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Abstract

The rising frequency of heatwaves, combined with the urban heat island effect, increases
the population’s exposure to high temperatures, significantly impacting the health of vul-
nerable groups and the overall well-being of residents. While mesoscale meteorological
models can reliably forecast temperatures across urban neighbourhoods, dense networks of
in situ measurements offer more precise data at the street scale. In this work, the Random
Forest technique was used to predict street-scale temperatures in the downtown area of
Thessaloniki, Greece, during a prolonged heatwave in July 2021. The model was trained us-
ing data from a low-cost sensor network, meteorological fields calculated by the mesoscale
model MEMO, and micro-environmental spatial features. The results show that, although
the MEMO temperature predictions achieve high accuracy during nighttime compared to
measurements, they exhibit inconsistent trends across sensor locations during daytime, in-
dicating that the model does not fully account for microclimatic phenomena. Additionally,
by using only the observed temperature as the target of the Random Forest model, higher
accuracy is achieved, but spatial features are not represented in the predictions. In contrast,
the most reliable approach to incorporating spatial characteristics is to use the difference
between observed and mesoscale temperatures as the target variable.

Keywords: low-cost sensors; urban heat island; NWP downscaling; random forest
regression

1. Introduction
Numerical Weather Prediction (NWP) models have been used to provide urbanized

temperature fields, taking into account the effect of urban canopy, coverage type and
anthropogenic forcing [1,2]. The development of urbanized surface parametrizations over
the last couple of decades has vastly improved NWP skills in simulating urban radiative
and thermal effects, including the urban heat island (UHI), particularly at the mesoscale
and local scales [3,4]. Contributions of surface budget modification, urban coverage types,
radiation trapping and shading have been introduced in various urban modelling schemes,
either as explicit processes-based modules [5] or by appropriate modifications to the surface
thermal budget and radiative transfer mechanisms already present in NWP models [6].
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Most of these improvements aim to enhance the model’s potential to provide short- and
medium-term predictions on temperature and radiation at the local scale (of the order of
a few hundred meters), effectively downscaling the driving regional or mesoscale meteo-
rology to specific land coverages associated with the urban canopy. Despite the obvious
improvements in predicting local forcings and the improved overall skill of NWP models
in reproducing thermal and weather patterns at the respective scales, they offer limited
insights on thermal effects, which define thermal exposure in urban microenvironments,
compared to explicit 3D microscale models [7]. On the other hand, accurate modelling
of such exposures can benefit from using the coarser-resolution NPW fields as boundary
conditions, where additional effects of land cover, structure of surrounding buildings,
ventilation, surface properties, and orientation, as well as shading geometry are accounted
for by explicit microscale modelling or by a surrogate model [8].

Machine learning utilization has increased in the field of weather and climate mod-
elling, especially over the past 10 years, during which these types of models have become
competitive with the corresponding process-based models [9]. In addition to directly
predicting weather and environmental variables, a wide range of machine learning applica-
tions are now being integrated with numerical models, including NWP downscaling [10].
As shown in the review paper by de Burgh-Day and Leeuwenburg [9], the vast majority of
NWP and machine learning integrations rely on neural networks for prediction. However,
a significant number of earlier studies have used decision tree-based methods, particularly
Random Forest algorithms [11–15].

Meenal et al. [11] compared the performance of Random Forest and Super Vector
Machine (SVM) models for predicting solar radiation and wind speed in Tamil Nadu, India,
and found that Random Forest achieved significantly higher accuracy than SVM for both
parameters. In a study by Goutham et al. [12], it was shown that the use of Random Forest
can reduce errors in NWP-derived surface wind speed forecasts from the European Centre
for Medium-Range Weather Forecasts (ECMWF) in regions of France and Corsica. Shin
et al. [13] evaluated several machine learning methods combined with an NWP model to
downscale wind speed predictions for agricultural applications at a high spatial resolution
of 100 × 100 m in South Korea and found that Random Forest produced the best results.

In addition to forecasting regulated environmental parameters, a crucial area of re-
search in NWP modelling is the investigation of extreme weather events. Such events pose
significant risks to both public health [16] and the environment and also impact various
economic sectors, including agriculture. Extreme weather events have increased dramat-
ically in recent years and are expected to become even more frequent due to the climate
crisis [17]. Das et al. [14] employed a Random Forest model for intense rainfall nowcasting.
Similarly, in the study by Yao et al. [15], a Random Forest algorithm was used to predict
hailstorms in the Shandong Peninsula, China.

Recently, significant progress has been made in the use of machine learning algorithms
for downscaling NWP models at various scales for temperature prediction purposes, often
in combination with in situ or remote sensing measurements. In such studies, either the ob-
served temperature (Tobs) or the difference between the observed and NWP-predicted tem-
perature (∆T) has been used as the target variable. In the work of Chajaei and Bagheri [18],
data from the urban climate model UrbClim were combined with morphological features
extracted from LiDAR data to train several machine learning algorithms for predicting
Tobs at street scale. They found that the LightGBM model provided the best performance.
Bhakare et al. [19] compared Random Forest (RF), Artificial Neural Networks (ANNs), and
Convolutional Neural Networks (CNNs) for downscaling ERA5-Land reanalysis tempera-
ture data from 9 km to 1 km over a domain that included the Non Valley and the Adige
Valley in the Italian Alps. They found that Random Forest outperformed ANN and yielded
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comparable results to CNN, particularly during the summer and spring, but accuracy
declined during winter and autumn.

Blun et al. [20] downscaled regional UKV model heatwave temperature predictions
from 1 km to 100 m horizontal resolution using ∆T as the target variable, applying Random
Forest, XGBoost, and Multilayer Perceptron algorithms. They found that all three machine
learning methods provided similar accuracy. Shin and Yi [21] used Support Vector Machines
(SVMs) to predict ∆T from 1.5 km resolution data generated by the Unified Model–Local
Data Assimilation and Prediction System (UM-LDAPS) downscaled to 25 m for the Seoul
metropolitan area.

