
Measuring Fine-Grained Urban Air Temperature with Satellite Imagery

Minhyuk Song1, Sungwon Han1, Seungeon Lee1, Donhyun Ahn2, Jihee Kim1, Meeyoung Cha2,1

1Korea Advanced Institute of Science and Technology (KAIST), Daejeon, South Korea
2Max Planck Institute for Security and Privacy (MPI-SP), Bochum, Germany

Abstract

Recent studies on the urban heat island phenomenon reveal
how rapid urbanization intensifies temperature disparities in
urban cores, highlighting the need for sustainable urban plan-
ning solutions. Analyzing the problems caused by these ef-
fects requires high-resolution climate data; however, physical
weather stations often lack sufficient regional coverage and
resolution. Proposals for alternative methods have attempted
to bridge this gap, but they fall short in capturing regional
characteristics adequately or necessitate obtaining difficult-
to-get input data. This research proposes to use satellite data,
where the visual spectrum provides rich information about
the degree of human development and is easy to obtain, to
measure urban air temperature. Our model, UrbanHeat, uses
multi-resolution satellite imagery and employs land surface
temperature and global climate data as proxy labels to predict
air temperature at a granular scale. The results show that the
model provides predictions at a much finer scale while show-
ing superior performance in measuring ordinal relationships
between points by capturing both local and broad land cover
details of the region. Our case studies demonstrate how pre-
dictions at high resolution can help protect vulnerable popula-
tions from extreme heat (e.g., elders or developing countries)
and contribute to sustainable urban development worldwide.

Introduction
With rapid urbanization, more cities worldwide are filled
with complex human-made structures like high-rise build-
ings and roads that can change airflow dynamics and envi-
ronmental impact within urban cores. The term urban mi-
croclimate is being used to investigate and address the di-
verse effects resulting from the growing complexity of ur-
ban climates. In addition to the heat generated by human ac-
tivities and built environments, urban areas retain heat for
substantially longer periods than natural areas, leading to
the urban heat island (UHI) phenomenon (Rizwan, Dennis,
and Chunho 2008). Abnormally high temperatures due to
the UHI effect contribute to burdening public health systems
and increasing energy consumption in the urban core. These
issues significantly threaten sustainable urban growth, par-
ticularly in developing countries, which is highlighted in the
United Nations’ Sustainable Development Goal (SDG) #11.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

However, it is difficult to obtain air temperature data at
a high spatial resolution that is needed to accurately un-
derstand urban microclimates and the impacts of UHI ef-
fects. The traditional approach to gathering weather data in-
volves the use of automatic weather stations (AWS). How-
ever, weather stations often lack comprehensive regional
coverage (Menne et al. 2012; Muller et al. 2013), and their
spatial resolution cannot be used for fine-grained measure-
ments. This limitation is further exacerbated by factors such
as funding constraints and geographical accessibility, mak-
ing it even more challenging to obtain high-quality measure-
ments in developing countries. Moreover, although land sur-
face temperature (LST) data from infrared channel of satel-
lite imagery provides high-resolution insights into extreme
heat emissions from industrial activities (Portela et al. 2020),
its scale often differs significantly from air temperature due
to complex air dynamics influenced by human-made struc-
tures and traffic. Therefore, LST data requires adjustment or
supplementation to accurately study urban heat conditions.

At the macro level, global climate datasets (GCD) have
been constructed to approximate air temperature at an ar-
bitrary point, either by combining observational weather
data with climate models or by simulating global climate
by physical processes of the atmosphere and ocean. How-
ever, the resolution of GCD is often low: commonly used
global climate data (Hersbach et al. 2020; Eyring et al. 2016)
are at resolutions lower than 0.25◦ (i.e., 27.75km at the
equator), which are insufficient to capture regional charac-
teristics essential for policy-making. Moreover, while there
is extensive literature on producing high-resolution climate
datasets, a field often referred to as climate downscaling,
these approaches are less suitable for studying urban micro-
climates because they do not fully incorporate the human-
made changes prevalent in urban regions.

