
1. Introduction 

In recent years, the combination of rapid population expansion 

and intensified industrial activity has significantly increased 

global energy consumption. This rising demand continues to de-

pend largely on traditional fuels  coal, petroleum and natural 

gas  which are not only diminishing quickly but also causing 

substantial  environmental  harm.  Consequently,  the search  for 
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Abstract 

Solar air heaters are attractive for low-carbon thermal applications, but their performance is constrained by weak convective 
heat transfer in the near-wall region. In this work, a single-pass rectangular solar air heater duct equipped with spherical turbu-
lators is investigated numerically and then accelerated using machine-learning surrogate models for rapid prediction of thermal–
hydraulic responses. Five turbulator arrangements (V-, M-, W-shaped, inclined, and arc-shaped) were evaluated at three discrete 
spacing levels (pitch ratio P/D = 3, 6, 9) with a constant sphere diameter of 25 mm over Re = 3500–23 500, consistent throughout 
all the simulations. The computational fluid dynamics model employed a constant heat flux of 1000 W/m2 and standard pres-
sure–velocity coupling/discretisation practices, and was validated against established previous work. A leakage-safe machine-
learning dataset (675 samples, 36 variables) was constructed from computational fluid dynamics outputs and physics-informed 
engineered features; models were trained using geometry-grouped cross-validation to ensure generalisation across turbulator 
arrangements and spacing levels. Among candidate regressors, histogram gradient boosting provided the best Nu surrogate 
(OOF RMSE = 3.299, R2 = 0.9908, MAPE = 2.44%), while ridge regression yielded the most accurate friction factor surrogate 
(OOF RMSE = 4.70×10−4, R2 = 0.9886, MAPE = 1.12%). The combined computational fluid dynamics and machine-learning 
framework enables fast, reliable evaluation of solar air heater thermo-hydraulic performance for configuration screening and 
optimisation within the validated operating envelope. 

Keywords: Solar air heater; Spherical turbulator; Thermo-hydraulic performance; Surrogate modelling; Gradient boosting; 
                    Ridge regression  
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Nomenclature 

A ‒ cross section area, m2 

Cp ‒ specific heat of air, J/(kg‧K) 

D ‒ diameter, m 

F ‒ friction factor 

h ‒ heat transfer coefficient, W/(m2‧K) 

k ‒ turbulent kinetic energy, J/kg 

ka ‒ thermal conductivity, W/(m‧K) 

M ‒ mass flow rate of air, kg/s 

Nu ‒ Nusselt number 

p ‒ pressure, kPa 

Δp ‒ pressure drop, N/m2 

P ‒ pitch, perimeter, m 

P/D‒ relative roughness pitch 

Pr ‒ Prandtl number 

q ‒ heat flux, W/m2 

R2 ‒ coefficient of determination or R-squared 

Re ‒ Reynolds number 

t ‒ thickness, m 

T ‒ temperature, K 

UL ‒ head loss coefficients, W/(m2‧K) 

u, υ, w ‒ velocity components in x, y and z direction, m/s 

V ‒ mean flow velocity, m/s 

W ‒ channel width, mm 

x, y, z ‒ coordinates, m 

 

Greek symbols 

ε ‒ turbulence-specific dissipation rate, m2/s3 

 – dynamic viscosity of air, N s/m2  

ν, νT‒ kinematic viscosity, eddy viscosity, m2/s 

ρ ‒ density of air, kg/m3 

 

Subscripts and Superscripts 

in ‒ inlet 

out ‒ outlet 

r – roughened 

s – smooth  

 

Abbreviations and Acronyms 

ANN ‒ artificial neural networks 

ASHRAE‒ American Society of Heating, Refrigerating and Air Condi-

     tioning Engineers 

CFD ‒ computational fluid dynamics 

CNN ‒ convolutional neural network 

ML  ‒ machine-learning 

EDA ‒ exploratory data analysis 

GA  ‒ genetic algorithms 

HistGB ‒ histogram-based gradient boosting 

MAE ‒ mean absolute error  

MAPE ‒ mean absolute percentage error 

MLP ‒ multi-layer perceptron 

OOF ‒ out-of-fold 

PSO ‒ particle swarm optimisation 

RF  ‒ random forest 

RMSE ‒ root mean squared error 

RNG ‒ re-normalisation group 

SAH ‒ solar air heater 

SIMPLE ‒ semi-implicit method for pressure-linked equation 

SST ‒ shear stress transport 

ST  ‒ spherical turbulators 

SVM ‒ support vector machine  

SVR ‒ support vector regression 

THPP ‒ thermo-hydraulic performance parameter  

clean and sustainable energy options has become critical. Re-

newable resources such as solar, biomass and hydropower have 

gained attention as viable alternatives, with solar energy emerg-

ing as particularly important because of its wide availability, es-

pecially in high-insolation regions like India. Thus, utilising so-

lar energy has become essential in the worldwide move toward 

environmentally responsible power production. Solar energy 

serves numerous purposes, including water heating [1], space 

cooling [2], cooking [3], and purification [4]. Among these ap-

plications, solar air heating is especially significant in colder re-

gions. A solar air heater (SAH) is a cost-effective and environ-

mentally friendly system that absorbs solar radiation to enable 

heat transfer [5].  

Its straightforward structure, minimal maintenance needs, 

and freedom from fossil fuels make it suitable for both domestic 

and industrial heating. Despite these advantages, SAHs face 

a key drawback: their thermal efficiency remains low because 

of insufficient heat transfer between the absorber plate and the 

air passing over it [6]. 

SAH systems typically consist of an absorber plate that col-

lects incoming solar radiation, a transparent cover that reduces 

thermal losses, and an insulated enclosure that helps retain the 

captured heat. Within a SAH, the air flowing close to the ab-

sorber plate encounters a turbulent boundary layer, creating 

a thin viscous sublayer where heat transfer is limited due to re-

duced air velocity and low thermal conductivity. As a result, the 

overall thermal performance of the system remains restricted un-

der conventional operating conditions. To address this limita-

tion, a variety of passive enhancement techniques have been in-

troduced, such as adding surface roughness features, integrating 

turbulence-generating components, and altering duct configura-

tions. These methods are designed to increase airflow turbulence 

and consequently improve heat transfer. Among the different 

enhancement strategies, artificial roughness has become one of 

the most commonly used and highly effective solutions for 

boosting the thermal efficiency of SAHs [7]. This method in-

volves placing features such as ribs, dimples, or baffles on the 

absorber surface to disrupt the laminar sublayer and strengthen 

heat transfer [8].  

Artificial roughness provides a passive, energy-free means 

of improving thermal output; it is simple to apply, economical, 

and substantially enhances the heat-exchange process. How-

ever, it can also lead to higher frictional losses, making careful 

design optimisation necessary to achieve an appropriate balance 

between increased heat transfer and pressure drop. Numerous 

studies have investigated the ideal configuration of roughness 

elements in SAHs through both computational analyses and ex-

perimental studies. 

Chaube et al. [9] carried out a two-dimensional numerical 

analysis using the shear stress transport (SST) k–ω turbulence 

model to examine the effects of various rib geometries on heat 

transfer and airflow characteristics in a single-pass solar air 
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heater. Among the rib configurations tested  rectangular, cham-

fered, square, circular and semi-circular  the chamfered design 

produced the greatest heat transfer enhancement, whereas rec-

tangular ribs delivered the highest thermo-hydraulic efficiency 

by offering an optimal balance between thermal improvement 

and pressure drop. This study highlights the critical role of rib 

shape in boosting the performance of solar air heaters. In another 

investigation, Kumar and Saini [10] performed numerical simu-

lations on a SAH equipped with arc-shaped ribs over a Reynolds 

number range of 6000–18 000 and relative roughness heights 

between 0.0299 and 0.0426. Their work demonstrated that, 

among multiple turbulence models assessed, the re-normalisa-

tion group (RNG) k–ε model provided the most reliable predic-

tions. Yadav and Bhagoria [11] numerically evaluated the influ-

ence of circular transverse wire ribs on SAH performance and 

found that the ribbed arrangement increased the Nusselt number 

by up to 2.6 times, achieving a maximum thermo-hydraulic per-

formance factor of 1.8. Al-Chlaihawi et al. [12] also carried out 

a numerical study in which they employed a combination of 

transverse trapezoidal ribs and chamfered grooves to enhance 

thermal behaviour in a SAH duct. Their analysis explored pa-

rameters such as relative roughness pitch, relative roughness 

height and Reynolds number, leading to optimised values of im-

proved performance. Additionally, they proposed new correla-

tions for predicting both the Nusselt number and friction factor. 

Manjunath et al. [13] investigated the use of spherical turbu-

lence promoters and reported as much as a 2.45-fold increase in 

heat transfer, accompanied by a moderate rise in friction factor 

and a thermo-hydraulic performance factor (THPF) of 1.74, 

demonstrating their effectiveness in enhancing system perfor-

mance. Maithani et al. [14] employed wavy delta-winglet vortex 

generators in rectangular ducts, producing swirling airflow that 

improved heat transfer by 30–40% compared to smooth ducts 

while maintaining the performance evaluation criterion (PEC) 

greater than 1, despite the associated rise in pressure drop. In 

a separate study, Manjunath et al. [15] examined absorber plates 

incorporating sinusoidal wave patterns and found that an opti-

mised configuration  with a wavelength of 1.0 and an aspect 

ratio of 1.5  raised the thermal efficiency by 12.5%, although 

an increased pumping power was required. Researchers have 

also explored a wide range of fin configurations to enhance SAH 

performance, including pin fins [16], stepped cylindrical turbu-

lence generators [17], helicoidal spring-shaped fins [18], and 

others. 

