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A B S T R A C T

Urban heat stress is a pressing issue, intensified by climate change and urban heat islands. This study introduces a 
methodology for creating very-high-resolution districtscale cumulative heat stress maps to support climate- 
responsive urban planning. Using the SOLWEIG model, we simulated mean radiant temperature (Tmrt) across 
Barcelona’s Gràcia district, achieving high accuracy by employing an anisotropic sky model and a 10 % tree 
canopy transmissivity coefficient. Simulations for the hottest day of 2022 revealed significant variations in 
outdoor heat stress due to urban morphology and vegetation. Analysis of three plazas and four urban canyons 
with differing designs and vegetation levels demonstrated that tree cover can reduce peak Tmrt by over 20 ◦C in 
exposed areas. Hourly Tmrt maps enabled the creation of a novel district-scale cumulative heat stress map, 
highlighting daily hours of extreme heat stress and revealing hotspots and cooler zones shaped by urban ge
ometry and tree cover. These findings underscore the critical role of vegetation and urban design in mitigating 
heat stress and enhancing thermal comfort. The study provides actionable insights for city planners, practi
tioners, and policymakers to reduce health risks from extreme heat, fostering urban resilience and sustainability 
amidst global warming.

1. Introduction

In the era of climate change, cities are facing escalating environ
mental challenges. Rising global temperatures and increasingly intense 
and frequent heatwaves impose a substantial burden on the built envi
ronment, straining public spaces, infrastructure, and buildings, while 
also posing significant risks to human well-being and health (Bobb et al., 
2014; Glazer, 2005; Lin et al., 2009; Linares et al., 2020; Schapiro et al., 
2024; World Health Organization & UN-Habitat, 2016).

Extreme temperatures disproportionately affect urban populations, 
primarily due to the urban heat island (UHI) effect. This phenomenon 
occurs when heat-absorbing surfaces, high-density development, and 
human-generated heat intensify temperature spikes, increasing the risk 
of overheating (Salamanca et al., 2014; Salvati et al., 2022; Steemers 
et al., 1998; Stewart & Oke, 2012).

In this context, urban features such as geometry, materials, and 
vegetation, play a key role in shaping the microclimate and determining 
outdoor thermal comfort (OTC) (Lau et al., 2015; Lindberg & Grim
mond, 2011). These features influence evapotranspiration, shading, and 

the thermal and radiative properties of surfaces, such as emissivity and 
albedo, and modify the shortwave radiation incident on the body as well 
as long-wave exchanges with the environment (Emmanuel & Fernando, 
2007; Erell et al., 2012; Evola et al., 2021; Mayer et al., 2008; Salvati 
et al., 2022).

Numerous studies have examined the impact of key urban features 
on street-level microclimate (Krayenhoff et al., 2021), including urban 
morphology and sky view factor (L. Chen et al., 2012; Dirksen et al., 
2019; Unger, 2004), tree canopy cover (Georgi & Dimitriou, 2010; 
Oliveira et al., 2011; Shashua-Bar et al., 2011; Streiling & Matzarakis, 
2003), and urban materials (Alchapar et al., 2014; Barǐsić et al., 2022; 
Erell et al., 2014; Jandaghian & Akbari, 2018; Lindberg et al., 2016; 
Mohammad et al., 2021). Trees, in particular, have emerged as powerful 
allies in mitigating daytime outdoor heat stress, primarily through 
evapotranspiration and shade (Konarska et al., 2014; Lee et al., 2020; 
Palme et al., 2020).

On the one hand, Studies have explored methodologies to map heat 
exposure across urban areas using satellite thermal imagery to capture 
land surface temperature (Elmarakby & Elkadi, 2024; Inostroza et al., 
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2016; Nichol & To, 2012; Pappalardo et al., 2023). While this approach 
provides an overview of city-scale temperature differences, it lacks the 
resolution needed to assess microclimate variability and thermal 
sensation in different urban spaces (Villaverde et al., 2024). Addition
ally, the temporal limitations of thermal satellite imagery hinder anal
ysis of hourly heat stress fluctuations.

On the other hand, to overcome these limitations and generate 
detailed spatial and temporal microclimate data, numerical simulations 
are used for OTC analysis, though at a high computational cost (Huang 
et al., 2024). Common models include Rayman, ENVI-met, UMEP-
SOLWEIG, and the Ladybug tools suite. However, many studies focus on 
simplified urban forms (Nazarian et al., 2017, 2019), isolated street 
canyons, or overlook the impact of tree canopies on outdoor conditions 
(Aghamolaei et al., 2020; Evola et al., 2020, 2021). Despite advance
ments in simulation tools, a gap remains in metrics for assessing 
comprehensive urban heat exposure and its temporal variability.

This study addresses these limitations by advancing a methodology 
to map heat stress through very-high-resolution microclimate simula
tions that integrate both spatial and temporal aspects of urban heat 
hazard. While not exhaustive, this approach marks a significant step 
toward more detailed, context-sensitive assessments of urban thermal 
stress.

To our knowledge, current research still faces challenges in 
providing scalable, high-resolution tools for urban planners to assess 
cumulative heat exposure over an entire day across large urban areas in 
realistic scenarios. As a result, significant barriers remain in trans
forming microclimate analysis into actionable, climate-responsive urban 
planning and design strategies.

This study aims to develop a replicable methodology for district- 
scale cumulative heat stress assessment. Unlike studies that focus on 
single-time evaluations or simplified geometries, our approach is novel 
in the following ways: 

• High-Resolution Simulation: Using SOLWEIG, the hourly mean 
radiant temperature (Tmrt) is modeled at a 1-meter resolution, 
providing detailed spatial and temporal insights into microclimate 
dynamics.

• Field-Driven Parameter Refinement: Field measurements refine key 
parameters (e.g., tree canopy transmissivity, sky model selection), 
ensuring alignment with the study area’s unique conditions and 
enhancing the reliability of input data for high-resolution modeling.

• Cumulative Heat Stress Mapping: Hourly Tmrt simulations are 
aggregated into a novel heat stress metric, identifying persistent 
hotspots where extreme heat thresholds are exceeded over extended 
durations, filling a key gap in time-resolved heat risk assessments.

The paper is structured as follows: we begin with a review of current 
measurement techniques, microclimate simulation methods, and ap
proaches for cumulative heat stress analysis. Next, the study area is 
introduced, followed by a description of a microclimate measurement 
campaign across three plazas and district-level modeling. Model sensi
tivity to key parameters, such as tree canopy transmissivity and sky 
model, is examined through comparison with on-site measurements. 
Results are presented comparing model outputs with observational data, 
analyzing spatial and temporal heat stress variations on a typical hot 
day, and the influence of urban geometry, sky model, and trees. Finally, 
we develop a replicable cumulative heat stress map and discuss its im
plications for climate-sensitive urban planning.

2. Literature review

2.1. Outdoor thermal comfort: measuring and modeling

Mean radiant temperature (Tmrt) is a key variable influencing human 
thermal comfort in outdoor environments, with its spatial and temporal 
variability closely tied to urban morphology, including geometry, tree 

cover, and surface materials. Defined as the uniform temperature of an 
imaginary enclosure where the radiant energy exchanged with the 
human body matches that in the actual outdoor environment, Tmrt re
flects the dynamic interaction of urban elements with shortwave (direct, 
diffuse, and reflected) and longwave radiation fluxes. It provides a 
reliable measure of OTC in both sunny and shaded conditions (Lindberg 
et al., 2008; Matzarakis et al., 2007, 2010).

Despite the use of advanced thermal comfort indices such as the 
Physiologically Equivalent Temperature (PET) and the Universal Ther
mal Climate Index (UTCI) to assess human thermal perception, Tmrt re
mains widely recognized as a key determinant of thermal perception in 
outdoor environments (Gál & Kántor, 2020; Lindberg et al., 2008; 
Staiger & Matzarakis, 2020; Thorsson et al., 2007). Research has 
demonstrated a strong correlation between Tmrt and both UTCI and PET 
values (Mahdavinejad et al., 2024). However, evaluating Tmrt experi
mentally in outdoor settings remains particularly challenging (Banfi 
et al., 2022; Johansson et al., 2014).

Among the most accurate methods for measuring Tmrt is the use of 
integral radiation measurements through three net radiometers (Banfi 
et al., 2022; Höppe, 1992; Thorsson et al., 2007). This approach allows 
for a comprehensive capture of the radiant energy exchange, contrib
uting to a more precise computation of Tmrt. However, the high cost of 
these sensors can limit their large-scale application.