This work introduces UrbanHeat, a framework that pre-
dicts air temperature at a fine-grained resolution, enabling
urban heat measurement at the scale of human activities
and artifacts like buildings. By combining daytime satel-
lite imagery at multiple resolutions with LST data, our ap-
proach offers four key advantages: capturing rich visual
information about land cover and human activities, ana-
lyzing interactions between core and surrounding areas of
regions by utilizing multiple-resolution images, achieving
high-resolution predictions with the aid of LST, and provid-
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(a) GCD (CHELSA) (b) LST (c) UrbanHeat

Figure 1: Visualization of the air temperature predictions for Seoul by the UrbanHeat compared to other baseline models. Our
method can provide predictions at a much more fine-grained scale by considering the landscape of the region.

ing a cost-effective solution with extensive global coverage
that does not require active measurement efforts.

Using multi-resolution satellite imagery and topological
data (i.e., latitude and elevation) as inputs, UrbanHeat em-
ploys two visual encoders and cross-attention modules to
uncover the relationships between the inputs. We used two
proxy labels, LST and GCD, to train the model to over-
come the lack of real air temperature measurements. The
model learns to rank the points based on the LST data
while keeping its prediction scale consistent with the coarse-
grained GCD value. We confirm model predictions have
high correlations with the ground-truth air temperature mea-
sured at real-life weather stations, while further extrapolat-
ing the data to fine-grained levels (i.e., 0.25km×0.25km).
The heatmap in Figure 1 shows that the model enables pre-
dictions at a granular scale. For instance, the model accu-
rately captures temperature differences near the Han river in
Seoul, whereas previous methods often overestimated tem-
peratures by focusing solely on elevation data. This shows
that UrbanHeat effectively incorporates the region’s land-
scape in temperature prediction.

Lastly, we offer case studies where we apply UrbanHeat
in Dhaka, Bangladesh, and Seoul, South Korea for spatial
and temporal assessments of urban heat. Specifically, we
show how UrbanHeat can be utilized to assess spatial dispar-
ities and track time changes in urban heat at a fine-grained
level, uncovering unequal temperature rises within a city.
When coupled with other socio-economic data, this fine-
grained measurement can help real-world policymaking and
urban planning by identifying vulnerable populations ex-
posed to extreme heat. Accurate measurement of urban heat
is particularly relevant for the future as more people migrate
to cities, with an estimated 68% of the global population
expected to live in urban regions by 2050.1 Rapid urbaniza-
tion in developed and developing nations suggests that many
cities will struggle to accommodate the increasing popula-
tion while maintaining the same standard of well-being for
the vulnerable and less equipped. In this respect, Urban-
Heat can aid in tailored policy-making and urban planning to
prepare for changes in urban microclimates, enhancing the
quality of life in the future. Our code and appendix are avail-
able at https://github.com/archive-cs-minhyuk/UrbanHeat.

1UN Report 2018, https://tinyurl.com/y4s8vbek

Related Work
Climate Downscaling There have been many approaches
to downscaling the global climate data, including regional
climate models (RCM) and statistical downscaling methods
(SDM). These two methods differ in that the RCM tries to
make a prediction based on physical principles, while the
SDM utilizes statistical relationships between various lo-
cal climate variables. SDMs are recognized for their rela-
tively low computational complexity and flexible applica-
bility to GCD (Sunyer, Madsen, and Ang 2012). SDMs now
commonly employ deep learning; for instance, the super-
resolution (SR) technique in computer vision is used to
downscale climate variables such as surface temperature or
seasonal precipitation (Park et al. 2022; Baño-Medina et al.
2022). Others have developed new augmentation strategies
for climate downscaling to enhance the performance of
deep learning-based models (Yoo, Ahn, and Sohn 2020).
These methods have successfully achieved downscaling on
a broader scale. The current study complements these works
by focusing on local and granular analysis.

