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Highlights

What are the main findings?

¢ ENVI-met reproduces air temperature and relative humidity with good accuracy in a
dense tropical neighbourhood (RMSE = 1.2 °C and 5%), but larger uncertainties remain
for wind speed and mean radiant temperature.

¢ A multi-point validation using eleven monitoring stations reveals strong spatial vari-
ability in model performance, while error-propagation analysis shows that 62% of UTCI
uncertainty is explained by combined microclimate simulation errors, with radiative
conditions as the dominant contributor.

What are the implications of the main findings?

* Reliable outdoor thermal comfort assessment in tropical cities requires spatially dis-
tributed validation, as model accuracy varies substantially across local urban morpholo-
gies and exposure conditions.

¢ Improving wind boundary conditions is a practical pathway to enhance ENVI-met
reliability: a simple roughness-based correction reduced wind speed RMSE by more than
60%, whereas spin-up duration had negligible influence under full-forcing conditions.

Abstract

Dense tropical cities face increasing outdoor heat stress and require reliable microclimate
modelling tools to support climate-responsive urban planning. However, the performance
of these models remains insufficiently documented under tropical conditions. The objective
of this study is to experimentally validate the performance of ENVI-met for outdoor thermal
comfort assessment in a dense tropical neighbourhood on Reunion Island. Validation was
performed using a network of 11 low-cost weather stations distributed across the study
area, providing observations of air temperature, relative humidity, wind speed and globe
temperature, from which mean radiant temperature (MRT) and the Universal Thermal
Climate Index (UTCI) were derived. Model performance was evaluated through multipoint
validation, error-propagation analysis and sensitivity experiments. Results show that ENVI-
met reproduces air temperature and relative humidity with good accuracy (RMSE of 1.2 °C
and 5%), while larger uncertainties are observed for wind speed (up to 4 ms~!) and MRT
(up to 8 °C), with strong spatial variability. Error-propagation analysis indicates that 62%
of the UTCI error variance is explained by combined microclimate simulation errors, with
radiative conditions emerging as the dominant contributor. Sensitivity analyses identify
boundary wind forcing as the main source of modelling uncertainty. Overall, the proposed
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validation framework provides practical guidance for improving ENVI-met applications in
tropical urban environments and supports more robust climate-responsive urban design.

Keywords: outdoor thermal comfort; urban climate; urban heat island; microclimate;
ENVI-met; tropical climate

1. Introduction

Urban areas are increasingly exposed to thermal stress due to global warming and
rapid urbanization [1], particularly in tropical regions where high temperatures combine
with elevated humidity levels [2,3]. These conditions significantly affect outdoor ther-
mal comfort around buildings, with implications for pedestrian wellbeing [4,5], natural
ventilation, and the environmental performance of the built environment [6]. As a result, re-
liable tools for simulating microclimatic conditions in building surroundings have become
essential for climate-responsive building and urban design.

Numerical microclimate models are widely used to evaluate environmental conditions
in outdoor spaces adjacent to buildings [7,8], including courtyards, streets, and semi-open
environments [9]. A wide range of modelling approaches is currently available, including
mesoscale atmospheric models (e.g., WRF [10]), large-eddy simulation (LES) models such as
PALM [11], general-purpose CFD tools [12,13], and dedicated microclimate models [14,15].
These approaches differ substantially in their spatial scale, computational requirements,
represented physical processes, and intended applications [7,16,17]. Among these tools,
ENVI-met has become the most widely used neighbourhood-scale microclimate model in
urban climate research [18]. Recent reviews consistently identify ENVI-met as the reference
tool for evaluating outdoor thermal comfort and testing urban climate adaptation strategies
because it explicitly couples airflow, radiation exchange, vegetation, soil processes, and
surface-atmosphere interactions within a three-dimensional modelling framework while
remaining computationally affordable for neighbourhood- scale applications [7,16,19,20].
Its ability to directly predict variables required for thermal comfort assessment, including
mean radiant temperature (MRT), Physiological Equivalent Temperature (PET) [21] and
Universal Thermal Climate Index (UTCI) [22] has led to its widespread adoption in urban
and building environmental studies.

Despite these advantages and its widespread adoption in urban climate research, the
predictive performance of ENVI-met remains strongly dependent on model configura-
tion, meteorological forcing, and local environmental conditions. Consequently, rigorous
experimental validation remains essential before the model can be confidently applied
to support climate-responsive urban design, particularly in tropical environments where
complex radiative and airflow processes may amplify simulation uncertainties. This study
addresses 3 research gaps. First, despite its widespread use in building and urban envi-
ronmental studies, the reliability of ENVI-met simulations remains strongly dependent on
model configuration, meteorological inputs, and local environmental conditions [19,23].
Previous validation studies have generally reported good agreement between simulated
and measured air temperature and relative humidity [24], while larger discrepancies are
often observed for wind speed [9], mean radiant temperature (MRT) [25,26], and derived
thermal comfort indices. These uncertainties are especially critical because radiation and
airflow are key drivers of outdoor thermal comfort around buildings. Another limitation
concerns the propagation of microclimate simulation uncertainties into outdoor thermal
comfort indicators. While previous studies often report errors for individual variables, few
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investigations have quantified how uncertainties in air temperature, radiation, and airflow
combine to influence thermal comfort indices such as UTCI.

Second, although ENVI-met has been applied in many climatic contexts, rigorous
experimental validation studies remain relatively limited, particularly in hot and humid
tropical environments, which represent less than 8% of studied cases [27]. Tropical climates
present additional challenges for microclimate modelling due to strong solar radiation
and high humidity levels. Improving the understanding of these uncertainties is essential
for ensuring the reliable use of simulation tools in climate-responsive building design.
These conditions can amplify uncertainties in both wind and radiation fields, particularly
in the context of small tropical islands where coastal effects play a major role in local
airflow dynamics.

Third and even more importantly, most existing validation studies rely on a small
number of measurement locations [28,29] and short simulation periods, often restricted to
daytime conditions [30,31]. As a result, the spatial variability of model performance within
built environments remains poorly documented. In particular, validation approaches based
on one or two monitoring points provide limited information about the spatial consistency
of microclimate simulations within urban neighbourhoods. Yet outdoor thermal conditions
around buildings are strongly influenced by local morphology, shading conditions, and air-
flow patterns, which may produce substantial variations in model accuracy at short spatial
scales. Consequently, there is currently a lack of studies analysing the spatial distribution
of simulation errors within a neighbourhood and identifying the urban configurations for
which ENVI-met simulations are most reliable.

The present study addresses these research gaps through a detailed validation of
ENVI-met simulations conducted in a dense residential neighbourhood on Reunion Island.
Field measurements from eleven low-cost weather stations are used to evaluate model
performance across multiple environmental variables, including air temperature, relative
humidity, wind speed, MRT, and the UTCI.

Compared with previous ENVI-met validation studies, this work provides three main
scientific contributions. First, it proposes a spatially distributed validation framework based
on eleven monitoring stations, allowing the spatial variability of model performance within
a single urban neighbourhood to be quantified. Second, it combines model validation with
an error-propagation analysis to determine how uncertainties in simulated microclimatic
variables propagate into UTCI predictions and to identify the dominant sources of thermal
comfort uncertainty. Third, it systematically evaluates the influence of key modelling
assumptions, including wind boundary conditions, urban roughness representation, and
model initialization, through dedicated sensitivity analyses. Together, these contributions
provide a more comprehensive assessment of ENVI-met performance than conventional
single-point validation studies and offer practical recommendations for its application in
dense tropical urban environments.

2. Materials and Methods

2.1. Experimental Campaign and Monitoring Network
2.1.1. Study Area

The experimental campaign was conducted on Reunion Island, a tropical island located
in the southwest Indian Ocean (Figure 1). The study site is the Le Ruisseau residential
district in Saint-Denis, characterized by a dense urban morphology composed of multi-
storey residential buildings, impervious surfaces, and limited vegetation. The area is
representative of compact coastal tropical urban environments where outdoor thermal
comfort in building surroundings is strongly influenced by solar exposure, airflow, and
surface materials.
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According to the Koppen climate classification, Reunion Island falls within a tropical
savanna climate (Aw), characterized by high solar radiation, elevated humidity levels, and
moderate to strong trade winds [32]. These climatic conditions create complex microclimatic
interactions around buildings and make the site particularly relevant for evaluating the
reliability of microclimate simulation tools in tropical coastal environments.

The district covers approximately 0.12 km? and includes residential buildings up to
nine stories high, with impervious surfaces representing roughly 60% of the land cover
and tree canopy coverage below 5%. The area corresponds to a compact high-rise urban
morphology (LCZ 1), characterized by dense building blocks, narrow street canyons, high
imperviousness, and limited vegetation [33]. This urban form is typical of many post-1970s
collective residential developments found throughout Reunion Island [34,35] and is also
representative of compact residential districts commonly encountered in many tropical
coastal cities [36-38], where high urban density and limited available land promote vertical
development and reduced vegetation cover.
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Figure 1. Multi—scale representation of the study area. Left: geographical location of Reunion Island
in the southwest Indian Ocean and position of the study site. Right: high-resolution view of the Le
Ruisseau district, including the ENVI-met simulation domain (dashed line), building footprints (red),
and the spatial distribution of the eleven monitoring stations (blue points).