All of the above-mentioned studies combined machine learning methods with either
NWP-modelled or/and observed weather data at various spatial scales (regional, mesoscale,
and local). These studies offer valuable insights into the potential for downscaling NWP
predictions using machine learning algorithms in operational systems, particularly for
regulatory applications. However, they also have specific limitations. As the research field is
relatively new, there remain several gaps in the literature that warrant further investigation.
For instance, in the context of temperature prediction, some previous works [18,19,21]
do not specifically address extreme events such as heatwaves, and some lack focus on
microclimatic characteristics [19,20]. Moreover, none of these studies have explored the
contribution of spatial variables to predictive performance or utilized data from low-cost
sensor networks to train the machine learning models.

The number of studies on urban microclimate using field measurements has been
steadily increasing over the last decade; however, meanwhile the majority of studies rely
on computational simulations [22]. Meteorological data measured at the microscale are
often used in biometeorological studies to capture, e.g., the outdoor thermal comfort of
pedestrians or to map locations of distinct thermal stress (i.e., hotspots) in specific urban
areas, where precise meteorological data are needed [23,24].

Investigations employing remote sensing [25] and local scale modelling [26] have
revealed that urban expansion and the deterioration of urban morphology can exacerbate
UHI effects and increase thermal stresses in outdoor spaces. On the other hand, the imple-
mentation of urban renewal projects involving alterations in building geometry and ground
cover could mitigate such effects, provided that the effect of individual interventions is
sufficiently understood and quantified [27]. For application, such information is of crucial
importance for sustainable and climate-resilient urban development, supporting urban
governments in decision making and planning [28]. In addition to distinct methodological
challenges, the advantage of such work intensive data acquisition is the most precise differ-
entiation of micro-meteorological conditions and the resulting mosaic of thermal comfort in
relation to micro-environmental objects and their thermal effects [29]. However, as already
stated, to the knowledge of the authors such data have never been used to downscale
weather parameters during extreme weather events such as heatwaves.

This study aims to investigate the capability of the Random Forest regression model
to downscale the meso-scale MEMO model’s temperature predictions during an extreme
heatwave event. For this purpose, the city centre of Thessaloniki, Greece, was selected as
the case study for July 2021, a period characterized by multiple heatwave events. A dataset
from 18 low-cost temperature sensors was used, along with MEMO-modelled data and
spatial features, for training the Random Forest model. The Random Forest model was
applied for two target variables: the measured temperature and the difference between the
measured and modelled temperatures. In addition, several scenarios were explored using
various training datasets and two cross-validation schemes. The results of the different
Random Forest applications were evaluated and compared, in order to identify the best
combination of model inputs for downscaling the MEMO model.
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2. Materials and Methods
2.1. Case Study

The study area is located in the historic urban core of Thessaloniki, Greece (40.6401◦ N,
22.9444◦ E), along the northeastern coastline of the Thermaikos Gulf. Thessaloniki is the
second largest city in Greece, with a municipal population of 317,778 and a metropolitan
area population of approximately 1,011,000 [30]. The city serves as a key economic, cultural,
and educational centre in the northern part of the country, with the Aristoteles University
being the largest university in Greece. It is characterized by a densely built commercial
centre and limited public open spaces and vegetation, with a comparatively low percentage
of accessible green public space, with about 2.7 m2 per capita [31], which is far below the
recommended 9 m2 benchmark suggested by the World Health Organization [32].

Thessaloniki is characterized by a complex orography, comprising extended flat areas
in the west, north-west and the southern part of the greater Thessaloniki area, stretching
over 20 km in a bowl formed by low hills facing a bay that opens into the Thermaikos Gulf.
This complex coastal formation, in combination with the nearby mountainous areas from
the northern to the eastern direction, favours various local circulation systems, such as
sea–land breezes and valley–mountain winds, as well as wind-channelling phenomena [33].
The study area starts at near sea level (2 m a.s.l.) at the city’s seashore and rises along Agia
Sophia road towards the Upper Town (Ano Poli).

The region has a typical Mediterranean climate, classified as CSa under the
Köppen–Geiger, climate classification system [34], with mild and wet winters and dry
and hot summers, with significant seasonal temperature variation. The mean tem-
peratures of Thessaloniki reach ~15.9 ◦C annually and ~23.96 ◦C for the hot season
(May–September) [35]. Due to climate change, a continuous warming can be observed over
the last decades. In summer, e.g., the number of desert days with maximum temperatures
equal or above 35 ◦C within a year rose from 56 days (1983–1992) to 70 (1993–2002) and
again to 141 days (2003–2012)—an increase of 152% from the first to the third decade [36].
Heatwaves, as prolonged periods of extreme thermal discomfort, are becoming a common
phenomenon in Thessaloniki. A recent study projects a significant increase in the frequency
of extreme heat stress, rising from about 8 heatwave days per year in the present climate to
20 days/year by 2050 and up to 60 days/year by 2100, with the duration extending by up
to 30 days at maximum [35].

