urban science

Article

Introducing the T-MCCR Index for Evaluating Urban Thermal
Comfort and Morphological Performance

Hossein Abdeyazdan *

W) Check for updates

Academic Editors: Ying Tu,
Hanlin Zhou, Wei Lang and
Tingting Chen

Received: 21 December 2025
Revised: 12 February 2026

Accepted: 17 February 2026
Published: 25 February 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and Daniele Santucci

Faculty of Architecture, RWTH Aachen University, 52062 Aachen, Germany; santucci@gbt.arch.rwth-aachen.de
* Correspondence: hossein.abdeyazdan@rwth-aachen.de

Abstract

Urban morphology plays a key role in shaping outdoor thermal comfort, especially as
cities experience increasing heat stress under climate change. While the Universal Thermal
Climate Index (UTCI) is widely applied in outdoor thermal comfort studies, existing
approaches rarely provide a comprehensive framework for evaluating and comparing the
thermal comfort performance of urban morphologies across different times of the day. This
study addresses this gap by proposing a time-aggregated, morphology-sensitive framework
for comparative assessment of outdoor thermal comfort. Morphological performance is
defined as the measurable capacity of an urban form to provide and sustain thermally
comfortable outdoor conditions over time, emerging from the combined effects of its
spatial configuration and geometry. Hourly UTCI simulations were conducted for three
urban morphologies in Aachen, Germany, under present climate conditions and a high-
emission future scenario (RCP 8.5, 2050). The urban fabric was discretized into uniform
spatial parcels, and the proportion of thermally comfortable areas was evaluated across the
diurnal cycle using the Time-weighted Morphological Climate Comfort Ratio (T-MCCR).
The results show clear differences in thermal comfort performance among morphologies.
Compact urban form exhibits higher comfort persistence and greater resilience under
future climate conditions, whereas detached morphologies show lower performance and
more fragmented comfort patterns. The proposed framework provides a comparative,
design-support tool for morphology-driven thermal comfort evaluation.

Keywords: T-MCCR; UTCL urban morphology; climate change; resiliency; GCI; EWD

1. Introduction

The quality of outdoor environments significantly influences people’s health, well-
being and activity levels; meanwhile, technological and societal advancements have in-
creased the demand for better outdoor environments [1,2]. On the other hand, climate
change and city growth have increased temperature peaks and frequencies, resulting in
changes in local climates, and they can affect outdoor thermal comfort in many cities [3-7].
Extensive research on human thermal comfort has been carried out over time, employing
diverse methodological approaches, including biometeorological, psychological, physio-
logical, climatological, medical, and engineering disciplines, to investigate the complex
interactions between climate and the human body [8]. Between all climate comfort indices,
the UTCI provides a standardized and physiologically grounded assessment of outdoor
thermal stress, with broad applicability across climatic regions and sectors such as meteorol-
ogy, public health, and urban planning [9]. Although the underlying thermophysiological
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model can account for factors such as age, gender, or health status, these parameters are typ-
ically fixed to a reference profile in most applications, meaning that the UTCI is commonly
used as a population-averaged indicator rather than an individualized one [10].

Owing to its foundation in contemporary human biometeorological science, the UTCI
enables the harmonization of thermal comfort assessments, ensuring that research out-
comes are both physiologically relevant and comparable across studies and regions, an
advantage over many traditional indices [11]. For calculation of the UTCI, it should be
mentioned that outdoor thermal comfort is strongly influenced by urban morphological
parameters, including vegetation characteristics (e.g., tree traits, species selection, and
plant arrangement), and built environment features such as street orientation, building
arrangement, surface materials, SVF and aspect ratio [12,13]. These factors collectively
affect microclimatic conditions by altering solar exposure, wind flow, shading, and ra-
diative heat exchange [14]. Moreover, many studies have examined how climate change
affects human health [15,16]. To project future climate impacts, researchers use scenario
frameworks such as the SSPs and RCPs [17]. Among climate change scenarios, RCP8.5
represents a high-emission scenario with a radiative forcing of 8.5 W/m?; it is widely
used in climate research to illustrate the potential consequences of inaction and to assess
risks under extreme warming conditions [18]. Exploring outdoor thermal comfort under
high-emission scenarios like RCP8.5 provides valuable insights for climate-adaptive urban
planning. To this end, a study in Nicosia, Cyprus, found that by 2050, climate change could
raise pedestrian-level air temperatures by 2.3 °C and increase the UTCI by up to 4.3 °C
in the late afternoon [19]. Urban morphology and weather conditions interact in complex
ways to affect outdoor thermal comfort. To better study these effects, researchers have
developed classification systems that describe the physical structure and land use of urban
areas [20], such as LCZ [21]. The LCZ framework has become one of the most widely used
methods for analyzing outdoor thermal comfort in urban areas as it systematically links
urban form and land cover with local climatic conditions [20]. However, it should be noted
that the LCZ framework primarily functions as a generalized classification system of urban
morphology and land cover rather than a fully morphology-based methodological frame-
work explicitly designed to quantify outdoor thermal comfort. UTCI mapping is commonly
used to evaluate the temporal performance of urban morphology by representing spatial
distributions of distinct perceived thermal conditions, which allows for the identification of
localized thermal hot and cold spots [22]. Using Grasshopper with Ladybug and Honeybee
plugins, the researchers conducted parametric simulations to analyze how variations in
neighborhood size (20 m, 40 m, and 60 m) influence UTCI values across the urban fabric.
The UTCI was calculated using key environmental parameters sourced from a standard
EPW file. This approach enabled spatial mapping of thermal comfort and allowed for the
analysis of diurnal and seasonal thermal stress conditions [23]. However, UTCI-based
mapping approaches effectively visualize spatial-thermal patterns but remain largely rep-
resentational, limiting direct comparison between urban configurations. Among existing
approaches, the STOCA (Spatiotemporal Outdoor Comfort Availability) metric proposed
by Santucci [24] represents one of the most advanced methodologies for evaluating the
performance of urban environments in providing outdoor thermal comfort by integrating
UTCl-based comfort conditions across space and time [24]. However, STOCA is inherently
dependent on predefined spatial resolutions, specific study extents, and context-dependent
aggregation strategies. As a result, its scale-sensitive formulation limits direct and trans-
ferable comparison of thermal comfort performance across different urban morphologies
or design alternatives [24]. This limitation constrains its applicability as a transferable,
morphology-level performance metric.
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This study addresses a critical gap in urban climate research: the absence of a unified,
quantitative framework that evaluates urban morphological performance by considering
both thermal conditions and their time-dependent relevance for outdoor user presence
and activity. While outdoor thermal comfort has been extensively investigated, most
existing methods rely on climatic parameters or subjective perception, offering limited
capacity to systematically compare how different urban configurations provide outdoor
thermal comfort across spatial and temporal scales. The aim of this study is to develop a
metric-based framework that addresses the identified research gap by explicitly integrating
time-aggregated (or time-weighted) outdoor thermal comfort into the evaluation of urban
morphological performance. To this end, the present research introduces the T-MCCR, a
quantitative, scalable, and design-oriented index that enables performance-based assess-
ment of morphology-driven outdoor thermal comfort.