2.1.2. Monitoring Network

To capture the spatial variability of microclimatic conditions around buildings, a
dense monitoring network composed of eleven low-cost weather stations was deployed
throughout the neighbourhood. The monitoring strategy was designed to characterize
local outdoor micro-environments in close proximity to residential buildings rather than
idealized canyon-center conditions.

Stations were installed on residential building fagades at approximately 3 m above
ground level. This installation strategy was primarily driven by operational constraints com-
monly encountered in dense urban environments, including vandalism risk, accessibility,
maintenance requirements, electrical autonomy, and long-term deployment stability [36,39].

Although this configuration does not strictly correspond to standard pedestrian-level
biometeorological measurements performed at 1.1-1.5 m height in open canyon conditions,
the sensors remained located within the urban canopy layer and therefore captured mi-
croclimatic conditions representative of near-building outdoor spaces frequently occupied

https://doi.org/10.3390/cli14070151


https://doi.org/10.3390/cli14070151

Climate 2026, 14, 151

5o0f 34

by pedestrians. Measurements should thus be interpreted as representative of localized
residential outdoor micro-environments rather than undisturbed canyon-scale atmospheric
conditions. Because the objective of the present study is to validate ENVI-met against
field observations, simulated variables were extracted at the closest available model height
(approximately 3 m above ground) for direct comparison with the monitoring data. The
validation therefore evaluates the model’s ability to reproduce near-building outdoor mi-
croclimatic conditions representative of residential environments rather than standard
pedestrian-level reference conditions [36].

To limit direct conductive and radiative influence from building surfaces, sensors were
positioned approximately 40-60 cm away from the facade using dedicated mounting poles.
Sensor orientation and placement were additionally optimized to avoid permanent direct
solar obstruction from balconies or architectural overhangs while ensuring sufficient solar
exposure for photovoltaic power supply. South-facing facades were avoided whenever
possible to ensure adequate battery charging stability during long-term deployment. The
anemometers were mounted on the same supporting poles, approximately 40-60 cm from
the fagcade. Although this configuration reduces the direct influence of the wall on the
measurements, the presence of the supporting pole and the proximity of the building may
still locally modify the airflow through small-scale acceleration and turbulence effects.
These installation-induced disturbances are therefore considered as an additional source of
uncertainty in the wind speed measurements.

Each station recorded air temperature, relative humidity, globe temperature, and wind
speed. Globe temperature measurements were used to estimate mean radiant temperature
(MRT) following ISO 7726 procedures [40], while UTCI values were subsequently calculated
from the measured and derived microclimatic variables. MRT and UTCI should therefore
be interpreted as derived thermal indicators rather than direct in-situ measurements.

The sensors used in the monitoring stations were previously calibrated and validated
following the laboratory and field protocols presented in [41], ensuring methodological con-
tinuity with previous deployments in tropical urban environments. Calibration procedures
included climatic chamber tests for air temperature and relative humidity sensors, wind
tunnel calibration for anemometers, and intercomparison with reference instruments. The
resulting measurement uncertainties are summarized in Table 1 and remain comparable to
ISO 7726 requirements for outdoor thermal environment monitoring.

Table 1. Table of uncertainties for the sensors used in the experimental campaign.

Parameter Sensor Accuracy
Temperature SHT31 0.2°C
Relative Humidity SHT31 2% RH
Globe temperature DS18B20 0.75°C
Wind speed JLFS-2 0.5m/s

The stations were spatially distributed to capture a range of microclimatic situations
associated with contrasting facade orientations, shading conditions, vegetation presence,
and local ventilation regimes (Figure 2). Rather than maximizing homogeneous spacing,
the deployment strategy aimed to document the diversity of microclimatic conditions
generated by the dense urban morphology of the district. Several stations were intentionally
installed in partially shaded or confined environments in order to characterize the strong
local variability of radiative and ventilation conditions typically observed within tropical
urban canopies.
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Figure 2. Location of monitoring stations within the study district and examples of their immedi-
ate urban surroundings. Photographs highlight differences in building configuration, vegetation
presence, and ventilation conditions used to define the four urban morphology classes presented in
Table Al.

2.1.3. Measurement Period and Data Processing

The monitoring campaign was conducted between October 2024 and February 2025,
covering different phases of the tropical climatic cycle, including the transition season
(October), the hot and humid season (December and February), and the onset of the
austral winter.

Environmental variables were recorded at 10-min intervals to ensure high temporal
resolution. To enable direct comparison with ENVI-met outputs, which are generated at
hourly time steps, observational data were filtered to retain only full-hour timestamps. No
additional temporal smoothing was applied. This approach ensured strict temporal consis-
tency between simulated and measured datasets while preserving the intrinsic variability
of the observed microclimatic conditions.

2.2. Envi-Met Model Configuration
2.2.1. Digital Model of the District

A three-dimensional numerical model of the Le Ruisseau district was developed using
ENVI-met (version 5.6). The neighbourhood geometry was reconstructed from geographic
data and field observations, and simplified to represent buildings, streets, open spaces, and
vegetation relevant to pedestrian-level microclimate interactions (Figure 3).

The computational domain covers approximately 304 m x 344 m (about 0.12 km?),
with a uniform horizontal grid resolution of 2 m x 2 m. This resolution was selected
as a compromise between geometric detail and computational feasibility for multi-day
simulations, while allowing explicit representation of building volumes and street canyons.

The vertical grid resolution was set to 3 m. To better resolve canopy-layer processes,
the lowest vertical cell was split into five thinner sublayers, improving representation of
near-ground airflow and surface—atmosphere exchanges. Above 40 m, a telescopic grid
stretching (stretching factor 0.2) was applied to progressively increase cell height while
preserving numerical stability. The domain height reached approximately 150 m.

Simulated variables were extracted from the ENVI-met grid cell corresponding to the
monitoring station location. Owing to the subdivision of the lowest vertical cell into five
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thinner sublayers, all variables were extracted from the fourth vertical sublayer (k = 4),
corresponding to a height of approximately 2.7 m above ground, which provides the
closest representation of the sensor installation height (approximately 3 m). Owing to the
2 m x 2 m horizontal grid resolution, the exact sensor offset (40-60 cm from the fagade)
could not be explicitly represented. Consequently, the comparison was performed using
the centre of the corresponding computational cell, which may not fully resolve the strong
airflow gradients occurring in the immediate vicinity of building facades.

R} Buildings
| 4 Natural soil

Il Asphalt soil
Vegetation

Figure 3. Three-dimensional ENVI-met model of the Le Ruisseau district (2 m horizontal resolution),
oriented to the North.

Buildings were assigned ENVI-met default wall constructions with moderate thermal
properties to ensure homogeneous material representation across the district. Sealed
surfaces (roads and pavements) were modelled using ENVI-met asphalt/concrete materials,
while permeable areas were represented using loamy soil. Vegetation elements were
implemented using ENVI-met plant models based on field surveys. This choice was made to
evaluate the performance of ENVI-met under a standard modelling configuration, thereby
avoiding site-specific calibration that could improve the agreement with the measurements.

Radiative exchanges were simulated using ENVI-met’s standard radiative scheme,
including the Index View Sphere (IVS) approach for MRT calculation [9,26]. This scheme
accounts for shading, surface reflection, longwave emission, vegetation effects, and multiple
radiative exchanges between urban elements [42]. However, the accuracy of reflected
shortwave radiation remains dependent on the spatial resolution of the model and on the
prescribed surface optical properties.

The main model parameters are summarized in Table 2.

Table 2. ENVI-met model configuration and simulation parameters.

Parameter Description
Location Ruisseau District, Saint Denis,
Reunion Island, France (—20.89029, 55.45787)
Model area 304 m x 344 m
Spatial resolution Grid size: 167 x 172 x 25

dx=dy=2m,dz=3m
Vertical telescoping factor: 0.2 above 40 m
Lowest vertical cell split into 5 thinner sub-cells

https:/ /doi.org/10.3390/cli14070151
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Table 2. Cont.

Parameter Description

Simulation period 2 October 2024 (7:00) to 5 October 2024 (6:00)
14 December 2024 (7:00) to 17 December 2024 (6:00)
7 February 2025 (7:00) to 10 February 2025 (6:00)
Full forcing Weather station data from Gillot Airport:
air temperature, relative humidity, nebulosity
(used to parameterize incoming radiation),
wind speed and direction
Sealed surfaces Asphalt/concrete
Natural surfaces Loamy soil

2.2.2. Meteorological Forcing and Boundary Conditions

Meteorological forcing data were obtained from the Météo-France weather station
located at Gillot Airport, approximately 5 km from the study area. The station provides
hourly measurements of air temperature, relative humidity, wind speed and direction,
and cloud cover. Cloud cover observations were used by ENVI-met to parameterize the
incoming shortwave radiation through its internal radiation model. Direct measurements
of incoming shortwave and longwave radiation were not available at the meteorological
station and therefore could not be prescribed as boundary conditions.

These variables were used in ENVI-met full-forcing mode to drive the simulations. In
this configuration, time-varying boundary conditions are imposed at the domain bound-
aries and top layer, allowing dynamic interaction between synoptic meteorological condi-
tions and neighbourhood-scale processes.