Measuring UHI Effect Station-based air temperature
measurements are often insufficient to capture the complex
urban temperature systems, thereby introducing the need to
employ other metrics. For example, LST has been utilized
as a proxy for air temperature to measure the UHI inten-
sity (Estoque et al. 2020; Wei et al. 2023). For the cities
that have a sufficient number of weather stations, super-
vised approaches are used to predict temperature over var-
ious environments such as population, traffic data (Oukawa,
Krecl, and Targino 2022), built-up area percentage, and wind
speed (Yoo et al. 2023). They provide useful insights related
to UHI effect measurement, but they primarily rely on dy-
namic climatic inputs, which require data collection over
time. This requirement significantly limits the scalability of
these approaches in terms of time and cost.

Satellite Imagery Deep learning approaches have utilized
satellite imagery to address various social issues. For ex-
ample, there are studies that estimate socioeconomic vari-
ables (Jean et al. 2016; Han et al. 2020a), or detect natural
disasters (Amit and Aoki 2017). These studies suggest that
satellite images contain rich information about human life,
which can be extracted by computer vision models to pro-
vide meaningful insights into social patterns.
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Method
Problem Definition
UrbanHeat predicts fine-grained urban air temperatures by
using LST and GCD values as proxy labels, without re-
quiring station-based ground-truth labels. Consider a set of
points C = {c1, c2, . . . , cm} within a city with a distance of
approximately 0.25km. For each point ci, we collected high-
resolution images x(h)

i with resolution of 0.25km (same with
area of ci) and low-resolution images x

(l)
i with resolution

of 0.5km. Latitude (ai) and elevation (ei) information were
collected based on the center of each point ci. Additionally,
LST values and GCD predictions were collected as heat-
related proxy labels, denoted respectively as ỹ

(LST )
i and

ỹ
(GCD)
i . Our goal is to train the model f that predicts the

air temperature ŷi at each point ci by using the above data
(i.e., ŷi = f(x

(h)
i , x

(l)
i , ai, ei)), where the prediction ŷi is

desired to be close to real temperature yi.

Framework Overview
We propose UrbanHeat, a framework for predicting fine-
grained urban air temperatures. UrbanHeat utilizes multi-
resolution satellite images to capture both local and broad
landscapes of the region and employs two different knowl-
edge sources for effective optimization. The proposed model
includes two distinct encoders and cross-attention modules
to extract a comprehensive embedding that incorporates the
interactions between the core and surrounding areas using
satellite images at two different resolutions. This embedding
is combined with basic topological information (i.e., lati-
tude, elevation) and used to predict air temperature. Then,
using multi-task learning, we optimize the model using in-
formation from GCD and LST. We use regression for GCD
to adjust the absolute scale of the model prediction, and em-
ploy a ranking-based training objective for LST to learn the
ordinal relationship of temperature between regions. Fig-
ure 2 visualizes the overall framework.

Model Architecture
With input variables of x(h)

i ,x
(l)
i , ai, ei for each point ci, we

design a structure to capture relevant information affecting
air temperature and to identify the relationships among these
variables. By utilizing encoders g(h) and g(l), the module
first maps satellite images x(h)

i and x
(l)
i to latent representa-

tions z(h)i and z
(l)
i with the shape R(W×H)×D, respectively.

z
(h)
i = g(h)(x

(h)
i ), z

(l)
i = g(l)(x

(l)
i ), (1)

where W, H and D refer to the width, height, and hidden
dimension of the representations.

To enhance the interactions between core and surround-
ing information presented in multi-resolution satellite im-
agery, we incorporate these considerations into the architec-
ture design, rather than simply utilizing the concatenation of
two image embeddings. Consequently, we introduce a multi-
view cross-attention module to efficiently highlight the criti-
cal information depicted in both satellite images. Each cross-
attention module treats one image as the query image and the

other as the value image. In the query image, max-pooling
is used to extract a representative understanding of the im-
age, and a linear projection Pq is applied to create the query
vector q ∈ RD. In the value image, linear projections PK

and PV are applied to the latent representation z, generat-
ing the key matrix K ∈ R(W×H)×D and the value matrix
V ∈ R(W×H)×D, respectively. For instance, when the query
image is x

(h)
i and the value image is x

(l)
i (i.e, h→l), these

concepts are defined as follows.

qh→l = Pq(maxpool(z(h)i )

Kh→l = PK(z
(l)
i )

Vh→l = PV(z
(l)
i ) (2)

For the case where x
(l)
i is the query image and x

(h)
i is the

value image, the process can be reversed and executed in
parallel using separate linear projection matrices. With these
values, we apply scaled dot-product attention (Vaswani et al.
2017) which are defined as the following equation.

