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eHarmonized procedures and vocabulary for synthesis,
characterization and performance testing.

¢ A multidimensional Al-powered benchmarking framework that
integrates supervised and unsupervised models to map trade-offs
among efficiency, scalability, sustainability and techno-economic
viability.

eIntegration of social and life-cycle assessments (S-LCA) and
techno-economic analyses (TEA) into protocol design to predict
adoption paths and policy impacts.

eOpen-science and FAIR-data strategies, including public
ontologies and knowledge graphs, to ensure interoperability and
accelerate cross-laboratory comparisons.

eRegulatory alignment with emerging carbon-market and
sustainability standards to de-risk industrial uptake
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Executive summary

The T2.4 deliverable of the SUNER-C project presents a comprehensive review and
strategic roadmap for the standardization of experimental protocols, Key Performance
Indicators (KPIs), and reporting frameworks across the diverse landscape of Solar-to-X
(S2X) technologies. This document articulates the fundamental performance metrics—
conversion extent, selectivity, yield, energy efficiency, and stability, emphasizing their role
in enabling reproducible, transparent comparisons of solar fuels and chemicals devices. By
systematically defining each indicator for generic chemical reactors and illustrating its
application to S2X processes, the deliverable underscores the necessity of clear mass and
energy balances and robust reporting of feed rates, conversion, selectivity, and yield as the
bedrock of any credible reactor demonstration.

Recognizing that fragmentation in methodologies and heterogeneity in metrics currently
hinder cross-laboratory benchmarking, the deliverable examines the state of standardization
within each S2X sub-domain: particulate photocatalysis, photoelectrocatalysis (PEC), PV-
electrocatalysis (PV-EC), solar thermochemical systems, photosynthetic and biohybrid
devices, and electrochemical reactors. For each technology, it identifies critical gaps,
ranging from undefined reactor geometries and inconsistent light-source calibrations in
photocatalysis, to variable electrode preparation and iR-compensation practices in
electrocatalysis, to absence of harmonized stability protocols in PEC—and proposes some
strategies to develop standardized protocols (e.g., controlled spectral profiles, standardized
electrolyte compositions, unified reactor configurations, and round-robin interlaboratory
tests). Detailed KPI definitions (e.g., apparent and absorbed quantum vyields, Solar-to-
Hydrogen efficiency, Faradaic efficiency, space-time yields) are provided alongside
recommended measurement and reporting guidelines to promote both technical rigor and
comparability.

A core innovation of this deliverable is the advocacy for a multidimensional, Al-powered
benchmarking framework. Rather than treating KPIs as isolated metrics, the report proposes
deploying machine-learning models, to uncover correlations and trade-offs among
efficiency, stability, scalability, and sustainability under diverse operational boundaries. This
approach entails co-creation of standardized input/output descriptors and ontologies,
enabling the construction of interoperable knowledge graphs, automated data validation,
and predictive assessments of technology trajectories. The integration of Social and Life
Cycle Assessments and Techno-Economic Assessments further enriches the analysis,
equipping stakeholders with holistic insights into environmental impact, economic feasibility
and policy alignment.

To drive community alignment and regulatory coherence, the deliverable outlines a three-
pronged strategy: (1) development of shared vocabularies and FAIR-compliant data
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repositories; (2) organization of open-science workshops, round-robin exercises, and
adoption incentives to foster widespread uptake; and (3) engagement with standardization
bodies (e.g., ISO, IEA, UIPAC) to align emerging S2X protocols with existing frameworks in
PV, batteries, CCUS, and hydrogen markets.
The success of these efforts will depend on collaborative validation across academia,
industry, and policy spheres, leveraging open-science principles and digital infrastructures
to propel the SUNER-C ecosystem toward its vision of a decarbonized, sustainable energy
future.
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1 The necessity of standards

Solar-to-X (S2X) technologies, are essential to the future of sustainable energy. However,
despite recent advances, the field remains fragmented, with unreliable methodologies,
devices, and measurement protocols. Despite this, such fragmentation and lack of
standardized protocols remains as a major barrier to assess and advance these
technologies so that they fulfil their prospects to climate change abatement.

Standardized protocols, such as those developed for PV cells or batteries by NREL or
BATTERY2030, respectively, have proven invaluable for ensuring consistent evaluation and
technological advancement. In the case of S2X technologies, however, substantial
challenges remain, including maintaining data quality and consistency, managing diverse
datasets, and facilitating interdisciplinary communication and real-time collaboration.
Without unified protocols, it becomes difficult to assess the true potential of different S2X
technologies, precluding the urgently needed progress toward commercial viability

This deliverable presents a review for the standardization of protocols in solar fuels
technologies, drawing upon insights from the SUNER-C project and the broader European
research ecosystem. It explores the need for standardized Key Performance Indicators
(KPls), the integration of digital and artificial intelligence (Al) tools, and the application of
machine learning and multivariable optimization for consistent experimental practices.

2. Standardization in S2X technologies

Standardization is not merely a regulatory obligation, it is a scientific and industrial
imperative. As previously discussed, the absence of standard protocols results in
inconsistent performance data, low reproducibility, and limited collaboration across
laboratories. Technologies like photocatalysis (PC), photoelectrocatalysis (PEC), thermal
catalysis (CSP), PV-electrocatalysis (PV-EC), and biological (BIO) systems operate under
distinct conditions and are typically assessed using heterogeneous performance metrics.
This diversity hinders the establishment of unified benchmarks and impedes progress
toward technology comparison and optimization.

The definition and adoption of robust Key Performance Indicators (KPIs) are essential for
monitoring progress, assessing technological effectiveness, enabling comparative
evaluation, and determining the overall impact of S2X technologies in research and
innovation contexts. In a previous deliverable (D2.2, Section 3) and further elaborated in the
blueprint and roadmap documents (D3.1, D.3.2, and D3.4), an initial analysis of KPIs and
technical indicators was conducted based on a selection of projects from the SUNER-C
portfolio. This analysis aimed to identify common categories and propose a core set of KPIs
(see summary in Table 1).
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However, despite the apparent consensus around a subset of these KPIs, they are not
always the most frequently reported in the literature or project outputs. Moreover, in several
cases, these indicators do not comprehensively capture the specificities of all S2X
technologies, which makes their “universal” application problematic. This highlights the
urgent need to establish a comprehensive, scientifically grounded, and globally accepted
framework for the standardization of S2X technologies. This framework must incorporate
not only a set of metrics or KPIs, but also standardized protocols (for synthesis,
characterization and performance activities of materials and devices) along with a regulatory
layer, to ensure reproducibility, transparency, and fairness in the comparison and
benchmarking of S2X systems. Therefore, new strategies must be explored to enable
reliable benchmarking across different technological platforms. This deliverable identifies
the critical areas that require focused action and proposes the following set of strategic
recommendations:

Establishing standardized protocols, comprising both a shared vocabulary and harmonized
procedures, is a foundational step toward enabling transparent, reproducible, and fair
comparisons among S2X technologies. However, treating key performance indicators
(KPI1s) and metrics as isolated elements, or aiming for a single-axis benchmarking system,
is neither realistic nor desirable due to the diversity and complexity of S2X systems. Instead,
a more innovative approach is required. This involves the development of a multi-
dimensional analytical framework, powered by Artificial Intelligence (Al) strategies, capable
of capturing how individual metrics interact under diverse operational conditions and
boundary constraints. Such a framework will help identify and quantify trade-offs among
critical aspects such as energy conversion efficiency, scalability, sustainability, and techno-
economic viability. To implement this vision, both supervised and unsupervised Machine
Learning (ML) models can be developed to process heterogeneous data generated across
different S2X technologies. These models will uncover patterns, correlations, and
dependencies between KPIs, for instance, how scalability impacts overall system efficiency
under varying operational regimes.

