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This work presents a novel approach for parallel implementation of the
neutron diffusion model (NDM) and the neutron telegraph model (NTM)
(partial differential equation models) of a nuclear reactor, on an embedded
Graphics Processing Unit (GPU) platform, NVIDIA Jetson Orin NX, using
Compute Unified Device Architecture (CUDA). These control-oriented
models are fundamental for capturing the dynamics of neutron transport in a
nuclear reactor and are extensively used to design various control strategies.
The computational requirements of these models are significant for real-time
simulation or embedded applications. The proposed approach is based on
designing algorithms for parallelizing the Separation of Variables (SoV)
method for solving these models in real-time and leveraging the massively
parallel architecture of the Jetson Orin’s embedded GPU to accelerate their
numerical solution. The embedded GPU implementation capability can
significantly enhance reactor control responsiveness, support digital twin
deployment, improve fault detection, and enable autonomous operation.
Unlike classical GPU PDE solvers that parallelize values using neighbouring
grid points (stencils), the proposed method prallelizes the full SoV directly
across both spatial and temporal dimensions, incorporating warp-level modal
reduction and hardware-specific mapping. The focus is on enabling efficient
utilisation of GPU cores for concurrent computations, providing a high-
performance computational framework. Performance evaluation is carried
out by comparing the CUDA-based parallel implementation with a baseline
serial implementation in C programming. Results demonstrate a substantial
reduction in execution time and improved computational efficiency, while
maintaining notable numerical accuracy on the embedded GPU platform.
This makes the proposed approach suitable for real-time Hardware-in-Loop
(HiL) implementation of the reactor models and control applications, where
compact, energy-efficient, and high-performance computing is essential.
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1. Introduction

Nuclear energy is a cornerstone of modern power generation, delivering large-scale, low-carbon
electricity that supports energy security and sustainable development. With the rising global energy
demand and the urgency of climate mitigation, nuclear power helps provide a stable, high-density
energy source essential for a transition towards more resilient and clean energy systems [1]—[3].

The nuclear reactor (NR) is the core component of nuclear power generation, where controlled
fission of fissile materials such as Uranium-235 or Plutonium-239 produces heat. This heat is used to
generate steam, which drives turbines to produce electricity. The process is sustained by high-velocity
neutrons colliding with reactor core nuclei [4]-[6]. Accurate mathematical modelling of neutron
behaviour is therefore essential for designing reactors that are both efficient and safe. A nuclear
fission chain reaction occurs within the reactor core when neutrons interact with the nuclei of fissile
materials. The reactor consists of several key components, including the core, moderator, reflectors,
fuel assemblies, control rods, and a coolant circulation system. Detailed discussions on the design
and operation of nuclear reactors are available in [4]-[8].

In anuclear reactor system, accurate reactor modelling is critical for predicting neutron behaviour,
assessing reactor kinetics, and ensuring operational safety. Nuclear reactor system design, control,
and emergency response planning are all based on precise simulations of neutron flux and distribution.
Furthermore, safety-critical scenarios, like reactivity transients, rely on reliable predictive models to
prevent accidents and guarantee stable reactor operation [6].

The neutron transport theory is based on the original neutron transport equation, which accurately
characterises the distribution of neutrons in the reactor, but is difficult to solve analytically. To model
neutron transport, a basic approximation called the neutron diffusion model is used [4]. The diffusion
model’s primary disadvantage is that it predicts an infinite neutron propagation velocity. As a result,
disruption at any location in the reactor core is sensed everywhere, which is not physical given that
neutrons in a reactor core have a finite velocity. This problem arises due to the parabolic nature of the
diffusion equation. This setback is overcome by applying a modified constitutive law to the transport
equation, resulting in the neutron telegraph model. The telegraph model, in contrast, captures finite
propagation speeds and better approximates wave-like transport, offering improved fidelity especially
during fast transient events [4], [9]-[11].

Nevertheless, the diffusion model plays a central role in describing neutron behaviour within
nuclear reactors. Extensive research has addressed the solution of the diffusion model using both
analytical and numerical approaches. Numerical studies often employ finite difference schemes or the
fundamental matrix method for transient multi-group problems [12], [13], while analytical treatments
can be found in [14]—[18]. Additional numerical investigations are reported in [19]-[22].

The separation of variables (SoV) method is a widely used and straightforward analytical approach
for solving linear partial differential equations (PDEs). In this method, the solution is expressed as
a product of separate space and time functions [23], [24]. This strategy is chosen not only for its
simplicity but also because it forms the basis for developing point-kinetic models. The majority of
modelling and control strategies in the case of nuclear reactor are demonstrated on 1D analytical
model [4]-[6]. For real-time control, safety, robustness, and operational reliability, a 1D analytical
model provides an exact solution compared to any numerical technique running on the same hardware
[25].

The SoV method has been widely applied to neutron diffusion problems, including multi-group
and delayed neutron models in cylindrical geometries [26], [27], fractional-order formulations [28],
and general analytical treatments highlighting its simplicity and advantages. A less complicated slab
geometry is considered for the reactor in this work. The key benefit of utilizing such basic geometry
is that it is easy to use the one-dimensional variant of the transport equations. This simplification
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makes the analysis much easier. This slab reactor geometry has been utilized by many nuclear reactor
theory experts to explain fundamental and crucial concepts. The slab reactor has been quite popular
in the analysis of nuclear reactors [49], [50], [62]. Solving coupled partial differential equations
like the neutron diffusion and telegraph models is computationally intensive, especially when high
spatial or temporal resolution, or real-time execution, is needed. Traditional serial implementations
(e.g. in MATLAB or C) struggle to deliver the necessary throughput. Modern reactor safety analysis
and real-time control applications demand significantly faster computation to enable timely, accurate
decision-making.

Parallel computing uses multiple processors to execute tasks simultaneously, drastically reducing
simulation time. In nuclear reactor modelling, data and task parallelism, for instance, across spatial
grid points or time steps can be exploited to speed up numerical solutions, making real-time capable
simulations feasible.

