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Abstract

We present a comprehensive performance analysis of three major scientific com-
puting platforms—Python, Julia, and R—in solving two-dimensional potential
flow around dual square obstacles. We implemented a numerical solution using
the Jacobi iteration method across all three platforms, with careful consideration
of boundary conditions and convergence criteria. The numerical implementation
successfully demonstrated convergence with an Lz norm reduction from 10° to
1072 over 40,000 iterations, capturing fundamental flow physics including stag-
nation points (Cp = 1), flow acceleration regions (Cp < 0), and obstacle
interference effects. Through 200 independent executions and 10,000 bootstrap
iterations, our comparative performance analysis revealed that Julia achieved
superior computational efficiency with a median runtime of approximately 30
seconds, despite higher memory requirements (512MB), while Python offered bal-
anced performance (45s, 108MB) and R showed higher variability in execution
time (65s, 185MB). Statistical significance of these performance differences was
confirmed through rigorous testing using Mann-Whitney U tests with Bonferroni
correction (@adjustea = 0.0167) and bootstrap resampling methods. The results
provide valuable insights into the trade-offs between computational efficiency and
resource utilization across modern scientific computing platforms, while also val-
idating the numerical accuracy of our potential flow solver implementation. This
benchmarking study contributes to the growing body of knowledge regarding
platform selection for computational fluid dynamics applications, particularly in
educational and rapid prototyping contexts.
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1 Introduction

The numerical simulation of potential flows around multiple bodies represents a fun-
damental problem in fluid dynamics with wide-ranging applications in aerodynamics,
naval architecture, and environmental fluid mechanics [1]. While modern computa-
tional fluid dynamics often employs full Navier-Stokes solvers, potential flow solutions
remain valuable for rapid preliminary design studies, validation of more complex mod-
els, and educational purposes [2]. The increasing accessibility of scientific computing
platforms has renewed interest in implementing such classical methods across different
programming environments to evaluate their relative performance characteristics.

The mathematical foundations of potential flow theory were established in the late
19th and early 20th centuries through the works of pioneers like Helmholtz, Kirch-
hoff, and Rayleigh [3]. These theoretical developments provided analytical solutions for
simple geometries but required numerical methods for practical engineering configu-
rations. The advent of digital computers in the mid-20th century enabled increasingly
sophisticated numerical implementations, from early panel methods to modern bound-
ary element techniques [4]. Today, potential flow solvers serve as building blocks for
more complex fluid dynamics software and provide valuable insights into fundamental
flow physics.

The present work focuses on the two-dimensional potential flow around multi-
ple square obstacles, a configuration that presents several interesting numerical and
physical challenges. While seemingly simple, this geometry induces complex flow inter-
actions and requires careful treatment of corner singularities [5]. The presence of
multiple bodies further complicates the flow field through interference effects, making
this an excellent test case for evaluating both numerical methods and computational
implementations [6]. Previous studies have extensively documented the flow charac-
teristics around single square cylinders [7], but the multi-body configuration remains
less thoroughly explored, particularly from a computational performance perspective.

The emergence of modern scientific computing platforms has transformed the
landscape of computational fluid dynamics [8]. Traditional compiled languages like
Fortran and C++ have been joined by newer options that promise enhanced produc-
tivity through higher-level abstractions while maintaining competitive performance.
This evolution raises important questions about the trade-offs between develop-
ment efficiency, computational performance, and resource utilization across different
programming environments [9].

Our investigation employs three widely-used scientific computing platforms:
Python, Julia, and R. FEach environment offers distinct advantages and challenges
for numerical computation. Python, with its extensive scientific computing ecosys-
tem including NumPy and SciPy, has become a de facto standard in many scientific
domains [10]. Julia, designed specifically for technical computing, promises near-C
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performance while maintaining high-level syntax and interactive development capabil-
ities [11]. R, though primarily associated with statistical computing, has demonstrated
capability in scientific simulation through packages like deSolve and RcppArmadillo
[12, 13].

The benchmarking of these platforms extends beyond simple execution time mea-
surements to encompass memory utilization, code complexity, and numerical accuracy.
This comprehensive evaluation approach aligns with modern perspectives on scientific
software development that emphasize reproducibility and sustainability [14]. By imple-
menting identical numerical algorithms across platforms, we can isolate the impact of
language-specific features and runtime environments on solver performance [15].

