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Abstract

This study investigates the potential of machine learning-based statistical downscaling to
generate high-resolution (1 km) urban climate projections over Nicosia, Cyprus. A dynami-
cal and a hybrid dynamical–statistical framework was applied to CMIP6 data under the
SSP2-4.5 scenario to assess mid-twenty-first-century summer thermal conditions, focusing
on daily maximum (T2max) and minimum (T2min) 2 m air temperature. The WRF model
was used to dynamically downscale ERA5 reanalysis data to produce reference datasets
for training three statistical models of increasing complexity: Multiple Linear Regression
(MLR), Artificial Neural Networks (ANN), and Convolutional Neural Networks (CNN). All
models successfully reproduced the spatial temperature patterns simulated by WRF, with
the CNN achieving the best performance and improved spatial consistency. Evaluation
against observations confirmed that the statistical models capture daily maximum and min-
imum temperature variability with accuracy comparable to the dynamical model. Both the
WRF model and the trained statistical models were subsequently applied to CMIP6-driven
predictors to produce high-resolution projections. Results indicate pronounced summer
warming over Nicosia by mid-century (1.9 °C for T2max and 1.1 °C for T2min), with strong
spatial heterogeneity and intensified heat hotspots in compact urban areas (LCZ 3). These
findings highlight the value of integrating dynamical and machine learning approaches for
efficient urban-scale climate assessments.

Keywords: dynamical downscaling; statistical downscaling; WRF model; convolutional
neural networks; CMIP6 projections; urban climate; urban heat hotspots

1. Introduction
As global warming is breaching the Paris Agreement threshold of 1.5 °C above pre-

industrial levels [1], the intensity of 10-year extreme heat events is projected to increase
to approximately 1.9 °C relative to 1850–1900 conditions [2]. Such intensification of heat
extremes poses substantial risks to human health, contributing to heat-related illnesses,
increased morbidity, and mortality. Vulnerable population groups, including the elderly,
women, and outdoor workers, are disproportionately affected [3]. Beyond public health,
extreme heat events also threaten agricultural productivity and critical infrastructure,
including healthcare systems and energy supply networks.
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The frequency and intensity of heatwaves vary considerably across regions, with the
eastern Mediterranean and Middle East region identified as a prominent climate change
hotspot [4,5], and recent events such as the 2024 Hajj heatwave illustrate the growing sever-
ity of heat extremes [6]. As an eastern Mediterranean island, Cyprus is especially exposed
to these trends: observed records show statistically significant temperature increases of
0.4–0.6 °C per decade since 1981, while future projections under high-emission scenarios
suggest annual warming exceeding 4 °C and precipitation reductions of 20–30% by the end
of the century [7].

Urban areas are particularly susceptible due to high population density and the
amplification of heat through the Urban Heat Island (UHI) effect, with consistent upward
UHI trends, particularly during nighttime, documented across cities of the region, including
Nicosia [8,9]. Consequently, reliable high-resolution urban climate projections are essential
to support targeted mitigation and adaptation strategies. Such projections can help identify
intra-urban hotspots where future heat stress is expected to be most intense, thereby
supporting targeted urban planning and heat mitigation measures.

Future climate conditions are typically simulated using General Circulation Models
(GCMs) under different emission and socioeconomic scenarios [10]. The IPCC Sixth Assess-
ment Report (AR6) defines five Shared Socioeconomic Pathways (SSPs): SSP1-1.9, SSP1-2.6,
SSP2-4.5, SSP3-7.0, and SSP5-8.5, corresponding to radiative forcing levels of 1.9, 2.6, 4.5,
7.0, and 8.5 W/m2 by 2100 [2]. Although advancements in computational capacity have
improved GCM spatial resolution [11], typical resolutions remain on the order of ∼100 km,
which is insufficient for assessing climate change impacts at the urban scale [12].

To bridge the gap between global and local scales, downscaling techniques are widely
applied [13–15]. These approaches are broadly categorized into Dynamical Downscal-
ing (DD) and Statistical Downscaling (SD). Dynamical downscaling employs Regional
Climate Models (RCMs) driven by GCM boundary and lateral conditions to generate
higher-resolution climate information [16,17]. While physically consistent and capable of
explicitly resolving atmospheric processes and, thereby, facilitating interpretation, DD is
computationally demanding. Multi-year simulations at kilometer-scale resolution, particu-
larly across multiple climate scenarios and/or models, require substantial computational
resources, limiting scalability or compromising detailed urban treatment [18,19]. Statistical
and machine learning approaches have emerged as computationally efficient alternatives.

SD establishes statistical relationships between large-scale variables (predictors) and
local-scale variables (predictands) [20,21]. These relationships are then applied to large-
scale model outputs to derive local-scale projections [12,22,23]. Statistical methods include
Multiple Linear Regression (MLR) [24,25], k-nearest neighbors (KNN) [26], and Support
Vector Machines (SVM) [27–29]. Machine Learning (ML) techniques have also been utilized
for downscaling such as Artificial Neural Networks (ANN) [25,27,30,31]. Furthermore,
with advancements in data science and computational methods, deep learning architec-
tures, including Convolutional Neural Networks (CNN), have been increasingly adopted.
CNN are particularly suitable for climate applications because they can exploit the spatial
structure of gridded datasets and learn complex nonlinear relationships between large-
scale predictors and local-scale predictands [32–34]. Recent studies have particularly
highlighted the potential of CNN-based architectures, including U-Net-type models and
related convolutional frameworks, because they can process gridded climate predictors
directly and automatically extract spatially coherent features without extensive manual
predictor selection [35].

Compared to traditional statistical approaches, deep learning methods have demon-
strated enhanced capability in capturing complex spatial patterns and nonlinear predictor–
predictand relationships, often achieving performance comparable to standard ESD meth-
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ods and, in some cases, to dynamical downscaling benchmarks [36,37]. These characteristics
make deep learning approaches attractive for producing high-resolution climate informa-
tion and for extending downscaling applications to larger domains, multiple variables, and
multi-model projection ensembles.

Compared to DD, SD approaches are computationally efficient and scalable [38,39].
When trained on sufficiently large datasets, well-designed neural network architectures
can achieve performance comparable to numerical models while requiring substantially
lower computational cost. Nevertheless, important challenges remain. Since statistical
downscaling models are commonly trained on historical observations or reanalysis-based
datasets, they rely on the assumption that predictor–predictand relationships remain valid
under future climate conditions.

Consequently, both dynamical and statistical downscaling approaches present distinct
advantages and limitations that should be considered depending on the objectives of the
application. To summarize the main characteristics of the different downscaling approaches
discussed above, Table 1 compares their underlying principles, representative methods,
major strengths, and limitations.

Table 1. Comparison of the main characteristics of Dynamical Downscaling (DD), traditional Statisti-
cal Downscaling (SD), and deep learning-based SD approaches.

Aspect DD Traditional SD Deep Learning SD

Underlying principle
Uses numerical models to
simulate atmospheric
processes at finer scales

Learns predefined statistical
relationships between
predictors and predictands

Learns hierarchical
nonlinear relationships
directly from data

Representative methods Regional climate models,
mesoscale models MLR, KNN, SVM, ANN CNN, U-Net, GAN, Graph

Neural Networks

Strengths
Physically consistent and
explicitly resolves
regional processes

Computationally efficient
and interpretable

Automatic feature
extraction, captures
complex spatial patterns,
highly scalable

Limitations
High computational cost
and sensitivity to
model configuration

Expert-driven feature
selection, limited
representation of complex
nonlinear processes,
stationarity assumption

Higher data requirements,
stationarity assumption

In this study, the Weather Research and Forecasting (WRF) model was employed as
a RCM to dynamically downscale CMIP6 data to 1 km resolution over the urban area
of Nicosia city under the SSP2-4.5 scenario. In addition, a WRF simulation driven by
ERA5 reanalysis was performed to generate the high-resolution datasets required for
training the statistical downscaling models. Three SD approaches of increasing complexity
were developed: MLR, ANN, and CNN to learn the relationships between 12 km and
1 km resolution fields. These relationships were subsequently applied to CMIP6-driven
simulations for both a historical and a future period to derive high-resolution projections
of daily T2max and T2min and to compute the corresponding climate change signal (∆T).

The present study investigates whether ML-based statistical downscaling can provide
a computationally efficient yet reliable alternative to dynamical downscaling for urban-scale
climate projections at 1 km resolution. Specifically, the objectives of this study are to:

1. Evaluate the performance of MLR, ANN, and CNN models in reproducing high-
resolution spatial temperature fields relative to dynamical simulations.
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2. Quantify projected changes in daily T2max and T2min over Nicosia city between the
historical and future periods at high-resolution.

