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Abstract

Climate change and rising global temperature values lead to a cascade of effects on human
health and well-being. Methodologies for assessing thermal conditions and identifying
areas with increased thermal stress are important for enhancing the quality of life in urban
environments. This study is aimed at developing a methodology that combines high-
resolution simulation data with surface meteorological observations for application in
urban thermal stress assessment. Eleven urban public sites within the metropolitan area
of Athens, Greece (i.e., squares and parks) were simulated using the three-dimensional
microclimate model ENVI-met. The model was validated using micrometeorological
data from field campaigns conducted in summer, autumn and winter. The validation
results confirmed that ENVI-met showed satisfactory performance for further research
analysis. Subsequently, Physiologically Equivalent Temperature (PET) and Universal
Thermal Climate Index (UTCI) were calculated using data from weather stations operated
by the National Observatory of Athens and the Hellenic National Meteorological Service.
PET and UTCI were then spatially interpolated using a mixed modeling and kriging
method, with parameters optimized based on statistical validation metrics derived from
the ENVI-met simulations. Finally, seasonal bioclimatic maps were produced to identify
areas experiencing unfavorable thermal conditions. The spatial analysis revealed distinct
seasonal patterns in the distribution of unfavorable thermal conditions across the Athens
metropolitan area.

Keywords: ENVI-met; thermal index; micrometeorological measurements; kriging; Athens
metropolitan area

1. Introduction
Urbanization requires effective hazard management to ensure safe and healthy living

conditions [1]. Adverse thermal conditions, poor air, water and soil quality, excessive
noise, waste-disposal issues, high-energy demands, and landscape degradation threaten
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city residents’ well-being. Among these, outdoor thermal stress conditions (heat) are of
particular concern, as they are recognized by the World Health Organization [2] as one of
the most dangerous natural hazards. Heat exposure is rising due to climate change and
is intensified in cities by the heat island effect [2]. It is associated with a variety of health
impacts, from mild heat-related symptoms to increased hospitalizations and mortality [3].

Thermal indices quantify the combined effects of air temperature, humidity, wind
speed, and solar radiation on human physiology. They estimate the relationship be-
tween the thermal environment and well-being in terms of thermal sensation, comfort, or
stress. For instance, applications of the modified Physiologically Equivalent Temperature
(mPET) index have shown that prolonged heat stress exposure influences mortality risk in
Athens [4]. Among the numerous indices available, Physiologically Equivalent Temper-
ature (PET) and Universal Thermal Climate Index (UTCI) are two thermo-physiological
indices that are well established in scientific literature and research [5,6].

Thermal indices are widely used in urban design [7] and environmental epidemiol-
ogy [3]. Their application, however, typically relies on data from fixed meteorological
stations, which may not accurately reflect urban microclimates, often leading to deviations
in thermal stress classification. Furthermore, sparse station networks limit the ability to
perform localized assessments. To overcome these limitations, modeling techniques have
merged as powerful tools for analyzing urban thermal environments.

For accurate urban simulations, Huttner [8] outlined four key requirements: (1) high-
resolution grids (<10 m) to capture the influence of buildings and vegetation; (2) detailed
energy balance calculations for urban surfaces; (3) inclusion of both morphological and
physiological characteristics of vegetation; and (4) prognostic equations to model atmo-
spheric processes over time. The ENVI-met model [9] meets all these criteria, and it is
widely used to assess the effects of urban planning on environmental variables [7,10,11].
ENVI-met is a three-dimensional microclimate model based on fluid dynamics and ther-
modynamics; it simulates air temperature, relative humidity, global radiation, and mean
radiant temperature at high spatial resolution in urban environments [11]. The model is
capable of reproducing surface–vegetation–atmosphere interactions without relying on
in situ measurements—an important advancement in bioclimate assessment and urban
planning [9]. Recent studies have further confirmed the model’s capability to reproduce
key thermal parameters and assess urban heat mitigation strategies under diverse climatic
conditions, including Mediterranean environments [12,13].

Spatial variability in thermal conditions can be effectively visualized using maps
that support public health [14], tourism [15], and urban design [16]. These maps are
typically produced from spatial interpolation of meteorological data [17,18] or derived
from gridded datasets such as ERA5-Land EURO-CORDEX [19,20]. Other studies rely
on long-term climate observations or model outputs [21–23]. To ensure that these visu-
alizations are both meaningful and practical, different levels of complexity in mapping
techniques are employed, ranging from simple interpolation methods to advanced spatial
estimations [15,22,24]. Moreover, the comparative performance of interpolation techniques,
numerical modeling, and hybrid approaches has been explored, highlighting trade-offs be-
tween spatial accuracy, generalization capacity, and computational efficiency [25,26]. More
recently, machine learning approaches have been introduced to improve the spatial predic-
tion of urban thermal conditions. These include regression-based models, hybrid machine
learning–kriging techniques, and deep learning approaches for urban temperature map-
ping [27–29]. While these approaches offer promising predictive performance, they often
require large datasets and may lack the physical interpretability of process-based models.

However, existing studies generally treat microclimate modeling and spatial inter-
polation as separate processes, without explicitly utilizing high-resolution simulation
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outputs as calibration input for spatial mapping. The present study develops a method-
ology for estimating the spatial variation in thermal conditions in the metropolitan area
of Athens, Greece, by combining high-resolution simulations with surface meteorological
data. Athens is a major city in the eastern Mediterranean—a region highly sensitive to
climate change—identified as a thermal risk “hot spot” among 571 European cities [30].
Nationwide analyses confirm an increase in heat stress across Greece over the past three
decades [19], consistent with the intensification of heat stress in Athens observed in long-
term UTCI and PET records spanning nearly six decades [31], as well as in 124-year records
of Thom’s Discomfort Index, Humidex, and Heat Index [32].

