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Abstract - Computational fluid dynamics (CFD) is extensively utilized to assess the thermal behaviour of pedestrians and
mitigate the effects of the urban heat island. However, such analysis are usually computationally intensive and thus limit their
applicability in large-scale parametric analysis. From the green computing perspective, achieving accurate and precise results
at a lower cost is considered essential. However, this aspect remains underexplored in urban CFD literature. This paper tries
to fill this gap by examining how mesh structure can affect thermal accuracy and computing efficiency. The test case of this
study is a hypothetical urban domain which is consisted of a 3x3 array of buildings. The study tested six mesh configurations to
understand their effects. Thermal accuracy is measured by the pedestrian level canyon-averaged air temperature and the
measures of evaluating computational efficiency are solver convergence behaviour and wall-clock time. A Mesh Performance
Index (MPI) is proposed to enable the combined effect of both the thermal precision and the computational expense in order to
support the integrated evaluation. The findings indicate that uniformly refined meshes increase computational cost without
improving convergence or thermal accuracy, whereas coarse meshes reduce runtime but fail to adequately solve the pedestrian-
level thermal gradients. Conversely, the optimized mesh achieved a thermal accuracy close to baseline at a reduction of about
74 percent in wall-clock time over the physics-informed mesh. Not only this, but optimized mesh has also listed MPI values
which are 1.8 to 178.5 times higher than that of the other configurations. These findings suggest that optimization of mesh using
physics can be used to considerably reduce the energy requirement and preserve the thermal fidelity. This method offers a viable
way to more environmentally friendly and sustainable urban CFD simulations.

Keywords - Computational fluid dynamics, Energy efficiency, Mesh optimization, Pedestrian behaviour, Urban microclimate.

1. Introduction

Rapid population and economic growth have driven
increased migration from rural to urban areas, thereby
resulting in accelerated global urbanization [1]. Due to this
growth, natural surfaces are being substituted with artificial
ones, such as concrete, asphalt, and buildings [2-4]. This
change alters the city’s thermal environment and leads to the
Urban Heat Island (UHI) [4]. The UHI effects refers to the
phenomenon where temperatures in cities are higher
compared to the surrounding rural areas. [5, 6] This effect
increases ambient temperatures, decreases pedestrian comfort,
and increases energy demands [7-9]. High-density regions
may limit air circulation and trap heat in street canyons,
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thereby resulting in intensified local heat stress [10]. These
conditions are particularly critical in hot climates, where low
winds can significantly affect thermal perception and cooling
energy demand. These processes are critical to understand and
are therefore essential for designing climate-resilient and
energy-efficient urban environments. These challenges
highlight the need for a better understanding of urban
microclimates and their interactions with urban form.

Urban microclimate modelling has been considered as an
important method for examining the airflow, heat transfer, and
thermal conditions in complex urban microclimates [11, 12].
Among the various available approaches, Computational
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Fluid Dynamics (CFD) is extensively utilized to conduct
detailed airflow and heat transfer analysis. Many studies have
shown that CFD can accurately simulate pedestrian wind flow
and thermal conditions, which can be useful for urban
planning and heat mitigation strategies. For instance, Melani
et al. [13] demonstrated that multi-scale CFD modelling can
effectively capture pedestrian wind conditions by coupling
regional atmospheric flow with building-scale simulations. In
a similar study, Silva et al. [14] studied the effects of wind
direction and building height on the pedestrian behaviour and
pointed out the critical importance of the configuration of the
city in order to keep the outdoor comfort.

In the context of heat mitigation strategies, Zeeshan and
Ali [15] investigated the effects of cool materials, greenery
and water bodies and found a notable enhancement in thermal
comfort. Similarly, Author studied the influence of reflective
pavements and green infrastructure on microclimate. They
found average temperature reduction of 0.16-0.33°C across
the different strategies. Furthermore, Cao and Li [16] studied
the spatial form effect on urban wind environment. They noted
that optimal building planning can decrease the stagnant wind
areas and pedestrian comfort.

Chew et al. [17] also showed that passive ventilation
measures can optimize the ventilation in urban street canyons
and improve pedestrian-level thermal conditions in warm
climates. More recently, CFD simulation was used to study
the effect of morphology and void-integrated building design
on wind power density and turbulence by Yang et al. [18]
Meanwhile, Author emphasized the need to incorporate PCM
to enhance the thermal performance of indoor environment.

Nevertheless, these improvements have not yet been
sufficient to make CFD predictions reliable enough to be
independent of modelling assumptions and discretization
methods. The resolution of the mesh is believed to play a key
role in flow and thermal field simulation accuracy. Several
studies have emphasized the importance of grid convergence
and mesh sensitivity analysis in ensuring reliable CFD
predictions [19]. Insufficient mesh resolution may result in
under-resolved boundary layers and/or distorted recirculation
patterns and incorrect thermal predictions [19, 20]. On the
other hand, excessively refined meshes may lead to a large but
disproportionate increase in computational cost without any
significant improvement in accuracy[20].