3. Compare projected summer warming signals derived from dynamical and
statistical approaches.

4. Identify future intra-urban heat hotspots within the Nicosia urban area based on the
ensemble mean of the projections.

Recent studies have dynamically downscaled CMIP6 data over the Mediterranean
region using RCMs, however, most of these simulations remain at spatial resolutions of
several kilometers. For example, ref. [40] dynamically downscaled CMIP6 projections
using WRF to 5 km over the Italy, while [41] produced simulations at 6 km resolution over
Portugal. Although these studies significantly improve the spatial detail of climate projec-
tions, such resolutions remain insufficient to resolve intra-urban temperature variability
and urban climate processes.

Only a limited number of studies have dynamically downscaled CMIP6 projections to
the urban scale. For instance, ref. [42] performed WRF simulations at 1 km resolution for a
metropolitan region in China. However, similar high-resolution dynamical downscaling
studies remain extremely limited for Mediterranean cities.

The present work addresses this gap by producing high-resolution (1 km) projections
of daily maximum and minimum air temperature for Nicosia, the largest city in Cyprus,
which experiences some of the highest summer temperatures on the island due to its inland
location. This enables the analysis of intra-urban warming patterns and the identification
of future urban heat hotspots. Furthermore, by integrating dynamical downscaling with
ML-based statistical approaches, this study provides a computationally efficient framework
for generating urban-scale climate projections while retaining the physical consistency of
RCMs and benefiting from the robustness of multi-model ensemble projections.

2. Materials and Methods
2.1. Study Area

The study area focuses on Nicosia, the capital and largest city of Cyprus, located in
the central part of the island. Cyprus is the third largest island in the Mediterranean Sea,
covering an area of approximately 9251 km2. The current population of the island is about
1.38 million inhabitants, of which approximately 61% reside in urban areas, while the urban
agglomeration of Nicosia hosts roughly 350,000 inhabitants. Cyprus is located in the Eastern
Mediterranean region and is characterized by a hot-summer Mediterranean climate (Csa)
according to the Köppen–Geiger climate classification [43]. The climate is characterized by
very hot and dry summers and relatively mild winters, with mean annual precipitation of
approximately 470 mm [44]. During the summer season, Nicosia experiences particularly
high temperatures, with average daily T2max and T2min of approximately 35.8 °C and
22.6 °C respectively.

2.2. Data
2.2.1. ERA5 Reanalysis

The first WRF simulation was forced with initial and lateral boundary conditions de-
rived from surface and pressure-level data of the fifth-generation reanalysis dataset (ERA5),
provided by the European Centre for Medium-Range Weather Forecasts (ECMWF). ERA5
provides hourly global reanalysis data from 1979 onwards at a horizontal resolution of 0.25°,
assimilating numerical weather forecasts, meteorological station data and satellite remote
sensing data [45]. Lateral boundary conditions were updated at 6 h intervals. The ERA5 data
used in this study covered the period from 1 October 2007 to 1 January 2012. All data were
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obtained from the Copernicus Climate Data Store (CDS, https://cds.climate.copernicus.eu,
accessed on 20 May 2024).

2.2.2. CMIP6 Climate Projections

The second and third simulations were driven by outputs from the high-resolution
version of the Max Planck Institute Earth System Model, MPI-ESM1.2-HR, obtained from
the Coupled Model Intercomparison Project Phase 6 (CMIP6) archive. CMIP6 is an interna-
tional framework coordinated by the World Climate Research Programme (WCRP) that
brings together multiple GCMs to provide simulations of the past, present, and future
climate conditions [46]. MPI-ESM1.2-HR is a fully coupled atmosphere–ocean–land global
climate model, with an atmospheric horizontal resolution of approximately 100 km and
an ocean resolution of approximately 40 km [47]. Six-hourly output data were used to
provide the initial and lateral boundary conditions for the WRF simulations. The model
was selected due to its relatively high spatial and temporal resolution within the CMIP6
ensemble and its demonstrated skill in providing reliable large-scale fields for regional
climate modeling [48]. Furthermore, previous evaluations of CMIP6 models have shown
that it performs particularly well in simulating climate variables over Europe and the
Mediterranean region [49]. Also, the MPI-ESM1.2-HR exhibits an equilibrium climate sensi-
tivity of approximately 3K [50], which is close to the CMIP6 multi-model median reported
by the IPCC, making it suitable for climate impact assessment studies. Historical simulation
was conducted for the period 2008–2012, while future projections covered 2048–2052 under
the SSP2-4.5 scenario. The SSP2-4.5 scenario represents the “middle-of-the-road” socioeco-
nomic pathway, characterized by moderate mitigation and adaptation challenges and it was
selected as a plausible intermediate emissions trajectory for assessing mid-century regional
climate changes. All CMIP6 data were obtained through the Earth System Grid Federation
(ESGF) data portal, https://metagrid.esgf-west.org/search, accessed on 11 October 2025.

2.2.3. Meteorological Observations

To evaluate the performance of the models, in-situ meteorological observations pro-
vided by the Department of Meteorology of Cyprus were used. The analysis is based
on data from an automated weather station located within the innermost modelling do-
main (d03) in central Nicosia (35.16° N, 33.36° E, 162 m above sea level). The station
provides hourly measurements of 2 m air temperature and relative humidity, from which
daily maximum and minimum temperatures were derived. Within the d03 domain, only
two meteorological stations are available. However, only the Nicosia station is located
within the urban core and is therefore representative of urban climatic conditions, while the
second station (Athalassa) is situated in a suburban environment. Given the focus of this
study on the urban thermal environment, the evaluation was performed using the Nicosia
station to ensure consistency between the observations and the urban characteristics repre-
sented in the model. Records available from 1 January 2010 onwards. The station is situated
in the urban core of Nicosia and is classified as urban. According to the Local Climate Zone
(LCZ) classification, it belongs to LCZ 8 (Large low-rise), characterized by predominantly
large, low-rise buildings with an average building height of approximately 8 m. For the
purposes of this study, daily maximum and minimum temperatures were calculated from
the hourly observations for the year 2012, considering only complete days (days with
incomplete records were excluded from the analysis).

2.3. Dynamical Downscaling Framework
2.3.1. WRF Configuration

In this study the WRF model (version 4.5), was used to dynamically downscale the
ERA5 reanalysis and CMIP6 climate model data. Figure 1 illustrates both the geographical
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context of the study area and the WRF domain configuration. The left panel presents
the Köppen–Geiger climate classification of the broader EMME region, showing that
Cyprus is located within the hot-summer Mediterranean climate class (Csa), while the
surrounding area encompasses mainly hot desert (BWh) and Csa climates. The Lambert
conformal projection was applied with a reference latitude of 35.07° N and a reference
longitude 33.49° E. The domain configuration (right panel of Figure 1) consists of one
outermost domain covering the EMME region (d01, 13.75° E–53.23° E, 25.0° N–43.99° N)
and two two-way nested domains over Cyprus (d02, 27.58° E–39.40° E, 32.21° N–37.8° N)
and Nicosia (d03, 33.19° E–33.48° E, 35.0° N–35.21° N), with horizontal spatial resolutions
of 12 km, 4 km, and 1 km, respectively. The number of grid points for d01, d02, and d03
was 271 × 167, 262 × 153, and 33 × 28, respectively. In the vertical direction, the simulations
comprised 35 terrain-following levels extending from the surface up to 50 hPa. Among the
available urban canopy parameterization options, the Single-Layer Urban Canopy Model
(SLUCM, [51] was selected to better represent urban surface–atmosphere interactions. In
addition, the Local Climate Zone (LCZ) classification scheme was used to provide a more
detailed representation of the urban morphology of Nicosia. The innermost WRF domain
(d03), which covers the Nicosia metropolitan area at 1 km resolution, is illustrated in
Figure 2. Panel (a) shows the satellite imagery of the study area, while panel (b) presents
the LCZ classification used in the simulations, displaying only the urban classes within
the d03 domain. Lake surface temperature was prescribed using the avg_tsfc.exe utility
provided within the WRF system.

Figure 1. (a) Köppen–Geiger climate classification of the wider EMME region showing the location of
the WRF outer domain (d01). (b) WRF domain configuration consisting of the outermost domain
over the EMME region (d01), the nested domain over Cyprus (d02), and the innermost domain over
Nicosia city (d03). Source: [52].