In this scenario, a Graphics Processing Unit (GPU), which is a massively parallel co-processor,
can be utilised. The GPU, originally designed for graphics, is now widely used for general-purpose
high-throughput computing [29]-[31]. Compute Unified Device Architecture (CUDA) is NVIDIA’s
parallel computing platform and programming model, enabling direct access to GPU hardware via
C-like extensions. CUDA allows developers to implement compute-intensive kernels, exploit fast
shared memory, and manage thousands of concurrent threads, offering higher performance gains over
CPUs, especially for data-parallel workloads [32].

A literature survey reveals that there have been a few attempts to implement NR models on
hardware platforms such as Field Programmable Gate Arrays (FPGAs). The work in [33] develops
a 51%"-order nonlinear transient model of the Experimental Breeder Reactor-II (EBR-II), combining
six-group neutron point kinetics with lumped-parameter heat transfer, reflector/blanket, IHX, and
steam generator equations. The FPGA-based real-time digital-twin achieved 79.5% faster-than-real-
time performance, accurately reproducing experimental and simulation results under various transient
perturbations (e.g., reactivity insertion, feedwater temperature rise). This work presented in [34]
uses a point-reactor kinetics model with one or more delayed neutron groups implemented on a Zynq
SoC (FPGA + ARM) via hardware/software co-design. The hardware prototype is reported to meet
real-time constraints (low latency, deterministic timing). The study in [35] developed an FPGA-based
digital controller implementing the six-group point reactor kinetics equations to monitor reactivity
and automatically stabilise research reactor power. Experimental validation showed reactivity and
power control deviations under 5-10%, with response and accuracy comparable to the commercial
system.

The hardware-in-the-loop (HiL) simulation is an advanced testing approach that combines real
hardware components with virtual plant models to evaluate system performance under realistic, real-
time conditions. It plays a crucial role in validating control systems for complex, safety-critical
applications, such as nuclear power plants and renewable energy systems. The work in [36] verify
and validates the functional performance of safety control systems, specifically a Canadian Deuterium
Uranium (CANDU) nuclear power plant shutdown system by coupling real hardware, like a pro-
grammable logic controller (PLC), with a simulated plant model to ensure accurate, real-time testing
before deployment. A physical Distributed Control System (DCS) and a computerized plant simulator
are used in study [37] to simulate and test the real-time behaviour of nuclear power plants’ major
control systems utilizing HiL.. The hardware controller and the software-simulated plant model for
hybrid systems, such as a temperature controller in a nuclear reactor, are integrated and synchronized
in the work in [38] using HiL. The work in [39] employs a real-time digital simulator (RTDS) to
evaluate the power plant controller (PPC) model against its real hardware controller using Hil.. For
more on HiLL implementations, see [40]—[42].

There have been attempts in the past to implement NR models on GPU platform; most demon-
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strations are on desktop and/or server GPUs. A parallelized Adams—Bashforth— Moulton approach is
used in the work in [43] to build parallel algorithms for solving nonlinear fractional-order nuclear
reactor models obtained from neutron subdiffusion. Significant GPU speedups are observed across
all investigated fractional differential equation models in comparison to MATLAB and CUDA im-
plementations. The work in [44] presents optimized GPU algorithms for continuous-energy Monte
Carlo neutron transport, focusing on reducing thread divergence and improving memory coalescence.
It achieves significant speed-ups in particle tracking by restructuring data access patterns and refining
random-number generation for GPUs.

The study in [45] demonstrates that GPUs offer massive parallelism, which accelerates the
numerical solution of the diffusion equation, significantly reducing computational time compared
to CPU-based methods. This enables real-time or large-scale reactor simulations with improved
efficiency and scalability. A GPU-parallilized 3D neutron transport code based on the Method of
Characteristics with diamond-difference (MOC/DD) and accelerated using a two-level Coarse Mesh
Finite Difference (CMFD) scheme is presented in [46].

The code demonstrates high accuracy, reduced memory requirements, and significant speedups
using CUDA-enabled GPUs, making whole-core transport simulations feasible on desktop-scale
hardware. The GPU is utilized by implementing the discretized diffusion equation as a convolutional
neural network with pre-determined weights in an Al library (TensorFlow/Keras). This allows the same
code to run on GPUs without modification, exploiting the GPUs ability to perform parallel convolution
operations efficiently. This approach, as reported in [47], is said to achieve approximately a 4 times
speedup on GPU compared to traditional serial CPU Fortran code for the neutron diffusion model.

However, the implementation of NR models in real-time on an embedded GPU platform is a
largely unexplored domain. Most existing implementations of SoV-based neutron kinetics models
are offline, CPU/GPU-based, and not designed for real-time deployment. This work presents an
efficient real-time implementation of nuclear reactor models on an embedded GPU platform utilizing
a parallel computing architecture. The novelty of the proposed approach lies in the way the analytical
SoV formulation is structured, decomposed, and parallelized on an embedded GPU for solving these
models and achieving further acceleration through the compute-intensive capabilities of CUDA. The
performance gain achieved by the real-time implementation of these models relative to their serial
execution is also reported. The key contributions of this work can be summarized as:

1. Fully 2D parallel mapping of the SoV method for the solution of neutron diffusion and telegraph
models onto CUDA grid/block/thread hierarchy.

2. Development of the SoV solution into a high-throughput, stencil-free kernel tailored to a NVIDIA
Jetson Orin NX embedded GPU platform for real-time parallel computing.

3. Optimized handling of hyperbolic and oscillatory terms appearing in the neutron telegraph
model.

4.  Comparative analysis of the parallel CUDA implementation and a baseline serial C version,
demonstrating substantial speedup and performance benchmarking.