Previous studies indicate that in some urban flow
scenarios medium grid resolutions can be used to obtain
results similar to those obtained in finer resolutions [19, 21]
and the grid convergence method, such as the one validated by
Li et al. [22] can provide a systematic approach to ensure
solution reliability. The results underscore the importance of
mesh design in attaining the balance between effort and
accuracy. The resolution of the meshes has also been found to
be one of the important factors that affects the modeling error
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in urban airflow and thermal simulations [23]. It directly
influences the wvelocity field prediction, the turbulence
characteristics and thermal gradients of the street canyon and
the buildings [24-26]. High-fidelity approaches like Large
Eddy Simulation (LES) require even more stringent mesh
resolutions to resolve near-wall turbulence and wake
interactions [27]. Further research work on pedestrian wind
comfort and pollutant dispersion has demonstrated that when
the mesh is not designed properly, the behaviour of the flow
can be significantly different from what is predicted [22, 27-
31]. It was also apparent from the urban modelling studies that
it is important to design the grid and carry out appropriate
validation procedures to ensure accurate modelling [32, 33].
These results demonstrate the significance of the proper
design of the mesh and sensitivity analysis in the CFD
simulation of urban flows.

To address these challenges, hybrid and non-uniform
meshing methods have been proposed to resolve the need to
focus the resolution on the building surfaces and pedestrian
areas, while relaxing in less critical areas. Also, the extrusion-
exclusion discretization technique is another useful strategy to
reduce meshing time and effort [34]. In broader CFD research,
adaptive and physics-based mesh refinement methods have
also been developed that allow the grids to dynamically or
strategically adapt to flow features to improve numerical
efficiency without sacrificing solution accuracy [35, 36]. At
the same time, researchers have been focused on the trade off
between the effort, cost and accuracy of the solution [37, 38],
with excessive mesh refinement causing significant
computational overhead.

A data-driven approach also has been developed in recent
years as a viable alternative to enhance CFD efficiency and
mesh design [39, 40]. Machine learning (ML) techniques
enables faster evaluation of flow behaviour while reducing
computational expense [41]. For instance, a recent work has
introduced ML-based frameworks that provide spatial
feedback on mesh convergence by identifying regions
requiring refinement using clustering-based approaches,
thereby offering a more systematic alternative to traditional
mesh sensitivity studies [42, 43]. The methods take advantage
of features in the flow field to determine regions of interest
and help to direct mesh refinement.

Additionally, ML methods have shown great promise in
fields such as surrogate modelling, coarse-grid error
correction, and solver acceleration, which helps to save
computational time and enhance workflow efficiency [41, 44].
However, these strategies are typically data-driven, feature
engineered, and problem-specific tuned, which can restrict the
generalizability and physical interpretability of these
approaches. In addition, as noted in recent studies, mesh
generation in practice still relies heavily on user experience
and heuristic decisions, and systematic frameworks for
evaluating mesh performance remain limited.
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In parallel, high-performance computing techniques such
as parallel processing and GPU acceleration have been widely
used to reduce simulation runtime [45, 46]. Although these
methods improve computational throughput, they do not
address the numerical efficiency of mesh design itself, which
remains a key factor governing overall simulation
performance. In other areas of computational science, the
energy consumed by simulations and the resulting energy-to-
solution have increasingly emerged as important metrics for
sustainable computing [47-49]. However, this perspective
remains scantly available in urban microclimate modelling
literature, where long runtimes, excessive iteration counts, and
non-converged simulations are frequently encountered
without explicit consideration of their computational or
energy implications [50, 51]. Consequently, limited emphasis
has been placed on developing mesh design strategies that
simultaneously address numerical accuracy, computational
efficiency, and sustainability in urban CFD applications.

Collectively, literature on urban CFD studies can
therefore be roughly categorised into three areas: (i) urban
airflow and thermal environment assessment, (ii) mesh
sensitivity and grid convergence analysis, and (iii)
computational acceleration and data-driven methods.
However, these approaches typically address accuracy,
computational  speed, or data-driven enhancement
independently. There is no systematic framework that
combines design of the mesh, thermal accuracy and
computational efficiency into a single evaluation framework.
This is especially important compared to emerging Al/ML-
based methods that focus primarily on refinement or
acceleration rather than on integrated performance
assessment.

This gap highlights the need to reframe mesh design as a
performance-driven, sustainability-oriented decision that
balances computational cost and solution accuracy. This study
examines the influence of different mesh configurations on
solver convergence, pedestrian-level thermal accuracy, and
computational cost in urban CFD simulations. The main
novelty of this work lies in explicitly linking mesh design to
computational efficiency by introducing a Mesh Performance
Index (MPI) that integrates prediction accuracy and
computational cost into a single quantitative metric.

The proposed framework uses a physics-informed mesh
optimization method, which is different from other methods
of uniform refinement or heuristic mesh selection, or data-
driven training. The study systematically evaluates multiple
mesh configurations within a controlled urban domain and
demonstrates that targeted mesh optimization can achieve
near-baseline thermal accuracy with a substantial reduction in
computational cost. This provides a robust and interpretable
framework for improving computational efficiency while
maintaining physical reliability in urban CFD simulations.
The primary goals of this study are:
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To evaluate the influence of different mesh configurations
on solver convergence and computational cost.