Figure 2. Study area of Nicosia showing (a) satellite imagery of the d03 domain and (b) the LCZ clas-
sification map including only the urban classes within d03. The location of the Nicosia meteorological
station is indicated by the star.
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A detailed description of the WRF configuration, including the physical parameteri-
zation schemes (Land Surface Model, Planetary Boundary Layer scheme, radiation and
microphysics schemes) and the production of the LCZ classification map, is provided
in [52], as the same model setup was adopted in the present study.

2.3.2. Experimental Design

The first simulation (WRF-ERA5) was forced with ERA5 reanalysis data and covered
the period from 1 January 2008 to 31 December 2012. This five-year analysis period was
selected as it was identified as representative of the 1991–2020 climatological reference
period over Cyprus, while also coinciding with the availability of observational data at
Nicosia station [52]. This simulation provided the reference high-resolution dataset required
to construct the training databases for the statistical downscaling framework at 12 km
and 1 km resolutions, where the machine learning models were developed. The second
simulation (WRF-HIST) was driven by MPI-ESM1.2-HR initial and boundary conditions
for the same historical period (2008–2012). This run served as the historical baseline for
comparison with future projections. The third simulation (WRF-SSP2) was also driven by
MPI-ESM1.2-HR for the future period 2048–2052 under the SSP2-4.5 scenario. This time
slice was selected to represent mid-century climate conditions. The simulation enabled the
assessment of projected changes over Nicosia at high spatial resolution and the computation
of temperature differences between future and historical periods (∆T = Tfuture − Thistorical).

All simulations were initialized on 1 October of the preceding year, with the first
three months treated as spin-up and, therefore, the analysis was conducted from 1 January
onward. The choice of spin-up duration depends on the modelling objectives and the
total simulation length. For example, studies using the WRF model have shown that
spin-up periods from weeks to several months may be required depending on the variables
analyzed [53]. The WRF model was configured to produce hourly outputs, while the present
analysis focused on daily maximum and minimum near-surface 2 m air temperature over
the innermost domain (d03). The main characteristics of the WRF simulations performed
in this study are summarized in Table 2.

Table 2. Summary of the WRF simulations performed in this study.

Simulation Forcing Data Period Scenario Purpose

WRF-ERA5 ERA5 2008–2012 Historical Reference dataset for ML training
WRF-HIST MPI-ESM1.2-HR 2008–2012 Historical Historical GCM-driven simulation
WRF-SSP2 MPI-ESM1.2-HR 2048–2052 SSP2-4.5 Future projection (mid-century)

2.4. Statistical Downscaling Framework
2.4.1. Perfect Prognosis Approach

This study adopts the Perfect-Prognosis (PP) approach, in which statistical relation-
ships between large-scale predictors and local-scale predictands are extracted using obser-
vational (or reanalysis) data and subsequently applied to GCM outputs to generate future
local-scale projections [23,54–56]. The PP approach relies on predictor and predictand
datasets with day-to-day correspondence, ensuring that the derived statistical relation-
ships can be applied to any GCM outputs to generate future projections under different
climate scenarios.

In the present study, both predictor and predictand datasets were derived from the
dynamical downscaling of ERA5 reanalysis data using the WRF model (Simulation 1). The
large-scale predictors were extracted from the outermost domain (d01) at 12 km spatial
resolution, while the predictands were obtained from the innermost domain (d03) at 1 km
resolution for the period 2008–2012.
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The predictor set includes five near-surface thermodynamic variables: 2 m air temper-
ature, 2 m relative humidity, 10 m zonal wind, 10 m meridional wind, and surface pressure.
In addition, upper-air variables were considered, including temperature, relative humidity,
zonal wind, meridional wind, and geopotential height at 500 hPa, as well as temperature at
850 hPa. These variables are commonly employed in temperature downscaling studies [57]
as they capture large-scale atmospheric circulation and thermodynamic conditions.

From the hourly WRF outputs, daily maximum (T2max) and daily minimum (T2min)
2 m air temperatures were computed and used as predictands. Daily mean values of the
predictor variables were calculated and used as inputs to the statistical downscaling models.
A summary of the predictor variables is provided in Table 3.

Table 3. Summary of predictor variables used in this study.

Name Code Level Time Unit

Temperature T 2 m, 500 hPa, 850 hPa Daily mean K
Relative Humidity RH 2 m, 500 hPa Daily mean %
Zonal Wind U 10 m, 500 hPa Daily mean m s−1

Meridional Wind V 10 m, 500 hPa Daily mean m s−1

Surface Pressure PSFC Model Surface Daily mean Pa
Geopotential Height GHT 500 hPa Daily mean m2 s−2

2.4.2. Machine Learning Models

1. MLR
Using the aforementioned predictor variables, MLR was implemented to establish
linear relationships between large-scale atmospheric independent variables (predic-
tors) and local-scale dependent variables (predictands, T2max and T2min). MLR
models the predictand as a linear combination of multiple independent variables,
aiming to explain the maximum variance of the dependent variable while minimizing
model complexity.
The WRF-ERA5 dataset (2008–2012) was divided into training and testing subsets us-
ing a chronological split rather than a random partition. The first four years (2008–2011)
were used for training, while the final year (2012) was reserved for testing. This ap-
proach preserves the temporal structure of the time series, avoids artificial mixing of
seasons, and allows for evaluation over a complete independent year. Furthermore,
2012 coincides with the availability of observational data from the Nicosia station,
enabling direct comparison between model outputs and measurements.
Prior to model training, predictor variables were standardized using z-score normal-
ization (µ = 0, σ = 1). The scaling parameters were computed exclusively from the
training dataset and subsequently applied to both training and testing sets.
Given the high dimensionality of the predictor space, Principal Component Analysis
(PCA) was applied to reduce multicollinearity among atmospheric predictors [58].
This is particularly important in linear regression frameworks to avoid overfitting and
enhance numerical stability. PCA was fitted exclusively on the standardized training
dataset, and the leading principal components explaining 95% of the total variance
were retained. The resulting transformation was subsequently applied to both the
training and testing datasets.
The MLR model was fitted using ordinary least squares regression on the trans-
formed training dataset. Predictions were generated for the independent test period.
Model outputs were compared against WRF-derived predictands and against Nicosia
station observations.
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2. ANNs
ANNs are models inspired by the structure and functioning of the human brain [59].
An ANN consists of interconnected processing units (neurons) organized in layers,
where each connection is associated with a weight. These networks are particularly
suitable for modeling complex and nonlinear relationships between input predictors
and output variables, which has led to their increasing application in climate modeling
and downscaling studies.
In a typical feedforward neural network architecture, neurons are arranged in an input
layer, one or more hidden layers, and an output layer. Each layer consists of one or
more neurons that are fully connected to neurons in the subsequent layer, while no
connections exist between neurons within the same layer. Each neuron computes a
weighted sum of its inputs, adds a bias term, and passes the result through a nonlinear
activation (transfer) function, such as the sigmoid or Rectified Linear Unit (ReLU), to
produce its output. During supervised training, the network parameters (weights and
biases) are optimized by minimizing a predefined loss function that quantifies the dif-
ference between the predicted and the targeted values. This optimization is commonly
performed using gradient-based algorithms through backpropagation, enabling the
network to iteratively update its parameters and improve predictive performance.
A fully connected feedforward ANN was developed and was implemented using
Keras within the TensorFlow framework. The WRF-ERA5 dataset (2008–2012) was
split chronologically into training (2008–2010), validation (2011), and testing (2012)
subsets. Predictor variables were standardized using z-score normalization, with
scaling parameters estimated from the training set and applied consistently to the
validation and test sets. The predictands were also standardized using a separate scaler
fitted on the training targets to facilitate stable optimization and to ensure comparable
weighting across grid cells.
The ANN architecture consisted of two fully connected hidden layers with 128 and
64 neurons, respectively, using the ReLU activation function. The output layer was
a dense linear layer with dimensionality equal to the number of 1 km grid cells,
corresponding to a multi-output regression framework. Model training was performed
by minimizing the mean squared error (MSE) loss using the Adam optimizer. Training
was conducted for up to 50 epochs with a batch size of 128, and early stopping was
applied based on validation loss to reduce overfitting.