This study proposes an ENVI-met-calibrated kriging framework that integrates mi-
croclimate simulations with meteorological observations in a unified modeling approach.
By using ENVI-met outputs to inform and optimize a regression–kriging scheme, the
method links microscale processes with city-scale thermal mapping while remaining com-
putationally efficient. The main contributions of this work are: (a) the integration of
high-resolution ENVI-met simulations as calibration input for spatial interpolation, (b) the
optimization of kriging parameters to balance spatial accuracy and spatial coverage, and
(c) the development of seasonally representative thermal stress maps, based on extensive
field measurements and model validation.

The resulting framework provides a practical approach for assessing heat stress in
urban areas and supporting mitigation and adaptation planning under both current and
future climate conditions.

2. Materials and Methods
The overall framework of the methodology followed in this study is outlined below,

and the corresponding workflow diagram is presented in Figure 1.
Meteorological data were collected using mobile weather stations during four field

campaigns focused on thermal sensation [33–36]. The campaigns were conducted at
eleven sites across the metropolitan area of Athens, Greece (Figure 2). In addition, data
from the nearest fixed weather station to each campaign site were obtained for use in
ENVI-met simulations.

ENVI-met was then used to estimate meteorological variables and thermal indices—specifically
PET and UTCI—at the campaign locations. The accuracy of the high-resolution ENVI-met simula-
tions was validated against in situ measurements collected during the field campaigns. PET and
UTCI values were also calculated using weather station data and subsequently spatially interpolated
using kriging.

Kriging interpolation was calibrated using ENVI-met outputs, and optimal parameters
were selected based on statistical validation metrics. Finally, the spatial distribution of
the thermal conditions across the wider area of Athens was estimated using the adjusted
kriging method. This refined spatial interpolation approach was applied to map PET
and UTCI values throughout Athens, enabling the identification of areas experiencing
unfavorable thermal conditions.

A detailed description of each stage of the methodology is provided in the following
subsections.
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Figure 1. Research workflow diagram.

Figure 2. (a) Sites monitored in the field campaigns, and (b) map of the greater Athens area showing
vegetation cover and meteorological stations operated by the National Observatory of Athens and
the Hellenic National Meteorological Service (yellow dots). Red dots are the same in both panels.
The map also highlights the Thissio green area, Hymettus Mountain (Mt.), a low-building-density
area (black dotted circle), and Athens city center (blue square).
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2.1. Data
2.1.1. Micrometeorological Data

Micrometeorological measurements were used to validate the ENVI-met simulations,
ensuring reliable model performance under real-world conditions. Data were collected
during four campaigns [33–36], all employing comparable methodologies. These campaigns
covered thirteen urban public sites—including squares, parks and a promenade—across
the Athens metropolitan area (Figure 2a). Mobile weather stations were installed at each
site at a height of 1.1 m, representing pedestrian level. The recorded variables included
air temperature (Tair [◦C]), relative humidity (RH [%]), downwelling (SRdown [W/m2])
and reflected (SRup [W/m2]) solar radiation, and gray globe temperature (Tgl [◦C]), all
measured at 1 min intervals. Each campaign consisted of continuous measurements over
several hours during the day. In some cases, measurements were repeated at the same site
to extend temporal coverage and better represent the full diurnal cycle. The campaigns
spanned summer, winter and transitional seasons, with measurement durations varying
accordingly: from 09:00 to 20:00 in summer, and from 09:00 to 18:00 in both winter and the
transitional seasons. In total, 42 campaign days were analyzed in this study (Supplementary
Materials Table S1).

For this study, data from eleven out of the thirteen campaigns were analyzed. Measure-
ments from Ermou street were excluded due to its proximity to the Syntagma Square, and
those from the Flisvos promenade (Figure 2a) were omitted because they lacked complete
records for all three seasons.

2.1.2. Meteorological Station Data

Meteorological data from eight weather stations (Figure 2b) were used as initial
conditions in ENVI-met simulations. The dataset included Tair (◦C), RH (%), WS (m/s) and
wind direction (WD [degrees]), precipitation (R [mm]) and atmospheric pressure (P [hPa])
for the corresponding campaign periods. Data at Penteli and Thissio stations were provided
by the National Observatory of Athens (NOA), while those at Ampelokipoi, Imittos–Dafni,
Nikaia and Psychico were provided by the weather stations network operated by the
METEO unit at NOA (NOAAN) [37]. Data at Elliniko and Nea Philadelphia stations
were provided by the Hellenic National Meteorological Service (HNMS). In addition, total
solar radiation (SR [W/m2]) and longwave radiation (LR [W/m2]) were obtained from
the actinometric stations of NOA (ASNOA), located at Penteli and Thissio. These are the
only stations in the greater Athens area that routinely recorded shortwave and longwave
radiation during the study period. Key information about all the stations is presented in
the Supplementary Materials (Table S2).

2.1.3. Geospatial Data

Geospatial data were used to model the monitored sites in ENVI-met. Digital Elevation
Models (DEMs) at 5 m resolution and Digital Surface Models (DSMs) at 0.8 m resolution
were obtained from the Hellenic Cadastre, covering extended areas around each monitoring
site. The heights of natural obstacles (e.g., trees and plants) and buildings were derived
by subtracting DEM from DSM, resulting in relative height values above ground. All
geospatial data processing and transformations were performed using the GIS (v3.10
LTR) software [38]. Additionally, the Local Climate Zone (LCZ) classification [39,40] was
incorporated to characterize urban morphology. This dataset was obtained from the World
Urban Database and Access Portal Tools (WUDAPT) project (https://doi.org/10.5281/
zenodo.6364594, accessed on 18 May 2026).
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The resulting models were verified and complemented with additional information
on urban features—such as trees and buildings—using satellite imagery (Google Earth and
Google Street [41]) and field observations.