Att(q,K,V) = softmax(
qKT

√
dk

)V (3)

To better utilize the information contained in the original im-
age, we added the original image embedding to the applied
attention values, finalizing the embedding for each image.

r
(l)
i = Att(qh→l,Kh→l,Vh→l) + avgpool(z

(l)
i )

r
(h)
i = Att(ql→h,Kl→h,Vl→h) + avgpool(z

(h)
i ) (4)

Finally, we concatenate r
(l)
i ∈ RD and r

(h)
i ∈ RD with lati-

tude ai and elevation ei, and then use MLP layers to predict
the air temperature ŷi.

ŷi = MLP(Concat(r
(h)
i , r

(l)
i , ai, ei)) (5)

Learning with Proxy Labels
Since the spatial resolution of weather stations is often too
sparse, many regions are not covered by stations, making
it challenging to determine temperatures in these uncovered
areas. We hence consider two proxy labels from GCD and
LST values for multi-task learning. Both data are accessible
globally, enabling these steps applicable anywhere on Earth.

Global Climate Dataset GCD predictions are likely
to have a similar scale to that of real-world air tem-
peratures (Mistry et al. 2022). Therefore, we utilize a
GCD-based scaling loss, which calculates the Mean
Squared Error (MSE) between our model’s prediction and
the GCD value, ỹ(GCD)

i , to match the prediction scale. With
a training batch BGCD, the equation for calculating LGCD

is written as the following equation:

LGCD =
1

|BGCD|
∑

i∈BGCD

||ŷi − ỹ
(GCD)
i ||2 (6)

However, typical GCD methods fail to consider regional an-
thropogenic heat sources crucial for understanding complex
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Figure 2: Overview of the proposed framework. With multi-resolution satellite images and topological information (i.e., latitude,
elevation) as an input, the model predicts fine-grained urban air temperature ŷ, by passing a visual encoder, a cross-attention
module, and an MLP layer. We train our model using two loss functions, by using proxy labels from LST and GCD.

urban thermosystems and provide insufficient resolution,
thereby introducing errors in predictions at a granular level.
Consequently, training a model solely with GCD labels in-
herits these shortcomings. To address this issue, it is neces-
sary to incorporate an additional information source that can
estimate temperature variations within granular areas.

Land Surface Temperature LST data are a relevant alter-
native to overcome the limitations inherent in GCD values.
LST data, which are derived from a satellite’s thermal band,
reflect the temporal characteristics of regions with a rela-
tively high spatial resolution (e.g., 0.1 km). Using LST data
as a proxy label enables the model to learn the relationships
between regional heat levels and the landscape information
captured in optical satellite images. However, using raw LST
values as ground-truth labels for model training also poses
challenges. Firstly, while LST data effectively captures the
ordinal temperature relationship between regions, its abso-
lute scale significantly differs from real air temperature. Sec-
ondly, raw LST values are often noisy due to temporal cloud
conditions. To address these issues, we do not use absolute
LST values for training; instead, we group points based on
LST values, allowing the model to learn the ordinal informa-
tion among groups by LST-based ranking loss. In addition,
we employ pruning based on the yearly record of LST val-
ues, which are more noise-tolerant.