3. CNNs
A CNN was implemented to explicitly account for the spatial structure of predictors
and predictand variables fields. Unlike fully connected ANN architectures, where
neurons in successive layers are fully connected, CNNs rely on local receptive fields
and shared convolutional kernels. In spatially structured data, localized connections
are essential for capturing neighborhood-scale patterns that progressively contribute
to larger-scale structures, whereas full connectivity becomes unnecessary. This archi-
tectural design allows CNNs to extract hierarchical spatial features while at the same
time reducing the number of trainable parameters.
The dataset was split chronologically in the same manner as the ANN model (train-
ing: 2008–2010, validation: 2011, testing: 2012), and standardization was performed
identically using training-set statistics to ensure methodological consistency. A key
advantage of the CNN framework is its ability to operate directly on high-dimensional
spatial tensors, eliminating the need for explicit feature extraction techniques such as
PCA, which are typically required in linear models (e.g., MLR). Through its convo-
lutional layers, the CNN internally learns the relative contribution and hierarchical
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interactions of predictors, allowing feature extraction to be performed automatically
during training.
The adopted architecture followed a U-Net–type fully convolutional encoder–decoder
framework. The encoder consisted of three convolutional blocks with 32, 64, and
128 filters, respectively, each followed by max-pooling layers for spatial downsam-
pling. A bottleneck layer with 256 filters captured high-level abstract features, followed
by dropout for regularization. The decoder progressively restored spatial resolution
through upsampling layers and skip connections that concatenated encoder feature
maps to preserve fine-scale information. A final 1 × 1 convolutional layer produced
the 1 km temperature field. L2 weight regularization and batch normalization were
applied within convolutional blocks to avoid overfitting and improve the performance
of the model to unseen data.
Model training was performed using backpropagation to minimize a composite loss
function combining MAE and mean squared error (MSE), with a small total variation
penalty to encourage spatial smoothness. The Adam optimizer [60] was employed
with an adaptive learning rate [61], and training was conducted for up to 200 epochs
using a batch size of 16. Early stopping and learning-rate reduction were applied to
terminate the training process if only the performance of the training set is improved
and not that of the validation set. The final architecture was selected after extensive
experimentation with different network depths, filter sizes, and regularization con-
figurations, with model performance systematically evaluated against the 1 km WRF
reference dataset.

2.5. Identification of Future Urban Heat Hotspots

After evaluation, the statistical relationships learned by the MLR, ANN, and CNN
models from the WRF-ERA5 dataset were applied, within the PP framework, to the large-
scale (12 km) predictor variables of the WRF-HIST and WRF-SSP2 simulations. This process
enabled the production of high-resolution (1 km) temperature fields for both historical
and future climate periods using each statistical downscaling method. Consequently, both
the dynamically (WRF) and statistically (MLR, ANN, CNN) downscaled projections were
available on a common spatial resolution, facilitating direct comparison and assessment of
future urban temperature patterns.

To identify urban heat hotspots within the study area, the high-resolution projections
(1 km resolution) produced by all models (WRF, MLR, ANN, and CNN) were combined
to form an ensemble estimate of near-surface air temperature. Seasonal averages were
first computed from daily values for both maximum (T2max) and minimum (T2min)
temperatures. The analysis focused on the summer season (JJA), when heat stress conditions
in Nicosia are most pronounced.

For each predictand variable, the ensemble mean of the temperature field was cal-
culated for both the historical and future periods. A threshold-based approach was then
applied to identify the warmest grid cells. Specifically, the 95th percentile of the historical
summer temperature distribution over urban grid cells was computed and used as a refer-
ence threshold. Grid cells exceeding this threshold were identified for both the historical
and future projections.

To highlight areas consistently exposed to elevated thermal conditions, grid cells
exceeding the historical 95th percentile during the future period for both T2max and T2min
were considered as potential intra-urban heat hotspots. Considering both daytime and
nighttime temperature extremes ensures that the identified hotspots represent areas ex-
posed to persistent heat stress conditions. The intersection of these exceedance regions was
used to identify locations experiencing both extreme daytime and nighttime temperatures.
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These cells were ranked according to the combined magnitude of daytime and nighttime
temperatures, defined as the mean of T2max and T2min values. The twenty highest-ranked
grids were selected to represent the most intense intra-urban heat hotspots.

2.6. Performance Evaluation Metrics

Daily maximum and minimum 2 m air temperatures were derived from the hourly
model outputs and compared with the corresponding observational data. WRF and ML mod-
els’ performance was evaluated using several statistical metrics, including the Mean Bias Er-
ror (MBE, Equation (1)) where Si and Oi are the simulated and observed values, respectively,
and n is the number of data points, the Mean Absolute Error (MAE, Equation (2)), the Root
Mean Square Error (RMSE, Equation (3)) and the Correlation Coefficient (r, Equation (4))
where S̄ and Ō are the means of the simulated and observed values, respectively. The
MBE quantifies the systematic bias of the model simulations relative to the observations.
However, it may underestimate overall error due to the compensation of positive and
negative deviations. The MAE represents the average magnitude of the errors, whereas the
RMSE assigns greater weight to larger deviations and is therefore more sensitive to outliers,
reflecting the variability of the error distribution [62].

MBE =
∑n

i=1(Si − Oi)

n
, (1)

MAE =
∑n

i=1|Si − Oi|
n

, (2)

RMSE =

√
∑n

i=1(Si − Oi)2

n
, (3)

r = ∑n
i=1(Si − S̄)(Oi − Ō)√

∑n
i=1(Si − S̄)2 ∑n

i=1(Oi − Ō)2
, (4)

3. Results
The capability of the WRF model to dynamically downscale near-surface air tempera-

ture (T2max and T2min) over Nicosia driven by ERA5 reanalysis data has been previously
demonstrated in detail by [52]. Therefore, the present study focuses on evaluating the
ability of the machine learning approaches to reproduce the high-resolution WRF outputs.

3.1. Performance of the ML Models to Reproduce WRF Fields
3.1.1. Annual

The statistical relationships derived for each machine learning model (MLR, ANN,
and CNN) between the low-resolution (12 km) and high-resolution (1 km) datasets based
on WRF-ERA5 simulation were applied to the independent test period (2012). Specifically,
the low-resolution predictor variables were provided as inputs to the trained statistical
models in order to generate the high-resolution temperature fields.

Firstly, the ability of the ML models to reproduce the WRF simulations was evaluated by
calculating the annual MBE and MAE for both T2max and T2min. Figure 3 summarizes the spa-
tial distributions of these performance metrics for the three machine learning approaches.

As shown in the first row of Figure 3, all methods reproduce the WRF results satisfac-
torily, with relatively small biases across the urban domain. Overall, all models exhibit a
slight overestimation of T2max. The ANN model presents the largest positive bias (approx-
imately 0.13 °C), while the CNN shows the smallest deviations from the WRF simulations
(around 0.08 °C). The MLR model exhibits exclusively positive biases across the domain
(around 0.1 °C), whereas the ANN and CNN models display a limited number of grid cells
with small negative biases. Furthermore, a comparison of the three models reveals clear
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differences in the spatial distribution of the biases. The MLR exhibits relatively smooth and
spatially homogeneous biases, whereas the ANN and CNN show greater spatial variability
between adjacent grid cells. This variability is particularly pronounced for the ANN, which
contains several isolated grid cells with comparatively larger positive biases. In contrast,
the CNN exhibits a more homogeneous spatial pattern than the ANN, although it remains
less spatially uniform than the MLR.

Figure 3. Annual mean bias error (MBE, 1st and 2nd rows) and mean absolute error (MAE, 3rd and
4th rows) of T2max and T2min between each machine learning model (MLR, ANN and CNN) and
the WRF simulations for the test period (2012).

For T2min (2nd row of Figure 3), the spatial patterns differ slightly. Both the MLR
and CNN models tend to underestimate T2min across most of the domain, while small
overestimations are observed mainly in the eastern part of the urban area. In contrast, the
ANN model does not exhibit a clear spatial bias pattern, with alternating positive and
negative biases occurring between adjacent grid cells ranging from approximately −0.3 °C
to +0.3 °C. Overall, the MLR approach demonstrates the best performance for T2min,
with biases generally close to zero and deviations typically within approximately 0.1 °C,
whereas the CNNs exhibit biases around −0.2 °C across much of the domain. The spatial
heterogeneity of the errors follows a pattern similar to that observed for T2max, with the
MLR exhibiting the smoothest and most homogeneous biases and the ANNs displaying
the greatest spatial variability.
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While the MBE provides information on the systematic overestimation or underestima-
tion of the models, it does not fully capture the overall model performance because positive
and negative errors may cancel each other out. Therefore, the spatial distribution of the
MAE was also calculated to quantify the overall magnitude of the deviations between the
ML models and the WRF simulations for both T2max and T2min (3rd–4th rows of Figure 3).

For T2max (3rd row of Figure 3), the ANN and CNN models exhibit substantially
better performance compared to the MLR model. Both ANN and CNN present average
MAE values of approximately 0.6 °C, whereas the MLR model shows considerably larger
errors, with an average MAE close to 1.1 °C. The spatial distribution of the MAE for
all methods remains relatively uniform across the domain, indicating that the models
reproduce the spatial structure of the WRF T2max field consistently across the study area.