2.2. ENVI-Met Model
2.2.1. Model Description

ENVI-met is a widely used and well documented bioclimatological modeling software
that allows simulation of environmental conditions considering urban design impacts [9].
It is a three-dimensional microclimate model, based on fundamental laws of fluid dynamics
and thermodynamics, designed to simulate complex surface-vegetation-atmosphere interac-
tions in urban environments. The simulations require three main input components: (a) an
“Area Input File” that holds the geometrical parameters of the modeled area, (b) a “Config-
uration File” that includes the initial calculation parameters and environmental conditions
for the simulation, and (c) several “Database Files” that contain essential information such
as vegetation type, soil stratification and water existence. The outputs environmental
variables and thermal parameters such as Mean Radiant Temperature (Tmrt [◦C]) at prede-
fined spatial and temporal resolution. Thermal indices—including PET, UTCI, Predicted
Mean Vote and Predicted Percentage of Dissatisfied (PMV/PPD), and Standard Effective
Temperature (SET)—are calculated using the BioMET post-processing tool.

2.2.2. Model Set-Up

In this study, simulations were carried out using ENVI-met Science version 4.4.5 [42]
and BioMET version 1.5 [43].

The campaign sites (Figure 2a) were digitally modeled by incorporating detailed
information on buildings, vegetation, and soil types. Soil profiles and material proper-
ties are presented in Supplementary Materials Table S3, while domain characteristics are
summarized in Table S4 [44].

Buildings were modeled using the Monde Editor. The default wall materials—which
also applied to the roofs of apartment blocks—were applied, while terracotta roofs were
assigned to residential buildings. The tallest building (Ampelokipoi Square) reached 53 m.
The total model height was set at least twice the height of the tallest structure to ensure
accurate airflow simulation.

Tree characteristics were defined using the Albero Editor, including tree height, crown
diameter, leaf properties such as leaf area density (LAD) and foliage albedo, as well as
Root Area Density (RAD). A significant number of trees were modeled across the domains,
with Erg. Polemiston Square containing the highest number and totaling 420 3D plants.
Each domain included four to nine different soil types. In urban squares of Ampelokipoi,
Chalandri, and Keratsini, dominant soil profiles consisted mainly of asphalt or used/dirty
concrete pavement. In contrast, the residential parks of Alimos and Nea Filadelfia, along
with Erg. Polemiston Square, featured stony pavement and brick roads.

All domains used a horizontal resolution of 1.5 × 1.5 m. Vertically, a base resolution of
2 m was applied, but the lowest grid cell was divided into five subcells to more accurately
represent measurement height (1.1 m).

Furthermore, to establish consistent lateral boundary conditions for the core model
and keep numerical stability [45,46], four to twenty empty cells (depending on the domain)
were added around the main model domain, filling the empty grid space with the same
surface materials as the border already has. No nesting grid cells were applied. In certain
domains, rotation of the model orientation was necessary to better represent the layout
of buildings. For these cases, a clockwise rotation angle from North was specified and
applied accordingly.
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https://doi.org/10.3390/atmos17050522


Atmosphere 2026, 17, 522 7 of 21

2.2.3. Model Simulations

The simulations were initiated at midnight to ensure stable atmospheric conditions [47,48].
To minimize the influence of model spin-up effects and initialization artifacts—such as unrealistic
heat storage in urban surfaces—the initial 8–10 h of each simulation were excluded from the
analysis. This spin-up period is commonly adopted in ENVI-met applications to allow the model
to reach a dynamic equilibrium. Starting the simulations during the pre-dawn hours further
supports the development of a consistent diurnal cycle, leading to a more reliable representation
of daytime microclimatic conditions. This procedure was consistently applied across all the
seasons, taking into account the urban nature of the study area and aligning with established
practices in similar studies [49,50]. Although this approach increases the overall computational
time, it significantly enhances the robustness and accuracy of the simulation outputs [51]. ENVI-
met supports simple and full forced boundary conditions. The full forcing (advanced level) was
used in this study, with meteorological station data applied at 30 min intervals to define initial
conditions. Hourly raw data was converted to 30 min steps using linear interpolation. Constant
time steps of 2 s and model output intervals of 60 min were selected. The measurement heights
of meteorological stations recording Tair, RH, and WS direction were imported into the forcing
manager editor to initialize the model’s meteorological conditions. The roughness length z0

at each station ranged from 0.1 to 1 m, reflecting typical urban and suburban values [52]. The
Standard Turbulence Model (Standard TKE Model) was used for all the model simulations [53],
while the multi-core CPU option was enabled to shorten the computational time.

In total, 42 campaign days were simulated, providing a dataset to validate the ENVI-
met results. All three seasons—summer, winter and transient—were represented, with
up to two days simulated per site and season. The simulation dates are provided in
Supplementary Materials Table S1.

2.2.4. Model Validation

The ENVI-met simulations were validated both qualitatively and quantitatively using
campaign data for Tair, RH, Tmrt, WS, and SR. The PET and UTCI simulations were also
validated using the PET and UTCI calculated from campaign data. The qualitative vali-
dation was based on the time series comparisons between the ENVI-met simulations and
in situ measurements. The quantitative validation employed standard statistical metrics:
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), index of agreement (d), and
correlation coefficient (r), following the methodology of previous similar studies [45,54,55].
The MAE represents the amount of “error” in the modeled values (the absolute difference
between the observed and simulated values); the RMSE measures overall accuracy, and it is
calculated as the square root of the mean of the square of all of the “error”; the d represents
the ratio of the mean square error and the potential error, ranging from 0 (no agreement) to
1 (perfect agreement); the r ranges from −1 to +1, indicating how strong the relationship is
between the observed and the modeled values.