Crucially, the success of this framework depends not only on the selection of relevant KPIs
and metrics, but also on the clear definition of input/output parameters within the
standardized experimental and operational protocols. These definitions must be co-created
and validated with the broader research and industrial community to ensure acceptance and
interoperability. Moreover, the analytical framework will be complemented by the integration
of Social and Life Cycle Assessments (S-LCA) and Techno-Economic Assessments (TEA).
This proposed actions will support the creation of predictive models capable of estimating
the future potential, adoption paths, and deployment scenarios of various S2X technologies,
contributing to more informed decision-making at both scientific and policy levels.
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2. Regulatory Uncertainty. The absence of a specific regulatory framework creates
uncertainty for companies seeking to scale S2X technologies, particularly in the context of
decentralized energy production. To ensure long-term viability and attract investment, it is
essential to develop regulatory frameworks aligned with carbon markets and sustainability
standards.

3. S2X community alignment. One of the key barriers to the adoption of universal
standardization models lies in the lack of consensus across the scientific and industrial
communities. This is often reflected in the insufficient or inconsistent reporting of
experimental data, making cross-study comparisons and benchmarking difficult or even
impossible. To address this issue, several acctions can be developed:

A comprehensive strategy grounded in Open Science and the FAIR (Findable, Accessible,
Interoperable, Reusable) principles is essential to ensure the long-term impact,
transparency, and scalability of the project's outcomes. This strategy begins with the
consolidation of common metrics and the development and adoption of standardized
vocabularies, such as the W3C Data Quality Vocabulary, to ensure consistency across
datasets and methodologies. A key component of this strategy is the integration of Artificial
Intelligence (Al) into public data strategies through the implementation of ontologies and
knowledge graphs. This will enable the structuring of information in a machine-readable and
semantically rich format, facilitating automated reasoning, advanced analytics, and the
generation of new scientific insights.

In parallel, it is critical that the scientific community actively supports data sharing and the
provision of high-quality datasets to allow meaningful comparisons across technologies. The
adoption of this approach will promote transparent data sharing, enhance data quality, and
enable interoperability between research outputs and digital tools. Furthermore, it will
strengthen collaboration with researchers, industry stakeholders, and policymakers,
ensuring that the project’s results lead to concrete and impactful outcomes.

Collectively, these actions will support the creation of a benchmarking framework that is not
only scientifically rigorous but also inclusive, forward-looking, and aligned with the
overarching goals of sustainability and system integration.

3. Standardization frameworks by Technology

Particulate systems. Photocatalysis, particularly when implemented in particulate systems
(suspended or immobilized photocatalyst particles in a reactor), holds considerable promise
for sustainable energy production and environmental remediation. Applications such as
solar water splitting, CO- reduction, and pollutant degradation have seen rapid advances.
However, the field suffers from a significant challenge: a pervasive lack of standardization,
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leading to widespread dispersion in the results reported in the scientific literature. This
fragmentation hinders the ability to meaningfully compare results, assess technological
readiness, and scale up promising approaches. Addressing this issue through the
development and adoption of standardized protocols, key performance indicators (KPIs),
and unified metrics is critical to accelerating progress and industrial applicability.

The current landscape of photocatalytic research, is characterized by a high degree of
heterogeneity in experimental practices, reporting standards, and performance metrics. This
variability leads to significant dispersion in the literature, making it difficult to compare
results, reproduce findings, or draw reliable conclusions across studies. Such inconsistency
not only slows scientific progress but also undermines the credibility of the field and
complicates the transition from laboratory research to technological applications. To address
this challenge, standardization in photocatalysis must go beyond the mere definition of
performance indicators and encompass the harmonization of experimental protocols. This
includes the use of controlled and well-characterized light sources (e.g., spectral profiles
and intensity), unified reactor configurations These KPIs provide a quantitative foundation
for evaluating and comparing photocatalytic systems under reproducible conditions. They
also offer a common language for cross-disciplinary collaboration and are essential tools for
both academic research and industrial development. Below there are detailed the most
relevant KPIs for photocatalysis, along with their formulas and definitions, to support the
establishment of a standardized methodology for performance assessment.
Standardization must begin at the foundational level—experimental setup and procedural
rigor.

A. Reactor Configuration. The photocatalytic reactor plays a central role in
determining light absorption, mass transfer, and product separation. Researchers
must clearly document the:

» Reactor type (gas-liquid or gas-solid), the configuration (batch, flow,
compartmentalized)

» Geometry (e.g., path length, volume, illumination area) affects light absorption and
photon flux distribution.

» Material composition (quartz vs. optical glass) must ensure optical transparency in
the relevant spectral region.

» Flow vs. batch mode operation should be specified, including product collection
method and CO: delivery mechanism.

B. Reaction Conditions. Detailed reporting of operational conditions is essential,

including:

CO: source and purity.

Concentration and nature of sacrificial agents.
Catalyst loading (mass or molar concentration).
Photosensitizer and co-catalyst concentrations.
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» Temperature control and monitoring.
» pH and solvent composition (in liquid phase).

Even small deviations in these parameters can result in significantly different outcomes. The
temperature increase due to irradiation must be monitored and mitigated through IR filtering
and cooling, especially since CO: solubility is temperature-sensitive.

C. Light Source Calibration. Since these are photon-driven, precise characterization
of the light source is also crucial. The light source must be characterized by its:
Spectral distribution (ideally AM1.5G standard or equivalent solar simulator),
Intensity (reported in mW/cm?2, with calibration),

Wavelength range and filters used (bandpass/cut-off filters),

Distance to sample and beam uniformity.

Analytical Tools and Product Verification. The identification and quantification of
gaseous and liquid products form the basis of all performance metrics and
mechanistic claims. Thus, analytical procedures must be both robust and
standardized.

Detection of Products

» Gas phase products (CO, CHs4, C:Hi, H2) must be quantified using gas
chromatography (GC), optionally coupled with MS (GC-MS) for product identification
and isotope labelling studies.

» Liquid phase products (formate, methanol, ethanol, etc.) require techniques like
NMR, IC, HPLC, or LC-MS. Calibration curves, baselines, and detection limits must
be reported for each method.

In the case of CO:2 reduction reaction, to unequivocally confirm that products originate from
CO., isotope-labelling experiments using 2CO. are essential. For liquid-phase species, 3C
and *H NMR are complementary. Gas-phase products are verified by mass shifts in MS or
IR redshifts (e.g., 33CO). Reporting must include fragmentation patterns to differentiate
overlapping m/z values.

In addition, all experiments must include control runs with key system components (CO-,
light, catalyst, photosensitizer, donor) omitted individually to confirm the necessity of each
element. Decomposition of solvents or sacrificial agents can produce confounding products.

