engineering
proceedings

Proceeding Paper

Digital Twin-Driven Sustainability in
Semiconductor Packaging

Ahmed Ali ¥, Rezvan Gharehbaghi and Jayakrishnan Chandrappan

W) Check for updates

Academic Editors: Mahmoud Wagih
and Jeff Kettle

Published: 20 May 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Compound Semiconductor Applications Catapult, Newport NP10 8BE, UK;

rezvan.gharehbaghi@csa.catapult.org.uk (R.G.); jayakrishnan.chandrappan@csa.catapult.org.uk (J.C.)

* Correspondence: alicsa2025@gmail.com

* Presented at the International Conference on Responsible Electronics and Circular Technologies (REACT 2025),
Glasgow, UK, 11-12 November 2025.

Abstract

Digital twin technology is rapidly gaining traction in the semiconductor industry for its
ability to model manufacturing processes, including packaging engineering, to monitor and
optimise performance cost-effectively. This paper focuses on two key areas of development.
The first part explores the potential of digital design and additive manufacturing to produce
high-performance, compact thermal management solutions that significantly reduce device
junction temperatures and enhance operational efficiency. The second part presents the
development of surrogate models to predict junction temperatures of electronic packages
under varying operating and geometrical conditions. These models, trained using deep
learning, were integrated into a user-friendly COMSOL Multiphysics application builder
version 6.3. The proposed digital twin framework enables fast and accurate full-thermal
field predictions in comparison to conventional 3D finite element simulations.

Keywords: digital twin; electronic packaging; sustainability; topology optimisation

1. Introduction

The increase in computing power and power density requirements in electronic com-
ponents results in high thermal load and demands for advanced thermal management
techniques. Additionally, there is growing pressure to reduce material usage and carbon
emissions throughout the product development lifecycle.

New miniaturisation and energy-efficient solutions in semiconductor packaging are
needed to meet those requirements. The current paper focuses on developing lightweight
3D components used in electronic packaging.

Thermal topology optimisation with a density-based approach is used for the sim-
ulation. The maximum volume fraction of solid metal is defined as a constraint in the
optimisation study, and the average temperature of the design domain is minimised. The
topology optimisation uses two main approaches. In the first approach, the solid penalisa-
tion approach [1], the solid is dispersed in the design domain, and boundary conditions are
applied to the design domain boundaries. In the second approach, artificial force is applied
in the fluid domain to present the solid regions where the penalisation factor is high, and
flow velocity becomes zero at the solid regions [2,3].

A few studies focus on natural convection topology optimisation [4] or increasing the
accuracy of two-dimensional models to match that of three-dimensional models [5]. The
current investigation utilised the first approach for dispersing the metal solid material in
the design domain, as it is faster to compute and requires fewer computing resources.
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2. Computational Domain Description

A heat source was attached to the bottom of the domain, as shown in Figure 1. The
thermal properties in the design domain were correlated to the penalty factor:

Thermal Conductivity: Keg = 0p X Kgpig + (1 — 0p) x Kgiy (1)
Density: pef = 0p X psolia + (1 — 0p) X pair )
Specific heat: Cpegr = 0p X Cpsolig + (1 — 0p) X Cpyiy 3)

15W
Haat load

Te293 K
| p— |

Figure 1. Design space of topology optimisation model.

A constant temperature of 293 K was applied at the rectangular edges at the bottom of
the design domain (100 mm x 100 mm domain size). A heat source of 15 Watt was applied
to the design domain.

The inverse of thermal diffusivity is the ratio of how energy would be stored to energy
conducted in the material. Usually, heat sink material has high thermal diffusivity (smaller
inverse thermal diffusivity). As can be seen, Copper (Cu) and aluminium (Al) have the
smallest inverse thermal diffusivity shown in Table 1.

Table 1. Heat sink material thermal properties.

Material COHEEE:E‘;; (K) (p]))[elilgs/ig3] SPec1£1; Heat C,[,s fmggK
[W/(m.K)] [J/kg.K]
Cu 400 8900 390 8677.5
Al 200 2300 890 10,235
Steel 16 8000 500 250,000

A Helmbholtz filter of 1 mm was applied to control the branched fin sizing. A projection
in topology optimisation with an angle 3 = 8 and a projection point of 0.5 was used to
reduce greyscale effects and sharpen the separation between solid and liquid regions. The
thermophysical properties are correlated by the penalised volume fraction instead of the
material volume fraction. The penalised factor 6, is correlated to the material volume
fraction by [6]

GP = Opin + (1 — Opin) X grsimy 4)

where the Pg;, factor was set to 3, and 6,,;, was set to 0.001. It can be observed that as the
material diffusivity increases, there is more branching of the heat sink in the design domain
when copper is compared to steel, as a sign of fast heat dispersion in the design domain
material, as shown in Figure 2. It is also observed that with low diffusivity, more metal
material is concentrated near the heat source base.
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(a) Copper (b) Steel

Figure 2. Topology optimised for copper and steel.

The current copper configuration was modelled in Ansys Fluent 2025 R2 and compared
to a straight fin heat sink with an air velocity of 3.5 m/s. It is observed that the optimised
design configuration has 50% material reduction.