The paper is organized as follows: Section 2 presents background concepts, detailing the diffusion
and telegraph models and their mathematical foundations. Section 3 introduces GPU computing
on embedded platforms. Section 4 describes the parallel algorithm design for both models under
consideration. Section 5 presents experimental platforms used, computational details and the results
of GPU computation using the proposed algorithms with comparison of execution time, speedups, and
mean squared error between serial and parallel implementations. Section 6 provides the discussion of
the results obtained. Section 7 offers conclusions and explores avenues for future research.

Parag R. Patil (Real-Time Implementation of Nuclear Reactor Models on Embedded GPU Computing Platform: A
Pathway to Hardware-in-Loop Control System)



1456 International Journal of Robotics and Control Systems ISSN 2775-2658
Vol. 6, No. 2, 2026, pp. 1452-1475

2. Neutron Diffusion and Telegraph Models

Nuclear reactor theory explains how neutrons behave inside a reactor core and how their interac-
tions sustain a controlled chain reaction [3]-[5]. It covers how neutrons are produced, slowed down,
absorbed, or escape, and uses mathematical models like the NDM to predict their distribution [6],
[48]. While diffusion theory gives quick and useful estimates, more detailed transport theory can
handle complex shapes and conditions [49], [50].

These concepts are essential for designing reactors that are safe, efficient, and reliable. The
acceptance and reliability of a reactor model largely depend on how accurately it represents neutron
transport within the reactor core. Therefore, an effective neutron transport model must be realistic,
applicable over a wide spatial range, and computationally feasible for implementation and simulation
on modern systems [28].

2.1. Neutron Diffusion Model

Conventionally, neutron motion is described using Fick’s law, which leads to a parabolic partial
differential equation. This equation serves as a fundamental basis for the mathematical modelling of
nuclear reactors. The most common formulation is the diffusion equation, expressed in (1) as,

10601

82¢(x, t)
v Ot '

+ (Zq —vZp)p(x,t) =D 2

1

Here, v denotes neutron speed, ¢ (x, ¢) represents the neutron flux at position x and time ¢, v is the
average number of neutrons released per fission, and D is the diffusion coefficient. Several modelling
approaches, including reactor kinetics and transfer function analysis, use this parabolic PDE in (1) as
their core mathematical framework.

2.2. Neutron Telegraph Model

The key limitation of the classical diffusion model is its prediction of an infinite neutron prop-
agation speed, as discussed in [48], [51]. This means that any disturbance in the reactor core would
be felt instantaneously at all other points, which is physically unrealistic. In reality, neutrons travel
at a finite velocity. This issue arises from the parabolic nature of (1), which is a general shortcom-
ing of diffusion-based formulations. To address this, Cattaneo’s modified constitutive law [51]-[53]
is applied. When this modification is combined with the neutron continuity equation, the neutron
telegraph model is obtained as shown by (2),

?¢(x,1)
ox?

*p(x,t Ap(x,t
([) 2y, 2860
v or? ot
Where, N| = 12, —tvEr+ 1/v,and Ny = £, — X¢.

The telegraph equation, given in (2), is a hyperbolic equation due to the presence of the second-
order time derivative. This term introduces wave-like propagation, while the first-order term retains
the diffusive component. The model naturally enforces a finite neutron propagation speed, calculated
as v = 3D/7. In scenarios where the absorption cross section is much larger than the transport cross

section, the telegraph model provides more accurate results than the diffusion model [48]. In the
special case where 7 — 0, the telegraph model reduces to the standard diffusion model (1).

+ Nop(x,t) =D 2)

2.3. Separation of Variables Method

The NDM and NTM can be solved using the separation of variables method [4]. This classical
analytical approach for the solution of linear PDEs assumes that the neutron flux can be written as a
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product of space and time-dependent functions as expressed in (3) as,

¢(X,t) = l//(x) : T(t)’ (3)

Where, ¥ (x) and T'(¢) satisfy the corresponding space and time ordinary differential equations (ODEs).
This work considers a uniform slab geometry of fissile material of length ‘a’ with absorption, transport,
and fission cross sections X, s, and X, respectively. The initial and boundary conditions are defined
as follows:

Initial Condition (IC):
The initial flux distribution is assumed to be symmetric as,
¢(x,0) = ¢o(x) = do(—x), “)

with ¢o(x) taken as a triangular distribution as shown in Fig. 1.
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Fig. 1. Initial distribution of flux: ¢o(x)

Boundary Condition (BC):

Flux vanishes at the extrapolated boundaries,

¢ (+4,1) =0, 5)

Where, @ = a+zp and zg = 0.714,, is the extrapolation distance. Applying SoV yields separate spatial
and temporal equations. The complete solution is expressed as an infinite series of eigenfunctions as,

$(x,1) = D Tult) - Yu(x). ©)

n odd

The following subsections outline the SoV solutions for the diffusion and telegraph models using
ICs and BCs mentioned by (4) and (5) respectively, with emphasis on their computational complexity.

2.3.1. Solution of Neutron Diffusion Model using SoV Method

The solution of NDM (1) can be expressed as an infinite sum of products of 7, (¢) and ¥, (x), as
shown in (6).

For the NDM model:
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1. Space ODE

d2 (X)
20 02 - S = Sy, )
2. Time ODE
dT (t)
=—-AT(t 8
— (1). ®)
Solution of the Space ODE:
Yn(x) = cos(Bpx), )
Where,
2
Bﬁ:(@) . n=1,3,5,... (10)
a
Solution of the Time ODE:
T (1) = T, (0) e, (11)
Where,
6 ., (nm
Tn(O) = 2—71_2 Sin (T) N (12)
and,
Ay = vEq +VDB%: —vvZs. (13)

Here, A is a constant, and IC T},(0) is the same for NDM and NTM presented in this work. Thus,
by substituting (9), (11)into (6), the neutron flux profile for NDM in the slab reactor can be obtained.