2. Materials and Methods

The proposed T-MCCR introduces a novel, data-driven framework for quantifying and
comparing the capacity of urban morphologies to provide outdoor thermal comfort. Unlike
conventional thermal indices, such as the UTCI or PET, that reflect morphological effects
only indirectly through microclimatic variables (e.g., solar radiation, shading, wind flow,
and surface temperature), the T-MCCR directly links key morphological characteristics
(e.g., density, building height, and spatial configuration) to thermal comfort outcomes in a
measurable manner. By calculating the proportion of spatial units that meet predefined
comfort thresholds (Figure 1) over time, the T-MCCR captures the dynamic interaction
between form and microclimate.

UTCI Comfort Range Classification

Extreme Cold (—13°C) L

Very Strong Cold (-13 to -10°C) =
Strong Cold (-10 to -6°C) |
Moderate Cold (-6 to 0°C) |

Slight Cold (0 to 9°C) |

_______________ 1 . N .
No Thermal Stress (9 to 26°C) | i 1 Comfort Zone Considered in This Study

Moderate Heat (26 to 32°C) |

Strong Heat (32 t038°C) [

Very Strong Heat (38 to 46°C) |- E

Extreme Heat (> 46°C) |

-10 0 10 20 30 40
UTCI (°C)

Figure 1. Blue tones indicate cold stress categories, while orange and red tones represent heat stress
categories. The highlighted dashed area marks the comfort zone considered in this study.

Moreover, in different climatic regions, the diurnal amplitude of meteorological pa-
rameters, particularly air temperature, relative humidity, wind speed, and solar radiation,
varies significantly (Figure 2) and directly influences the patterns of outdoor thermal
comfort throughout the 24 h cycle [25]. In temperate or coastal climates, the difference
between daytime and nighttime air temperatures is generally small, resulting in relatively
stable thermal comfort conditions [26]. In contrast, arid and desert climates experience
strong diurnal fluctuations, with temperature differences often exceeding 15-20 °C, leading
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to extremely hot daytime conditions and noticeably cooler nights [27]. Meanwhile, in
humid-warm climates, although diurnal temperature differences are smaller, high night-
time humidity limits radiative cooling, creating a persistent sense of heat stress and thermal
fatigue. Such diurnal variations make it insufficient to assess outdoor thermal comfort
solely through daily averages or limited hourly snapshots, as they fail to represent the
real temporal dynamics experienced by urban dwellers [28,29]. Therefore, an index such
as the Time-weighted Morphological Climate Comfort Ratio (T-MCCR), which measures
the proportion of thermally comfortable parcels at each hour and aggregates these values
across the 24 h cycle, provides a realistic and dynamic representation of how day—night
climatic fluctuations affect overall urban thermal comfort performance.

Day-Night Temperature Differences Across Climate Zones
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Figure 2. Temperature and relative humidity variation in hottest and coldest day in different climate zones.

Consequently, the T-MCCR index serves not only as a quantitative metric for eval-
uating outdoor thermal comfort across a 24 h cycle but also as a decision-support tool
for time-sensitive urban planning. By analyzing the temporal distribution of hours in
the comfortable range derived from the T-MCCR, policymakers and urban designers can
develop morphology-specific strategies for managing the timing of urban activities, such as
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promoting nighttime urban life, scheduling outdoor events, or concentrating daytime func-
tions within comfortable hours. Its numerical structure enables both spatial and temporal
assessments, facilitating direct comparison across morphological alternatives. To opera-
tionalize the index, the study area is discretized into a uniform grid composed of equally
sized parcels, each functioning as a receptor for thermal comfort evaluation. Following
hourly UTCI simulations, the index is computed as the ratio of comfortable parcels (i.e.,
those within defined UTCI thresholds) to the total number of parcels at each time step.
This comfort ratio is then tracked throughout the diurnal cycle or across multiple periods,
revealing how different morphological configurations respond to environmental variability.
Importantly, the comfort ratio is sensitive to morphological parameters such as sky view
factor, block compactness, street orientation, and ground surface geometry, factors that
govern the spatial distribution of heat, airflow, and solar radiation. To ensure the reliability
of UTCI results across spatial resolutions, a GCI analysis was conducted. Simulations were
performed at three resolutions (8 m, 4 m, and 2 m), and the results demonstrated that refine-
ment beyond the 4 m grid yielded no significant changes in output. This confirmed that the
4 m resolution was both computationally efficient and numerically robust for evaluating
thermal comfort in this context. However, relying solely on the temporal comfort ratio
may obscure critical aspects of spatial and temporal heterogeneity in thermal conditions.
To address this, the concept of entropy is integrated into the T-MCCR framework. En-
tropy quantifies the degree of variability, or disorder, in the spatial distribution of thermal
comfort, revealing how consistently comfort is experienced across the urban surface. This
integration enhances the interpretability of the T-MCCR by accounting not only for the
extent of thermal comfort but also for its spatial quality.

