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The
increasingly reliant on Artificial Intelligence (AI) and

Introduction

modern process engineering landscape  is

Machine Learning (ML) for optimizing complex systems,
maintenance, and

[1]. This
digitalization is critical for improving efficiency and

enhancing predictive enabling

autonomous process control wave of
maintaining a competitive edge. However, it introduces a
significant challenge that runs counter to global

The
associated with training and deploying large-scale Al

sustainability ~mandates. computational  cost
models is escalating at an unsustainable rate, creating a
direct conflict between technological advancement and
the decarbonization goals central to "Green IT" and

sustainable engineering [1](2][3].

This tension is not merely academic; it represents a
strategic risk for industries adopting Al Data centers, the
backbone of modern Al, accounted for approximately
2% of global electricity demand in 2022, a figure
projected to grow substantially. Some estimates suggest
that US data center consumption alone could exceed 9%
by 2030.[4][5] The training of a single large language
model can consume millions of kilowatt-hours and emit
hundreds of metric tons of $CO_2$, an energy footprint
comparable to the annual consumption of thousands of
households[5][6] As process industries deploy ever more
powerful Al to optimize operations and reduce direct
(Scope 1) emissions, they risk simultaneously increasing
their indirect (Scope 2) emissions from purchased
electricity. This creates a sustainability paradox where
operational efficiency is achieved at the expense of a
larger environmental footprint.

This paper posits that the convergence of quantum
computing and Al a field known as Quantum Machine
Learning (QML), offers a paradigm-shifting solution.
Specifically, Quantum Neural Networks (QNNs) present
a viable pathway toward "Green AI" by fundamentally
altering the energy-performance trade-off. By leveraging
QNNs

computationally intensive tasks in process engineering

quantum  phenomena, can  address
with potentially exponential reductions in energy
consumption, thereby aligning the drive for digitalization

with the imperative for a greener industrial horizon
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[2][7][8] This work explores the technical foundations,
practical applications, and future trajectory of QNNs
within the context of sustainable process engineering.

Al Paradigm Comparison: Performance & Energy Trends
Performance vs Energy Consumtion Acrass Model Complexity
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Figure 1: Comparative Trends of Classical Al and
QNN in Process Engineering.

2 Theoretical Framework: Quantum Neural
Networks
2.1 Foundational Principles

Quantum Neural Networks are not simply faster
versions of their classical counterparts; they operate on
entirely different physical principles that grant them
unique computational capabilities [9][10]They are built
upon quantum bits (qubits), which can exist in a
superposition of states representing both 0 and 1
simultaneously. This property allows for an immense
parallelism in storing and processing information
[2][13]15][16] the of
entanglement profound,  non-classical
correlations between qubits. This enables QNNs to

Furthermore, phenomenon

creates

model intricate, high-dimensional relationships within
data using far fewer parameters than a classical network
would require [13][15][16] For context, a QNN with just
20 qubits can explore a computational state space of
$27°{20}$ dimensions over a million dimensions while
between
features.[16]These properties endow QNNs with greater

naturally capturing complex correlations
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expressive power, allowing them to potentially learn
complex patterns from smaller datasets (superior sample
efficiency) and effectively handle problems with global
correlations that are challenging for deep classical
architectures [16].

2.2

In the current technological era, QNNs operate within a

Hybrid Quantum-Classical Architecture

hybrid framework that strategically combines the
strengths of both quantum and classical computing
processors [16][17] This approach is not merely a
temporary necessity but represents a long-term strategy
for energy efficiency, as it delegates tasks to the most
suitable processor. While a quantum computer's core
processor is highly efficient, its supporting infrastructure
for cooling and control consumes significant power (tens
of kilowatts) [8][18][19] The true energy advantage
emerges only when the quantum processing unit (QPU)
is tasked with solving a problem that is intractable for a
classical supercomputer (which consumes megawatts).[4]
The hybrid workflow, depicted in Figure 1, is therefore
central to achieving practical and sustainable quantum-
enhanced Al

The process typically involves four key steps:

1. Quantum Encoding: Classical data, such as sensor
readings or molecular structures, is encoded into the
quantum state of the qubits. Common strategies
include angle encoding, where data features are
mapped to the rotation angles of qubits, and
amplitude encoding, where features are represented
by the amplitudes of the quantum state vector
[13][106].

