Celsius MAE. Model inference has produced Geotiffs of air temperature
and uncertainty predictions for all of the Netherlands, at a 70m by 70m pixel resolution. NASA’s ECOSTRESS dataset supplied LST
imagery and assorted ancillary bands, ESA’s Copernicus provided NDVI and Landcover data, and sensor readings were acquired
from the royal Dutch weather service (KNMI). Overall this study details the design for a spatio-temporal transformer model that

produces uncertainty-aware air temperature estimations.

1. Introduction

Accurate monitoring of air temperature in urban environments
is critical to understanding and combatting the urban heat island
effect (Deilami et al., 2018, Kim, 1992). Traditional methods of
interpolating (Bigg, 1991) with in-situ sensor data may not be
able to provide the coverage and resolution necessary for good
analysis (Weng et al., 2014). Using remotely-sensed land surface
temperature (LST) measurements to predict air temperature
can allow for a much finer coverage when compared to inter-
polation of in-situ sensor data (Benali et al., 2012). The NASA
ECOSTRESS (NASA, 2018) mission captures LST data at a higher
spatial resolution than predecessors such as MODIS (Salomon-
son et al., 1989), allowing for more accurate air temperature
estimates.

Air and surface temperature are correlated (Kawashima et al.,
2000), but their relation is affected by numerous factors, includ-
ing the amount of vegetation, exposure to sunlight, wind speed
and others (Svensson, 2004, Yan et al., 2014). Additionally this
relation changes over time, affected by both daily and yearly
cycles (Naserikia et al., 2023). The availability and quality of
remotely sensed data can also vary wildly (Yoo et al., 2018), often
requiring repair or post processing. Depending on the orbit that
a remote sensing instrument follows, subsequent captures of a
position may be days apart. Clouds and other atmospheric inter-
ference can also cause data to be unusable or less certain. The
result of these relations and limitations mean that a predictive
model needs to not only incorporate a wide range of different
data types, but also be resilient to temporally sparse and poten-
tially unreliable inputs. Additionally, it is beneficial if a model
incorporating these data can also report on the confidence it
has in a particular prediction. This uncertainty value provides
valuable context, helping users make informed decisions when
utilizing model predictions.

The ability to understand latent relations across a range of data
modalities and data qualities, is something that transformer
models (Vaswani et al., 2017) have proven to be capable of.
Transformers make use of self-attention to find connections
between inputs without the need to split them up. This ability

makes transformers well suited for the task of combining multi-
source remote sensing and in-situ sensor data. Many recent
studies working with transformers in remote sensing focus on
classification (Bazi et al., 2021, He et al., 2022, Roy et al., 2023)
and change detection (Chen et al., 2021, Jiang et al., 2023, Zhang
et al., 2022), wherein the transformer is required to fuse data
of different modalities together. Change detection in particular
makes use of spatio-temporal transformers, that apply attention
across both spatial and temporal axes.

Although usage of transformers has become ubiquitous within
remote sensing, prediction of air temperatures remains an
under represented application. However, given that ground-
air temperature dynamics are complex processes spread across
both time and space, spatio-temporal transformers make for
excellent model candidates. This study has employed an uncer-
tainty-aware spatio-temporal-transformer described in (Rafiee,
2026, under review) as backbone, and has experimented with a
different approach towards cross-attention masking. The model
will utilize transformers to combine multiple remotely-sensed
bands together with in-situ sensor data. Experiments will focus
on determining how model design choices and data type inclu-
sions affect the performance of the model in different spatial
and temporal contexts. Of special interest is gauging the models
quality and certainty of its predictions across a variety of urban
environments.

2. Study area and datasets
2.1 Study area and data window

The study area comprises the entirety of the Netherlands. All
data used was captured between December 2021 and December
2025. This range ensures that all seasons are present multiple
times and allows for the representation of multi-year weather
cycles.

2.2 In situ sensor data

Hourly air temperature, wind speed and wind direction mea-
surements used to train the model were acquired from 269
stations spread across the Netherlands. 35 of these stations are



maintained by the KNMI (KNMLI, 2026), the Dutch weather ser-
vice. The remaining 234 stations are run by volunteers through
the KNMI WOW (WOW, 2026) program. Stations were selected
to ensure a good distribution of differently urbanized areas.
Stations too close to large bodies of water were omitted.

Figure 1: The position of all 269 stations
2.3 Remotely sensed data

2.3.1 LST: LST image data was acquired through NASA’s
ECOSTRESS program (NASA, 2018). ECOSTRESS data has a
resolution of 70 by 70 meters per pixel. Accuracy of these mea-
surements is recorded in supplemental products, which were
integrated into the model training process. ECOSTRESS data is
collected by an instrument attached to the International Space
Station (ISS). The orbit of the ISS results in different data cap-
turing behavior depending on the latitude of the region being
observed. Although the time between captures for the Nether-
lands is short, the amount, quality and subject of data collected
varies greatly. The average time between a high quality capture
for the 269 station positions was 6.5 days, with values ranging
between 1 hour and 31 days.

Additional bands provided by the ECOSTRESS product that
were utilized during the training process include:
+ QC (quality control), which informs on the quality of indi-
vidual pixels. QC datasets consist of 5 bands each
« Height, indicating the elevation in meters
« EmisWB, the broadband emissivity associated with the LST
estimate
+ LST_err, the uncertainty of the LST estimate
« View_zenith, the view zenith of each LST pixel

Since they are provided together, the availability and resolution
of these ancillary bands is identical to that of the LST band.
Information on these ancillary bands can be found via (Cawse-
Nicholson et al.,, 2023). A more detailed description of the QC
band is available in (Hulley and Freepartner, 2019).

2.3.2 Normalized Difference Vegetation Index (NDVI):
NDVI data was downloaded via ESA’s Copernicus browser, and
was derived from bands captured via ESA’s Sentinel 3 satellite.
Download resolution was set to 70 by 70 meters per pixel to
match ECOSTRESS data. Since NDVI changes less frequently
than LST, NDVI data was only acquired for a subset of the
timestamps where LST data was available (Copernicus, 2020a).