Entropy is particularly informative when the comfort ratio lies between 0 and 1,
when only a portion of parcels satisfy comfort thresholds. In such intermediate states,
the comfort ratio alone cannot distinguish between morphologies with clustered versus
scattered comfort zones. For instance, a comfort ratio of 0.6 could emerge from either a
cohesive central cluster or a fragmented spatial pattern. In such cases, entropy functions
as a second-order diagnostic parameter, capturing the degree of spatial coherence or
dispersion in comfort distribution. Conversely, when the comfort ratio is 1 (all parcels
are comfortable) or 0 (none are comfortable), entropy does not work. Thus, entropy
provides a complementary spatial diagnostic that enhances the resolution of morphological
performance assessment, particularly in cases where aggregate comfort values may mask
significant spatial differences.

2.1. Conceptual Framework

The proposed T-MCCR framework is designed to support a performance-oriented
assessment of urban morphology in relation to outdoor thermal comfort. In this context,
the following conceptual and methodological contributions are addressed (Figure 3):

e  Performance-oriented morphological assessment: The T-MCCR framework enables a
performance-based evaluation of urban morphologies by comparing their ability to
provide and maintain outdoor thermal comfort over time, moving beyond approaches
that focus solely on climatic indicators.

o  Compatibility with design-oriented workflows: The scalar and numerical formu-
lation of the index allows for its integration into design and analysis workflows,
including performance-based evaluation, optimization processes, and scenario-driven
urban planning.

e  Scalability across spatial and climatic contexts: Due to its relative formulation, the
T-MCCR can be applied across different spatial scales, from individual urban parcels
to district-level configurations, and under both current and future climate scenarios.
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e Linking computational analysis with urban design application: By providing an
interpretable and transferable metric, the framework supports the translation of com-
putational thermal comfort assessments into urban design and planning contexts.

Meteorological Input standardized physiological
Air temperature - Radiation - Humidity - Wind assumptions

I
I -
I —
I -
| & Y I
17 S ///V \ 1 =
| / \ |
I ¥ / A (embedded within UTCI
: . A , 3 Al formulation)
e L N _____ _
Urban Morphology
FAR - SVF - Orientation - etc
T-MCCR enhances the interpretability of
thermal comfort analysis
filling the gaps
T-MCCR Index
Advantages

Comfort Ratio Indexing Numerical Evaluation of Spatial Coherence

& Numerical Evaluation in Thermal Comfort

Time-Based Evaluation Grid Sensitivity & Mathematical Robustness

v

-No quantitative method exists to compare the performance of different urban morphologies in delivering
outdoor thermal comfort

- UTCI maps show outcomes, but they don’t quantify how morphology contributes to those outcomes

-UTCI maps are context-specific and do not provide a normalized numerical basis to compare urban forms
across different climatic settings

-UTCI maps usually represent a specific moment (e.g., hottest hour), missing temporal dynamics and comfort
fluctuations during the day

-UTCI maps don't reflect how uniformly comfort is distributed, They lack a numerical system to describe
whether comfortable zones are clustered or scattered

Figure 3. Conceptual framework illustrating how the T-MCCR index addresses existing gaps in
conventional UTCI-based thermal comfort assessment. Solid arrows indicate the analytical progres-
sion from meteorological and morphological inputs to UTCI mapping and gap identification. The
dashed boundaries represent conceptual groupings, while the highlighted T-MCCR block illustrates
the proposed solution and its advantages.

2.2. Climate Scenarios

Accurate climatic data (Figure 4) is significant for assessing urban thermal comfort,
especially when using dynamic indices like the T-MCCR, which depends on hourly UTCI
values. Since the UTCI is highly sensitive to air temperature, humidity, wind speed, and
solar radiation, even minor variations in these inputs can significantly affect the spatial and
temporal distribution of comfortable zones. To explore the impact of climate change on the
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thermal performance of different urban morphologies, this study compares two standard
EPW datasets: one representing current climate conditions and another reflecting the RCP
8.5 scenario projected for 2050. Daily patterns of key climatic variables on the hottest day
of the year are analyzed across both scenarios, providing insights into seasonal shifts and
their implications for urban thermal comfort.
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Figure 4. Monthly mean climatic variables derived from EPW files for Aachen, comparing present
climate conditions with future projections under the RCP 8.5 scenario (2050).

2.3. Grid Sensitivity

The GClI is a standardized approach for quantifying numerical uncertainty related
to mesh resolution in computational modeling. It enables researchers to systematically
evaluate whether simulation outputs become stable and independent of grid size as the
mesh is refined [30]. Recent studies in environmental modeling have applied the GCI to
ensure the reliability and consistency of results across multiple spatial resolutions [31,32].

This approach is particularly relevant in grid-based simulations such as CFD and urban
microclimate modeling, where spatial discretization directly affects output accuracy. When
refining computational grids, it is essential to confirm that the solution achieves numerical
convergence, meaning that further reductions in grid size do not significantly affect key
output variables [30]. In this context, a mesh convergence study, often summarized through
the GCI, provides a quantitative measure of discretization error and marks the point at
which simulation results become grid-independent [33]. GCI analysis is recognized as a
necessary validation step in such domains, since ignoring grid sensitivity can introduce
subtle errors and weaken trust in the findings. By demonstrating that grid refinement
beyond a certain threshold yields negligible changes in the results, researchers can establish
model reliability while avoiding unnecessary computational expense [34,35].