We aggregate data points by the LST values of the target
period into n groups in ascending order, where the set of
groups is defined as G = {G1, G2, . . . , Gn}. All groups
contain the same number of points. Then, we again group
the points using yearly average LST values into the set of
groups, denoted as Ĝ = {Ĝ1, Ĝ2, . . . , Ĝn}. We denote
the group index of the point ci within the set of group G as
IG(ci). For each point ci, if the group index difference be-
tween G and Ĝ is larger than 1 (i.e.,

∣∣IG(ci)− IĜ(ci)
∣∣ > 1),

we considered this as a noisy LST value and pruned the point
from the training dataset. This prevents points with erro-

neous satellite data, such as those obscured by clouds, from
being included in the dataset. Here, we set the threshold to 1
to account for the seasonal variation in LST.

By using grouped LST labels, we ensure that the model’s
predictions align with the ordinal relationships in the LST
data. We employ Spearman correlation as the loss func-
tion, which measures the degree of agreement between two
ranked variables. In each training step, the given batch BLST

includes K ordered sets of points, each sampled from the
groups G ∈ G. Specifically, for a k-th ordered set, we sam-
ple one point from each group (i.e., c(k)1 ∈ G1, c

(k)
2 ∈

G2, . . . , c
(k)
n ∈ Gn ). Then we compute the model out-

put of each points, resulting in list of predictions P (k) =

[ŷ
(k)
1 , ŷ

(k)
2 , . . . , ŷ

(k)
n ] and their LST group indices I(k) =

[IG(c(k)1 ), IG(c(k)2 ), . . . , IG(c(k)n )]. UrbanHeat maximizes
the Spearman correlation of the following equation:

1− 6||rank(P (k))− rank(I(k))||2

n(n2 − 1)
(7)

Here, the rank function returns the ranking of elements in a
list. Because we sample points from each group in G, which
is already sorted in ascending order, rank(I(k)) is always
[1, 2, . . . , n].

However, since the rank function is not differentiable,
Eq. 7 is infeasible for a loss function to train our model.
Therefore, we adopt a method to approximate the ranking
algorithm by using a differentiable sorter (Engilberge et al.
2019; Han et al. 2020b). We first define a function σ that
compares two scalar values a and b:

σ(a, b) =
1

1 + e−λ(b−a)
(8)

The output of the function would be close to 0 (or 1) when
a is larger (or smaller) than b. This behavior allows σ to ap-
proximate the relative rank between two input scalars, where
the hyperparameter λ determines its sensitivity. Utilizing the
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function σ, we define RP (k)(ŷ
(k)
i ) as the differentiable rank-

ing of ŷ(k)i within P (k), calculated by summing the results
of its comparisons with all other elements in P (k):

RP (k)(ŷ
(k)
i ) =

n∑
j=1; j ̸=i

σ(ŷ
(k)
i , ŷ

(k)
j ). (9)

We then define rankd as the function that returns the
differentiable ranking of elements in a given list (e.g.,
rankd(P

(k)) = [RP (k)(ŷ1), RP (k)(ŷ2), . . . , RP (k)(ŷn)]).
Here, we denote ŷ

(k)
i as ŷi for simplicity. Utilizing func-

tion rankd, we formulate the loss objective to maximize
the spearman correlation in Eq. 7 as following:

LLST =
1

|BLST |
∑

k∈BLST

||rankd(P
(k))− rank(I(k))||2

=
1

|BLST |
∑

k∈BLST

n∑
i=1

||RP (k)(ŷ
(k)
i )− i||2. (10)

Here, |BLST | = K × n.

Final loss objective With the adjusting parameter α, Ur-
banHeat is trained to optimize the following loss objective:

L = LLST + α× LGCD (11)

Experiments
Datasets
We collected satellite imagery corresponding to the longi-
tudes and latitudes of Hong Kong and Seoul from World
Imagery data of Esri between 2018 and 2019. Elevation data
was gathered from the SRTM 1 Arc-Second Global dataset,
using the EarthExplorer platform. We used the Google Earth
Engine platform to collect the LST data using the Landsat 8
Collection 2 bands, which have a resolution of 0.1 km for
the thermal band. For GCD, we used the CHELSA (Karger
et al. 2017) dataset. For evaluation, we obtained real air tem-
perature measurements from 37 AWS in Hong Kong through
the Hong Kong CSDI Portal2, and data from 62 stations in
Seoul from the Korea Meteorological Administration’s of-
ficial website3. All temperature-related variables were col-
lected for the months of July and August, the two hottest
months in both cities, during the year 2019.