2.3. Thermal Indices

The RayMan Pro software (v3.1 Beta) [56,57] was used to calculate PET and UTCI
from both mobile and fixed station data. The simulated PET and UTCI were derived
using BioMET. Standard PET and UTCI classification scales (Supplementary Materials,
Table S5) were applied in both the model and interpolation validation processes. The
original scales were applied, rather than locally adapted versions for Athens [58], to allow
direct comparison with other studies and ensure broader applicability of the findings.
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2.4. Kriging Calibration and Interpolation

Kriging is a geostatistical interpolation technique that generates bioclimatic maps from
sparsely distributed meteorological stations by considering both spatial distance and varia-
tion between data points. It is widely applied in soil science and geology [59]. To enhance
the accuracy of the gridded meteorological fields, we applied the isoscape method [60,61].
First, an empirical regression model was constructed to capture the relationship between a
biometeorological index at a certain location, key geographical and local factors—namely
elevation, latitude, altitude, LCZ and distance from the Saronic Gulf—and the values of
that index at three fixed locations (the meteorological stations at Thissio, Nea Filadelfia and
Elliniko). The robustness of the proposed model structure was validated by comparing the
coefficients calculated over repeated applications of the 80% development-20% validation
sampling scheme. Furthermore, the development procedure was applied both seasonally
and annually, with the seasonal approach yielding slightly better fit statistics. A final set of
three seasonal models was developed using the full dataset.

The residuals—representing unexplained spatial variability—were interpolated across
a regular grid using kriging. The empirically predicted component was also calculated
over the same grid. The final dataset was derived by combining the interpolated residuals
with the model estimates.

Kriging interpolation was performed in the System for Automated Geoscientific Analyses
software (SAGA v2.1.4) [62], initially using default parameters (Supplementary Materials,
Table S6). Further parameter details are available in SAGA help documentation [62].

To calibrate the kriging method and further optimize spatial accuracy, ENVI-met
microclimatic outputs were used as reference data. Twenty kriging scenarios were tested
by varying key parameters: the search radius (ranging from 4800 to 10,800 m) and the
minimum number of points required for interpolation (ranging from 3 to 6). Each scenario
was evaluated by comparing PET and UTCI values derived from interpolated meteoro-
logical inputs against high-resolution ENVI-met outputs. Evaluation metrics included
RMSE, MAE, and d. The optimal configuration was then applied to estimate the spatial
distribution of PET and UTCI across the Athens metropolitan area.

3. Results
3.1. Validation of ENVI-Met Model

Validation results showed good agreement between the ENVI-met-simulated Tair and
in situ Tair measurements across all the model runs (Supplementary Materials Figure S1a).
Underestimation mainly occurred during transitional and winter periods with maximum
differences of 9.3 ◦C (15 March 2012, Erg. Polemiston Square) and 7.8 ◦C (12 January 2020,
Chalandri Square). In contrast, summer simulations slightly overestimated Tair, with a
maximum difference of 4.7 ◦C (20 July 2020, Syntagma Square).

The RH was systematically overestimated by ENVI-met, particularly in winter
(Supplementary Materials Figure S1b), with a maximum deviation exceeding 40% (15 March
2012; Erg. Polemiston Square). Nevertheless, the model accurately reproduced the
timing of extreme values. The simulated Tmrt corresponded well with observations
(Supplementary Materials Figure S1c), except for summer, when maximum values were
overestimated.

The WS showed significant discrepancies, with frequent overestimations of maxi-
mum values (Supplementary Materials Figure S1d). These differences may be attributed
to neighboring obstacles and local wind-channeling effects amplified by ENVI-met, as
well as measurement interferences from campaign participants. The SR was consistently
overestimated (Supplementary Materials Figure S1e), possibly due to transient shading
from clouds or pedestrians, or discrepancies between the simulated and actual obstacles
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(e.g., trees and buildings). An additional contributing factor may be model limitations to
calculate SR, such as the assumption of isotropic scattering of diffuse radiation and limited
absorption of diffuse shortwave radiation by vegetation [63].

Thermal indices simulated by ENVI-met showed satisfactory agreement with mon-
itored values for both PET and UTCI (Supplementary Materials Figure S1f,g). However,
UTCI time series were incomplete due to the minimum WS requirement for its calculation
(0.5 m/s at 10 m height) [56,57].

The quantitative validation of Tair yielded RMSE = 2.2 ◦C, MAE = 1.5 ◦C, and high
agreement (d = r = 1.0) (Table 1), consistent with results from previous studies [64,65]. The
RH validation produced RMSE = 17.3% and MAE = 14.4%, indicating notable divergence
between ENVI-met simulations and in situ measurements. This discrepancy may be linked
to the divergence also found in SR simulations, following a recent study that supported
that the simulations of RH were significantly affected by solar radiation [55]. In situ RH
values may also have been affected by wind-driven moisture transport. Nevertheless, a d
value of 0.9 indicates that the model adequately captured RH dynamics.

Table 1. Validation of ENVI-met simulations for all 42 campaign days.

Variable RMSE MAE d r

Tair (◦C) 2.2 1.5 1.0 1.0
RH (%) 17.3 14.4 0.9 0.7

Tmrt (◦C) 14.4 11.1 0.8 0.6
WS (m/s) 0.8 0.6 0.5 0.3

SR (W/m2) 471.4 372.3 0.4 0.1
PET (◦C) 6.9 4.9 0.9 0.8

UTCI (◦C) 4.7 3.5 0.9 0.9

Larger differences were found for Tmrt, WS, and SR. Validation of Tmrt produced
RMSE = 14.4 ◦C and MAE = 11.1 ◦C. WS produced RMSE = 0.8 m/s, MAE = 0.6 m/s
and d = 0.5. This poor agreement could be attributed to limitations of the ENVI-
met model in representing real-time wind variability. The largest errors were found
for SR (RMSE = 471.4 W/m2, MAE = 372.3 W/m2), consistent with earlier findings
(~170 W/m2 [55]), and yielded the lowest d and r values (Table 1).