2.3.3 Land cover: Also downloaded via the Copernicus
browser was land cover data, derived from data captured via

ESA’s Sentinel 2 satellite. The data was obtained in the same
manner as NDVI and at the same resolution. Since land cover
also changes infrequently, it too was only downloaded for a
subset of the time window (Copernicus, 2020b).

2.3.4 Sky view factor: Sky view factor (SVF) data was
acquired via the Dutch government’s data api (KNMI, 2026).
This SVF dataset has a resolution of 0.5 meters per pixel, but
was not used as an image by the model. Instead SVF datasets
were sampled at station positions, and the found values were
incorporated as feature data.

2.3.5 Wind speed and direction: During model inference
station data is unavailable, necessitating the need for an alterna-
tive. The ERA5 (Hersbach et al., 2023) dataset provides, amongst
others, bands for the wind strength in west-east and north-
south directions. These bands were sampled during inference to
provide wind data.

2.4 Data preparation

2.4.1 Data pre-processing: Image datasets were acquired
as tiles, and these were merged based on temporal proximity.
Merged datasets were then sampled at station positions to create
smaller images directly surrounding the target. The resolution
of these samples was 32 by 32 pixels, and samples with less
than 80% valid pixels were discarded. This sampling process was
done for all image types except SVF. For both image and feature
data, values were normalized to be between 0 and 1, with invalid
values being set to —1. Merging and image sampling was done
using Rasterio (Gillies and others, 2013).

The 32 by 32 pixel sample size was chosen to balance processing
speed and amount of considered data. 64 by 64 and 128 by 128
were also tested, but these sizes did not increase model perfor-
mance. Normalization of values was done to facilitate stable
model training.

Figure 2 and Figure 3 show the distribution of data before
and after sampling. The first set of bars in each of the figures
indicates how many LST datasets belonged to a particular hour
or month. The distribution of both hours and months adhere to
a distinct pattern. Hours start lower, then increase throughout
the day, peaking at noon, and then diminishing again when ap-
proaching midnight. This suggests that producing ECOSTRESS
tiles is easier during the day, at least for the Netherlands. Months
alternate between those with many datasets and those with
few. One possible explanation is that the orbit of the ISS causes
periods wherein regions are either over or under-sampled.

The second set of bars in Figure 3 and Figure 2 indicate how
many samples where taken from each period. If every dataset
produced an equal number of image samples, the first and
second columns would be identical. Since this is not the case
it can be assumed that particular moments are more likely
to generate valid samples than others. Noteworthy is that the
sampling process seems to accentuate patterns present within
the dataset distribution. This could signify that moments with
more data also have inherently higher quality data as well.
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Figure 2: The distribution of data, before and after sampling,
organized by hour.

month  datasetdistribution sample distribution change of representation (%)
December 173 5503 -2.98

November -3.96

Oktober 175 7795 0.0
September 100 -3.34

August 190 12749 5.81
July 104 -4.44

June 206 14184 6.79
May 103 -3.5

April 193 12972 5.93
March 103 4021 -0.77

February 138 9477 4.51
January -4.06

Figure 3: The distribution of data, before and after sampling,
organized by month.

2.4.2 Data instance assembly: Data instances serve as the
models input. A data instance is comprised of three components:
the input images, the input features and the ground truth air
temperature value associated with the input data. Data instances

are built up around the LST samples extracted from the datasets.

Each of these samples is associated with a timestamp and a
(station) position. These two values are used to find or calculate
all other data needed to complete the instance. This searching
step is necessary, since data not from the ECOSTRESS captures
is likely to have a differing temporal resolution. The process is
visualized in Figure 4.

Once all data instances have been made, stacks can be created.

Each data instance acts as the foundation for its own stack. For
each data instance, the N instances that precede it temporally
and share a position are found and appended to the stack. For
elements in a stack other than the first, the time delta to the
first element is calculated and added to the data instance. This
stacking adds a temporal element to the data.
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Figure 4: The process for assembling the data instances
3. Methodology
3.1 Model Architecture

The model is comprised of two main components, which process
images and features, and one ancillary component, which
processes mask data. Each component is fed its own input data,
embeds this data and feeds these embeddings into a transformer
layer. The three outputs of these transformer layers are com-
bined via cross-attention and run through a final linear layer,
which outputs the model predictions. An overview of the model
architecture can be seen in Figure 5. The model was created
using the PyTorch library (Paszke et al., 2017).

3.1.1 Image learning: Images are processed in stacks. Each
stack is comprised of IV data instances, with each data instance
containing M images. Data instances always start with an LST
image. An example for N = 2 and M = 3 would be:

[[LST, QC,NDVI], [LST, QC, NDVI]] (1)

The values for N and M depend on the model setup conditions.
Each data instance is embedded separately via a convolutional
layer. This embedding process splits the images into distinct
patches, and then embeds patches together that represent the
same area in the image. In parallel to this, the temporal infor-
mation belonging to each data instance is also embedded. The
temporal embeddings for all patches in the same data instance
are identical, as these patches share a timestamp. The embedded
instances are then combined with their respective temporal
embeddings after which they are concatenated together at the
patch level. This process is illustrated in Figure 6.

These concatenated patches form the input to the SWIN trans-
former (Liu et al., 2021). The transformer applies attention be-
tween the created patches, thereby learning spatial and temporal
connections latent within the embedded data. After patches
have been exposed to each other via attention, they are merged,
creating a smaller number of patches of a higher dimension. This
process repeats a set number of times after which the result is
flattened into a high-dimensional vector.



3.1.2 Feature learning: Features are structured the same
way as images: each feature stack contains IV instances, and
each instance contains W features. While the number of
instances in a stack will always be identical for images and
features, the number of elements in an instance does not have
to be.