OV VYV

Numerous studies report varying levels of efficiency, stability, and productivity for similar
materials and systems. These discrepancies often stem not from intrinsic differences in
catalyst performance, but rather from differences in experimental conditions, reactor
geometries, light sources, optical characterization, and data interpretation. For example, a
photocatalyst evaluated under full-spectrum sunlight at high irradiance levels might yield
significantly different results compared to one tested under monochromatic illumination or
with undefined light intensity and spectrum. The lack of harmonized metrics also leads to
ambiguous claims regarding efficiency. As a result, promising materials may be over- or
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underestimated, and reproducibility becomes nearly impossible. This situation undermines
scientific credibility and technological advancement. Hence, establishing a coherent
framework for evaluating and reporting the performance of particulate photocatalytic
systems is not merely desirable, it is essential. To achieve reliable cross-study comparisons
and guide the development of scalable systems, a set of KPIs must be universally adopted.
These KPIs must be well-defined, physically meaningful, and directly linked to application-
oriented metrics.

Quantum Yield (QY) is a more fundamental metric, particularly useful in academic studies
of photocatalytic reaction mechanisms. It represents the number of molecules of product
formed per photon absorbed by the system:

(nxr)

x 100
q)Abs

QY (%)

Where:

e nis the number of electrons involved in the formation of one molecule of product,

e r_product is the rate of product formation (mol/s),

e Oaps is the absorbed photon flux (mol photons/s), typically determined from spectral
absorption data or actinometry.

Determining QY requires accurate optical characterization, including measurement of
absorption spectra and reflection/transmission losses of the photocatalytic system. QY
considers only the absorbed photons rather than all incident photons, providing an accurate
measure of the intrinsic photon-to-product conversion capability of the photocatalyst.

The Apparent Quantum Yield (AQY), sometimes used interchangeably with Apparent
Quantum Efficiency (AQE), is a fundamental metric that quantifies the efficiency with which
incident photons are converted into chemical products in a photocatalytic reaction. Unlike
the true quantum vyield, which considers only absorbed photons, AQY evaluates the
efficiency relative to the number of photons incident on the system. It is particularly useful
for benchmarking catalyst performance under well-defined, typically monochromatic
irradiation conditions.

(n X Tproduct)

AQY (%) X 100

where:

e nis the number of electrons involved in the formation of one molecule of product,
e TIproduct IS the rate of product formation (mol/s),

« @ is the photon flux incident on the photocatalytic surface (mol photons/s)
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AQY quantifies the fraction of incident photons that contribute to the generation of target
products, often measured under monochromatic light. Thus, it is especially useful for
evaluating the intrinsic performance without considering the full solar spectrum. However,
the following key considerations should be considered:

e Photon flux (®) must be accurately determined using chemical actinometry or
calibrated photodiodes, with careful consideration of the wavelength and intensity of
the irradiation source.

e The measurement should ideally be carried out using monochromatic light or with
well-characterized filters, to ensure that only photons of known energy contribute to
the reaction.

e« AQY values are wavelength-dependent and should therefore be reported as a
function of wavelength (e.g., AQY (420 nm)), especially for studies seeking to
elucidate structure-activity relationships in photocatalyst design.

e This metric assumes that all incident photons are equally available to drive the
photocatalytic reaction, which is an approximation, particularly in systems where
scattering, reflection, or absorption by the reactor walls occurs.

The Photonic Efficiency (n) is a more generalized metric that evaluates the efficiency of
photon use across a broader spectral range:

(%) = —
ni-/o q

where

r is the reaction rate expressed in mole per unit volume/surface area and time
g is the net radiation flux reaching the internal surface of the irradiated window, expressed
in Einstein per unit time and volume/surface area

Unlike AQE, PE can be used under polychromatic or white light sources, but similarly
requires precise quantification of photon flux. It is a useful metric for evaluating how
efficiently a system utilizes the entire photon spectrum provided by the light source.

The Solar-to-Hydrogen (STH) Efficiency is the most widely accepted figure of merit for
solar-driven water-splitting systems. It quantifies the efficiency with which solar energy is
converted into chemical energy in the form of hydrogen.

Ty X AGY
STH(%)( HZ(P - A*)’Z") x 100
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where;:

e rn2 is the rate of hydrogen evolution (mol/s),

e AG°n20 is the Gibbs free energy for water splitting (237,000 J/mol),
e P s the incident solar power (W/m?),

e Aisthe illuminated area (m?).

This metric must be calculated under standard conditions (typically AM1.5G solar
spectrum at 1000 W/m?), and hydrogen must be the only product unless otherwise
specified.

The Solar-to-Fuel (STF) Efficiency is used for photocatalytic CO- reduction or other fuel-
generating reactions.

Tya X AGY
STF (%) ( ”Z(P > AF)“”) x 100

where:

e rel IS the rate of fuel production (mol/s),

o AG°’wel is the Gibbs free energy of formation of the fuel (e.g., 670 kJ/mol for CH.).
e P is the incident solar power (W/m2),

e Als the illuminated area (m?2).

STF is a generalized version of STH, applicable to a broader set of photocatalytic energy
conversion pathways.

Volumetric Reaction Productivity (VRP). Quantifies the amount of product generated per
unit reactor volume and time. Relevant for scaling up and reactor design. This is a crucial
KPI in techno-economic assessments and pilot-scale process development.

Tproduct

VRP =
(Vxt)

where:

e Nproduct = Moles of product formed,
e V =reactor volume (L or m3),
e t=reaction time (h).
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Stability. Assesses the retention of photocatalytic activity over multiple usage cycles. It is
key to evaluating long-term viability and catalyst durability.

(TN)
Stability (%) = ——=x 100
y (%) )

where;:

e In = activity after N cycles,
« ro = initial activity.

Product Selectivity. Indicates the proportion of the desired product relative to all
photochemical products formed, especially important in CO: reduction or multi-product
systems. Critical for assessing process efficiency and downstream separation costs.

Ny

1
ZNX 00

Selectivity (%)

nx= desired_product
N= all products

Induction Time. The elapsed time from light-on to the detectable onset of product formation.
Long induction times may indicate kinetic or transport limitations. Provides insights into
reaction onset and photoactivation thresholds.

Operational Lifetime. Measures the duration over which the photocatalyst maintains a
predefined percentage (typically >80%) of its initial activity. Essential for evaluating the
practicality of photocatalysts for continuous or industrial applications.

Electrolysers are crucial for the production of sustainable fuels and significant
advancements have been made in, mainly for H2 production, in various types of
electrolysers, such as alkaline electrolysers, proton exchange membrane (PEM)
electrolysers, solid oxide electrolysers and others. These have distinct operational
mechanisms and efficiencies. Despite its maturity relative to other renewable energy
conversion approaches, electrocatalysis still suffers from a profound lack of standardization.
This results in a highly fragmented body of literature, marked by inconsistencies in
performance metrics, testing conditions, and data interpretation.

