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ABSTRACT

We performed a series of large eddy simulations (LES)
of turbulent heat transfer in a rough-walled open channel with
several types of rough surfaces. The aim of this study is to de-
velop a universal predictive model for the temperature rough-
ness function, which quantifies the effects of wall roughness
on the mean temperature. We considered 55 irregular rough
surfaces with different morphological parameters. The fric-
tion Reynolds number was varied among 300, 600, and 900
for each rough surface case, and additional LESs at a friction
Reynolds number of 1200 were conducted for selected cases.
The results show that the temperature roughness function can
be expressed as a function of the roughness Reynolds number
and morphological parameters, and that a deep neural network
(DNN) successfully models the effects of the morphological
parameters on the temperature roughness function. The key
parameters affecting the prediction of the temperature rough-
ness function are found to be those related to the slope of sur-
face undulations, namely the effective slope and the effective
slope variance. We further develop algebraic correlation mod-
els using symbolic regression and find that the proposed corre-
lations provide better predictions not only for the present LES
data but also for other rough surfaces reported in the literature,
demonstrating broad applicability across different roughness
types and Reynolds numbers.

INTRODUCTION

Turbulent heat transfer over rough surfaces is ubiquitous
in engineering applications. Familiar examples include tur-
bine blade surfaces and the combustion chambers of internal
combustion engines, which become roughened due to deposi-
tion, pitting, and erosion of incombustible materials. Surface
roughness not only affects the aerodynamic performance of
engineering systems but also alters their heat transfer charac-
teristics. For gas turbine blades operating under harsh con-
ditions, roughness-induced enhancement of heat transfer can
lead to a significant increase in wall temperature, thereby in-
creasing thermal stress and ultimately reducing the lifespan of
the components. This motivates the development of predictive
models for turbulent heat transfer over rough surfaces.

A pioneering study on the Stanton number S; for rough
surfaces was conducted by Dipprey & Sabersky (1963), who
derived a correlation based on the analogy between the turbu-

lent diffusivities of heat and momentum transfer:
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where Cy is the skin-friction coefficient, and gi(k;,Pr) is a
function of the inner-scaled equivalent sand-grain roughness
k" and the Prandtl number Pr, given as follows:

gi(ks Pr) = Ay (k) )"Pr" + Ay, )

where A1, Ay, m, and n are model constants.

The experimental study of close-packed granular
roughness by Dipprey & Sabersky (1963) proposed the
model constants (A1,A47)=(5.19,—8.48) and the exponents
(m,n)=(0.2,0.44). Other sets of model constants (Aj,A»),
with the exponents (m,n)=(0.2,0.44), have been proposed in
subsequent studies Kays & Crawford (1993); Bons (2002);
Kuwata (2022a). These studies supported the set of exponents
(m,n) proposed by Dipprey & Sabersky (1963), although
some controversy regarding these exponents remains Li et al.
(2020); Zhong et al. (2023). Another consequence of wall
roughness is the modification of the mean temperature profile
manifested as a downward shift of the logarithmic mean
temperature profile, which is quantified by the temperature
roughness function A®T. This is analogous to the velocity
roughness function AU, which represents a downward shift
in the logarithmic mean velocity profile and is an important
quantity for predicting the mean temperature profile over
rough surfaces. The temperature roughness function can be
expressed as a function of Cy, §;, and g (Kuwata, 2021).
However, determining appropriate values of Ay, A, m,
and n is challenging because they depend strongly on the
morphology of rough surfaces (Kuwata, 2022a; Zhong et al.,
2023). The goal of this study is to establish a data-driven
algebraic model for the model constants A; and A,, while
fixing the exponents at (m,n)=(0.2,0.44), by performing large
eddy simulations (LESs) of turbulent heat transfer over several
types of rough surfaces at different Reynolds numbers.

Methodology

Figure 1 shows a schematic of the rough-walled open-
channel flow. The flow was periodic in the streamwise (x)
and spanwise (z) directions. The bottom wall was a rough sur-
face while we prescribed the slip boundary conditions for the
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Figure 1. Computational geometry of rough-walled open-
channel flow.