In GCI analysis, the first step is to estimate the observed order of accuracy (p), which
assesses whether simulation results become more stable as the computational grid is
refined [31]. This step helps to determine if the numerical solution consistently improves as
the mesh becomes finer, and whether further refinement still contributes meaningfully to
result accuracy. In CFD and urban-scale modeling, accurate estimation of (p) is critical for
quantifying convergence behavior and avoiding misleading interpretations of discretization

error [32,36]. os
— <1§2_{() II’Z (1)
P= In(r)

where

1f, 2f, and 3f are the simulation outputs for fine, medium, and coarse grids, respectively.
r is the uniform refinement ratio between grids, such as 2.

Once the observed order of accuracy (p) has been estimated, the next step in GCI anal-
ysis is to quantify the discretization error between two grid levels using the GCI [30,37,38].
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This index expresses the relative difference between solutions on successive grids and
reflects the level of uncertainty due to grid discretization [30].

GCIpp = pl_ |f2;fl|fs 2)

GCly; is the Grid Convergence Index between fine (grid 1) and medium (grid 2) grids.
f1 results from the finer grid.

f2 results from the medium grid.

r is the grid refinement ratio.

P is the observed order accuracy (from step 1).

fs is the safety factor (typically 1.25 for consistent meshes).

Once the GCI values between grid levels have been computed, the final step is to
assess whether the simulation results have reached grid independence. Grid indepen-
dence implies that further refinement of the mesh does not lead to meaningful changes
in simulation outputs. This condition is essential for ensuring that the model results are
not artifacts of spatial discretization. A GCI value below 1%, with a consistent observed
order of accuracy (p), typically indicates numerical convergence [30]. In the present study
(Figures 5-7), thermal comfort conditions were evaluated using the UTCI across three mesh
resolutions: 8 m, 4 m, and 2 m. The analysis revealed a substantial shift in the proportion
of thermally comfortable parcels when refining the grid from 8m to 4m. However, further
refinement from 4m to 2m resulted in no appreciable difference in the outcome, suggesting
that grid convergence had been achieved at the 4 m resolution.

In this context, each parcel within the grid is treated as a spatial unit whose center
acts as a receptor, reporting the UTCI value of that parcel. As the grid resolution becomes
finer, the number of parcels, and thus receptors, increases, enhancing spatial precision. Yet,
the key criterion in assessing numerical stability is not the absolute count of thermally
comfortable parcels but the relative ratio of such parcels to the total number of parcels.
When this ratio stabilizes across successive grid refinements, it reflects that further mesh
refinement does not affect the overall assessment of thermal comfort. According to the Grid
Convergence Index (GCI) framework, this behavior confirms grid independence, validating
the selected grid size as both computationally efficient and numerically robust.

In this study, the cell centers of the computational grid are considered receptors
(Figure 5) for extracting thermal information. Each receptor includes precise spatial co-
ordinates (x and y), the value of the UTCI at that point, and the cell size as a measure
of the spatial resolution of the mesh. As the grid refinement level changes, both the re-
ceptor location and cell size vary, resulting in differences in the reported UTCI values
(Figures 6 and 7). This highlights the importance of selecting an appropriate mesh size and
numerical accuracy in thermal comfort analyses.

(X,,Y,,UTCI)) Receptor 1 —————/+ e
(X,,Y,,UTCL) Receptor2—1—"

(X,,Y,,UTCL) Receptor 3

Figure 5. Role of parcel center points in Grid Convergence Index (GCI) evaluation for UTCI and
entropy-weighted distance (EWD) analyses.
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Figure 6. Application of GCI in a UTCI-based thermal comfort analysis, Red dots represent parcel
center points (receptors) used for UTCI evaluation regarding GCI analysis.
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Figure 7. Spatial distribution of UTCI values across three grid resolutions: 2m x 2m,4m x 4m,
and 8 m x 8 m.

By implementing the Grid Convergence Index (GCI), the percentage change in the
ratio of comfort grids to total grids between the 8 m X 8 m and 4 mx 4 m networks was
found to be 3%.

A reliable grid size can be determined by evaluating the percentage change in the
ratio of comfort grids to total grids; a change of less than 1% between the 4 m x 4 m and
2 m x 2 m networks indicates that the 4 m x 4 m grid provides sufficient spatial resolution.

2.4. T-MCCR

Based on the specific objectives and research scope, temporal weighting may be
applied using one of the following approaches (Figure 8), or by combining and comparing
them within a single analytical framework.

(1) Time-aggregated weighting (uniform):

All time steps are assigned equal weight, and temporal differentiation arises implic-

itly from the hourly variation in thermal comfort conditions (UTCI) (Equation (3)).

This approach preserves a morphology-driven evaluation while avoiding additional

complexity related to user behavior or land-use patterns.

NComfortt T 1
T—MCCR = ———- = 3
Niotal Zt:l T ®

where
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e  Neomfortt = t number of parcels (or pixels) within the thermal comfort range at
time.

®  Niotal = Total number of valid parcels.

o T =Total number of time steps (e.g., hours).

(2) User-attendance weighting (exposure-based):
Temporal weights are assigned according to the intensity or probability of human
presence, such that hours with higher occupancy contribute more strongly to the index.
This interpretation incorporates land use, activity patterns, and accessibility alongside
morphology, enabling a human-exposure-oriented assessment of thermal comfort.

In this case, we have:
T-MCCR=Y, W C 4)
where
o W;= Ff anth):j:l:l,OSWtﬁl
Y1 P
e  C;represents the comfort ratio at time step ¢, as defined in Equation (3).

Regarding the Objectives of the Study or Project

T )
o @
User-attendance weighting (Human = ~

exposure—based temporal weighting) P : .o ﬂ |
ii ] NN

T-MCCR Weighting
index ~
&
Time-aggregated weighting (Uniform Lot
temporal aggregation) 33

NS

Figure 8. Weighting methods within the T-MCCR framework. The yellow box represents user-
attendance weighting (human exposure-based temporal weighting), whereas the pink box denotes
uniform time-aggregated weighting. Clock symbols indicate temporal variability, human icons
represent user presence, and building icons illustrate the variation of thermal comfort levels across
urban morphologies at different hours.