Experimental Setup
We used ImageNet-pretrained Resnet-18 (He et al. 2016)
backbones for encoder g(h) and g(l), excluding the last aver-
age pooling layer. Latitude and elevation data are used with
min-max normalization. The number of LST groups n was
fixed to 5. The hyperparameter λ in Eq. 8 was fixed to 30,
and α in Eq. 11 to 100.

Performance Evaluation
We evaluate the relationship between model predictions
and real air temperatures using Spearman (ρs) and Pearson

2https://portal.csdi.gov.hk/csdi-webpage/
3https://data.kma.go.kr/cmmn/main.do

Method Hong Kong Seoul

ρs ρp MAE ρs ρp MAE

A

ERA-5 0.080 0.002 0.742 0.011 0.092 1.704
SRGAN 0.404 0.925 0.534 0.317 0.367 0.745
Top. Reg 0.476 0.941 0.478 0.449 0.495 0.580
ResNet 0.407 0.924 0.511 0.439 0.506 0.574

Tile2Vec 0.468 0.820 0.581 0.417 0.498 0.568
LST 0.246 0.248 10.179 0.046 -0.008 10.223

CHELSA 0.510 0.941 0.525 0.398 0.535 0.560
Proxy Ens. 0.533 0.941 0.513 0.387 0.534 0.651

B

UrbanHeat 0.625 0.958 0.469 0.533 0.579 0.512
w/o LLST 0.518 0.949 0.493 0.438 0.533 0.596
w/o LGCD 0.492 0.650 3.707 0.472 0.525 2.004

w/o cross-att 0.607 0.956 0.492 0.472 0.539 0.541
One img: x(h) 0.603 0.959 0.503 0.485 0.556 0.544
One img: x(l) 0.572 0.958 0.509 0.477 0.554 0.550

A : Baselines, B : Ours with ablation

Table 1: Comparison of performance evaluated on the Hong
Kong and Seoul summer temperature data. We marked the
best results in a bold text, and underlined the second-best.

(ρp) correlations. We also provide the mean absolute error
(MAE) between two values to measure the difference in ab-
solute scale. Experiments were repeated three times with dif-
ferent seeds, and the average results were reported.

Total eight baselines are compared (division A in Table 1):
(1) ERA-5 is the most recent generation of ECMWF re-
analysis for global climate and weather, with a resolution
of 0.25◦×0.25◦. (2) SRGAN is a deep learning method
for image super-resolution, which we used to downscale
the CHELSA value to 4x the original scale. We used the
DIV2K dataset pretrained model due to the small set of
training samples resulting from the limited study size. (3)
Top. Reg utilize topological inputs (i.e., latitude and eleva-
tion) and employ a Linear regressor by using CHELSA data
as a training label. (4) ResNet and (5) Tile2Vec (Jean et al.
2019) additionally utilize satellite image embeddings with
an ImageNet-pretrained and a Tile2Vec-pretrained ResNet-
18 encoder, respectively. (6) LST refers to the land surface
temperature value of the given point. Missing values were
imputed with the average LST value of the points within the
training set. (7) CHELSA refers to the value presented in
the CHELSA dataset for the given point. (8) Proxy Ens. is
a weighted average of the two proxy labels which were cal-
culated as LST×γ+ CHELSA×(1–γ). Both values were
min-max normalized before addition, and the γ value was
grid-searched between 0.1 and 0.9. Top results are reported.