For thermal indices, PET and UTCI (Table 1) showed acceptable consistency with in
situ data. Although errors were relatively high (RMSE = 6.9 ◦C, MAE = 4.9 ◦C for PET;
RMSE = 4.7 ◦C, MAE = 3.5 ◦C for UTCI), both indices showed strong agreement (d = 0.9
and r ≥ 0.8). Validation of categorical classifications showed better agreement for UTCI
(RMSE = 0.7 ◦C, MAE = 0.5 ◦C) than PET (RMSE = 1.2 ◦C, MAE = 0.8 ◦C) with d = 0.9 for
both. Contingency table analysis showed that PET correctly predicted all the categories of
its assessment scale except −4 (Figure 3a), while UTCI successfully reproduced categories
0, +1, and +2 (Figure 3b).

Overall, ENVI-met simulations using the full-forcing option reproduced micrometeo-
rological and thermal conditions in open urban spaces of Athens with satisfactory accuracy.
Among the evaluated variables, Tair showed the highest reliability, which is particularly
important given its strong influence on human thermal perception [48].

3.2. Kriging Calibration

Kriging parameters were adjusted to reproduce ENVI-met simulations of PET and
UTCI at the monitored sites after incorporating the regression estimates. Twenty interpola-
tion runs were performed by varying the search radius (4800–10,800 m) and the minimum
points parameters (3–6). The interpolated PET and UTCI values were evaluated against
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high-resolution ENVI-met outputs using RMSE, MAE, and d. The statistical results for all
the configurations are presented in Table 2.

Figure 3. Distribution of (a) PET and (b) UTCI categories of their assessment scales according to
ENVI-met simulations against in situ measurements. Rows add to 100%, bold values indicate the
number in diagonal, gradient shading darkens per 10%. The gamma statistic was 0.78 for PET and
0.899 for UTCI, p < 0.001.

Table 2. Validation metrics and data completeness for interpolated PET and UTCI using various
kriging radii (in m) and minimum number of neighboring points (min points).

PET UTCI

Root Mean Squared Error (RMSE)

Search Radius (m)/
Min Points 3 4 5 6 3 4 5 6

4800 6.7 6.3 6.5 5.9 6.6 6.2 6.4 4.3
6000 6.5 6.7 7.0 7.6 6.1 6.3 6.5 7.1
7200 6.5 6.6 6.6 6.8 6.1 6.1 6.2 6.4
8400 6.5 6.6 6.6 6.7 6.1 6.1 6.1 6.1

10,800 6.4 6.4 6.4 6.4 6.0 6.0 6.0 6.0

Mean Absolute Error (MAE)

4800 5.4 5.2 5.3 4.4 5.3 4.8 5.0 3.4
6000 5.3 5.4 5.7 6.3 4.9 5.0 5.0 5.5
7200 5.3 5.4 5.4 5.6 4.8 4.9 5.0 5.0
8400 5.3 5.4 5.4 5.4 4.8 4.9 4.8 4.9

10,800 5.2 5.2 5.2 5.2 4.7 4.7 4.7 4.7

Index of Agreement (d)

4800 0.9 0.9 0.9 0.8 0.9 0.9 0.9 0.8
6000 0.9 0.9 0.9 0.8 0.9 0.9 0.9 0.9
7200 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9
8400 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9

10,800 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9

Completeness (%)

4800 46 29 11 5 37 17 13 3
6000 67 54 33 24 51 41 32 19
7200 73 67 59 47 52 50 47 36
8400 73 70 67 59 52 51 51 51

10,800 78 78 75 75 54 54 54 54

RMSE, MAE, and d values remained relatively consistent across parameter combina-
tions with mean RMSE ≈ 6.5, MAE ≈ 5.5, and d = 0.9. The configuration with a 4800 m
radius and six points achieved the lowest RMSE (5.9) and MAE (4.4), but with slightly
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reduced agreement (d = 0.8). Conversely, the 6000 m radius with six points produced the
highest RMSE (7.6) and MAE (6.3), also with d = 0.8.

Data completeness of the kriging outputs was also assessed. As expected, a minimum
of three neighboring points provided the highest completeness, while six points yielded the
lowest (Table 2). Applying a 50% threshold as the criterion for acceptable spatial coverage,
the kriging configuration with a 6000 m search radius and a minimum of three neighboring
points was identified as optimal. Although larger search radii (e.g., 10,800 m) yielded
slightly improved statistical metrics, their use introduces greater spatial heterogeneity and
may lead to oversmoothing of local variability.

The selected configuration (6000 m, 3 points) provides the best balance between sta-
tistical performance, spatial coverage, and preservation of local-scale variability. This
configuration achieved a coverage ratio of 11.2 PET (8.5 UTCI) per kilometer of search ra-
dius, calculated as completeness divided by radius in kilometers (i.e., 67/6 for PET and 51/6
for UTCI). By comparison, the (7200 m, 3 points) configuration yields 10.1 PET (7.2 UTCI),
offering no meaningful gain in accuracy (~2% higher RMSE/MAE) relative to the 10,800 m
case, which had lower coverage (7.2 PET, 5 UTCI per km). Thus, the selected setup ensures
reliable spatial representation while maintaining sensitivity to local variability, particularly
in areas with a sparse network of meteorological stations.

3.3. Validation of the Interpolation Method

An obvious question would be “Why not use ENVI-met to obtain the gridded bio-
climatic indices across the entire area instead of resorting to interpolation?”. The answer
would be that the computational resources—particularly processing time—required for
such simulations would limit their applicability for practical implementation. A possible
alternative would be to apply ENVI-met at a coarse resolution. In this context, a domain of
about 1 × 1 km was selected to represent a large area of the center of Athens, including
the most frequently visited squares of the city. The selection criteria included population
density, landscape diversity, and the area’s importance as a tourist destination, especially
in summer months when extreme thermal conditions are encountered. The results ob-
tained for this domain could therefore be considered representative of the entire urban
area of Athens. The simulation domain consisted of 214 × 214 grid cells horizontally and
50 vertical levels, with a spatial resolution of 5 × 5 × 5 m, resulting in a total horizontal
extent of 1070 × 1070 m, covering an area of about 1,144,900 m2. The lowest gridbox
was split into 5 subcells consistent with the fine-resolution simulations described above.
The soil profiles, construction materials, and vegetation characteristics, along with the
corresponding satellite imagery, are presented in Supplementary Materials Figure S2.