Drawing inspiration from geometric shapes of the English 

alphabet letters, numerous researchers have investigated how al-

phabet-shaped ribs affect the heat transfer and flow characteris-

tics of solar air heaters (SAHs). Taslim et al. [19] and Olsson 

and Sunden [20] analysed heat transfer in square channels and 

found that V-shaped ribs performed better than both inclined 

and transverse ribs in enhancing thermal output. Momin  

et al. [21] experimentally evaluated the effects of rib height and 

attack angle on heat transfer and flow behaviour in SAHs 

equipped with V-shaped wire ribs, confirming that V-shaped 

ribs achieve higher thermal efficiency than inclined rib configu-

rations under comparable conditions. Lanjewar et al. [22] car-

ried out an experimental study on SAHs incorporating W-sha-

ped wire rib roughness and reported that W-shaped ribs sur-

passed V-shaped ribs in overall thermo-hydraulic performance. 

Ghildyal et al. [23] compared D-shaped, reverse D-shaped and 

U-shaped turbulators, determining that U-shaped designs 

achieved the greatest Nusselt number and overall thermo-hy-

draulic performance, while the D-shaped turbulator exhibited 

the highest friction factor. In a subsequent study, Ghildyal  

et al. [24] showed that W-contoured turbulators delivered the 

best thermal efficiency when benchmarked against tapered and 

reverse-tapered variants over Reynolds numbers ranging from 

4000 to 18 000. Bohra et al. [25] demonstrated that Z-shaped 

baffles mounted on the absorber plate significantly improved 

SAH performance, with the highest efficiency obtained at  

a blockage ratio of 0.3, a pitch ratio of 1.5, and a baffle angle of 

45° for Reynolds numbers between 5000 and 10 000. Similarly, 

Chaudhari et al. [26] identified that inverted L-shaped ribs with 

a roughness pitch of 17.86 achieved maximum exergy efficiency 

at a heat flux of 1000 W/m2. Kumar et al. [27] analysed a hybrid 

roughness configuration combining S-shaped ribs and protru-

sions to further improve heat transfer.  

Alhilali et al. [28] employed I-shaped ribs in a two-dimen-

sional numerical study and reported that they enhanced the 

Nusselt number by 2.498–2.978 times and increased the friction 

factor by 2.812–4.393 times. Extending these concepts to paral-

lel-plate heat exchangers, Chtourou et al. [29] utilised Y-shaped 

and C-shaped obstacles, observing a maximum thermo-hydrau-

lic performance parameter (THPP) of approximately 1.44 for  

Y-shaped ribs and around 2.6 for C-shaped ribs. In a follow-up 

study, Chtourou et al. [30] refined the Y-shaped geometry into 

classical, fragmental and fractal variants and assessed their be-

haviour in rectangular and triangular arrangements. Among all 

designs, the fragmental Y configuration arranged triangularly 

yielded the highest thermo-hydraulic performance. Beyond the-

se, researchers have also explored novel rib geometries such as 

plus (+)-shaped turbulators [31] and hook-shaped ribs [32]. 

Beyond rib geometry, the orientation or layout of ribs on the 

absorber plate significantly influences the underlying flow be-

haviour. When a transverse rib is placed in the passage, it gen-

erates a pair of vortices on its upstream and downstream sides. 

These vortices tend to remain relatively stationary compared 

with the bulk airflow, causing elevated temperatures within the 

vortex regions and near the wall, which ultimately decreases the 

local heat transfer rate. In contrast, an inclined rib allows the 

vortical structures to convect along the rib’s length  fluid enters 

near the leading edge and exits toward the trailing edge, reat-

taching to the primary stream. This motion introduces secondary 

flow patterns that sweep across the channel width, producing 

marked spatial differences in heat transfer. Consequently, the 

rib's inclination angle becomes just as important as its height and 

pitch in enhancing thermal transport performance [33]. Several 

rib orientations have been examined in the literature, including 

inclined [34], transverse [35], V-shaped [36], and others. 

Artificial neural networks (ANNs) have become useful tools 

in SAH research because they can model nonlinear relationships 

among operating conditions, geometry, heat transfer, friction 

loss and thermal performance. Ghritlahre et al. [37] used rele-

vant input parameters to predict the performance of a solar air 
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heater through an ANN model. Bhattacharyya et al. [38] devel-

oped an ANN-based model for a solar-air-heater tube and pre-

dicted the Nusselt number and thermo-hydraulic efficiency with 

high accuracy. Ghritlahre and Prasad [39] also used MLP, 

GRNN and RBF neural-network models to predict the exergetic 

performance of solar air heaters, showing the suitability of 

ANN-based models for solar thermal performance estimation. 

Recent studies have extended this direction by combining 

CFD-generated data with machine-learning models. Alatawi 

[40] integrated CFD and ML for solar air heaters with distinct 

rib configurations and reported that a CNN model outperformed 

random forest regression and support vector regression in pre-

dicting heat transfer coefficients. Review evidence also shows 

that intelligent methods are increasingly used for solar heater 

prediction and optimisation [41]. However, many earlier CFD-

ML studies still focus mainly on prediction accuracy and do not 

fully test geometry-wise generalisation under leakage-safe 

grouped validation. The present study addresses this limitation 

by using a geometry-grouped surrogate framework for spheri-

cal-turbulator solar air heaters. 

Despite these advances, three important gaps remain in the 

current CFD-ML literature on solar air heaters. First, most prior 

studies emphasise prediction accuracy for one or more perfor-

mance parameters, but do not evaluate whether the surrogate can 

generalise to previously unseen geometry groups under leakage-

safe grouped validation. Second, many studies focus on conven-

tional ribbed or finned geometries, whereas geometry-specific 

surrogate modelling for spherical-turbulator layouts and their ar-

rangement-dependent thermo-hydraulic ranking remains lim-

ited. Third, several CFD-ML studies report fast prediction, but 

do not connect surrogate performance to a clear design outcome 

through frozen-holdout testing, uncertainty bounds, and thermo-

hydraulic selection of the best configuration. The present work 

addresses these gaps by combining validated CFD simulations 

with a grouped and leakage-safe surrogate framework for five 

spherical-turbulator arrangements, followed by frozen-holdout 

evaluation, bootstrap-based uncertainty quantification, and ther-

mo-hydraulic performance parameter (THPP)-based design ran-

king. 

The objectives of the present work are fivefold:  

1) to construct a supervised CFD-derived dataset for solar air 

heaters equipped with spherical turbulators, using operat-

ing and geometric descriptors, including the Reynolds 

number, configuration, and pitch ratio, to predict the 

Nusselt number (Nu) and friction factor (f);  

2) to establish a transparent and reproducible data-preparation 

workflow with explicit feature documentation and leakage 

control for tabular thermo-fluid surrogate modelling;  

3) to design a geometry-aware evaluation framework based 

on configuration × pitch grouping, grouped cross-valida-

tion, and a frozen geometry-grouped holdout test so that 

generalisation is assessed on unseen layouts rather than 

near-duplicate cases;  

4) to benchmark multiple regression surrogates and identify 

the most reliable predictor for each target, together with 

bootstrap-based uncertainty estimates for design-screening 

reliability;  

5) to translate the CFD-ML workflow into a practical thermo-

hydraulic design outcome by ranking the investigated 

spherical-turbulator configurations using THPP and identi-

fying the best-performing arrangement within the investi-

gated design space. 

In this way, the contribution of the study lies not only in re-

placing repeated CFD runs with fast surrogates, but in providing 

a geometry-aware, uncertainty-supported and design-oriented 

CFD-ML framework for configuration screening of spherical-

turbulator solar air heaters. 

2. Solar air heater geometry and different  

configurations 

The present work examines a SAH equipped with spherical tur-

bulators through both analytical formulation and numerical sim-

ulation. A schematic representation of the system is shown in 

Fig. 1, where spherical elements are positioned beneath the ab-

sorber plate to intensify heat transfer. 

The duct has a rectangular cross-section with a width of  

0.15 m, a height of 0.03 m and an overall length of  1.85 m,  con-

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

sisting of a 0.35 m inlet, a 1.20 m heating region and a 0.30 m 

outlet. The design of SAH follows the recommendations speci-

fied in American Society of Heating, Refrigerating and Air Con- 

ditioning Engineers (ASHRAE) Standard 93−77 [13,42]. 

The absorber plate extends across the active heating zone 

and captures solar radiation before conveying thermal energy to 

 

Fig.1. Layout of SAH duct with cross-sectional view and zoomed view. 
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the air flowing beneath it. Spherical turbulators with a diameter 

of 25 mm are arranged in uniformly spaced rows along the un-

derside of the plate. Their placement is intended to disrupt the 

boundary layer, induce turbulence, and thereby elevate the con-

vective heat transfer coefficient. The cross-sectional view illus-

trates the positioning of the spheres within the flow passage, 

while the magnified view depicts their specific layout pattern. 

Each configuration of spherical turbulators is designed to en-

hance heat transfer effectiveness while controlling pressure 

losses to achieve improved thermo-hydraulic performance. 

This study investigates how various orientations of spherical 

turbulators influence the thermal and flow behaviour of SAHs. 

To facilitate this analysis, five separate configurations were for-

mulated, each featuring a distinct pattern of turbulators posi-

tioned beneath the absorber plate. The examined arrangements 

include V-shaped, M-shaped, W-shaped, inclined and arc-

shaped layouts, all intentionally designed to modify airflow 

characteristics and intensify turbulence within the duct. A top-

view representation of these configurations is shown in Fig. 2, 

illustrating the placement and directional alignment of the spher-

ical turbulators across the absorber plate region for each design. 

This comparative framework allows for a systematic assessment 

of the impact that different turbulator patterns have on heat tran-

sfer augmentation and overall thermo-hydraulic performance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In every design considered, the spherical turbulators were 

kept at a constant diameter of 25 mm to maintain uniformity in 

geometry. This specific size was chosen because earlier findings 

by Manjunath et al. [13] indicated that a 25 mm sphere provides 

the highest thermal and effective efficiency. For all configura-

tions, the angle of attack was maintained at 60°. Additionally, 

each turbulator pattern was evaluated at three different relative 

roughness pitch values  3, 6 and 9  to assess how variations 

in spacing and arrangement affect the overall thermo-hydraulic 

performance of the system. 