Feature instances are first concatenated together before being
embedded by a linear layer. This embedding is then fed into a
multi-head self-attention transformer, whereby the embedding
attends to itself multiple times. The final output is a high-
dimensional vector.
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3.1.3 Temporal information: Temporal information was
encoded in both the image and feature data. For the features
this information was simply concatenated together with the
other feature data such as wind speed and SVF. For the images
the temporal information is first embedded into the patch
embedding dimension, and then fused with the image patch
embeddings. Hour-of-day and day-of-year were passed through
the sine and cosine functions so as to encode the information in
a cyclical manner. Doing so better emphasizes the behavior of
temperature across days and years:
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Figure 5: The model architecture.
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Where:
« HoD indicates the hour that a capture occurred
« DoY indicates the day that a capture occurred

These four values were accompanied by a delta value indicating
the temporal distance between subsequent captures:

log(1 4+ A t) (4)

Where:
« At is the time difference in hours

The process for fusing the patch and temporal embeddings is as
follows:

e fused = e patch© v+ (5)

Where:
+ e__patch are the embedded patches
« v and B are the outputs of embedding the temporal infor-
mation. Both have dimensions equal to e__patch

3.1.4 Mask learning: Unlike the standard image inputs,
mask data is not stacked. Only the first data instance in a stack
will have accompanying mask data. Since the LST image of the
first data instance in a stack carries the highest weight, it was
deemed unnecessary to provide mask data for LST images of
later data instances.

Since all mask images are of the same timestamp, they are not
temporally embedded. After patch embedding they are directly
fed into a SWIN network, the output of which is a vector with
dimensions equal to that of the image network.

3.1.5 Cross attention: In self-attention the query, key and
value matrices are derived from a singular input. Cross attention
contrasts this by utilizing two data sources. These two data
sources can be of different modalities, making cross attention
useful for fusing data of differing types. The formula for cross
attention is:

Attention(Q, K, V) = softmax (QKT> 14 (6)
o Vi

Where:
« @ is the query
« K is the key
« V is the value
+ d;, is the dimension of the key

In the model, cross attention is performed with the outputs of
the image, feature and mask components. Image outputs are
used as queries, feature outputs as keys and values, and finally
uncertainty data is used as a mask. The output of the cross-
attention layers is a vector with dimensions equal to those of the
query input.

3.1.6 Prediction: Predictions are made by feeding the output
of the cross-attention network into a series of linear layers.
These linear layers reduce the dimensionality of the data until it
has reached the desired size. The model predicts the air temper-
ature for the position and timestamp specified by the LST image

of the first data instance in a stack. The model also predicts
temperature values for the next 4 hours directly following the
target timestamp, giving an estimate for how the air temperature
will change. Each temperature prediction is also accompanied
by a prediction for the variance of the temperature. This results
in a total of 10 predictions per data stack.

Weights were assigned to the losses of hourly predictions to
encourage the model to prioritize the accuracy of earlier hours
over later ones.

3.2 Model performance

Models were trained for 100 epochs on ~51.000 data instances.
Of these instances 70% were used for training, 20% for validation
and 10% for testing. All models used the same data split. During
the training process, models were saved if they performed better
on the validation set than any of their previous iterations. After
training for 100 epochs, models predicted for the test set once
using the last saved model, and the performance here was used
to rank and evaluate the models in Section 5. Batch size was set
to 256, and the number of dataloader workers was set to 16.

3.2.1 Loss function: The loss function used during the train-
ing of the model is Gaussian negative log likelihood (gnll) (Nix
and Weigend, 1994):
1 (input — target)?
- 2
loss = 3 (log(a )+ — (7)
Where
- input is the predicted air temperature
« target is the ground truth air temperature
« 02 is the predicted variance of the predicted air temperature

gnll treats the target values as samples from a Gaussian distri-
bution, with the expectation and variance being predicted by
the model. The model will learn that in cases where it is less
certain of accurately predicting the target air temperature, it
can increase the variance to lower the resulting loss. However
raising the variance whilst its predictions are accurate is detri-
mental. Thus the model learns to raise the variance only when
it is certain that its air temperature estimation is untrustworthy.

Predicting a variance provides additional context for the air
temperature estimations, mainly giving a measure for the con-
fidence that the model has in a particular prediction. In the
context of this research, it enables identifying which regions are
harder to accurately predict air temperatures for, as an example.

3.3 Inference

The timestamp 2022-08-13 12:25:24 was chosen for inference,
as the LST image at this moment, and those of the ones preced-
ing it are of very high quality. Additionally the images were
captured within a very short timeframe, with the time deltas to
the primary LST image being 2 and 23 hours for the secondary
and tertiary images respectively. These LST images are visible in
Figure 7. One potential downside of processing in this particular
moment is that it was classified as a heatwave, with extremely
high temperatures and almost no cloud cover (KNMI, 2022).
Predicting for an outlier situation such as this makes it less
certain how reliable the predictions are.
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Figure 7: LST images for the 3 timestamps used during inference.
Values are in Celsius.

Points were generated across the surface of the Netherlands,
spaced 70 meters apart. During inference, these points were
grouped together into batches of 10000. For each point in a
batch, a multiband Geotiff containing all bands for all three
timestamps was sampled at the point position. These stacked
samples were then filtered based on which bands were needed
by the model performing inference, and then rearranged into the
order expected by the model. In parallel, databases containing
pre-sampled SVF and wind data were queried, and the acquired
data was combined with the image samples to form the model
inputs. After the model finished predicting values for all of the
points, these predictions were written to a multiband Geotiff.

4. Experiments

In total 21 model setups were tested. One of these setups was the
“base” model, from which all others were derived. These derived
models would change a single model parameter of the base
model, so that the impact of said parameter could be gauged.
The gnll losses for these models can be seen in Figure 8 and the
processing times in Figure 11.

The base model was trained with the following parameters:
LST and all ancillary image types (NDVI, height, emisWB,
view_zenith, LST_err, QC, landcover) were used as image
inputs.

The image inputs were combined with temporal embed-
dings.

All feature types (wind direction, wind speed, temporal in-
formation, sky view factor) were used as feature inputs.

A mask was used during cross attention, and it was derived
from the QC and LST_err image types.

Each input stack comprised two data instances, one for the
current timestamp and another for the timestamp preceding
it.

The losses of the 5 predictions had the following weights:
[0.33, 0.27, 0.2, 0.13, 0.07], in order of current timestamp to
+4 hours.