Three full forcing simulations—one for each season (summer, winter, and a transient
period)—were carried out. All the other model settings were kept consistent with those
used in the fine model simulations.

The interpolation method described above was quantitatively validated using the
statistical metrics RMSE and MAE for the PET index. About 100 interpolated PET values,
covering the coarse simulation domain, were compared against corresponding ENVI-
met outputs. Due to the difference in spatial resolution (90 × 90 m for interpolation
versus 5 × 5 m for ENVI-met), each interpolated value was compared with the mean
PET value of 324 ENVI-met grid points (18 × 18 cells). Each interpolated grid point was
positioned at the center of the 18 × 18 modeled grid point block. Building grid points
were excluded from the calculations. Since the category of index assessment scales is of
particular importance for this project, the validation procedure was also performed for
thermal sensation/stress classifications.
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The results suggest that the selected kriging parameterization produces a spatial
distribution of PET that aligns well with the coarser simulated outputs, both in terms of
index values and their corresponding categories on the assessment scales. In most cases,
the thermal stress category predicted by kriging matches the one simulated by ENVI-met,
or at worst, falls into the adjacent category. According to the contingency table analysis,
the highest percentages of exact agreement between ENVI-met and the interpolation was
38.2% in winter, 4.5% in the transient season, and 78.7% in summer. When including
adjacent categories, agreement reached 100%. Notably, the best performance was observed
during the summer period, indicating that the calibrated kriging approach is particularly
effective under conditions of elevated thermal stress, when accurate spatial representation
is most critical.

3.4. Bioclimatic Maps

Bioclimatic maps were developed to identify urban areas of Athens experiencing
unfavorable heat-related conditions. Spatial interpolation of PET and UTCI was performed
using a combined regression-kriging method, parameterized from ENVI-met simulations
(search radius = 6000 m, minimum search point = 3), as described in Section 3.2. The
analysis focused on the hour of maximum PET/UTCI values for each season. To determine
these peak hours, meteorological data from surface weather stations (42 campaign days)
were processed with the RayMan model to compute hourly PET and UTCI. The maximum
mean hourly PET/UTCI values occurred at 14:00 LST in summer, 13:00 LST in transient,
and 12:00 LST in winter.

Kriged values of Tair, RH, SR and WS at these hours (14:00 LST in summer, 13:00 LST
in transient and 12:00 LST in winter) were then used to calculate PET and UTCI at each
grid point across the study domain. The resulting PET and UTCI maps for the summer
season are presented in Figure 4a,d.

PET exceeded 35 ◦C across much of the metropolitan area, corresponding to “hot” and
“very hot” categories according to the PET classification scale [66], with maximum PET
reaching 43 ◦C and UTCI peaking at about 38 ◦C, corresponding to “very strong heat stress”.
Areas experiencing unfavorable thermal conditions were primarily located in the eastern
Athens basin, particularly along the western side of the mountain Hymettus. During
summer, prevailing northeasterly winds (Etesians) dominate Athens [67–69]. This pattern
is also confirmed by observations at Thissio station, where about 72% of the 42 campaign
days were characterized by northerly to northeasterly winds. These downslope winds lead
to warmer and more unfavorable thermal conditions on the leeward side of Hymettus,
similar to patterns observed in other regions of Greece with complex topography [70].
Conversely, lower PET and UTCI values were calculated over the central and southwestern
parts of Athens (PET ≈ 40 ◦C and UTCI ≈ 35 ◦C). The lowest values were found in
the southwestern areas, likely due to the influence of sea breeze circulation, particularly
the prevailing southwestern winds that help moderate summer heat along the western
Attica coast.

The spatial distributions of PET and UTCI during the transient season (Figure 4b,e)
at 13:00 LST show relatively unfavorable thermal conditions in the southwestern regions
with maximum PET reaching 37 ◦C (classified as “hot”) and UTCI 33 ◦C (classified as
“very strong heat stress”). Lower values of PET and UTCI were observed in the rest
of the metropolitan area of Athens. The lowest PET and UTCI values occurred dur-
ing winter at 12:00 LST (Figure 4c,f). In winter, PET indicated “neutral” thermal con-
ditions (18 ◦C < PET < 23 ◦C) across most of Athens, with “slightly warm” conditions
(23 ◦C < PET < 29 ◦C) occurring in the northeastern suburbs. UTCI showed a similar spatial
pattern, with most areas falling into the “no thermal stress” category (9 ◦C < UTCI < 26 ◦C).
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Notably, across all the seasons, slightly lower PET and UTCI values were observed in the
green areas within the city center and in the western districts (Figure 4a,d). In the green
area of Thissio, near Filopappou Hill, PET values were about 2–5 ◦C lower than those in
the surrounding areas. This cooling effect can be attributed to the shading provided by
dense tree cover and vegetation. A similar pattern was observed in the western districts,
where building density is notably low. In contrast, areas of high building density—such
as the city center and the northeastern and southwestern districts—consistently exhibited
elevated PET and UTCI values across all the seasons.