2.3.2. Solution of Neutron Telegraph Model using SoV Method

The NTM given in (2) can also be solved using the separation of variables method, resulting in
the same general form as (6). For the NTM model:

1. Space ODE

Pyx)
e 5 vEf =g + /1 W(x) =0, (14)
2. Time ODE
d*T (1) drT (1) ~
o + N1 7 + AT (t) = 0. (15)

Since the same boundary and initial conditions are used, the space ODE solution is the same
as (9). Solution of the Time ODE:

Ny sinh (g N?, - 4/1n) .
T, (t) = T, (0) e"N111/2 + cosh (E N2 - 4/1,,) , (16)
NZ, -4,
Where, T,,(0) is given by (12),
v
Ny = ;Nl, (17)
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and, ;
An=~=[Za-vE;+ DB . (18)
T

By substituting (9), (16) into (6), the distribution of neutron flux in the reactor core can be
modelled. Although the SoV method yields exact analytical solutions for the neutron diffusion
and telegraph models, it requires evaluating an infinite series of spatial and temporal nodes. In
practice, accurate results demand summing a large number of terms, each involving trigonometric or
exponential functions as demonstrated by (6), (9), (11), and (16). The cost grows quickly with finer
spatial resolution, complex boundary conditions, or multi-group extensions [14], [16].

As a result, SoV becomes computationally expensive for realistic reactor models, making it a
strong candidate for GPU-based parallelization with CUDA, where each node or spatial point can be
processed concurrently. Hence, parallel computing with CUDA can be employed to distribute the
workload of evaluating these terms across multiple GPU cores. This greatly accelerates computation
while maintaining the accuracy of the SoV method-based solutions. The further section explains
what GPU computing is, and with reference to literature, lists applications of GPU computing using
embedded platforms in various domains.

3. GPU Computing using Embedded Platforms

Graphics Processing Unit computing refers to the utilization of a GPU as a co-processor to
accelerate computationally intensive workloads traditionally executed on the central processing unit
(CPU). While CPUs are designed with a small number of complex cores optimized for sequential
instruction execution, GPUs contain thousands of simpler, lightweight cores optimized for massively
parallel processing [30], [54]. This architectural difference enables GPUs to achieve significantly
higher throughput for algorithms that can be decomposed into parallel tasks. By exploiting data-level
parallelism, GPUs can accelerate simulations that would otherwise require prohibitive computation
times on conventional CPUs.

Embedded GPU platforms extend this capability to low-power, compact environments. Devices
such as the NVIDIA Jetson Orin integrate ARM-based CPUs with CUDA-enabled GPUs in a single
System-on-Chip (SoC), enabling high-performance parallel computing [55]. Several studies have
shown the effectiveness of embedded GPUs in accelerating real-time applications. For example,
GPU-accelerated embedded systems have been used for deep learning-based object detection [56],
real-time control in robotics [57], and medical image processing [58]. These works report significant
performance improvements compared to CPU-only systems, validating the role of embedded GPUs
in time-critical computations.

The work presented in [59] highlights that the Jetson Orin Nano offers significant benefits for
running vision transformer inference, achieving 6 to 32 times faster inference speeds compared to CPU
execution while consuming 6 to 10 times less energy, making it ideal for real-time Al applications in
resource-constrained environments. The contributions in [60] evaluate thermal object detection for
automotive ADAS using YOLO-v5 networks deployed on embedded GPU platforms, achieving a 3.5
times speedup.

This enables low-power on-board deployment for vehicular systems while maintaining detection
accuracy across challenging weather conditions, where thermal imaging outperforms visible-light
cameras. The work in [61] reports the comparison of two embedded low-power GPU platforms
(NVIDIA Jetson Nano and Qualcomm Snapdragon with Adreno GPU) for real-time traffic surveillance.
The embedded GPUs enable real-time processing of high definition video streams, achieving 16-34
fps for different resolutions while providing massive speedups (43 to 477 times) over sequential CPU
implementations and outperforming desktop OpenCV implementations.

To harness this computational power, NVIDIA provides the Compute Unified Device Architecture
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framework, which enables developers to write GPU-accelerated programs in a C/C++-like syntax.
Unlike MATLAB or traditional serial C implementations, CUDA offers direct control over thread
organization, memory hierarchy, and device-specific optimizations, enabling higher efficiency for
large-scale parallel workloads [54]. In the context of solving the NDM and NTM, CUDA facilitates
data-parallel execution, drastically reducing runtime while maintaining numerical accuracy.

4. Parallel Algorithm Design for Solution of NDM and NTM using SoV

The neutron diffusion and neutron telegraph model involve solving large systems of coupled
differential equations across discrete spatial and temporal grids. These computations are inherently
parallelizable because the value of ¢ at each grid point (x, ) depends primarily on the solution of space
ODE and time ODE as explained in Subsection 2.3, which are not dependent. Such data parallelism
makes these models ideal candidates for GPU acceleration using CUDA. The CUDA implementation
of NDM and NTM using SoV utilizes the following guidelines:

¢ Domain Decomposition: The spatial domain is mapped to a 2D CUDA grid, where each thread
computes the solution for a single spatial cell at a given time step.

e Thread Organization: Threads are arranged in dim3 blocks and grids, ensuring memory coa-
lescing for neighbour access in stencil computations.

*  Memory Hierarchy Optimization: Frequently accessed coeflicients and constants are stored in
constant memory, while intermediate values use shared memory within thread blocks to reduce
global memory access latency.

*  Overlapping Computation and Data Transfer: CUDA streams are employed to overlap kernel
execution with host-to-device and device-to-host memory transfers.

*  Algorithm-Specific Kernel Design: Separate kernels are written for NDM and NTM, reflecting
differences in their temporal update schemes.

In the neutron diffusion model, the spatial variation of flux is governed by second-order deriva-
tives. Since exact solutions are not always feasible, these derivatives are approximated numerically
using the finite-difference method (FDM), where the reactor core is divided into discrete spatial grid
points and derivatives are replaced by difference equations. The neutron flux is updated by an implicit
time-marching scheme, where the flux at the next time step depends on itself, leading to a system of
equations that must be solved at each step. It is more stable, but computationally more expensive, as
demonstrated by Algorithm 1, which shows the host implementation, and Algorithm 2, which shows
the CUDA kernel for parallel implementation on the GPU.