Although the reference station is located in an open coastal environment, it constitutes
the only available source of continuous meteorological data for the Saint-Denis area on
Reunion Island and is commonly used as regional forcing input. The recorded wind condi-
tions capture the dominant synoptic and coastal circulation patterns affecting the northern
coast of Reunion Island, including the trade-wind and sea-breeze regimes. However, the
transformation of these regional flows by the island topography and the urban roughness
between the airport and the study district cannot be represented through the available
boundary forcing data. Consequently, discrepancies may arise between the imposed bound-
ary conditions and the local airflow within the neighbourhood, particularly for wind speed.
The influence of these boundary conditions on model performance is evaluated through
sensitivity analyses presented in Section 2.5.

2.2.3. Simulation Periods and Initialization

Three simulation periods were analysed, corresponding to the October, December,
and February monitoring campaigns (Table 2). Each simulation covered a continuous
72-h period in order to capture both daytime and nighttime microclimatic dynamics.
Simulations were initialized in the morning at 7:00 and run continuously using ENVI-
met’s full-forcing configuration. Multi-day simulations were selected to allow thermal and
dynamical adjustment of the model before validation results were analysed.

To evaluate the influence of model initialization, additional sensitivity tests were
performed by varying the duration of the spin-up period. The baseline simulations pre-
sented in this study were therefore conducted without a dedicated spin-up period, allowing
the influence of model initialization to be assessed independently through the sensitivity
analysis presented in Section 2.5.

The Universal Thermal Climate Index (UTCI) was computed using the ENVI-met
BioMet module based on simulated environmental variables. The default BioMet human
parameters were used, corresponding to an adult male aged 35 years, 1.75 m tall and weigh-

https://doi.org/10.3390/cli14070151


https://doi.org/10.3390/cli14070151

Climate 2026, 14, 151

9 of 34

ing 75 kg, with a clothing insulation of 0.9 clo, a standing posture, and a metabolic rate of
1.48 met (164.5 W). All simulated variables were then extracted at grid cells correspond-
ing to the monitoring station locations using a dedicated automated Python-based post-
processing workflow developed for this study. The script enabled systematic extraction,
temporal alignment, and formatting of hourly simulation outputs for direct comparison
with observational data.

2.3. Validation Methodology

Model performance was assessed using commonly adopted statistical indicators in
urban climate model validation studies [19,43], including:

1. Root Mean Square Error (RMSE) quantifies the square root of the average squared
differences between simulated and observed values, giving more weight to large errors. A
lower RMSE indicates a better fit between model predictions and observations:

1 & . b
RMSE = \/ W L =X, 1)

where X5 is the simulated value and X¢% is the experimentally measured value.

2. Mean Absolute Error (MAE) provides the average of the absolute differences be-
tween simulated and observed values, offering a simple interpretation of average model er-
ror: .

1 .
MAE = = Y |x5m — x¢bs). )
n
i=1
3. Mean Bias Error (MBE) indicates the average bias of the model. A positive value
suggests overestimation, while a negative one indicates underestimation:
1y sim obs
MBE = — Yo (X — X970, 3)
i=1

4. Mean Absolute Percentage Error (MAPE) expresses the error as a percentage,

making it easier to compare across variables or units:

n
MAPE = 1%0 )

i=1

sim obs
Xi — Xz’

(4)
b
X9bs

5. Willmott’s Index of Agreement (d) [43] quantifies the accuracy of a model by
considering the absolute variation of the errors relative to the maximum possible deviation.
A value of d index close to 1 indicates a strong agreement. It is defined as follows:

no_(xsim _ xobs)2
d=1-— 1—1( i i ) , (5)

, ——\2
?:1 <|X1§1m _ Xabs| + |X;)bs _ Xobs|)

where X°Fs is the mean of the observed values.

6. Coefficient of Determination (R?) represents the proportion of variance in the
observed data that can be explained by the simulation. Higher values imply stronger
correlation:

; ‘ ——\2
) ( ;ﬂzl(Xl@zm _ stm)(x;)bs _ Xobs))
( ?:1 (Xflm _ Xslm)Z) (Z?:l (X:?bs _ Xobs)Z)

These metrics provide a comprehensive evaluation of ENVI-met performance across

multiple microclimatic variables and thermal comfort indicators.
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2.4. Error Propagation Analysis

To investigate how microclimate simulation errors propagate to thermal comfort
prediction, an error-propagation analysis was performed using the pooled hourly validation
dataset across all monitoring stations.

Instantaneous simulation errors were computed as the difference between simulated
and measured values for air temperature, relative humidity, wind speed, derived MRT,
and UTCL

Pearson correlation coefficients were first calculated to identify relationships between
errors in microclimatic variables and UTCI error. A multiple linear regression model
was then fitted using UTCI error as the dependent variable and errors in air temperature,
relative humidity, wind speed, and MRT as explanatory variables. The regression model
was estimated using ordinary least squares (OLS). To compare the relative importance
of predictors independently of their units, a standardized regression analysis was also
performed after z-score normalization of all variables.

Because the UTCI formulation is intrinsically non-linear, the multiple linear regression
should be interpreted as a first-order approximation of the local relationships between
microclimate simulation errors and UTCI errors over the range of meteorological conditions
observed during the field campaign. Its objective is to identify the relative influence of each
predictor rather than to reproduce the complete non-linear UTCI formulation.

2.5. Sensitivity Analysis Methodology

To better understand the sources of uncertainty in ENVI-met simulations, a sensi-
tivity analysis was conducted focusing on modelling assumptions known to influence
microclimate predictions in urban environments. The analysis specifically investigated
the influence of wind boundary conditions, urban roughness representation, and model
initialization (spin-up period).

A baseline simulation configuration was first defined using the meteorological forcing
data provided by the Météo-France weather station located near Gillot Airport, without
any preprocessing of the incoming wind speed. This baseline configuration reflects the
standard ENVI-met workflow when only regional meteorological observations are available.
Sensitivity tests were then performed to evaluate whether introducing urban roughness
corrections to the boundary forcing improves the model performance.

Three sensitivity experiments were conducted. (1) First, to evaluate the influence of
wind forcing at neighbourhood scale, two alternative approaches were tested in addition
to the baseline configuration: a nested modelling approach and an empirical correction of
wind speed based on urban roughness effects. (2) Spin-up period test.

2.5.1. Nested Modelling Approach

A parent ENVI-met model was developed at mesoscale in order to better rep-
resent the influence of surrounding urban morphology on airflow before simulating
the neighbourhood-scale domain. The parent model covers an area of approximately
1960 m x 2786 m with a horizontal grid resolution of 14 m x 14 m (Figure 4). The study
district was positioned near the centre of this domain to account for wind inflow from
multiple directions.

This configuration was chosen based on the wind rose recorded at the Gillot weather
station, which indicates dominant winds from the South-East but also contributions from
the South-West and North-East. Placing the district at the centre of the parent domain
allows the surrounding urban roughness to influence airflow development regardless of
wind direction.

https://doi.org/10.3390/cli14070151
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A 72-h simulation was performed on the parent domain using meteorological forcing
data from the Gillot weather station. At the end of this simulation, wind speed values were
extracted along the boundaries of the neighbourhood domain for each hourly timestep.

These extracted wind speeds were used to adjust the meteorological forcing file applied
to the neighbourhood-scale model. Wind directions were kept unchanged, while wind
speed values were modified according to the dominant wind direction at each timestep.
For example, when the dominant wind originated from the North, wind speed values were
averaged along the North boundary of the parent domain. For South-East wind conditions,
values from the South and East boundaries were averaged before being used as input for
the local simulation.

This procedure allows the influence of surrounding urban roughness on wind forcing
to be partially incorporated into the neighbourhood-scale simulation.

Wind Rose
N

Figure 4. 3D Model of macro model the Le Ruisseau district created in ENVI-met with 14m resolution
and oriented to the North.

2.5.2. Urban Roughness Influence on Wind Input

In addition to the nested modelling approach, an empirical correction of wind speed
was applied to meteorological forcing data in order to account for wind attenuation within
the urban canopy layer and altitude differences between the reference weather station and
the study district.

Previous studies have shown that wind speed measured in open terrain is typi-
cally reduced by 50-60% within dense urban environments due to surface roughness
and building-induced drag [44,45]. Empirical relationships have been proposed to describe
this attenuation in different contexts [46,47].

In the present study;, a site-specific empirical coefficient was derived from field mea-
surements and simulation results obtained during the October monitoring period. The
following relationship was used to correct the wind forcing data:

U

— =0.1 7
=01, )

where Uy represents wind speed measured at 10 m height at the Gillot meteorological
station and U represents the estimated wind speed at the same height within the Le
Ruisseau district.

This coefficient accounts for both the influence of urban roughness and the altitude
difference between the Gillot weather station (approximately 5 m above sea level) and the
study district (approximately 30 m above sea level). The correction was applied directly to
hourly wind speed values in the meteorological forcing file used by ENVI-met, while wind
direction was kept unchanged.
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This empirical correction represents a first-order approximation of the combined
effects of urban roughness and altitude on the incoming wind field. A single attenuation
coefficient was adopted for all simulation periods and therefore does not account for
possible variations related to wind direction, atmospheric stability, or seasonal changes
in the regional flow. Nevertheless, the objective of this approach was not to develop
a universal wind correction model, but rather to evaluate whether a simple roughness
correction could improve ENVI-met performance under operational modelling conditions.