2.2. Measurement Campaign (DB)

Throughout the hot summer of July 2021, which was marked by several heatwaves,
a micrometeorological measurement campaign was conducted in the city centre of Thes-
saloniki. The measuring setup consisted of twelve low-cost Escort Mini 2000 Tempera-
ture Loggers (Escort Data Logger Inc./Escort Messtechnik AG, Aesch by Birmernsdorf,
Switzerland) measuring and recording every 30 min and six HOBO Pro v2 External Tem-
perature/Relative Humidity Data Loggers (HOBO Data Loggers/LI-COR, Bourne, MA,
USA) recording every 5 min. Before being used in the field, the sensors were tested in the
lab at around 20 ◦C for functionality and any differences in measurement. The maximum
deviation of the sensors was 0.2 ◦C and 2.5% relative humidity, thus remaining within
the device-specific accuracy range (0.2 ◦C from 0 to 70 ◦C and 2.5% from 10 to 90% RH).
The 18 data loggers were installed along a transect stretching from the seafront toward
the historic old town of Ano Poli, primarily along Agia Sophia Street and sporadically
in selected nearby streets. In coordination with the Thessaloniki city administration, the
loggers were temporarily installed on streetlamps and poles at a height of 3 m, as well as
on two balconies located on the top floors of the respective buildings. The location of the
data logger, as well as the relevant streets and city squares, are illustrated in Figure 1.
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Figure 1. Location of the 18 data loggers (Escort loggers in blue and HOBO loggers in red) along
Agia Sophia Street in Thessaloniki, Greece. Map source: http://basemaps.cartocdn.com, accessed on
3 May 2025.

The selected logger locations were intended to cover a wide range of thermal variance
with regard to the following:

(1) The effects of the sea and related ventilated areas versus poorly ventilated, densely
built-up inner-city areas;

(2) The effects of locations with nearly full solar radiation input versus locations with
shading of different degrees:

a. Building shade: streets with different orientations, street widths and the
heights of adjacent buildings;

b. Tree shade: varying street or park trees;

(3) Warming effects caused by traffic: streets cover a wide range of traffic volumes,
classified from major arterial road with heavy traffic volumes (Tsimiski) to local roads
with primarily residential traffic and areas without traffic, such as pedestrian streets,
parks, squares, and a courtyard.

http://basemaps.cartocdn.com
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2.3. NWP and MEMO Model

NWP models have been used to study thermal effects in urban areas, as well as the
influence of urban coverage on mesoscale and regional scale weather patterns. The MEMO
model [37] has been applied and validated in a series of urban case studies, aiming to
assess the model’s performance in predicting local dynamical and thermal effects [38,39] or
provide high-resolution driving meteorology to a chemical dispersion model for air quality
assessment [40]. In the latter case, MEMO has been used as the core meteorological module
of an Operational Air Quality System, deployed as the official air quality assessment tool
in Cyprus and as a tool for informing citizens of Thessaloniki on the current and next-day
air quality situation.

In the present study, MEMO was used to simulate the meteorological situation in the
local scale over the city of Thessaloniki during the month of July 2021, coinciding with a
period of intense heatwaves. The model provided hourly 3D fields of temperature, relative
humidity, wind speed and direction, and shortwave incoming radiation over an area of
30 × 30 km2, covering the metropolitan area of Thessaloniki at a horizontal resolution of
250 m. A coarser model domain of 120 × 120 km2 with a resolution of 4000 m was used to
provide continuous boundary input to the high-resolution grid (Figure 2). Regional-scale
input was incorporated in the nested model by forcing the coarse domain temperature and
wind fields towards consistent fields generated based on radiosondes from the Macedonia
airport [41], available at 6- or 12-hour intervals. The surface and radiation parameterizations
used by MEMO for urban areas have been detailed and validated in Nitis et al. [38]. For
the present application, a high-resolution map of surface types based on CORINE CLC2012
land use dataset [42] was used for the central areas of Thessaloniki.

Figure 2. Coarse (left) and fine (right) computational grids used by the MEMO mesoscale model, as
well as the study area where the 18 measurement stations were temporarily installed.

Applying a mesoscale model over an urban area is expected to provide average
thermal and radiative fields representing the local-scale situation and surface-induced
effects, which are at best resolved at a scale of a few hundred meters. In this sense, the
output fields obtained by the MEMO application are expected to represent corresponding
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spatial averages through areas of the size of a few city blocks, while smaller-scale shading or
radiation-trapping effects are spatially smoothed out. Looking at the time series calculated
by MEMO at the locations of deployed temperature sensors, it is evident that in most
of the unshaded locations, the model underestimates the daily maxima. On the other
hand, sensors in shaded locations indicated lower temperatures than those predicted by
the model.

The effects of limited resolution become more pronounced in computational cells en-
compassing mixed land use. Typical examples include cells that contain water surfaces (e.g.,
near the coastline) where the average cell diurnal variation can significantly underestimate
the extrema registered by adjacent land sensors. Cells that contain dense building struc-
tures with low porosity, e.g., with narrow street canyons separating contiguous building
blocks, represent another case where the simplified, land use-based surface classification of
the MEMO model can fail to represent the thermal response in sensors near the ground.
Local variations in insolation penetration within a dense urban area are nearly impossible
to resolve without an explicit 3D model, which further limits the accuracy of predicting
radiation effects during the day.

Urbanization approaches, such as those proposed by Martilli et al., Salamanca et al.,
and Tsegas et al. [5,6,8], could potentially improve the performance of MEMO in capturing
microclimatic features during datetime. However, these schemes heavily rely on the
availability of additional datasets of high-resolution geometrical (3D structure, surface
geometries, building silhouettes, etc.) and thermal properties (surface albedo, material
properties, water permeability) that need to cover the entirety of the computational domain.
Such data inventories are typically very hard to obtain in sufficient resolution and are
usually characterized by a considerable amount of uncertainty. It has also been shown
that the sensitivity of the urbanized parameterisations to input data uncertainties is still
poorly understood [43]. In contrast, the computational scheme proposed in this work
aims to augment thermal forecasts provided by the baseline model using only localized
information that can be obtained by targeted surveys.

It is evident that not only unresolved subscale variations in urban surfaces, but also
localized features of the sensor microenvironment, such as ventilation, shading, orienta-
tion, proximity to various surfaces and land cover types, can account for the observed
bias between measurements and the local-scale model. In the subsequent sections, a
machine-learning model is applied in an effort to further “downscale” the local-scale model
fields by using specific features of each sensor microenvironment in combination with
observed temperatures.