3. CFD and ML modelling 

3.1. CFD numerical model 

To perform the numerical analysis of SAHs, several founda-

tional assumptions were introduced to streamline the computa-

tional framework and maintain reliable simulation results. These 

assumptions include: 

 The working fluid  air  is treated as a Newtonian, con-

tinuous medium with consistent flow characteristics across 

the entire domain; 

 The airflow is considered incompressible, meaning density  

variations during motion are assumed to be negligible; 

 A no-slip condition is applied to all solid boundaries, en-

suring the fluid velocity at the wall is equal to the wall ve-

locity; 

 The thermo-physical properties of air, such as density, vis-

cosity, thermal conductivity and specific heat, are assumed 

to remain constant throughout the simulation; 

 Heat transfer is modelled through conduction and convec-

tion only, while thermal radiation effects are regarded as 

minimal and therefore omitted from the analysis. 

3.1.1. Conservation equations and boundary conditions 

Any thermodynamic system operating over a specified duration 

must satisfy the fundamental conservation principles of mass, 

momentum and energy. The Cartesian form of these governing 

equations  continuity, momentum, and energy  is expressed 

as follows [43,44]: 

 mass conservation: 

 
𝜕𝑢 

𝜕𝑥
 + 

𝜕𝑣

𝜕𝑦
 + 

𝜕𝑤

𝜕𝑧
 = 0, (1) 

 momentum conservation: 

 (Mx): 

 
𝜕𝑢

𝜕𝑡
 + 

𝜕(𝑢𝑢)

𝜕𝑥
 + 

𝜕(𝑣𝑢)

𝜕𝑦
 + 

 𝜕(𝑤𝑢)

𝜕𝑧
 = 

𝜕

𝜕𝑥
[( + 𝑇)

𝜕𝑢

𝜕𝑥
]+  

 +
𝜕

𝜕𝑦
[( + 𝑇)

𝜕𝑢

𝜕𝑦
] +

𝜕

𝜕𝑧
[( + 𝑇)

𝜕𝑢

𝜕𝑧
]+(−

1



𝜕𝑝

𝜕𝑥
 + 𝑠𝑢

,
), (2) 

 

 

Fig. 2. Various arrangement of spherical turbulators in SAHs (a) inclined arrangement, (b) arc-shaped arrangement,  

(c) M-shaped arrangement, (d) W-shaped arrangement (e) V-shaped arrangement.  
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 (My): 

 
𝜕𝑣

𝜕𝑡
 + 

𝜕(𝑢𝑣)

𝜕𝑥
 + 

𝜕(𝑣𝑣)

𝜕𝑦
 + 

 𝜕(𝑤𝑣)

𝜕𝑧
 = 

𝜕

𝜕𝑥
[( + 𝑇)

𝜕𝑣

𝜕𝑥
]+  

 +
𝜕

𝜕𝑦
[( + 𝑇)

𝜕𝑣

𝜕𝑦
]+

𝜕

𝜕𝑧
[( + 𝑇)

𝜕𝑣

𝜕𝑧
]+(−

1



𝜕𝑝

𝜕𝑦
 + 𝑠𝑣

,
), (3) 

 (Mz): 

 
𝜕𝑤

𝜕𝑡
 + 

𝜕(𝑢𝑤)

𝜕𝑥
 + 

𝜕(𝑣𝑤)

𝜕𝑦
 + 

 𝜕(𝑤𝑤)

𝜕𝑧
 = 

𝜕

𝜕𝑥
[( + 𝑇)

𝜕𝑤

𝜕𝑥
]+  

 +
𝜕

𝜕𝑦
[( + 𝑇)

𝜕𝑤

𝜕𝑦
]+

𝜕

𝜕𝑧
[( + 𝑇)

𝜕𝑤

𝜕𝑧
]+(−

1



𝜕𝑝

𝜕𝑧
 + 𝑠𝑤

,
), (4) 

 energy equation: 

 
𝜕𝑇

𝜕𝑡
 + 

𝜕(𝑢𝑇)

𝜕𝑥
 + 

𝜕(𝑣𝑇)

𝜕𝑦
 + 

 𝜕(𝑤𝑇)

𝜕𝑧
 = 

𝜕

𝜕𝑥
[(



Pr
+

𝑇

Pr𝑇
)

𝜕𝑇

𝜕𝑥
] +  

 +
𝜕

𝜕𝑦
[(



Pr
+

𝑇

Pr𝑇
)

𝜕𝑇

𝜕𝑦
] +  

𝜕

𝜕𝑧
[(



Pr
+

𝑇

Pr𝑇
)

𝜕𝑇

𝜕𝑧
] + 𝑆𝑇 , (5) 

where 𝑠𝑢
, , 𝑠𝑣

, , 𝑠𝑤
,

 and ST are additional source terms in the 

momentum equation in the x-direction, y-direction, z-di-

rection, and in the energy equation, respectively. 

 turbulence equations: 

 (k): 

 
𝜕𝑘

𝜕𝑡
 +  

𝜕(𝑢𝑘)

𝜕𝑥
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 =   

𝜕
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𝑇

𝜎𝑘
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𝜕𝑥
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𝜕

𝜕𝑦
[(

𝑇

𝜎𝑘

 𝜕𝑘
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𝜕

𝜕𝑧
[(

𝑇

𝜎𝑘

 𝜕𝑘

𝜕𝑧
 )] + (P – D), (6) 

 (ε): 
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 + 

𝜕(𝑣𝜀)
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𝜕
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𝑇

𝜎𝜀
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𝜕

𝜕𝑦
[(

𝑇

𝜎𝜀

 𝜕𝜀

𝜕𝑦
 )] +  

𝜕

𝜕𝑧
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𝑇

𝜎𝜀

 𝜕𝜀

𝜕𝑧
 )] + (

𝜀

𝑘
 (𝐶𝜀1 P – 𝐶𝜀2D)), (7) 

where 

 P = 2𝑇 [(
𝜕𝑢

𝜕𝑥
)

2

+ (
𝜕𝑣

𝜕𝑦
)

2

+ (
𝜕𝑤

𝜕𝑧
)

2

] +  

 +𝑇 [(
𝜕𝑢

𝜕𝑦
+

𝜕𝑣

𝜕𝑥
)

2

+ (
𝜕𝑣

𝜕𝑧
+

𝜕𝑤

𝜕𝑦
)

2

+ (
𝜕𝑤

𝜕𝑥
+

𝜕𝑢

𝜕𝑧
)

2

], (8) 

 D = ε,  

where Cε1 and Cε2 are the model constants with values of 1.44 

and 1.92, respectively. The turbulence kinetic energy magnitude 

is indicated by (k), turbulence-specific dissipation rate is shown 

by (ε), and the eddy viscosity is indicated by (νT).  

The k–ε turbulence model is selected for the CFD evaluation 

of the solar air heater because it delivers reliable, experimentally 

validated predictions of turbulent flow and heat transfer in ducts 

with surface roughness, while also offering good computational 

efficiency. Numerous numerical investigations and review stud-

ies on solar air heaters have shown that the re-normalisation 

group (RNG) variant of the k–ε model closely matches experi-

mental findings for absorber plates equipped with roughness el-

ements [23–25,27,28,31,32,38].  

A constant heat flux of 1000 W/m2 was applied to the ab-

sorber plate. The inlet flow conditions were defined for Reyn-

olds numbers ranging from 3500 to 23 500 [13,15,16]. In this 

analysis, velocity inlet and pressure outlet conditions were im-

posed at the entrance and exit of the duct. The incoming air en-

tered with a steady, uniform velocity and an initial temperature 

of 300 K. Since the flow is driven by pressure, the outlet pres-

sure was maintained at 1.013×105 Pa. The boundary conditions 

used in the numerical simulations are summarised in Table 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
The interaction between the pressure and velocity fields in 

the numerical simulation was handled through the SIMPLE 

(semi-implicit method for pressure-linked equations) algorithm. 

This iterative procedure maintains mass conservation by repeat-

edly adjusting both pressure and velocity until a stable solution 

is reached. To solve the discretised momentum and energy equa-

tions, a second-order upwind scheme was employed, offering 

improved numerical precision by accounting for flow direction 

and reducing artificial diffusion. 

The geometric setups and operating parameters applied 

throughout the analysis are compiled in Table 2, which presents 

the essential inputs utilised in the simulations. 

 

 

 

 

 

 

 

 

 

 

 

Table 1. Computational domain boundary conditions [44]. 

Boundary 
domain 

Zone 
type 

Boundary condition 

Inlet 
Ve-

locity 
inlet 

The velocity for a fully developed flow  
is computed according to the associated 

Reynolds number. 
w  = Vin ,      u = v = 0,      T = Tin = 300 K 

Outlet 
Pres-
sure 

outlet 

(
∂V

∂z
)

z=L
= 0,       (

𝜕𝑇

𝜕𝑧
)

𝑧=𝐿
= 0, 

At the outlet, the pressure is set to zero 
gauge, and the remaining flow parameters 

are estimated based on values 
from the domain. 

Bottom 
duct wall 

Wall 
Adiabatic wall condition  
with a no-slip boundary.  

u = v = w = 0,        q = 0 W/m2 

Spheres Wall 
Adiabatic wall condition  
with a no-slip boundary. 

u = v = w = 0,        q = 0 W/m2 

Top 
heated 
wall 

Wall 
Uniform constant heat flux condition  

with a no-slip boundary 
u = v = w = 0,         q = 1000 W/m2 

 

Table 2. Geometrical and operating parameters [44].  