2.5. Applying Entropy as Guidance

If0< % <1, EWD can be calculated and used as a guideline for decision-making.

Ifm =0or1, EWDis 0.
Niotal

Entropy Weighted by Distance (EWD)

Understanding not just the quantity but the spatial distribution of climate comfort is
critical for evaluating the performance of urban morphologies. In cases where different
configurations produce the same overall ratio of comfortable parcels (Figure 6), such as
a centralized courtyard versus dispersed detached buildings, the qualitative experience
and spatial logic of comfort can differ dramatically. Traditional comfort indices fail to
capture this spatial nuance. The EWD metric addresses this gap by integrating both the
probabilistic distribution of comfort (entropy) and the spatial arrangement of comfort zones
(distance). This makes it possible to distinguish between morphologies that may have
identical comfort ratios but fundamentally different spatial patterns, allowing for more
meaningful comparative evaluations and supporting urban design strategies that prioritize
not just thermal performance but also its spatial coherence and accessibility.

Entropy is a well-established metric in spatial analysis for quantifying the degree
of disorder, or dispersion in the spatial distribution of phenomena, originally rooted in
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information theory. It has been adapted to urban studies as a way to assess the com-
plexity of and variability in built environments and land-use patterns [39,40]. In urban
morphology, higher entropy values typically indicate more spatially dispersed or frag-
mented configurations, whereas lower values reflect clustering or regularity in spatial
arrangements [39,41,42]. This approach has been applied in various fields such as thermal
comfort mapping, land-use diversity analysis, and spatial equity assessments, offering a
robust framework to interpret spatial patterns beyond mere counts or densities [43—45].
Additionally, research on urban heat storage cycles has shown that entropy measures
can effectively characterize thermal behavior complexity, enhancing the understanding of
urban microclimate dynamics [46].

While classical Shannon entropy quantifies the statistical uncertainty or heterogeneity
of a spatial distribution, it does not account for the spatial relationships among the entities
under study [47]. To address this, the EWD formulation introduces a spatial weighting
factor based on pairwise distances between spatial units (in this case, thermally comfortable
parcels) [48-50].

In this study, spatial entropy is employed as a complementary metric to the T-MCCR,
enhancing the assessment of how thermally comfortable parcels are spatially arranged.
While the T-MCCR captures the extent and persistence of comfort across morphologies,
entropy highlights variations in spatial organization, distinguishing between clustered and
dispersed comfort patterns. This is especially important when different urban forms show
the same comfort ratios but differ in terms of their spatial distribution.

By accounting for the relative positions of comfort zones, EWD offers a spatially ex-
plicit measure that differentiates between statistically similar yet morphologically distinct
configurations. This enables a more nuanced interpretation of spatial performance, espe-
cially in scenario-based comparisons where aggregate comfort levels alone may obscure
meaningful structural differences.

Step 1—Spatial Probability Distribution

Assume that n thermally comfortable parcels (grid cells) are identified within the
study area. Each parcel is assigned an equal probability

pi=o ©

n = grid cells that are thermally comfortable.
Step 2—Pairwise Distance Matrix

For each pair of thermally comfortable parcels i and j, the Euclidean distance is
calculated based on their spatial coordinates

dy =\ =)+ () ©

dij = the distance between parcel i and parcel j.

Xi, Yj = the Cartesian coordinates of parcel i.
Xj, Y = the Cartesian coordinates of parcel j.

Step 3—Entropy Weighted by Distance (EWD)

The EWD is computed by integrating both the spatial probabilities and the pairwise
distances into a single entropy-based expression

1
EWD = Y, Yo g pilog(pj)wy, wij = o @)
ij

i
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Normalization Method (Min-Max Scaling)

To enable a meaningful comparison across morphological alternatives with different
spatial extents or comfort grid counts, the raw EWD values can be normalized using a
min-max scaling approach. This technique rescales the EWD values to a standardized
range between 0 and 1 [51]:

EWDyormi = (minEWD; — EWD) / (1maxEWD; — EWD) (8)

EWD; = iis the unnormalized for the scenario.
EWDpin and EWDpax = The maximum and minimum EWD values observed across
all scenarios.

In cases where the ratio of climate-comfortable cells to total cells is similar across
scenarios, the EWD can be employed to better interpret the spatial distribution of comfort
zones. In Figure 9, the proportion of comfortable cells is equal in both diagrams; however,
the EWD values differ significantly, reflecting the distinct spatial arrangements, clustered
versus dispersed, of those comfort zones.

Clustered Comfort parcels

*x x b 4 * * * x ® % " "
d;
x X X x x x
8 " ” . : . 3 4 7 5 . . EWD= *Z pi- log(py)-w
1
x x . ¥ & i . » . " . . wy= dy;
LT Tt EWD = 3.753

Spatial distribution of comfortable parcels

P.=1/n

Dispersed comfort parcels

EWD = —Z pi-log(p;)-w;
ij

x x x x =5
5 * w{jf di.f
x x x x x X
EWD = 1.064
Spatial distribution of comfortable parcels
P,=1/n
>< Comfortable parcel X Uncomfortable parcel

Figure 9. Comparison of clustered and dispersed spatial distributions of comfortable parcels using
the Entropy Weighted by Distance (EWD) metric. Green markers represent comfortable parcels,
while black crosses denote uncomfortable parcels. Blue lines illustrate the spatial distances between
comfortable parcels used in the EWD calculation.