Alternative methods have been explored for their affordability and 
accessibility, despite limitations. One such approach involves using a 
single pyranometer and pyrgeometer mounted on movable axes oriented 
in six directions (Kántor et al., 2012, 2012; Oliveira et al., 2011; Vanos 
et al., 2021). This method is simpler and more cost-effective than using 
three net radiometers. Moreover, using globe thermometers combined 
with air temperature and wind speed measurements is a widely recog
nized yet simplified approach (Banfi et al., 2022; Dear, 1988; Johansson 
et al., 2014; Spagnolo & de Dear, 2003; Teitelbaum et al., 2022; 
Thorsson et al., 2007; Vernon & Warner, 1932). While more affordable 
and commonly used indoors, its accuracy in outdoor urban settings re
mains under investigation (Banfi et al., 2022).

Overcoming such restrictions has increasingly promoted the explo
ration of various computer techniques for simulating Tmrt. Currently, a 
handful of robust tools are prominent in this domain, including the 
SOlar LongWave Environmental Irradiance Geometry (SOLWEIG) model 
(Bäcklin et al., 2021; Briegel et al., 2023; Lau et al., 2015, 2022; Li, 
2021; Lindberg et al., 2008; Mutani & Beltramino, 2022; Thorsson et al., 
2017), ENVI-met (Bruse & Fleer, 1998; Emmanuel & Fernando, 2007), 
RayMan (Krüger et al., 2012; Matzarakis et al., 2007, 2010), or the 
Ladybug Tools suite within Grasshopper (Roudsari & Pak, 2013).

The radiation and human-bioclimate model RayMan is among the 
most recognized tools, allowing effective simulation of short- and long- 
wave radiation flux densities from three-dimensional surroundings in 
simple and complex environments. However, calculations are made for 
single points. This limitation is overcome by ENVI-met, Ladybug, and 
the SOLWEIG model, which allow the spatial computation of Tmrt over 
uniform gridded surfaces (Aleksandrowicz et al., 2020) or using 3D 
models.

ENVI-met is a three-dimensional non-hydrostatic proprietary simu
lation tool for effective micro-scale computational fluid dynamics (CFD) 
modeling. ENVI-met has some critical restrictions, such as the need for 
site-specific meteorological data for appropriate initialization, the 
extensive computation time for simulating even a small region, and the 
constraints of the orthogonal grid for 3D modeling within the software 
environment (Aleksandrowicz et al., 2020).

While the Ladybug tools suite is widely recognized for its versatility 
and widespread adoption in environmental analysis for evidence-based 
design, both at the building and urban scale, it also comes with certain 
limitations when the objective is simulating over extensive areas. In 
Ladybug, long-wave radiation Tmrt is based on the Honeybee/Energyplus 
surface temperatures simulation, while short-wave radiation is 
computed using the Ladybug SolarCal module. Therefore, 3D models 
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featuring complex geometries or extensive datasets may demand sub
stantial computational resources due to their inherent complexity (Evola 
et al., 2020).

SOLWEIG model is an open-source GIS-based tool currently available 
through the Urban Multi-scale Environmental Predictor (UMEP), a 
comprehensive tool for city-based climate analysis integrated into the 
open-source GIS platform QGIS. SOLWEIG has demonstrated a high- 
accuracy prediction of observed radiation fluxes, explaining 94 % of 
the variations in Tmrt and an overall RMSE of 4.8 K (Lindberg et al., 2008; 
Thorsson et al., 2017).

Studies conducted comparing RayMan, ENVI-met, and SOLWEIG 
report certain variability of performance and errors depending on the 
weather conditions, hourly variation, and latitude (Jänicke et al., 2021). 
However, although all three models under-estimate night-time Tmrt, 
overall, SOLWEIG showed the lowest deviations from observations (Gál 
& Kántor, 2020; Jänicke et al., 2021) standing as a robust, accessible, 
and pivotal tool for research endeavors and practical applications in 
various professional domains. By harnessing very-high-resolution (VHR) 
Digital Elevation Models (DEMs) as input, SOLWEIG facilitates 
large-scale simulations of radiation fluxes and Tmrt in complex urban 
environments. SOLWEIG is used in this study to generate high-resolution 
spatio-temporal Tmrt data for cumulative heat stress analysis and 
district-scale mapping.

2.2. High-resolution, time-resolved urban heat stress mapping

Recent contributions to the field have made significant progress in 
localized heat assessment. For instance, Weeding et al. (2024) employed 
SOLWEIG to project outdoor thermal stress in Tasmania for a 150 m x 
150 m study site. While this is an important step toward localized heat 
assessment, their focus remains confined to a small area and does not 
capture intra-neighborhood variability or cumulative hourly exceed
ance metrics.

Conversely, Chakraborty et al. (2019) provide a valuable analysis of 
urban heat at the neighborhood level, but their use of low-resolution 1 
Km LST lacks the biophysical comprehensiveness of Tmrt and the needed 
urban details of microclimate simulation. Wang et al. (2023) integrate 
machine learning and low-cost sensors to map urban heat exposure at 
10-meter resolution, with their metrics primarily reflecting relative 
humidity and air temperature. We address these limitations by simu
lating VHR 1-m hourly Tmrt to quantify cumulative heat stress through 
an extremely hot day.

Studies like Diz-Mellado et al. (2021) confirm the relevance of 
microclimate outdoor thermal patterns using Support Vector Regression 
(SVR) method to predict the measured temperature inside courtyards. 
However, 22 selected courtyards are assessed. Our work builds on this 
by designing a VHR cumulative heat stress analysis across extended 
residential environments. This neighbor-scale emphasis, combined with 
detailed urban morphology (buildings, vegetation), remains underrep
resented in literature.

Juzbašić et al. (2022) improved climate modeling by providing dy
namic downscaling to capture variations in climate impacts. However, 
the proposed model refers to regional studies. While Szűcs et al. (2014)
deal with the comparison of Tmrt data obtained by measurement and 
computational simulation in a densely populated city quarter of Lisbon, 
the measurements were carried out in a park and the surrounding 
canyon streets. Neither research focused on a comprehensive 
neighborhood-scale analysis of heat stress.

While the analysis of cumulative heat addresses a recognized gap in 
the literature, prominent studies such as Perkins-Kirkpatrick and Lewis 
(2020) and Yang et al. (2014) have primarily focused on daily or annual 
cumulative metrics within regional-scale contexts. While Tam et al. 
(2015) recognize the relevance of improving temporal resolution, the 
study focuses on a day-by-day analysis that is still centered on a regional 
scale.

Obe et al. (2024) and Luo and Lau (2021) discuss high resolution 

landscape-level to regional-level assessments of heat stress, respectively, 
including multiple metrics, but do not capture the cumulative or hourly 
dynamics across heterogeneous urban contexts that our study delivers.

Su et al. (2022) establish urban day and night extreme heat wave 
cumulative hourly interpolation models. However, the focus is on 
regional land use variations, and they only consider daytime vs. night
time conditions.

Our study aligns with recent studies in the field (Ding et al., 2024; 
2025) addressing the challenge of achieving city-wide thermal comfort 
mapping at high spatial and temporal resolutions, which requires 
consideration of the complex urban morphology (urban geometry and 
land cover) at a microscale, as well as the background meteorological 
factors at a larger scale. However, although cutting-edge, these studies 
simulate city-wide comfort metrics at a 10-m spatial resolution. Also, 
although they simulate microclimate on an hourly basis, no cumulative 
effect is considered. Although relevant, this level of detail may fail to 
capture fine-grained spatial variability and hourly fluctuations in out
door heat stress under realistic scenarios.

On the other hand, Li et al. (2024), who call for urban-specific 
thermal risk assessments, have modeled very-high spatial resolution 
hourly averaged UTCI, not considering the hourly cumulative impact.

Finally, as previously mentioned, studies have focused on simplified 
urban geometries (Nazarian et al., 2017, 2019) and isolated street 
canyons, or have overlooked the tree canopies’ impact on outdoor 
conditions (Aghamolaei et al., 2020; Evola et al., 2020, 2021).

3. Materials and methods

The methodology follows a structured workflow to assess district- 
scale cumulative heat stress. It begins with on-site microclimate meas
urements—air temperature (Ta), globe temperature (Tg), and wind speed 
(Ws)—at selected locations to establish reference conditions and adjust 
Tmrt simulations. Simulations using the SOLWEIG model first replicate 
these locations and time periods, allowing direct comparison with 
observed Tmrt. Key input parameters, such as tree canopy transmissivity 
and sky model type, are varied to test their influence on radiation fluxes 
and Tmrt. Hence, to capture spatial patterns, simulations are scaled up 
district-wide for August 14, 2022—the year’s hottest day. Cumulative 
heat stress is then quantified by aggregating Tmrt over a 24-hour cycle, 
using a 51 ◦C threshold. The resulting map identifies areas where Tmrt 
exceeds this value, capturing both the intensity and duration of thermal 
stress.