For T2min (4th row of Figure 3), the CNN model provides the best overall performance
with an average MAE of approximately 0.8 °C. The ANN model follows with an average
MAE of around 1 °C, while the MLR model presents the largest deviations, reaching
approximately 1.2 °C. In contrast to T2max, slightly smaller MAE values are observed
in the urban core for T2min, suggesting that the models are able to reproduce nighttime
temperature patterns more accurately within the central urban area. In particular, the MAE
over the central urban area is approximately 1.0 °C for the MLR, 0.8 °C for the ANN, and
0.6 °C for the CNN.

3.1.2. Summer

The annual evaluation provides an overall assessment of the model performance.
However, since the primary objective of this study is to focus on the capability of the
ML models to reproduce temperature patterns during periods of enhanced heat stress,
the analysis was further extended to the summer season (JJA). The summer period is
of particular importance for the Eastern Mediterranean region, as it is associated with
pronounced urban heat stress conditions. Therefore, summer MBE and MAE maps for both
T2max T2min variables were also examined for the test period in order to evaluate the
ability of the ML models to reproduce the spatial structure of the WRF simulations under
these thermally demanding conditions (Figure 4).

In contrast to the annual results, the summer biases exhibit more pronounced differ-
ences among the models. As shown in the 1st row of Figure 4, the CNN shows a relatively
uniform overestimation of approximately 0.2 °C across most of the domain. The ANN
also tends to overestimate T2max, however, its spatial bias pattern is considerably more
heterogeneous, with alternating positive and negative values between neighboring grid
cells ranging from −0.3 °C to 0.3 °C. In the case of the MLR model, positive biases of
about +0.1 °C are mainly observed in the southern part of the domain reaching up to
+0.2 °C in the southernmost grid cells, while slight underestimations (around −0.1 °C)
occur in the northern areas. In contrast to the ANN, where neighboring grid cells often
exhibit alternating positive and negative biases, the MLR displays a smooth north-to-south
transition from slight underestimation to slight overestimation, indicating a more spatially
coherent bias pattern.

For T2min variable (2nd row of Figure 4), all models generally underestimate the
nighttime temperatures. The CNN demonstrates the best performance, with biases around
−0.2 °C, whereas the ANN presents the largest underestimation, averaging approximately
−0.5 °C, while the MLR lies in between with close to −0.3 °C. The CNN also exhibits
a small number of positive biases (around 0.25 °C) in the central–eastern part of the
domain, whereas the corresponding area in the MLR is characterized by nearly zero biases.
Compared with the MLR and CNN, the ANN displays a much more heterogeneous spatial
pattern, with several localized grid cells where the underestimation approaches −1 °C.
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Overall, the magnitude of the biases is larger for T2min compared to T2max during
the summer season, indicating that reproducing nighttime temperature conditions remains
more challenging for the ML models.

Figure 4. Summer mean bias error (MBE, 1st and 2nd rows) and mean absolute error (MAE, 3rd and
4th rows) of T2max and T2min between each machine learning model (MLR, ANN and CNN) and
the WRF simulations for the test period (2012).

The 3rd and 4th rows of Figure 4 present the MAE distributions. The CNN demon-
strates the best performance among the examined ML models, with average MAE values of
approximately 0.6 °C for T2max and 0.8 °C for T2min. In contrast, the MLR model exhibits
the largest errors, with MAE values of about 1 °C for T2max and 1.4 °C for T2min. The
ANN follows with average MAE values of approximately 0.6 °C and 1.1 °C for T2max and
T2min, respectively.

The spatial patterns of the MAE values also highlight differences between the models.
The CNN present the most homogeneous error distribution across the domain for T2max,
indicating a more consistent reproduction of the WRF spatial patterns across the domain.
In contrast, both the MLR and ANN models exhibit larger spatial variability, with localized
areas of increased errors. Specifically, the ANN presents larger MAE values over the
southeastern part of the domain, locally approaching 1.0 °C, whereas the MLR reaches
values up to approximately 1.3 °C over the northwestern part. For the T2min variable, the
CNN again exhibits the lowest MAE values across most of the domain. Both the CNN
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and MLR show slightly lower errors over the central urban area (around 1.2 °C and 0.6 °C
respectively), whereas the ANN displays a heterogeneous spatial distribution with several
localized areas of higher errors.

As also observed in the bias analysis, the MAE values are generally larger for T2min
compared to T2max, suggesting that reproducing nighttime temperature conditions during
the summer period is more challenging for the ML models.

To provide a quantitative summary of the results discussed above, the domain-
averaged MBE and MAE values between each ML model and the WRF simulations are
presented in Tables 4 and 5, respectively. The metrics are reported for both T2max and
T2min variables during the annual and summer periods.

Table 4. Domain-averaged mean bias error (MBE) (°C) between the machine learning models and
WRF simulations for T2max and T2min during the annual and summer periods.

MLR ANN CNN
Period

T2max T2min T2max T2min T2max T2min

Annual 0.10 −0.01 0.13 −0.04 0.08 −0.08
Summer 0.02 −0.29 0.13 −0.52 0.17 −0.17

Table 5. Domain-averaged mean absolute error (MAE) (°C) between the machine learning models
and WRF simulations for T2max and T2min during the annual and summer periods.

MLR ANN CNN
Period

T2max T2min T2max T2min T2max T2min

Annual 1.11 1.18 0.57 1.03 0.58 0.76
Summer 0.98 1.43 0.60 1.11 0.58 0.79

3.2. Evaluation of WRF and ML Models Against Observations

Subsequently, the performance of the WRF and ML models was evaluated against
the observational data from the Nicosia meteorological station. In contrast to the previous
analysis, where biases were computed for each grid cell across the domain, this evaluation
focuses on the specific grid cell corresponding to the station location. The model outputs at
this grid cell were compared with the observed measurements during the test period.

Figure 5 shows the monthly biases between the simulated and observed values for
each model (WRF, MLR, ANN, CNN) for the T2max and T2min variables.

For T2max (1st and 2nd rows of Figure 5), all models tend to overestimate the observed
temperatures during the winter and early spring months, with median biases generally
ranging between 1 and 2 °C. During the warm period (May–September), the biases become
negative, indicating a tendency of the models to underestimate the maximum temperatures
by approximately 2 °C. The strongest underestimation is generally observed in September,
when the median biases approach about −3 °C. Despite these seasonal differences, all
models consistently reproduce the seasonal evolution of the biases, with a gradual transition
from positive winter biases to negative summer biases and a return towards near-zero
values during autumn. Among the examined models, the CNN and ANN show slightly
smaller spreads in their distributions compared to the MLR and WRF, suggesting a more
stable reproduction of the observed variability. In contrast, the MLR generally exhibits
larger interquartile ranges during several months, indicating greater variability in the
simulated biases.

In contrast, the T2min biases (3rd and 4th rows of Figure 5) reveal a systematic
overestimation of nighttime temperatures throughout most of the year for all models.
The largest biases are observed during winter and spring, with median values frequently
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exceeding 4 °C. The biases decrease markedly during the summer months, with all models
approaching near-zero values, particularly in July and August, before increasing again
during autumn. This pronounced seasonal cycle is consistently reproduced by both the
WRF and the ML models, indicating that the statistical approaches successfully preserve the
temporal evolution of the nighttime temperature biases. Overall, the ML models reproduce
the seasonal behavior of the observed temperatures similarly to the WRF simulations, with
the CNN frequently presenting a slightly reduced spread compared to the other approaches.

Figure 5. Monthly biases between simulated and observed T2max (1st and 2nd rows) and T2min (3rd
and 4th rows) at the Nicosia station during the test period (2012).

To quantify the agreement between the simulated and observed values, the statistical
metrics of MBE, MAE, RMSE and were calculated. Although the metrics were computed for
all seasons during the test period (2012), only the annual and summer results are presented
here (Tables 6 and 7) since the primary focus of the current study is on summer heat
conditions. A detailed seasonal evaluation of the WRF model performance has already
been documented in [52].