To assess pedestrian-level thermal accuracy using
canyon-averaged air temperature.

To quantify the trade-off between computational
efficiency and thermal accuracy.

To develop and apply a Mesh Performance Index (MPI)
for integrated performance evaluation.

N

. Methodology

This section describes the methodological framework
used in the study. It consists of five successive stages as
illustrated in Figure 1. It starts from the development of model.
This involves creating a geometric model, meshing, finalising
governing equations, and setting up boundary conditions and
numerical parameters.

| MODEL DEVELOPMENT |
| Geometry & Governing Boundary conditions |
l Domain set equation & Numerical settings I
\_________1__________J
FORMULATION OF MESH SCENARIOS
Uniform Refinement Physics-Informed gpth_lzedt
Case 1: Very coarse Refinement mesh (w.r.t.
Case 2: Coarse Case 5: Refined mesh Case 5)
Case 3: Medium along walls, roof & Ca_se 6: Irrelevant
Case 4: Fine ground. refinement
reduced based on
o T T T T T T T T T T
| SIMULATION & ANALYSIS |
| Convergence behaviour, 2m Temperature and Computational cost
¥__________£__________J
| MESH PERFORMANCE INDEX EVALUATION |
Based on accuracy and computational cost
k__________I__________J
o —— — — — — — — —— — ——— — — — —
N\
VALIDATION [ Experimental data from Uehara et al. 2000 ] I
Validation with wind Grid Sensitivity
| tunnel data analysis |
\ - e - s _-_-_nm__nn__-- J

Fig. 1 Methodological framework adopted in the present study

Subsequently, multiple mesh refinement scenarios are
formulated and systematically evaluated. This followed by the
numerical simulation. Based on the simulations, performance
will be assessed through convergence behaviour, pedestrian-
level air temperature, and computational cost. Thereafter, the
obtained results were utilized for quantifying the Mesh
Performance Index (MPI). Finally, model validation is carried
out using a sensitivity analysis of grid and the comparison of
results with benchmark experimental results. The validation
simulations employ the same meshing strategy as the
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optimized configuration, but the geometry and mesh
resolution are scaled to match the experimental setup.

2.1. Urban Domain

To examine the influence of mesh design on urban
modelling accuracy and computational effort, a hypothetical
urban domain consisting of nine buildings (arranged in a 3x3
array) is considered. Each building is assumed to have a plan
dimension of 5mx5m, with a height to width ratio of 1. The
inner building spacing is maintained at 5 m in both streamwise
and spanwise directions. This configuration results in twelve
street canyons and is commonly adopted in urban CFD studies
to investigate pedestrian-scale thermal environments. The
buildings are considered to be situated in typical climatic
conditions in Rajkot, Gujarat, India. To minimize boundary
effects and ensure proper development of flow and thermal
fields, the geometry of the domain is extended 15H in lateral
directions and 5H in the upward direction, consistent with
established urban CFD best-practice guidelines [52]. A
graphical representation of the urban domain considered for
study is shown in Figure 2. It highlights the top view, front
view and a three-dimensional view of the urban domain.

S5x5m

B

Fig. 2 Schematic layout showing a) Top view, b) Side view & c¢) Three-
dimensional (3D) layout of domain taken up for study.

5x5m I

O

5x5m

2.2. Numerical Set Up

To model the airflow distribution within the
computational domain, a 3D CFD based urban microclimate
model is employed. The numerical framework employed in
this study is based on a previously validated computational
setup, as reported in Author Studies where the model was
extensively verified and validated against experimental and
numerical datasets. This ensures the reliability of the
governing equations, turbulence modelling approach, and
numerical schemes used in the present work.

The model enables detailed analysis of airflow patterns,
convective heat transfer, and temperature distribution within
the urban environment. A steady-state Reynolds-averaged
Navier-Stokes equation is numerically solved to understand
the flow distribution. The energy equation is integrated with
the momentum equations to evaluate thermal behaviour within
the domain. The buoyancy effects arising from temperature
gradients are incorporated by using the Boussinesq
approximation. The governing equations adopted are
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presented in Equations (1)-(3).

aU;
o o))
aUl' _ ap a an
ja__a_xi+(v+vt)§j§j_8(T_Tref)gi (2)
oT a%T
Uia_xi: (O(+O(t)ﬁ (3)

Here, U; denotes i component of velocity, and P
represents the kinematic pressure. The air temperature is
represented by T, and Trer denotes the reference air
temperature. Subsequently, the kinematic viscosity of the air
(v) is taken as 1.0x107> m?s?, while the turbulent viscosity, v,
is computed with the help of the k-epsilon turbulence model.
B (K1) denotes a thermal expansion coefficient of air and g;
represents the gravitational acceleration component in the it"
direction. Thermal transport is modelled using thermal
diffusivity (a) which is computed as a=%, where Pr

represents Prandtl number. Subsequently, «, denotes a
turbulent thermal diffusivity, while the air density is assumed
to be 1.0 kg/m® at temperature T.