Uses [3, 6, 12, 24] heads of attention for SWIN, has a
SWIN embedding dimension of 48 and has 200 SWIN output
classes.

4.1 Ablation testing

A majority of the setups tested withheld one or more of the
inputs from the model to ascertain the importance of that data
type. The following models were of this kind:

Images:
» no_landcover
« no_NDVI
« no_emisWB

no_height

no_view_zenith

« no_QC

no_LST _err

no_temporal_embedding

no_ancillary: Only LST was used as a model image input,
however QC and LST_err were still used to create a mask.
no_ecostress_ancillary: The ECOSTRESS ancillary bands
are: emisWB, LST_err, view_zenith, QC and height.

« no_ndvi_no_landcover

Features:
« no_wind: Both wind speed and wind direction were omit-
ted.
- no_svf
» no_feature_time: The time features are mentioned in Sec-
tion 3.1.3, all five were omitted.

Mixed:
- no_ancillary_images_no_svf

4.2 Temporal stack testing

The base model had a temporal stack size of 1, meaning that
each stack contained a data instance for the current timestamp,
and the first available one before it. Two models were tested that
changed this parameter:
« temporal_stack_0: Each stack only contained a single data
instance, the one for the current timestamp.
« temporal_stack_2: Each stack contained 3 data instances,
one for the current timestamp and then the two that directly
preceded it.

4.3 Mask testing

To promote the incorporation of data quality data in the cross
attention process, specific bands are processed into a mask that
is used to manipulate the attention between image and feature
data. In the base model only the QC and LST_err bands are used
to produce this mask. The following models experimented with
different setups for the mask.
» no_mask: The model was trained without a mask during
cross attention.
« all image _as_mask: All ancillary image types were used
to create the cross attention masks.
« all_ancillary_image_as_mask_not_image: All ancillary
image types were used to create the cross attention masks,
however they were not used as image inputs.

4.4 Training setup

Training was conducted on a machine with the following speci-
fications:

« NVIDIA Corporation GA102 [GeForce RTX 3090]

+ Ryzen ThreadRipper CPU

5. Training Results

The following section details the results of model training. All
listed losses were achieved on the test set.

5.1 Overall model performance

Losses for the tested models can be seen in Figure 8. Immedi-
ately evident is that nearly all tested models outperformed the
base model. Removal of each individual image input lead to
an improvement, which was also true for the feature inputs
with exception of the time feature. The contrast between the
influence of removing the time feature and the temporal image
embedding, despite being essentially the same information, in-



dicates that the temporal embeddings are not succeeding in their
task of informing the model when predictions are being made.

The performance of the two temporal stack models shows that
having information on previous LST captures is beneficial, but
only up to a point. The average time between data instances was:

« 143 hours between the first and second data instance.
« 285 hours between the first and third data instance.

The increased performance of the base model over the temporal
stack 0 model indicates that, despite an average gap of 143 hours
between data instances, the model is still able to glean useful
information. This is in contrast to the temporal stack 2 model.
Either 285 hours is too large a gap for information to still be rel-
evant, or the 50% increase in information (compared to the base
model) that needs to be processed by the same amount of model
parameters is inhibiting proper learning of said information.

This overcrowding may also be an explanation for the increased
performance when features are omitted. Removal of an image
type whose contribution to accuracy is limited may allow the
model to better focus on more relevant information. The order of
the individual image ablation models could give an indication of
how relevant each image type is. This would suggest the NDVI
contributes the most to accuracy, whilst view_zenith contributes
the least.

The performance of the mask model shows that the QC and
LST err images types are not helping when integrated as a
mask. However, the accuracy of the “all_image_as_mask” model
indicates that the mask can contribute significantly if it is
comprised of the correct information. One possibility is that
the mask is alleviating the potential overcrowding of the model
parameters. The mask layers effectively increase the amount
of parameters that the model can use to learn the task. The
“all_ancillary_as_mask_not_image” model which is effectively
the inverse of the “no_mask” model, have almost identical
losses. This indicates that the manner in which data is supplied
(either as an input to cross attention or as a mask) is less
relevant than the volume of information. The performance of
the “all_image_as_mask” clearly shows that simply giving the
model more room to process the same data leads to improve-
ments.

The  good  performance of models such as
“no_ndvi_no_landcover” and “no_ancillary_images_no_svf” in-
dicates that it is not necessary to have a full set of ancillary bands
to create an acceptable model. This is a desirable quality as it
shows that regions without good remotely sensed data can get
by using only ECOSTRESS data, which is available for free and
has (near) global coverage.

model type

model loss

allimage as mask

no ndvi no landcover

no view zenith

no landcover

no ancillary images no svf
no height

nolsterr

no emiswb

all ancillary as mask not image
no svf

no ancillary

no mask

noqc

no wind

no temporal embedding
no ndvi

base

no ecostress ancillary images
temporal stack 2
temporal stack O

no time

-3.18

Figure 8: The performance of the 21 tested models. The colored
bars indicate the distance to the loss of the base model

5.2 Seasonal model performance

Figure 9 and Figure 10 show the averaged performance of all
models across the period of a full year and a single day respec-
tively. Note how the samples follow the distributions of the
overall dataset as described in Section 2.4.1. There do not seem to
be any significant patterns within the measured performances.
In both figures a number of instances deviate from the mean
significantly, but these are generally confined to periods with
very low sample counts. The exception to this is the month of
October, which has both a high sample count, and is at least one
standard deviation away from the mean.

month mean month loss sample count
January 26
February 634
March 280
April 933
May 147
June 964
July 104
August 900
September 156
October 575
November 100
December 348
5167

Figure 9: Averaged performance of all models across a year. The
colored bars indicate the distance to the mean loss.



hour mean hour loss sample count

00:00 65
01:00 27
02:00 45
03:00 -3.52 72
04:00 193
05:00 246
06:00 331
07:00 351
08:00 362
09:00 469
10:00 343
11:00 546
12:00 466
13:00 432
14:00 373
15:00 262
16:00 178
17:00 114
18:00 53
19:00 -3.39 69
20:00 36
21:00 -3.57 73
22:00 46
23:00 15
5167

