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Abstract

Nanofluids, which are produced by the dispersion of nanoparticles such as Al2O3

or carbon nanotubes in conventional coolants (water, oil etc.), possess good poten-

tial for enhancing the thermal performance of the nuclear reactor cooling system.

It’s desirable in nuclear heat exchanger to improve heat extraction performace and

maintain temperatures within safe operational limits. In this research, we aim to

maximize fuel rod heat extraction while trying to accurately estimate and minimize

energy losses due to viscous dissipation. We employ a novel numerical approach to

solve the governing equations of nanofluid flow. The approach is based on an error-

detection–correction technique, whereby the numerical errors are first detected and

then corrected in a systematic manner to generate improved solutions. This method

has demonstrated strong potential in boundary layer flow problems and is applied in

the present study to enhance velocity and temperature distribution prediction accu-

racy in nanofluid-based reactor. In addition, COMSOL Multiphysics simulations are

performed to find the thermal–hydraulic characteristics of nanofluids as a function

of varied flow parameters such as Reynolds number, Prandtl number, nanoparticle

volume fraction etc. The datasets are used to train machine learning model that

output predictive values of the optimal operating conditions for achieving the max-

imization of heat transfer. This integrated framework, combining novel numerical

method, physics-based simulations, and machine learning, serves to more accurately

understand viscous dissipation effects in nanofluid systems and provides a pathway

toward developing next-generation nuclear cooling technologies with improved safety

margins and utilizing energy and resources more efficiently.
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1 Introduction

Nuclear heat exchangers are critical components of nuclear reactor systems. It ensures

the transfer of heat generated in the reactor core to a secondary coolant or working

fluid while maintaining the reactor temperature within safe operational limits [5]. Im-

proving heat extraction performance and maintaining temperature can ensure better

that the system runs smoothly. Nanofluids have garnered attention for their superior

heat transfer performance and potential to improve thermal efficiency in renewable

energy applications compared to conventional coolants such as water, oil, or ethy-

lene glycol. That is why a significant body of research has focused on solving the

coupled Navier–Stokes and energy equations and simulating the thermal behavior of

nanofluids. However, accurate modeling of nanofluid flow and heat transfer is crucial

to achieving the desired result.

Current reactor cooling models often rely on conventional computational methods

such as Finite Difference Method [6] ,Finite Volume Method [11] [9], Lattice Boltz-

mann method (LBM) [13] that can often affect the accuracy of the results, particularly

in nonlinear systems. Also the viscous dissipation effect due to internal friction of

nanoparticles can lead to energy loss and affect heat transfer performance [2].Re-

search studies often ignore the effects of these losses due to viscous dissipation. A

high performance numerical model and a more robust model for viscous dissipation

losses can address these issues.

This research proposes an error-detection-correction algorithm that offers system-

atic error reduction that will lead to more accurate estimations of the velocity and

temperature fields in nanofluid flows. In addition, this research employs numerical

simulations and machine learning techniques to identify optimal operating condi-

tions that maximize heat extraction while implementing a stronger viscous dissipa-

tion model. This integrated approach is expected to contribute to the development
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of safer, more efficient, and energy-optimized nuclear reactor cooling systems.

2 Methodology

2.1 Numerical Modeling with Validation and Analysis

The governing equations for nanofluid flow will be solved using the error-detection

algorithm and the results will be compared with the conventional methods(FDM,

Runge-Kutta, Matlab built in functions).Relative error norms and sensitivity to dis-

cretizations will be analyzed. 2D [10] and 3D [1] [7] [4]channels and the effects

of adding internal structures such as rotating cylinders [7], moving plate [12], and

tubes [11] will also be analyzed thoroughly.

2.2 Simulation

COMSOL Multiphysics software will mainly be used to perform numerical simu-

lations of nanofluid heat transfer under varying parameters. These simulations will

investigate the effects of Reynolds number, Prandtl number, and nanoparticle volume

fraction on flow behavior and heat extraction performance. The simulation results

will complement the numerical findings and provide additional insights into flow con-

figurations relevant to nuclear heat exchangers. Ansys simulation software may also

be utilized in this regard.

2.3 Machine Learning model building and prediction

Simulation data extracted from COMSOL Multiphysics software will be used to train

predictive machine learning model capable of identifying optimal operating conditions

for maximizing heat extraction. Supervised learning models will be trained to identify
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relationships between operating parameters and heat transfer performance.

2.4 Validation and Analysis

The simulation and machine learning results will be validated against established

results from the literature [3]. This validation process will ensure the robustness and

reliability of the proposed numerical and data-driven models.