2.6. UTCI Simulation Method

In this study, EPW weather files were used to represent both the baseline (current
climate) and future climate change scenarios. While the existing EPW file was employed
to characterize present-day conditions, future weather datasets were generated using
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Meteonorm 8 based on climate change projections under the RCP 8.5 scenario for the
2050 time horizon. Meteonorm applies a statistical weather morphing approach, in which
long-term climate model projections are used to modify the baseline EPW file by adjusting
temperature, humidity, wind, and solar radiation variables while preserving the original
temporal structure of the weather data. The resulting future EPW files were then used
to extract hourly climatic parameters required for microclimatic modeling. Subsequently,
the open space was discretized into uniform grids with an optimal resolution determined
using the Grid Convergence Index (GCI) method. For each grid cell, the Universal Ther-
mal Climate Index (UTCI) was calculated (Figure 10) by integrating local microclimatic
conditions, with particular emphasis on the Mean Radiant Temperature (MRT).

Meteonorm 8

&=
Existing EPW File ----)

New EPW File
Future Scenario 2050

woralod 5

Step 1 Extracting climatic parameters (e.g., dry-bulb
temperature, relative humidity, direct normal radiation, etc.)

D } location >—
dry_bulb_temperature  pa— ) Open-space grid generation
dew_point_temperature [ p (GCI method)
relative_humidity D
wind_speed D=
wind_direction D
direct_normal_rad )‘
. . _geometry points
diffuse_horizontal_rad D S0 o AT
4 E b——( _epw_file - global_horizontal_rad D 70,7,“.‘7;”5‘7 *e face arcas
horizontal_infrared_rad =~ Do quad_only_ mesh
direct_normal_ill D
diffuse_horizontal_ill D :
global_horizontal_ill D 1 Step 5 -
. i UTCI results for each grid
otal_sky_cover ) 1
barometric_pressure D : o)
model_year D 1
ground_temperature ) :
1
1
1
\ 1
\ 1 e
\ 1
\ 1
\ 1
1 1
1 1
<& i
SISkl \[RT Calculation !
1
4 [ |
_location
report D
_surface_temp
_dir_norm_rad short_erf D
_diff_horiz_rad
. long_erf D
_horiz_infrared 9 _air_temp report
L I R > U
sky_exposure_ 1650 comfort
_rel_humid lg .
_ground_ref_ long_dmrt D condition
_solar_body_par_ _wind_vel_ category
mrt D= :
_run _run comf_obj

SIS UTCI simulation

Figure 10. Overview of the methodological workflow for grid-based UTCI simulation.
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Mean Radiant Temperature (MRT) was calculated using the six-directional (six-flux)
radiation model implemented in Ladybug Tools [52]. The computation follows ISO 7726 [53]
and the German guideline VDI 3787 [54], where MRT is defined as the Stefan-Boltzmann
equivalent temperature derived from the balance of shortwave and longwave radiation
fluxes incident on the human body [55,56].

In this workflow, MRT accounts for shortwave radiation components, including direct
normal solar radiation, diffuse horizontal sky radiation, and reflected shortwave radiation
from surrounding ground and urban surfaces, as well as longwave radiation components,
represented through horizontal infrared radiation and longwave emission from surround-
ing built surfaces [57].

Radiative exchanges are resolved within a six-directional framework (£X, £Y, +Z, —Z),
weighted by angular view factors consistent with ISO 7726. Three-dimensional urban ge-
ometry, sky exposure, ground reflectance, and shading conditions are therefore embedded
in the MRT calculation, enabling spatial variability in radiant thermal conditions to be
captured at the pedestrian level [56].

MRT values were obtained through simulation-based calculations at an hourly tempo-
ral resolution. Human exposure was represented by a reference point at pedestrian height
(~1.5 m), adopting standard absorption and emissivity coefficients for the human body, as
defined in ISO 7726 [53]. During nighttime hours, MRT is determined solely by longwave
radiative exchanges [52].

The grid-based UTCI outputs provide a high-resolution spatial basis for the subsequent
T-MCCR analysis.

3. Results
3.1. Pilot Case Study

Given that the T-MCCR index is theoretically weighted based on the degree of hu-
man presence and use of urban spaces, peak hours of urban activity can be expected to
carry greater importance in the assessment of outdoor thermal comfort. However, in the
present study, with the primary aim of introducing and validating the methodological
framework and technical formulation of the index, the performance of the T-MCCR across
all hours of the day and across different urban morphologies is assigned equal weight. It
is acknowledged that, in real-world conditions, due to the continuous yet uneven pattern
of urban space usage, particularly the dominance of daytime activities, nighttime hours
generally exhibit lower practical relevance, even when they may offer more favorable
thermal comfort conditions. As commonly adopted in the literature, the hottest days of
the year are often analyzed as critical periods for better understanding urban thermal
performance and for informing mitigation or resilience strategies. Accordingly, in this
study, the T-"MCCR index is evaluated on the hottest day of the year to demonstrate its
ability to capture morphological differences in terms of outdoor thermal comfort provision.

To evaluate the influence of urban form on outdoor thermal comfort, three distinct
urban typo-morphologies (Figures 11 and 12) were selected within the city of Aachen
in Germany:

e A compact urban morphology located in the historic city center (Morphology 1).
e A morphology characterized by detached mega-scale buildings (Morphology 2).
e A morphology composed of detached small-scale buildings (Morphology 3).
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Typo-Morphology 1 Typo-Morphology 2 Typo-Morphology 3
Compact Morphology Detached Mega-Scale Buildings Detached Small Buildings- Morphology

Figure 11. Selected urban areas in Aachen categorized into three typo-morphologies used for

T-MCCR analysis.

e, o O 53 B o 2 - LA B B SRR L T B —— | || - 5 =

b Vg =

e [.CZ 2 Compact midrise  Typo-Morphology 1
LCZ 6 Open lowrise Typo-Morphology 3
LCZ 8 Large lowrise Typo-Morphology 2

Figure 12. LCZ-based typo-morphological classification of the study area.