To evaluate the robustness of this empirical correction, the adjusted wind forcing data
were applied to an independent 72-h simulation period (December case study) using the
same model configuration.

2.5.3. Model Initialization (Spin-Up Period)

Because the baseline simulations were performed without a dedicated spin-up period,
a specific sensitivity analysis was conducted to assess whether model initialization influ-
ences ENVI-met performance under the present full-forcing configuration. The influence of
model initialization was evaluated through a dedicated sensitivity experiment focusing on
the duration of the pre-initialization period. Three simulation configurations were tested
using the same meteorological forcing conditions:

(1) simulation without pre-initialization (24-h simulation), (2) simulation with a 6-h
spin-up period (30-h simulation), (3) simulation with a 24-h spin-up period (48-h simula-
tion).

All simulations were conducted in full-forcing mode using meteorological data from
the reference weather station. To ensure comparability between configurations, model
performance was evaluated over the same 24-hour validation period, corresponding to the
measurement window.

Simulation accuracy was assessed using the statistical indicators described in the
validation methodology section, focusing on air temperature and relative humidity.

3. Results
3.1. Baseline Model Validation

Baseline ENVI-met outputs were compared with hourly in-situ measurements col-
lected at the eleven monitoring stations. In order to assess the overall model behaviour at
neighbourhood scale, simulated and observed values were spatially averaged across all
stations at each hourly time step. This approach allows evaluation of the general temporal
dynamics independently from local morphology-driven effects, which are analysed in the
following subsection. The February 72-h simulation period was selected to present the
baseline validation results, as it represents the most thermally demanding hot and humid
tropical conditions among the monitored campaigns. Table 3 summarizes the statistical
performance indicators, while Figures 5-9 illustrate the temporal evolution of simulated
and measured variables.

Table 3. Summary of baseline validation errors between simulated and observed data for February
(hourly, station-averaged).

Parameter MAE MBE RMSE d R?
Air temperature [°C] 0.99 0.05 1.29 0.94 0.80
Relative humidity [%] 4.92 —0.34 6.63 0.86 0.56
Wind speed [m.s™1] 1.44 1.31 1.96 0.34 0.09
MRT [°C] 6.76 4.49 10.03 0.76 0.48
UTCI [°C] 2.71 0.19 3.50 0.83 0.56
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Figure 5. February case study: comparison between simulated and measured air temperature at an

hourly time step (station-averaged).
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Figure 6. February case study: comparison between simulated and measured relative humidity at an

hourly time step (station-averaged).
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Figure 7. February case study: comparison between simulated and measured wind speed at an

hourly time step (station-averaged).
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Figure 8. February case study: comparison between mean radiant temperature simulated and derived
from measured variables at an hourly time step (station-averaged).
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Figure 9. February case study: comparison between UTCI simulated and derived from measured
variables at an hourly time step (station-averaged).

3.1.1. Air Temperature and Relative Humidity

Air temperature is reproduced with good accuracy (RMSE = 1.29°C; d = 0.94;
2 = 0.80; Table 3). As shown in Figure 5, the simulation captures the diurnal cycle and
the timing of daily maxima and minima. Deviations remain limited throughout the period,
with slightly larger differences during nighttime hours, where the model tends to under-
estimate the measured temperature, while daytime values are marginally overestimated
(MBE = 0.05°C overall).
Relative humidity also shows a satisfactory agreement (RMSE = 6.63%; d = 0.86;
R%? = 0.56). The model reproduces the overall daily pattern (Figure 6), including the
daytime decrease and nighttime recovery typical of tropical conditions. A small negative
bias (MBE = —0.34%) indicates a slight underestimation of humidity on average. Short-
lived features present in the measurements are less pronounced in the simulation, resulting
in a smoother modelled signal.

3.1.2. Wind Speed

Wind speed exhibits the weakest performance among the analysed variables (Table 3).
The simulation displays a pronounced positive bias (MBE = 1.31 ms~!) and a low agree-
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ment index (d = 0.34) with weak correlation (R? = 0.09). Figure 7 highlights systematic
overestimation and limited ability to reproduce the measured temporal variability, particu-
larly during low-wind nighttime periods where observations approach calm conditions
while simulated values remain non-zero. This behaviour is consistent with the difficulty of
representing local urban-canopy wind attenuation when boundary forcing is derived from
a more exposed reference station.

3.1.3. Mean Radiant Temperature (MRT)

MRT shows larger deviations than temperature and humidity (RMSE = 10.03 °C;
MBE = 4.49 °C; Table 3), with discrepancies concentrated during daytime hours (Figure 8).
The model generally reproduces the daily pattern (daytime peak and nighttime minimum)
but tends to overestimate radiative loads during periods of high solar exposure, resulting
in an overall positive bias. Nocturnal differences remain smaller, although a slight underes-
timation may occur during some nighttime hours. Given the strong dependence of MRT
on local shading and sky conditions, these deviations are critical for interpreting thermal
comfort.

3.1.4. UTCI

Despite substantial wind speed errors, UTCI remains moderately well reproduced
(RMSE = 3.50°C; d = 0.83; R = 0.56; Table 3). Figure 9 shows that UTCI temporal
variations follow MRT more closely than wind speed, indicating that radiative conditions
dominate thermal comfort deviations during this hot and humid period. The overall UTCI
bias remains limited (MBE = 0.19 °C), but day-night contrasts are visible: UTCI tends to be
underestimated at night and slightly overestimated during daytime peaks, consistent with
the combined effects of wind and MRT biases.

Overall, the February validation case confirms that ENVI-met reproduces air tempera-
ture and relative humidity with good accuracy at neighbourhood scale, while wind speed
and mean radiant temperature remain the main sources of simulation uncertainty. These
discrepancies propagate moderately to UTCI predictions, with radiative conditions playing
a dominant role in thermal comfort deviations.

A comparison with the other simulated periods shows that model performance re-
mains broadly consistent across seasonal conditions. Air temperature RMSE remains within
the range 1.2-1.5 °C across all simulation periods, while relative humidity RMSE varies
between approximately 5.6% and 7.3%. In contrast, wind speed errors remain systemat-
ically larger, with RMSE values ranging from about 1.9 ms~! in October to 3.1 ms~! in
December. MRT errors remain high across all periods (approximately 7.9-10.0 °C), leading
to UTCI RMSE values between about 3.5 and 4.1 °C.

These results indicate that ENVI-met performance is stable across the transition and
hot-season conditions investigated in this study, and that model uncertainty is consistently
dominated by wind and radiation-related processes rather than by thermodynamic vari-
ables. Detailed validation metrics for the October and December simulation periods are
provided in Appendix B (Tables A2 and A3).

3.2. Spatial Variability of Model Performance Across the Monitoring Network

To investigate the spatial consistency of ENVI-met simulations, validation metrics
were computed independently for each monitoring station (Figure 2). Station-level errors
were then analysed in relation to the local urban morphology documented during the
field campaign. Based on aerial imagery and on-site photographs (Table A1), stations
were grouped into four urban morphology classes: Open/ventilated, Semi-open, Fagade-
edge/channelled, and Confined. Figure 10 summarizes the distribution of wind speed,
mean radiant temperature (MRT), and UTCI RMSE values across these morphology classes.
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The qualitative classification was further supported by the local Sky View Factor (SVF)
extracted from the ENVI-met model at each monitoring station. SVF values ranged from
0.30 to 0.69, confirming the diversity of radiative exposure conditions across the monitoring
network. Because the study area is characterized by irregular building layouts rather than
regular street canyons, a unique height-to-width (H/W) ratio could not be robustly defined
for all monitoring locations and was therefore not considered.

Figure C — Model performance grouped by urban morphology classes
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Figure 10. Model performance by urban morphology class.

3.2.1. Well-Mixed Variables (Air Temperature and Humidity): Weak Spatial Sensitivity

In contrast with wind speed and MRT, air temperature and relative humidity show
limited spatial variability in model performance.

Air temperature RMSE remains within a narrow range across stations, from 0.77 °C (E2,
open parking environment) to 1.26 °C (E5, semi-open residential block), corresponding to a
spread of 0.49 °C. Relative humidity RMSE similarly ranges from 3.99% (E2) to 5.27% (D1).
This limited spatial dispersion confirms that ENVI-met reproduces neighbourhood-scale
thermodynamic conditions consistently, regardless of local urban morphology or surface
materials observed at the monitoring sites. Given this weak spatial dispersion, subsequent
analysis focuses on wind speed and mean radiant temperature, for which model errors
show stronger dependence on local urban configuration.

3.2.2. Wind Speed: Dominant Spatial Contrast Controlled by Local Exposure and Obstacles

Wind speed errors exhibit the strongest spatial variability in the dataset (Figure 11).
RMSEwing spans from 0.31 m/s (D2, Open/ventilated) to 4.26 m/s (E1, Open/ventilated),
corresponding to a factor of nearly 14 between best and worst locations.
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Figure 11. Spatial distribution of wind RMSE.