3.1. Case study

The research focuses on the Gràcia district in Barcelona, Spain 
(Fig. 1-a), located in the northern part of the city and adjacent to the 
popular Eixample district. The area, spanning about 132.21 hectares and 
roughly 120,000 residents, is characterized by mid-high population 
density. Buildings occupy about 64 % of the urban space (Salvati et al., 
2019), and the compact, homogeneous fabric provides an ideal test bed 
for district-scale simulations. Additionally, the neighborhood’s active 
public spaces, amenities, and pedestrian-friendly streets highlight the 
importance of studying outdoor conditions during extreme heat events.

Three plazas in Gràcia (Fig. 1–b), each characterized by different 
levels of tree canopy cover, soil permeability, and materials, have been 
selected for on-site microclimate measurements: Plaza de Rovira i Trias 
(referred to as Rovira), Plaza d’en Joanic (Joanic), and Plaza de la 
Revolució (Revolució).

The three plazas are roughly similar in size but show significant 
differences in tree coverage and paving materials (Fig. 2). In Rovira and 
Revolució, the ground is primarily covered with concrete slabs, while 
Joanic features a sandy surface. The tree species also vary, with Platanus 
x hispanica in Rovira, Jacaranda mimosifolia in Revolució, and Styphno
lobium japonicum in Joanic (Ajuntament de Barcelona, 2023).

Sky View Factor (SVF) was used to compare plaza geometries, 
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calculated at the approximate center of plazas and as an average across 
the entire area, with and without trees (buildings only). Without trees, 
SVF values at the central point in Joanic and Revolució range from 0.86 
to 0.74, respectively, while the average SVF is 0.79 and 0.66. These 
relatively small differences are primarily due to variations in the size 
and shape of the plazas. However, when trees are factored in, the SVF 
changes dramatically. In Rovira, where the tree canopy nearly covers the 

entire area, the SVF drops significantly from 0.79 to 0.02 at the central 
point and 0.73 to 0.04 as an average value. In contrast, the SVF in Joanic 
and Revolució is less impacted by trees, which are mainly located on the 
sides. Table 1 shows key features of each plaza, including SVFs, tree 
cover, and ground materials, along with an aerial view of each plaza.

Fig. 1. An overview of the city of Barcelona (Fig. 1-a), and the Gràcia district (Fig. 1–b), featuring the marked locations of the three Plazas (red circles in Fig. 1–b).

Fig. 2. Street-level perspective and overview of tree species and pavement materials in the three plazas: a) Rovira, b) Revolució, and c) Joanic.
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3.2. On-site microclimate measurements

The three plazas were used to evaluate the impact of tree cover 
variation on street-level microclimate conditions. The objective was to 
identify Tmrt ranges in shaded and unshaded urban spaces within the 

same district. A microclimate measurement campaign was planned to 
compare the thermal conditions of the plazas at different times of the 
day. On-site values were measured near the central point of each plaza. 
The measured parameters include black-globe temperature (Tg), air 
temperature (Ta), relative humidity (RH), and wind speed (Ws). These 

Table 1 
Aerial view and summary of Sky View Factor (SVF) values at the approximate center of each plaza, along with the average SVF for the entire area, tree cover ratio, and 
predominant ground material for all three plazas.

Plaza

Rovira SVF: point Buildings 0.79
Buildings + Trees 0.02

SVF: Average Plaza Buildings 0.73
Buildings + Trees 0.04

Tree Cover % 0.95
Ground Material Prevailing Concrete slabs

Revolució SVF: point Buildings 0.74
Buildings + Trees 0.72

SVF: Average Plaza Buildings 0.66
Buildings + Trees 0.44

Tree Cover % 0.29
Ground Material Prevailing Concrete slabs

Joanic SVF: point Buildings 0.86
Buildings + Trees 0.84

SVF: Average Plaza Buildings 0.79
Buildings + Trees 0.51

Tree Cover % 0.32
Ground Material Prevailing Sand

Fig. 3. Top view and street-level perspective of measurement points for each plaza, along with a view of the sky conditions at the time of the measurements.
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were used to compute Tmrt at each point. To represent typical daylight 
summer conditions, two measurement campaigns were conducted: July 
26, 2022, from 11:00 to 13:00 local time (CEST, UTC+2), to compare 
the thermal conditions around solar noon, and August 28, 6:00 to 7:30 
local time (LT), to compare the thermal conditions in the early morning 
when the air temperature is minimum after nighttime cooling. As an 
example, Fig. 3 shows the locations and images, top- and street-view, 
around the measurement points for the 26th of July 2022.

Measurements were recorded in each site at one-minute intervals, 
over 30 min during the daytime session on July 26 and for 20 min during 
the early-morning session on August 28; these were conducted sequen
tially, beginning at Joanic, followed by Rovira, and concluding at Rev
olució. The environmental meter was mounted on a tripod at a height of 
1.5 m above ground level. Simultaneously, a digital anemometer was 
used to measure wind velocity. The anemometer provided average wind 
speed readings, which were used to calculate Tmrt using Tg and Ta. 
Detailed specifications of the equipment used are listed in Table 2.

Measured Ta, Tg, and Ws were used to obtain street-level Tmrt using 
the ASHRAE equation (Eq. (1)), with D as the globe diameter (mm) and ε 
as the globe emissivity (ASHRAE, 2001). 

Tmrt =

[
(
Tg + 273.15

)4
+

1.1 × 108 W0.6
s

ε D0.4 ×
(
Tg − Ta

)
]1

4
− 273.15 (1) 

The ASHRAE equation has been applied in several studies investi
gating outdoor Tmrt (Johansson et al., 2014; Ng & Cheng, 2012; Thorsson 
et al., 2007). The factor 1.1 × 108 Ws

0.6 in the equation represents the 
convective heat transfer coefficient, derived empirically. Other formu
lations for the convective coefficient have been proposed and applied in 
literature (Banfi et al., 2022; Lam et al., 2018), leading to different 
values of Tmrt. Further details on temperature measurements and Tmrt 
calculations, along with discrepancies among different formulations, are 
provided in Annex 1, Figures A.1 and A.2.

3.3. Microclimate modeling of radiation and thermal comfort

SOLWEIG is first used to model Tmrt for the three plazas on the two 
days of the on-site campaign. The modeling was then expanded to the 
district level, focusing on August 14th, 2022, which was pinpointed as 
the peak temperature day of the year as recorded in the Raval weather 
station. The model was executed within the QGIS environment utilizing 
the UMEP plugin (Lindberg et al., 2018). The resulting data is in the 
form of raster maps that display the hourly spatial distribution of Tmrt 
and incoming and outgoing shortwave and longwave radiation fluxes, 
with a resolution of 1 m per pixel. Tmrt is calculated for a standing human 
modeled as a cylinder, using standard absorption coefficients for 
shortwave and longwave radiation set at 0.70 and 0.97, respectively, as 
detailed by (Holmer Björn et al., 2015). Additionally, hourly Physio
logical Equivalent Temperature (PET) is estimated for selected points.

3.3.1. Spatial data used for modeling
Modeling Tmrt requires VHR digital elevation models (DEMs), 

including digital surface models (DSM) for buildings and trees, and a 
digital terrain model (DTM) for the ground. We used 1-meter resolution 
georeferenced DSM and DTM in GeoTIFF format, projected to ETRS89/ 
UTM zone 31 N. These DEMs, derived from LiDAR data (XYH point 
clouds), were provided by the Cartographic and Geological Institute of 
Catalonia (ICGC) for the 2016–2017 period (Institut Cartogràfic i Geo
lògic de Catalunya, n.d.).

SOLWEIG models trees as a separate layer for near-realistic simula
tions and uses the buildings’ DSM to determine wall height and façade 
orientation (0–360◦). Both DSMs are employed to estimate an advanced 
SVF, incorporating all view components—North, East, South, and 
West—along with trees. The model also integrates land cover data to 
account for varying albedo and emissivity across five classes: paved 
surfaces, buildings, grass, bare soil, and water (Lindberg et al., 2018).

For building facades, default albedo (0.20) and emissivity (0.90) 

Table 2 
Specifications of the equipment employed for field measurements.

Equipment Measured variable Range Accuracy

PCE-WB 20SD 
Environmental Meter

Black-globe 
Temperature

0 … +80 ◦C ± 0.6 ◦C

Air Temperature 0 … +50 ◦C ± 0.6 ◦C
RS232 

Integral Vane Digital 
Anemometer

Wind Speed 0.4 … 30 m/s ± (2 % of reading + 0.2 m/s)

FLIR E6-XT WiFi Surface Temperature − 20 … +550 
◦C

±2 ◦C or ±2 % of reading for ambient temperature 10 ◦C to 35 ◦C and object temperature above 
0 ◦C (32 ◦F)

Fig. 4. Gracia District, including administrative boundaries and the Plazas: a) Buildings-DSM and Trees-DSM, b) Sky View Factor, and c) Land Cover.
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values are applied district-wide. Fig. 4 presents a top-down view of the 
primary input data for radiation and Tmrt modeling in Gracia, including 
the DSM, buildings, trees, SVF, and land cover, with plazas highlighted 
for reference.