Figure 10: Averaged performance of all models across a day. The
colored bars indicate the distance to the mean loss.

standard deviation

month | 0.222

hour 0.146

Table 1: The standard deviations for Figure 9 and Figure 10.
5.3 Model training speeds

Figure 11 shows how much time each model needed to complete
a single epoch. Models with reduced image inputs processed
faster than those with more. This is not entirely surprising,
as the computational complexity of the SWIN components is
greater than any of the other layer types used in the model. The
impact of removing feature data is almost non-existent, with the
“no wind”, “no svf” and “no time” models having times nearly
identical to that of the base model. The effect of changing the
size of the data instance stack is clearly visible by comparing
the “temporal stack 0”, “base”, and “temporal stack 2” processing
speeds, increasing in steps of approximately 27 seconds for each
added layer in the stack.

model type seconds per epoch

no ancillary images no svf 20.5
no ancillary 21.5
no ecostress ancillary images 33.0

all ancillary as mask not image 35.5

temporal stack O

no ndvi no landcover

no mask

noqc

no emiswb

nolsterr

no height

no ndvi

no view zenith

no landcover

no temporal embedding
no svf

no time

base

no wind

allimage as mask 83.8
temporal stack 2 93.2

67.5

Figure 11: The amount of time in seconds necessary for every

model type to complete a single epoch. The colored bars indicate

the distance to the base model. The listed values combine the
training and validation times.

5.4 Model training behavior

Figure 14 shows how the validation loss of the models behaved
during training. Most of the models achieved their best valida-
tion score around the 50th epoch. After this the model would
start to overfit on the training set, as indicated by losses that
generally get worse after their best performance. Notable is that
the two best performing models “no_ndvi_no_landcover” and
“all_image_as_mask” both experienced a sudden improvement
near the 50th epoch.

5.5 Increased model size experiments

Additional models were trained and tested specifically to ascer-
tain if increasing the amount of model parameters would
improve performance. For these experiments variations of both
the “base” and “all_image_as_mask” models were made. The
tested models were:

Variations on the “base” model:
« base_swin_big: Uses [4, 8, 16, 32] attention heads during
SWIN, instead of [3, 6, 12, 24].
+ base_96: Uses a SWIN embedding size of 96, instead of 48.

Variations on the “all_image_as_mask” model:

. all_image_as_mask_400: Uses 400 output classes for the
SWIN components instead of 200.
all_image_as_mask_cross_heads_6: Uses 6 heads of at-
tention during cross attention instead of 3.
all_image_as_mask_swin_big: See above.
all_image_as_mask_96: See above.
all_image_as_mask_96_300: Uses 300 output classes and
an embedding size of 96.

The test performances for these models can be seen in Figure 12.
Both of the “base” model varieties improved against their prede-
cessor, suggesting that the increased capacity is beneficial. This
was not the case for the “all_image_as_mask” model which did
not gain any improvements from altering the model setups.
One possibility for this is that the increase in model parameters
only allowed the model to overfit onto the data more than the



standard version. The results indicate that managing the correct
number of model parameters is a delicate balance between poor
performance and overfitting.

model type model loss

allimage as mask

base swin big

allimage as mask 400
allimage as mask cross heads 6
base 96

allimage as mask swin big
allimage as mask 96

base

allimage as mask 96 300

-3.18

Figure 12: Performance of the additional models tested com-
pared to the “base” and “all_image_as_mask” models

Figure 13 shows the result of an additional data type ablation
test on the “all_image_as_mask” model. The results indicate that
all data types can contribute towards performance if the model
has enough space.

model type model loss
allimage as mask -3.41
allimage as mask nolsterr -3.27
allimage as mask no ndvi -3.25
allimage as mask noqc -3.24
allimage as mask no height -3.23
allimage as mask no landcover -3.22
allimage as mask no emis wb -3.14
allimage as mask no view zenith -2.93

-3.41

Figure 13: Performance of variations of the “all_image_as_mask”
model when data types are omitted.

6. Inference Results

Inference was executed on the three best performing
models: “no_ndvi_no_landcover”, “all_image_as_mask” and
“no_view_zenith”. The inference process results in a Geotiff file
with ten bands total. The first five bands contain temperature
predictions for the hours 1-5, and the last five bands contain
variance predictions for the hours 1-5. Figure 15 and Figure 16
visualize the predicted values for the first and fifth hours respec-
tively. Visible is how the temperatures decrease across the five
hour period while the variance rises. Hour 1 occurs at 12:25:24
and hour 5 at 16:25:24, making the decrease in temperature
desired, as it properly models how temperatures drop as the
sun moves away from its apex. The lowering of the variance
indicates that the model becomes less confident in its predictions
as it forecasts progressively further into the future.

A concerning feature noticeable in Figure 15 and Figure 16 is
that the temperature and variance maps have a visible degree
of similarity. This indicates that the variance is somehow corre-
lated to the temperature. Although both values are predicted
using the same underlying data, the loss function described in
formula (7) eliminates the absolute value of predicted tempera-
tures by subtracting it from the ground truth. This ensures that
the predicted temperature and predicted variance never interact
directly. One possibility for this correlation could be the circum-
stances of the particular moment inference was performed for.
As described in Section 3.3, the inference timestamp occurred
during a heatwave, thereby exposing the model to data it may
not be overly familiar with. When predicting temperatures that

deviate significantly from the mean, the model is encouraged to
raise the variance, as doing so will lower the loss it incurs in the
event that its prediction missed the mark. This risk aversive be-
havior could lead to temperature and variance being correlated.

nowind temporal stack 0 temporal stack 2
o %7, o
4 Fa
[}
| 11\ f
N W,
\
l
W
»° | ,99 »° =
M - A
o o o
K 270 270
Ed K4 Ed K4 L Ky
o no temporal embedding notime no view zenith
2 »f pal
o1 Yl o of W,
> b ;bf" 2 \
M L
o ° ©
»o s »7o
Cd Ky L K3 L K3
° nondvi noac no svf