Despite the use of a previously validated numerical
framework, additional verification and validation are
necessary due to differences in mesh configuration and
domain discretization implemented in the present study.
Therefore, this study verifies the results obtained from the
optimized mesh configuration through a grid independence
study and validates the simulation results against experimental
results of thereby ensuring the numerical reliability of the
discretization and the physical reliability of the model
predictions.

2.3. Different Scenarios

To assess the impact of mesh resolution and structure on
numerical accuracy and computational efficiency, six
different mesh configurations are developed for the same
urban domain. The meshing process begins with the
generation of a two-dimensional (2D) structured mesh on a
horizontal plane of the modelled domain. This base mesh is
subsequently extruded vertically wusing the extrusion-
exclusion discretization method, which is proposed by van
Hooff and Blocken [34]. In this, a 2D mesh is extended
vertically to form a structured 3D grid. The solid building
volumes are then discarded from the extruded mesh, leaving a
high quality hexahedral mesh of the fluid domain.

The six mesh configurations developed for the assessment
span from uniformly coarse to optimized non-uniform
strategies for refinement. These configurations are set up to
systematically study the balance between computational cost
and the accuracy of the solutions. For Cases 1 and 2, uniform
refinement is made across the computational domain to serve
as a reference case for the mesh behaviour as the global
resolution is gradually increased. For Cases 3 and 4, further
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refinement is added to the building regions to capture finer-
scale separation, wake and thermal recirculation regions,
which are often found near urban buildings.

Case 5 uses a physics-informed mesh refinement strategy
as described by Author, where the high resolution meshes are
focused around walls, roofs, ground surfaces and street
canyons where the velocity and thermal gradients are likely to
be high. These regions are associated with near-wall boundary
layer development, buoyancy-induced thermal stratification,
pedestrian-level heat accumulation, and vortex formation, all
of which significantly influence urban thermal behaviour. This
will allow the mesh to accurately capture the dominant flow
and heat-transfer mechanisms while avoiding unnecessary
refinement in relatively uniform regions of the domain.

Based on this physics-informed refinement approach,
Case 6 is developed by selectively decreasing element density
in places where the impacts on the temperature distribution
and flow behaviour are not as great. This approach will
maintain thermal prediction accuracy with minimal
computational costs and to maximize the overall numerical
efficiency. Figure 3(a-f) illustrates the different mesh
configurations adopted in the study, while the corresponding
mesh characteristics, element counts, and mesh types are
summarized in Table 1.

Fig. 3 Computational mesh configurations used in the present study for

Cases 1-6
Table 1. Various mesh configurations considered for the study
Scenario Mesh size Refinement strategy No of elements Element type
Case 1 Very coarse Uniform 112788 Structured hexahedral
Case 2 Coarse Uniform 776804 Structured hexahedral
Case 3 Medium Uniform 1483160 Structured hexahedral
Case 4 Fine Uniform 2770620 Structured hexahedral
Case 5 Physics-informed Non-uniform 1723580 Structured hexahedral
Case 6 Optimized Optimized 711504 Structured hexahedral

2.4. Boundary Conditions

To conduct these simulations, a representative hot-day
scenario is considered, with a reference ambient air
temperature of 312 K. The wind speed at the inlet is set at 1
m/s to represent low ventilation (high pedestrian level thermal
stress). This is achieved by using a velocity inlet condition at
the inlet. The inlet turbulence quantities are specified using
standard atmospheric boundary layer formulations given in
Equations (4)-(5):

k) == @
@ =i ®)

Here u, represents friction velocity, €, denotes model
constant of the k-epsilon turbulence model, « is taken as 0.41
which represents the von Karman constant, and Z, (taken as
1m) represents the aerodynamic roughness length.

Subsequently, a zero gradient boundary condition is used
for downstream boundary to ensure numerical stability. The
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top boundary is considered to be a symmetry boundary to
prevent artificial shear effects. No-slip boundary conditions
for velocity are given to all solid surfaces, such as building
walls and roofs, or the ground. The temperature on all solid
surfaces is kept at a uniform value of 315 K, based on
preliminary estimates and is representative of heated urban
surfaces during hot days. It is relevant to mention that all the
mesh configurations use the same domain geometry,
equations, numerical scheme and boundary conditions. So if
there is any difference observed in the convergence behaviour
or thermal prediction or computational costs, this can only be
attributed to differences in the design of the mesh.

2.5. Evaluation Metrics

Thermal accuracy, solver behaviour and computational
efficiency are used as three key metrics to evaluate the
performance of the various mesh configurations. Pedestrian
level air temperature (2m) is used to evaluate thermal
accuracy. This included measuring the average temperature of
the canyons (T¢) in each street canyon. The 3x3 building
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configuration creates 12 street canyons, each of which is an
independent unit for evaluation. The canyon-averaged
temperature is generally used as the main accuracy measure
because it offers a physically meaningful representation of the
thermal conditions to which pedestrians are exposed and is
less sensitive to the numerical variations in the model in a
specific location.