This paper describes both the mathematical formulation of the potential flow
problem and its numerical implementation across platforms, followed by a detailed
performance analysis. The choice of a well-understood physical problem allows us
to focus on computational aspects while maintaining confidence in our numerical
results through comparison with established analytical and experimental data [16].
Our methodology emphasizes reproducibility through careful documentation of both
physical and computational parameters, enabling future comparisons as platforms
evolve [17].

2 Research Methodology

2.1 Methematical Derivation

We began our analysis with the three-dimensional incompressible Navier-Stokes
equations in a rotating reference frame [18]. In fluid dynamics, the consideration of
external flows around bodies or flows extending to large distances from boundaries
necessitates careful treatment of reference conditions. Following the convention estab-
lished by Batchelor [19], we denote the undisturbed fluid properties at infinity with
a subscript co. This notation emerged from aerodynamics and external flow studies,
where po, represents the fluid density in the free stream, far from any disturbances.
The choice of po, rather than a local density p reflects an assumption of negligi-
ble density variations throughout the flow field, consistent with the incompressibility
assumption [20].

The momentum equation in a frame rotating with angular velocity € takes the
form:

a—u—i—(u'V)u—{—Qﬂxu:—in—H/Vgu—i—g. (1)
ot Poo

Here, u(x,t) represents the velocity field vector, which varies with position vector x
and time ¢. The term 2 denotes the angular velocity vector of the rotating frame, which
in geophysical applications represents Earth’s rotation vector with magnitude |Q| =
7.292 x 107° rad/s. The pressure field p(x, t) describes the fluid’s mechanical pressure,
while v represents the kinematic viscosity, a material property characterizing the fluid’s
resistance to shearing motion. The gravitational acceleration vector g typically has
magnitude 9.81 m/s? directed downward in Earth’s gravity field.

Each termain Equation (1) carries specific physical significance. The local accel-

u

eration term 3} represents temporal changes in velocity at a fixed point in space.
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The advective acceleration (u - V)u describes how fluid particles are accelerated by
spatial variations in the velocity field. The Coriolis acceleration 22 x u arises from
Earth’s rotation and plays a crucial role in large-scale atmospheric and oceanic flows.
The pressure gradient force per unit mass —p%.on drives fluid motion through pres-
sure differences, while the viscous diffusion term v'V?u represents the effect of internal
friction in the fluid.

The governing equations include the incompressibility condition:

V-u=0. (2)

This constraint emerges from mass conservation under the assumption of constant
density, implying that fluid elements maintain their volume during motion. In index
notation, this condition reads du;/0x; = 0, where repeated indices imply summation.
To analyze the relative importance of various terms, we introduced characteristic
scales following Kundu et al. [21]. The length scale L represents a typical dimension
of the flow domain, while the velocity scale U characterizes the flow speed. The time
scale naturally emerges as T = L/U, and pressure variations scale with the dynamic
pressure pooU?2. These scales led to dimensionless variables, denoted with asterisks:

= U, 3)
= (@)
P = pecU?p*, (5)
x = Ix*, (6)

V- %v*, (1)

Substitution of these non-dimensional variables into the momentum equation

yielded:
(‘?7? + (u*-V)u+ QQTLk xu'=-Vp+ %Vzu + gU—I;k. (8)

The coefficients in this equation define crucial dimensionless parameters. The
Rossby number Ro = U/(2Q0L) measures the ratio of inertial forces to Coriolis forces.
For flows where Ro > 1, typically in small-scale phenomena or rapid flows, Cori-
olis effects become negligible. The Reynolds number Re = UL/v compares inertial
forces to viscous forces, with high Re indicating negligible viscous effects except in
thin boundary layers. The Froude number Fr = U/+/gL relates inertial forces to
gravitational effects.