top boundary face. The flow was driven by a constant stream-
wise pressure difference, and the pressure difference was var-
ied such that the friction Reynolds number Re; = u¢6/v was
equal to target values of 300,600,900, and 1200. Here, u;
is the friction velocity, and 6 is the distance from the mean
surface position to the top boundary face. We considered the
incompressible fluid with the passive scalar with the Prandtl
number of Pr = 0.7. We included the uniform internal heat
generation in the energy equation to drive the heat transfer.
For the thermal boundary conditions, the top boundary face
was adiabatic and rough surfaces were isothermally cooled.
The LESs were conducted by the double distribution lattice
Boltzmann method (LBM) with the wall-adapting local eddy-
viscosity model (Ducros et al., 1998). We adopted the 27-
velocity multiple-relaxation-time LBM (Suga ef al., 2015) for
the flow field, while utilizing the 19-velocity regularized LBM
(Suga et al., 2017) for the scalar field. The near-wall grid res-
olution was determined such that the grid spacing in wall units
was approximately AT ~ 2.5,

We considered five types of rough surfaces: hemi-
spherical roughness (HS), sand-grain roughness (SG), dimple
(DI), truncated cone (TC), and artificially generated realistic
(Re) roughness, as shown in 2. The hemisphere roughness ele-
ments or flattened spherical roughness elements with different
size were considered for case HS. The SG roughness elements
consisted of ellipsoids with a semiaxes ratio of 1.0: 1.4:2.0
with random orientation, which reproduces the hydrodynamic
characteristics of sand-grain roughness using a single control-
ling parameter of the roughness size Scotti (2006). For the
dimple (DI) roughness, concave hemi-ellipsoid elements were
randomly generated on the reference smooth wall. The trun-
cated cone (TC) roughness is characterized by a cone shape
roughness with lower diameter, upper diameter, and height.
We considered sharp cones with small truncations as well as
the flattened cones with large truncation, and Both pimple-
and dimple-type cones were included with different number
fractions. Those roughness elements were made at a refer-
ence smooth wall of size of L, x L; with random positions and
different solidity. In addition to the additive types of rough-
ness (cases HS,SG,DI, and TC), the realistic (RE) artificial
roughness was generated using the multi-scale surface genera-
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Figure 2. Geometry of rough surfaces: hemi-spherical
roughness (case HS), sand-grain roughness (case SG), dimple
roughness (case DI), truncated cone roughness (case TC), and
realistic roughness (case RE).

tion algorithm in Pérez-Rafols & Almqvist (2019); Yang et al.
(2023). The amplitudes and phases of the sinusoidal compo-
nents were iteratively adjusted such that the probability density
function (PDF) and power spectrum (PS) of the height distri-
bution matched the prescribed target profiles. In total, we gen-
erated 55 rough surfaces (10 HS, 6 SG, 3 DI, 12 TC, and 24
RE cases) with different morphological characteristics.

For the morphological parameters, we considered the pa-
rameters related to the probability density function (PDF) and
power spectra (PS) of the surface height elevation, as well as
the dimensionless roughness height. The PDF-related param-
eters under considerations are the skewness factor Sk and kur-
tosis factor Ku, which are the third and fourth moments of the
roughness height elevation, respectively. The energy spectra
are reflected by the two slope parameters. One is the effec-
tive slope ES, which represents the mean steepness of sur-
face undulations, and the other is the spatial variance of the
slope ES,s. Additionally, we considered the non-dimensional
height parameter based on the root-mean-square height ky
and the mean peak-to-trough height k;. Here, k; is computed
by averaging the peak-to-valley height over subdivided sur-
faces. Figure 3 presents the parameter spaces for the current
rough surface samples.

Figure 3 shows the morphological parameter space of the
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Figure 3. Morphological parameter space: (a) kurtosis factor
(Ku) against the skewness factor (Sk) and (b) spatial variance
of the slope E S, against the effective slope ES. The bound-
ary for the modified Pearson inequality (Klaassen et al., 2000)
is included in (a).

investigated surfaces. The boundary for the modified Pear-
son inequality (Klaassen et al., 2000), which constrains the
possible combinations of Sk and Ku, is also shown in Figure
3(a).The surfaces consisting purely of pimples (HS and SG)
or dimples (DI) were close to this boundary. By contrast, the
realistic roughness (RE) and surfaces consisting of truncated
pimples and dimples (TC) lie far inside the boundary.The RE
surfaces exhibit moderate Sk and Ku, whereas the HS and SG
surfaces give larger positive Sk and Ku values, which repre-
sents the early stages of surface evolution involving sparse de-
position, erosion, or pitting. As shown in the ES values in
Figure 3(b), the present roughness covers from the waviness
regime (ES < 0.35) to the rough regime (ES > 0.35) (Schultz
& Flack, 2009). The spatial variation of the slope, quantified
by ES;ms, 18 positively correlated with ES, although the corre-
lation between E S, and ES depends largely on the roughness
type; the additive type roughness of cases HS and SG give rela-
tively large ES,,s, whereas the RE surfaces yield considerably
smaller ES,s.