2.4. Random Forest Regression

Random Forest is a widely used machine learning model employed for both regression
and classification tasks [44]. This type of model is based on the bagging of decision trees.
Decision trees [45] are machine learning algorithms characterized by splitting nodes that
represent decisions based on features, branches that connect the nodes and indicate the
outcome of each decision, and leaves that provide the final prediction. In regression
problems, the prediction is given as a numerical value.

Although decision trees are known for their simplicity and relatively low error, they
tend to overfit the training dataset, which can lead to reduced model accuracy [46]. In gen-
eral, a standalone decision tree is considered a weak learner [47]. To address this limitation,
several methods have been proposed. Breiman et al. [45] introduced the bagging process
(also known as bootstrap aggregation), an ensemble machine learning technique that com-
bines multiple weak learners to create a stronger model. In bagging-based predictions, the
outputs of several weak learners are averaged to improve performance. In Random Forest
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models, decision trees are used as weak learners, combined with both bagging and random
feature selection [46].

Random Forest has been applied in various studies to predict environmental parame-
ters associated with atmospheric conditions [11,14,15]. Moreover, many applications utilize
datasets of atmospheric variables derived from numerical models [9,10], observational data,
and other parameters relevant to the area of interest to train Random Forest models.

Since the primary objective of this study is to use Random Forest to explore the
potential for temperature downscaling in an urban environment, from the local to the
microscale, the features (the parameters utilized to train the model) used to train the model
are analysed in detail in the following subsection.

2.4.1. Feature Analysis

To assess the capability of downscaling temperature forecasts from the MEMO model,
several Random Forest applications were conducted. Since temperature is a highly time-
dependent variable, and this study also investigates the contribution of spatial character-
istics to the downscaling process, two target variables were defined for prediction: the
observed temperature Tobs, and the difference between the observed and the modelled
temperature at each measurement station location, ∆T:

∆T = Tobs − Tmod (1)

where Tmod is the temperature simulated from the MEMO model and Tobs recorded by the
low-cost sensor measurement network.

To train the Random Forest regression model, a variety of features were used, which
can generally be categorized into two main groups:

• Time-dependent (“temporal”) features that are related to temporal characteristics, such
as observed and modelled temperature data.

• Spatial-dependent (“spatial”) features that represent the geometric, topographic and
thermal attributes of each location of interest.

Table 1 presents the features used to train the Random Forest regression model. For
each feature, the type and data source are also indicated. The time of day represents
the reference hour for both the measurements and the corresponding modelled data.
The modelled features were obtained from the MEMO model at an hourly resolution.
Similarly, observed temperature values were averaged to hourly intervals, along with cloud
cover data, which was sourced from the Thessaloniki International Airport “Macedonia”
meteorological station [41].

Spatial features and material properties that strongly affect temperature maxima inside
urban canopies have been identified in many previous works. These typically include
features connected to natural radiative and heat fluxes [48], including the presence of
reflective surfaces, paved vs. permeable soil covers and proximity to vegetation and trees.
Additional features, such as open vs. semi-open vs. enclosed geometries, are determining
factors for ventilation efficiency and radiation trapping [49]. Finally, features describing
proximity to large anthropogenic heat fluxes need to be considered [50,51]. In line with
these established practices, ten spatial features have been selected for training the model:
distance from the sea, distance from walls, street width, presence of trees, sky view factor,
sea effect, building height, road traffic, air conditioning+, air conditioning−.

Table 2 presents the values of these features for each of the 18 low-cost sensors. The
distance from the sea and the distance from nearby walls for each station were calculated
based on their geographic location within the city centre of Thessaloniki. The presence of
trees, road traffic, and sea effects around each sensor location were estimated empirically
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and expressed on a scale from 0 to 1. Specifically, these empirically estimated spatial
features were classified with values ranging from 0 to 1, in increments of 0.1. A value
of 0 indicates the absence of the respective feature (e.g., no trees, no traffic, or no sea
influence), while a value of 1 denotes strong presence or influence. Similarly, the influence
of air conditioning systems near each sensor was estimated using two separate indicators:

• Air conditioning +: Indicates the impact of warm air from AC exhausts. A value of
1 signifies an AC exhaust in close proximity (up to 2 m) (Esc5), a value of 0.5 signifies
AC exhausts in wider proximity (Esc1, Esc4). Esc 19 is a special case, influenced by the
strong heating of a nearby sunlit wall.

• Air conditioning −: Represents the cooling effect of nearby AC systems. A value of
1 indicates a strong cooling effect on the sensors, which are located directly in front
of the entrances to well-frequented, air-conditioned shops (H03, Esc6). A value of
0.5 indicates moderate effects of AC located approximately 3 to 5 m away or shops in
less-frequented areas (H05, Esc2, Esc11, Esc17).

Table 1. Features for the training of Random Forest regression model.

Training Dataset Features

Feature Value Type Derived

Time of day 1–24 h
MEMO temperature ◦C temporal Model
Relative humidity 0–100% temporal Model

U velocity component m/s temporal Model
V velocity component m/s temporal Model

Cloud cover 0–1 temporal Measurement
Distance from the sea m spatial Calculated
Distance from walls m spatial Calculated

Street width m spatial Calculated
Presence of trees 0–1 spatial Estimated
Sky view factor 0–1 spatial Calculated

Sea effect 0–1 spatial Estimated
Building height m spatial Calculated

Road traffic 0–1 spatial Estimated
Air conditioning + 0–1 spatial Estimated
Air conditioning − 0–1 spatial Estimated

The Sky View Factor (SVF) was calculated using the SVF module in the SAGA Toolbox
of QGIS, with the Digital Elevation Model (DEM) of Thessaloniki as input, with a resolution
of 0.8 × 0.8 × 0.8 m3. This data was created from the “Very Large Scale Orthophtotos”
(VLSO) project. The SVF ranges from 0 (completely obstructed sky) to 1 (completely open
sky). Finally, the building height of the nearest structure to each sensor was estimated
based on the number of building floors.