Such dispersion severely limits the ability to compare electrocatalysts across studies,
identify true performance breakthroughs, and define pathways to commercialization.
Consequently, the harmonization of protocols and the widespread adoption of well-defined
key performance indicators (KPIs) are urgently needed.
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Dispersion in Reported Performance. Experimental conditions in electrocatalysis vary
widely across laboratories. Factors such as electrolyte composition, pH, temperature, cell
configuration (e.g., H-cell vs. flow cell), electrode preparation, and reference electrode
calibration can all impact measured activities and stabilities. Furthermore, essential
information such as iR compensation, electrode area normalization, or faradaic efficiency is
often missing or inconsistently reported.
As a result, identical catalysts may show performance differences of orders of magnitude in
the literature, obscuring true material properties and hindering the field’s progression.
Establishing a robust framework of standardized metrics and procedures is key to
addressing these challenges.
Key Performance Indicators (KPIs) for Electrocatalysis:
Electrocatalytic performance must be evaluated using KPIs that are physically meaningful,
reproducible, and directly linked to the target application. The following metrics are widely
accepted and form the basis for comparative assessment.
Efficiency of Electrolysis (n).
Useful Energy Output
n= x100
Energy Input

Faradaic Efficiency (FE). Faradaic efficiency quantifies the fraction of electrons that
contribute to the formation of the desired product.

ZXnXF
FE (1) = =—5—

where,

Z = n° of electrons required to produce a given product
n = number of mole of products

F = Faraday constant

Q = Charge released.

Partial Current Density (j). Current density, typically reported in mA/cmz?, represents the
rate of electron transfer per unit electrode area.

| _UIFE,

A

where:

J = Current passed by the electrode,

A = area of the electrode.

Current density is particularly relevant for benchmarking against industrial targets, which
often require values exceeding 200-500 mA/cmz?, depending on the application (e.qg.,
hydrogen production).
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Tafel Slope

The Tafel slope provides insights into the reaction mechanism and kinetics.
n=a+b xlog(j)

where:

e nisthe overpotential,

e jis the current density,

e bisthe Tafel slope (mV/decade).
Lower Tafel slopes indicate faster reaction kinetics and can be used to infer rate-determining
steps.
Energy Efficiency (EE). Energy efficiency reflects how much electrical energy is effectively
used to produce chemical energy in the target product.

Y
~ AEApplied

EE, X FE, ;

where,
AE® = equilibrium full cell potential (AE® = E°co,/x — E°water oxidation)

AEAPplied = gpplied full cell voltage
FE = average faradaic efficiency for the specific product.

Stability / Durability. Stability is a crucial KPI and can be assessed via
chronoamperometry, chronopotentiometry, or cycling tests over extended periods (e.g.,
>100 h). Key indicators include:

o Retention of activity (e.g., current density) over time,
« Minimal degradation in faradaic efficiency,
e Structural integrity (via post-mortem characterization).

Standard protocols must define electrolyte refreshment, gas purge, and cleaning steps to
ensure reproducibility.

Toward Methodological Convergence. To make KPIs meaningful and comparable, they
must be embedded in harmonized testing protocols, which include:

o Reference electrode calibration under defined conditions,
o Standardized electrolytes, with pH, conductivity, and purity explicitly reported,

e Reactor configuration descriptions, including cell type, electrode distance, and
gas diffusion layer use,

« Temperature and pressure control, especially for high-performance testing,

e Clear reporting on normalization, including geometric vs. electrochemical surface
area and iR compensation methods.
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Fully integrated PV-EC systems (PV-EC) systems combine photovoltaic cells and
electrolysers into a single device for direct solar-to-hydrogen (STH) production as well as
solar-to-fuel or solar-to-chemicals production (CO:2 derived fuels/chemicals). Key
innovations include advanced tandem cells that enhance light absorption and energy
conversion efficiency. Current research focuses on improving the efficiency, stability, and
scalability of PV-EC devices by optimizing semiconductor materials, interfaces and
catalysts. The major challenges involve optimizing the interface between the PV and EC
units, minimizing energy losses and improving overall system efficiency. Currently, the
standardization of PV-EC systems is still in its nascent stage.

In PV-EC systems, the solar-to-chemical efficiency is composed of the combination of
photovoltaic (PV) conversion efficiency (np) and electrochemical (EC) conversion efficiency

(Mec)-
The solar-to-chemical efficiency for the PV-EC systems is thus defined as:

Nstc = Npv X Nec
What is defined as the ‘fuel’ can be hydrogen (H2), carbon monoxide (CO), or a hydrocarbon
such as methane (CHas). Depending on the product, the solar-to-chemical efficiency can be
for instance called ‘solar-to-hydrogen conversion efficiency’.

The PV cells already have standardized efficiency descriptions. A PV cell is characterized
by measuring its current while sweeping the applied potential to the solar cell, both when
the solar cell is in dark and when it is illuminated by standardized AM1.5G light spectrum.
With this, the J-V curve of the PV cell is plotted in dark and under illumination. The J-V curve
under illumination gives the crucial parameters as the open circuit voltage (Voc), the short
circuit current density (Jsc — current divided by the area of the solar cell), and the maximum
power point (MPP), where the solar cell delivers maximum power, determining the efficiency
of the solar cell. At MPP the maximum power output of the solar cell per unit area is Pwvrep,
which corresponds to:

Pypp = Jupp X Vypp
Another characterization parameter is the fill factor (FF) which explains how well the
electrons are collected in a solar cell, corresponding to the deviation from ideality (FF=1).
The fill factor is defined as the ratio of the maximum power output of a solar cell (Pmpp) and
the multiplication of open circuit voltage (Voc) and short circuit current density (Jsc):

)2
FF = —MPP
Jse X Voc
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The power conversion efficiency of a solar cell is calculated as the ratio of the maximum
power output of the solar cell (Pvpp) per unit area, with the input power (Pin), where the
standardized input power is the total irradiance of AM1.5G, being 100 mW cm-2:1
_PMPP _]scXVocXFF
Mpy = P, = P,

The power output of a PV cell can vary depending on its operating point, more precisely, the
operating voltage (Vop) and operating current density (Jop). Therefore, when estimating the
solar-to-chemical efficiency, it is important to use the operating current density (Jop) instead
of the current density of the solar cell at the maximum power point (Jupp). However, ideally,
to get the highest efficiency out of a solar cell, the PV cell should operate at its maximum
power point, delivering Pmwpp, which means, when combined with an electrochemical cell
(electrocatalysts in the electrolyte), the power requirement for the electrochemical
conversion should match with the maximum power output of the solar cell, for the highest
solar-to-chemical efficiency. During any operation moment, the efficiency of the PV cell is:

_ ]Op X VZ)p
NPve, = P
l

Where, NPV,p refers to the efficiency of the PV cell at the operating point, which can be
different than the maximum power point.