At the class level (Figure 10), Open/ventilated stations show the lowest wind errors,
while Confined and Facade-edge/channelled classes show systematically larger values.
Confined stations (F1, F3, F4) also show elevated wind RMSE values (2.50-3.50 m/s),
consistent with weak-flow regimes and recirculating airflow between buildings. In contrast,
Open/ventilated stations (D2, D1) show RMSE values below 1 m/s.

Station E1, located in a large impervious parking area adjacent to a long building facade
with minimal vegetation (Appendix A), exhibits the largest wind error (4.26 m/s). Field
photographs show a configuration where airflow is strongly influenced by building-edge
acceleration and local recirculation, which are difficult to capture using neighbourhood-
scale boundary conditions.

Similarly, stations F3 and F1, installed in parking areas between residential blocks with
nearby trees and heterogeneous obstacles, show elevated wind RMSE values (3.50 m/s and
2.65 m/s). These environments combine partial confinement, vegetation-induced drag, and
irregular building spacing, producing highly localized airflow structures.

Courtyard-like configurations such as F4 (parking enclosed by buildings with a large
tree nearby) also exhibit substantial wind errors (2.50 m/s), consistent with low-speed and
recirculating flow regimes observed during the field campaign.

Conversely, stations located in more ventilated environments show lower wind errors.
Station D2, installed in an open residential space with limited vegetation and relatively
uniform surroundings, exhibits the lowest RMSE (0.31 m/s). Station F5, located along a
street canyon with more organized flow alignment along the road axis, also shows relatively
low wind RMSE (0.76 m/s). These observations suggest that ENVI-met reproduces wind
fields more reliably in either open environments or geometries where airflow is strongly
guided by street orientation.

3.2.3. Mean Radiant Temperature: Influence of Shading Heterogeneity and Vegetation

Mean radiant temperature errors show clear morphology dependence (Figure 12).
RMSEprT ranges from 5.19 °C (E1, Facade-edge/channelled) to 8.06 °C (F3, Confined).
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MRT and UTCI metrics are not available for station D2 due to missing globe temperature
measurements during the campaign.
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Figure 12. Spatial distribution of MRT RMSE.

Confined stations systematically exhibit the largest MRT errors (F1: 7.97 °C; F3: 8.06 °C;
F4: 5.82 °C), reflecting strong radiative trapping and complex shading patterns induced by
buildings and vegetation.

Semi-open stations show intermediate MRT errors (6.49 °C at E3; 5.75 °C at E5), while
Open/ventilated stations remain near 5.4 °C (E2).

These results indicate that MRT simulation accuracy is primarily controlled by local
shading heterogeneity and obstruction geometry.

The largest MRT errors occur at stations F1 and F3 (7.97 and 8.06 °C), both located in
parking areas surrounded by multi-storey buildings and trees. Field observations show
rapidly changing shading conditions caused by building edges and vegetation, which likely
contribute to discrepancies in simulated shortwave and longwave radiation exchange.

Stations D1 and E3 also show elevated MRT errors (6.70 and 6.49 °C), corresponding to
environments where nearby trees and building shadows produce spatially heterogeneous
radiative conditions at pedestrian level.

Lower MRT errors are observed in the more open parking environments E1 (SVF = 0.54)
and E2 (SVF = 0.47), where solar exposure is less affected by rapidly varying obstruction
patterns and radiative conditions are more spatially uniform, resulting in RMSEyrT values
around 5.2-5.7 °C.

Given the strong influence of radiative conditions on thermal comfort, these MRT
discrepancies may have important practical implications. The error-propagation analysis
presented in Section 3.3 indicates that, under the observed tropical conditions, a 1 °C MRT
error contributes on average to a 0.25 °C UTCI error. Consequently, MRT deviations of the
order of 8 °C may contribute to UTCI shifts approaching 2 °C, which is sufficient to modify
the interpretation of thermal stress intensity near UTCI category thresholds.
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3.2.4. UTCI: Combined Influence of Wind Modelling and Radiative Variability

The spatial distribution of UTCI errors (Figure 13) reflects the combined influence of
wind and MRT uncertainties.
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Figure 13. Spatial distribution of UTCI RMSE.

UTCI RMSE ranges from 1.92 °C (E2, Open/ventilated) to 5.45 °C (F4, Confined).

At the class level (Figure 10), Open/ventilated environments show the lowest UTCI
errors, while Confined environments exhibit the largest dispersion.

The lowest UTCI error is observed at station E2, located in a relatively open parking
environment with two large trees providing partial shading but limited flow obstruction.
In contrast, station F4, installed in a semi-enclosed parking area surrounded by buildings
and vegetation, exhibits the highest UTCI RMSE, reflecting combined uncertainties in wind
speed and radiative exchange.

The comparison between stations confirms that UTCI accuracy depends primarily
on the local representation of wind and radiation processes. Errors are largest in semi-
confined environments combining buildings and vegetation, while more uniform open
environments or street-aligned flows lead to improved model performance.

3.3. Impact of Microclimate Simulation Uncertainty on Outdoor Thermal Comfort

To quantify how model errors propagate to thermal comfort predictions, instantaneous
simulation errors were analysed using the pooled hourly dataset across all stations (Table 4).

Figure 14 shows the correlation matrix between instantaneous errors in simulated
variables. UTCI error is positively correlated with MRT error (r = 0.66) and air temperature
error (r = 0.56), while it is negatively correlated with relative humidity error (r = —0.52)
and, to a lesser extent, wind speed error (r = —0.24). Thus, at the bivariate level, air
temperature and relative humidity errors show comparable correlation magnitudes with
UTCI error, but in opposite directions. This behaviour is consistent with the strong cou-
pling between air temperature and relative humidity errors in the dataset. However, the
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subsequent multiple regression analysis indicates that, once the combined effects of all
variables are considered, MRT and air temperature errors remain the dominant predictors
of UTCI uncertainty.

Table 4. Regression coefficients describing UTCI error propagation.

Predictor Coefficient Std. Error p-Value
Intercept —-1.59 0.14 <0.001
Air temperature error 0.98 0.11 <0.001
Relative humidity error —0.04 0.03 0.17
Wind speed error —0.54 0.05 <0.001
MRT error 0.25 0.01 <0.001

The relationship between UTCI error and microclimate-variable errors was modelled
using a multiple linear regression of the form:

eurct = Po + Brer + BruERH + Bwewind + BMRTEMRT + €, (8)

where ¢ denotes instantaneous simulation errors and j; are regression coefficients estimated
from the pooled hourly dataset across all monitoring stations.

The regression model explains a substantial fraction of UTCl-error variance (R* = 0.62,
p < 0.001), indicating that most UTCI discrepancies can be attributed to combined errors
in microclimate variables.

Regression coefficients indicate that air temperature and MRT errors are the primary
contributors to UTCI uncertainty. A 41 °C air temperature error produces an average UTCI
error of +-0.98 °C, while a +1 °C MRT error produces a +0.25 °C UTCI error. Wind speed
errors have a statistically significant cooling effect, with a +1 m s~! wind error associated
with a —0.54 °C UTCI error. Relative humidity errors show a weak and statistically non-
significant contribution (p = 0.165).

To compare predictors independently of their physical units, a standardized regression
was performed. Standardized coefficients indicate that MRT errors have the strongest
influence on UTCI error (8 = 0.54), followed by air temperature (8 = 0.32) and wind speed
(B = —0.27), while relative humidity remains negligible.

These results provide guidance for model improvement strategies. While MRT errors
represent the dominant source of UTCI uncertainty, they are primarily controlled by local
radiative exchanges and shading conditions that cannot easily be constrained through
boundary forcing data. In contrast, wind speed errors, although secondary, remain sig-
nificant and can be directly influenced by the specification of meteorological forcing and
urban roughness representation. For this reason, the sensitivity analyses presented in the
following section focus on wind boundary conditions and model initialization. It should
nevertheless be noted that the proposed error-propagation model is based on a linear
approximation, whereas the UTCI formulation itself is inherently non-linear. Consequently,
the regression coefficients should not be interpreted as universal sensitivities of the UTCI
index, but rather as empirical relationships valid for the range of hot and humid tropi-
cal conditions investigated in this study. The relatively high coefficient of determination
(R? = 0.62) nevertheless suggests that this first-order approximation adequately captures
the dominant pathways through which ENVI-met simulation errors propagate to UTCI
uncertainty under the observed conditions.
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Figure 14. Correlation matrix between instantaneous simulation errors for air temperature, relative
humidity, wind speed, mean radiant temperature, and UTCI across all stations and time steps.

3.4. Sensitivity of Microclimate Simulations
3.4.1. Nested Modelling Approach

The nested modelling configuration was evaluated using the October simulation
period. Figure 15 compares simulated wind speed obtained with the baseline forcing from
the Gillot weather station and the forcing adjusted using wind fields extracted from the
parent ENVI-met model.

The nested modelling approach leads to a noticeable reduction in simulated wind
speed magnitude compared to the baseline configuration, indicating that incorporating sur-
rounding urban roughness in the boundary conditions partially corrects wind attenuation
within the neighbourhood.