Results and discussions

To better understand the general trend of the morpholog-
ical parameters on the temperature roughness function A@™T,
Fig.4 plots A®T and AU as a function inner-scaled equiva-
lent sand grain roughness k]~ for RE rough surfaces where the
morphological parameters are systematically varied by con-
trolling the PDF and PS of rough surface height. The tem-
perature roughness function is evaluated as a downward shift
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Figure 4. Roughness function against k;~ for Re cases: (a)
velocity roughness function AU and (b) temperature rough-
ness function A@™.

value in the logarithmic mean temperature profile with respect
to the smooth wall profile at matched Rer, and ;" is computed
from the velocity roughness function AU T by using the univer-
sal correlation between k]~ and AU ™ in the fully rough regime
Flack et al. (2020). We observe from the figure that A@™ is
generally lower than AU, and its trend against k" is signif-
icantly affected by the surface morphology, even in the ex-
pected fully rough regime (k;~ > 70), unlike the trend of AU,
Interestingly, the trend of A@T in Fig. 4(d) can be grouped
into two clusters with different ES values. The results in the
upper and lower clusters correspond to the cases with higher
ES values and lower ES values, respectively. It is noteworthy
that the A@™ exhibits consistent trends in each group despite
the fact that the rough surfaces in each group have substantial
variation in Sk, Ku, k; /kqms. This suggests that the trend of
A@T against k" is dominantly affected by the slope parame-
ters of ES or ES,s.

It is evident from Fig.4 that A®" is not expressed as
a function of k] solely in the expected fully rough regime
(kf > 70) despite that fact that the corresponding velocity
roughness function AU depends only on & irrespective of
surface morphology (Flack ez al., 2020). To model the trend of
A@T in the fully rough regime, we introduce a following cor-
relation (Kuwata, 2021), which is an extension from the corre-
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lation for the Stanton number (Dipprey & Sabersky, 1963):

A®T =Pr, (% In(k) — 8.5) +B(Pr)—=Ci ((k5)"Pr" —Cy),
©)

where Pr; is the turbulent Prandtl number, x is the Karman
constant, B(Pr) is the log-law intercept for smooth wall turbu-
lence. The last term on the right-hand side of Eq. (3) stands
for the departure from the velocity roughness function. Al-
though the results are not shown here, the model with an ar-
bitrary coefficient for C; and fixed values for C;(= 1.8) and
(m,n)=(0.2,0.44) successfully approximates the trend of A®T
for each roughness case at different Re;. This observation mo-
tivates us to model the coefficient C; as a function of the mor-
phological parameters. However, it is extremely difficult to
model the relation between C; and the morphological parame-
ters due to the many possible candidates of the morphological
parameters such as Sk, Ku, ES, ESyps, and k; /kyms. In this
study, we employ a MLP model to reproduce the complicated
relation between the morphological parameters and C;. The
MLP architecture consisted of two hidden layers with 64 and
32 neurons, respectively, and the rectified linear unit (ReLU)
activation function was used for the hidden layers. The input
is the non-dimensional morphological parameters of Sk, Ku,
ES, ESyms, and k¢ /kyys and the output is the optimal value
of C1 determined by the LES results. The supervised dataset
was divided into 47 training samples and 5 testing samples,
and the number of training epochs was set to 200 to mitigate
overfitting. This investigation aims to identify the key param-
eters that dominantly affect the prediction of A@T. Hence, we
performed a sensitivity analysis by varying the combinations
of the input parameters. We trained 1000 MLP models using
random selections of the training and testing subsets, and the
MSE:s of the test data for the 1000 MLP models were averaged.
To explore the effects of the choice of the input param-
eters on the predictive performance, Figure 5 presents the
ensemble-averaged MSE for predicting C; by varying the
combination of the input parameters. As expected, the MSE
generally decreases as the number of input parameters in-
creases. More importantly, the MLP models that exclude ES
or ES,;;s (model No.25-31) have a poor prediction with rel-
atively larger MSE values, suggesting that the slope parame-
ters, namely the ES or E S, are the key parameters that affect
the prediction of the model coefficient C; for A®™. Notably,
the model with two input parameters of ES and ES,,s (model
No.1) gives the best prediction, indicating the importance in
those parameters for predicting A@™. This supports the previ-
ous observation from Fig.4 that the trend of A@™ against k;"
strongly depends on ES. To obtain physical understanding of
the effects of ES and ES, s, we attempt to interpret the black
box DNN model with ES and ES,,;; by analyzing accumulated
local effects (ALE) plots, which visualizes the average effect
of the input parameters on the prediction. Although the results
are not shown here, the ALE plots confirm the decreasing trend
of C; with ES and ES,,s although the trends saturate above the
threshold values of ES ~ 0.4 and ES,,s >~ 0.8. The decreasing
trend of C against ES and ES,,;; means that A®™ tends to be
lower for surfaces with smaller ES and ES,,,s values. Inter-
estingly, this is consistent with the observation from A®™ in
Fig.4 and also supports the DNS results for sinusoidal rough
surfaces by Kuwata et al. (2024) who showed that the wavy
surfaces with smaller steepness yields smaller A@™T.
Motivated by the previous finding that ES and ES,,s serve
as the two key parameters for predicting Cy, we develop an
algebraic model for C; based solely on these quantities. In
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Figure 5. Mean square error of the MLP models with differ-
ent combinations of input parameters.