Table 2 presents the values of the 10 spatial features, as calculated or estimated for
each of the 18 low-cost sensors.

2.4.2. Application

As mentioned in the previous subsection, this study aimed to evaluate the accuracy of
Random Forest regression in predicting both Tobs and ∆T and to compare these predictions
using different training datasets. To achieve this, multiple experiments were conducted
using Tobs and ∆T as target variables. Initially, both target variables were predicted using
the full set of features listed in Table 1. Separate runs were also performed using only
the temporal features of the MEMO model. Furthermore, the results were evaluated by
comparing models trained with all features across different time segments: the full 24
h period (“24 h” dataset), daytime (“Day” dataset) hours (08:00–20:00), and nighttime
(“Night” dataset) hours (20:01–07:59).
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Table 2. Spatial parameters values for the 18 low-cost sensors.

Station ID Distance from
the Sea (m)

Distance from
Walls (m)

Street
Width (m)

Presence of
Trees

Sky View
Factor Sea Effect Building

Height
Road

Traffic
Air Condi-
tioning+

Air
Conditioning−

1 Esc10 233 0.2 27 0 0.39 0.5 27 1 0 0
2 Esc17 275 8 19 1 0.4 0.5 13 0 0 0.5
3 Esc6 314 5 17 0.6 0.32 1 13 0 0 1
4 Esc9 414 15 223 0 0.83 0.5 13 0.6 0 0
5 Esc19 438 2 217 1 0.8 0 20 0 1 0
6 Esc1 649 3 74 0.3 0.47 0 5 0.6 0.5 0
7 Esc11 1073 2 14 0 0.28 0 17.5 1 0 0.5
8 Esc5 1042 1 12 0 0.12 0 16 0.6 1 0
9 Esc7 1001 0.2 6 0 0.57 0 14 0 0 0

10 Esc4 1152 1 6 0 0.4 0 14 0 0.5 0
11 Esc2 1310 1 9 0 0.16 0 15 0.3 0 0
12 Esc8 1337 5 59 0.6 0.39 0 14 0 0 0
13 H04 5 10 28 0 0.8 1 14 0.6 0 0
14 H08 157 3 31 0 0.49 1 18 0 0 0
15 H03 225 5 24 0.3 0.39 0 20 1 0 1
16 H02 397 10 112 0 0.77 0.5 20 0 0 0
17 H06 903 15 57 1 0.42 0.5 20 0 0 0
18 H05 1310 1 9 0 0.16 0 15 0.3 0 0.5
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Instead of using a fixed split between training and testing datasets, this study em-
ployed the cross-validation method. Cross-validation is an ensemble technique that par-
titions the dataset into multiple folds. Each fold is used as the test set once, while the
remaining folds are used for training. Specifically, the dataset is divided into a prede-
fined number of folds, and the model is trained and evaluated as many times as there are
folds. The final results are obtained by averaging the performance metrics across all runs.
Two types of cross-validation are used in this study:

• Spatial cross-validation (“Spatial CV”): a twelve-fold cross-validation where, in each
fold, 3 out of the 18 sensor stations are left out for testing.

• Temporal cross-validation (“Temporal CV”): a twelve-fold cross-validation where, in
each fold, 5 days of data are excluded from training and used for testing.

2.5. Evaluation Metrics

To evaluate the accuracy of each Random Forest model application, several standard
regression metrics were used. Specifically, this study employed three of the most widely
used evaluation metrics: the Coefficient of Determination (R2), the Mean Absolute Error
(MAE), and the Root Mean Squared Error (RMSE).

The Coefficient of Determination (Equation (2)) measures the proportion of variance
in the target variable that can be explained by the input features. It provides insight into
how well the model fits the data. An ideal model would yield an R2 of 1. The metric is
calculated using the following equation:

R2 =
∑n

i=1(yi − ŷi)
2

∑n
i=1(yi − y)2 (2)

where yi is the actual target value for each prediction i, ŷi is the corresponding predicted
value, y is the mean of the true values, and n is the total number of samples.

The Mean Absolute Error (Equation (3)) quantifies the average magnitude of the errors
between the predicted and actual values, without considering their direction. An ideal
model would have an MAE of 0. It is calculated as

MAE =
1
n∑n

i=1|yi − ŷi| (3)

The Root Mean Squared Error (Equation (4)) measures the square root of the average
squared differences between predicted and actual values. RMSE is particularly sensitive to
large errors and provides a good indication of the model’s performance when outliers are
present. Similar to MAE, an ideal RMSE is 0. It is defined as

RMSE =

√
∑n

i=1
(yi − ŷi)

2

n
(4)

3. Results
3.1. Comparing Mesoscale and Microscale Temperature on a Monthly Basis

Figures 3 and 4 illustrate the temperature difference mean values for each hour of
the day for the month of July 2021. The values shown are the ∆T between the microscale
stations (measured) minus the respective mesoscale (at local-scale resolution) MEMO model
grid (modelled). For the exact location of the stations presented in Figures 3 and 4, please
refer to Figure 1 and Table 2 (station, ID).

Apart from station no. 5, all measured data are continuously warmer than the model,
showing that the model underestimates temperatures at street scale by up to 5 ◦C. The
strongest deviation from the model and largest variation between the stations occurs during
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the daytime, most probably due to differences in incoming solar radiation. While most
stations exhibit greater positive deviations from the model during the day compared to
nighttime, a few stations display the opposite behaviour, with reduced differences under
daytime conditions, e.g., no. 3, 13, and 14 (see Figure 4a for a comparison). These specific
stations are all close to the sea (see Figure 1 for a comparison: ID Esc6(3), H04(13), and
H08(14)), making the sea’s cooling impact apparent during the day—in comparison to the
mesoscale model.