Validation metrics confirm a moderate improvement in model performance. The mean
absolute error (MAE) decreases from 1.29 m/s in the baseline simulation to 0.98 m/s with
the nested modelling configuration. The mean bias error (MBE) decreases from 1.26 m/s
to 0.93 m/s, and the root mean square error (RMSE) decreases from 1.91 m/s to 1.40 m/s.
Willmott’s index of agreement increases from 0.21 to 0.28.

Despite this reduction in error magnitude, the coefficient of determination remains low
(R? around 0.10), indicating that the temporal variability of wind speed is still poorly repro-
duced. Simulated wind speed remains consistently higher than measurements throughout
the simulation period.

These results show that the nested modelling approach improves the representation of
wind magnitude by incorporating large-scale urban roughness effects. However, it does not
fully capture airflow variability within the urban canopy layer of the dense neighbourhood.
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Figure 15. Comparison between measured wind speed and simulated wind speed using baseline
meteorological forcing and nested-model-adjusted forcing during the October simulation period. The
nested modelling approach reduces wind speed magnitude but only slightly improves agreement
with observations.

3.4.2. Urban rOughness Correction of Wind Forcing

The empirical correction of wind forcing was evaluated using the December simulation
period, independent from the October dataset used to derive the correction coefficient.

Figure 16 compares simulated wind speed with and without the urban roughness
correction against experimental measurements. The baseline simulation driven directly by
meteorological forcing from the Gillot weather station systematically overestimates wind
speed within the neighbourhood.

Applying the correction coefficient (L; /Uy = 0.19) significantly reduces this bias. The
mean absolute error (MAE) decreases from approximately 2.0 m/s to 0.62 m/s, while the
root mean square error (RMSE) decreases from 2.7 m/s to 0.82 m/s. The mean bias error
(MBE) is reduced from 1.8 m/s to 0.1 m/s, and Willmott’s index of agreement increases
from 0.24 to 0.42.

6
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Figure 16. Comparison between measured wind speed and simulated wind speed using baseline
meteorological forcing and roughness-corrected forcing during the December simulation period.
The roughness correction significantly reduces wind speed overestimation and improves agreement
with observations.
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These results indicate that the corrected wind forcing produces simulated wind speeds
that fall within the range of experimental observations across most of the simulation period.

However, the coefficient of determination remains close to zero, indicating that the
temporal variability of wind speed is still not well reproduced by the model. This behaviour
is particularly visible during nighttime periods, when measured wind speed approaches
zero while the model maintains low but non-zero airflow values.

Overall, the empirical roughness correction substantially improves the magnitude of
simulated wind speed but does not resolve the difficulty of reproducing short-term wind
variability within the urban canopy layer.

3.4.3. Influence of Model Initialization (Spin-Up Period)

The influence of model initialization was evaluated by comparing three simulation
configurations: no pre-initialization, a 6-h spin-up period, and a 24-h spin-up period. Model
performance was assessed over the same 24-h validation window for all configurations.

Results show very limited differences between the three simulation configurations.
For air temperature, the mean absolute error (MAE) remained stable, with values of
approximately 0.69°C without pre-initialization, 0.70°C with a 6-h spin-up, and 0.73°C
with a 24-h spin-up. Similar behaviour was observed for RMSE and the coefficient of
determination (R?), which showed only minor variations between configurations.

Relative humidity results also showed negligible differences, with nearly identical
MAE and RMSE values across the three simulations. A slight improvement in Willmott’s
index of agreement was observed for the 6-h spin-up configuration, but the variation
remained marginal.

Finally, extending the spin-up period did not significantly improve ENVI-met sim-
ulation accuracy for air temperature and relative humidity under the tested conditions.
These results suggest that, when simulations are driven by full meteorological forcing, a
short or even absent pre-initialization period may be sufficient for neighbourhood-scale
microclimate simulations in tropical environments.

4. Discussion
4.1. ENVI-Met Performance for Outdoor Thermal Comfort in Tropical Environments

The present study extends previous ENVI-met validation studies by combining a
spatially distributed field validation, uncertainty propagation analysis, and dedicated
sensitivity experiments within a single validation framework. While previous studies
have generally focused on the agreement between simulated and observed microclimatic
variables at one or a limited number of monitoring locations [31,48,49], the present work
additionally investigates the spatial variability of model performance, the propagation of
simulation errors to outdoor thermal comfort indices, and the influence of key modelling
assumptions on simulation accuracy.

4.1.1. Air Temperature and Relative Humidity

The results confirm that ENVI-met reproduces air temperature and relative humidity with
good accuracy across the monitoring network, with RMSE values of approximately 1.2-1.5 °C
for air temperature and 5-7 % for relative humidity. These values fall well within the range
reported by previous validation studies conducted in various climatic contexts. Recent studies
report air temperature RMSE values ranging from 0.37 °C [50] to 4.52 °C [51], with most
investigations reporting values between 0.8 and 2 °C [24,26,28,52]. Similarly, relative humidity
RMSE values reported in the literature typically range between 1 and 9 % [9,53,54].

The agreement observed in the present study therefore confirms that ENVI-met re-
mains robust for simulating neighbourhood-scale thermodynamic variables, even under

https://doi.org/10.3390/cli14070151


https://doi.org/10.3390/cli14070151

Climate 2026, 14, 151

24 of 34

hot and humid tropical conditions. This behaviour is consistent with previous studies
suggesting that air temperature and humidity are primarily controlled by large-scale en-
ergy and moisture balances that are less sensitive to local geometric details than airflow or
radiative exchanges.

4.1.2. Wind Speed

In contrast, wind speed remains one of the most challenging variables to reproduce
accurately using ENVI-met. Wind speed RMSE values observed across the monitoring
network ranged from 0.31 to 4.26 m g1 depending on local urban exposure, with most
stations exhibiting errors between approximately 0.5 and 2 m s~!. These values are gener-
ally consistent with the range reported in previous validation studies, where wind speed
RMSE values typically vary between 0.3 and 2 m s~ ! [9,53-55]. The largest discrepancies
were observed only for a limited number of highly confined or locally accelerated flow
configurations, highlighting the strong spatial sensitivity of wind simulation accuracy
within dense urban environments. Similar difficulties have nevertheless been reported
in several studies, with correlation coefficients frequently remaining below 0.5 despite
acceptable mean errors [9,56].

Several factors probably explain these larger discrepancies. First, the meteorological
forcing originated from the Gillot Airport station, located in an open coastal environment
where wind conditions differ substantially from those encountered inside dense urban
canopies. Consequently, the imposed boundary conditions do not fully account for the
progressive attenuation of airflow induced by upstream urban roughness, vegetation,
and topography. Second, tropical island environments introduce additional complexity
through the interaction between synoptic trade winds, sea breezes, orographic effects,
and urban-scale circulations. Such processes occur over spatial scales larger than the
ENVI-met computational domain and cannot be explicitly resolved by neighbourhood-
scale simulations using uniform boundary forcing. Finally, the largest wind errors were
systematically observed in confined environments characterized by vegetation, irregular
building spacing, and recirculation zones. This observation agrees with previous studies
showing that ENVI-met reproduces organized canyon flows more accurately than weak
and highly turbulent airflow structures within complex urban canopies [9,57]. This result
illustrates one of the main contributions of the present study, namely that a validation
based on a single monitoring location would have substantially underestimated the true
uncertainty associated with urban airflow simulations.

4.1.3. Mean Radiant Temperature

Similarly, MRT remains one of the main sources of uncertainty in outdoor thermal
comfort simulations. The maximum MRT RMSE observed in the present study reached
8 °C in confined urban environments. These values are fully consistent with previous
validation studies, where MRT RMSE typically ranges from 3 to 13 °C depending on urban
morphology and measurement methodology [9,25,26,28,54,55,58].

The magnitude of MRT errors reported in the literature generally exceeds those ob-
served for air temperature and humidity, confirming that radiative exchanges remain one
of the most difficult processes to simulate in urban environments. Several studies have
highlighted the strong sensitivity of MRT predictions to surface optical properties, vege-
tation representation, shading geometry, and atmospheric radiation inputs [25,26,42]. In
the present study, these limitations are likely amplified by the strong solar radiation char-
acteristic of tropical climates, where small errors in shading representation may generate
large differences in absorbed shortwave radiation. The use of cloud cover rather than direct
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measurements of incoming shortwave and longwave radiation as forcing variables may
have further contributed to the observed discrepancies.

The spatial analysis additionally revealed that the largest MRT errors occurred in con-
fined environments combining buildings and vegetation, where rapidly evolving shadow
patterns and multiple radiative interactions create highly heterogeneous thermal environ-
ments over very short distances. Similar findings were reported by [25,28], who observed
substantially larger MRT errors in shaded and morphologically complex environments
than in open spaces.

414. UTCI

These uncertainties directly propagate to thermal comfort predictions, with UTCI
RMSE values between 2 and 5.5 °C. Although relatively few ENVI-met validation studies
have evaluated UTCI directly, the values obtained here remain comparable to the limited
results currently available in the literature. For example, ref. [28] reported UTCI RMSE
values ranging from 1.48 to 2.17 °C depending on shading conditions. The somewhat larger
UTCI errors observed in the present study probably reflect both the greater complexity of
the tropical radiative environment and the inclusion of nighttime periods in the validation
dataset. Indeed, previous studies frequently restrict validation to daytime hours only,
whereas the present analysis covers continuous 72-h periods and therefore includes periods
characterized by weak winds and rapidly changing radiative conditions.