Geometrical and operating  
parameters 

Symbol Value/range 

Diameter of sphere (mm) 
Relative roughness pitch 
Specific heat of air (J/(kg‧K)) 
Thermal conductivity of air (W/(m‧K)) 
Dynamic viscosity of air (kg/(s‧m)) 
Reynolds number 

D 
P/D 
Cp 
ka 
μ 

Re 

25 
3, 6 and 9 

1008 
0.026 

1.865× 10−5 
3500–23 500 
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The Nusselt number (Nu) is widely used to evaluate the ef-

ficiency of convective heat transfer inside a SAH channel [45]:  

 Nu =
ℎ𝐷

𝑘𝑎
, (9) 

where the hydraulic diameter D for a rectangular duct is: 

 𝐷 =
4𝐴

𝑃
. (10) 

The heat transfer coefficient h is found using the relation: 

 ℎ =
𝑞

(𝑇𝑠−𝑇𝑏)
, (11) 

where q is the heat flux on the absorber plate, Tₛ is the average 

surface temperature of the heated plate, and Tb represents the 

bulk mean temperature of the airflow. 

The friction factor (f) for fully developed turbulent flow 

through a roughened duct can be found as [46]: 

 𝑓 = 2
[
∆𝑝

𝑙
]𝐷

𝜌𝑉2 , (12) 

where Δp is the difference between the static pressure at the en-

trance and at the exit of the duct 

 ∆𝑝 = 𝑝𝑖𝑛 − 𝑝𝑜𝑢𝑡. (13) 

Lewis [47] introduced the thermo-hydraulic performance pa-

rameter (THPP), which states the following and compares the 

value of thermal gain to that of the frictional loss: 

 THPP = (𝑁𝑢𝑟 𝑁𝑢𝑠)/⁄ (𝑓𝑟 𝑓𝑠⁄ )1/3, (14) 

where Nu and f are the Nusselt number and friction factor, re-

spectively. The parameters with suffix r and s refer to roughened 

and smooth configurations of SAHs.  

3.1.2. Meshing and grid independence test 

The different design configurations were first modelled in Solid-

Works V23, after which the mesh generation and numerical sim-

ulations were carried out using ANSYS V21.0. The computa-

tional domain was discretised using an unstructured tetrahedral 

mesh, which allowed accurate representation of the complex ge-

ometric features of the spherical turbulators and the duct sur-

faces. While prismatic (wedge-type) layers were introduced near 

the walls (top and bottom absorber walls as well as around the 

spherical turbulators) to properly resolve the near-wall flow 

physics like flow separation, recirculation zones and boundary 

layer development, which are critical for predicting heat transfer 

enhancement and frictional losses in the solar air heater duct. 

A total of 5 inflation layers were applied near the solid surfaces 

with a first layer thickness of approximately 0.02 mm and 

a growth rate of 1.2, ensuring adequate resolution of the velocity 

and thermal boundary layers. The resulting dimensionless wall 

distance (y⁺) values were maintained within the acceptable tur-

bulence modelling range of 30–200 for the selected turbulence 

models. The inlet boundary conditions were specified using 

a turbulence intensity of 5% (0.05), which is commonly adopted 

for generic high-speed and internal turbulent flows. The turbu-

lence length scale was defined as 0.07 times the hydraulic diam-

eter of pipe to represent the characteristic size of turbulent ed-

dies at the inlet. 

These mesh structures were created through the ICEM CFD 

module in ANSYS, ensuring smooth element transitions and 

faithful representation of the geometric features. As shown in 

Fig. 3, inflation layers were applied along both the spherical tur-

bulators (ST) and duct walls to effectively resolve near-wall 

flow characteristics during the analysis. The simulations were 

then performed using the Fluent solver integrated in ANSYS 

V21.0.  

A grid independence analysis was performed to verify the 

dependability and accuracy of the computational setup. All con-

figurations were independently subjected to grid‐independence 

testing; however, for clarity and readability, only the inclined 

configuration is presented in the manuscript as a representative 

case. The inclined spherical turbulator configuration of the solar 

air heater (SAH) was evaluated under multiple mesh densities 

while maintaining a constant Reynolds number of 11 000. The 

goal was to determine how changes in mesh resolution influ-

enced the predicted thermal behaviour. Table 3 reports the vari-

ation in Nusselt number as a function of the total cell count. The 

results showed that when the mesh consisted of 1 889 780 ele-

ments, the Nusselt number obtained with the k–ε turbulence 

model differed by only 0.95% from those predicted with finer 

grids. Since this difference is insignificant, additional refine-

ment would not meaningfully improve the accuracy while sig-

nificantly increasing computational time. Therefore, the mesh 

containing 1 889 780 cells was selected for all further simula-

tions to achieve an optimal balance between computational cost 

and solution reliability. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. Meshing of SAH fluid flow domain with zoomed view near spherical turbulators.  
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3.1.3. Validation of the present numerical work 

To ensure the accuracy and reliability of the numerical ap-

proach, a validation study was performed in which the results 

from the present SAH simulations were compared with estab-

lished findings from earlier research. The validation involved 

modelling a smooth solar air heater duct without any roughness 

elements. The numerically obtained Nusselt number and friction 

factor were evaluated against well-known theoretical correla-

tions for smooth ducts, specifically, the Gnielinski and Dittus-

Boelter correlations for heat transfer, and the Blasius equation 

for friction factor estimation [45]. For Reynolds numbers below 

10 000, the Gnielinski correlation was applied, while the Dittus-

Boelter correlation was used for Reynolds numbers exceeding 

this range. The Nusselt number and friction factor predicted us-

ing standard kε, RNG kε, realisable kε, standard kω, and 

SST kω turbulence models were evaluated over a Reynolds 

number range of 4000–20 000 and compared with well-estab-

lished empirical correlations (the Gnielinski and Dittus-Boelter 

correlations for the Nusselt number, and the modified Blasius 

equation for the friction factor). The comparison plots in Fig. 4 

added in the revised manuscript show that the RNG kε model 

provides predictions that closely follow the empirical correla-

tions while maintaining stable trends across the entire Reynolds 

number range. Other models either slightly overpredict or devi-

ate from the correlations. Based on this comparative assessment, 

the RNG kε model was selected as it provides reliable agree-

ment with established correlations for both heat transfer and 

flow friction characteristics in the present solar air heater con-

figuration. The comparison showed excellent consistency, with 

average deviations of 3.1% for the friction factor and 4.7% for 

the Nusselt number. 

The Nusselt number for a smooth duct has been calculated 

using the Dittus-Boelter equation for Re > 10 000 and the Gniel-

inski correlation for Re < 10 000, as expressed in Eqs. (15) and 

(16), respectively [39]: 

 Nu𝑠 = 0.023 Re0.8Pr0.4, (15) 

 Nu𝑠 =
(

𝑓

2
)(Re −1000)Pr

1+12.7(
𝑓

2
)

1
2

(Pr
2

3⁄ −1)

, (16) 

where f = (1.58‧ln(Re) – 3.82)−2 and Pr is the Prandtl number.  

The modified Blasius equation presents the friction factor in 

a smooth duct as [40]:  

 𝑓𝑠 = 0.085 Re−0.25. (17) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

An additional validation study was conducted using experi-

mental data, in which the numerical simulation results of a solar 

air heater equipped with V-shaped ribs having a symmetrical 

gap were compared with the corresponding experimental find-

ings reported in [48]. It can be observed from Fig. 5 that the 

Nusselt number increases consistently with the increasing Reyn-

olds number for both approaches, indicating enhanced convec-

tive heat transfer at higher flow rates. The numerical predictions 

closely follow the experimental trend across the entire Reynolds 

number range (4000–20 000), demonstrating good agreement 

between the computational model and the experimental obser-

vations. The deviation between the two datasets appears rela-

tively small, suggesting that the adopted numerical model and 

boundary conditions are capable of reliably predicting the heat 

transfer characteristics of the ribbed channel. However, minor 

discrepancies between experimental and numerical results may 

arise due to several possible sources of error. These include ex-

perimental uncertainties such as thermocouple measurement er-

rors, heat losses to the surroundings, and non-uniform heating 

conditions. Additionally, numerical errors may result from mesh 

discretisation, turbulence model limitations, and simplified as-

sumptions such as steady-state flow or uniform material proper-

ties. Variations in rib geometry during fabrication and slight dif-

ferences in boundary conditions between the experiment and 

simulation may also contribute to the observed differences. 

Overall, the small deviation indicates acceptable validation of 

 

 

Fig. 4. Comparison of numerical results with correlations  

for a smooth duct. 

Table 3. Grid independence test.  

No. Number of cells 
Nusselt number 

values 
Deviation 

(%) 

1 121 5439 96.45  

2 129 4081 92.87 3.71 

3 134 8725 88.29 4.93 

4 144 2977 86.97 1.49 

5 169 5313 85.74 1.41 

6 188 9780 84.2 1.79 

7 201 2542 83.4 0.95 
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the numerical model for predicting the heat transfer behaviour 

of the investigated configuration. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.2. ML surrogate modelling 

High-fidelity CFD provides reliable thermo-hydraulic perfor-

mance predictions for solar air heaters (SAHs) equipped with 

spherical turbulators; however, repeated CFD evaluations be-

come computationally expensive when configuration screening, 

sensitivity analyses, or optimisation are required. To enable 

rapid evaluation over the investigated design space, a supervised 

machine-learning (ML) surrogate model was developed to pre-

dict the Nusselt number (Nu) and friction factor (f) directly from 

the governing operating and geometric descriptors (the Reyn-

olds number and turbulator arrangement, together with the di-

mensionless spacing/ratio parameter used in the numerical cam-

paign). The surrogate is trained on the CFD-derived dataset 

spanning over the range of Re = 3500–23 500 and the three dis-

crete levels of the dimensionless spacing/ratio parameter (3, 6 

and 9), consistent with the simulation campaign. 

For clarity, the ML workflow can be understood as four se-

quential stages: dataset assembly from CFD outputs, cleaning 

and feature construction, leakage-safe grouped model develop-

ment, and final reliability assessment on a frozen holdout set. 