Following Gill [22], for flows where Ro >> 1, we neglected the Coriolis term. Addi-
tionally, assuming high Reynolds number flow as discussed by Lamb [23], we neglected
viscous effects, obtaining;:

13} 1
£+(u-V)u:——Vp+g. (9)

o0
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The gravitational force, being conservative, was expressed as g = —V®,, where
®, represents the gravitational potential. Following Milne-Thomson [24], we absorbed
this term into a modified pressure P = p+ po®4. For steady flows, where du/0t = 0,
the equation reduced to:

1
(u-Viju= —p;VP. (10)

The crucial step in potential flow theory involves the assumption of irrotational
flow, expressed mathematically as the vanishing of the vorticity vector w:

w=Vxu=0. (11)

This assumption, combined with Helmholtz’s decomposition theorem, enables us to
express the velocity field as the gradient of a scalar potential function ¢(x):

u=Ve. (12)

The incompressibility condition transformed into Laplace’s equation for the velocity
potential:

V-u=V-(Vp) =V?¢=0. (13)

2.2 Numerical Implementation

The potential flow around multiple square obstacles presents a classical problem in
fluid dynamics that admits numerical solution through careful discretization of the
governing equations. Following Sen et al. [25], we established a rectangular compu-
tational domain with dimensions L, = 20 and L, = 11 normalized units, chosen to
provide sufficient distance between obstacles and boundaries while maintaining com-
putational efficiency. The domain was discretized using a uniform Cartesian grid with
ng = 201 and n, = 111 points, yielding grid spacings Az = Ay = 0.1. The uni-
form grid spacing simplifies the numerical implementation while ensuring adequate
resolution for accurate flow representation [26].



163

164

165

166

167

168

169

170

171

172

173

JSS S S S S S S s

_— _—
FREESTREAM
V=0; 3y9=0 —_—
U=0; u=0; FREESTREAM
N x9=0 6x9=0 .
V=0; yp=0 V=0;8yP=0
UNIFORM—™ u=0; u-o; —
Uso 8 9=0 0x 9=0 y

—_— —_—
V=0; 3y 9=0
R — R —

oSS S S S S S S S ST "

Fig. 1 Computational domain configuration showing boundary conditions and obstacle placement.
The uniform flow Uss = 1 enters from the left, with no-penetration conditions imposed on obstacles
and top/bottom boundaries.

Two square obstacles were positioned within the flow domain to study interaction
effects. The first obstacle spans grid indices i € [30,50], 5 € [60, 80], corresponding to
physical coordinates (z1,y1) = (3.0,6.0) with dimensions 2.0 x 2.0 units. The second
obstacle, centered at (z2,y2) = (6.0,9.0) with identical dimensions, occupies indices ¢ €
[60,80],j € [90,120]. The uniform free-stream velocity was set to Us, = 1, providing
a natural velocity scale for the flow [27].

Expanding the governing Laplace equation for the velocity potential (Equation
(13)) in 2D, we got:

v2¢>=7+—=0. (14)

It requires second-order accurate spatial discretization. On the uniform Cartesian grid
shown in Figure 2, we developed the discrete approximations through Taylor series
expansions.
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Fig. 2 Five-point computational stencil showing the central point (7, j) and neighboring points used
in the discrete Laplace operator. Grid spacings Ax and Ay are equal for the uniform mesh.

Beginning with the expansion in the z-direction about point (Z,j). The forward
Taylor expansion yields:

oo} Az? 9%¢ Az3 93¢ 4
itli = O + A —— _ _ Ax®), 1
¢ +1,5 d) 2] + Az or y 2 (9.’172 . 6 amg . + O( z ) ( 5)
while the backward expansion gives:
0 Az? 9%¢ Az? 93¢ 4
i1 = O — A — _— | - — = Azx®). 1
¢) 1,9 ¢ 5] z 8.’1) iy 2 81‘2 i 6 81)3 i + O( x ) ( 6)

Adding these equations eliminates odd-order derivatives, yielding:

9% Giv1,j — 20i 5+ di—15 2

— = : : : Ax?). 1
= 2y +0(as?) (7)

Similar analysis in the y-direction produces:

% Gi g1 — 20i5 + di 1 9

ager % ; : O(Ay?), 18
=y 0 O o) 19

1
Gij = 1(¢i+1,j +dic1j+ i1+ bigo1) (19)



179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

The truncation error analysis confirms second-order accuracy O(Axz?) in space [28].
The boundary conditions required careful implementation to maintain accuracy. At
the inlet (left boundary), we imposed:

¢i1 = ¢i2 — U Az, (20)

Then, derived from the specified uniform inflow velocity. The outlet condition takes
the form:

Ping = Pin.—1 + U Az (21)
For the top and bottom boundaries, we enforced zero normal velocity through:

P15 = b2, Pnyj = Pny—14- (22)
The obstacle surfaces required no-penetration conditions:

9 _

= =0. (23)

Implemented discretely at each face using one-sided differences [29].
The solution was obtained through Jacobi iteration, treating Equation (19) as a
pseudo-time evolution:

1
1 , ,
¢?j+ = i(¢?+1,j + @i+ Ol T Do) (24)
where n denotes the iteration level. Following Trottenberg et al. [30], this can be
viewed as a discrete approximation to:

o¢

— = V?¢. 25

2 =v (25)
The iteration process continues for ngteps = 40,000 steps, with convergence monitored
through the Ly norm of the solution update:

e = 6" — 6" Mo = /3 i d(6r; — 6172 (26)

Upon convergence, velocity components were computed using second-order central
differences:

Pij+1 — Pij—1
u s3J 2A§U ( )
Git1,j — Pi—1,j
o= il — Pimlg 28
'U,] 2Ay ( )

These velocities enable calculation of the pressure coefficient through Bernoulli’s
equation:
u? + v?

Cp=1-"77

(29)
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The slow convergence rate (p = 0.9999) is characteristic of the Jacobi method [31],
requiring significant iteration counts for acceptable convergence. While more efficient
methods exist (e.g., Gauss-Seidel, SOR, multigrid), the Jacobi method was chosen for
its simplicity and guaranteed convergence for the Laplace equation [32]. The error
history provides crucial information about solution evolution and confirms theoretical
convergence properties [33].

3 Statistical Analysis

Performance evaluation of numerical implementations is crucial for understanding
their practical applicability in real-world engineering scenarios [34]. While high-
performance computing benchmarks often focus on specialized hardware, we deliber-
ately conducted our analysis on a standard laptop PC to reflect the common individual
computational environment of practicing engineers and scientists [35-38]. All com-
putations were performed on a Lenovo ThinkPad P52s (20LB0021US) with an Intel
i7-8550U processor (8 cores @ 4.000GHz) running Fedora Linux 39 (Budgie) x86-64
with kernel version 6.11.9-100.fc39.x86_64. Implementation versions were strictly con-
trolled: Python v3.11.0 with NumPy v1.24.3, pandas v2.1.4, and SciPy v1.11.4
libraries; Julia v1.11.2 with LinearAlgebra.jl v1.11.0, DataFrames.jl v1.7.0, and CSV.jl
v0.10.15 packages; and R v4.3.3 with tidyverse v2.0.0 library. All dependencies were
managed using virtual environments to ensure reproducibility [39].

Our analysis combines multiple statistical approaches while maintaining statistical
validity [40]. For each implementation ¢ € {Python, Julia, R}, we collected performance
measurements over 200 independent executions, determined through power analysis
to ensure sufficient statistical power (8 > 0.95) for detecting medium effect sizes [41].
Prior to measurement, warm-up runs were performed to mitigate the effects of just-in-
time compilation and cache initialization [11]. Both runtime (in seconds) and memory
usage (in MB) were measured using high-precision monotonic timers and resident set
size tracking through the psutil library:

T; = {tix,ti2, -, ti300}, (30)
M; = {m;1,miz2,...,mi300} (31)

For each implementation ¢, we computed standard descriptive statistics and
employed bootstrap resampling with 10,000 iterations to provide robust estimates of
central tendency and dispersion. Bootstrap samples were generated as:

B = {le, xzz, ... ,xzn}7 k=1,...,10000, (32)
where each z7 ; is randomly sampled with replacement from the original measure-
ments. The 95% confidence intervals were computed using percentiles of the bootstrap

distribution:

Clysy, = [Pas ({Bis - Bijoooo}) s Pors ({Bis - Bitoooo})] - (33)
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For pairwise comparisons between implementations, we employed the Mann-
Whitney U test with test statistic:

i (n1 —+ 1)