The performance of the solver is measured by
convergence behaviour, number of iterations and wall-clock
time. The wall-clock time is used as a practical indicator of
energy-to-solution, as all simulations are performed using
identical numerical settings on the same computational
platform. To enable a combined assessment of thermal
accuracy and computational efficiency, a Mesh Performance
Index (MPI) is introduced. It is primarily dependent on the
accuracy index and the computational cost index. The physics-
informed mesh configuration (Case 5) is treated as the
baseline for relative comparison. The Accuracy Index (Al) for
a given mesh configuration i is defined using the percentage
deviation of canyon-averaged temperature from the baseline:

a1, = TetTerl 109

c,b

(6)

Here T.; represents canyon-averaged temperature for

mesh, and Tc,b denotes the corresponding value for the
baseline mesh.

The computational Cost Index (CI) is defined using wall-
clock time as detailed in Equation (7):
cr,=4 @
tp
where t; is the wall clock time for mesh and ¢, is the wall-
clock time for the baseline mesh.

The overall Mesh Performance Index (MPI) is then
expressed using Equation (8) as:

1

MPL,=—>—
t ApAli+Ac Cl;
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Where 1, and Ag are weighting factors assigned to
accuracy and computational cost, respectively. In this study,
greater importance is assigned to thermal accuracy by setting
Aa = 0.75 and A = 0.25. A higher MPI value indicates a
more favourable balance between pedestrian-level thermal
accuracy and computational efficiency relative to the baseline
configuration.

3. Results and Discussion
3.1. Solver Convergence and Computational Cost

The solver convergence behaviour and computational
cost for all mesh configurations are examined to establish
numerical feasibility and energy-to-solution characteristics
prior to analysing thermal results. The convergence is
evaluated based on residual reduction and stabilization of air
temperature, while computational cost is quantified using
wall-clock time. In order to have a fair and conservative
evaluation of solver behaviour in all mesh configurations,
relaxed convergence criteria are employed. The pressure
residual convergence criterion is set to 102, and the remaining
governing equations are controlled with a convergence
tolerance of 10°3. These criteria are applied consistently across
all the cases. Despite this generous tolerance, several mesh
configurations fail to achieve stable residual decay, which is
an indication of numerical inefficiency associated with
excessive or poorly structured mesh refinement. Figure 4(a-f)
shows the convergence residual plotting of all six mesh
configurations, where residuals of velocity components,
pressure, turbulence quantities and enthalpy (energy equation)
are plotted against the iteration number.
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Fig. 4 Residual plot for velocity, pressure, turbulence and enthalpy for Cases 1-6

The very coarse mesh (Case 1, Figure 4a) exhibits
irregular residual behaviour with observable oscillations after
the initial decay phase. Although some residuals temporarily
reduced below the prescribed thresholds, they subsequently
fluctuate and fail to stabilize. This behaviour indicates under-
resolution of flow and thermal gradients, which is further
reflected in non-physical temperature predictions. Although
this configuration has a low computational cost because of the
limited number of elements, it proved to be physically
unreliable and was not discussed any further in quantitative
analysis.

Case 2 (coarse mesh, Figure 4b) is a representation of
rapid and monotonic decay of the residue. All the governing
equations converge to the set criteria within 469 iterations and
approximately 400 seconds of clock time. There is no
oscillatory behaviour in residual stabilization and the numeric
robustness is good. However, its relatively coarse spatial
resolution necessitates further assessment of thermal
accuracy, which is examined in subsequent sections.
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The medium (Case 3, Figure 4c) and fine (Case 4, Figure
4d) uniform meshes exhibit slow residual decay followed by
persistent oscillatory behaviour. Though at the beginning of
the iterations, the residuals are on the decline, they do not
stabilize within the given 3000 iteration limit. Oscillations in
the pressure and turbulence residuals are also continued and
gradual increments in some components of momentum are
also observed.

The computational cost of these cases is around 9303
seconds and 23866 seconds, respectively, which can be
considered as significantly high in comparison to other cases.
Although additional refinement could potentially improve
stability, such an approach would significantly increase
computational expense without guaranteeing convergence.
The above observations suggest that mesh density in itself is
not enough to guarantee numerical robustness and refinement
strategy is a key factor with regard to solver stability. To avoid
excessive computational energy consumption, both
simulations were stopped after 3000 iterations.
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In Case 5, a physics-based refinement strategy is used
subsequently. This entails mesh refinement in areas near walls
and roofs where high velocity and thermal gradients are
expected. Such a setup demonstrates a smooth and steady
decrease of the residual (Figure 4e), and all governing
equations converged to the desired convergence criterion in
about 888 iterations and 3078 wall-clock seconds.

The targeted refinement increases numerical stability
with respect to uniformly refined meshes, but keeps the same
physically meaningful resolution. On the basis of the results
gained with the physics-informed mesh (Case 5), another
attempt has been made to save computational effort by mesh
optimization (Case 6). This means that less refinement is
applied in areas that do not significantly affect the scores in
the metrics. As a result, approximately 60% elements are
reduced in comparison to Case 5.