this study, symbolic regression is employed to construct the
predictive model. This approach does not require any prede-
fined assumptions regarding the functional form and is capable
of identifying an optimal mathematical expression. For sym-
bolic regression, we use the open-source library PySR, which
is based on a multi-population evolutionary algorithm inspired
by biological evolution. Although this method can automat-
ically identify the key parameters from a given set of inputs,
we restrict the input parameters to derive a simple model with
robust predictive capability across a wide range of rough sur-
faces. Specifically, only ES and ES, s are used as input pa-
rameters, as they dominantly influence C;. Here, we present
the predictive performance of the model based on ES:

C1 = exp(1.59 — ES). )

Figure 6(a) assesses the predictive performance of A@ for
all 170 cases. The model incorporating ES exhibits better
predictive performance, with a mean squared error (MSE) of
0.176, which is comparable to that of the machine-learning
model shown in Fig. 5. We next examine the capability of the
proposed model to predict A@T for unseen external datasets,
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Figure 6. Predictive performance of the proposed model: (a)
prediction of A®™ for the present LES data and (b) prediction
of A®™ for the external dataset from Kuwata (2021, 2022b);
Kuwata et al. (2024); Nagura et al. (2024); ?

including DNS data for: (i) irregular rough surfaces with dif-
ferent morphological parameters at Re; = 800 (?); (ii) peak-
dominated irregular surfaces at different Re;, ranging from
ki =32 to 694 (Kuwata, 2022b); (iii) systematically varied
irregular surfaces at Re; = 450 (Kuwata, 2021); (iv) three-
dimensional regular sinusoidal roughness at different Re; and
wavelengths (Kuwata et al., 2024); and (v) three-dimensional
regularly distributed hemispheres at Re; = 660 (Nagura et al.,
2024). Figure 6(b) shows the predictive performance of the
proposed C; model incorporating ES for A®™, demonstrat-
ing reasonable accuracy across several types of roughness.
The MSE of the proposed model is 0.321, which is consid-
erably smaller than those of existing models: 4.4 for Dipprey
& Sabersky (1963) with (C,C;) = (5.19,1.64) and 2.3 for
Kays & Crawford (1993) with (C;,C;) = (1.0,0.0). These
results indicate that the proposed ES-aided algebraic model
exhibits broader applicability across different roughness types
and Reynolds numbers compared with existing empirical mod-
els.

CONCLUSION

A series of large eddy simulations (LES) of turbulent heat
transfer in a rough-walled open channel are performed for sev-
eral types of rough surfaces at different friction Reynolds num-
bers. Using the LES dataset, we develop a universal predictive
model for the temperature roughness function, which quanti-
fies the effects of wall roughness on the mean temperature.

We consider five types of roughness: hemispherical rough-
ness, sand-grain roughness, dimple roughness, truncated-cone
roughness, and realistic irregular roughness, and generate a to-
tal of 55 rough surfaces with different morphological parame-
ters. The friction Reynolds number is varied among 300, 600,
and 900 for each roughness case, and additional simulations
at Re; = 1200 are conducted for selected cases. The LES re-
sults for realistic roughness show that the temperature rough-
ness function can be modeled as a function of the roughness
Reynolds number and slope-based parameters, namely the ef-
fective slope and slope variance. Specifically, the temperature
roughness function, when plotted against the equivalent sand-
grain roughness, tends to decrease with decreasing slope-based
parameters. This trend is supported by a sensitivity analy-
sis using a multi-layer perceptron model, which indicates that
slope-based parameters are key factors governing the predic-
tion of the temperature roughness function. We further de-
velop an algebraic correlation using symbolic regression and
find that incorporating the effective slope provides improved
predictions not only for the present LES data but also for other
rough surfaces reported in the literature, demonstrating broad
applicability across different roughness types and Reynolds
numbers.
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