The neutron telegraph model includes a second-order time derivative, and the kernel described by
Algorithm 4 incorporates additional terms involving hyperbolic or oscillatory branches (depending on
the discriminant). The branching avoids significant thread divergence, because the condition is driven
solely by k (the loop index) and is identical across all threads for a given loop iteration. Each warp
is executing the same k at the same time, so the branch is uniform per-warp. Hence, the warp-level
sorting is unnecessary in this case. This kernel-level customization allows the GPU to handle each
model’s specific mathematical behaviour efficiently, maintaining numerical accuracy while exploiting
maximum parallelism. Each kernel is optimized by adjusting register usage, shared memory size,
and thread configuration. The host implementation for NTM is described by Algorithm 3, and kernel
launch on the device is described by Algorithm 4.

The proposed SoV approach is inherently stable as it employs full parallelization as shown in
Fig. 2, avoiding time-stepping instability issues occurring in many PDE solvers. This scales well in a
parallel execution scenario because all threads are independent.

Algorithms for NDM and NTM both achieve significant acceleration by:

1.  Exploiting fine-grained parallelism over spatial and temporal grid points.
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Using shared memory for cooperative data sharing among multiple threads in a block, thus
reducing global memory access.

Using constant memory to reduce memory latency, global memory bandwidth usage, and device
memory allocations.

Minimizing host-device data transfers inside the main time loop.

] ]

ost Device
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dim3 threadsPerBlock (32, 8);
dim3 numBlocks ( (LENGTH_X + threadsPerBlock.x L e e
- 1) / threadsPerBlock.x, (LENGTH_T +

threadsPerBlock.y - 1) / threadsPerBlock.y); Grid .

psiCalculation<<<numBlocks,
threadsPerBlock>>>(d phi, d_x, d_t, d An,
d_Bn, d Lmd, length x, length t, length n);

Block No.  Block No.  Block No.  Block No.
1 2 3 4

cudaDeviceSynchronize(); // Ensure all GPU Block
i (tength_x)/32

computations are done b
(length_t)/8

Copy Result d_phi to host

Fig. 2. Pictorial representation of mapping utilised by the proposed algorithm kernel

The GPU computation of these proposed algorithms and the results obtained are presented in Section 5.

Algorithm 1 Calculation of ¢(x, #) for NDM (Host Implementation)

Require: M > 1, discretization parameters for x and ¢
Ensure: ¢[length_x X length_t]

1:
: Generate odd indices: n = {1,3,5,..., M}
. D —1/(3-Ey)

: fori =0to (length-n — 1) do

Initialize physical constants: v, E;, Eq, VEy,d,

Buli) — (x/a) -nlil
Anli] e 18 sin? (2141

Ali] < v-(Eq + D - Byli]* - vEy)

: end for

: Discretize x € [-d/2,ad/2] with Ax = 0.01
. Discretize ¢ € [0,0.001] with Az = 107°
11:
12:
13:
14:
15:
16:
17:
18:
19:

Allocate GPU memory for ¢, x, ¢

Copy x, t to device memory

Copy Ay, By, A to constant memory

Configure kernel launch:

Configure launch: block = (32,8), grid = ([length_x/32], [length_t/8])
Launch kernel: pHICALCULATION(d _phi,d x,dt,length_x,length_t,length_n)
Copy result d_phi — ¢

Save ¢ to CSV file

return ¢
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Algorithm 2 CUDA Kernel phiCalculation() Launch for NDM (Device Implementation)

Require: d_phi,d x,d_t,length x,length_t,length_n
Ensure: ¢[k, ky] for each thread (ky, k2)

1: ki « blockldx.x - blockDim.x + threadldx.x > X index
2: ky « blockldx.y - blockDim.y + threadldx.y > t index
3: Shared memory: sh_x[32], sh_t[8]

4: if threadldx.y = 0 and k| < length_x then

5: shx[threadldx.x] « d x[k{]
6
7
8

: end if
. if threadldx.x = 0 and ky < length_t then
: sh_t[threadldx.y| « d_t[k;]
9: end if
10: __SYNCTHREADS
11: if k; < length_x and ky < length_t then
12: sm «— 0.0
13: local x < sh_x[threadldx.x]
14: local_t « sh_t[threadldx.y]
15: for k3 = 0to (length.n — 1) do

16: sm <« sm + d_A, k3] - exp(—d_A[k3] - local_t) - cos(d_B, k3] - local x)
17: end for

18: d_philk, - length_t + ky] < sm

19: end if

Algorithm 3 Calculation of ¢(x, #) for NTM (Host Implementation).

Require: Physical constants v, X, X, VX, d; discretization dx, dt, tsar, tend; mode count M
Ensure: ¢ € RNx*MN:

1: Precompute constants:

2 Tt 1/(v-Z)

33 De<1/3-%y)

4 Ny —1(Zq = vZp) +1/v

5: N]](—(V/T)Nl

6: Ke— (M+1)/2 > number of odd modes
7: Build grids:

8:  x_array < linspace(—a/2, d/2, Ny)

9:  t_array « linspace(tsart, fends Nt)
10: Compute mode coefficients on host (for k =0...K — 1):
11: fork =0to K — 1 do
12: ne2k+1 > odd mode index
13: Blk] « (n71r)6/d

. nn
14: TO[k] — m SIDZ(T)
15: Ak — (v/7)(Zq + DB[K]? = vEj)
16:  disc — N} -4,
17: if disc > 0 then

18: term2[k] « Vdisc;isOsc|k] < 0 > hyperbolic branch
19: else

20: term2[k] « V—disc;isOsc[k] < 1 > oscillatory branch
21: end if

22: end for

23: Upload to device: copy x_array,t_array to d x,d_t; copy B,T0,term2,isOsc, N1, to device constant memory
24: Allocate device array d_¢ [N, X Ny]