2° , »° »°
o o '
» o » o 20
P S F) S & &
nolsterr no mask no ndvi no landcover
2° 2 2°

1,79
o o o
»7o 270 270
L K4 L4 K4 Cd K4
o no emiswb o no landcover

Y|
2° \ »°
|
UM W M,
SN
v © o
»0 s Fal
4 K 4 K Cd Ky
no ancillary images no svf noancillary no ecostress ancillary images
© 3 3
v 2 2
| |
|
\
o o 1 o
» "] » »
x4 0 0
7e ¢ £ 7 ® £ 7 5 &
allancillary as mask notimage allimage as mask base
x & 2|
2° I W 21 »°
A | W,
20 & K4 K & K4 70 & K

Figure 14: The behavior of the model validation losses during
training. The Y axis contains the validation loss, whilst the X
axis lists the epoch number. The lines changing color indicate
at which point during training the best validation loss was
achieved. Note that due to the exceptionally poor performance
of the “no time” model, its loss is scaled between -1 and -3.5,
instead of -2.5 and -3.5 for all the other models.



ence map for the “no_ndvi_no_landcover” model in Figure 19 is
all_mask_as_image all_mask_as_image almost entirely flat, signifying a heavy correlation between the
temperature hour 1 variance hour 1 predicted temperatures and variances. Although the two other
models have more visible differences, they are still far from ideal.
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L NVZ:e

Bin size

Figure 15: The predicted temperature and variance maps for

hour 1 of the “all_image_as_mask” model. Temperature values

are a factor between 0 and 1, denoting a temperature between
-20 and 50 degrees Celsius.

Variances

all_mask_as_image all_mask_as_image

temperature hour 5 variance hour 5 . : . .
P Figure 17: Histogram of the inference variance values of the

three best performing models. Model names were abbreviated:
NNNL: “no_ndvi_no_landcover”, AIAM: “all_images_as_mask”,
NVZ: “no_view_zenith”
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Figure 16: The predicted temperature and variance maps for I

hour 5 of the “all_image_as_mask” model. Temperature values

are a factor between 0 and 1, denoting a temperature between
-20 and 50 degrees Celsius.

Bin size

Figure 19 shows, for the three best models, the temperature,
variance and difference between the two. This difference was

calculated with the following formula: Variances
diff = abs(t — abi -1 8
ifference = abs(temp_n — abs(varn — 1)) ®) Figure 18: Histogram of the training variance values of the
Where three best performing models. Model names were abbreviated:
NNNL: “no_ndvi_no_landcover”, AIAM: “all_images_as_mask”,
t — min(t NVZ: “no_view_zenith”
temp.n = emp — min(temp) ©)

max(temp) — min(temp)

var — min(var)

(10)

varn = max(var) — min(var)

After normalizing the temperature and variance maps between
their minimum and maximum values, the variance is subtracted
from the temperature. The resulting map highlights areas where
temperature and variance are different in scale. If a model
produces temperatures and variances that correlate with each
other, the difference map will be devoid of features. The differ-
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Figure 19: Temperature, variance and the difference between the two, for the three best performing models.

The variances shown in Figure 19 are visualized as a histogram
in Figure 17. Interesting is that the “no_ndvi_no_landcover”
model was extremely confident in its predictions when com-
pared to the other two models, yet suffered the most from a
correlation between the temperature and variance. Whether the
mean and spread of variance values are connected to the corre-
lation discussed above, or if they are both products of some other
process is unknown.

Figure 18 shows the variances recorded during model training.
When compared to the inference variances it is clear that the
model training behavior with regards to variance is much more
uniform. The “no_ndvi_no_landcover” became more confident
in its predictions during inference, whilst “no_view_zenith” did
the opposite. “all_image_as_mask” remained the most stable of
the three, becoming less confident overall but not by much.

6.1 Performance between urban and non-urban areas

6.1.1 Method 1: To determine the performance of the model
across different urban environments, stations were clustered
together based on an estimate of the level of urbanization around
them. For each station position, the NDVI and Landcover bands
were sampled with a 32x32 pixel window. For NDVI samples, the
mean of the returned values was calculated. For the Landcover
samples the number of occurrences of the “not vegetated” class
were counted, and this value was then divided by the number
of pixels in the sampling window. Figure 20 shows how these
values are correlated with each other. This figure also indicates
into which cluster each point was added. Group 0 had 48 mem-
bers, group 1 had 114 and group 2 had 107.
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Figure 20: Graph showecasing the correlation between the NDVI

band and the “non vegetated” class in the Landcover band. The

different colors denote the groups created by K-means cluster-
ing.

For each cluster the mean loss of its stations was calcu-
lated. This process was executed for the 3 best performing
models: “all_images_as_mask”, “no_ndvi_no_landcover” and
“no_view_zenith”, resulting in a total of 9 values. To test if these
values were statistically relevant, the stations were randomly
divided into groups of equal size as the clusters. The means
and standard deviations of these groups were then calculated.
This procedure was performed 100 times and the results were
averaged together. The calculated values cab be seen in Table 2.

model cluster sampled sampled
name cluster mean mean std
NNNL 0 -3.49 -3.41 0.39
1 -3.32 -3.39 0.45
2 -3.42 -3.39 0.47
AIAM 0 -3.51 -3.39 0.47
1 -3.33 -3.38 0.50
2 -3.39 -3.39 0.50
NVZ 0 -3.43 -3.33 0.49
1 -3.25 -3.31 0.58
2 -3.33 -3.31 0.56

Table 2: Table showing the results of the clustering and random

sampling processes. Model names were abbreviated: NNNL:

“no_ndvi_no_landcover”, AIAM: “all_images_as_mask”, NVZ:
“no_view_zenith”

Although the results in Table 2 show that the cluster means
deviate from the sampled means, they do not do so to the degree
that indicates a measurable effect. Changing the sampling win-
dow size and number of clusters has an impact on the resulting
means. However repeated testing showed that a window size of
32 and a cluster count of 3 (of which the results are shown above)
produced the largest deviation from the sampled mean.