The optimized mesh (Figure 4f) has stable and monotonic
residual decay. Although it has a larger number of iterations
(1108) for the convergence, it is converged in nearly one-
fourth of the wall clock time of Case 5 (approx. 807 seconds)
because of the fewer number of elements. The result shows
that iterations are not a good enough measure of
computational efficiency, and highlights the significance of
considering energy to solution in green computing-related
CFD studies. A summary of solver convergence behaviour
and computational cost for all mesh configurations is provided
in Table 2.

Table 2. Convergence behaviour and runtime for all mesh cases.

Scenario | Iterations | Clock time(s) | Convergence status
Case 1 2232 154 Diverged
Case 2 469 400 Converged
Case 3 3000 9303 Not converged
Case 4 3000 23866 Not converged
Case 5 888 3078 Converged
Case 6 1108 807 Converged

3.2. Pedestrian-Level Thermal behaviour

To evaluate pedestrian-level thermal behaviour, the air
temperature at 2 m above the canopy is considered. It is
considered representative of human thermal exposure in urban
environments. The temperature data at each node are extracted
from the urban domain. Inter-mesh comparison is carried out
in terms of aggregated canyon-average metrics obtained using
the extracted datasets.

In addition to quantitative analysis, spatial temperature
distributions at 2 m height are examined using contour plots
to assess the physical consistency of the simulated thermal
fields. Although thermal quantities are evaluated for all mesh
configurations, only converged and physically consistent
cases are considered suitable for qualitative interpretation of
contours. The absolute temperature difference and percentage
error are determined with reference to the physics-informed
mesh (Case 5), which is assumed to be the reference
configuration in the evaluation of thermal accuracy.
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The very coarse mesh (Case 1) fails to converge and
produces unrealistically high canyon-averaged temperatures,
with a mean value of 51.12°C and large spatial variability
(standard deviation of 2.32°C). This corresponds to an
absolute deviation of 12.15°C (approximately 31.18%)
relative to the baseline, clearly indicating severely under-
resolved flow and thermal physics. Although these values are
reported for completeness, temperature contours for this case
are not presented, as they would not represent physically
meaningful pedestrian-level thermal conditions.

The coarse mesh (Case 2) produces a numerically stable
solution with a mean canyon-averaged temperature of 39.43°C
and very low spatial variability (0.04 °C). The corresponding
2 m air temperature contours are smooth yet excessively
uniform, which means that the near-wall and canyon-scale
thermal gradients are not sufficiently resolved (Figure 5). This
under-resolution leads to a +0.46°C deviation (1.18%) relative
to the baseline, which indicates that uniform coarse
discretization is inadequate for capturing pedestrian-level
thermal variations.
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Fig. 5 Variations in 2m air temperature for Case 2.

Subsequently, the medium mesh (Case 3) and the fine
mesh (Case 4) fail to converge within the prescribed iteration
limits. In case 3, the averaged temperature of the canyons
relative to the baseline is found to be 40.44°C with a
significant variability and deviations of 0.50°C and 1.47°C
(3.77%), respectively. Case 4 exhibits a mean temperature of
39.55°C and standard deviation of 0.36 °C, thereby resulting
in a deviation of +0.58 °C (1.49 %). Although the mesh
resolution is increased, both cases become numerically
unstable and their solutions are thus excluded from contour-
based qualitative analysis.

The physics-informed mesh (Case 5) yields the lowest
averaged temperature of 38.97°C across canyons with a spatial
variation of approximately 0.02°C. The 2m canopy level
temperature contours are shown in Figure 6(a). They exhibit
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consistently high thermal gradients near the wall, while other
areas exhibit almost uniform and slightly lower temperature
distributions, except for a few street canyons. Due to its
numerical stability and physical reliability, this configuration
is considered as the baseline scenario for thermal accuracy
assessment. Further optimization of the mesh (Case 6) closely
reproduces the baseline thermal behaviour. However, it
yielded a mean canyon-averaged temperature of 39.01 °C and
a standard deviation of approximately 0.03 °C. The absolute
difference relative to the baseline is only 0.04 °C, which has a
percentage error of approximately 0.10%. Notably, 2 m
temperature contours represented in Figure 6(b) are very close
to the ones in the physics-informed mesh, which proves that
the main pedestrian-related thermal structures are maintained
even when the mesh density has decreased significantly.
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Fig. 6 Variations in 2m air temperature for a) Case 5 & b) Case 6.

Although the air temperature is evaluated separately in
the twelve street canyons, findings are presented using
aggregated canyon-based metrics. This method offers a
physically significant and robust inter-mesh comparison

n
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(.
©
c
@
[3)
(9]

framework and suppresses sensitivity to local numerical
variations. This kind of representation is appropriate for the
present study, which focuses on mesh efficiency and green
computing considerations rather than detailed canyon-to-
canyon variability. All the mesh configurations, along with
their quantitative temperature-averaged statistics, are
summarized in Table 3.