The electrochemical conversion efficiency on the other hand is calculated as the ratio of the
power output (Pout) with the input power (Pin) in an electrochemical cell. Here, the output
power in an electrochemical cell will correspond to the chemical energy of the generated
product. In the case of hydrogen, it is based on the Gibbs energy of hydrogen (-237.3 kJ
(mol Hz)t) which translates to coarsely V9=1.23 V. However, the input voltage for water
electrolysis is in practice not equal to 1.23 V due to the overpotentials on the anode (7, —
at the oxygen evolution electrode), and cathode (n,, — at the hydrogen evolution electrode).
Thus, the voltage requirement for water electrolysis (the operating voltage, Vop) becomes:
Vop = 1.23V + ¢, + Ny,

A last factor affecting the performance of the electrochemical conversion is the Faradaic
efficiency (nr) for the target product. Faradaic efficiency defines the ratio of the electrons
that are used to generate the specific product, to the electrons delivered to the
electrochemical cell (by the PV cell). Including the Faradaic efficiency gives electrochemical
conversion efficiency as:

B 1.23
Nec = Vo

X NF

! https://pure.tue.nl/ws/files/10242929/20151209 _CO_Esiner.pdf, “Organic Artificial Leaves for Photoelectrochemical Water

Splitting”
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The characterization of a two-electrode electrochemical cell is typically made by sweeping
the applied potential and measuring the current flow, forming the J-V curve of the
electrochemical cell. When an electrochemical cell and a photovoltaic cell are combined for
a standalone system without any external bias, optimal operation takes place when the J-V
curve of the electrochemical cell intersects the J-V curve of the solar cell at the maximum
power point of the solar cell. In this way, no losses from the PV conversion side takes place.

In an integrated, standalone PV-EV system the overall solar-to-chemical efficiency is then
calculated according to:
nere = o =]0,{,><V0px1.23><
stc = Npv,, X NEC P, Vo Nr
Here, the Vop's cancel out, Pin is the input irradiance, which is 100 mW cm- for standardized
measurements at AM1.5G, and Jop is the operating current density on the PV cell side. After

simplification and adding the percentages:

1.23 X Jop X N
P;
Taking Pin as 100 mW cm the above formula further simplifies to:
rISTF(%) =123 ><]op X Ng

This then corresponds to the Solar-to-Chemical Efficiency (STCE) shown in annex 1. In
annex 1, the formula is taking into account the whole device area (PV cell area), whereas
the upper formula shows the solar-to-chemical efficiency calculation based on unit area, with
current density and irradiance.

Nsrr (%) = Npv,, X Nec = X 100(%)

It is important to realize that in a fully integrated PV-EC system, the solar-to-chemical
efficiency is defined with two variables, the operating current density form the PV cell (Jop)
and the Faradaic efficiency (nr) of the target product, if the measurement is done under
standard illumination AM1.5G. However, it is very important to monitor the operating voltage
(Vop) of the system during operation. As the operating voltage gives crucial indications of
changing overpotentials during long-term operations.

Another crucial KPI here is the photon-to-product yield (%), describing the ratio of moles of
product manufactured to moles of photons (of different wavelenths) coming in. Here the
solar cell configuration also becomes crucial, since in a series-connected triple junction solar
cell, 3 photons form one electron. Likewise, series connected single junction solar cells use
more than one electron to generate an electron that takes part in the electrochemical
reaction.

Other KPIs are, the Faradaic efficiency of the target product (%) and the stability of the
system performance (examples: product generation rate (mL mint), operating voltage (V),
operating current density (mA cm-?), or Faradaic efficiency (%) with time scales of hours,
weeks, months, or years). Here it is crucial to define what is meant by stability as there is
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generally a slow decline in the performance of a system and the decay is highly dependent
on the ageing conditions (stress factors). So, the stability can also be defined based on a
lower limit, such as ‘the time passed under certain ageing conditions until the generation
rate of the product or STC drops down to 80% of its initial value’.

One universal KPI could be the annual yield of a product, meaning the manufactured
kilograms of a certain product per unit area on a certain location on the Earth’s surface, per
year (kg ha* yr?). This then will be location specific, since Pin will be different at different
geographical locations.

Defining a certain area for the total system can be crucial for a fair comparison of efficiencies.
The PV cell area and the geometric area of the electrode surfaces should be distinguished.
In these systems, the lower the current density on the catalyst/electrode surface, the lower
the overpotentials (7o, and ny, ), which leads to an increase in the electrochemical
conversion efficiency for water splitting.>2® But higher crossover is also observed at lower
current densities which could be detrimental to the Faradaic efficiency and, in the end, the
STC. Small-sized solar cells combined with large area catalysts can lead to high efficiencies,
however, this might not be practical in real life, especially when upscaling. It is therefore
important to define the efficiency based on the area that the whole system occupies, thus
not only the area of the PV cells, but PV+EC.

On the catalysis side, the long-term/steady state operation temperature will also be an
important KPI. Further KPIs about catalysis have also been defined in the roadmap
(D3.1/D3.4) and D2.2 such as the degradation of the anodes, the cathodes and the
membranes (% h1), and usage of critical raw materials such as platinum group metals (mg
m-2).

Photosynthetic_devices Photosynthetic devices use only light energy to drive chemical
reactions, emulating the natural process of photosynthesis to produce energy-rich
compounds such as hydrogen or other solar fuels. Despite significant scientific progress,
this emerging field still suffers from a lack of standardized methodologies, which hinders fair
benchmarking and cross-laboratory comparisons.

Initial efforts have focused on establishing key performance metrics, most notably, solar-to-
hydrogen (STH) conversion efficiency and long-term operational stability. However, there is
still considerable variation in how these metrics are defined, measured, and reported. This
variability poses a major challenge to both technology assessment and the acceleration of
innovation cycles. Ongoing initiatives are working to address these gaps by promoting
standardized protocols for device testing, data reporting, and durability assessment,
including:

25, Esiner, R. E. M. Willems, A. Furlan, W. Li, M. M. Wienk and R. A. J. Janssen, J. Mater. Chem. A,2015,3,23936-23945
3S. Licht, B. Wang, S. Mukerji, T. Soga, M. Umeno, H. Tributsch, International Journal of Hydrogen Energy 26(7):653-659
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i) Photoelectrochemical cells (PEC), In PEC devices, the solar-to-chemical (STC) efficiency
is crucial.

To date, no standardization protocols are available for Hz production and other added value
fuels and chemicals (i.e., CH4, CH3OH...)*. It has been pointed out that measurements on
similar materials in different labs lead to different results, which was attributed to a lack of
accepted standards. This action is in progress in IEA “Renewable Hydrogen production”
(RE-H2) activities: the use of standardized screening methods and reporting has emerged
as a necessity.

Presented here are the definitions of various efficiency values. But no standardized reactor
design, no standardized procedures for PEC characterization techniques have been
established. Different types of materials and PEC system design should be studied and
deeply discussed (i.e. material type, single or multiple band gap, tandem configuration,
monolithic wireless or wired, pH, concentration and type of electrolyte, flow or static cells,
concentrated solar light ...). Common system, metrics, best practices and standard
procedures for evaluating the efficiency performance are proposed by researchers in this
field® in for photocatalytic (PC) water splitting® under concentrated solar light irradiation and
more generally in on the solar-to-hydrogen (STH) and key parameters (ABPE, IPCE, STF...)
that evaluate the efficiency of PEC water splitting”’. It has been shown that standard
measurement routines are prone to systematic errors induced by the equipment (e.g., solar
simulators), which can result in an overestimation of the efficiency. A versatile and reliable
measurement system for PEC water splitting which allows to obtain high-quality
electrochemical data, including the STH efficiency is needed for accurate and reproducible
measurement. The table in Annex | lists various characterization parameters used to
determine the efficiency and the comparison of various PEC.