Quantum Processing: The encoded quantum state
is manipulated by a Parameterized Quantum Circuit
(PQC), also known as an "ansatz." This circuit,
composed of a sequence of quantum gates with
trainable parameters, is the quantum analogue of a
neural network layer [16][17][20].

3. Measurement: The final state of the qubits is
measured. This act collapses the quantum state into a
classical output, such as a classification label or a
predicted value [13].

Classical Optimization: The classical output is
evaluated by a loss function on a classical computer.
A classical optimization algorithm (e.g., gradient
descent) is then used to update the parameters of the
PQC to minimize the loss. This quantum-classical
feedback loop is repeated until the model converges.
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This hybrid architecture is critical, as it avoids the "input
problem" the significant challenge of efficiently loading
large classical datasets onto a QPU by keeping data-heavy
pre- and post-processing on

[18][19][21].

classical hardware

3
The true potential of QML lies in its application to

Results and Discussion

specific, high-value problems in process engineering that
are computationally prohibitive for classical machines.
These applications demonstrate a clear path toward a
of  the
engineering lifecycle, where materials discovered via

system-level  transformation sustainable
quantum simulation are used in processes optimized by
quantum algorithms, all powered by grids stabilized

through quantum forecasting.

3.1 Application 1: Enhancing Renewable Energy

Integration and Grid Management
The intermittency of renewable energy sources like solar
and wind presents a major challenge to power grid
stability, necessitating highly accurate forecasting models
[7]. QNNSs are particularly well-suited for time-series
analysis due to their ability to learn periodic patterns and
A recent study
demonstrated this by developing a QNN for solar

complex temporal correlations [8].

irradiance forecasting and directly comparing its
accuracy with traditional prediction methods [9].

While classical models like XGBoost performed best at
shorter horizons, the QNN model became highly
competitive and outperformed traditional methods at
longer forecasting horizons [10]. Specifically, for 3-hour-
ahead Global Horizontal Irradiance (GHI) forecasting,
the QNN achieved a root mean squared error (RMSE)
of 77.55 W/m?2 and a coefficient of determination (R2) of
80.92%, outperforming classical Support Vector
Regression (SVR) and Group Method of Data
Handling (GMDH) models [11]. This suggests a
potential quantum advantage in capturing the complex,
long-range spatiotemporal dependencies inherent in
meteorological data, which is crucial for reliable grid
management [12].

3.2 Application 2: Accelerating Discovery of
Sustainable Materials

A cornerstone of chemical and process engineering is the
design of novel materials for applications such as carbon

capture, energy storage, and catalysis. However,

accurately simulating the quantum mechanical behaviour
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of complex molecules is an exponentially difficult task
computers.[24][25][26] For
simulating a molecule with just 70 atoms would require

for classical instance,
more computational time than the age of the universe on
a classical supercomputer [25].Quantum computers, by
their very nature, are ideal for simulating these quantum
systems, offering the potential to dramatically accelerate

the research and development cycle [7][11][25].

Key applications include:

e Carbon Capture, Utilization, and Storage
(CCUS): Quantum algorithms can precisely model
the chemical reactions between $CO_2$ and potential
sorbent materials, such as amines. This allows for the
in-silico screening and design of novel compounds
with higher binding affinity and lower energy
requirements for regeneration, which could lead to
breakthroughs in direct air (DAC)
technologies [27][28][29][30].

Advanced Energy Storage: QML can simulate the

capture

intricate electrochemistry within batteries to engineer
new electrode and electrolyte materials. This can lead
to batteries with higher energy density, longer cycle
life, and improved safety, which are critical for the
widespread adoption of electric vehicles and for grid-
scale energy storage solutions [24][26].