3.3.2. Weather data sourcing and adjustment
The weather file used for modeling includes hourly data for Ta, RH, 

Ws, and solar radiation (global, direct, and diffuse). This data was 
sourced from the Raval weather station, operated by the Meteorological 
Service of Catalunya (METEOCAT), which records measurements every 
30 min. The station was selected for its representative location within 
the urban environment. A previous study (Salvati et al., 2017) found 
that temperatures in Gracia closely matched those recorded at the Raval 
station.

Since the weather station provides only global horizontal irradiation 
(GHI), the Boland-Ridley model (Boland et al., 2008) was used to derive 
the direct and diffuse components of solar irradiation from the GHI. 
Additionally, because wind speed is measured at 10 m height, the power 
law equation (Eq. (2)) was used to derive wind speed at 1.5 m above 
ground level (agl) (Salvati et al., 2020). 

V
Vm

= kZα (2) 

Where V is the mean Ws (m/s) at a given height, Z is the anticipated 
height (equal to 1.5 m agl in our study), and Vm is the wind speed at the 
meteorological station. k and α are coefficients that depend on the 
terrain roughness, as reported in (Salvati et al., 2020). We used the 
values corresponding to an urban terrain, namely 0,35 for k and 0,25 for 
α. In Annex 2 of supplementary material, Figure A.4 reports the 24-hour 
weather values employed for the simulations in this study, encompass
ing GHI, Ta, RH, and Ws. Figure A.5 of Annex 2 shows the impact of an 
adjusted Ws height on thermal comfort estimation.

3.3.3. Tree canopy transmissivity
Trees DSM serves as the input for the tree canopy cover, adhering to 

the vegetation scheme outlined by (Lindberg & Grimmond, 2011). Two 
key parameters are required for modeling radiation and Tmrt: solar 
transmissivity of the foliage (τI), which indicates the proportion of direct 
solar radiation that passes through the tree crown, and the percentage of 
trunk height relative to the total tree height. The latter is empirically set 
at 25 %. Tree solar transmissivity holds substantial influence as it 
notably diminishes the global incident radiation reaching the ground, 
thus affecting Tmrt.

In SOLWEIG, the default value of τI is set to 3 %. This value is based 
on research that represents the average transmissivity measurements for 
common urban tree species in northern Europe (Konarska et al., 2014). 
However, the observed species are not prevalent in Barcelona. Addi
tionally, this value is representative of single urban trees. The trans
missivity of direct solar radiation through single trees tends to be lower 
compared to forest canopies due to the latter’s inherent heterogeneity, 
including gaps between trees and less dense crowns than individual trees 
(Konarska et al., 2014). Transmissivity of direct solar radiation through 
the crowns of trees organized in adjacent rows, such as those in Rovira, 
is expected to be greater than 3 %.

The solar transmissivity of the Platanus species, found in Rovira, 

prevalent in many tree-lined streets in Barcelona, has been examined in 
other cities with a Mediterranean climate, yielding values of approxi
mately 10–12 % (Cantón et al., 1994; Palme et al., 2020). These studies 
also indicate even higher solar transmissivity factors for species char
acterized by less homogeneous and dense crowns. Drawing from this 
literature, we have tested three distinct values of τI, namely, 3, 10, and 
20 %, as reported in Table 3.

3.3.4. Fine-tuning input parameter: transmissivity and sky model
Before scaling up Tmrt to the district level, we simulated radiation and 

Tmrt for the three plazas, using data from the campaign days—July 26 
(11:00 to 13:00 LT) and August 28 (6:00 to 7:30 LT). This step was 
crucial for fine-tuning the input parameters. We specifically evaluated 
the impact of three different tree canopy transmissivity values, each 
tested with the isotropic and the anisotropic sky model. The anisotropic 
sky model is particularly relevant as it accounts for variations in 
incoming diffuse shortwave and longwave radiation fluxes based on the 
zenith angle (Wallenberg et al., 2020, 2023).

This resulted in six different scenarios (Table 4), combining three 
transmissivity levels—3 %, 10 %, and 20 %—with both isotropic (s1, s2, 
s3) and anisotropic (s4, s5, s6) sky. We then compared the SOLWEIG- 
generated maps with on-site Tmrt values. Additionally, we assessed the 
model’s sensitivity across the six scenarios in terms of estimated short
wave and longwave radiant fluxes.

4. Results

4.1. Observed microclimate variations: analysis and insights

A comparison between recorded Ta and Tg, and the resulting Tmrt 
according to the ASHRAE equation, is first presented. Fig. 5 shows the 
average values for the campaign days and hours for each plaza. The 
recorded 1-min Tg values showed large fluctuations due to rapid changes 
in radiation fluxes and wind speed, which is typical of outdoor settings. 
To reduce such fluctuations, we considered the average value of Tmrt 
over the measurement period. This is the suggested approach to reduce 
the scattering of Tmrt values based on black-globe thermometer mea
surements (Banfi et al., 2022).

The average Tmrt values are calculated as the mean of the 1-min 
values over a measurement period, discarding the first 10 min needed 
for the globe thermometer to reach thermal equilibrium. Detailed 1-min
ute measurement data is provided in Figure A.1 of Annex 1 in the sup
plementary material.

On the 26th of July, around noon, evident variations in Tg are 
observed among the three plazas. Notably, Tg is remarkably lower in 
Rovira than the other two plazas, attributed to the favorable influence of 
tree shading. In Rovira, Tg (30.3 ◦C) closely reflects the air temperature 
(29.9 ◦C) due to the attenuation of direct solar radiation flux by the tree 
canopy. Conversely, significant differences between Tg and Ta were 
found in the other two plazas. In Joanic, measured Tg was 43.1 ◦C, being 
11.0 ◦C higher than Ta (32.1 ◦C). In Revolució, the measured Tg was 41.9 
◦C, which was 9.2 ◦C higher than air temperature (32.7 ◦C). Also, Plaza 
Rovira exhibited lower Ta, being 2.2 ◦C cooler than Joanic and up to 2.8 
◦C cooler than Revolució.

The data collected on August 28th showed lower overall 

Table 3 
Transmissivity values of light through the tree foliage tested in this study as parameters used in the SOLWEIG model.

Tree species and arrangement Transmissivity (τI) Reference study

Single (urban) tree 
Dense crown, typical of northern Europe

3 % Konarska et al. (2014)

Trees arranged in adjacent rows 
Reference species: Platanus

10 % Palme et al. (2020)
Cantón et al. (1994)

Non-homogenous crowns, arranged in row 
Reference species: Pinus

20 % Palme et al. (2020)
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temperatures and a reduced variation between Ta and Tg across the three 
plazas compared to July 26th. This likely results from the early morning 
timing of the measurements (7:15 a.m.), coinciding with lower surface 
temperatures after nighttime cooling. As a result, Tg showed less fluc
tuation and was closer to Ta at all three sites.

On the 28th in Rovira, both Ta and Tg were slightly higher. This can 
be attributed to the dense tree cover, which reduces the SVF and limits 
night-time longwave radiation loss from horizontal surfaces. The tree 
canopy also affects wind speed and convective heat transfer, leading to 
warmer ground and façades during nighttime and early morning hours, 
as observed in this case, compared to the other two plazas. Similar ob
servations have been reported for the city of Mendoza (Correa et al., 
2012). To gain a deeper understanding of these dynamics, we also used a 
thermal infrared camera to capture radiant temperatures of the ground, 
walls, and sky during the two measurement periods (see Annex 1 – 
Fig. A.3).

On July 26th, Tmrt (30,4 ◦C) in Rovira closely aligns with Tg (30.3 ◦C). 

This close correlation is due to the tree canopy’s shading effect, which 
reduces the SVF and the low average wind speed of 0.6 m/s during 
measurements.

Joanic and Revolució, which have higher SVF values, showed much 
higher Tmrt than Rovira. Tmrt was 44.9 ◦C in Joanic and 43.3 ◦C in 
Revolució, values that are slightly higher than the measured Tg due to 
the convective heat transfer induced by wind speed, whose average 
value over the measurement period was 1 m/s and 1.1 m/s in Joanic and 
Revolución, respectively.

On August 28th, Tmrt closely matched Tg across all observations. This 
observation aligns with the environmental conditions at the time of the 
observations, including the absence of direct solar radiation and cooler 
surrounding surfaces compared to the air temperature.