Nevertheless, the model shows a satisfactory agreement for UTCI, with a Willmott
index of agreement around 0.8, comparable to values reported in the literature [28]. This
suggests that, despite uncertainties in individual variables, ENVI-met indicates satisfactory
skill in reproducing the temporal dynamics of outdoor thermal stress.

These results therefore contribute to addressing the current lack of ENVI-met valida-
tion studies focusing on outdoor thermal comfort in coastal tropical urban environments,
while providing quantitative benchmarks for model performance across multiple microcli-
matic variables.

4.2. Importance of Spatially Distributed Validation

A key contribution of this study is the analysis of spatial variability of model perfor-
mance across a dense monitoring network. While ENVI-met validation studies commonly
rely on one or two measurement locations, the present results demonstrate that model
accuracy varies significantly within a single neighbourhood.

Wind speed RMSE varies by more than one order of magnitude between stations, from

0.31 m s~! in open environments to more than 4 m s~

near building edges. Mean radiant
temperature errors also show strong spatial variability, ranging from approximately 5 to
8 °C depending on local shading conditions.

The morphology-based analysis shows that confined environments and fagade-edge
locations systematically produce larger errors than open or semi-open configurations.
These findings demonstrate that local urban geometry plays a critical role in determining
simulation accuracy.

This spatial variability highlights the limitations of validation approaches based on
single-point comparisons and suggests that multi-point monitoring is necessary to properly
assess model reliability at neighbourhood scale. The methodology developed in this study
therefore represents an extension of conventional ENVI-met validation approaches by
combining multi-point observations, morphology-based analysis, uncertainty propagation
and sensitivity assessment within a unified validation framework.
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4.3. Propagation of Microclimate Simulation Errors to Thermal Comfort

The error-propagation analysis confirms, under coastal tropical urban conditions, that
radiative processes play a dominant role in UTCI uncertainty propagation. The present
results provide quantitative evidence of how microclimate simulation errors propagate to
outdoor thermal comfort predictions within a dense tropical urban environment.

The regression analysis shows that approximately 62% of the variance in UTCI error
can be explained by combined errors in air temperature, wind speed, relative humidity,
and MRT. Standardized regression coefficients indicate that MRT errors represent the
dominant contributor to UTCI uncertainty, followed by air temperature and wind speed,
while relative humidity has a negligible influence under the studied winter conditions.

These results are consistent with the physical formulation of UTCI [59], which com-
bines radiative exchange, air temperature and convective heat transfer. The strong influence
of MRT highlights the importance of accurate radiation modelling in tropical environments
characterized by high solar exposure.

However, while MRT errors represent the dominant source of uncertainty, they are
mainly controlled by local shading conditions and radiative exchange processes that are
difficult to constrain through boundary forcing data. This aligns with recent advances
showing that reliable MRT estimation depends on accurately resolving multi-directional
radiative fluxes, a process that remains inherently challenging in dense urban environments
due to complex geometry and atmospheric variability [42].

In contrast, wind speed errors, although secondary, remain statistically significant and
can be directly influenced by modelling choices such as meteorological forcing and urban
roughness representation. This makes wind modelling a particularly relevant target for
model improvement.

4.4. Influence of Wind Boundary Conditions and Urban Roughness

The sensitivity experiments confirm that wind boundary conditions represent one
of the main sources of uncertainty in neighbourhood-scale ENVI-met simulations. Using
meteorological forcing measured in open terrain leads to a systematic overestimation of
wind speed within the urban canopy layer, reflecting the strong attenuation of airflow
caused by buildings and surface roughness. This limitation is consistent with previous
studies highlighting that meteorological data from peripheral or open-field stations are
often not representative of local urban conditions, particularly in dense districts [29]. This
issue is further amplified in tropical environments, where airflow is strongly modulated by
complex urban geometry and coastal influences.

The empirical roughness correction significantly reduces wind-speed errors, with
RMSE decreasing from approximately 2.7 m s~! to less than 1 m s~! in the December
simulation period. This result demonstrates that simple adjustments of meteorological
forcing can substantially improve model performance by partially accounting for urban-
induced flow attenuation. However, the use of a single, constant roughness correction
remains a simplified representation of the urban boundary layer.

In reality, urban roughness effects are highly anisotropic and depend on wind direction
and local morphology. Advanced approaches based on direction-dependent roughness
parameters have been shown to improve the representation of airflow in complex urban
environments [60], suggesting that the simplified correction used in this study could be
further refined to better capture directional flow patterns.

The nested modelling approach also reduces wind magnitude, confirming that large-
scale urban roughness influences airflow entering the neighbourhood domain. However,
temporal correlation remains weak, indicating that small-scale turbulence and local flow
structures remain difficult to reproduce at the spatial resolution used in this study. This
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limitation highlights the difficulty of bridging scales between regional meteorological
forcing and local urban airflow dynamics.

In this context, recent studies have explored multi-scale and coupled modelling ap-
proaches to improve boundary condition representation. For instance, the use of urban
canopy or mesoscale models such as the Urban Weather Generator allows rural meteorolog-
ical data to be transformed into urban-specific forcing conditions [29], while more advanced
frameworks involve dynamic coupling between microclimate models and building energy
simulations to account for feedback mechanisms between urban form, airflow, and heat
exchanges [61].

While simple empirical corrections can significantly improve wind-speed magni-
tude, a more robust representation of wind boundary conditions likely requires direction-
dependent parameterization and multi-scale modelling approaches. This remains a key
challenge for improving the reliability of ENVI-met simulations in dense coastal tropical
urban environments.

4.5. Influence of Model Initialization

The sensitivity analysis indicates that extending the spin-up period does not signifi-
cantly improve simulation accuracy for air temperature and relative humidity.

This result suggests that, when ENVI-met simulations are driven by full meteorological
forcing, the model rapidly adjusts to boundary conditions and does not require long
stabilization periods. This finding challenges common modelling practice, where spin-up
periods of 3-24 h are often recommended [25,29,55,62]. Under the tropical conditions
investigated here, shorter initialization periods appear to be sufficient. Reducing spin-up
duration could therefore decrease computational cost without compromising simulation
accuracy, which is particularly relevant for large simulation domains or long-term studies.

4.6. Implications for Urban Climate Modelling and Design Practice

The results of this study provide practical guidance for both urban climate modellers
and urban planners using ENVI-met for outdoor thermal comfort assessment in tropical
environments.

From a modelling perspective, the findings highlight the critical role of wind boundary
conditions. Using meteorological data from open-terrain weather stations can lead to
substantial overestimation of airflow within dense urban areas. Applying simple roughness-
based corrections or integrating locally representative wind data substantially improves
wind-speed magnitude while temporal variability remains poorly reproduced. In this
context, the increasing availability of low-cost weather stations offers strong potential for
deploying site-specific monitoring campaigns to improve model forcing, particularly in
tropical regions where spatial variability is high and data availability remains limited.

In addition, the results demonstrate that ENVI-met simulations should be interpreted
with caution in absolute terms. While the model reliably reproduces temporal dynamics
and relative differences between locations or design scenarios, uncertainties in wind and
radiative processes can lead to significant deviations in predicted comfort levels. Therefore,
model outputs are particularly well suited for comparative analyses, but less reliable for
predicting absolute thermal comfort thresholds without local calibration.

From an urban design perspective, the spatial analysis of model performance provides
important insights into where simulation results are more or less reliable. Open and well-
ventilated environments are generally better reproduced, while confined spaces such as
courtyards and deep urban canyons show the largest uncertainties due to complex airflow
patterns and heterogeneous shading conditions. In these configurations, both ventilation
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and radiative trapping effects are difficult to capture accurately, which directly impacts
thermal comfort assessment.

These findings suggest that special attention should be given to the geometric repre-
sentation of shading elements and urban morphology when using ENVI-met to evaluate
design strategies based on radiative mitigation (e.g., vegetation, shading devices). More
generally, the results emphasize the importance of combining simulation outputs with field
observations whenever possible, especially in complex urban configurations.

4.7. Limitations

Several limitations should be acknowledged when interpreting the results of this study.

First, the experimental campaign relied on a network of low-cost weather stations. Al-
though the sensors were previously calibrated and validated against reference instruments
following ISO 7726 recommendations, additional uncertainties may remain, particularly
for low wind speed conditions and radiative measurements under strong tropical solar
exposure. Wind speed measurements are especially sensitive in dense urban environ-
ments where airflow is often weak and highly variable at short spatial and temporal scales.
Moreover, MRT was derived from globe temperature measurements rather than directly
measured using a six-direction net radiometer. While globe thermometers are widely used
in outdoor thermal comfort studies because of their robustness and practicality, they pro-
vide only an indirect estimate of the radiative environment and may not fully capture the
anisotropic radiation field and significant lateral shortwave and longwave fluxes occurring
in dense urban canopies. Consequently, part of the discrepancies observed for MRT may
originate from experimental measurement uncertainty in addition to limitations of the
numerical model itself. In addition, the globe thermometer method requires local wind
speed measurements to estimate the convective heat exchange around the globe follow-
ing ISO 7726 procedures. The uncertainty of the low-cost anemometers (+0.5 m/s) may
therefore propagate into the MRT calculation, particularly under weak wind conditions
frequently observed within dense urban canopies where wind speeds are often below
1 m/s. Under these conditions, relative errors in the estimated convective heat transfer
coefficient may become significant and contribute to uncertainties in the experimental MRT
values used for model validation.