3 Progress Summary

The initial phase of the research focused on validating the mathematical formula-

tion presented in existing literature. In this process, the non-dimensional governing

equations from a previously published study were independently regenerated and ex-

amined. This validation revealed inconsistencies in the formulation, and consequently,

the results of that study were not considered suitable for further analysis.

Following this verification stage, several one-dimensional Navier–Stokes problems,

including both steady and unsteady cases, were solved numerically using finite differ-

ence methods. These test problems were employed to study the behavior of numerical

error under grid refinement. Specifically the change of L2 norm with varying δx.

L2 norm =
∥uanalytical − uFDM∥2

∥uanalytical∥2
. (1)

The variation of error with respect to the spatial step size ∆x was analyzed, and

convergence trend was established using relative error norm (L2 norm). This stage

provided important insight into discretization effects. Subsequently, these test prob-

lems worked as foundations when reproducing and validating the boundary layer

velocity profiles reported in the work of Motsumi et al [10], where effects of thermal

radiation and viscous dissipation on boundary layer flow of nanofluids over a perme-
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able moving flat plate has been studied. The geometry considered in the paper is

given in Figure 1.

Figure 1: Flow configuration and the coordinate system.

Since this is a two-dimensional steady laminar boundary layer flow,the governing

boundary layer equations(non-dimensionalized) are given below,

ux + vy = 0, (2)

uux + vuy = νuyy. B.C.s : u(0) = 0, v(0), u(1) = 1 (3)

where u(x,y) and v(x,y) are the horizontal and vertical velocity components. The

subscripts x and yy indicate the independent variable and the number of times of

differentiation. The coefficient ν is equal to 1
Re
, where Re is the Reynold’s number(Re

is assumed to be equal to 1). The boundary condition v(0) = 0 has been chosen for

our problem. These equations were solved using multiple numerical approaches in

this research.

Also the similarity equation in the paper which was utilized is-

f ′′′ + A(ϕ) f f ′′ = 0. (4)
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where f is the similarity variable and the primes indicate the number of times of

differentiation with respect to η. Here,

η = y

√
U

νfx
=

y

x

√
Rex , u = Uf ′(η), (5)

v =
1

2

√
Uνf
x

(ηf ′ − f) (6)

The similarity equation was solved using MATLAB’s bvp4c solver [8]. The original

non-dimensionalized equations were solved using the classical finite difference method

and the error-detection-correction algorithm. These results were compared with the

Runge–Kutta–Fehlberg method with the shooting technique, used in the paper, by

plotting the velocity profiles u(y) for these methods at a particular point in the x-

direction.

The influence of the streamwise grid spacing ∆x on the finite difference and error-

detection–correction solutions was observed by analyzing velocity profiles at a fixed

streamwise location and examining the changes in the plot.

4 Results

Figure 2 presents a comparison of the velocity profiles u(y) obtained across the 4 meth-

ods, namely the finite difference method (FDM), MATLAB’s bvp4c solver [8] , the

Runge–Kutta–Fehlberg method with a shooting technique, and the error-detection

-correction (EDC) algorithm. The comparison is performed at a fixed streamwise

location and all solutions are evaluated on a fixed grid to ensure consistency.

It is observed that for a grid spacing of∆x= 0.0625 and ∆y=0.02, the veloc-

ity profiles obtained from the different numerical methods exhibit very close agree-
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ment.In particular, the EDC, bvp4c solver [8] and the Runge–Kutta–Fehlberg shoot-

ing method nearly overlap for this grid choice.

Figure 2: Comparison of velocity profiles u(y) obtained using FDM, BVP4C, RKF45

with shooting, and the error-detection–correction algorithm at ∆x =0.0625 and ∆y=

0.02

The comparisons across the 4 methods highlights the importance of selecting ap-

propriate discretization for reliable boundary layer simulations. This close overlap

indicates that, for the chosen grid resolution, discretization errors are sufficiently

small and the numerical schemes are able to accurately reproduce the velocity profile

in the literature.
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5 Future Work

The future phase of this research will focus on further improving numerical accuracy.

One planned improvement is the incorporation of ghost-nodes in the finite difference

formulation of the boundary layer equations. The use of ghost nodes is expected to

enhance the accuracy of approximations near the wall, thereby reducing errors and

improving the overall solution.

In addition, a grid optimization study will be conducted for both the finite differ-

ence method and the error-detection–correction algorithm. By plotting error norms

as functions of grid spacing, the optimal grid resolution that balances numerical ac-

curacy and computational efficiency will be identified for each method.

Finally, a comparative analysis will be performed for the finite difference method

and the error-detection–correction algorithm, assessing their convergence behaviour

and computational efficiency.

6 Time Frame
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