Table 3. Canyon-averaged pedestrian-level air temperature statistics
and deviation relative to baseline

Mean canyon| Standard | Temperature E
. L - rror
Scenario| temperature| deviation difference (%)
(°C) (°C) (AT)
1 51.12 2.32 +12.15 +31.18
2 39.43 0.04 +0.46 +1.18
3 40.44 0.50 +1.47 +3.77
4 39.55 0.36 +0.58 +1.49
5 38.97 0.02 0.00 0.00
6 39.01 0.03 +0.04 +0.10

3.3. Mesh Performance Index

The Mesh Performance Index (MPI) is a performance
metric that compares the overall output of various mesh
configurations, both in terms of thermal accuracy and
computational efficiency. As detailed in the methodology
section, the MPI formulation utilizes the percentage error in
canyon-averaged temperature as the accuracy index and the
normalized wall-clock time as the cost of computational
index. The MPI obtained for all mesh configurations is shown
in Figure 7.

Mesh performance index

Fig. 7 MPI comparison for all mesh configurations.

The very coarse mesh (Case 1) reported a negligible MPI
(0.04). This is mainly due to its large thermal error (31.18%),
which may be due to unconverged simulations. This
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exemplifies the fact that the excessively coarse mesh can lead
to physically unreliable solutions despite low computational
cost. Cases 3 and 4 with medium and fine meshes also have
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reported low values of MPI (0.28 and 0.33, respectively).
These cases are marked with the high computational cost and
non-convergence, which proves that uniform mesh refinement
is not an efficient way to find an accuracy-cost trade-off in
CFD simulations.

The coarse mesh (Case 2) has a moderate value of MPI
(1.09). This might be a result of its minimal computing cost.
But its thermal deviation of 1.18% means that it does not
resolve thermal gradients at pedestrian levels. This
arrangement is computationally efficient, but it fails to offer
enough accuracy to trust the urban thermal assessment.

The physics-informed mesh (Case 5) serves as the
baseline configuration and achieves an MP1=4.00, indicating
a stable convergence and high thermal accuracy, but at a
higher computational cost. Among all physically meaningful
configurations, the optimized mesh (Case 6) has the largest
value of MPI (7.14). This mesh combines near-baseline
thermal accuracy (0.10% error) with a large reduction in wall-
clock time (Cl = 0.26) compared to the physics-informed
mesh. These findings validate the fact that physics-guided
optimization of meshes is the most favourable in balancing
accuracy and computational efficiency. Overall, the MPI
analysis demonstrates that assigning greater weight to
accuracy effectively distinguishes physically reliable mesh
configurations from computationally inexpensive but under-
resolved solutions. The optimized mesh therefore best
satisfies the green computing objective of minimizing energy-
to-solution while preserving pedestrian-level thermal fidelity.

The improved performance of the proposed framework
compared to conventional mesh refinement approaches can be
attributed to the physics-informed mesh distribution strategy
adopted in the present study. Unlike uniform mesh refinement
techniques, which increase computational cost across the
entire domain, the proposed approach selectively concentrates
grid resolution in regions characterized by strong flow
recirculation, thermal gradients, and near-wall interactions.
This enables accurate representation of critical thermal and
flow features while avoiding unnecessary refinement in
regions with relatively uniform behaviour.

This balance between computation efficiency and
numerical accuracy is therefore improved in the present
framework and is shown by the improved MPI values obtained
for intermediate configuration of meshes. Furthermore, the
proposed methodology demonstrates comparable thermal
prediction accuracy relative to previously reported urban CFD
studies while requiring lower overall mesh density than
uniformly refined approaches. In comparison with recent
studies employing highly refined meshes or computationally
intensive optimization procedures, the present framework
offers a computationally efficient alternative without
compromising the accuracy of pedestrian-level thermal
predictions. Moreover, the proposed method maintains direct
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physical interpretability, as opposed to emerging data-driven
or surrogate-based optimization techniques, which require
training data sets and/or reduced-order modelling
assumptions.

3.4. Validation of Numerical Model

The validation of the numerical scheme adopted is
performed by grid independence study (verification) and
comparison with experimental results reported by Uehara et
al. [53] Verification ensures that the numerical solution is
independent of discretization errors, while validation confirms
that the model accurately represents physical reality.

The experimental datasets of Uehara et al. [53] have been
widely used in urban microclimate studies and provide
detailed measurements of temperature distributions relevant to
pedestrian-level thermal environments. [19, 54] The
validation simulations employ the same computational
domain shown in Figure 2, which is discretized using the same
methodology as that of Case 6. To ensure hydrodynamic
similitude with experimental setup, the building height, inlet
velocity, and surface and inlet temperatures of the domain are
scaled according to the experimental configuration of Uehara
etal. [53].

The air temperature is evaluated at Point 1, as shown in
Figure 2(a), corresponding to the sensor location used in the
wind-tunnel experiment. Temperature was evaluated at 11
vertical locations above the ground, at normalized heights of
0.05, 0.1, 0.2, 0.3, 04, 05, 0.8, 1.0, 1.2, 1.5, and 1.8,
consistent with the measurement heights reported in the
experimental study [53]. To enable comparison independent
of absolute temperature values, the extracted air temperature
data are non-dimensionalized using Equation (9), following
the normalization approach adopted in previous experimental
and numerical studies. 19]

T—T,
0= 2
Ts—To

9)

where 0 is the non-dimensional air temperature and T, T,
& T, represents the obtained, reference and surface
temperatures, respectively.