4.2. Comparison of modeled and on-site measured values

Through comparing SOLWEIG outputs with field-based Tmrt, we first 

Table 4 
Summary of simulation scenarios (s1-s6) with different sky models and tree solar transmissivity.

s1 s2 s3 s4 s5 s6

Sky Model Isotropic Isotropic Isotropic Anisotropic Anisotropic Anisotropic
Tree Canopy Solar Transmissivity τI = 3 % τI = 10 % τI = 20 % τI = 3 % τI = 10 % τI = 20 %

Fig. 5. Average recorded Ta and Tg values for the two days of the campaign and the corresponding Tmrt.

Fig. 6. Comparison of SOLWEIG simulation results (s1-s6) with on-site Tmrt measurements for the two campaign days: July 26, 2022 (11:30–13:00 LT) and August 
28, 2022 (06:00–07:00 LT).
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aim to qualitatively assess the model’s ability to estimate Tmrt in 
different conditions of shortwave and longwave radiation fluxes in our 
study area. Hence, the measurements are used as a reference to under
stand the impact of two key parameters, i.e., the tree canopy trans
mission coefficient and the sky model type (isotropic vs. anisotropic). Six 
simulations (s1–s6) were conducted (see Table 4, Section 2.3.4). Fig. 6
compares SOLWEIG results and on-site Tmrt measurements. Input 
weather data and outputs of the SOLWEIG simulations have a hourly 
resolution. For the comparison, we used the output value of the closest 
time to the actual measurement period. A maximum time difference of 
about 30 min between the measured and the simulated values exists.

The results from July 26th are particularly effective for assessing 
simulated Tmrt at points exposed to direct solar radiation as opposed to 
points with shaded conditions.

At locations with direct sun exposure, i.e. Revolució and Joanic, the 
Tmrt estimated by SOLWEIG is higher than the measurement-based 
values. The overestimation varies between + 6.6 ◦C and +8.7 ◦C. Re
sults for Revolució exhibit considerable similarity with Joanic. Since 
nearby trees do not shade these points, the simulation results are unaf
fected by variations in tree solar transmissivity. In such locations char
acterized by high SVF, employing the anisotropic sky model yields 
slightly higher Tmrt values (+0.9–1.0 ◦C) than those utilizing the 
isotropic sky model. Conversely, at shaded points beneath the tree 
canopy (Rovira), Tmrt estimated using the anisotropic sky model is 4.8 to 
5.1 ◦C lower than when using the isotropic model.

At shaded locations, the isotropic sky model overestimates Tmrt 
compared to the measured value. Conversely, the anisotropic model 
returns values closer to the field measurements, with variation above 
and below depending on the tree canopy solar transmissivity. The best 
Tmrt estimate is achieved with the anisotropic sky and tree solar trans
missivity of 10 %, which yielded a simulated value of 29.5 ◦C compared 
to the measured value of 30.4 ◦C.

The relative increase in Tmrt for escalating values of tree canopy 
transmissivity remains consistent across both sky models.

The results for August 28 show reduced variability across simulation 
settings, as the early morning timing minimized the influence of tree 
solar transmissivity due to the lack of direct solar radiation. Instead, the 
anisotropic sky model’s effect persisted, lowering Tmrt by approximately 
4.5 ◦C under tree canopies and increasing it by around 0.7 ◦C in areas 
with high SVF, such as Joanic and Revolució. Overall, in this time frame, 
using an anisotropic sky model consistently shows lower Tmrt values 
compared to the measurement-based Tmrt by 3.3 – 4.0 ◦C across all three 
sites. Conversely, when employing the isotropic model, Tmrt is under
estimated by 4.0 - 4.8 ◦C for locations with high SVF and slightly 
overestimated (+0.5 ◦C) for points situated beneath the tree canopy, 
such as Rovira.

The comparison between simulations and measurements confirms 
that Tmrt trends are largely influenced by sky openness and solar expo
sure. It also confirms the relevance of sky model type and tree solar 
transmissivity on the Tmrt estimate, especially for points under trees. For 
shaded areas with significant tree cover (e.g., Rovira), the anisotropic 
sky model with 10 % tree canopy transmissivity is the best combination, 
returning Tmrt values that closely match on-site measurements for the 
studied points. In early morning conditions, with lower solar radiation, 
the anisotropic model still performs better, although the variability 
between the two models is less pronounced. At exposed locations, the 
Tmrt results are much less affected by sky model choice and tree solar 
transmissivity coefficient.

4.3. SOLWEIG model sensitivity across study sites

This section observes the SOLWEIG model sensitivity across our 
study sites, focusing on diurnal variation, sky model settings, and can
opy transmissivity. Given that temperatures were higher on August 28th 
than on July 26th, we used the August 28th simulations to examine how 
different sky models and tree canopy transmissivities affect shortwave 

and longwave radiation, as well as Tmrt. Fig. 7 compares radiation fluxes 
for two representative locations: Joanic, with a high SVF, and Rovira, 
characterized by low SVF due to extensive tree cover.

In Joanic, results indicate that the anisotropic sky model (red lines) 
yields slightly lower values of incoming shortwave radiation. The 
maximum absolute difference observed is a reduction of 46.8 W/m2 at 
14:00, approximately 10 % less than the incoming radiation calculated 
by the isotropic model. Findings for Rovira highlight the substantial 
impact of varying tree transmissivity on the incoming radiation beneath 
the trees’ canopy. Changing tree canopy transmissivity from 3 % to 10 % 
increases the maximum incoming shortwave radiation from 52.4 W/m2 

to 97.9 W/m2, representing an increase of 84 %. Further increasing 
transmissivity from 10 % to 20 % results in a maximum incoming 
shortwave radiation of 162.9 W/m², a 211 % increase from the 3 % 
transmissivity case.

Conversely, the choice between isotropic and anisotropic sky models 
has a relatively minor effect on incoming shortwave radiation beneath 
tree canopies. Interestingly, the maximum observed difference occurs at 
20 % tree transmissivity, where the anisotropic sky model predicts 7.4 
W/m² less incoming shortwave radiation compared to the isotropic 
model, a reduction of about 4 %. This highlights that the sky model’s 
effect on incoming solar radiation becomes more pronounced with 
increased solar exposure. The anisotropic sky model consistently pre
dicts slightly lower values at both locations for incoming longwave ra
diation. The difference is modest and remains relatively stable 
throughout the day.

While the sky model does not affect outgoing longwave radiation, 
tree canopy transmissivity does have an impact at shaded locations like 
Rovira. Increasing tree transmissivity from 3 % to 20 % results in a rise 
of up to 22.8 W/m² in outgoing longwave radiation at noon, repre
senting a 5 % increase. However, this effect is relatively minor during 
nighttime. Fig. 8 illustrates the daily variation in Tmrt, highlighting the 
influence of both the sky model and tree transmissivity. These factors 
have a considerable effect on Tmrt in shaded areas like Rovira but are less 
impactful in locations with high SVF, such as Joanic.

In Rovira, the anisotropic sky model consistently produces lower Tmrt 
values throughout the day. The reduction is 4.5 ◦C during nighttime and 
up to 5 ◦C during daytime hours. In Joanic, the use of an anisotropic sky 
model compared to the isotropic one returns a small increase in Tmrt, 
reaching up to 1.3 ◦C for the nighttime estimations.

This can be explained by how the anisotropic model adjusts sky 
emissivity according to varying zenith angles, which affects the radiant 
load on a person in areas with high SVF, such as Joanic. High exposure to 
the warm sky (high emissivity) at high zenith angles results in increased 
Tmrt compared to a uniform sky model. These findings align with pre
vious research (Wallenberg et al., 2020, 2023).

In Rovira, transmissivity significantly influences Tmrt calculations, 
with similar trends observed using both isotropic and anisotropic sky 
models. The most significant impact on Tmrt occurs at the daily peak 
around 13:00. Increasing tree solar transmissivity from 3 % to 10 % 
raises Tmrt by approximately 2.5 ◦C and up to 6 ◦C when transmissivity is 
increased to 20 %. Figure A.6 in Annex 3 summarizes the effects of 
isotropic and anisotropic sky models and tree solar transmissivity on Tmrt 
at two locations: Joanic (high SVF) and Rovira (low SVF). Overall, both 
the sky model and tree canopy transmissivity are crucial factors influ
encing SOLWEIG’s radiation flux and Tmrt predictions, especially in low- 
SVF areas, under tree cover.