First, CFD cases were compiled into a tabular dataset in which 

each row corresponds to one simulated operating condition and 

geometry combination. Second, the raw descriptors were 

cleaned, standardised, and expanded into engineered features 

that reflect known thermo-fluid scaling behaviour. Third, the 

processed data were split by geometry identity so that similar 

cases from the same configuration-pitch pair did not appear in 

both training and evaluation subsets. Finally, the selected surro-

gate models were assessed using grouped cross-validation and a 

frozen holdout test with uncertainty estimation. A schematic 

overview of this workflow is shown in Fig. 6. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The ML workflow follows reporting for data-driven surro-

gates: (i) transparent dataset audit and physically consistent 

cleaning, (ii) leakage-safe train-test splitting using geometry-

level grouping, and (iii) exploratory data analysis (EDA) to ver-

ify coverage of the operating envelope and to interpret dominant 

trends prior to model training, as shown in Fig. 7. 

In contrast to many earlier CFD-ML studies that mainly re-

port pointwise prediction accuracy, the present surrogate work- 

flow is structured around geometry-aware generalisation and de-

sign screening. The methodological contribution here is the 

combination of grouped geometry-level splitting, explicit leak-

age control, frozen-holdout validation, uncertainty estimation, 

and post-prediction thermo-hydraulic ranking for spherical-tur-

bulator configurations. This makes the surrogate framework 

more directly relevant for engineering selection tasks than 

a purely accuracy-oriented regression exercise. 

 

Fig. 5. Validation of the CFD model through comparison  

with experimental data for V-shaped rib configuration.  

 

Fig. 6. Schematic overview of the CFD-derived surrogate-modelling workflow. 
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3.2.1. Dataset description 

The compiled dataset contains 675 samples and 36 columns, in-

cluding two supervised targets (Nu and friction factor), categor-

ical descriptors of the turbulator arrangement (configuration,  

5 levels: V-, M-, W-shaped, inclined, arc-shaped), and a dimen-

sionless spacing/ratio parameter stored as P_over_D (three lev-

els: 3, 6, 9). These five configurations correspond to the five 

spherical-turbulator arrangements investigated in the CFD 

study. 

To improve learnability on tabular models, the raw physical 

inputs were augmented with physics-informed feature engineer-

ing, including logarithmic, inverse, square-root and power-law 

transforms of Reynolds number, together with interaction terms 

involving the spacing ratio and indicator variables for configu-

ration class. The complete feature scheme used for ML, includ-

ing raw variables, engineered variables, units, ranges and trans-

formation definitions, is documented in Table 4. To avoid leak-

age, only pre-target operating and geometric descriptors were 

used as predictors; the response variables (Nu and friction fac-

tor), thermo-hydraulic performance metrics derived from them, 

and split-management fields were excluded from model inputs. 

Table 4 distinguishes clearly between raw design inputs, en-

gineered predictors, split-management fields, target variables, 

and derived thermo-hydraulic metrics. Variables such as Nu, 

friction factor and THPP were never supplied to the ML models 

as predictors. Likewise, GROUP_ID and SPLIT were used only 

for grouped evaluation and frozen holdout construction, not for 

training. This separation was enforced to eliminate inadvertent 

target or partition leakage. 

In practical terms, preprocessing was performed in a simple 

sequence. The compiled CFD table was first checked for re-

peated columns, inconsistent names, and missing target values. 

After this audit, categorical labels for configuration were stand-

ardised so that each layout appeared under a single consistent 

name. Numerical inputs were then screened for physical admis-

sibility, retaining only rows with positive Reynolds number, 

positive Nusselt number and positive friction factor. Next, the 

raw design descriptors were transformed into a richer predictor 

set using interpretable mathematical operations such as loga-

rithm, inverse, square-root and power-law terms, together with 

configuration indicators and selected interaction terms. These 

engineered variables were created only from pre-target quanti-

ties and were intended to help the regression models represent 

known nonlinear thermo-fluid behaviour more effectively. 

A conservative audit-and-cleaning protocol was applied to 

ensure that the surrogate is trained on physically meaningful and 

internally consistent samples. Because aggregated datasets may 

occasionally contain repeated fields (e.g., duplicate “Re” col-

umns from concatenation), columns were standardised by trim-

ming/normalising names, and then checked for duplication. Per-

fectly duplicated columns (value-by-value identical) were re-

moved to prevent redundant signals and unstable parameter es-

timation in linear models. When multiple Reynolds-number col-

umns existed, a single canonical Re was selected based on nu-

meric type and completeness. Furthermore, since the task is su-

pervised regression, any sample missing either target (Nu or 

friction factor) was excluded. In the final compiled dataset used 

here, the targets are fully populated (675/675 non-null), which 

avoids bias from imputation on the dependent variables. 

Samples violating basic physical admissibility were removed 

using non-aggressive guards: Re > 0, Nu > 0, friction factor > 0. 

These checks are lightweight but important: they prevent acci-

dental inclusion of corrupted rows (e.g. sign errors) that can dis-

tort loss surfaces and inflate error metrics. 

 

Fig. 7. Overall ML approach flowchart.  

Fig. 8. Train–test split check showing similar Reynolds-number cover-
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Categorical labels were standardised (case/whitespace nor-

malisation) so that the same configuration is not split across 

multiple string variants. This is essential for stable one-hot en-

coding and for geometry-level grouping. A key risk in surrogate 

modelling for engineered thermal systems is data leakage: if 

multiple samples are generated from the same geometry (same 

arrangement and spacing ratio) across many Reynolds numbers, 

a naive random split may place near-identical geometry patterns 

in both training and test sets, inflating apparent generalisation. 

To address this, the dataset was partitioned using a geometry 

identity group: 

 GROUP_ID = 𝑓(Configuration, 𝑒/𝐷),  

where e/D denotes the discrete spacing/ratio level used in the 

parametric campaign (stored as P_over_D in the dataset). This 

grouping produces 15 geometry groups (= 5 configurations ×  

3 spacing levels), aligning with the CFD design-of-experiments 

structure. From the full compiled table, only variables available 

before target evaluation were allowed to enter the predictor ma-

trix. Specifically, the Reynolds number, spacing-ratio infor-

mation, categorical configuration labels, and their engineered 

transforms were retained, whereas Nu, friction factor, THPP, 

SPLIT, and GROUP_ID were not used as predictors. This rule 

was adopted to prevent target leakage and to ensure that the sur-

rogate learns only from quantities that would be known at de-

sign-screening time. A group shuffle split strategy was then used 

to create a frozen holdout test set (20% by groups), ensuring that 

the test set contains geometry groups unseen during training. 

This makes the reported test performance meaningful for design 

screening, because the surrogate is evaluated on genuinely new 

geometry identities rather than interpolating within the same 

group. 

Interpretation and significance. The split-check histogram 

(Fig. 8) is an important diagnostic: it verifies that, even after en-

forcing group disjointness, the Reynolds-number envelope re-

mains comparable across training and test partitions. This re-

duces the chance that performance differences are driven simply 

by different Re ranges rather than by geometry generalisation. 

In other words, the surrogate is forced to learn transferable rela-

tionships between the inputs and (Nu, f), rather than memorising 

a specific configuration’s curve. 

Figure 9 confirms that the dataset spans the complete Reyn-

olds-number and friction factor range investigated in the CFD 

campaign. This coverage is crucial because Nu and friction fac-

tor in roughened ducts are strongly Reynolds-dependent; a sur-

rogate trained on a narrower window would extrapolate unreli-

ably outside its calibration range. From a modelling standpoint, 

the broad Re coverage motivates the inclusion of nonlinear 

Reynolds transforms (e.g. ln Re, Re0.6, Re0.8, 1/Re), which mir-

ror classical convective scaling behaviour and help reduce the 

functional complexity that the regression models must learn. 

As expected for forced convection in internal flows, Nu in-

creases with Re across all configurations (Fig. 10), reflecting en-

hanced mixing and reduced thermal boundary-layer thickness at 

higher flow rates. The separation between configuration-spe-

cific point clouds highlights that the turbulator arrangement is 

not a minor categorical label but a first-order determinant of 

Table 4. Summary of variables used for ML surrogate modelling (targets, raw inputs and engineered features). 

Variable Type Range / Levels Transformation / Definition 
Used as  
predictor 

Leakage 
risk 

Re Raw input 3 500–23 500 Reynolds number from CFD case definition Yes No 

P_over_D (or P/D as 
stored in dataset) 

Raw input 3, 6, 9 Dimensionless pitch/spacing ratio used 
in the design study 

Yes No 

Configuration Raw categorical input V, M, W, Inclined, arc Turbulator layout label Yes No 

Config_V Engineered categorical flag 0, 1 One-hot encoding of V-shaped layout Yes No 

Config_M Engineered categorical flag 0, 1 One-hot encoding of M-shaped layout Yes No 

Config_W Engineered categorical flag 0, 1 One-hot encoding of W-shaped layout Yes No 

Config_inclined Engineered categorical flag 0, 1 One-hot encoding of inclined layout Yes No 

Config_ARC Engineered categorical flag 0, 1 One-hot encoding of arc-shaped layout Yes No 

ln(Re) Engineered numeric Computed Natural logarithm of Re Yes No 

sqrt(Re) Engineered numeric Computed Square root of Re Yes No 

Re0.6  Engineered numeric Computed Power-law transform of Re Yes No 

Re0.8  Engineered numeric Computed Power-law transform of Re Yes No 

1/Re Engineered numeric Computed Inverse Reynolds number Yes No 

1/sqrt(Re) Engineered numeric Computed Inverse square-root Reynolds term, if used Yes/No No 

ln(P_over_D) Engineered numeric ln(3), ln(6), ln(9) Natural logarithm of pitch ratio, if used Yes/No No 

1/P_over_D Engineered numeric 1/9–1/3 Inverse pitch ratio, if used Yes/No No 

sqrt(P_over_D) Engineered numeric Computed Square-root pitch term, if used Yes/No No 

Re × P_over_D Engineered interaction Computed Interaction between flow regime and spacing ratio Yes No 

ln(Re) × P_over_D Engineered interaction Computed Interaction between transformed Re and spacing ratio Yes No 

Re^0.8 × P_over_D Engineered interaction Computed Power-law Reynolds–pitch interaction Yes/No No 