6.1.2 Method 2: Another method involves comparing the
variance values calculated during inference. If either urban or
non-urban areas are harder to accurately predict temperates for,
this will be reflected in the variance values.

The Landcover and NDVI bands were used to create a mask
to approximate the position of urban areas in the Netherlands.
For the Landcover band the “non vegetated” class was used to
form a mask. In the NDVI band, values below 0.3 determined the
formation of the mask. These intermediate masks and the result
of their intersection can be seen in Figure 21.

NDVI < 0.3
band mask

Lancover "non vegetated"
band mask

Combined mask

Figure 21: The two intermediate masks and the final combined
“urban area” mask.

Values for the mean masked variance and mean total variance
can be seen in Table 3. These results were calculated using the
hour 1 variance band. Since the masked mean and total mean are
nearly identical, it can be safely assumed that either the variance
is a bad indicator of model performance or that the model
performs equally well regardless of if an area is urban or non-
urban. Changing the cutoff value for the NDVI mask drastically
alters its shape, however testing indicated that means resulting
from higher and lower values did not alter the results in any
significant way.

model name | masked mean total mean total std
NNNL 0.000285 0.000285 0.000110
AIAM 0.000598 0.000597 0.000164
NVZ 0.000968 0.000966 0.000240

Table 3: Table showing the results of averaging the masked

vs total variances. Model names were abbreviated: NNNL:

“no_ndvi_no_landcover”, AIAM: “all_images_as_mask”, NVZ:
“no_view_zenith”

6.1.3 Method 3: A final method of determining performance
in urban areas involved calculating the standard deviation of the
loss for each station, and then creating a raster by interpolating
the standard deviation values. The result of this process can be
seen in Figure 22. The interpolation was made using an inverse
distance weighted algorithm. In this image brighter spots repre-
sent stations with a high standard deviation, while darker spots
mean the opposite. At a glance there are no noticeable patterns.
Factors such as proximity to water also do not appear to be
affecting the standard deviation values.



Standard deviation

O.0 T ]o0.2

Figure 22: Interpolated raster of station loss standard deviation
values. Bright spots signify stations with higher standard devia-
tions, whilst darker spots denote the opposite.

Figure 23 provides a zoomed-in look at the city of Delft. Delft
was selected as it has a high station density. Visible is how sta-
tions with good performance and stations with bad performance
sit in close proximity to each other, which suggests that their
performance is not related to the urban environment they reside
in. If this were true, one would expect the pictured stations to
have a more uniform appearance.

Figure 23: A zoomed in section of Figure 22. The area in question
is the city of Delft. The image represents a 13km by 13km area.

7. Conclusion

Accurate and dense air temperature estimation can help identify
areas in urban environments that suffer from, or are at risk
of UHL Previous work has indicated that spatio-temporal trans-
formers are capable of handling the varied and complex data
necessary for this task. This study describes and evaluates a
spatio-temporal transformer model with integrated uncertainty
predictions that provide valuable context. The model performs
well during testing, and the outputs of the inference process
show promise.

Unfortunately, predicted variances are partially correlated to
air temperature estimations, indicating the model architecture
or loss function are flawed. Due to time constraints k-folds
cross validation was not utilized during training, making the
outcomes of model training less reliable.

Further work should start with discovering why predictions and
variances are correlated. Additionally, a greater focus should be
put on the estimation of temperatures in urban environments.
Development of efficient tools for the collection of data needed
to train the model will help expand the models range beyond the
borders of the Netherlands.

This study has demonstrated that spatio-temporal transformers
have potential for producing large-scale air temperature predic-
tions with estimated variances. It has also been shown that the
models can be adapted to work with a variety of input data. This
flexibility is valuable, as it allows for usage in areas that may not
have a wide range of high quality remotely sensed data available.
Such locations are also typically less well equipped to combat
climate change and UHIL

8. Discussion
8.1 Ancillary bands

Clearly visible in the various inference images (such as Fig-
ure 19) are inland bodies of water with a predicted air temper-
ature. These should have been set to nodata, as was done for
the oceans.

8.2 Seasonal

Figure 9 and Figure 10 indicate that, with one exception, all time
periods fall within a single standard deviation of the mean or
are obvious outliers. It seems safe to assume that the models
generalize well across both yearly and daily patterns.

8.3 Temporal

There are good indications that providing the model with
information of previous captures helps improve performance.
This is implied by the order of models in Figure 8, wherein
the “base” model outperforms the “temporal_stack_0” model.
Additionally, since the “temporal_stack_2” model placed above
“temporal_stack_0”, it can be assumed that the extra temporal
information provided is assisting the model more than the in-
creased space consumed is costing it. Ultimately, it is surprising
that incorporating information that is on average 143 hours old
still provides tangible benefits to model performance.

Somewhat disappointing is how much the model relies on the
time feature. Figure 8 shows beyond a shadow of a doubt
that without the time feature, predictions become completely
unreliable. This combined with the fact that the wind and SVF
feature seemingly contribute nothing to performance, gives the
impression that the feature transformer is exclusively occupied
with processing the current date and time. This is in stark
contrast to the temporal image embeddings, which was not able
to contribute to increased model performance. Even when the
time feature is omitted, the model is unable to properly parse the
temporal embeddings, despite containing essentially the infor-
mation.

8.4 Urban

The results of the three methods described in Section 6.1 make
clear that there is no difference in model performance between
urban and non-urban areas. It can therefor be assumed that the
models generalize well for different areas.



8.5 Variance predictions

The predicted variances provide a lot of valuable context to
the inference predictions. However, the current variance values
are most likely correlated with the temperature estimations in
some way, and therefor difficult to interpret. Additionally the
behavior of the variances changes radically depending on the
model used for inference, as seen in Figure 19, Figure 17 and
Figure 18. Fully grasping the behavior of the variances is com-
plex, as it seems to change from model to model. The fact that
the variance histograms are so different between training and
inference suggests that the model is being confronted with data
it is wholly unfamiliar with. And logically speaking this makes
sense. Since the training is fixed to 269 station positions, it is a
certainty that the model is receiving inputs that are biased in
some way. Specific bands are more susceptible to this, such as
height, which is unlikely to change in any significant way over
a four year period. It is understandable that a model has trouble
interpreting 7.5 million new height samples when it has only
ever been trained on approximately 200.