25: Configure launch: block = (32,8), grid = ([N,/321,[N;/8])

26: Launch kernel: pHiCALcuLATION(d_¢, d x,d_t, Ny, N;, K)

27: Copy back: d_¢ — ¢

28: Store ¢ (CSV / plots)

29: return ¢
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Algorithm 4 CUDA Kernel phiCalculation() Launch for NTM (Device Implementation)

Require: device arrays d_¢,d x,d_t, length_x, length_t, number of modes K
Ensure: each thread computes one entry ¢[i, j]
1: i « blockldx.x - blockDim.x + threadldx.x > spatial index
. J < blockldx.y - blockDim.y + threadldx.y > temporal index
: shared sh x[32] sh.t[8] > match blockDim
: if threadldx.y == 0 and i ; N, then
shx[threadldx.x] <« d_x[i]
. end if
: if threadldx.x == 0 and j ; N, then
sh_t(threadldx.y]| « d_t[J]
. end if
10: __SYNCTHREADS
11: if i > length_xorj > length_t then
12: return
13: end if
14: x; < shx[threadldx.x]; t; < sh_t[threadldx.y]
15: expfac « exp(=N11t;/2)

Nel

16: sum « 0.0
17: fork =0to K — 1 do > mode summation (parallel over (i, j))
18: if isOsc[k] == 0 then > hyperbolic case
19: half « 0.5 - tj term2[k
20: T < TO[k] - expfac - N smh(half) + cosh(half))
term2
21: else > oscillatory case (complex roots)
22: half < 0.5-t; - term2[k]
23: Ty <« TO[k] - expfac - (%(Zh[?c;f) + cos(half))
24: end if
25: sum < sum + Ty - cos(B[k] - x;)
26: end for

27. d_¢li-length_t + j] « sum

5.  GPU Computation of the Proposed Algorithms

To accelerate the solution of the nuclear reactor models, the proposed algorithms are implemented
on a GPU using NVIDIA’s CUDA framework. Unlike sequential CPU execution, where computations
are performed one after another, CUDA enables thousands of threads to run in parallel, making it
highly effective for handling the spatial and temporal evaluations required in the SoV method. By
exploiting the parallel architecture of GPU, the computation time is drastically reduced, enabling
faster and more efficient simulation of neutron flux evolution in reactor core. This section details
the experimental platform and performance results of the proposed parallel algorithms and speedup
achieved.

5.1. Experimental Platform

The NVIDIA Jetson Orin NX is a compact, high-performance edge computing module designed
for Al robotics, and real-time embedded applications. It combines an Arm® Cortex®-A78AE multi-
core CPU with an Ampere-based GPU and is optimized for low-power, high-throughput scenarios.
With configurable power modes ranging from 10 W to 25 W, the Jetson Orin NX delivers up to 100
INTS8 TOPS of Al performance while maintaining energy efficiency and a small form factor, making
it ideal for embedded systems that demand both performance and portability.

The Fig. 3 shows the experimental setup utilized, which comprises NVIDIA Jetson Orin NX
for embedded computing, Digilent Analog Discovery 3 for digital to analogue conversion of flux
values, and a digital storage oscilloscope (DSO) for capturing the flux behaviour. Such experimental
visualisation is significant because it bridges the gap between theoretical reactor models and their
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real-time deployment in monitoring and control systems, where rapid response and reliability are
essential for ensuring reactor safety and stability. The following Table 1 highlights the specifications
of the onboard CPU and GPU of Jetson platform utilized for the computation.

—=

Fig. 3. Experimental setup with jetson orin NX

Table 1. Specifications of NVIDIA Jetson Orin NX (CPU & GPU)

Component Specification

Onboard CPU

Architecture 8-core Arm® Cortex®-A78AE v8.2 64-bit CPU
Clock Speed Up to 2.0 GHz

L2 + L3 Cache 2MBL2+4MBL3

Instruction Set ARMYvVS.2 with SIMD and FP support
Onboard GPU

Architecture NVIDIA Ampere Architecture

CUDA Cores 1024 cores

Clock Speed Up to 918 MHz

Shared Memory / L1 Cache 128 KB per SM

5.2. Computational Parameters

The two nuclear reactor models, NDM and NTM are solved using SoV method for slab geometry
with model parameters and ICs, and BCs as mentioned in Section 2.3. The computational parameters
used in this study are as follows:

1.  The space grid is x = [-77.29 : 0.01 : 77.29].
2. The time vector is ¢t = [0 : 0.000001 : 0.001].
3. The summation in (6) is carried out up to n = 1001.

The validity of the results obtained using the proposed parallel algorithms on the onboard NVIDIA
GPU of Jetson Orin NX is investigated by comparing the results with those of the sequential C codes
executed on the onboard CPU and the sequential MATLAB codes executed on a desktop system.

5.3. Results

The SoV method for the solution of NDM is implemented on the GPU using CUDA, as outlined
by Algorithm 1 and Algorithm 2 of Section 4. The time evolution of the neutron flux, ¢(x,?), at
spatial locations x = 0, 20, 40, and 60 (cm) is presented in Fig. 4.