The design and fabrication of the electrodes and the reaction system are challenging, the
successful construction will allow for the convenient evaluation of the photoelectrode without
concerns about the unwanted materials (glue and electrical contacts). The harmonization of
photoelectrochemical efficiency and stability characterization routines between laboratories
from potentiostatic LSV, CV, CA, and CP curves, optical characterization of solar light and
gaseous products quantity measurement and composition lead to difficulties for accurate
guantitative determination of solar fuels.

4 H. Peeters, A. Raes, S. W. Verbruggen, J. Photochem. Photobiol. A: Chem. 2024, 451, 115529.
®S. Nishioka, et al. Nat. Rev. Methods Primers 2023, 3, 42.; T. Takata, et al. Adv. Mater. 2024, 36,
2406848.; H. Y. Chung, et al. Adv. Mater. 2025, 2404956.

® K. Li et al. Front. Energy Res. 13:1550153, 2025

70.J. Alley et al. Front. Energy Res. 2022, 10, 884364.; Z. Chen, et al. J. Mater. Res. 2010, 25, 3.;
S. Cao, et al. Angew. Chem. Int. Ed. 2020, 59, 18312.
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Long-Term Stability Metrics of Photoelectrochemical Water Splitting are addressed in [8].
Stability and durability are assessed by the lifetime of the system to provide constant value
of the photocurrent density under irradiation.
In future applications, Operando techniques into large-scale reactors and the translation of
laboratory-scale findings to industrially relevant systems will require close collaboration
between researchers and industry partners.

Many factors may affect device performance and thus, need to be controlled for a
rigorous assessment of device KPI

The definitions given in paragraph 2 (pp 7-9) need to be carefully applied to be able to draw
exact quantities from the experimental measurements. For instance, the incident power has
to be provided by a calibrated source so as the photon collection area, otherwise Pin would
be wrong. Here is a list of some of the additional factors to be considered: contacting system
(may induce parasitic resistance lowering the energy transfer), temperature, pre-
conditioning of the samples (in some devices, hysteresis effects appear), etc.
Recommendations for KPI assessment

Therefore, to see progress in the field, we recommend conducting Round Robin tests on
“simple” and “stable” devices, in order to shape and validate shared procedures for
performance measurements. The community should follow the steps below:

- define common devices, based on the simplest geometry and the most stable ones

- define light source calibration according PV standards (IEC)

- define product quantification procedure (photocurrents, chromatography...).

Such Round Robin tests enable quantifying the KPI values reproducibility and uncertainty.
They can be reported to propose a consensus in the community on best practices for device
characterization.

The next step focuses on stability. Many stress factors (and their combination) can affect
device lifetime. Device lifetime definition as such is also a notion that needs to be clearly
defined. To do so, practices from the PV field can also be exploited: define common ageing
conditions and the way to report KPI decay over time.

A key characteristic of PEC systems is the integration of light absorption and electrocatalysis
within a single device, which can offer synergistic benefits such as improved reaction
kinetics and efficient thermal management by utilizing thermalized and sub-bandgap
photons.

Key Performance Indicators (KPIs) should encompass energy conversion efficiency,
operational stability and durability, product generation rates, sustainability and overall
economic viability. The adoption of standardized KPIs is of paramount importance for the

8 S. Vanka, et al. Front. Energy Res. 2022, 10, 840140.
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PEC research community, to enabling meaningful comparisons of results obtained by
different research groups, provides clear targets for material and device development, and
facilitates the assessment of technological readiness for upscaling and eventual commercial
deployment.

Given the complexity inherent in PEC systems—which seamlessly integrate light harvesting,
charge carrier separation and transport, and (photo)electrocatalytic reactions at interfaces—
a single KPI is insufficient to capture the overall performance. Instead, a comprehensive
suite of KPIs is necessary to provide a holistic evaluation, diagnose performance
bottlenecks, and guide systematic optimization strategies that address the multi-step nature
of PEC energy conversion. Therefore, here it is provided an elaboration of the most KPIs
relevant to PEC technology, to exemplify the existing scenario.

Despite the recognized need for KPIs, the field of PEC technology currently faces significant
challenges related to universally accepted standards in performance reporting. Recognizing
these challenges, it is needed a coordinated international effort (UIPAC, ISO, etc. and major
R&D consortia like DOE, EU Sunergy community) to establish best practices and
standardized protocols for PEC testing and reporting, aiming to enhance reproducibility and
reliability of data across the research community to be fully accepted.® A recommendation
is enforcing reporting standards in Publications to harmonize PEC KIPs that could be
materialized by the adoption of a PEC “experimental checklist” requiring illumination
calibration, electrode area, reference electrode, iR-compensation, analytical methods
(average values * standard deviation from 23 independent runs) j fabrication reporting and
stability protocols.

Relevant KPI and some recommendations are listed below:

Performance KPIs:

Solar-to-Fuel (STF) Efficiency: one of the most critical parameters for characterizing and
ranking PEC devices directly translates the amount of energy that can be captured from the
photons in the form of fuel.

Use(mA/cm?)| x E(V) x g

STF(%) =
6 P (mW/cm?)

X 100%

» | iIs the short-circuit photocurrent density under illumination.

» E(V) = Ewuermo (V) represents the standard Gibbs free energy change for the fuel
formation (e.g. 2-H20—2-Hz + Oz2). For clarity and consistency, it is recommended to
specify which thermodynamic potential is used, and ideally.

% Chen, Z. et al. (2013). Efficiency Definitions in the Field of PEC. In: Photoelectrochemical Water Splitting.
SpringerBriefs in Energy. Springer, New York, NY. https://doi.org/10.1007/978-1-4614-8298-7_2
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» np is the Faradaic efficiency for the fuel formation, representing the fraction of
electrons contributing to fuel production.
» P, is the power density of the incident solar irradiation.

It is recommended to simulated AM1.5 Global (AM1.5G) solar spectrum with an irradiance
of 100 mW/cmz? is recommended, since different intensities can lead different n; and
Jsc(mA/cm®)| and perform the experiments when possible, with zero external applied bias
(unassisted operation). The photoelectrode and counter electrode should be immersed in
the same electrolyte solution. The electrolyte should not contain any sacrificial redox
species (electron donors or acceptors) or impose a chemical bias (like a pH gradient) that
could artificially inflate performance.

|]phot0 (mA/0m2)| X (E(V) - Vbias(v)) X Ng

X 100%
P (mW/cm?) ’

ABPE (%) =

If the operation is externally assisted, it must be considered in the calculation of STF like
E(V) = Etpemo (V) = Epias (V) and now photocurrent density measured at the applied bias
Vhias and can be defined as Applied Bias Photon-to-Current Efficiency (ABPE). Ideally, the
Vbias Should lower than the Vithermo.