4.4. District-scale mean radiant temperature and thermal comfort

With a well-defined frame for the input parameters, we modeled 
district-scale, very high-resolution (VHR) hourly Tmrt for August 14th, 
2022, identified as the hottest day of the year based on data from the 
Raval weather station (see Fig. A.7, Annex 4). The Tmrt was simulated 
using an anisotropic sky model and a tree canopy solar transmissivity of 
10 %.
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The relationship between Tmrt and heat stress levels was identified by 
examining the linear correlation between Tmrt and PET. Hourly PET 

values were modeled using UMEP-SOLWEIG for six representative lo
cations within the study area, selected for their varying SVF, orienta
tions, and tree canopy cover. These include two plazas, namely Joanic 
(low tree canopy cover) and Rovira (high tree canopy cover), along with 
four urban canyons: two NE-SW oriented (POI 1 with low tree cover and 
POI 2 with high tree cover) and two NW-SE oriented (POI 3 with low tree 
cover and POI 4 with high tree cover). Details of these locations are 
shown in Figure A.8 of Annex 4.

PET was calculated hourly throughout the 24-hour simulation 
period. We conducted a regression analysis to measure the relationship 
between hourly Tmrt and PET, incorporating all observed points and 
hours. The results, illustrated in Figure A.9 of Annex 4, show a strong 
linear correlation (R² = 0.97), indicating a close association between 
PET levels and the spatial variation in Tmrt for the analyzed day.

However, it is important to recognize a significant limitation of this 
analysis. The spatial variability of air temperature, relative humidity, 
and wind speed is not accounted for in the PET calculations by UMEP/ 
SOLWEIG. While a recent update to the UMEP tool includes wind 

Fig. 7. Hourly trends of incoming shortwave radiation (K_down), incoming longwave radiation (L_down), and outgoing longwave radiation (L_up) on August 28th 
for various simulation settings at two locations: Joanic, with high sky view factor (SVF) and Rovira, with low SVF due to tree cover. All values are in W/m².

Fig. 8. Hourly Tmrt trends on August 28th, comparing different simulation settings at a high-SVF location (Joanic) and a low-SVF location with tree cover (Rovira).

Table 5 
Correspondence between PET and Tmrt across different levels of physiological 
stress. The table indicates Tmrt thresholds for each stress level, from extreme cold 
to extreme heat stress.

PET Physiological Stress Tmrt

0 4 Extreme cold stress − 20 − 13
4 8 Strong cold stress − 13 − 6
8 13 Moderate cold stress − 6 2
13 18 Slight cold stress 2 11
18 23 No thermal stress 11 20
23 29 Slight heat stress 20 30
29 35 Moderate heat stress 30 41
35 41 Strong heat stress 41 51
41 46 Extreme heat stress 51 60
> 46 Beyond extreme heat stress > 60
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modeling, Ta and RH remain unmodeled. This study uses an earlier 
version of UMEP, which does not incorporate the spatial variation of 
wind speed in PET calculations. Consequently, all variables, except Tmrt, 
are treated as spatially homogeneous across the domain and are set to 
the hourly values provided by the input meteorological data.

Nevertheless, while addressing this limitation will be a focus of 
future, more detailed studies, it is essential to emphasize that, under the 
low wind speed conditions typical of our case study, the correlation 
between Tmrt and PET remains reliable. On August 14th, the wind speeds 
at 1.5 m ranged from 0.12 to 1.98 m/s. Given these conditions, we can 
reasonably state that the spatial variation in Tmrt predominantly in
fluences OTC variations across the neighborhood.

Table 5 summarizes the Tmrt and the corresponding PET values, 
categorized according to the physiological stress levels outlined by 
(Matzarakis et al., 1999; Nouri et al., 2022). The Tmrt thresholds pro
vided in the table are utilized to identify varying heat stress levels and 
illustrate its spatial distribution across the district.

We modeled Tmrt for the whole district and analyzed histograms of 
hourly Tmrt and corresponding heat stress levels on the hottest day, 
focusing exclusively on outdoor space between buildings. Based on these 
results, the critical heat stress period was identified between 09:00 and 
20:00 LT, when Tmrt values exceeded the threshold of 30 ◦C in many 
locations, thus falling into the moderate heat stress category (see 
Fig. A.10, Annex 4).

4.5. Urban geometry and tree canopy: impacts on heat stress

After modeling Tmrt at the district level, we analyzed the influence of 
tree canopy and urban geometry on heat stress. The six points, as shown 
in Fig. A.8 (Annex 4), were examined over 24 h on August 14, 2022. 
Points located in street canyons (POI 1 to 4) have similar SVF but differ 
in orientation and tree canopy coverage. The two plazas vary signifi
cantly in SVF, primarily due to differences in tree canopy density. 
Diurnal variations in Tmrt and PET are illustrated in Fig. 9.

At all points, PET values are consistently lower than Tmrt, as PET 

accounts for convective heat exchange in human thermal balance. 
However, both Tmrt and PET display similar daily trends, supporting the 
use of Tmrt as a reliable proxy for OTC assessments. Notably, areas under 
tree cover show minimal differences between Tmrt and PET. During 
nighttime, PET can marginally exceed Tmrt, due to higher air tempera
ture values than surface temperatures. Conversely, during daytime, Tmrt 
is highly influenced by solar radiation and can reach very high values. In 
these conditions, the thermal sensation (PET) is generally lower than 
Tmrt due to the beneficial effect of convective heat exchange and lower 
air temperatures compared to Tmrt.

The findings underscore the vital role of trees in reducing Tmrt and 
PET levels throughout the day and in all locations, regardless of open
ness to the sky and orientation. In Joanic, heat stress is classified as 
strong to extreme from 9:00 to 16:00, while Rovira remains below the 
strong heat stress threshold (PET = 35 ◦C) all day. Maximum PET rea
ches 48.2 ◦C in Joanic but only 35.5 ◦C in Rovira. Similarly, Tmrt peaks at 
63.9 ◦C in Joanic compared to just 36.6 ◦C in Rovira, with Revolució 
showing a comparable trend (PET of 46.5 ◦C and Tmrt of 60.7 ◦C).

In the NW-SE urban canyon with trees (POI 4), heat stress remains 
moderate (maximum PET is 35.3 ◦C). In contrast, in the same orientation 
without trees (POI 3), it escalates to strong, extreme, and beyond 
extreme levels by 14:00, reaching a PET of 47.6 ◦C. In the NE-SW canyon 
without trees (POI 1), building shadows reduce heat stress in the 
morning between 9:00 and 11:00, but it peaks at 48.4 ◦C by 14:00, the 
highest of all points, with extreme heat stress from 13:00 to 15:00.

These results highlight the dynamic effect of urban geometry on the 
street-level thermal environment depending on time and orientation. In 
this case, a narrow canyon geometry significantly reduces heat stress in 
the morning, but has a negligible impact in the afternoon. However, 
trees in the same orientation (POI 2) lower the maximum PET to 44.2 ◦C, 
underscoring their effectiveness in mitigating heat stress during peak 
solar hours, in narrow street canyons, too. Given that these results are 
from August 14th, trees would likely have an even greater effect closer 
to the summer solstice when solar elevation is highest.

Using district-scale hourly Tmrt, we generated pixel-based spatial 

Fig. 9. Hourly variations in Tmrt and PET across different urban geometries on August 14, 2022. The six points of interest include four street canyons (POI 1 to 4) and 
two plazas, i.e., Joanic and Rovira. The graphical representation of sky, trees, and building view factors at each point is reported on the top-left side of each graph.
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average maps of Tmrt by calculating the mean Tmrt for each pixel over 
three-hour intervals: 10:00–12:00, 13:00–15:00, and 16:00–18:00. This 
involved averaging multiple rasters for each time period, resulting in a 
spatially resolved representation of heat stress across the district for 
each three-hour stack (refer to Fig. A.11 in Annex 5).

The resulting maps show the time-dependent effect that urban ge
ometry and orientation have on the street-level thermal environment. In 
the morning, the NW-SE canyons experience worse conditions than the 
NE-SW ones despite similar SVF values. More specifically, the NW-SE 
canyons experience strong to extreme levels of heat stress, whereas 
the NE-SW canyons remain within the moderate threshold. The situation 
is reversed in the afternoon: the NW-SE canyons experience moderate 
heat stress, while the NE-SW canyons experience strong and extreme 
levels. During the hottest hours of the day, from 13:00 to 15:00, the 
effect of urban geometry is negligible due to the high solar elevation, 
with both orientations showing extreme and beyond-extreme heat stress 
levels.

However, on streets with trees, Tmrt remains within moderate levels. 
During peak heat hours, the effects of tree canopy and urban orientation 
become even more pronounced when analyzing the entire canyon and 

plazas (Fig. 10).
The tree canopy significantly reduces heat stress in the plazas during 

the early afternoon. Median Tmrt values (dash-dot lines in the histo
grams) highlight the cooling effect of trees, dropping from 60 ◦C in 
Joanic (and similar values in Revolució) to 35 ◦C in Rovira Plaza.