The results show that the flux gradually stabilizes to a steady value, exhibiting an overall expo-
nential trend. The spatial distribution of neutron flux within the slab geometry at time instants ¢ = 0,
2.5%x 107,5.0 x 1073, and 1.0 x 1073 (s) is depicted in Fig. 5. As observed, the flux progressively
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evolves toward a steady-state cosine-shaped spatial distribution from an initial triangular shape shown
by Fig. 1.

z =0 (cm) . i . z =20 (cm)

—— Diffusion Model
0.76 1

1.05 1 3 f X Sequential Execution (C)
QO Parallel Execution (CUDA)

0.755 1

0.75 1

0.745 1

0 0.2 0.4 0.6 0.8 1

Time (s) %10
z =60 (cm)

0.29

0.56 1 4 0.28
0.27
0.54
= = 0.26 1
B .
= 0.52 I 5 0.251
0.24
0.5 1
0.23 1
0.48 : : : : 0.22 . . . .
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Time (s) x10°° Time (s) x107

Fig. 4. Benchmarking of time-evolution of ¢(x, #) for NDM at x = 0, 20, 40, and 60 (cm)

The SoV method for the solution of NTM is implemented on the GPU using the CUDA framework,
as given in Algorithm 3 and Algorithm 4 in Section 4. The flux evolution ¢(x, ¢) at spatial locations
x =0, 20, 40, and 60 (cm) is presented in Fig. 6. The results show that, unlike the NDM case, for
NTM the flux evolution is initially non-exponential but eventually stabilizes to a steady value similar
to that observed for NDM.

Fig. 7 illustrate the spatial distribution of neutron flux at time instants ¢+ = 0, 2.5 x 107,
5.0x1073,and 1.0x 1073 (s) . It can be observed that the flux gradually evolves and eventually attains
a cosine-shaped spatial profile similar to NDM.

To validate the practicality of the proposed models and their GPU-based acceleration for hardware
implementation, the results were captured on a digital storage oscilloscope for both the NDM and
NTM models. This hardware-based demonstration highlights not only the correctness of the computed
solutions but also their real-time feasibility when implemented on embedded GPU platforms.

The Fig. 8 and Fig. 10 showcase the time evolution of flux ¢(x,?) at selected space points for
NDM and NTM, respectively, on DSO. Similarly, the Fig. 9 and Fig. 11 depict the spatial evolution
of flux ¢(x, r) at selected time intervals for NDM and NTM, respectively, on DSO.

On comparing these Fig. 8, Fig. 9, Fig. 10, and Fig. 11 with Fig. 4, Fig. 5, Fig. 6, and Fig. 7
respectively, the results obtained by hardware-based demonstration can be validated. Table 2 presents a
comparison of the execution times for the neutron diffusion and the neutron telegraph Model obtained
using the traditional sequential CPU implementation in C and the proposed parallel CUDA-based
embedded GPU implementation. The table also reports the performance speed-up achieved by the
GPU execution relative to the CPU execution.
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Fig. 6. Benchmarking of time-evolution of ¢(x, ¢) for NTM at x = 0, 20, 40, and 60 (cm)
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Fig. 10. Time-evolution of ¢(x, ¢) for NTM displayed on DSO

The results clearly highlight the computational benefits and demonstrate the performance gains
achieved by the proposed parallel computing algorithms, which exploit the GPU’s computational
capabilities.
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Table 2. Speed-up in execution time for evaluation of ¢

Execution Time (s)

o(x,1) Sequential GPU Speed-up
evaluated for (TSEQ) (Tepu) (TSEQ/TG PU)
NDM 300.14 74.17 4.00
NTM 996.84 120.40 8.30

This speed-up is primarily due to the massive thread-level parallelism offered by the GPU, which
allows simultaneous evaluation of spatial points and time steps in the solution using SoV method. By
effectively leveraging CUDA features such as domain decomposition and memory hierarchy optimiza-
tion, the proposed strategy minimizes data transfer overhead and maximizes throughput. Consequently,
the reduction in execution time highlights not only the efficiency of the parallel algorithms but also
their suitability for handling large-scale, real-time nuclear reactor simulations where timely results are
critical.

The mean-squared error (MSE) is a measure of how close the computed values are to the reference
values. Table 3 and Table 4 present the MSE values calculated for the neutron flux ¢(x, t) obtained by
comparing the proposed GPU-based CUDA implementation (¢c ompurea) to the CPU-based MATLAB
implementation (@re ference)- The values are calculated for both NDM and NTM for all time instants
at selected spatial locations and at all space locations for selected time instants. The MSE between
the computed and reference values of ¢(x, f) can be calculated in two ways,

(a) All ¢ for a selected x
For a fixed spatial location xg, the MSE is defined as:

N;

1 2
MSE(xx) = ﬁ Z [¢Reference(xk’ tj) - ¢C0mputed(xk, t_i)] s (19)
t
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Where, N; is the total number of time steps.

(b) All x for a selected ¢

For a fixed time instant #,,, the MSE is given by:

N.
I O 2
MSE(t) = N Z [¢Reference(xi’fm) - ¢Computed(xi,tm)] ) (20)
* =1

Where, N, is the number of spatial grid points.

Table 3. Mean-squared error for ¢(x, t) at selected spatial locations

Model x (cm) MSE
0 8.11x 10772
20 8.32 x 10722

NDM 40 8.60 x 10722
60 8.28 x 10722
0 4.56 x 10732
-32
NTM 20 4.60 x 10

40 3.23 x 10732
60 3.83 x 10732

Table 4. Mean-squared error for ¢(x, t) at selected time instants

Model t(s) MSE
0 7.54x 102
NDM 2.5x107°  7.53x 10722
50x107°  7.68 x 10722
1.0x 1073 7.75x 1072
0 2.03 x 10732
NTM  2.5x107°  1.93x10732
50x 1072 1.97x 10732
1.0x1073  3.03x 1073

These two formulations (19) and (20), quantify the deviation of computed results from reference
data. From Table 3, it is evident that the deviation between the reference and computed results
is minimal, on the order of 1072 for NDM and 1073% for NTM. This indicates that the parallel
computation using the GPU produces results that are numerically consistent with the reference data.
For the NDM, the MSE values remain fairly uniform across all spatial locations (x = 0, 20, 40,
and 60 cm), showing a maximum of 8.60 x 10722 and a minimum of 8.11 x 10722 deviation. Such
small deviation can be attributed to minor rounding differences due to the different precision handling
mechanisms of the CPU and GPU arithmetic pipelines. For the NTM, the MSE values are even
smaller, below 5.0 x 10732, confirming high numerical stability of the CUDA implementation, even
with the added computational complexity from second-order time derivatives in the telegraph model.
The slight variation among different spatial points is negligible, showing that the GPU maintains
spatial consistency in flux evaluation.