Figure 3. Average diurnal profiles of the difference between the MEMO-modelled and observed
temperatures, ∆T, for the 18 low-cost measurement sensors.

 
(a) (b) 

Figure 4. Examples of average diurnal profiles of the differences between the MEMO-modelled and
observed temperatures, ∆T, are shown for the low-cost sensors located in sea-affected sites (a) and
tree-shaded spaces (b).
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At night, the temperature at street scale remains about 1 to 2 ◦C warmer than the
model grid predicts, with only minor variations between the 18 stations. The low variability
can be explained by the lack of differences in solar radiation input (high input leading
to high temperatures) between the stations at night compared to the radiation-rich day-
time. This also distinctively improves the performance of the mesoscale model, which by
definition cannot account for radiation-induced differences at ground level. Persistently
higher nighttime temperatures at the stations compared to the model indicate a direct UHI
impact from heat-emitting buildings and sealed surfaces on the near-surface microclimatic
measurements.

The larger discrepancies in MEMO’s temperature underestimation during the day
indicate that the microclimatic effects of the urban environment during a heatwave are
more difficult to capture with the MEMO model’s local-scale resolution (250 × 250 m2)
during daytime hours. At the same time, while similar trends in ∆T values occur across
all stations at night, the daytime variations in each station’s line highlight the influence of
micro-environmental characteristics at different locations within the urban area.

In general, the measurements at street-scale strongly reflect the microclimatic effects
of their nearby environment, showing distinct responses to changes in the measured
air temperature. Temperature differences compared to the mesoscale model increase
significantly in times of direct radiation input, which is even intensified as the station
approaches a building façade or wall. In contrast, the delta between the stations’ data and
the local-scale horizontal resolution model remains low during the day when the stations
are shaded, or the sea breeze has a cooling effect.

Stations located in similar environmental settings are grouped in Figure 4 to illustrate
the thermal effects of various influencing factors over the course of the day. The effects
of shading (associated with reduced ∆T) and direct solar radiation (resulting in increased
∆T) is clearly evident. For instance, sensors positioned near the sea tend to record lower
daytime temperature deviations (i.e., values closer to the model output) compared to
nighttime, indicating a distinct cooling effect of maritime influence (station 3(Ecs6); 13(H04)
in Figure 4a)). Conversely, a pronounced warming effect is observed at station 14 (H08),
likely caused by solar radiation reflected from a nearby (2 to 3 m) façade during the
afternoon hours.

The difference between the model and the stations shaded by trees remains relatively
low (up to 2.4 ◦C) during the day (compare Figures 3 and 4b), indicating a distinct cooling
effect of trees on air temperature during the day. Daytime deviations between the shaded
stations can be explained by their distance from the sea (the warmer stations no. 6 and
12 are located far away from the sea—649 m and 1337 m—compared to stations no. 2/3,
which are 275 m and 314 m away) or the cooling effect of the surrounding park for station
no. 17 (903 m from the sea).

Appendix A illustrates a matrix to provide a more detailed understanding of the
correlation between ∆T values across pairs of monitoring network stations. The correlation
matrix highlights a general tendency for most stations to show increased deviations from
the model during daytime, as reflected by predominantly positive correlation coefficients.
Negative correlations, indicated in orange, are primarily associated with stations 3, 13, and
14, which exhibit a daytime cooling trend, as previously described.

3.2. Random Forest Regression Model

Figure 5 presents the evaluation metrics for the two target variables of interest, Tobs

and ∆T, for both spatial and temporal CVs, using the full 24 h dataset and all available
features for training. The results clearly demonstrate that the spatial CV yields significantly
better performance than temporal CV. Specifically, for both target variables, the R2 values
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are higher under spatial CV, while the MAE and RMSE values are notably lower, indicating
more accurate predictions from the Random Forest model when trained and tested using
spatial partitions. Based on these findings, the following analyses focus exclusively on spa-
tial CV applications. An additional observation from Figure 4 is that the model consistently
performs better in predicting the observed temperature Tobs compared to the temperature
difference ∆T, suggesting that direct temperature measurements are easier for the model to
estimate accurately than the residual errors between observed and modeled values.

Figure 5. The R2, MAE and RMSE values for the two target variables, Tobs and ∆T, for both spatial
and temporal CVs, using the full 24 h dataset and all available features for training.

The graph in Figure 6 shows the outcomes for the two target variables, as provided by
the application of Random Forest using the 24 h, the Day, and the Night datasets for model
training. As previously mentioned, only spatial CV was considered, and all features were
included in the training process. The results show that the R2 values remain relatively con-
sistent across the three temporal subsets for both target variables. However, the MAE and
RMSE values indicate that daytime (Day) predictions are less accurate. This is particularly
evident during periods of extremely high temperatures and elevated ∆T values at certain
locations, which contributes to increased prediction errors in both targets. These daytime
errors also influence the performance of the 24 h dataset, as it includes these challenging
conditions. In contrast, predictions based on the nighttime (Night) dataset result in much
lower MAE and RMSE values for both Tobs and ∆T. This improvement is likely related to
the urban heat island effect and the relatively stable nighttime temperatures observed in
urban areas during heatwave events. During such conditions, nighttime temperatures do
not drop significantly and often remain nearly constant until early morning. As also shown
in Figure 2, the modelled–observed temperature difference ∆T follows similar trends across
all sensor locations, reinforcing the consistency of the model’s behaviour during nighttime.

Considering all the outcomes presented in the previous figures, it is important to
examine the contribution of each feature to the prediction of both target variables, Tobs

and ∆T. Figure 7a,b illustrates the feature importance in the Random Forest model under
spatial CV using the 24 h training dataset for the prediction of Tobs (Figure 7a) and ∆T
(Figure 7b). In these graphs, temporal features are shown in blue, while spatial features are
represented with red bars.
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Figure 6. The R2, MAE and RMSE values for the two target variables, Tobs and ∆T, for both the 24 h,
the Day and the Night datasets, using spatial CV and all available features for training.