3.3 Application 3: Optimizing  Complex

Bioprocesses and Waste Valorization
an een engineerin rocesses, such as waste
Many gr gineering , h t

valorization, involve complex combinatorial
optimization problems. For example, optimizing an
anaerobic digester for waste-to-energy conversion
requires navigating a vast parameter space including
temperature, pH, and substrate composition to maximize
biomethane yield and ensure process
stability.[31]Quantum optimization algorithms, such as
the Quantum Approximate Optimization Algorithm
(QAOA) and Quantum Annealing, are specifically
designed to efficiently explore these large and complex
solution landscapes to find globally optimal operating
conditions.[24][31] Research has already demonstrated
the application of QAOA to optimize biomethane
production, showing its potential to outperform classical
optimization —methods in  complex bioprocess
control.[31]This directly addresses challenges in the

circular economy and provides a pathway to more

efficient and sustainable waste valorization.
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Quantitative Analysis, Current Challenges,
and Future Outlook

3.4

A balanced perspective requires acknowledging the
significant hurdles that remain. The technology currently
resides in the Noisy Intermediate-Scale Quantum
(NISQ) era, characterized by several key challenges:

e Decoherence and Noise: Qubits are extremely
sensitive to their environment and quickly lose their
quantum properties (a process called decoherence).
This high
computations, which currently prevent the reliable

noise introduces error rates into
execution of long and complex QNN circuits, as
the output quickly becomes dominated by noise

rather than the desired quantum calculation.

e Error Correction: Implementing full-scale quantum
error correction (QEC) which uses many physical
qubits to create a single, robust "logical qubit is a
monumental engineering challenge. The lack of QEC
is the core reason the current hardware remains in the
NISQ era, severely limiting the depth and size of
QNNs that can be practically deployed, requiring
reliance on less effective software-based error
mitigation techniques.

e Barren Plateaus: When training QNNs, the

optimization landscape can become exponentially flat

as the number of qubits increases. This "barren
plateau" phenomenon causes gradients to vanish,

making it nearly impossible for the model to learn.

3.5 QNNs in Context with Traditional Al Tools
The comparison between QNN and traditional Al tools

is not about replacement but about computational
synergy. Traditional Al remains superior for common
tasks requiring high sample efficiency and low latency
inference. QNNs, however, are specifically designed to
outperform traditional Al only for critical classes of
(e.g.,
materials/catalysis discovety) and complex, large-scale

problems: complex quantum simulation
combinatorial optimization (e.g., bioprocess control,
grid management). The current limitations arising from
immature hardware and algorithmic challenges are
directly addressed by the well-defined progression path
outlined below. The transition from the Quantum
Utility phase to the anticipated Quantum Advantage
phase (c. 2029-2030) is the strategic roadmap for
overcoming decoherence, noise, and algorithmic hurdles
to consistently solve commercially relevant problems
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faster, more accurately, or more efficiently than the best
classical supercomputers.

The argument for QML as a green technology is
anchored in the vast difference in how quantum and
classical computers scale to handle complexity. It is
acknowledged that classical approaches like Binary
Neural Networks (BNNs) or extreme model
quantization offer significant, near-term reductions in
energy consumption by reducing the precision of
calculations, primarily benefiting inference efficiency.
However, these methods often introduce a trade-off in
accuracy and model expressive power. The unique
advantage of Quantum Neural Networks (QNNs)
lies not just in their low operational power (kW scale for
the QPU and support infrastructure) but in their
potential for exponential scaling and ability to solve
intractable problems (e.g., molecular simulation) that
are fundamentally limited by the cdassical scaling wall,
regardless of quantization. While a direct comparison is
nuanced, for specific classes of problems, the distinction
in energy consumption and time-to-solution is stark, as
summarized in Table 1.