U = min (n1n2 + 5

1
— Ry,ning + % - Rz) ; (34)

where n1 = ny = 300 and R;, R, are rank sums. To control the familywise error rate,
we applied the Bonferroni correction:

0.05
Qadjusted = 737 — 0.0167. (35)

()

The magnitude of performance differences was quantified using Cliff’s Delta [42,
43], a robust effect size measure suitable for non-Gaussian distributions:

E:l:l1 27'21 Sign(xli - «sz)
5— L , (36)

where sign(z) returns —1, 0, or 1 for negative, zero, or positive values respectively.
Statistical significance for implementations 4, j is indicated by the matrix S:
Si,j _ 1 if Dij < adjusted s (37)

0 otherwise,

where p; ; is the adjusted p-value for the comparison between implementations ¢ and
j. All statistical analyses were performed using Python with NumPy, pandas, and
SciPy [10, 44, 45], following established methodologies in computational performance
analysis [46, 47]. Process isolation was maintained throughout testing to minimize
system interference [48], and raw performance data and detailed statistical results are
available in machine-readable CSV format for independent verification.

4 Results and Discussion

4.1 Numerical Results

The numerical solution of potential flow around dual square obstacles reveals intricate
flow physics and validates our computational approach. The convergence behavior of
the iterative solution, shown in Figure 3, demonstrates the characteristic performance
of the Jacobi method [31]. The semi-logarithmic plot of the Ly norm reveals two
distinct phases: an initial rapid convergence followed by a more gradual asymptotic
approach to the solution. This behavior, while computationally demanding, ensures
solution stability with a convergence rate of p ~ 0.9999, which aligns with theoret-
ical predictions for elliptic problems [28]. As Trottenberg et al. [30] discusses, this
convergence pattern is inherent to the Jacobi method when applied to Laplace’s
equation.

10
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Fig. 3 Semi-logarithmic plot of the solution convergence showing the Lo norm evolution through
40,000 iterations. The distinct two-phase convergence pattern is characteristic of the Jacobi method
for elliptic problems. Note the rapid initial convergence followed by a more gradual asymptotic
approach to the final solution.

The pressure coefficient distribution around the obstacles, illustrated in Figure 4,
demonstrates complex aerodynamic interactions that emerge from our numerical solu-
tion. The stagnation points (C), = 1) appear as prominent red regions on the upstream
faces of both obstacles, exactly where potential flow theory predicts they should occur
[19]. As Kundu et al. [21] describes, the flow acceleration around the obstacle cor-
ners generates low-pressure regions (green areas). The interaction between the two
obstacles creates an asymmetric pressure distribution that would not exist for isolated
bodies, particularly evident in the accelerated flow region between the obstacles. This
interference effect, thoroughly documented by Kundu et al. [21], plays a crucial role
in many engineering applications involving multiple-body configurations.

11
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Fig. 4 Pressure coefficient contours with streamline visualization around the square obstacles. The
color mapping ranges from Cp = —1.0 (green) to Cp = 1.0 (red). Note the complex interaction
patterns in the inter-obstacle region, formation of symmetric stagnation points on upstream faces,
and acceleration zones around corners. Streamlines indicate flow paths and reveal the influence of
obstacles on the global flow pattern.

The velocity potential field, visualized in Figure 5, provides deeper insight into
the fundamental flow structure. As predicted by Milne-Thomson [24], the three-
dimensional surface plot reveals smooth potential variations throughout the domain,
with significant gradients developing near the obstacles. These results confirm the
theoretical expectations for potential flow, particularly regarding the preservation of
continuity while accommodating solid boundaries. The potential field structure in our
multiply-connected domain exhibits characteristics that align precisely with the ana-
lytical framework developed by Lamb [23] and further elaborated by Lighthill [49].
The smooth transition of the potential field in the far wake region validates our
implementation of outflow boundary conditions.

12
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Fig. 5 Three-dimensional visualization of the velocity potential field. The surface height and color
indicate the potential magnitude, revealing the smooth far-field behavior and the sharp gradients
induced by the obstacles. Note the characteristic potential distribution around both obstacles and
the interaction effects in the intermediate region.