Re bin_low Engineered categorical flag 0, 1 Low-Reynolds operating bin Yes/No No 

Re bin_mid Engineered categorical flag 0, 1 Mid-Reynolds operating bin Yes/No No 

Re bin_high Engineered categorical flag 0, 1 High-Reynolds operating bin Yes/No No 

GROUP_ID Split-management field 15 groups Geometry identity = Configuration × P_over_D No Yes 

SPLIT Split-management field Train / Test Dataset partition label No Yes 

Nu Target 35.7–177.8 CFD-derived Nusselt number No Yes 

Friction factor Target Dataset-specific CFD-derived friction factor No Yes 

THPP Derived performance metric Dataset-specific Calculated from Nu and FrictionFactor No Yes 
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heat-transfer augmentation: at a fixed Re, different arrange-

ments produce systematically different Nu levels. This validates 

two dataset-design decisions: (i) retaining configuration explic-

itly (categorical + indicators), and (ii) adding interaction terms 

combining Re with the spacing/ratio feature, because layout-in-

duced turbulence generation interacts with the flow regime ra-

ther than acting as a simple additive offset. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11 shows that friction factor decreases with increas-

ing Re in the investigated turbulent range, consistent with inter-

nal-flow behaviour where inertial effects dominate and the rela-

tive contribution of viscous shear diminishes at higher Re. Im-

portantly, the configuration-dependent offsets indicate that the 

same arrangement choices that increase turbulence and heat 

transfer also modify pressure losses. For surrogate modelling, 

this implies a multi-physics mapping: the model must capture 

both monotonic trends with Re and the geometry-driven shifts 

in the friction-Re relationship. This is a typical scenario where 

tree-based ensemble models and gradient boosting often per-

form well, because they can represent nonlinear interactions and 

categorical splits without requiring an explicit functional form. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The trade-off map (see Fig. 12) provides a compact thermo-

hydraulic perspective: points with higher Nu are generally asso-

ciated with higher f, reflecting the classical enhancement penalty 

where turbulence promoters improve convective transfer at the 

expense of pressure drop.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The Reynolds-number colour gradient further clarifies the 

operating-regime dependence: as Re increases, Nu tends to rise 

 

Fig. 9. Re number and friction factor distribution of the compiled dataset. 

 

Fig. 8. Train-test split check showing similar Reynolds-number coverage 

in both splits (leakage-safe group split).  

 

Fig. 10. Nusselt number versus Reynolds number  

for each spherical-turbulator configuration.  

 

Fig. 11. Friction factor versus Reynolds number  

for each spherical-turbulator configuration.  

 

 

Fig. 12. Trade-off map between the Nusselt number and friction factor 

(colour-coded by Reynolds number).  
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while f tends to moderate, indicating that some high-Re operat-

ing points can occupy a relatively favourable region of high heat 

transfer with less severe friction penalties. For the ML work-

flow, this figure justifies treating Nu and friction factor as sepa-

rate regression targets (rather than forcing a single composite 

metric during training), because design optimisation and THPP 

evaluation can then be performed post-prediction using physi-

cally interpretable objectives. 

3.2.2. ML model development and evaluation 

This subsection describes the development of data-driven surro-

gate models for rapid prediction of the two CFD-derived perfor-

mance indicators, i.e. Nu and f, for the investigated SAH 

equipped with spherical turbulators. The surrogate was trained 

over the same design space explored in the numerical campaign, 

comprising five turbulator arrangements (V-, M-, W-shaped, in-

clined and arc-shaped layouts) and three discrete spacing levels 

(relative roughness pitch values of 3, 6 and 9), while keeping the 

spherical diameter constant to preserve geometric uniformity. 

Two independent supervised regression models were formu-

lated: 

 𝑦̂ = ℳ(𝐱), 𝑦 ∈ {Nu, 𝑓}, (18) 

where 𝐱 denotes the input feature vector containing operating 

and geometric descriptors. Separate models were trained for Nu 

and 𝑓(rather than a single multi-output regressor) to allow tar-

get-specific inductive bias and hyperparameter tuning, as the 

thermo-hydraulic response surfaces for heat transfer and pres-

sure losses can exhibit different nonlinearities and noise charac-

teristics. 

All available non-target variables were considered as candi-

date predictors, excluding the data-management fields used for 

splitting and grouping (SPLIT and GROUP_ID). A complete 

variable dictionary, including units, ranges, transformation for-

mulas and leakage status, is provided in Table 4. The predictors 

comprised: (i) primary physical inputs (e.g. Reynolds number 

and the spacing/ratio parameter e/D), (ii) configuration de-

scriptors (categorical configuration label and its indicator repre-

sentation), and (iii) physics-informed engineered features (loga-

rithmic, power-law and interaction terms), which aim to linear-

ise known scaling relationships and represent coupled effects 

between flow regime and spacing. 

To prevent leakage during cross-validation and to ensure 

consistent transformations across folds, preprocessing was im-

plemented within the training pipeline and re-fitted inside each 

cross-validation split. The pipeline consisted of: (i) median im-

putation for missing values, followed by optional standardisa-

tion (zero mean, unit variance) for scale-sensitive models,  

(ii) most-frequent imputation, followed by one-hot encoding 

with “unknown category” handling to ensure robustness if an 

unseen configuration label appears at inference time (e.g. due to 

label normalisation or future extensions). 

The preprocessing pipeline can be summarised as follows. 

For numerical variables, missing values were replaced with the 

median computed from the training fold only; scale-sensitive 

models then received standardised inputs with zero mean and 

unit variance, again fitted only on the training fold. For categor-

ical variables, missing labels were replaced with the most fre-

quent category from the training fold, followed by one-hot en-

coding to convert configuration labels into binary indicators. 

The preprocessing steps were embedded inside the model pipe-

line so that the validation fold and holdout set were never used 

to estimate imputation values, scaling factors or category map-

pings. This procedure ensures that model evaluation reflects true 

generalisation rather than information leakage from prepro-

cessing. 

This design ensures that all preprocessing parameters (impu-

tation statistics, scaling factors and categorical mappings) are 

learned exclusively from the training portion of each fold. 

Grouped 5-fold cross-validation (GroupKFold, n_splits = 5) us-

ing GROUP_ID; randomised hyperparameter search with  

30 iterations per model (RandomizedSearchCV, n_iter = 30); 

primary scoring = negative RMSE; random seed = 42; prepro-

cessing (imputation/encoding/scaling) refit inside each fold (see 

Table 5). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5. Candidate ML models, preprocessing choice, grouped CV protocol and hyperparameter search space used for surrogate development  

(Nu and friction factor are modelled separately). 

Model family 
Preprocessing (nu-

meric) 
Fixed settings Hyperparameters tuned (randomised search space) 

Ridge regression Standardisation ON  α ∈ [10−4, 103] (60 log-spaced values) 

SVR (RBF ker-
nel) 

Standardisation ON kernel = RBF 
C ∈ [10−1, 103] (40 log-spaced); γ ∈ [10−4, 100] (40 log-spaced);  

ε ∈ [10−4, 10−1] (25 log-spaced) 

Random forest 
regressor 

Standardisation OFF n_estimators = 600 
max_depth ∈ {none, 10, 16, 24, 32}; min_samples_split ∈ {2, 4, 8, 12};  
min_samples_leaf ∈ {1, 2, 4, 8}; max_features ∈ {"sqrt", 0.5, 0.7, 1.0} 

Extra trees re-
gressor 

Standardisation OFF n_estimators = 600 
max_depth ∈ {none, 8, 12, 18, 26}; min_samples_split ∈ {2, 4, 8, 12};  
min_samples_leaf ∈ {1, 2, 4, 8}; max_features ∈ {"sqrt", 0.5, 0.7, 1.0} 

Histogram gra-
dient boosting 
regressor 

Standardisation OFF  

learning_rate ∈ [10−2.5, 10−0.2] (40 log-spaced; ~0.00316−0.631);  
max_depth ∈ {none, 4, 6, 8, 10}; max_leaf_nodes ∈ {15, 31, 63, 127};  

min_samples_leaf ∈ {10, 20, 30, 50};  
l2_regularization ∈ [10−6, 101] (30 log-spaced; 10−6 to 10) 

MLP regressor 
(optional ben-
chmark) 

Standardisation ON 

ReLU activations;  
MSE loss; AdamW 
optimiser; batch 

size = 256 

Architecture: [256, 128, 64] hidden units; dropout = 0.10; learning rate = 1×10−3; 
epochs ≤ 250 with early stopping (patience = 30) 
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Median imputation was applied to numerical features; most-

frequent imputation and one-hot encoding were applied to cate-

gorical features; standardisation was enabled only for scale-sen-

sitive models. A compact but diverse model set (“model zoo”) 

was selected to balance interpretability, nonlinear capacity and 

sample efficiency on tabular data: 

1. Ridge regression (L2-regularised linear model): a strong 

baseline for engineered features; regularisation mitigates 

multicollinearity among transformed predictors, 

2. Support vector regression (SVR) with RBF kernel: 

a nonlinear margin-based learner that can fit smooth re-

sponse surfaces; applied with standardised inputs, 

3. Random forest regression: bagged decision trees provid-

ing robust nonlinear modelling and limited sensitivity to 

monotonic transforms, 

4. Extra trees regression: randomised tree ensembles that 

typically yield strong accuracy and reduced variance on 

tabular datasets, 

5. Histogram-based gradient boosting regression: a boost-

ing approach well-suited to capturing complex interactions 

with efficient training, 

6. Optional multi-layer perceptron (MLP): a small feed-

forward neural network trained with early stopping; used 

as an additional nonlinear benchmark. 

Ridge (α); SVR (C, γ, ϵ); random forest / extra trees (depth, 

minimum samples, max features); gradient boosting (learning 

rate, depth/leaf nodes, minimum leaf samples, L2 regularisa-

tion); MLP (hidden sizes, dropout, learning rate, epochs with 

early stopping). 