8.6 Temperature predictions

The predicted inference temperatures are promising. Estimated
values make sense for the period that predictions are being
made for. Figure 15 and Figure 16 show clearly that the model
is capable of looking a number of hours into the future. Some-
what concerning is how different the predicted values can be
amongst models of similar test score, as indicated in Figure 19.
The temperature predictions for the “no_view_zenith” model
are strangely smooth.

8.7 Training

As mentioned in the conclusion, k-folds validation should have
been implemented. This was skipped due to time constraints, as
it would have quintupled the needed training time.

At least three additional model tests should have been run:
« A variant of “all_image_as_mask”, but with the QC and
LST_err bands omitted.
« Avariant of “all_image_as_mask”, but temporal embeddings
disabled.
« A variant of “base” with both temporal embeddings and the
time feature turned off.

Another option that would have been worth exploring was
randomly dropping pixels in training input images. This might
have led to models more resistant to unreliable data. Image
transforms on data instances might also have been interesting,
whereby the images are rotated / flipped, so as to simulate more
training data.

The majority of tested models focussed on image data or SWIN
parameters instead of the feature, cross attention, and linear
layer parameters. With more time it would have been nice to
explore the impact of the parameters associated with these other
layers.
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4. Closing discussion

Although the focus of this thesis concerns the design and testing
of a machine learning model, the majority of work was spent
acquiring, processing and managing datasets. This involved
performing spatial queries to calculate only the exact subset of
data needed, maintaining databases with sensor measurements
and devising methods for matching thousands of image samples
with their temporal neighbors.

One notable example is needing to build a web scraper so as to
be able to download a vital dataset. This dataset was actively
being shut down by its owners and no longer had a functional
APL Fortunately, small samples of data could be downloaded
via their website. The aforementioned scraper then spent three
weeks downloading 3GBs worth of data, one file at a time.

Sampling raster files at specific positions and resolutions was
necessary for both creating training data and performing infer-
ence. This required a good understanding of handling different
CRSs and dealing with transforms and re-projections. Appreci-
ation for good metadata was further strengthened when having
to both read and write complex Geotiffs.

The Geomatics courses whose material and assignments shaped
the knowledge needed for this thesis include:

« GEO_1001 Sensing Technologies: For an understanding of
remote sensing fundamentals, both practical and theoretical.
GEO_1002 GIS: For all the work done visualizing rasters and
performing operations with them.

GEO_1003 Positioning: For an understanding and apprecia-
tion of coordinate reference systems.

GEO_1006 Databases: For all the practice with querying
databases and the theory on efficient data usage.

GEO_5019 Studio: For an introduction to modern geo tech-
nologies.

The mindset of all educators involved in the Geomatics program
was also instrumental in shaping an environment that fostered
creativity and cooperation. Most of the figures in this thesis were
created with Blender, a practice that was honed and encouraged
during the many assignments made.

4.1 Future work

The following is a list of experiments, alterations and additions
that would have been interesting to pursue, had there been time:
« k-folds validation for model training would have lent greater
certainty to the conclusions drawn.
Additional model setup tests that could have further
strengthened the results, or pursued higher model perfor-
mance. They are mentioned in the discussion in part 3.
A web-app to view the model descriptor and performance
JSON files. Descriptor files defined how models were trained,
and performance files recorded the progress of a model
during training. An interactive webpage where these files
could be compared against one another would have made
model results easier to parse.
Expanding the training dataset with data from outside of the
Netherlands. It would have been interesting to see how the
model performed when confronted with data from radically
different climates and environments.
A better system for the acquisition and maintenance of
training data. The process for procuring data is still very
hands-on. Building a system that could automatically fetch
data for a specific region, or even update datasets when new
ECOSTRESS captures become available would have been a
fun challenge.

5. Reproducibility
5.1 Data

This thesis used data from four sources:
1. LST and its ancillary bands from ECOSTRESS (NASA, 2018)
2. NDVI and Landcover from ESA (Copernicus, 2020a, 2020b)
3. Sensor Air temperature, wind speed and wind direction
data, and raster SVF imagery from the Dutch weather ser-
vice: KNMI (KNMI, 2026)
4. Wind raster data from ERA-5 (Hersbach et al., 2023)

Of these four, 1, 2 and 4 are available globally and for free,
and should therefor not be difficult to acquire for other regions.
Countries other than the Netherlands also have free APT access
to their sensor measurements, but it is unknown how many
there are and to what degree their methods and available data
overlap with those of the KNMI. Although no tests have been
performed regarding the performance of the model when only
exposed to training data for a specific type of area, it seems safe
to assume that a wide variety is necessary. The effectiveness of
the model when applied to other regions can therefor depend
on the coverage of stations. Related to this is the unknown
impact that utilizing the Netherlands as a study area has had on
drawn conclusions. It is possible that additional data types are
necessary for the model to function properly in regions that do
not resemble the features found in the Netherlands.

The model has proven remarkably flexible in terms of its pro-
vided input. Only LST imagery and air temperature readings
are required data types. Users can append as much or as little
additional data as they wish, adjusting to available computing
power and data.

5.2 Code

All code for this thesis was created in Python, and dependancies
were kept to a minimum to make usage easier. Code can be split
into three main categories:
« Programs for the downloading of API data.
« Programs for the processing of input data.
« Programs related to describing the model, running training
and inference, and preparing data.

Included in the project is a JSON pathing file. Users can edit this
file with a number of local paths, and all scripts in the project
will then be able to function properly.

Model setups are defined in JSON files. Editing these files alters
how model training is executed. Additional datasets can easily
be integrated by adding their information to these files and
enabling their inclusion.

Code that was copied from online sources is noted as such, and
is accompanied by a link to its origin.

6. Alusage

Generative Al was not used at any point in the making of this
thesis. All images, text, code, references and mistakes were made
by a human. This is also true for all the logical thinking and
reasoning performed while working on aspects of this project.
All received advice and help was of human origin.
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