Figure 4. Spatial distribution of PET (◦C) and UTCI (◦C) across the Athens metropolitan area
for different seasons: PET in (a) summer, (b) the transitional season, and (c) winter; and UTCI
in (d) summer, (e) the transitional season, and (f) winter. Values represent seasonally averaged
conditions based on the 42 campaign days, calculated at the hour of maximum thermal stress for
each season (14:00 LST in summer, 13:00 LST in the transitional season, and 12:00 LST in winter).
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4. Discussion
This study presents a methodology for mapping thermal conditions across the Athens

metropolitan area. It integrates micrometeorological observations, meteorological station
data, and high-resolution ENVI-met simulations. Beyond its application to Athens, the
approach advances existing methods by using ENVI-met outputs to calibrate and optimize
a regression–kriging interpolation scheme, effectively linking microscale processes with
city-scale thermal mapping. This integration enhances the reliability of spatial thermal as-
sessments while maintaining computational efficiency compared to large-scale microclimate
simulations. Although applied to a Mediterranean urban environment, the methodology
relies on widely available data and standard modeling tools, making it transferable to other
cities, particularly those with limited observational networks.

The ENVI-met model successfully simulated thermal indices at open urban sites in
Athens, demonstrating its effectiveness as a reliable tool for analyzing thermal conditions
in urban environments. These findings are consistent with previous studies [12,71–73].
In line with Elraouf et al. [71], the model showed its highest validation performance for
air temperature, which is widely recognized as the most influential factor in shaping
thermal perception [74]. In contrast, lower validation scores were found for wind speed
and total solar radiation, mainly due to shading effects from surrounding structures and/or
pedestrian interference. Similar limitations have been reported in prior research, where
ENVI-met tends to overestimate wind speed and faces challenges in modeling longwave
radiation fluxes [75] and mean radiant temperature [76].

Previous studies have demonstrated that ENVI-met outputs are highly sensitive to
vegetation structure (e.g., LAD), surface reflectivity (albedo), and soil parameters, which sig-
nificantly affect mean radiant temperature and subsequently PET and UTCI values [77,78].
Moreover, sensitivity analyses have shown that these parameters exhibit non-linear interac-
tions, reinforcing the need to interpret simulation outputs as scenario-dependent rather
than deterministic predictions [79].

Despite the notable discrepancies between the simulated and observed wind speed
values, their influence on the derived thermal indices (PET and UTCI) was limited. Both in-
dices show strong agreement between the ENVI-met simulations and in situ measurements,
indicating that thermal conditions were accurately reproduced. This is supported by the
validation metrics, where PET and UTCI exhibit high agreement with observations, despite
larger errors in individual variables such as solar radiation, wind speed, and mean radiant
temperature. Further evidence is provided in Supplementary Figure S1, where substantial
deviations in wind speed are not reflected in corresponding deviations in PET and UTCI,
particularly when air temperature is accurately reproduced. This behavior can be attributed
to the stronger dependence of these indices on air temperature compared to WS [80]. Sim-
ilar findings were reported by Elraouf et al. [71], who showed that although ENVI-met
has limited accuracy in simulating wind speed, it reliably captured PET, with strong agree-
ment against field-based observations. Moreover, the kriging interpolation was calibrated
using ENVI-met–derived PET and UTCI values—which exhibited low deviations from
observations—rather than individual meteorological variables. This approach implicitly
incorporates and compensates for model-related discrepancies, including those associated
with wind speed, thereby minimizing their propagation into the final bioclimatic maps.

The fine-tuning/calibration of the kriging parameters using ENVI-met simulations
yielded satisfactory results, indicating that the proposed interpolation method, using
calibrated kriging, is effective in spatial interpolation of thermal conditions. Seasonal
bioclimatic maps were developed and validated against ENVI-met simulations conducted
over a coarser domain. The interpolated maps closely matched the coarse ENVI-met
simulations with the predicted thermal conditions classified within the same or adjacent
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thermal sensation categories on the index assessment scale. Validation scores were higher
during summer and lower in the transient season, indicating that the kriging calibration
was particularly effective during periods of elevated thermal stress. This difference may
be related to the more stable and persistent meteorological conditions typically observed
in summer (i.e., prevailing northeasterly winds, anticyclonic circulation, low cloud cover,
and relatively consistent solar radiation), which likely produce more consistent spatial
patterns that are easier to capture by the ENVI-met simulations. In contrast, the transient
season is often associated with increased atmospheric variability, including changes in
wind patterns and radiation conditions, which can introduce greater spatial heterogeneity
and uncertainty.

The resulting bioclimatic maps depicted the spatial distribution of thermal conditions
across the Athens metropolitan area, highlighting the seasonal variability of areas experi-
encing unfavorable thermal conditions. In summer, increased thermal load was primarily
found in the eastern regions, particularly along the western side of the mountain Hymettus.
During the transient season, increased thermal load was found in the southwestern regions,
while in winter, relatively warmer thermal conditions were found in the northeast suburbs.
This seasonal variation could be attributed, at least in part, to the region’s topography.
Notably, in all the seasons, slightly lower PET and UTCI values were observed in green
areas of the city center and in the western districts, where building density is relatively
low. Conversely, areas with high building density—particularly in the city center and the
northeastern and southwestern center districts—exhibit consistently seasonal higher values
of PET and UTCI. These findings align with prior research emphasizing the importance of
vegetation coverage and urban form in reducing thermal stress and improving outdoor
thermal comfort in built environments [16].

As with most studies, the current study is subject to certain limitations that introduce
uncertainty into the results. First, the relatively sparse network of meteorological stations
may not fully capture the spatial variability of thermal conditions across the study area, po-
tentially affecting the accuracy of the interpolated variables. Second, in situ measurements
prioritized high-building density areas with significant pedestrian traffic and thermal ex-
posure, such as dense urban spaces, squares, and parks; consequently, low-density areas
were underrepresented in the network due to site selection priorities. Moreover, the limited
duration for certain measurement campaigns may constrain the overall robustness of the
statistical validation. In addition, model-related uncertainties arise from known limitations
of ENVI-met, particularly in simulating wind speed, solar radiation, and mean radiant
temperature and its sensitivity to key input parameters such as leaf area density and surface
albedo, which may carry over into the estimation of thermal indices. The use of standard
PET and UTCI assessment scales rather than the locally calibrated thresholds for Athens
ensures comparability with international studies; however, it may not fully account for the
physiological acclimatization and behavioral adaptation of local populations to Mediter-
ranean climatic conditions [81]. Consequently, the application of standardized scales may
lead to an over- or underestimation of actual thermal stress.