As it is shown in Figure 7a, the Random Forest model’s prediction of observed tem-
perature Tobs relies heavily on two features: time of day, which contributes nearly 50%, and
MEMO temperature, contributing approximately 25%. These results are expected, given
that temperature is inherently a time-dependent variable, following consistent diurnal
patterns. However, the model assigns minimal importance to other temporal features and
shows negligible reliance on spatial features for predicting Tobs. From this perspective,
using the Tobs variable as a target to downscale MEMO temperature data with the aim of
capturing microscale spatial variability appears infeasible.

In contrast, Figure 7b presents the feature importance for the prediction of ∆T (the
difference between modelled and observed temperatures). Here, the contributions of
time of day and MEMO temperature are reduced compared to the Tobs case, while the
importance of other temporal features increases. Most notably, this model demonstrates a
significant increase in the involvement of spatial features. Specifically, 7 out of 10 spatial
variables contribute approximately 2% each to the model’s training, with only building
height and air conditioning effects showing negligible influence. This indicates that when
using ∆T as the target, the Random Forest model is more capable of incorporating spatial
characteristics, such as urban geometry and topography, into its predictions. These features
play a crucial role in capturing street-scale temperature variations, which are critical in
investigating urban micro-climate effects.

The final graph, which compares the values of the evaluation metrics in different
Random Forest applications, is presented in Figure 8. In that graph, the results of the
models of ∆T target for spatial CV are compared using the 24 h dataset for two cases.
The first model was trained with all available features, while the second was trained
using only features derived from the MEMO model. The results show a slightly better
performance when using the MEMO model features in terms of evaluation metrics (R2,
MAE, and RMSE). However, the differences between the two approaches are relatively
small. These findings are important for guiding the selection of spatial features in future
applications, particularly in efforts to downscale MEMO model outputs to microscale urban
environments and to further enhance the accuracy of Random Forest models.
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(a) 

(b) 

Figure 7. Feature importance in the Random Forest model using all features, spatial CV, and the 24 h
dataset for predicting Tobs (a) and ∆T (b). Temporal features are shown in blue, while spatial features
are represented with red bars.
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Figure 8. The R2, MAE, and RMSE values for the two target variables, Tobs and ∆T, for both the 24 h,
the Day, and the Night datasets, using spatial CV and all available features for training.

4. Discussion
The present study focuses on investigating the potential for downscaling mesoscale

temperature predictions from the MEMO model during an extreme heatwave event in
an urban environment, using a Random Forest regression algorithm. For this purpose,
hourly temperature measurements were collected from a monitoring network in the city
centre of Thessaloniki, consisting of 18 low-cost sensors, during July 2021. These data
were used to train and evaluate the Random Forest model. In addition, several temporal
and spatial variables and characteristics were incorporated into the training process. The
Random Forest algorithm was applied in different scenarios, which were compared using
various datasets and cross-validation schemes. Two different target variables were used:
the observed temperature, Tobs, and the difference between the observed and the modelled
temperatures, ∆T.

Since this research field is relatively new; the current work incorporates some inno-
vative elements that are not present in previous similar studies [18–21]. Most notably, it
investigates how, and to what extent, spatial geometrical, morphological, and other urban
characteristics contribute to the predictions of the machine learning algorithm. Moreover,
this study proposes using ∆T, the difference between the measured temperature and the
one modelled by the mesoscale model, instead of Tobs, as the target variable for temperature
prediction. This approach is considered more suitable, as it avoids issues related to the
high temporal variability of temperature and better captures microclimatic effects, which
are particularly crucial during heatwave events. Furthermore, the growing use of low-cost
sensors and Internet of Things (IoT) devices is expected to enhance the availability of
observed temperature data within urban environments. In this context, utilizing a dataset
from a dense, low-cost measurement network is highly important.

However, some assumptions and limitations are present in this study. First and
foremost, both the modelled and observed datasets cover only a single month, which
includes multiple heatwaves in a single urban area (the city centre of Thessaloniki). To
mitigate the risk of overfitting, the model was trained using hourly temperature data rather
than daily mean, maximum, or minimum temperatures, and the maximum number of
available sensors was employed. It should be noted that the proposed methodology should
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be evaluated in other urban environments and with datasets that include a greater number
of extreme heatwave events. The authors are currently exploring the potential availability
of such data to assess the general applicability and accuracy of the methodology. Another
limitation is that only the Random Forest algorithm was used for downscaling MEMO
model temperature predictions. As discussed in the introduction, there is no consensus in
the literature on a universally superior machine learning algorithm for this type of problem.
Thus, evaluating multiple algorithms was beyond the scope of the present study. However,
a comprehensive comparison of several algorithms’ accuracy is planned for future work,
using the current case study and dataset. Finally, feature selection in this study was guided
either by literature-based practices or by the authors’ experience and knowledge of the
specific characteristics of Thessaloniki’s city centre. Spatially dependent features and their
classification were handled as described in Section 2.4.1. It should be noted that a future
analysis of spatial feature selection is planned, using machine learning techniques such as
feature engineering.

Improving the downscaling of mesoscale model outputs through the incorporation of
local measurements represents a crucial advancement toward more accurate representations
of urban microclimates. Such improvements are particularly relevant for future urban
planning strategies related to climate adaptation, to identify priority neighbourhoods of
excessive heat [24,52]. While the approach demonstrates promising results, the current stage
of development does not yet provide the level of robustness required for administrative
planning processes. Reliable, high-resolution data remain a prerequisite for evidence-based
decision-making in this context so far.