These diverse spatial configurations provide a comparative basis for applying the
T-MCCR. UTCI simulations were conducted for the hottest day of the year, using EPW
weather data representing both the current climate and the projected future scenario
(RCP 8.5 (2050)). The UTCI results (Appendix A—Figures A1-A6) under both scenarios
served as the basis for calculating the T-MCCR indeXx, across different urban forms. The
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selected typo-morphologies exhibit distinct urban density and built-unbuilt configurations,
as summarized in Table 1. While all cases share an identical site area, substantial differences
are observed in building footprint, unbuilt area, and gross floor area. Typo-Morphology 1
represents a compact urban form with the highest building coverage ratio (47.6%) and floor
area ratio (FAR = 1.29), whereas Typo-Morphology 2 and Typo-Morphology 3 progressively
reflect more open urban structures with lower building coverage ratios and FAR values.
These morphological contrasts directly influence the radiative environment, sky view factor,
and shading patterns, thereby playing a critical role in shaping the spatial variability in
Mean Radiant Temperature (MRT) and, consequently, the UTCI across the study area.

Table 1. Quantitative morphological indicators of the selected urban typo-morphologies.

BUILDING BUILDING

TYPO-MORPHOLOGY SIT&%EA FOOTPRINT :&i‘iﬁ% GIZ(I){SEi%;?R COVERAGE FAR
(M?) RATIO (%)

TYPO-MORPHOLOGY 1 109,851 52,281 57,570 141,694 47.6 1.29

TYPO-MORPHOLOGY 2 109,851 27,047 82,804 102,836 24.6 0.94

TYPO-MORPHOLOGY 3 109,851 18,882 90,969 19,170 17.2 0.17

Based on the proposed methodology, hourly UTCI maps were generated and presented
sequentially for different climatic scenarios (Appendix A).

3.2. Implementation of the T-MCCR Framework Based on UTCI Analysis

Under current climatic conditions, all three morphologies exhibit (Figure 13) a high
hourly Climate Comfort Ratio during nighttime and early morning hours (00:00-06:00
and 18:00-23:00), maintaining values close to 100%. However, notable differences emerge
during daytime hours (08:00-17:00). Morphology 1 (compact morphology) consistently
outperforms the others, preserving comfort levels between 50% and 70%. In contrast,
Morphologies 2 (detached mega-scale buildings) and 3 (detached small-scale buildings)
experience a sharper decline, with the detached small-scall buildings morphology showing
values below 30% for most daytime hours. These findings indicate that urban form and
spatial configuration significantly influence the persistence of outdoor thermal comfort
during peak heat periods.

In the projected 2050 scenario (Figure 14) under climate change conditions, all mor-
phologies demonstrate a substantial reduction in thermal comfort when it is midday. Even
Morphology 1, which showed relatively resilient performance in the baseline, drops to 0%
comfort ratio between 12:00 and 15:00. Morphologies 2 (detached mega-scale buildings)
and 3 (detached small-scall buildings) follow similar patterns with limited comfort recovery
in the early morning and late afternoon. This suggests that without adaptive urban design
strategies, future urban environments may face extended periods of thermal discomfort.
Therefore, morphological adaptations, such as enhanced shading, increased ventilation,
and thermally responsive materials, will be crucial to mitigate climate-induced comfort
loss in outdoor urban spaces.
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Figure 13. Hourly Climate Comfort Ratio (CCR) comparison across the three typo-morphologies
under present climate conditions.
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Figure 14. Hourly Climate Comfort Ratio (CCR) projections for 2050 under the RCP 8.5 scenario.

The hourly distribution of thermally comfortable grid cells across the three morpholo-
gies (Figure 15) reveals clear differences in their performance under present and future
climate conditions. In the current climate scenario, Morphology 1 maintains a relatively
high proportion of comfortable parcels throughout the daytime, with a minimum value
of approximately 55% at peak heat hours (around 13:00-15:00). Morphologies 2 and 3,
in contrast, display significantly lower comfort proportions, particularly between 10:00
and 17:00, where values drop below 35% and 25%, respectively. Under the 2050 RCP 8.5
scenario, all morphologies experience a sharp reduction in comfort when it is midday.
Notably, Morphology 1 drops to a minimum of ~45%, while Morphologies 2 and 3 fall to
levels below 25% and 20%, respectively, with some hours reaching near-zero comfort ratios.
Despite the overall decline in thermal performance, Morphology 1 consistently outperforms
the other configurations across all hours, suggesting greater resilience to climate-induced
stress. Early morning and late evening hours (before 7:00 and after 18:00) remain thermally
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comfortable across all morphologies in both scenarios, indicating that the most critical
differences occur during the central hours of the day when thermal stress peaks.

Hourly Comfortable Grid Ratio: Present vs 2050

Morphology 1 (Present)
Morphology 1 (2050)
Morphology 2 (Present)
Morphology 2 (2050)
Maorphology 3 (Present)
Morphology 3 (2050)
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Figure 15. Comparison of hourly Comfortable Grid Ratio (CGR) between present and 2050 (RCP 8.5)
climate scenarios across all three typo-morphologies.

To enable a more interpretable comparison across morphologies, the hourly values
of comfort ratios can be aggregated using the T-MCCR (Time-weighted Morphological
Climate Comfort Ratio) metric. By summing the hourly comfort percentages and dividing
by 24 (the total number of hours), a single numerical value is obtained for each morphology.
This allows for a straightforward comparison of overall thermal comfort performance and
resilience, especially under varying climate conditions. Such a quantitative index facilitates
integration into optimization frameworks and spatial planning processes, where compact,
comparable metrics are essential for decision-making.