On an annual basis, the ANN and CNN models show comparable MAE and RMSE
magnitudes with WRF for both T2max and T2min variables whereas the MLR performs
worse for T2max but slightly better than the other three models for T2min. During the
summer period the ML models exhibit smaller MAE values than WRF for T2max, indicating
an improved representation of daytime temperature conditions. For T2min, the MLR
and ANN models also present lower MAE values compared to WRF, while the CNN
performance is very similar to that of the dynamical model. It is also worth noting that
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the MAE values for T2max remain similar between the annual and summer evaluations
(approximately 1.7 °C). In contrast, the annual MAE values for T2min are considerably
larger (around 3.9 °C) than those of the summer period (about 2 °C), mainly because the
annual statistics are influenced by the winter and spring seasons, during which larger
deviations between the simulations and observations occur. These results suggest that
the statistical downscaling methods are capable of effectively reproducing the observed
temperature and, in some cases, better than the WRF simulations.

Table 6. Annual performance metrics between the simulated and observed T2max and T2min during
the test period (2012).

MBE (°C) MAE (°C) RMSE (°C) r
Model

T2max T2min T2max T2min T2max T2min T2max T2min

WRF −0.12 3.77 1.57 3.97 1.99 4.57 0.98 0.94
MLR −0.13 3.75 1.88 3.85 2.31 4.52 0.97 0.96
ANN 0.00 3.74 1.56 3.94 1.94 4.61 0.98 0.95
CNN −0.02 3.74 1.56 3.94 1.99 4.55 0.98 0.94

Table 7. Summer performance metrics between the simulated and observed T2max and T2min during
the test period (2012).

MBE (°C) MAE (°C) RMSE (°C) r
Model

T2max T2min T2max T2min T2max T2min T2max T2min

WRF −1.66 1.61 1.80 2.20 2.17 2.64 0.86 0.54
MLR −1.59 1.47 1.65 1.80 1.99 2.32 0.89 0.66
ANN −1.52 1.13 1.71 1.83 2.04 2.25 0.87 0.59
CNN −1.42 1.55 1.69 2.21 2.02 2.58 0.86 0.54

3.3. Future Temperature Projections

The CMIP6 predictor variables were dynamically downscaled to 1 km resolution
using the WRF model for both the historical (2008–2012) and future (2048–2052) periods
(Simulations 2 and 3). The evaluation results presented in the previous sections demon-
strated that the ML models successfully reproduce the main spatial temperature patterns
simulated by the WRF model, providing confidence in their application for future climate
projections. The predictor datasets produced by the WRF simulations driven by CMIP6
data at 12 km were subsequently used as inputs to the ML models in order to generate
high-resolution (1 km) temperature projections using the statistical downscaling frame-
work. To quantify the projected climate change signal, the differences between the future
and historical periods were calculated for both T2max and T2min variables with the focus
given on the summer season.

The projected summer changes in T2max are shown in Figure 6. All models consis-
tently project a pronounced warming signal across the study area. The WRF simulation
indicates an average increase of approximately 2 °C between the historical and future
periods. The ANN produces a slightly stronger warming signal, reaching about 2.1 °C,
while the CNN and MLR project a more moderate increase close to 1.8 °C. The ANN repro-
duces the WRF spatial pattern most closely, while the CNN and MLR exhibit systematically
lower warming magnitudes. Despite these differences in magnitude, all models display
a relatively uniform spatial warming pattern, indicating that the projected increase in
daytime temperatures is broadly consistent across the urban domain.

Figure 7 presents the projected changes in T2min. The nighttime warming signal is
generally smaller compared to that of T2max. The WRF simulation indicates an average
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increase of approximately 1 °C, while the ANN and CNN models produce comparable
warming patterns of similar magnitude. The MLR model exhibits a slightly stronger signal,
with warming values reaching around 1.3 °C. In contrast to T2max, the spatial distribution
of T2min warming displays greater variability across the domain. The MLR model projects
a more spatially homogeneous warming field than the other approaches, whereas the WRF,
ANN, and CNN simulations exhibit stronger heterogeneity. Furthermore, slightly lower
warming is projected in the central urban area by the WRF, CNN, and MLR simulations,
while higher increases appear mainly in the south-western part of the domain. This spatial
heterogeneity suggests that local-scale characteristics may influence nighttime temperature
changes more strongly than daytime temperatures.

Figure 6. Projected summer temperature changes (Future–Historical) simulated by each model
for T2max.

Figure 7. Projected summer temperature changes (Future–Historical) simulated by each model
for T2min.

https://doi.org/10.3390/cli14070152

https://doi.org/10.3390/cli14070152


Climate 2026, 14, 152 19 of 29

Overall, the results indicate that all models consistently project substantial summer-
time warming over Nicosia, with stronger increases in daytime maximum temperatures
compared to nighttime minima. The close agreement between the dynamical and statis-
tical downscaling approaches further supports the robustness of the projected climate
change signal.

To further reduce projection uncertainty and improve the robustness of the downscal-
ing results, a multi–model ensemble approach was applied. Multi–model ensembles have
been shown to generally outperform individual model projections by reducing the influ-
ence of model-specific biases and uncertainties [63,64]. The ensemble mean was calculated
by assigning equal weights to each model (WRF, MLR, ANN, and CNN). Specifically, the
ensemble was obtained by averaging the outputs of the four models for each grid cell.

The projected ensemble mean warming for both variables during the summer season
is presented in Figure 8. The ensemble results indicate a pronounced warming signal
between the historical and future periods across the study area, with an average increase
of approximately 1.9 °C for T2max and about 1.1 °C for T2min. The spatial pattern of the
ensemble projections shows that the increase in daytime temperatures (T2max) is relatively
uniform across the domain. In contrast, the projected warming for T2min exhibits greater
spatial variability, with relatively lower increases in the urban core. These spatial patterns
are consistent with those obtained from the individual model projections, indicating a high
degree of agreement among the different modelling approaches regarding the location of
the strongest and weakest warming signals. Overall, the ensemble projections confirm the
strong summertime warming signal identified by the individual models, while providing
a more robust estimate of the expected temperature increase over Nicosia. The average
warming signals projected by each model, as well as the ensemble mean, are summarized
in Table 8 for both T2max and T2min variables.

Figure 8. Ensemble mean of the summer temperature changes (Future–Historical) for T2min (left)
and T2max (right), calculated as the equal-weighted average of the WRF, MLR, ANN, and CNN
model projections.

Table 8. Projected summer temperature changes (Future–Historical) for T2max and T2min simulated by
each model and the ensemble mean. Uncertainty is expressed as the inter-model standard deviation.

WRF MLR ANN CNN Ensemble Mean

∆T2max (°C) 2.06 1.79 2.13 1.92 1.97 ± 0.15
∆T2min (°C) 1.00 1.27 1.00 0.97 1.06 ± 0.14

To further assess the robustness of the projected warming signal, a Welch two-sample
t-test [65] was applied to compare the summer mean temperatures between the histori-
cal and future periods for both T2max and T2min across all models (WRF, MLR, ANN,
and CNN). The test was performed using daily summer domain-averaged temperatures
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(92 summer days per year over 5 years, resulting in 460 values for each period). For all mod-
els and both variables, the projected future warming was found to be statistically significant
(p < 0.001), confirming that the increases in both daytime and nighttime temperatures are
robust and unlikely to be due to random variability alone.

3.4. Identification of Future Urban Heat Hotspots

To identify areas expected to experience the strongest heat stress in the future climate,
the ensemble mean projections were used to detect areas that are projected to experience
consistently high thermal conditions under the SSP2-4.5 scenario. Grid cells exceeding the
historical 95th percentile thresholds of both T2max and T2min were first identified for the
future period. Grids simultaneously exceeding both thresholds were considered potential
hotspots, representing locations exposed to elevated daytime and nighttime temperatures.

Figure 9 presents the spatial distribution of the ensemble mean future summer tem-
peratures for T2min (left) and T2max (right). A total of 61 grid cells exceed the historical
95th percentile thresholds for both variables. Among these cells, the twenty with the
highest combined temperature magnitude, defined as the mean of T2max and T2min, were
identified as the most intense intra-urban heat hotspots (yellow stars). The different outline
colors indicate the LCZ classes: black for LCZ 3 (compact low-rise), orange for LCZ 6
(open low-rise), yellow for LCZ 8 (large low-rise), and green for LCZ 9 (sparsely built).
The identified hotspots are predominantly concentrated in the central and north-eastern
parts of the urban area, which are mainly characterized by compact low-rise urban fabric
(LCZ 3). These areas correspond to the most densely built parts of the domain, where
reduced ventilation and increased heat storage contribute to elevated air temperatures.