Faraday Efficiency (FE) or Product Selectivity is a measure of the selectivity, in this case,
of a photoelectrochemical process, and is a critical KPI for all PEC reactions. As in other
technologies, it is defined as the ratio of the charge consumed in forming a specific chemical
product to the total charge passed through the cell during the reaction period. Equivalently,
it is the ratio of the actual amount of a substance transformed or produced at an electrode
to the theoretical amount that could be transformed or produced based on the total charge
passed, according to Faraday's laws of electrolysis

FE. (%) = moles of product i formed X n; X F % 100%
! Total charge passed (Q)
or,
Charge used for product i formation

Total charge passed

FE,(%) = X 100%

> niis the number of electrons involved in the formation of one molecule of product i
(e.g., n=2for Hz, n = 2 for CO from CO2, n = 8 for CH. from COx).
» Fis Faraday's constant (96485 C/mol).
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» Q is the total charge passed, which can be obtained by integrating the current over
time (Q = Jidt).

Reliable FE reporting is paramount. Accurate FE determination requires precise
guantification of the specific chemical product(s) generated. This includes detailing the
product quantification methods, providing control experiments (e.g., in the absence of light
or catalyst), reporting error bars derived from multiple independent measurements, and
considering potential product crossover through membranes if present. For early-stage
technologies isotopically labelling experiments must ensure the precedence of the product
produced.

The Faradaic efficiency for each specific product (FEi) of a reaction is also a key KPI. Rations
between specific FE led to selectivity KPI (S = FE1 / FE2) that can help in the development
of more selective systems. The summatory of all products consider as fuels can be

Jop(Alem®) x 3 (FEi x E2(V))

100%
Pin(mW/cm?) T

Nsrc(%) =

Incident Photon-to-Current Efficiency (IPCE) is defined as the ratio of the number of
charge carriers (electrons) collected and contributing to the photocurrent to the number of
incident photons at a specific wavelength of light. Although it does not contemplate the
formation of fuel, it helps to understand the photoelectrode's performance. The IPCE at a
specific wavelength (A) is calculated as:

1240 X J,, (W) (mA/cm?)

IPCEM(%) = A(NM) X Biign (W) (MW/cm?)

X 100%

where:

Jph(A) is the photocurrent density generated at the specific incident wavelength A.

Piight(A) is the power density of the incident monochromatic light at wavelength A.

The factor 1240 arises from fundamental constants (hc/e, where h is Planck's constant, c is
the speed of light, and e is the elementary charge) when wavelength is in nm, current density
in mA/cm?, and power density in mW/cmz2.

IPCE should be measured by irradiating the photoelectrode with monochromatic light of
varying wavelengths, typically using a calibrated light source (e.g., Xenon lamp) coupled
with a monochromator. The resulting photocurrent is measured using a potentiostat, often
at a fixed applied bias (e.g., 1.23 V vs RHE for water oxidation photoanodes, or 0 V vs RHE
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for unbiased measurements). The power density of the monochromatic light at each
wavelength must be carefully calibrated using a certified photodiode. Special care should
be considered for these measurements because of the potential slow charge transfer
dynamics at the semiconductor-electrolyte interface, potential for gradual changes in the
sample's surface composition due to chemical interactions with the electrolyte (especially
under prolonged illumination or bias).

Absorbed Photon-to-Current Efficiency (APCE) refines the IPCE metric by accounting
only for the photons that are actually absorbed by the photoactive material. It is defined as
the ratio of the number of charge carriers collected to the number of absorbed photons at a
specific wavelength. This metric effectively decouples the efficiency of internal
photophysical and electronic processes from optical losses due to reflection and
transmission. APCE (or IQE) provides deeper insight into the intrinsic efficiency of the
photoelectrode material once a photon has been absorbed. APCE can be calculated from
IPCE and the material's optical properties (absorbance, reflectance, transmittance) at the
same wavelength:

ABS(D)

APCE(A, %) = mx

100

where Abs(A) is the fraction of incident photons absorbed by the photoelectrode at
wavelength A.

Stability KPIs: Long-term stability and durability of PEC devices are paramount for their
practical application and commercial viability, yet definitions of stability vary. Here are
introduced KPIs to benchmark the PEC stability.

Operational Lifetime refers to the ability of a PEC device to maintain its key performance
characteristics (such as photocurrent density, energy conversion efficiency, and product
generation rate) above a predefined threshold for an extended duration of operation under
relevant and specified conditions.

o Duration of Stable Operation (t%) is the most common metric. It specifies the time
during which a primary KPI (e.g., photocurrent density or STF efficiency) remains at
or above a certain percentage (commonly 80% (tso%) or 90% (teow)) of its initial value.

e« Turnover Number (TON) for Catalysts: While more commonly applied to molecular
catalysts, TON can be adapted for heterogeneous catalysts on photoelectrodes. It
represents the total moles of product formed per mole of active catalyst sites over the
entire operational lifetime of the catalyst before deactivation.
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o Measurement/Estimation of Active Sites: This is the most challenging
aspect of TON determination and a significant source of uncertainty. Methods
include:

= Estimation from Electrochemically Active Surface Area (ECSA).

= Using specific redox features.

= Assuming all atoms in a known loading of catalyst are active (often
provides a lower-bound estimate of TON if only surface atoms are
active).

= Advanced surface characterization techniques (e.g., chemisorption,
XPS, STM) to probe site density, though these are often ex-situ or
difficult to apply universally.

= Using Spectroelectrochemical techniques.

Degradation Rate quantifies the speed at which the performance of a PEC device or its
components declines over time or operational stress.

Photocurrent Density Loss Rate: Typically reported as the percentage loss of the initial
photocurrent density (jpn) per unit of time.

o Faradaic Efficiency Decay Rate: The percentage loss of the initial Faradaic
efficiency for the desired product per unit of time.

o Overpotential Increase Rate: The increase in the applied potential (overpotential)
required to achieve a benchmark current density per unit of time.

The current lack of standardization in stability testing protocols (e.g., varying light intensity,
electrolyte composition, applied potential, cycling parameters, and definitions of "failure" or
"end-of-life") makes direct comparisons of device longevity reported in the literature
challenging. This variability underscores the need for more uniform testing guidelines.

Auxiliary Metrics:

Technical: Other metrics that benefit from standard definitions include the open-circuit
photovoltage (the photopotential of a photoelectrode under illumination at open circuit),
which relates to the maximum achievable voltage and can be compared if measured vs a
reference electrode under standard light. Also, the fill factor of a PEC device (if measuring
a full device J-V curve like a solar cell) could be reported when relevant. The amount of
catalyst, ionomer, light absorber, and other layers in the PEC are critical and must be
specified. Such as, specific KPIs for the different components of the PEC are critical for
optimization of the individual PEC characteristics. Among other, Mass activity, overpotential
and turn over frequency are KIPs that can help catalyst optimization, and membrane
conductivity for the reduction of ohmic drop are important.
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Economical: While the core KPIs discussed above focus on the technical performance of
PEC devices at the lab scale, their ultimate relevance is often tied to the broader techno-
economic feasibility and environmental impact of the technology when deployed at scale.
Therefore, techno-economic feasibility KPIs needs to be developed, like annual solar fuel
yield considering a combination of technical KPIs like STF, solar insolation, light
concentration factors, operational days, capacity factor, stability, among others.
Environmental: Metrics related to the overall environmental footprint of the produced solar
fuels provide important context for evaluating the environmental impact of the technology.
These metrics are essential for understanding the role of PEC technology in contributing to
decarbonization goals and addressing climate change, compared to fossil fuel-based
production methods. KPIs that describe the carbon footprint associated with the entire
lifecycle of the PEC system and the fuel it produces, particularly those advocating for
negative values, are critical.