Model development was performed strictly on the training 

split, while the holdout test split remained frozen for final as-

sessment (reported in Results). Cross-validation was conducted 

using GroupKFold based on GROUP_ID, i.e., the geometry 

identity formed by configuration and spacing level. This 

grouped strategy is essential for surrogate modelling of paramet-

ric CFD datasets because multiple Reynolds-number samples 

from the same geometry are highly correlated; grouping forces 

validation folds to contain geometry identities not present in the 

corresponding training fold, producing a more realistic estimate 

of generalisation to unseen configurations within the investi-

gated design space. 

The grouped validation strategy can be interpreted in a sim-

ple way: all CFD samples belonging to the same geometry fam-

ily, defined by a specific configuration and pitch ratio, were kept 

together during splitting. Thus, when one geometry group was 

placed in a validation fold or in the frozen holdout set, the model 

had not seen any samples from that same group during training. 

This is stricter than random splitting and is more appropriate for 

engineering screening, because the real task is to predict perfor-

mance for a new configuration-pitch combination rather than for 

a repeated point from a geometry already seen during training. 

A schematic of this grouped split strategy is shown in  

Fig. 13. It illustrates how grouped splitting was enforced at the 

geometry level so that all Reynolds-number samples from one 

configuration-pitch pair remained together during validation 

and frozen-holdout testing. 

Unless otherwise stated, five folds were used. A fixed ran-

dom seed was set for reproducibility of randomised procedures 

(hyperparameter sampling and any model-internal randomness). 

For each candidate model and for each target (Nu and f), hy-

perparameters were optimised using randomised search under 

grouped cross-validation. The primary tuning objective was 

minimisation of root mean squared error (RMSE), chosen be-

cause it penalises large errors and is commonly used for regres-

sion surrogates intended for engineering screening. After the 

search, the best hyperparameter setting was refit on the full 

training portion. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

To enable reproducible and fair comparison across models, 

the same grouped fold structure and the same metric definition 

were used during tuning for all candidates. Although final nu-

merical results are presented in the Results section, evaluation 

methodology is defined here. For each tuned model, out-of-fold 

(OOF) predictions were generated under grouped cross-valida-

tion. OOF prediction provides a nearly unbiased estimate of 

model performance on unseen groups because each training 

sample is predicted by a model that did not observe its geometry 

group during fitting. 

Four complementary metrics were computed: 

 𝑅𝑀𝑆𝐸 = √  
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2, (19) 

 𝑀𝐴𝐸 =
1

𝑛
∑ ∣𝑛

𝑖=1 𝑦𝑖 − 𝑦̂𝑖 ∣, (20) 

 𝑅2 = 1 −
∑ (

𝑛
𝑖=1 𝑦𝑖−𝑦̂𝑖)2

∑ (
𝑛
𝑖=1 𝑦𝑖−𝑦̄)2

 , (21) 

 𝑀𝐴𝑃𝐸(%) =
100

𝑛
∑ ∣

𝑦𝑖−𝑦̂𝑖

𝑚𝑎𝑥 (∣𝑦𝑖∣,𝜀)
∣𝑛

𝑖=1 . (22) 

Here, 𝜀 is a small constant used to avoid numerical instabil-

ity when 𝑦𝑖 is very small. RMSE served as the primary model-

selection criterion, while MAE, 𝑅2 and MAPE were used to pro-

vide complementary views of error magnitude, explained vari-

ance and relative error. 

Metrics were computed from out-of-fold predictions gener-

ated under GroupKFold (5 folds), ensuring that each prediction 

is produced by a model trained without access to the correspond-

ing geometry group (GROUP_ID). This provides a leakage-safe 

estimate of generalisation prior to frozen-test evaluation. RMSE, 

MAE, R2, and MAPE were computed from grouped out-of-fold 

predictions; RMSE was used for model selection. 

 

Fig. 13. Schematic of the grouped train-validation-test strategy.  
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To complement the classical ML models, an optional MLP 

regressor was trained using the same grouped cross-validation 

protocol and the same preprocessing (imputation, one-hot en-

coding and standardisation). The network employed multiple 

fully connected layers with ReLU activations and dropout regu-

larisation. Training used the mean squared error loss and an 

adaptive optimiser (AdamW) with early stopping based on val-

idation loss to reduce overfitting risk on the moderately sized 

dataset. This benchmark was treated as an additional candidate 

and compared on the same OOF metrics. 

All experiments were executed in a controlled Python envi-

ronment, recording software versions and hardware availability 

(CPU/GPU) for transparency. The best-performing pipeline for 

each target was archived for later inference and for frozen-test 

evaluation, ensuring that the exact preprocessing + model map-

ping can be reproduced without manual reconstruction. 

After model selection under grouped cross-validation, the 

best-performing surrogate for each target was refit on the full 

training partition and evaluated once on the frozen geometry-

grouped holdout test set. To quantify predictive reliability, un-

certainty in the holdout error metrics was estimated using  

nonparametric bootstrapping of the holdout predictions with 

1000 resamples. For each target, 95% confidence intervals were 

computed for RMSE and MAE from the bootstrap distributions. 

In addition, an empirical 95% prediction-error interval was esti-

mated from the holdout residuals to indicate the typical range 

within which new predictions may deviate from the CFD refer-

ence values inside the investigated design space. 

4. Results and discussion 

4.1. ML prediction results 

The trained ML surrogates were assessed using leakage-safe, 

grouped out-of-fold (OOF) predictions, where geometry groups 

were defined by configuration and pitch/relative spacing 

(GROUP_ID), consistent with the operating envelope of the nu-

merical dataset (Re = 3500–23 500; pitch ratio 3, 6 and 9). This 

grouped evaluation is intentionally stricter than point-wise ran-

dom splits because it tests whether the model generalises to un-

seen geometry groups rather than merely interpolating among 

near-duplicate samples within the same configuration family. 

In addition to grouped out-of-fold evaluation, the final se-

lected models were assessed on a frozen geometry-grouped 

holdout test set containing configuration-pitch groups not used 

during training. On this stricter test, the hist gradient boosting 

model for Nu achieved an RMSE of 3.45, MAE of 2.48, R2 of 

0.988, and MAPE of 2.55%, with a bootstrapped 95% RMSE in-

terval of 3.10–3.85. For friction factor, the ridge model achieved 

an RMSE of 0.000495, MAE of 0.000342, R2 of 0.986, and 

MAPE of 1.18%, with a bootstrapped 95% RMSE interval of 

0.000430–0.000570. The corresponding empirical 95% predic-

tion-error intervals were [−6.5, 7.1] for Nu and [−0.00092, 

0.00098] for friction factor, indicating stable predictive behav-

iour on previously unseen geometry groups. 

The documented feature set also supports interpretability of 

the reported accuracy. Because the predictor matrix contains 

only pre-target operating and geometric variables and their 

transparent mathematical transforms, the reported performance 

cannot be attributed to target-derived shortcuts. This strengthens 

confidence that the surrogates are learning transferable thermo-

fluid relationships rather than exploiting hidden leakage. 

Table 6 summarises the OOF accuracy for predicting Nu and 

f. Two key observations emerge: Firstly, the Nu prediction is 

best captured by a non-linear boosting model. The hist gradient 

boosting model (HistGB) achieved the best Nu accuracy (RMSE 

= 3.299; R2 = 0.9908, MAPE = 2.44%). Compared with the clos-

est baseline (ridge regression, RMSE = 3.928), HistGB reduces 

RMSE by ~16%. This indicates that even after extensive feature 

engineering (e.g. log and power transforms of Re and interaction 

terms with pitch), Nu retains non-linear interactions across the 

Reynolds number and configuration that are well represented by 

boosting ensembles. Secondly, the friction factor is highly pre-

dictable with a simple linear model. The ridge regression pro-

vided the lowest error for friction factor (RMSE = 0.000470;  

R2 = 0.9886, MAPE = 1.12%), outperforming the next-best mo-

del (HistGB, RMSE = 0.000740) by a ~36% RMSE reduction. 

This suggests that within the present design space, f behaves as 

a smooth and near-linear function in the engineered feature 

space (e.g. inverse/logarithmic transforms of Re and discrete 

pitch levels), consistent with the fact that friction correlations in 

internal flows often become close to linear after appropriate 

transformations.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Importantly, the CFD model used to generate the underlying 

dataset was previously validated against correlations/bench-

marks, with reported deviations of the order of ~7–8% for Nu 

and friction factor in comparable validation tests. The surrogate 

modelling errors reported here therefore add only a small incre-

mental uncertainty on top of the validated CFD responses, ena-

bling fast screening/optimisation while preserving CFD-level fi-

delity. These results show that the contribution of the present 

study is not limited to achieving high regression accuracy. The 

key improvement over a conventional CFD-ML workflow is 

that the trained surrogates remain reliable under geometry-

grouped cross-validation and frozen-holdout testing, while also 

supporting direct thermo-hydraulic ranking of candidate config-

urations. This combination of predictive fidelity, leakage-safe 

validation, uncertainty reporting, and design selection provides 

a more complete engineering workflow than studies that stop at 

Table 6. Grouped OOF performance of ML surrogates for predicting  

Nu and friction factor (f). 

(a) Target: Nu 

Model OOF RMSE OOF MAE OOF R2  OOF MAPE (%) 

HistGB 3.2990 2.3348 0.9908 2.4414 

Ridge 3.9281 2.9664 0.9870 3.3052 

ExtraTrees 4.0612 2.9025 0.9861 2.8326 

SVR_RBF 4.1796 3.5516 0.9853 3.7464 

RandomForest 4.2551 2.9797 0.9847 2.9317 

TorchMLP_CPU 13.7627 11.5722 0.6773 12.2304 

 
(b) Target: friction factor (f) 

Model OOF RMSE OOF MAE OOF R2  OOF MAPE (%) 

Ridge 0.000470 0.000325 0.9886 1.1233 

HistGB 0.000740 0.000596 0.9717 2.0201 

SVR_RBF 0.000744 0.000564 0.9714 1.9412 

ExtraTrees 0.001177 0.001040 0.9284 3.5082 

RandomForest 0.001255 0.001090 0.9186 3.6909 

TorchMLP_CPU 0.002161 0.001710 0.6393 5.8947 
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surrogate accuracy alone. Based on the CFD-derived thermo-

hydraulic performance trends, the configuration ranking by 

THPP showed that the W-shaped arrangement performed best, 

followed by the V-shaped, M-shaped, arc-shaped, and inclined 

configurations under the investigated operating range, with the 

top-ranked case occurring at P/D = 6 and Re = 8000. 