When comparing similarly oriented canyons with different tree 
canopy coverage (POI 1 vs. POI 2 and POI 3 vs. POI 4), trees are shown to 
substantially lower peak Tmrt values between 13:00 and 16:00. The 
reduction in median Tmrt ranges from − 22 ◦C in the NE-SW oriented 
canyon (POI 2) to − 6 ◦C in the NW-SE oriented canyon (POI 4).

Orientation also plays a significant role when comparing the NE-SW 
canyon (POI 1) with the NW-SE canyon (POI 3). At peak heat hours, the 
NE-SW canyon shows a much higher median Tmrt of around 63 ◦C 
compared to the NW-SE canyon’s 43 ◦C, a difference of about − 20 ◦C. 
Notably, the NW-SE canyon (POI 3) shows lower Tmrt than Joanic Plaza, 
which reaches 60 ◦C, caused by a high SVF. Similarly, POI 2 (NE-SW 
orientation) experiences greater heat than POI 4 (NW-SE orientation), 
with median Tmrt of 38 ◦C and 35 ◦C, respectively. This underscores the 
combined impact of vegetation and urban geometry on microclimate 
regulation.

Fig. 10. Histograms showing the distribution of Tmrt values in Joanic and Rovira plazas, as well as in the four urban canyons (POIs 1 to 4), for the peak heat hours 
interval, between 13:00 and 15:00. The dotted lines indicate the median Tmrt. The bottom of the figure includes a graphical representation of the sky, trees, and 
building’s view factors.
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Ultimately, while tree canopy consistently alleviates heat stress 
throughout the day, canyon orientation plays a role in reducing heat 
stress at specific times. Combining both strategies enhances heat miti
gation, and understanding orientation benefits can guide more effective 
climate-proof design.

4.6. District-scale heat-scapes: mapping cumulative heat stress

Cumulative Heat Stress, as defined in this study, captures the dura
tion and intensity of heat exposure over an entire day. By mapping 
hourly Tmrt variations and aggregating hazard levels, this approach re
flects the prolonged impact of urban microclimates, helping urban 
planners identify persistent heat-prone areas for targeted interventions.

Using Tmrt simulations for August 14th, 2022, we developed a 
replicable district-scale cumulative heat stress map based on 24-hour 
modeling with an anisotropic sky model and 10 % tree canopy solar 
transmissivity. The map captures microscale spatial patterns of heat 
stress between 09:00 and 20:00 LT, highlighting the number of hours 
Tmrt exceeds the 51 ◦C extreme heat stress threshold (PET-based; see 
Table 5). Fig. 11 displays the map with a blue-to-red color scale, where 
dark red indicates the most affected areas, and includes zoomed-in 
sections (a, b, c) with corresponding pixel-based median Tmrt values.

The map clearly outlines cool- and hot-spot areas across the Gracia 
district, aiding in identifying hazardous outdoor spaces. In the most 
extreme cases (dark red areas), heat stress levels exceeded 51 ◦C for up 
to 8 h during the day, while in the least affected areas (dark blue), 
temperatures remained below this threshold. The map reveals that ’cool’ 
spots are predominantly located under tree canopies, whether in plazas 
or urban canyons, with zero hours exceeding the extreme threshold. The 
dense street network in Gracia, featuring narrow canyons that provide 
significant shading, also helps reduce heat stress duration to approxi
mately 3 to 4 h, compared to open spaces or streets with high SVF and 
minimal vegetation, which endure up to 7 or 8 h of extreme heat stress.

In Fig. 11, zoom-in (a) highlights outdoor spaces with prolonged 
extreme heat exposure, shown in dark red, due to limited shading and 
high SVF. Zoom-in (b) depicts areas with more varied heat stress levels, 
likely reflecting the presence of tree cover and improved shading. Zoom- 
in (c) shows generally moderate heat stress, where narrow street can
yons provide partial shading, though less effectively than tree canopies.

The spatial distribution of heat stress in Gracia is highly uneven. 
Overlaying heat frequency data onto the urban fabric reveals a distinct 
’heat-scape,’ identifying zones more vulnerable to extreme tempera
tures. This analysis underscores how urban geometry, orientation, and 
vegetation shape local heat patterns, reinforcing the role of design in 
mitigating heat stress.

The cumulative heat stress map developed in this study offers a 
replicable and operational tool for assessing and addressing urban heat 
risks, providing actionable insights for climate-resilient design. Unlike 
previous studies (Aghamolaei et al., 2020; Nazarian et al., 2019), which 
often rely on small-scale idealized simulations or overlook the role of 
tree canopies in outdoor thermal comfort, this approach captures the 
fine-grained spatial variability of heat stress across a real urban district.

5. Discussion

5.1. Heat stress map as a tool for climate-responsive planning and design

This study demonstrates the value of high-resolution microclimate 
simulations for capturing the complex climate dynamics of urban envi
ronments. The findings emphasize the need for district-scale analysis to 
inform climate-responsive planning, moving beyond the localized focus 
of single-canyon studies. By mapping cumulative heat stress across an 
entire neighborhood, the results reveal how vegetation, urban form, 
open spaces, and grid orientation shape thermal conditions. This high
lights the necessity for context-specific strategies that respond to 
neighborhood-scale microclimate variability, advancing from generic 

Fig. 11. Cumulative heat stress map for August 14th, 2022, based on Tmrt modeling. The blue-to-red color scale indicates Tmrt exceeding 51 ◦C. Zoomed-in sections (a, 
b, and c) provide detailed views and median Tmrt values from 09:00 to 20:00 LT.
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guidelines toward targeted, climate-resilient urban design.
The SOLWEIG model proved effective for analyzing the spatial and 

temporal variability of Tmrt across an entire district, with a resolution 
sufficient to inform climate-adaptive urban design. The resulting cu
mulative heat stress map offers a foundation for evidence-based plan
ning and regulatory frameworks, emphasizing urban geometry and the 
strategic placement of green infrastructure. Urban trees, in particular, 
emerged as critical assets for mitigating peak radiant temperatures, even 
in narrow streets, reinforcing their essential role in building heat- 
resilient cities.

Prior research (Chang & Li, 2014; A. Chen et al., 2014; de Quadros & 
Mizgier, 2023; Lee et al., 2020) reinforces the role of urban trees in 
mitigating heat stress through shading and evapotranspiration. These 
studies also emphasize that the effectiveness of cooling depends on 
canopy density, species selection, and spatial arrangement—critical 
considerations for designing impactful urban greening strategies.

While some studies (Correa et al., 2012; Gao et al., 2024) have raised 
concerns about trees potentially reducing convective cooling and 
contributing to nighttime warming, our findings show that their daytime 
cooling benefits far outweigh these effects. Also, trees provide sub
stantially greater cooling than grass or other permeable surfaces.

During the hottest hours, a comparison between Joanic and Revo
lució showed that the different paving materials had little effect on the 
measured Tg despite their noticeable impact on ground surface tem
perature. Conversely, the effect of trees is evident in Rovira, with Tg 12,8 
◦C lower than Joanic and 11,6 ◦C lower than Revolució.

The results also emphasize the need to consider the temporal vari
ability of shade provision as a strategy to reduce heat stress. The spatial 
distribution of Tmrt and heat stress changes markedly throughout the 
day. In compact urban environments like Gràcia, urban geometry can 
effectively mitigate pedestrian heat stress during the morning (until 
12:00 LT) and again in the late afternoon (after 16:00 LT). On the other 
hand, in the time window from 13:00 to 15:00, urban geometry has a 
negligible impact due to high solar elevations. At the same time, tree 
shade significantly reduces heat stress from beyond extreme to moderate 
levels, highlighting the importance of strategic tree planting during this 
critical timeframe.

5.2. The SOLWEIG model: insights from urban microclimate simulations

The study first aims to optimize microclimate simulations using the 
UMEP-SOLWEIG model, guided by an on-site campaign. However, the 
findings are specific to Mediterranean climates, with the Gracia district 
of Barcelona— a compact urban neighborhood— serving as the test 
area. It is important to note that the comparison results should not be 
considered as validation of the SOLWEIG model. A larger dataset and 
extended measurement period, along with improved Tmrt measurement 
methods (e.g., radiometers), would be necessary, as the Tg-based 
calculation is less accurate in outdoor, sunny conditions (Banfi et al., 
2022; Johansson et al., 2014). Nevertheless, comparing measured and 
simulated data helped shed light on the factors influencing outdoor 
thermal comfort and refine key parameters.

The deviations between SOLWEIG simulations and measurement- 
based Tmrt differ for sunny and shaded locations. For sunny areas, the 
primary cause of deviation is the uncertainty in input radiation data, 
sourced from an urban weather station located 2.5 km from Gracia. The 
data, averaged over 30-minute intervals, may not match the actual solar 
irradiation during the measurement period, potentially leading to Tmrt 
overestimation. However, the overestimation (ranging from +6.6 ◦C to 
+8.7 ◦C for Joanic and Rovira) falls within the accepted Tmrt error range 
of ±5 ◦C, which corresponds to a perceived thermal sensation range of 
±2 ◦C (Banfi et al., 2022). These differences are consistent with those 
found in other SOLWEIG validation studies (Briegel et al., 2023).