Figure 3 shows the temperature distribution; the straight fins show slightly lower
resistance than the topology-optimised geometry when the air inlet is parallel to the
topology-optimised fins. Three-dimensional effects in the topology-optimised geometry
are inactive due to the flow separation in the heat sink front, which leads to increasing
temperatures at its rear.
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Figure 3. (a) Straight fins—temperature and velocity distributions. (b) Topology optimised aligned
with flow inlet—temperature and velocity distributions. (c) Topology optimised 45 degrees from the
inlet—temperature distributions.
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The optimised topology rotated by 45° shows low thermal resistance compared to the
aligned configuration. This occurs due to the activation of 3D turbulators and inter-fin flow
passes when the heat sink is rotated, as shown in Figure 3c.

3. Digital Twin of an Electronic Package

In phase two, digital twin technology enabled the rapid prediction and optimisa-
tion of thermal performance [7]. A deep learning-based surrogate model was trained
using simulated data from finite element models under various operating conditions and
design parameters.

Reduced-order models are another method of creating digital twin smart models;
however, they have some limitations as they cannot handle geometrical parameters and can
only manage operating parameters. To generate a sampling of temperature data at every
location at different layers, it is recommended to perform geometry sampling at different
nodes X, Y, and Z. Surrogate modelling solves this problem by creating geometry sampling
using power per die, coolant inlet temperature, convective cooling heat transfer coefficient,
substrate thickness, and die spacing. Data from surrogate simulations are exported for
deep learning in the next stage.

Once the model is trained, it can predict the full temperature field of the device
layers. Data from the surrogate simulation are imported and scaled /normalised as shown
in Figure 4. The neural network structure was defined as eight neurons in the input layer
and 16 neurons, 32 neurons, 64 neurons, 128 neurons, 64 neurons, 32 neurons, 16 neurons,
and one neuron at the last output layer as shown in Figure 4b. The ReLU activation
function was applied during training on different layers and linear in output layer. The
geometrical sampled data were trained in batches with sizes of 10,000 data point per batch
with 10,000 epoches to reduce the training loss as shown in Figure 4b.
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Figure 4. Deep learning network (a) Layer structures (b) Data normalisation and selection of the

number of epochs.

The surrogate model was embedded into a custom-built interface within COMSOL
Multiphysics, version 6.3. The application Digital Twin interface enables end-users to input
design parameters, and users instantly receive thermal performance feedback as shown
in Figure 5. This drastically reduces the time required for design iterations compared to
conventional finite element methods. Additionally, the interface includes a surrogate model
optimisation feature. Designers will be able to explore trade-offs between variables such as
die spacing and substrate thickness to achieve target thermal outcomes.

https://doi.org/10.3390/engproc2026127023
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Figure 5. Digital twin application interface developed to evaluate the power module.

This capability aligns with the industry’s push towards digital engineering workflows,
where design, simulation, and decision-making are integrated into a single platform. A
comparison between fast estimations of deep learning model predictions with full finite
element simulations confirms that the surrogate model provides comparable accuracy
within an error margin of less than 5% as shown in Figure 6.

Temperature_Deep learning Digital Twin (ht) Temperature_3D finite element (ht)
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Figure 6. Temperature distribution [K] from (a) deep learning digital twin model and (b) 3D finite
element model.

This validates the approach as a reliable alternative for early-stage design and rapid
prototyping in semiconductor packaging.

4. Design Lifecycle Analysis

Calculating the lifecycle material, energy, and carbon footprint savings from 50%
copper weight reduction in a heat sink involves

Material Use Reduction: ey new = 0.5 X My orig 5)

Embodied Energy: Etot = ey X EFenergy (6)

EFenergy is the embodied energy factor for copper, usually around 23.1 MJ/kg [8].
Cradle to Gate Carbon Footprint evaluates the environmental impacts of a product
from its raw material extraction (the “cradle”) to the point where it leaves the factory gate
(the “gate”), i.e., when it is ready for distribution or further processing, but not yet in use
by the consumer:
CFiot = mey X EFcp2 (7)
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EFco; is the emission factor for copper production, typically 4.1 kg CO,e/kg [9].
Design lifecycle analysis results are summarised in Table 2.

Table 2. Design lifecycle analysis.

. . Carbon Footprint
Heat Sink Mass (kg) Embodied Energy (M]) (kg COse)
Original 1.6 37 6.56
50% Cu 0.8 19.3 3.43

5. Conclusions

Digital twin, topology optimisation, and additive manufacturing can enable high-
performance and compact semiconductor packaging. The optimised design in this study
achieved over 50% material reduction, enhancing thermal performance and environmental
impact. The digital twin interface was developed using deep learning surrogate models,
which achieved rapid prediction of full temperature fields and significantly accelerated
the design cycle. It also supports the real-time design optimisation of the surrogate model
based on user inputs, offering an effective decision-making tool for engineers. This work
sets the foundation for integrating intelligent design, simulation, and manufacturing in
next-generation semiconductor packaging workflows.
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