The sensitivity analysis of the kriging parameters (e.g., search radius and number of
neighboring points) demonstrated that interpolation performance remains relatively stable
across a range of configurations, indicating robustness of the overall approach. Neverthe-
less, a full uncertainty propagation and sensitivity analysis—including the combined effects
of model assumptions, input data quality, and interpolation parameters—was beyond the
scope of this study. Finally, the interpolation and bioclimatic map development relied
on a somewhat coarse data grid, as our focus was on developing an easy-to-apply frame-
work. It should be noted that the spatial resolution of the bioclimatic maps reflects this
methodological focus, aiming at the development of a transferable interpolation approach
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rather than the identification of fine-scale urban hot spots. Therefore, the results are more
appropriate for city-scale assessments. In this context, a portion of the environmentally
caused variability was indirectly taken into account through the kriging of the regression
modeling residuals. Further limitations include the exclusion of anthropogenic heat emis-
sions from the simulations, the absence of future climate projections, and the method’s
reduced applicability in high-density, canyon-style urban blocks.

Despite these limitations, the presented methodology is promising, as it combines
field measurements with high-resolution model simulations. All data were sourced from
the National Observatory of Athens and the Hellenic National Meteorological Service,
ensuring their accuracy. The original assessment scales of PET and UTCI were used to
facilitate comparisons and to ensure the broad applicability of this study’s findings. The
simplicity of the approach, combined with the successful validation of the results, indicates
that this method can effectively identify areas experiencing unfavorable thermal conditions.
Future work could incorporate locally calibrated PET and UTCI assessment thresholds for
Athens. Such an approach would better reflect local thermal perception and enhance the
applicability of bioclimatic maps.

Implications for Urban Planning and Public Health

The methodology developed in this study represents a useful tool for visualizing
thermal conditions across the Athens metropolitan area and can support applications
in urban planning, public health, and climate adaptation strategies. Similar approaches
have already been applied in practice to inform the design and placement of mitigation
measures such as urban greenery, shading structures, and material modifications [82] and
to evaluate the effectiveness of climate adaptation strategies, including green infrastructure
interventions [83]. In the field of public health, thermal indices have also been applied to
assess population exposure to heat stress [3].

In the context of this study, the identification of zones with varying levels of thermal
stress enables the development of targeted, location-specific mitigation strategies. Based
on the generated bioclimatic maps, the eastern Athens basin—where persistent high ther-
mal stress is observed—would benefit from interventions prioritizing the enhancement
of ventilation corridors and the integration of vertical greenery systems to reduce heat
accumulation and improve airflow. In the southwestern coastal areas, where sea-breeze
effects moderate thermal conditions, urban design should focus on optimizing waterfront
spaces by preserving open wind pathways and incorporating shaded recreational zones to
maximize thermal comfort. In densely built historic areas of the city center, the implemen-
tation of permeable pavements, increased tree canopy cover, and shading infrastructures
(e.g., pergolas and reflective materials) is recommended to mitigate heat stress at the
pedestrian level.

Beyond urban design, the bioclimatic maps have direct applications in public health
and urban management. They can support real-time heat risk assessment by identifying
high-exposure zones during extreme heat events, contributing to early warning systems
and targeted intervention planning for vulnerable populations. Furthermore, these maps
can inform tourism planning by identifying thermally comfortable areas and optimal
visiting periods, enhancing visitor experience while reducing heat-related risks.

It should be noted that the primary aim of this study was to develop and demon-
strate the proposed methodology. For operational decision-making, bioclimatic maps
should ideally be generated using long-term climatic datasets to ensure robustness and
representativeness of prevailing thermal conditions.
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5. Conclusions
This study presents a tested and applied methodology for mapping urban thermal

conditions by combining high-resolution ENVI-met simulations, in situ micrometeorolog-
ical measurements, and interpolated biometeorological indices calculated from weather
station data. The approach successfully captures the spatial patterns of human thermal
conditions across the Athens metropolitan area, particularly during summer when ther-
mal stress is most intense. The ENVI-met model proved effective in simulating thermal
indices, while the combined modeling-calibrated kriging approach allowed for accurate
and spatially continuous mapping. The results underscore the critical role of vegetation
cover, urban morphology, and topography in shaping urban thermal conditions. Overall,
the proposed methodology provides a practical tool for urban planning, public health,
and climate adaptation by identifying areas of elevated thermal stress and supporting the
development of targeted mitigation strategies.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/atmos17050522/s1. Figure S1: Qualitative validation results (sim-
ulated versus monitored on-site) for all simulations throughout the study seasons (summer, winter,
transient) for (a) air temperature (Tair), (b) relative humidity (RH), (c) mean radiant temperature
(Tmrt), (d) wind speed (WS), (e) total solar radiation (SR), (f) Physiologically Equivalent Temperature
(PET) and (g) Universal Thermal Climate Index (UTCI); Figure S2: Areas input files 2D and 3D view
of land materials and structured environment plan of the simulated coarse domains with the satellite
imagery (Google Earth); Table S1: Number of days used for model simulation, for each season and
monitoring site in the field campaigns; Table S2: Meteorological stations operated by meteorological
services and institutions whose data are used in the project; Table S3: Two-dimensional views of
the Area Input Files showing land surface materials and the built environment layout within the
simulated domains, overlaid on satellite imagery (Google Earth); Table S4: Model geometry, tallest
building height, and the number of distinct soil profiles and 3D vegetation elements of each study
area; Table S5: Assessment scales of PET and UTCI; Table S6: Kriging settings as applied to SAGA
software for the standard process.
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