Nonetheless, the measurement results reinforce existing knowledge regarding factors
influencing urban microclimates at the local scale. For example, Figure 4a showed a distinct
cooling effect for stations with direct access to the sea breeze [53], and 4b illustrates the
localized cooling effect of a small inner-city park on near-surface air temperature. In
addition, the results showed a distinct cooling effect of street trees on air temperature
(and of course thermal comfort, which was not analysed in this study), in line with the
current state of research [54]. Given Thessaloniki’s notable scarcity of green and vegetated
spaces, these findings underscore the necessity for urban planning efforts to prioritize the
expansion of park areas and other types of green infrastructure as an essential climate
adaptation strategy [52].

The monthly mean ∆T values indicate that, in general, the MEMO model underes-
timates urban temperatures compared to the sensor recordings. This underestimation
becomes significantly more pronounced during the daytime, with a maximum monthly
mean ∆T of 5 ◦C observed (Figure 3). In contrast, nighttime ∆T values are lower, typically
ranging between 1 and 2 ◦C. Furthermore, while ∆T trends are similar across all stations
at night, daytime curves vary considerably between stations, as shown in Figure 3. This
suggests that the microclimatic characteristics of different urban locations are much more
difficult to capture by the MEMO model during the daytime than at night. Further analysis,
illustrated in Figure 4, reveals that stations sharing similar spatial characteristics (e.g., af-
fected by the sea or located in a shady location) tend to exhibit similar ∆T trends. Therefore,
it is crucial to investigate how such spatial characteristics can be integrated into the Random
Forest model, and at what stage they contribute most effectively to its performance.

The results of the Random Forest model applied across different scenarios provide
several insights. As shown in Figure 6, when the model is trained using three distinct 24 h
based datasets (“24 h,” “Day,” and “Night”), the R2 values remain relatively similar across
all three scenarios. However, both MAE and RMSE errors are significantly higher for the
“Day” dataset and much lower for the “Night” dataset. These findings apply to both Tobs

and ∆T target variables and are consistent with the greater discrepancies observed in the
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MEMO model’s predictions during the daytime (Figure 3). Therefore, except for the results
described in Section 3.1, which show that the MEMO model’s performance is influenced
by street-scale microclimatic characteristics during daytime, the accuracy of the Random
Forest model (trained on both MEMO and measured data) also declines during the hours
of the day for the same reasons.

Figure 5 clearly shows that the spatial CV approach provides significantly better
predictions than the temporal CV, which demonstrates very low accuracy for both target
variables, Tobs and ∆T. In particular, the R2 metric reaches nearly 0.9 for the Tobs target
and approximately 0.7 for ∆T under the spatial CV scheme. Although this indicates a
notable difference in the accuracy of the Random Forest model, further analysis of feature
importance for each target variable reveals an interesting insight: when Tobs is used as
the target, spatial characteristics contribute only marginally to the predictions. Daily
temperature is inherently time-dependent, typically following consistent 24 h patterns.

To assess the quality of the predictions provided, it is useful to compare the evaluation
metrics with those reported in previous studies. In the work by Shi and Yi [21], where ∆T
was also used to downscale hourly temperatures for four months (July and August of 2016
and 2017) in Seoul, during which several heatwave events were observed, the RMSE for
hourly predictions ranged from 1.36 to 1.51 ◦C. In contrast, the present work achieves better
accuracy, with a corresponding RMSE of approximately 1 ◦C when using all features, as
shown in Figure 8. In another study by Blunn et al. [20], which also used ∆T as the target
variable, very high accuracy was reported, with MAE values ranging from 0.15 to 0.2 ◦C.
In contrast, the corresponding MAE in the present study is approximately 0.65 ◦C. It is
important to note, however, that Blunn et al. performed temperature downscaling at a
100 m resolution with a subsequent averaging of local extrema, not at the street-scale level
used in the present work.

As shown in Figure 7a, nearly 75% of the predictive power comes from just two tempo-
ral features: time of the day and MEMO temperature. In this case, the contribution of spatial
features is negligible. In contrast, when ∆T is used as the target variable, the importance
of temporal features decreases, while spatial features play a much more significant role
in the Random Forest model’s predictions (Figure 7b). These findings are valuable in the
context of applying machine learning for downscaling NWP temperature outputs, as they
emphasize the crucial role of spatial characteristics in micro-scale environments. From this
perspective, using ∆T as the target variable aligns more closely with the goal of this study.

However, future research should focus on improving the accuracy of the machine
learning methodology. To achieve this, we recommend deploying denser low-cost moni-
toring networks, increasing the availability of observational time series during heatwaves,
applying the methodology in different urban areas, implementing the methodology using
other machine learning algorithms, evaluating their performance, and exploring spatial fea-
ture selections by utilizing feature engineering techniques to enhance the training process.

5. Conclusions
In the current study, it was found that, in general, the mesoscale model MEMO, even

when applied at a very high local-scale resolution (250 × 250 m2), struggles to capture the
microclimate of the urban environment during a heatwave, especially during the daytime.
The application of Random Forest shows potential for downscaling the MEMO model to a
microscale for temperature prediction. For this purpose, the Random Forest model was
trained using temporal and spatial features to incorporate both time-dependent factors
and urban geometry characteristics into the predictions. The findings indicate that using
spatial CV significantly increases the accuracy of Random Forest estimations. Moreover,
using the difference between observed and modelled temperatures (∆T) as the target
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variable is a more appropriate method for incorporating street-scale spatial characteristics
into the predictions. However, further research is needed, using larger datasets from
multiple heatwave events in different areas, utilizing several machine learning algorithms,
and examining spatial feature selection and tuning methods to explore the potential for
improving model accuracy.
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Appendix A
Figure A1 presents the scatter plots and the Coefficient of Determination (R2) values

of the difference between observed and modelled temperatures (∆T) for each pair of
monitoring network stations.
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