To further investigate the distribution of the identified hotspot cells and their rela-
tionship with the different LCZ classes, a quantitative analysis was performed (Table 9).
The table summarizes the total number of grid cells within each LCZ together with the
number and percentage of cells identified as hotspots and top 20 hotspots. The results show
that all LCZ 3 cells (100%) and almost all LCZ 8 cells (96.2%) were classified as hotspots,
whereas only 13.5% of LCZ 6 cells and none of the LCZ 9 cells exceeded the hotspot thresh-
old. Similarly, 62.5% of LCZ 3 cells and 19.2% of LCZ 8 cells were classified among the
top 20 most intense hotspots. Considering the complete hotspot dataset, 39.3% and 41.0%
of the 61 identified hotspot cells belong to LCZ 3 and LCZ 8, respectively, while only 19.7%
occur within LCZ 6. Furthermore, the top 20 most intense hotspots are exclusively located
within LCZ 3 (75%) and LCZ 8 (25%), highlighting the strong association between compact
urban morphology and the occurrence of the most intense future heat hotspots.

Table 9. For each LCZ, the table shows the total number of grid cells, together with the absolute
number of hotspot cells, their percentage relative to the corresponding LCZ and to the total number
of hotspot cells, and the absolute number of the top 20 most intense hotspot cells together with their
percentage relative to the corresponding LCZ and to the total number of top 20 hotspot cells.

LCZ Total Hotspot Hotspots Hotspots Top 20 Top 20 Top 20
Cells Cells (% of LCZ) (% of Total) Hotspots (% of LCZ) (% of Total)

LCZ 3 24 24 100.0 39.3 15 62.5 75.0
LCZ 6 89 12 13.5 19.7 0 0.0 0.0
LCZ 8 26 25 96.2 41.0 5 19.2 25.0
LCZ 9 3 0 0.0 0.0 0 0.0 0.0

Overall, the hotspot analysis highlights the specific urban locations and the correspond-
ing LCZs that are expected to experience the strongest combined daytime and nighttime
warming in Nicosia city, providing valuable information for the development of targeted
urban heat mitigation strategies.
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Figure 9. Spatial distribution of the ensemble mean future summer T2min (left) and T2max (right).
The different outline colors indicate different LCZ classes. Yellow stars indicate the top 20 common
urban heat hotspots based on the historical 95th percentile thresholds of both variables. The black
star represents the location of the Nicosia meteorological station.

4. Discussion
4.1. Performance of Statistical Downscaling Methods

The performance of the statistical downscaling approaches was first assessed by eval-
uating their ability to reproduce the spatial temperature patterns generated by the WRF
simulations for the T2max and T2min variables. After training, the derived statistical rela-
tionships were applied to the independent test period using the low–resolution predictor
variables from the WRF–ERA5 simulation.

Overall, the results demonstrate that all examined ML models were capable of repro-
ducing the spatial structure of the WRF temperature fields with relatively small deviations.
Domain-averaged biases remain generally low across the study area for both variables,
indicating that the ML models were able to capture the main large-scale to local-scale
relationships governing the downscaling process. In terms of MAE, the simplest approach
(MLR) performed reasonably well despite its linear formulation, while the ANN and CNN
models achieved slightly better overall accuracy. The differences among the three methods
remain relatively small, particularly for the T2min variable.

This behavior can be explained by the fact that near-surface temperature can be often
adequately represented by linear statistical relationships with large-scale atmospheric con-
ditions. Nevertheless, more complex ML architectures offer additional advantages when
handling spatially structured predictors. In particular, CNN models are able to automati-
cally extract spatial features and perform implicit dimensionality reduction through convo-
lutional kernels, without the need for external feature selection procedures [66]. This capa-
bility becomes especially important when dealing with high-dimensional climate datasets.

Comparable performances of neural-network-based statistical downscaling methods
have been reported in recent studies. For example, ref. [67] applied ANN, CNN and
Random Forest models to downscale ERA5-Land daily mean temperature data from 9 km
to 1 km resolution. Their results showed relatively small summer biases (approximately
0.2 °C) and MAE values close to 1 °C for both ANN and CNN models. These error
magnitudes are comparable to those obtained in the present study, particularly for the
CNN model. Furthermore, ref. [67] reported that the CNN architecture achieved the
lowest MAE among the examined models, which is consistent with the findings of the
present study.

https://doi.org/10.3390/cli14070152

https://doi.org/10.3390/cli14070152


Climate 2026, 14, 152 22 of 29

Beyond the quantitative error metrics, the CNN model also exhibited a more spatially
coherent representation of the temperature fields compared to the ANN model. In the
ANN results, localized deviations between neighboring grid cells were occasionally ob-
served, particularly for the T2min variable. This difference highlights the advantage of
convolutional architectures, which explicitly account for spatial dependencies through lo-
calized connections and shared convolutional kernels. Such properties make CNN models
particularly suitable for spatially structured datasets, such as climate variables.

Overall, the results indicate that while relatively simple statistical approaches (MLR)
can already reproduce the main temperature patterns produced by the WRF model, deep
learning methods (particularly CNN) provide improved spatial consistency and slightly
better accuracy. These findings suggest that CNN-based statistical downscaling can serve as
a reliable and computationally efficient alternative for generating high-resolution tempera-
ture fields derived from dynamical simulations. In terms of computational cost, the training
and inference of the ML models require only a few minutes on a standard computing sys-
tem, whereas the corresponding high-resolution WRF simulations (1 km resolution for a
multi-year period) required several months of computational time on a high-performance
computing system. This substantial difference highlights the potential of ML-based ap-
proaches for efficiently generating large ensembles of high-resolution climate projections.

An important characteristic of the proposed framework is that the statistical down-
scaling models are trained using high-resolution temperature fields generated by the WRF
model rather than direct observations. This strategy follows the Perfect Prognosis approach,
in which physically consistent large-scale atmospheric conditions from ERA5-driven WRF
simulations are used to establish statistical relationships between regional- and urban-scale
variables. This approach was adopted because the available observational network is
insufficient to represent the spatial variability of air temperature across the study domain
and does not provide the spatially continuous atmospheric predictor fields required for
statistical downscaling. Consequently, the ML models are designed to emulate the be-
haviour of the reference dynamical model rather than directly learn from atmospheric
observations and therefore inherit both its strengths and limitations. Therefore, confidence
in the statistical downscaling framework ultimately depends on the ability of the reference
WRF simulation to reproduce the observed temperature variability, which is evaluated in
the following section.

4.2. Evaluation Against Observations

Subsequently, the performance of the WRF model and the ML models was evaluated
based on their ability to reproduce the daily T2max and T2min at Nicosia station. The
error magnitudes obtained in the present study are consistent with those reported in
previous urban climate modelling studies. For example, ref. [68] evaluated the WRF model
coupled with the SLUCM over a 50-day summer period in Athens at 1 km resolution and
reported MAE values of approximately 1.7 °C and 1.5 °C for T2max and T2min, respectively.
These values are in close agreement with the present study, where summer MAE values
of approximately 1.8 °C for T2max and 2.2 °C for T2min were obtained. Likewise, ref. [69]
applied WRF–SLUCM over Hangzhou city with 1 km resolution during a 14-day summer
simulation and reported RMSE values of about 2.5 °C for T2max and 1.2 °C for T2min.
These ranges are comparable to those obtained in the present study, particularly for T2max.

The relatively small MAE and RMSE values obtained during the summer period
indicate that the statistical downscaling approaches are able to effectively capture the rela-
tionships between large-scale atmospheric predictors and local-scale temperature variability
represented in the WRF simulations. The larger errors observed for T2min compared to
T2max can be attributed to the greater complexity of nighttime processes in urban environ-
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ments. During nighttime conditions, heat storage in urban material and surfaces together
with anthropogenic heat release can significantly influence near-surface temperatures,
making them more difficult to simulate accurately.

Overall, these results indicate that the ML models reproduced the observed tempera-
ture with a level of accuracy similar to that of the dynamical simulations. Consequently, the
ML-based statistical downscaling methods can provide reliable representations of urban
temperatures while maintaining a substantially lower computational cost compared to
dynamical simulations. However, a limitation of the present evaluation is that it relies on a
single urban meteorological station, reflecting the limited availability of urban observations
within the study area. Consequently, while the temporal performance of both the WRF and
ML models can be assessed at the station location, the spatial accuracy of the simulated 1 km
temperature fields across the entire urban domain cannot be directly verified. Nevertheless,
the physically based WRF simulations provide physically consistent spatial temperature
fields that constitute the reference dataset for the statistical downscaling framework.

4.3. Projected Warming in Nicosia

Following the extraction of the statistical relationships during the training period and
their satisfactory performance during the test period, these relationships were applied to the
low-resolution outputs of the WRF-HIST and WRF-SSP2 simulations in order to generate
1 km resolution T2max and T2min fields for the historical and future periods, respectively.
The projected high-resolution summer climate change signal was then calculated as the
difference between the future and historical periods for each of the models.