A balanced perspective requires acknowledging the
significant hurdles that remain. The technology currently
resides in the Noisy Intermediate-Scale Quantum
(NISQ)  era, characterized by
challenges.[5][15][33]

several  key

bl

® Decoherence and Noise: Qubits are extremely
sensitive to their environment and quickly lose their

quantum properties (a process called decoherence),

which introduces high error rates into
computations. 5]
e Error Correction: Implementing full-scale

quantum error correction (QEC) which uses many

physical qubits to create a single, robust "logical

qubit" is a monumental engineering challenge and

remains in early research stages. Current
approaches rely on less effective software-based
error mitigation techniques.[15][24][33]

e Barren Plateaus: When training QNNs, the
optimization landscape can become exponentially
flat as the number of qubits increases. This "barren

plateau" phenomenon causes gradients to vanish,

making it nearly impossible for the model to
learn.[15]
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Table 1: Comparison of Classical and Quantum-

Enhanced Al for Sustainable Engineering.

complex problems

creates an
insurmountable
bartier for
sustainable
scaling[4][5]

Feature Classical Al Quantum-
(High- Enhanced Al
Performance (QML)
Computing)

Power Megawatts (MW). Kilowatts (kW). A

Consum A typical quantum computer

st supercomputer and its  support
consumes  several infrastructure
MW, enough to consume in  the
power a small town. otder of tens of kW.
Energy use scales Power consumption
significantly ~ with scales much more
problem size[4][18] slowly with qubit

count 418

Exempla Complex Complex

: Molecular Molecular

Problem Simulation (~70 Simulation:

& atoms): Potentially solvable

Solution Effectively in minutes to houts,

Time intractable; would enabling  discovery
require billions of of new catalysts and
years on the fastest materials|[24][25]
supercomputers. 2 Large-scale
5]Large-scale Optimization:
Optimization: Potential for faster
Hours to days, convergence to
often finding local global
optima.|[11] optima|24][31]

T Energy & Scaling | Decoherence &

Limitati Wall: NISQ Errors:

on for | The exponential | The fragility of qubits

Green Al | orowth in | and high error rates in
computational cost | current hardware limit
and energy | the size and depth of
consumption  for | solvable problems,

requiring robust error
mitigation/ correction|
5][15][33]
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Despite these challenges, the field is progressing along a
well-defined and widely anticipated trajectory:

® Quantum Utility (Present): NISQ devices are
beginning to provide value for specific, niche
problems where noise is manageable, even without
a proven speedup over classical methods. The
applications discussed in this paper are examples of
this emerging utility.[15]

® Quantum Advantage (c. 2029—-2030): This is the
projected inflection point where error-corrected
quantum solve

computers  will  consistently

commercially relevant problems faster, more
accurately, or more efficiently than the best classical
supercomputers.[15]

e Full Fault-Tolerance (Post-2030/2040): This
future era will feature large-scale, fault-tolerant
quantum computers capable of tackling the most
formidable computational challenges, such as
breaking modern encryption or performing exact
simulations of large, complex molecules.[5] This
timeline provides a realistic framework for strategic

R&D planning in the process engineering industry.

4  Conclusions

The escalating energy demands of classical Al present a
formidable challenge to the sustainability goals of the
process engineering industry. This work has argued that
Quantum Machine Learning, particularly Quantum
Neural Networks, represents a promising, albeit long-
term, solution by offering a fundamentally more energy-
efficient computational paradigm for certain classes of
complex problems.

Through demonstrated and potential applications in
renewable energy forecasting, sustainable material
discovery, and bioprocess optimization, QML
provides a tangible pathway to address key challenges in
decarbonization, waste valorization, and the circular
economy. While the journey from the current NISQ era
to full fault-tolerant quantum computing is fraught with
technical hurdles, the potential rewards for system-level

transformation are transformative.

The convergence of quantum computing, Al, and
process engineering heralds a new frontier in sustainable
innovation, which demands proactive engagement and
interdisciplinary research now to realize a future where
environmental

technological ~ advancement  and

stewardship are mutually reinforcing drivers of progress.
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