Table 4 illustrates the MSE values at selected time instants. For the NDM, the MSE values range
between 7.53x 10722 and 7.75x 10722, showing minimal variation across time. This indicates that the
GPU implementation preserves the exponential time-decay characteristics of the diffusion model with
negligible temporal drift. For the NTM, the MSE remains consistently very low, from 1.93 x 10733
to 3.03 x 10732, even at longer simulation times. This confirms that the proposed CUDA algorithm
accurately reproduces the wave-like transient behaviour in the telegraph model without numerical
instability or phase errors.
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6. Discussion

The experimental results presented in this study clearly demonstrate the advantages of GPU-based
parallelization for solving the diffusion model and the telegraph model. The embedded GPU platform
NVIDIA Jetson Orin NX, provided sufficient computational resources to significantly reduce execution
time while maintaining energy efficiency by using a compact system design. This demonstrates
that nuclear reactor modelling can be effectively deployed on embedded GPU systems, achieving
near real-time performance. The key enablers of this performance are the proposed algorithms
implemented using the CUDA programming framework, which provides fine-grained control over the
GPU hardware. The NDM involves exponential decay functions in time, and cosine terms in space,
which are straightforward to parallelize but limited by the smaller number of arithmetic operations
per iteration. The NTM, on the other hand, includes second-order time derivatives and additional
hyperbolic or trigonometric evaluations, which significantly increase arithmetic intensity. This leads
to better GPU utilization, resulting in higher overall speed-up. By exploiting thread-level parallelism,
the large number of flux evaluations across spatial and temporal grids was distributed efficiently
across hundreds of CUDA cores. This eliminated the bottleneck of serial computation and increased
computational efficiency.

Memory management optimizations also played an essential role in achieving the reported
speedups. Frequently used parameters such as eigen-coefficients and mode constants were stored in
constant memory, which provides fast, cached access for all threads. This minimized global memory
bandwidth usage and improved latency performance. Similarly, the use of shared memory within
each thread block allowed cooperative data reuse, especially for spatial and temporal values accessed
repeatedly by neighbouring threads. This reduced redundant global memory fetches and ensured
higher arithmetic intensity per memory transaction. The separation of kernels for NDM and NTM
models allowed algorithm-specific optimization. For instance, NTM requires handling wave-like terms
involving both exponential and hyperbolic/oscillatory functions, which were efficiently managed by
separating oscillatory and hyperbolic branches inside the kernel. Thread organization through dim3
blocks and grids ensured memory coalescing, improving throughput further.

The low MSE values calculated validate that the proposed embedded GPU implementation re-
produces the analytical SoV-based results with high fidelity while achieving significant computational
speed-up. This establishes that the parallelization strategy, including memory optimization, kernel
design, and thread-level computation, preserves numerical accuracy while providing superior perfor-
mance. Overall, the results demonstrate that embedded GPUs provide a robust and practical platform
for executing computationally intensive simulations efficiently. They strike a balance between perfor-
mance, power consumption, and portability, making them particularly relevant for reactor monitoring
and control systems where real-time response is crucial. This work measures the GPU kernel exe-
cution time. The DAC/DSO experiments demonstrate real-time signal generation but constitute an
open-loop demonstration rather than a full HiLl control experiment. The full end-to-end latency can
be measured through an external control network (UDP/EtherCAT/ROS?2). Such system-level latency
depends on middleware and controller hardware.

The proposed approach satisfies the computational and timing requirements for HiL., but a
complete closed-loop integration with a controller can be explored in a future study. The proposed
GPU-SoV formulation scales efficiently for 1D reactor models and provides real-time performance on
embedded hardware. This makes it attractive for digital-twin or control applications, and extending
this approach to complex geometries or multi-group kinetics. Although the proposed GPU-SoV
approach performs efficiently for NDM and NTM, the factors that can affect the implementation of
this approach for complex geometries and multi-group kinetics include increased memory demands,
degradation of accuracy, and floating-point performance limitations on embedded GPUs.
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7. Conclusion

This work presented a GPU-accelerated implementation of nuclear reactor models, the neutron
diffusion model and the neutron telegraph model, on the NVIDIA Jetson Orin NX platform equipped
with an onboard Arm Cortex CPU and embedded GPU with Ampere architecture. These models
play a pivotal role in the design and testing of controllers in HiL setup. By exploiting massive paral-
lelism, optimized memory hierarchy, and efficient thread organization offered by CUDA, the proposed
algorithms achieved substantial speed-up over traditional CPU-based implementations. The results
demonstrate that even compact embedded GPUs can efficiently execute reactor-scale simulations with
high accuracy, establishing their potential for real-time monitoring and control of nuclear reactors.
The findings confirm that embedded GPUs provide a promising and energy-efficient alternative to
large-scale high-performance computing systems for nuclear reactor simulations. Their compact size,
low power consumption, and capability to deliver near real-time results make them highly suitable for
deployment in safety-critical and field-based applications.

The possible extension of this work includes parallel computation and real-time implementation
of multi-group neutron diffusion and telegraph formulations, and nodal models enabling a more
realistic representation of reactor physics. Further optimization using mixed-precision arithmetic can
be explored to enhance computational throughput while maintaining accuracy and energy efficiency.
Additionally, integrating embedded GPU-based solvers into digital twin frameworks could enable
continuous, real-time reactor monitoring and predictive safety assessments. The exploration of multi-
GPU systems or distributed embedded GPU clusters presents another promising direction for achieving
full-core, three-dimensional reactor modelling. Also, the fast implementation of nuclear reactor
models on an embedded GPU platform demonstrated in this work can be used for the development of
HiL systems for reactors.
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