The strong agreement between the CNN downscaled outputs and the WRF simulations
observed in this study is consistent with previous work demonstrating that CNN-based
statistical downscaling methods are capable of reproducing temperature fields and climate
change signals comparable to those produced by RCMs [70].

The projections indicated a pronounced warming signal over Nicosia for the future
period under the SSP2-4.5 scenario. In particular, the increase in daytime T2max is stronger
than that of nighttime T2min. A similar behaviour has been reported in previous stud-
ies. For instance, Gumus et al. [71] analysed future temperature projections using data
from 15 CMIP6 GCMs under the SSP2-4.5 scenario and found that projected increases
in T2max exceed those of T2min in Morocco, which is located in the Mediterranean re-
gion. This pattern is consistent with the results of the present study and highlights the
tendency for daytime temperatures to respond more strongly to future climate forcing in
Mediterranean environments.

High-resolution regional climate simulations incorporating detailed urban representa-
tions have also been used to investigate future changes in near-surface air temperature. For
example, Ni et al. [42] dynamically downscaled CMIP6 climate data using the WRF model
to 1 km resolution over a metropolitan region in China under the SSP2-4.5 scenario. Their
results showed an increase of approximately 1.2 °C in near-surface air temperature between
the present climate and mid-century conditions, which is comparable to the warming signal
obtained in the present study.

Although the projected warming signal is of a similar magnitude to the absolute errors
obtained during the evaluation against observations, these quantities represent fundamen-
tally different aspects of model performance and should not be interpreted directly. The
evaluation metrics quantify the ability of the models to reproduce absolute temperatures
during the historical period, whereas the projected climate change signal is calculated as the
difference between dedicated historical (WRF-HIST) and future (WRF-SSP2) simulations
performed with the same modelling framework. Consequently, systematic model biases
are expected to largely cancel out when computing the climate change signal, making the
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projected warming less sensitive to the absolute errors of the individual simulations. Fur-
thermore, the use of an equal-weighted ensemble combining the dynamical WRF simulation
and the three statistical downscaling models helps reduces the influence of model-specific
biases and provides a more robust estimate of the projected warming. Overall, the close
agreement between the warming signals produced by the ML models and those obtained
from the dynamical WRF simulations, together with the consistency of the projected warm-
ing with previous studies, increases confidence in the robustness of the projected climate
change signal over Nicosia and supports the suitability of ML-based statistical downscaling
methods for generating high-resolution future climate projections.

4.4. Urban Heat Hotspots and Implications for Urban Climate Adaptation

The availability of kilometre-scale projections allowed the investigation of the spatial
heterogeneity of the intra-urban thermal environment in Nicosia and the identification of ar-
eas that may experience the most intense heat exposure under future climate conditions. To
identify these areas, the ensemble mean of both the dynamical and statistical downscaling
models was used to detect grid cells exceeding the historical 95th percentile thresholds for
both T2max and T2min during the future period. Considering both daytime and nighttime
temperature extremes enables the identification of areas exposed to persistent heat stress
conditions, providing a more comprehensive assessment of the potential impacts of future
climate warming on the urban thermal environment.

The identified hotspots are predominantly located in the central and north-eastern
parts of the city and correspond mainly to compact low-rise urban areas (LCZ 3). These
urban forms are characterized by high building density and limited ventilation, which
favour increased heat storage and reduced nighttime cooling. Such morphological charac-
teristics have been widely recognized as key contributors to the development of the urban
heat island effect and elevated urban air temperatures. Previous LCZ-based urban climate
studies have shown that compact urban zones generally exhibit higher air temperatures
compared to sparsely built or open areas due to the combined effects of increased thermal
storage in urban materials and lower vegetation coverage [72,73].

The spatial clustering of hotspots within the most densely built parts of the city
highlights the important role of urban morphology in modulating future temperature
patterns. These findings reveal the areas where projected heat stress is expected to be
most amplified. Consequently, the identification of these hotspots provides valuable
information for the development of targeted urban heat mitigation strategies, such as
increasing urban greenery, creating pocket parks, or applying reflective materials to urban
surfaces. Overall, the integration of high-resolution dynamical and statistical downscaling
with urban morphology analysis provides a useful framework for identifying priority
areas for climate adaptation planning in Mediterranean cities facing increasing heat stress
under climate change, enabling the detection of intra-urban thermal patterns that cannot
be resolved by typical regional climate simulations.

5. Summary and Conclusions
This study investigated the potential of statistical downscaling techniques to generate

high-resolution urban climate projections for Nicosia under the SSP2-4.5 scenario. The
WRF model was used to dynamically downscale ERA5 data in order to produce the
reference datasets required for the statistical downscaling of daily T2max and T2min at
both regional (12 km) and local (1 km) scales. Three machine learning models of increasing
complexity (Multiple Linear Regression, MLR, Artificial Neural Networks, ANN, and
Convolutional Neural Networks, CNN) were developed to reproduce the high-resolution
temperature fields.
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Regarding the first objective of this study, the results showed that all three ML models
were capable of reproducing the high-resolution temperature fields simulated by the WRF
model with relatively small MBE and MAE values. Among the examined approaches, the
CNN demonstrated the best overall performance, providing improved spatial coherence
and slightly lower errors compared to the ANN and MLR models. These findings support
the use of CNN-based statistical downscaling as a computationally efficient alternative
to dynamical downscaling for producing high-resolution urban climate simulations. The
comparison with observations from Nicosia meteorological station further indicated that
the ML models reproduced the observed temperature variability with an accuracy com-
parable to that of the dynamical simulations. These findings demonstrate that ML-based
statistical downscaling can accurately reproduce kilometer-scale dynamical simulations
while substantially reducing computational cost.

Regarding the second objective, both the DD and SD approaches projected a substantial
summertime warming between the historical and future periods over Nicosia by mid-
century. This signal was estimated to be approximately 1.9 °C for T2max and 1.1 °C for
T2min based on the multi-model ensemble of both dynamical and statistical approaches.

Regarding the third objective, the comparison between the dynamical and statistical
downscaling approaches showed that the ML models reproduced projected warming
signals of similar magnitude to those obtained from the WRF simulations with the ANN
showing the closest agreement and the MLR exhibiting the largest deviations from the
WRF projections for both T2max and T2min. Therefore, once trained using dynamical
simulations, ML-based statistical downscaling represents a reliable efficient alternative for
generating urban climate projections.

Regarding the fourth objective, the high-resolution projections enabled the identifi-
cation of intra-urban thermal variability and the detection of future urban heat hotspots.
The most intense hotspots were mainly located in compact low-rise urban areas (LCZ 3),
highlighting the important role of urban morphology in amplifying future heat stress.

Overall, these findings demonstrate that integrating high-resolution dynamical and
machine learning-based statistical downscaling with urban morphology analysis provides
an efficient and robust framework for urban-scale climate assessments by combining the
physical consistency of dynamical models with the computational efficiency of machine
learning approaches, while enabling the identification of priority areas for climate adapta-
tion planning in Mediterranean cities facing increasing heat stress.

Future work could extend this approach by applying the trained ML models to a
large number of GCM-RCM pairs, following the approach of Banõ-Medina et al. [70],
to generate probabilistic 1 km projections spanning multiple GCMs and SSP scenarios
at negligible additional computational cost, thereby sampling the full phase space of
projection uncertainty. In addition, future research could explore the interpretability of
the ML models using explainable artificial intelligence techniques, such as SHAP values,
to identify the relative importance of the predictor variables and improve the physical
understanding of the relationships between large-scale atmospheric conditions and local
temperature patterns. The framework could further be leveraged to evaluate targeted urban
heat mitigation strategies, such as increasing urban greenery or applying cool materials,
under projected climate conditions.
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Abbreviations
The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
CMIP6 Coupled Model Intercomparison Project Phase 6
CNN Convolutional Neural Network
DD Dynamical Downscaling
ERA5 ECMWF Reanalysis v5
GCM General Circulation Model
JJA June–July–August
LCZ Local Climate Zone
MAE Mean Absolute Error

MBE Mean Bias Error
ML Machine Learning
MLR Multiple Linear Regression
RCM Regional Climate Model
RMSE Root Mean Square Error
SD Statistical Downscaling
SLUCM Single-Layer Urban Canopy Model
SSP Shared Socioeconomic Pathway
T2 2 m air temperature
T2max Daily maximum 2 m air temperature
T2min Daily minimum 2 m air temperature
UHI Urban Heat Island
WRF Weather Research and Forecasting model
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