ERA-5 exhibited the lowest correlation, mainly due to its
limited resolution. Applying SRGAN led to a performance
drop compared to the raw CHELSA results, indicating that
simply using SR models from computer vision domain
is not a viable solution. Utilizing only topological infor-
mation (e.g., Top. Reg) proved ineffective for producing
finer-scale results without an understanding of the complex
dynamics driven by human activities. Additionally utiliz-
ing embeddings from satellite images with conventional
methodologies also proved to be ineffective. LST performed
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(a) Pred = 26.70◦C (b) Pred = 26.56◦C (c) Pred = 26.20◦C

Figure 3: Qualitative analysis for changing input images.
Both changes in high-resolution and low-resolution images
result in a change in prediction, though to different extents.

poorly due to the noise and presence of missing values in the
raw LST data. CHELSA exhibits some deficiencies, as the
model lacks detailed regional information. The results on
the ensemble of LST and CHELSA verifies that each infor-
mation complement each other, but simple weighted average
could not fully utilize the benefit. UrbanHeat demonstrated
the best result for both Hong Kong and Seoul datasets,
showcasing the effectiveness of integrating both relative
ranking and absolute scale along with satellite images.

Ablation Studies
We conducted an ablation study to confirm the contribution
of each model component (division B in Table 1): (1) w/o
LLST and (2) w/o LGCD denote the results after removing
each loss, respectively. (3) w/o cross-att simply concatenates
the two image embeddings from each encoder instead of us-
ing a cross-attention module. For (4) One img: x(h) and (5)
One img: x(l), we used a single encoder and a single resolu-
tion satellite image to get the final image embedding.

Findings from the ablation study demonstrate that any
modification or removal of individual components leads to
decreased performance. Ablations (1) and (2) show that the
loss functions are both essential for performance. Further-
more, the improved performance of ablation (2) over the
raw LST values demonstrates that the grouping and filtering
process for LST brings an additional benefit. Ablations (4)
and (5) show that even using a single resolution satellite
image can greatly enhance the model’s performance,
compared to the baseline results. In ablation (3), we can
observe that the simple concatenation of these embeddings
does not necessarily improve the performance compared to
results with a single image, verifying the effectiveness of
the cross-attention module.

Qualitative Analysis
Urban forests are known to be effective in mitigating the
effects of the UHI by providing cooling effects, which can
help decrease urban air temperatures (Livesley, McPherson,
and Calfapietra 2016). We analyze whether the model can
capture the impact of urban forests by changing the input
satellite images. Figure 3 illustrates how the temperature
prediction changes in response to modifications in the in-
put images, while other topological inputs remain fixed. Fig-
ure 3a depicts the extensive urban region, where both high-

0.85 ℃

0.75 ℃

0.70 ℃

South (Kadamtali)

0.80 ℃

2015 2019

North (Turag)

2015 2019

Figure 4: Visualization of the increase in predicted air tem-
perature in Dhaka from 2015 and 2019. Satellite images
reveal noticeable development in the northern region with
large temperature changes, whereas the southern region with
minor temperature changes shows little variation.

and low-resolution satellite images present numerous artifi-
cial structures. The temperature prediction decreased when
the images of surrounding regions were replaced with forest
areas, as shown in Figure 3b, indicating that the construction
of urban forests can positively influence the nearby tempera-
tures. Figure 3c illustrates that the urban forest itself exhibits
significantly lower heat levels, potentially providing a shel-
ter from urban heat for city residents.

Case Study
Unequal Temperature Rises in Dhaka, Bangladesh
We first investigate temperature changes within the capital
city of Dhaka, one of the areas most vulnerable places to
heat-related risks. We want to observe whether an AI model
can measure spatial disparities in heat exposure increases
within a city over time. Figure 4 shows the differences in
predicted air temperatures by UrbanHeat between 2015 and
2019. The predictions were made by training separate mod-
els, each using a proxy label corresponding to its respective
year. The average MAE evaluated in Dhaka for 2015, was
0.31◦C (CHELSA: 0.34◦C, LST: 16.80◦C), indicating that
UrbanHeat offers reliable indicators for further analysis.

We make two observations. First, Dhaka’s overall tem-
perature has significantly increased. Second, the temperature
rise was not equal within the city. Higher rises are observed
in the northern suburban areas, where urban expansion has
been greater over the past decades, consistent with previ-
ous research (Uddin et al. 2022). This suggests that urban
expansion exacerbates temperature rises, so potential risks
from the UHI effect should be considered in urban plan-
ning and policymaking. Fine-grained temperature predic-
tions provided by UrbanHeat, which uncover the complex
and unequal patterns of global warming and human activity
over time, can be of great value in such considerations.