From a numerical perspective, our implementation of the Jacobi method, while
straightforward, provides reliable results at the cost of increased computational effort.
The choice of grid resolution (Azxz = Ay = 0.1) and iteration count (40,000) reflects a
careful balance between solution accuracy and computational efficiency. As Colonius
and Taira [26] suggests, the uniform grid approach, while computationally intensive,
ensures consistent resolution of flow features throughout the domain. The implemen-
tation of boundary conditions, particularly the no-penetration condition at obstacle
surfaces, maintains second-order accuracy while preserving the physical characteristics
of the flow, following the methodology outlined by Mittal et al. [29].

The flow field exhibits several notable features that validate our numerical
approach. The streamline patterns demonstrate perfect symmetry about the hori-
zontal centerline, as required by potential flow theory [20]. The acceleration of flow
between the obstacles creates a region of increased velocity that corresponds to the
low-pressure zone identified in the pressure coefficient plot. These results align with
the theoretical predictions of Jones and Whittle [50] for potential flow around multiple
bodies. The pressure distribution around each obstacle shows remarkable agreement
with classical potential flow solutions, particularly in the stagnation regions and areas
of maximum velocity.

Looking toward future improvements, several avenues for enhancement emerge
from our current implementation. The application of multigrid methods, as described

13
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by Brandt and Livne [51], could significantly accelerate convergence while maintaining
solution accuracy. The current uniform grid structure, while effective, could benefit
from local refinement in regions of high gradient magnitude, following the adaptive
strategies proposed by Berger and Colella [52]. Additionally, the implementation of
more sophisticated boundary treatments, such as those suggested by van der Vorst
[53], could enhance solution accuracy near the obstacles while potentially reducing the
required number of iterations for convergence.

The present results demonstrate the capability of relatively simple numerical meth-
ods to capture complex flow physics when properly implemented. The interaction
effects between obstacles, particularly evident in the pressure coefficient distribution,
highlight the importance of considering multiple-body configurations in engineering
applications. The smooth convergence behavior and physically consistent results val-
idate our choice of numerical parameters and boundary condition implementations,
providing a foundation for future investigations of more complex geometries and flow
conditions.

4.2 Performance Analysis

The performance characteristics of our numerical implementation were evaluated
across three major scientific computing platforms: Python, Julia, and R. All computa-
tions were performed on a standard laptop configuration with controlled environmental
conditions to ensure reproducible benchmarking, following protocols established by
Mytkowicz et al. [48]. All of the performance summary is shown in Figure 6.

14
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Fig. 6 Performance analysis visualization: (top left) Statistical significance matrix for runtime
comparisons showing pairwise significance tests between implementations; (top right) Statistical sig-
nificance matrix for memory usage highlighting significant differences in resource utilization; (bottom
left) Memory consumption distribution across platforms with median values and quartiles indicated;
(bottom right) Execution time distribution showing performance variations between implementa-
tions. Black cells in significance matrices indicate statistically significant differences (p < 0.0167).

Our analysis reveals distinct performance characteristics across the three platforms.
The Julia implementation demonstrated superior execution time efficiency, with a
median runtime of approximately 30 seconds (o0 = 1.2s). This performance advantage
was statistically significant compared to both Python (p < 0.001) and R (p < 0.001)
implementations, as evidenced by the significance matrices. Lubin and Dunning [54]
has noted similar performance advantages for Julia in comparable scientific computing
tasks. The Python implementation showed moderate performance with a median exe-
cution time of 45 seconds (o = 2.8s), while the R implementation exhibited the highest
variability and longest execution times, with a median of 65 seconds (o = 8.4s).

Memory utilization patterns revealed notable trade-offs between the platforms.
Julia demonstrated higher memory usage (median = 512MB) compared to Python
(median = 108MB) and R (median = 185MB). This increased memory footprint in
Julia can be attributed to its aggressive precompilation and optimization strategies,
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as described by Bezanson et al. [11]. The statistical significance of these memory
usage differences is confirmed across all platform comparisons (p < 0.001), with effect
sizes quantified using Cliff’s Delta showing large effects (|d| > 0.8) for all significant
comparisons [42].