Second, measurements were conducted at approximately 3 m above ground level
rather than at the standard pedestrian-level heights commonly recommended for biomete-
orological assessment (typically 1.1-1.5 m). This installation height was selected to reduce
vandalism risk and ensure stable long-term deployment on residential building facades.
Although the sensors remained located within the urban canopy layer and captured repre-
sentative near-building outdoor microclimatic conditions, the resulting validation should
be interpreted as representative of residential micro-environments at approximately 3 m
above ground rather than standard pedestrian-level exposure. Consequently, caution
should be exercised when extrapolating the reported UTCI accuracy directly to pedestrian-
height thermal comfort assessments. In addition, the monitoring stations were installed
approximately 40-60 cm away from building facades using supporting poles. While this
configuration was necessary to reduce the direct thermal influence of the walls, it may
locally modify the airflow owing to pole-induced turbulence and near-wall velocity gradi-
ents. Furthermore, these small-scale flow features cannot be explicitly resolved by the 2 m
horizontal grid used in ENVI-met, so the simulated wind speed was extracted from the
centre of the corresponding grid cell. Part of the discrepancies observed for wind speed
may therefore result from the mismatch between the measurement configuration and the
spatial resolution of the numerical model.
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Third, meteorological forcing data were obtained from the Météo-France station lo-
cated at Gillot Airport, approximately 5 km from the study district. While this station
represents the only continuous and reliable source of meteorological observations for the
Saint-Denis area, its open coastal environment differs substantially from the dense urban
morphology of the study site. Consequently, boundary forcing may not fully reproduce
local airflow structures, radiative conditions, or cloud variability within the neighbour-
hood. Part of the observed discrepancies in wind speed and MRT may therefore result
from the mismatch between regional forcing conditions and local urban microclimate
processes. The empirical wind-speed correction investigated in this study also relies on
a constant attenuation coefficient derived from a single monitoring campaign. Although
this simple approach substantially improves the simulated wind field, it does not account
for directional roughness effects, atmospheric stability, or temporal variations in urban
flow attenuation. More advanced approaches based on direction-dependent aerodynamic
roughness parameterization or dynamic wind correction strategies could further improve
the representation of urban airflow.

In addition, the validation was conducted in a single dense residential neighbourhood
(LCZ 1) located in a coastal tropical island environment strongly influenced by trade winds
and maritime conditions. Although this neighbourhood is representative of a common
urban morphology on Reunion Island, the reported model performance should not be
considered representative of all tropical urban environments. Model accuracy is expected
to depend on local urban morphology, vegetation, street geometry, and regional climatic
conditions. Consequently, additional validation studies across other Local Climate Zones
(LCZs), tropical cities, and climatic contexts are needed before broader conclusions on
ENVI-met performance in tropical environments can be established.

Finally, some limitations are also related to the ENVI-met modelling framework itself.
Although ENVI-met reproduces thermodynamic variables with satisfactory accuracy, the
model shows limited ability to capture highly transient airflow structures, recirculation
zones, and local turbulence within confined urban canopies. In addition, urban materials
were represented using the default ENVI-met material database rather than site-specific
thermophysical properties. This choice was made to evaluate the model under a standard
and reproducible configuration that is representative of typical engineering practice, where
detailed material databases are rarely available. Although locally calibrated material
properties could potentially improve agreement with observations, such an approach
would reduce the general applicability and reproducibility of the proposed validation
framework. Residual errors in reflected shortwave radiation may also remain due to
the 2 m grid resolution and the simplified representation of facade and surface optical
properties, particularly in dense urban configurations where small-scale reflective elements
and lateral radiative exchanges are important. Future work could therefore investigate
the influence of site-specific material characterization, together with direction-dependent
roughness parameterization, locally measured forcing data, and multi-scale modelling
strategies coupling mesoscale and neighbourhood-scale simulations.

5. Conclusions

This study investigated the reliability of ENVI-met for outdoor thermal comfort
assessment in a dense coastal tropical urban environment using a spatially distributed
monitoring network and a multi-variable validation framework.

Results show that ENVI-met reproduces air temperature and relative humidity with
good accuracy at neighbourhood scale (RMSE of 1.2-1.5 °C and 5-7%), while wind speed
and mean radiant temperature exhibit larger uncertainties and strong spatial variability
depending on local urban morphology. Wind speed errors are highly sensitive to boundary
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conditions, whereas MRT deviations are primarily driven by complex radiative processes
and heterogeneous shading.

The multi-point validation demonstrates that model performance can vary substan-
tially within a single neighbourhood, with wind speed RMSE ranging from 0.3 to more
than 4 m s~1. This highlights the limitations of single-point validation and the need for
spatially distributed measurements when assessing model reliability.

Error-propagation analysis shows that 62% of UTCI error variance is explained by
combined microclimate simulation errors. Radiative conditions emerge as the dominant
contributor to thermal comfort uncertainty, followed by air temperature and wind speed,
while relative humidity plays a negligible role under the studied tropical conditions.

Sensitivity analyses confirm that wind boundary conditions are a major source of
uncertainty. A simple roughness-based correction significantly improves wind speed
magnitude (RMSE reduction exceeding 60%), whereas spin-up duration has negligible
influence under full-forcing conditions. More broadly, the proposed validation framework
based on multi-point measurements, uncertainty propagation, and sensitivity analyses can
be transferred to other study sites and may facilitate future validation campaigns across
different tropical urban contexts.

All things considered, the present results indicate that ENVI-met can reliably repro-
duce the main thermodynamic characteristics of the investigated dense tropical residential
neighbourhood when appropriate modelling practices are adopted. However, the reported
performance should be interpreted within the specific context of this study and should not
be directly generalized to other tropical urban environments. Model accuracy is expected to
vary with urban morphology, Local Climate Zone (LCZ), vegetation, and regional climatic
conditions. Additional validation studies conducted in other tropical cities and across a
wider range of urban forms are therefore required to establish the broader applicability of
ENVI-met for tropical urban climate modelling.
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Appendix A. Description of Monitoring Locations

This appendix provides the morphological classification of monitoring stations (micro-
scale morphology) based on aerial imagery and station photographs, while the Sky View
Factor (SVF) was extracted from the ENVI-met model at each monitoring location (Table Al).
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Table Al. Morphological characteristics of the monitoring stations. The qualitative classification
was established from aerial imagery and field observations, while the Sky View Factor (SVF) was
extracted from the ENVI-met model at each station location.

Station Urban Morphology Class SVF  Local Setting Vegetation Exposure/Ventilation
D2 Open/ventilated 0.30  Open residential space Limited Well ventilated

E2 Open/ventilated 0.47  Open parking at district edge Trees nearby Exposed

D1 Semi-open 0.47  Residential open space near buildings Present Partially exposed

E3 Semi-open 0.66  Semi-open space between buildings Limited Partially sheltered

E5 Semi-open 0.69  Semi-open residential block Limited-moderate Moderately ventilated
El Facade-edge/channelled 0.54  Parking along long building facade Very limited Strongly exposed

F5 Facade-edge/channelled 0.60  Street canyon aligned with road axis Limited Channelled flow

F1 Confined 0.52  Parking space between tall buildings Present Weak ventilation

F3 Confined 0.62  Deep canyon between residential blocks ~ Present Sheltered

F4 Confined 0.58  Courtyard parking with tree Present (large tree) Weak ventilation

Appendix B. Seasonal Validation Results

This appendix provides validation metrics for the October and December simulation
periods (Table A2 and A3). These additional results confirm that model performance
remains consistent across the seasonal conditions investigated in this study.

Table A2. Summary of validation errors between simulated and observed data for the October
simulation period (hourly, station-averaged).

Parameter MAE MBE RMSE d R?
Air temperature [°C] 1.15 —0.46 1.47 0.92 0.80
Relative humidity [%] 5.73 —0.54 7.25 0.79 0.41
Wind speed [m s 1] 1.29 1.26 1.91 0.21 0.13
MRT [°C] 5.75 3.10 7.93 0.86 0.63
UTCI [°C] 3.03 —0.85 3.77 0.83 0.61

Table A3. Summary of validation errors between simulated and observed data for the December
simulation period (hourly, station-averaged).

Parameter MAE MBE RMSE d R?
Air temperature [°C] 0.97 —0.14 1.20 0.95 0.82
Relative humidity [%] 4.66 0.97 5.64 0.88 0.62
Wind speed [ms~!] 247 2.24 3.14 0.20 0.01
MRT [°C] 6.65 4.08 9.53 0.82 0.62
UTCI [°C] 3.45 —1.77 4.11 0.80 0.57
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