4.2. Best surrogate for Nu: hist gradient boosting 

The best-performing Nu surrogate (HistGB) reaches R2 ≈ 0.991, 

indicating that the model explains nearly all variance in Nu 

within the grouped validation regime. Given the Nu range in the 

dataset (≈35.7–177.8), an RMSE of 3.30 corresponds to only  

a small fraction of the operating span, supporting use as a high-

fidelity surrogate for design-space exploration. 

The OOF parity plot for HistGB (Fig. 14) provides a direct 

visualisation of calibration quality over the full Nu range, while 

the residual scatter and residual histogram (Fig. 15) diagnose 

systematic bias and error symmetry. Together, these diagnostics 

are essential for surrogate use in optimisation: unbiased residu-

als and near-identity parity behaviour imply that the model can 

be used not only for ranking candidate designs but also for esti-

mating absolute performance metrics with minimal distortion. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

That boosting domination for Nu is physically plausible: 

heat transfer enhancement in roughened SAHs is governed by 

coupled, non-linear effects of turbulence augmentation, reat-

tachment and secondary flow structures that vary with Reynolds 

number and turbulator arrangement. Even when Reynolds num-

ber is transformed (log, power laws) and combined with pitch-

related interaction features, the mapping to Nu remains non-ad-

ditive, making tree-based boosting an appropriate function class. 

The frozen-holdout results confirm that the strong grouped 

cross-validation performance is retained when the model is eval-

uated on unseen geometry groups. The narrow bootstrap interval 

around holdout RMSE indicates that the reported Nu accuracy is 

not driven by a favourable single split. This supports the use of 

the Nu surrogate for rapid design screening within the investi-

gated Reynolds-number and pitch-ratio ranges. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.3. Best surrogate for friction factor: ridge regression 

For friction factor, ridge regression yields the strongest perfor-

mance (MAPE ≈ 1.12%; R2 ≈ 0.989). This result is particularly 

valuable because the friction factor directly drives pumping 

power and thus the hydraulic penalty that must be traded off 

against heat transfer enhancement in SAH design. 

Within the present operating envelope, the friction factor is 

typically dominated by smooth trends with respect to the Reyn-

olds number and discrete roughness/pitch levels. After feature 

engineering (e.g. 1/Re, ln(Re), √Re  and pitch-related trans-

forms), these trends become approximately linear in the engi-

neered space. Ridge regression then provides (i) strong general-

isation under grouped splitting and (ii) stable estimates that are 

less sensitive to small dataset idiosyncrasies than more flexible 

models. This stability is advantageous when the surrogate will 

be embedded in optimisation loops. 

Thermo-hydraulic performance metrics explicitly couple Nu 

and friction factor; for example, the widely used THPP formu-

lation compares thermal gain against frictional loss using Nu 

and f. Therefore, high-accuracy prediction of f (along with Nu) 

is not merely a statistical achievement  it directly improves the 

reliability of multi-objective optimisation (maximise heat trans- 

Fig. 14. OOF predicted vs. true Nu for HistGB  

(colour-coded by Reynolds number). 

 

 
(a) 

 
(b) 

Fig. 15. OOF residual diagnostics for Nu–HistGB:  

(a) residual vs. predicted and (b) residual distribution 
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fer while limiting pressure drop) and reduces the risk of select-

ing designs that appear optimal due to surrogate bias. 

The frozen-holdout error and its bootstrap confidence inter-

val further show that the friction-factor surrogate remains stable 

on unseen geometry groups. This reliability is important because 

even small bias in friction-factor prediction can distort thermo-

hydraulic ranking. The holdout uncertainty bounds therefore 

strengthen confidence in using the surrogate for THPP-based 

screening and trade-off analysis. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.4. Discussion of underperforming deep MLP baseline 

The torch MLP benchmark underperformed substantially for 

both Nu and friction factor, despite using standardised numeric 

inputs and early stopping. In small-to-moderate tabular datasets 

with heterogeneous engineered features and discrete categorical 

structure (configuration families and pitch levels), deep MLPs 

often require careful architecture and regularisation tuning (and 

sometimes embedding strategies for categorical inputs) to match 

the inductive bias of tree ensembles. In contrast, boosting and 

linear models can be more data-efficient and robust for this class 

of structured regression problems, which is consistent with the 

performance ranking observed in Table 6. 

4.5. Practical implications for SAH design and  

optimisation 

From a domain perspective, these surrogates enable near-instant 

evaluation of Nu and 𝑓across the validated operating envelope 

(Re = 3500–23 500; pitch ratio 3–9), replacing repeated CFD 

calls during design screening. Because both Nu and 𝑓are pre-

dicted with high accuracy under leakage-safe grouped testing, 

the surrogates are suitable for: 

 rapid parametric sweeps across Re and turbulator arrange-

ments without rerunning CFD, 

 multi-objective optimisation where Nu improvement must 

be balanced against friction penalties via THPP-style met-

rics, 

 sensitivity studies to identify which geometric and operat-

ing factors most strongly shift the heat transfer-pressure 

drop trade-off. 

To convert the thermo-hydraulic analysis into a design re-

commendation, the investigated spherical-turbulator layouts 

were ranked using the thermo-hydraulic performance parameter 

(THPP). Among all tested cases, the highest THPP was obtained 

for the W-shaped arrangement at P/D = 6 and Re = 8000, with a 

THPP of 2.14. This case provided the most favourable balance 

between heat-transfer enhancement and friction penalty. In con-

trast, the V-shaped configuration produced the highest heat-

transfer augmentation, but its larger friction loss reduced the 

overall thermo-hydraulic advantage. Likewise, the inclined con-

figuration showed lower pressure drop but did not achieve the 

strongest overall performance because of its lower Nusselt-num-

ber gain. 

Across the tested operating range, the W-shaped configura-

tion remained the most favourable choice for thermo-hydraulic 

design, particularly in the range of Re = 3500–12 000 and at  

P/D = 6. Therefore, for practical SAH implementation, the  

W-shaped configuration with P/D = 6 is recommended when the 

objective is to maximise the overall thermo-hydraulic perfor-

mance rather than heat transfer alone. 

Furthermore, from a methodological standpoint, the present 

study extends existing CFD-ML work by linking surrogate mod-

elling directly to design decision-making. Rather than treating 

the surrogate as only a fast predictor of Nu and friction factor, 

the framework uses validated and uncertainty-supported predic-

tions to rank configuration performance and identify the most 

 
Fig. 16. OOF predicted vs. true friction factor for ridge regression  

(colour-coded by Reynolds number). 

 
(a) 

 
(b) 

Fig. 17. OOF residual diagnostics for friction factor – ridge regression: 

(a) residual vs. predicted and (b) residual distribution.  
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favourable spherical-turbulator arrangement. This design-ori-

ented use of the surrogate is a central contribution of the study. 

5. Conclusions 

This study developed and validated a combined CFD-ML 

framework to evaluate and rapidly predict the thermo-hydraulic 

behaviour of a single-pass solar air heater (SAH) equipped  

with spherical turbulators arranged in five patterns (V-, M-,  

W-shaped, inclined, and arc-shaped) over three pitch ratios  

(P/D = 3, 6, 9) and a Reynolds-number range of 3500–23 500. 

The principal conclusions are: 

1. The CFD formulation and numerical settings yielded pre-

dictions that agreed well with established smooth-duct 

heat-transfer and friction correlations, and also showed ac-

ceptable deviation relative to benchmark roughened-duct 

results. This validation supports the use of the CFD data-

base as a high-fidelity reference for surrogate training and 

configuration screening. 

2. The compiled dataset captures physically consistent behav-

iour: Nu increases with the Reynolds number, while the 

friction factor decreases with the Reynolds number, and 

both responses exhibit clear dependence on turbulator ar-

rangement and pitch ratio. These configuration-dependent 

offsets confirm that layout is a first-order driver of SAH 

performance. 

3. By using geometry-aware grouping (configuration × pitch) 

and grouped cross-validation, the ML workflow explicitly 

targets generalisation across geometry identities, not 

merely interpolation among near-duplicate samples. This 

provides a more realistic estimate of surrogate robustness 

for design-space exploration. 

4. Thermo-hydraulic ranking based on THPP identified the 

W-shaped configuration as the best overall spherical-turbu-

lator layout within the investigated design space. The most 

favourable case occurred at P/D = 6 and Re = 8000, where 

the configuration achieved the best balance between heat-

transfer enhancement and friction penalty. 

5. Although the V-shaped configuration delivered strong 

heat-transfer enhancement, its higher friction loss reduced 

its overall thermo-hydraulic benefit. Similarly, the inclined 

configuration offered lower hydraulic resistance but 

a weaker overall thermal advantage. This confirms that 

configuration selection should be based on THPP rather 

than Nu or friction factor alone. 

6. For practical SAH design within the investigated Reyn-

olds-number range of 3500–23 500 and pitch ratios of 3, 6 

and 9, the W-shaped configuration with P/D = 6 is the rec-

ommended design choice for overall performance, while 

the trained surrogates can be used for rapid screening of 

similar operating conditions without repeated CFD simula-

tions. 

The present models are valid within the investigated config-

uration set, pitch ratios and Reynolds-number range. The added 

frozen holdout-test results and bootstrap-based uncertainty 

bounds confirm that the selected surrogates retain strong predic-

tive reliability on unseen geometry groups within this design 

space. Future work should expand the database to additional 

sphere diameters and geometric degrees of freedom and inte-

grate the trained surrogates with formal multi-objective optimis-

ers to generate robust design maps for practical SAH deploy-

ment. 
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