In shaded areas, the SOLWEIG model is highly sensitive to variations 
in tree solar transmissivity and the sky model. The anisotropic sky 
model, which accounts for changes in diffuse shortwave and longwave 

radiation based on zenith angle, proves more accurate. It notably re
duces incoming shortwave radiation by up to 45 W/m² at noon 
compared to the isotropic model and slightly decreases longwave radi
ation by 1–4 %, depending on tree canopy transmissivity. While the 
anisotropic model has minimal effect on areas with direct solar exposure 
(<0.5 ◦C), it lowers Tmrt by 4.5 to 5 ◦C in shaded areas, both during the 
day and at night, which is consistent with the 3 ◦C reduction observed in 
Gothenburg (Wallenberg et al., 2023).

In shaded areas, tree solar transmissivity significantly influences Tmrt 
estimation, with variations up to ±5 ◦C. For our case studies, the best 
alignment with real-world data was achieved using the anisotropic sky 
model and a tree solar transmissivity of 10 %. Given the model’s 
sensitivity to these parameters, adjustments based on local conditions 
and observational data are essential for accurate Tmrt simulations. 
Additionally, simulation duration impacts Tmrt estimates, as shorter 
periods may not capture full shadow effects and surface temperature 
variations (Lindberg et al., 2008). To improve accuracy, a buffer period 
of at least three hours before and after the target time is recommended.

5.3. Limitations for large-scale application

Upscaling high-resolution urban microclimate models involves 
navigating complex computational challenges. In SOLWEIG the simu
lation process starts with calculating the SVF, which is crucial for ac
curate Tmrt modeling. Using the UMEP tool, we optimized this by 
selecting a method with 153 shadow images, which proved more effi
cient than the traditional 655-image approach. However, computational 
demand increases exponentially with larger spatial extents or higher 
resolution.

To evaluate computational efficiency, we analyzed SVF calculations 
for square areas with side lengths of 250 m, 500 m, 1000 m, 2000 m, and 
4000 m. We also examined the impact of different resolutions, testing 
pixel sizes ranging from 1 m to 3 m for the largest area (4000 m). This 
evaluation highlights the trade-offs between computational efficiency 
and resolution accuracy.1 Simulation times vary notably for the 4000 m 
square area: from 31.44 h at a 1 m resolution to just 1.02 h at a 3 m 
resolution.

Similarly, Tmrt simulations, which account for both isotropic and 
anisotropic sky conditions, show that while anisotropic simulations are 
more efficient in outcomes, they are computationally intensive. For the 
4000 m extent, Tmrt simulation times range from 10.21 h at a 1 m res
olution to 0.87 h at a 3 m resolution. While the Tmrt computation may 
require less time, it is essential to consider that the SVF is a prerequisite 
for Tmrt simulations. Fig. 12 highlights how spatial resolution and extent 
dramatically affect computation time.

According to our results, a 1-meter spatial resolution simulation of 
SVF and Tmrt for the whole city of Barcelona (approximately 101.4 km²) 
would take an estimated 374.14 h (15.59 days) for SVF and 94.85 h 
(3.95 days) for Tmrt. This underscores the substantial computational 
effort and resource intensity required for city-wide urban microclimate 
simulations.

Currently, UMEP stands out as one of the most effective tools for 
scaling up district-wide microclimate modeling, offering a distinct 
advantage over other schemes focused on building-scale outdoor simu
lations. However, while promising approaches are explored, such as the 
use of graphics processing unit (GPU) parallel computing to accelerate 
simulations time (Li & Wang, 2021), it remains crucial to address these 
challenges and continue refining methodologies to enhance efficiency 
and feasibility for large-scale city simulations.

1 The simulations were conducted on a machine equipped with a 12th Gen 
Intel(R) Core (TM) i9-12900H processor, operating at 2500 MHz with 14 cores 
and 20 logical processors. The machine also boasts 64 GB of RAM and a GPU 
with Intel(R) Iris (R) Xe Graphics 31.8 GB.
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5.4. Study constraints and future directions

While this research offers valuable insights into the microclimatic 
effects of urban form and tree canopy, some limitations need to be 
acknowledged. First, the simulations rely on specific meteorological 
data from a representative weather station, which may not fully capture 
localized weather variations across the entire district. The lack of 
spatially heterogeneous data for air temperature, wind speed, and 
relative humidity limits the precision of PET estimations. For instance, 
the measured air temperature was about 32,1 ◦C in Joanic, 30 ◦C in 
Rovira and 33,1 ◦C in Revolució.

Future research should focus on integrating wind, air temperature, 
and humidity models into Tmrt and PET simulations. This would allow 

for more nuanced thermal comfort assessments that capture the full 
range of environmental variables influencing heat stress. Expanding the 
geographic scope of the simulations to cover larger urban areas or entire 
cities would also provide more comprehensive insights into the distri
bution of heat stress across different urban fabrics.

Additionally, the use of spatially homogeneous vegetation data may 
not accurately reflect variations in tree canopy density and solar trans
missivity. Future studies could incorporate more detailed vegetation 
models to account for differences in canopy structure. Similarly, using 
constant albedo and emissivity values for building façades may over
simplify the thermal dynamics of urban surfaces.

Another limitation is the short-term nature of the campaign, which 
focused on only two days, three specific locations, and limited hours. 

Fig. 12. Impact of different spatial resolutions and extents on simulation time for SVF (*Method with 153 shadow images instead of 655), and Tmrt. The top two 
images demonstrate the rise in simulation times as the study area grows from 250 m to 4000 m. The bottom two images highlight the impact of decreasing spatial 
resolution for a fixed area of 4000 m per side.
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While these conditions were selected to target key microclimatic sce
narios, the restricted timeframe and scope limit the ability to capture the 
full range of variations in the study area. Expanding both the number of 
measurement points and the duration of the campaign would improve 
the accuracy of microclimate model simulations and provide more 
comprehensive validation.

Finally, as computational tools evolve, future studies could explore 
using advanced machine learning algorithms to enhance the efficiency 
of VHR microclimate simulations, reducing computation time while 
maintaining accuracy.

6. Conclusions

This study underscores the critical role of microclimate modeling in 
mitigating urban heat stress amid global warming, focusing on the 
development of a methodology for cumulative heat stress maps using 
high-resolution district-scale simulations in a Mediterranean climate. By 
mapping the spatiotemporal distribution of heat stress, we offer a 
replicable approach for identifying heat-prone areas and informing 
climate-responsive interventions.

The findings demonstrate that urban geometry, street network 
orientation, and tree canopy cover play pivotal roles in shaping both the 
intensity and duration of cumulative heat stress. Areas with high SVF 
and minimal vegetation experience prolonged periods of extreme heat 
stress, often exceeding thresholds of 51 ◦C for several hours. In contrast, 
tree canopies can lower Tmrt by >20 ◦C during peak heat hours. The 
study also highlights that NW-SE oriented urban canyons are less 
exposed to heat stress compared to NE-SW orientations, especially when 
tree cover is present, underscoring the importance of urban morphology 
and urban green in outdoor thermal comfort. Heat stress frequency maps 
further show that plazas with dense tree cover maintain moderate 
thermal stress, whereas open spaces without shade are subjected to 
extreme conditions.

Plazas and street grids are crucial elements in urban neighborhoods, 
directly influencing thermal comfort and the well-being of residents. The 
study illustrates that these spaces, particularly in Gracia, are key de
terminants of thermal conditions, and their characteristics can be 
improved with the addition of urban vegetation, especially trees.

Integrating cumulative heat stress maps into urban planning and 
design can guide the development of climate-sensitive strategies, 
enhancing outdoor thermal comfort and reducing heat exposure in 
public spaces. Our method provides a practical tool for evaluating heat 
mitigation strategies at the district level, supporting data-driven deci
sion-making for urban resilience guiding urban regulations and climate- 
proof plans.

For example, the findings can be relevant to Barcelona’s Climate 
Shelter Program, which aims to transform public spaces into climate- 
resilient areas with increased vegetation and shading. By offering 
detailed insights into the spatial and temporal distribution of heat stress, 
the study enables policymakers to prioritize interventions where they 
are most needed, ensuring effective cooling solutions for vulnerable 
populations. Specific areas, such as schoolyards, playgrounds, and 
public squares, can be targeted for tailored climate-responsive measures, 
with schools benefiting from morning shading and leisure spaces 
requiring enhanced afternoon cooling strategies.
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