The performance variations can be attributed to several fundamental factors in
modern scientific computing environments. Julia’s just-in-time (JIT) compilation pro-
vides a significant advantage in computational efficiency, particularly for numerical
operations [11]. Python’s conservative memory management approach leads to lower
memory utilization but impacts computational speed, a trade-off well-documented by
Virtanen et al. [10], Harris et al. [44]. R’s copy-on-write mechanism and garbage collec-
tion strategy contribute to both higher memory usage and execution time variability,
as analyzed by Wickham et al. [55].

Julia’s execution time distribution shows remarkable consistency, with minimal
variance and few outliers, supporting the findings of Perkel [56] regarding repro-
ducible performance in scientific computing. In contrast, R’s performance distribution
exhibits a wider spread and multiple modes, suggesting sensitivity to system state and
background processes.

Statistical robustness was ensured through comprehensive methodology following
Wasserstein et al. [40]. The Mann-Whitney U test was employed for pairwise compar-
isons, with Bonferroni correction (cqgjustea = 0.0167) to control for multiple testing.
Bootstrap resampling with 10,000 iterations provided robust confidence intervals for
all metrics, adhering to best practices in computational benchmarking [34].

These findings have significant implications for scientific computing workflows
in fluid dynamics simulations. Time-critical applications with adequate memory
resources benefit most from Julia’s implementation, while memory-constrained envi-
ronments might favor Python’s balanced resource utilization. The R implementation,
despite higher resource requirements, maintains value for development and prototyping
phases. This aligns with observations by Griining et al. [39] regarding the importance
of matching computational tools to specific workflow requirements.

Our performance analysis methodology, building on foundational approaches estab-
lished by Dongarra et al. [34], provides a robust framework for evaluating scientific
computing platforms. The results demonstrate the importance of considering both exe-
cution time and memory utilization when selecting computational platforms for fluid
dynamics simulations, a perspective reinforced by recent studies in computational sci-
ence [46, 47]. These findings contribute to the growing body of knowledge regarding
platform selection for computational fluid dynamics applications, while highlighting
the continuing evolution of scientific computing platforms as documented in recent
benchmarking studies [35-37]. Furthermore, our systematic approach to performance
evaluation aligns with emerging best practices in scientific computing [57], particularly
regarding the reproducibility and reliability of computational benchmarks.

5 Conclusion

This study has presented a comprehensive benchmarking of scientific computing plat-
forms for solving two-dimensional potential flow around dual square obstacles. Our
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numerical implementation successfully demonstrated convergence with an Ls norm
reduction from 10° to 10~2 over 40,000 iterations, capturing fundamental flow physics
including stagnation points (Cp, =~ 1), flow acceleration regions (C, < 0), and obstacle
interference effects. The pressure coefficient distributions revealed strong interaction
patterns between the obstacles, with asymmetric pressure fields developing in the inter-
obstacle region. Our comparative performance analysis revealed that Julia achieved
superior computational efficiency (median runtime ~ 30s) despite higher memory
requirements (512MB), while Python offered balanced performance (45s, 108MB) and
R showed higher variability in execution time (65s, 185MB).

However, it is crucial to acknowledge the limitations of both our numerical
approach and physical model. The Jacobi iteration method, while reliable, demon-
strated relatively slow convergence (p ~ 0.9999) compared to more sophisticated
solvers. As demonstrated by Sen et al. [25], even at relatively low Reynolds numbers
(Re = 1.5 — b), square obstacles experience flow separation at their rear portions,
leading to vortex formation and wake dynamics that our potential flow model cannot
represent. This limitation becomes particularly relevant in the inter-obstacle region,
where our model predicts accelerated, attached flow, while physical experiments would
show separated flow regions and vortex interactions. The absence of viscous effects
means we cannot capture boundary layer development or predict drag coefficients
accurately. Future work should consider implementing more sophisticated numerical
methods that can account for viscosity and vorticity through full Navier-Stokes solu-
tions, albeit at increased computational cost. Additionally, exploring modern iterative
solvers and parallel computing strategies could further optimize performance across
all platforms while maintaining solution accuracy.

Code and Data Availability. All code used for numerical simulations, statistical
analyses, and the complete dataset generated during this study are openly available
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