The non-dimensional air temperature at 11 vertical
heights obtained in the present study was compared with
Uehara et al. [53] wind tunnel results (Figure 8(a)). In
addition, comparisons were also made with previously
published numerical studies by Sen and Roesler [19], Xie et
al. [55], and Kim and Baik [56], which have employed similar
validation strategies. Figure 8(a) presents the comparison of
non-dimensional temperature across all measurement points,
while Figure 8(b) provides a zoomed view near the ground.

These results indicate that the numerical model
reproduces the typical thermal stratification reported in the
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experiment. It has been observed that there is higher
temperatures nearby ground surface and a smooth transition
towards roof. Overall, a good agreement is observed across
most points and specifically near-ground region, which is of

the utmost concern to the thermal exposure to pedestrians.
There is a minor deviation near the ground, but it is consistent
with previous numerical studies.
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Fig. 8 Comparison of non-dimensional air temperature at Point 1 (along vertical plane) of the present study with wind tunnel data and previous
numerical studies, with (a) showing the full-height temperature distribution, & (b) highlighting the near-ground temperature distribution

The non-dimensional temperature profiles were used to
calculate error metrics that quantitatively assess the agreement
between the numerical predictions and experimental
measurements. The Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE) between the simulated and
experimental data across all the measurement locations are
obtained by using Equations (10) and (11), respectively. The
obtained MAE and RMSE values were 0.0573 and 0.0634,
respectively, which were good agreements between the
present simulations and the experimental observations.

1 X]
MAE = ¥, ;"]

|67 — (10)

RMSE = \/%Z?’zl(ef““ — o) (11)

The numerical solution is then checked using a grid
independence study with meshes with around 0.5 million
(coarse), 1 million (medium) and 2 million (fine) elements.
The drag coefficients have been tracked at the end of
convergence to check for mesh sensitivity. The relative errors
for the coarse & medium mesh and medium & fine mesh was
determined to be 2.1% and 1.9% respectively, showing that
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the difference is not that great if the mesh is to be refined
further. The numerical results in the above are consistent with
the results being approximately grid independent for the
selected mesh density.

4. Limitations and Futuristic Directions

The results of this study provide important information on
the effects of mesh configuration on the thermal accuracy and
computational efficiency of Urban CFD simulations. It is
important to note, however, that there are some limitations
which will help to explain the scope of work.

The urban domain that was taken in the present study is a
simplified, hypothetical urban domain that is meant to isolate
mesh-related effects and retain computational tractability.
This approach allows the organized comparison of mesh
settings, but in practice, urban settings are informal with
regard to building geometries, surface material and street
geometry that may influence airflow and thermal behaviour in
different ways. Therefore, future work should expand this
framework to real-world case studies.
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The representative boundary condition used in the study
is based on the climatic conditions of Rajkot, Gujarat, and a
typical worst-case thermal situation. Although this
configuration offers a suitable foundation for assessing
thermal stress among pedestrians during hot weather
environments, the outcomes may vary in other climatic areas
with different wind patterns, atmospheric stability and
surfaces. Future studies can therefore test the relevance of
suggested mesh strategies in other climatic conditions.

The scope of the present study is restricted to the
assessment of pedestrian-level thermal behaviour only.
However, similar approaches can also be applied in studies
focused on urban heat mitigation strategies. Future work
should focus on utilizing similar frameworks for analyzing
impact of blue or green infrastructure, which often demands
highly refined meshes.

The scalability of the proposed framework is another
important consideration. Although the present simulations are
conducted on an idealized urban domain, the underlying
physics-informed mesh refinement strategy can be extended
to larger and more complex urban environments. By
concentrating refinement only in regions characterized by
strong flow and thermal gradients, the framework can reduce
unnecessary computational elements compared to uniformly
refined meshes. Nevertheless, as domain complexity and
physical modelling requirements increase, computational cost
may still rise substantially. Therefore, future large-scale
applications may benefit from integration with parallel
computing or adaptive mesh refinement approaches to further
improve scalability and computational efficiency.

Apart from these limitations, there are still research
opportunities in the extension of the current framework. The
mesh strategies that have been optimised in this paper can be
used to assess urban microclimatic conditions in larger and
more heterogeneous real-world urban environments. Also, the
integration of the emerging methods of data analysis,
including artificial intelligence and machine learning
techniques, will also assist in forecasting the most efficient
mesh distributions and reducing the computational costs. In
addition, the suggested Mesh Performance Index (MPI) can
also be further extended and experimented on other urban
geometries and under different simulations to generate a
generalized model on how to balance numerical performance
and computational performance during urban CFD modelling.

5. Conclusion

This paper examined the effect of mesh design on the
numerical accuracy and computation efficiency of urban CFD
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