4. Discussion

The analysis of the T-MCCR (Time-weighted Morphological Climate Comfort Ratio)
(Figure 16) across the three urban morphologies under both current and projected 2050
climate conditions reveals a consistent performance hierarchy. Morphology 1 demonstrates
the highest average thermal comfort across the day in both scenarios, with a T-MCCR of
0.82 at present, declining to 0.72 in 2050. Morphology 2 and Morphology 3 follow with
lower comfort levels, exhibiting more pronounced reductions under future conditions.
Despite the overall climate-induced decline in thermal comfort across all morphologies,
Morphology 1 remains the most resilient configuration. These findings highlight the critical
role of urban form in maintaining outdoor comfort in the face of climate change and suggest
that Morphology 1 offers the best adaptive potential.

The findings of this study offer practical implications for urban designers, planners,
and policymakers seeking to improve outdoor thermal comfort in response to climate
change. The T-MCCR index, due to its numerical and time-weighted nature, allows for
direct benchmarking of different urban morphologies based on their thermal performance.
This makes it particularly valuable in early-stage urban design, scenario-based evaluation,
and performance-driven planning. Notably, compact and dense morphologies, such as Mor-
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phology 1, demonstrated superior resilience even under projected 2050 climate conditions,
highlighting the role of urban form in mediating thermal vulnerability. Key parameters
such as building density, height-to-width ratios, sky view factor, compactness, vegetation
presence, and the continuity of shaded surfaces play an essential role in shaping local
microclimates. Higher enclosure and reduced sky exposure generally moderate solar gains
and mitigate daytime heat stress, while open and highly fragmented configurations tend to
increase radiative load, surface heating, and exposure to direct sunlight. The arrangement
and spacing of buildings also influence wind flow patterns, affecting both convective
cooling and heat retention. These intrinsic morphological attributes collectively determine
how different urban forms respond to climatic drivers, which explains the variation in
UTCl-based thermal comfort performance observed across typologies and scenarios. This
numerical nature of the T-"MCCR index makes it particularly suitable for integration into
future optimization-based studies, enabling the systematic evaluation and generation of
urban morphologies with enhanced thermal resilience under varying climate scenarios. Its
simplicity and adaptability also support incorporation into generative design tools and
policy frameworks focused on climate-sensitive and equitable urban transformation.

T-MCCR Comparison: Present vs 2050
(Abs: Absolute Reduction | Rel: Relative Reduction)

82.33
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80r . 2050
70
60

R 50¢

o

s

s 401

=
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Morphology 1
(Abs: 11.79 | Rel: 14.3%)

Morphology 2
(Abs: 6.38 | Rel: 9.7%)

Morphology 3
(Abs: 6.08 | Rel: 9.6%)

Figure 16. T-MCCR values for the three typo-morphologies under present and 2050 (RCP 8.5)
climate scenarios.

5. Conclusions

This study introduced the T-MCCR as a metric-based framework for evaluating the
thermal comfort performance of urban spaces with different morphologies by explicitly
accounting for temporal variation. By integrating spatial comfort ratios within a temporally
structured formulation, the proposed index addresses key limitations of existing descriptive
and map-based approaches and enables systematic, performance-oriented comparison of
urban forms under both current and future climatic conditions.

The application of the T-MCCR to contrasting morphological configurations demon-
strated that urban form plays a decisive role not only in the spatial extent but also in the
temporal persistence of outdoor thermal comfort. The results further indicate that climate
change scenarios amplify performance differences among morphologies, highlighting the
importance of considering time-dependent comfort provision rather than relying solely on
instantaneous thermal conditions.
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While the T-MCCR framework can accommodate differentiated temporal weighting
based on patterns of outdoor space use or user behavior, such approaches require high-resolution
spatiotemporal occupancy data across different morphological configurations, which are
often associated with greater uncertainty than the microclimatic simulation outputs em-
ployed in this study. To avoid introducing additional uncertainty, the present application
adopts a uniform temporal weighting scheme, allowing for morphological performance to
be evaluated primarily as a function of climatic forcing and geometric configuration.

Future research may extend the T-MCCR framework by incorporating user-weighted
temporal schemes when reliable occupancy data are available, enabling activity-oriented
or program-specific evaluations of outdoor thermal comfort. In parallel, further studies
may examine the sensitivity of -MCCR outcomes to alternative UTCI comfort threshold
definitions, assessing the robustness of relative performance rankings across varying com-
fort ranges. Together, these directions would enhance the robustness, interpretability, and
applicability of the T-"MCCR framework across diverse climatic and planning contexts.
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Abbreviations

The following abbreviations are used in this manuscript:

T-MCCR  Time-weighted Morphological Climate Comfort Ratio

UTCI Universal Thermal Climate Index

GCI Grid Convergence Index

CFD Computational Fluid Dynamics

SVF Sky View Factor

RCPs Representative Concentration Pathways

LCZ Local Climate Zones

STOCA  Spatiotemporal Outdoor Thermal Comfort Availability
EPW EnergyPlus Weather

EWD Entropy Weighted by Distance
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Appendix A
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Figure Al. Hourly UTCI maps for Typo-Morphology 1 (compact morphology) under present
climate conditions.
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UTCI Analysis - RCP8.5 , 2050 - Morphology 1 ( Compact morphology)

18.00

Figure A2. Hourly UTCI maps for Typo-Morphology 1 (compact morphology) under the RCP 8.5
climate scenario in 2050.
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Figure A3. Hourly UTCI maps for Typo-Morphology 2 (detached mega-scale buildings) under
present climate conditions.
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UTCI Analysis - RCP8.5 , 2050 - Morphology 2 ( Detached Mega-Scale Buildings)

e '.

Figure A4. Hourly UTCI maps for Typo-Morphology 2 (detached mega-scale buildings) under under
the RCP 8.5 climate scenario in 2050.
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UTCI Analysis - Present Climate Condition - Morphology 3 ( detached small buildings- Morphology)

Figure A5. Hourly UTCI maps for Typo-Morphology 3 (detached small-scale buildings) under

present climate conditions.
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Figure A6. Hourly UTCI maps for Typo-Morphology 3 (detached small-scale buildings) under the
RCP 8.5 climate scenario in 2050.
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