Identifying Vulnerable Population in Seoul, Korea
We next apply UrbanHeat to the capital city Seoul to demon-
strate how it can identify vulnerable local neighborhoods
and populations to heat risks within a city. Figure 5a shows
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Figure 5: (a) Heat risk area of the top 5% and 10% in a fine-grained level, defined by UrbanHeat. Each cell measures 0.25km
by 0.25km. (b) Correlation between UrbanHeat predictions and hot night hours. (c) Comparison of the proportion of elderly
individuals between the heat risk area and the remaining areas.

the regions with the top 5% and 10% of the predicted air
temperatures. These precise predictions enable more effi-
cient allocation of resources and protective measures to ar-
eas needing additional heat-related support.

Next, Figure 5b depicts the correlation between predic-
tions made by UrbanHeat and the occurrence of extremely
hot nights. A hot night hour is defined as an hour going over
25◦C between 8PM and 8AM, following the definition of
‘a tropical night’ of the Korea Meteorological Administra-
tion and calculated from real air temperatures in the S-DoT
dataset. The tropical night phenomenon is one of the notice-
able problems caused by the UHI because artificial struc-
tures absorb heat, keeping city temperatures uncomfortably
high even at night. It causes public health problems and in-
creases energy consumption. This analysis suggests that heat
risk areas identified by UrbanHeat are more likely to experi-
ence the tropical night phenomenon.

Lastly, Figure 5c shows that heat risk areas (Top 5% and
Top 10% in our temperature predictions) are more likely to
have a higher composition of the elderly population, who are
more vulnerable to extreme heat. We calculated the elderly
(aged 65 and above) proportion from the grid-level popula-
tion data with a resolution of 0.25 km from the National Ge-
ographic Information Institute (NGII) of South Korea. We
then conducted a t-test to compare the elderly proportions
between heat risk areas and other regions. This analysis us-
ing measurements of urban microclimate reveals an interest-
ing fact, especially for policymakers and urban planners, that
the elderly population is at greater risk compared to the to-
tal population, making them more susceptible to heat-related
issues such as the tropical night phenomenon. In sum, fine-
grained measurements allow for the precise identification of
populations exposed to extreme heat, enabling more targeted
and effective support.

Conclusion
As more people migrate to cities, securing high-resolution
climate data to understand urban microclimate has become
essential for enhancing public health and well-being. This
paper introduced a novel framework for predicting fine-

grained urban air temperatures at neighborhood level (i.e.,
0.25km×0.25km). We utilized satellite imagery at multi-
ple resolutions, combined with the cross-attention module,
to effectively capture regional characteristics (e.g., high-
rise buildlings, river, park) that could influence the ur-
ban thermal environment. By employing multi-task learn-
ing with GCD and LST as proxy labels, our method tack-
les the limited availability of station-based real air tempera-
ture data through a weakly-supervised approach. Along with
the extensive coverage and increasing temporal resolution
of satellite imagery, this approach emphasizes its potential
for usage in various climate downscaling tasks. In partic-
ular, our model employed a cross-attention module to ex-
tract meaningful relationships between local and broad land
cover details in multi-resolution satellite imagery. Our eval-
uation featured case studies of the air temperature predic-
tion model, tracking the urban heat island effect in Dhaka,
Bangladesh, and Seoul, South Korea. We have made our
model details and implementation codes available for re-
search purposes.

Limitations The evaluation of our model was conducted
with a limited number of data points due to the scarcity of
ground-truth air temperature measurements, a situation that
itself motivated this study. Additionally, the proposed model
does not directly utilize established physical principles re-
lated to weather. Nevertheless, we believe that the model
can indirectly learn these principles from the GCD, which
already incorporates them. Despite these limitations, this re-
search highlights the potential to monitor rapidly changing
urban microclimates, offering benefits to vulnerable popula-
tions such as the elderly and people in developing countries.
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