Emerging KPI:

PEC devices are still under development and new architecture and working conditions are
emerging. In particular, this is critical when moving beyond idealized lab conditions towards
addressing real-world engineering challenges. It is foreseeing that New KPI could be
introduced to account for them. For instance, while most PEC research has been conducted
at atmospheric pressure, many practical applications for the produced fuels (especially
hydrogen) require them to be delivered at elevated pressures. This has led to an emerging
interest in understanding and quantifying the performance of PEC devices under non-
atmospheric pressure conditions. Understanding pressure effects could be crucial for
designing practical, deployable PEC systems that can integrate with existing fuel
infrastructure. This will necessitate the development and standardization of KPIs specifically
related to performance and stability under pressure conditions.

Biological devices utilise living microorganisms to convert abundant molecules, such as
atmospheric COz2, Nz, flue gas and waste effluents, into solar fuels and chemicals. These
devices show great promise for upgrading waste streams. Depending on the chosen
feedstock, energy source and product, the considered biological technologies can be
divided into four distinct categories: (i) Two primary approaches are emerging in this field:
() Third generation biomass technologies are based on microalgae and cyanobacteria
grown in (waste)water, COz (fuel gas) and sunlight (artificial light), either in open ponds or
photobioreactors, enabling the production of chemicals and fuels through integrated whole-
chain biorefineries; (ii) Solar microbial cell factories (main focus of SUNER-C) aims the
direct production and secretion of targeted fuels and chemicals from sunlight through
engineered microbial cells working in biocatalytic mode; (iii) Power-to-proteins
technologies are based on the growth of bacteria fed with energy-rich and carbon-
containing feedstock; (iv) Gas fermentation, which is the most mature of the biologically-
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driven conversion processes. It provides renewable fuels and chemicals from energy-rich
feedstock molecules, such as Hz and CO (e.g. Steelanol, Ghent).

Standardization efforts in the field of biological devices, both photosynthetic and non-
photosynthetic, are still in a very nascent stage. While some performance metrics and
evaluation practices have been adopted in research, particularly for assessing bioproduction
efficiency, these approaches remain fragmented and often tailored to a specific production
system or technology. As a result, biological devices, ranging from algal photobioreactors to
whole-cell biocatalytic systems and engineered living materials, lack broadly harmonized
protocols for performance evaluation. This limits reproducibility and hinders effective cross-
comparison, especially across interdisciplinary technologies and applications.

To enable more systematic development and fair benchmarking, the community should
focus on establishing a shared framework that addresses three key elements: (i) clearly
defined performance metrics applicable across different systems, (ii) standardized reporting
of cultivation and measurement conditions to ensure transparency and comparability, and
(i) interoperable data formats to facilitate advanced data analysis, including Al-driven
optimization.

The following key performance indicators (KPIs) are proposed as a starting point for
such a framework:

Solar-to-Product Conversion Efficiency (STPE) for Photosynthetic Devices. To
evaluate performance of photosynthetic production systems, it is useful to define the fraction
of incident solar energy that is captured and stored as chemical energy in the product:

AG R
STPE (%) =~~~

where AGs is the Gibbs free energy change of the product formation, Ry is the rate of product
formation, E; is the energy of the incident light, t is the illumination time, A is the total
illumination area. To enable fair comparison across technologies, STPE should be
calculated using the full solar spectrum (e.g., 280—2500 nm) under defined conditions.
However, the spectral absorption characteristics of the biological system must also be
reported, as many photosynthetic organisms utilize only a subset of the spectrum. Light
conditions should reflect organism-specific saturation characteristics, and when possible,
normalization to the absorbed fraction can provide a more accurate representation of system
efficiency.

x 100,

Space-Time Yield (STY) for All Biodevices. STY is a practical metric for comparing
reactor productivity regardless of scale or design:

STY () = —

VRrXt !

where, P is the amount of product, t is the reaction duration, Vr is the reaction volume.
Inclusion of STY in standardized reporting would support comparison across suspension
and immobilized systems.
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Areal Productivity (AP) for Photosynthetic Devices. In photosynthetic systems,
especially immobilized or thin-layer photobioreactors, volumetric productivity is often less
meaningful than surface-based output. Therefore, we suggest the adoption of an aerial
productivity metric analogous to STY, calculated as the mass of the product formed per unit
of illuminated area and time:

AP i) = o
where, P is the amount of product, t is the reaction duration, A is the total illumination area.
Annual Areal Productivity (AAP) for Photosynthetic Devices. This parameter is the
same as AP but calculated per annual yield (kg / ha yr). This metric could support

scalability comparisons by relating output to land or footprint area:

Substrate-to-Product Conversion Efficiency (SPCE). This metric could serve to quantify
how effectively the system converts available carbon or nitrogen sources into the desired
product:

SPCE (%) = x 100,

where, P is the amount of product formed, S is the amount of substrate consumed. It would
be valuable to adopt this KPI especially in systems processing CO., flue gas, or waste
organics.

Operational Stability and Durability (Tso0;). To monitor robustness and system longevity,
it is recommended to standardize degradation-based stability metrics, such as Ts. These
metrics define the time required for system performance to decrease to 50%, respectively,
of its initial value:

Tisy =t | P(t) = 0.5 % Py,
where: P(t) is the measured performance at time t, which could refer to any relevant
operational parameter (e.g., product formation rate in mL/h or umol/h, conversion efficiency
in %, viability or activity measured as photosynthetic yield or oxygen evolution rate); Po is
the initial value of the same performance metric, measured under identical test conditions; t
is the reaction duration.

The community might also benefit from establishing reference (photo)bioreactor setups
that would help to validate emerging protocols and identify critical sources of variability,
along with the adoption of structured metadata for cultivation conditions and data processing
methods.

Biohybrid devices combine synthetic and biological components, utilizing enzymes to
facilitate energy conversion. Research focuses on stabilizing biological components in a
synthetic environment. KPIs involve sustainability of materials and processes (recyclability,
water usage, CRMs etc.) and technical KPIs including: for full bioPEC systems, solar-to-fuel
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efficiency, process and material durability, selectivity etc. (for the full overview of KPIs see
Technical Annex 3 of the roadmap D3.1).

Solar thermochemical devices. Concentrated solar power can supply renewable, high-
temperature heat to drive endothermic chemical reactions, harnessing the full solar
spectrum to store energy in chemical bonds. Among these, metal-oxide redox cycles stand
out as promising routes for solar-driven fuel synthesis. However, progress in both
experimental demonstrations and modeling of solar reactors has been hindered by
inconsistent reporting practices, making it difficult to compare and benchmark different
technologies. To address this, we introduce a set of dimensionless performance metrics—
energy efficiency, extent of conversion, selectivity, and yield—derived from mass and
energy balances. These indicators build on prior work and task-force recommendations from
the EU’s SFERA 11l project on Solar Facilities for the European Research Area.

A typical solar thermochemical reactor features simultaneous inputs of mass (feedstock)
and energy, and outputs of products, residual heat, and unreacted feed. Chemically, it
consumes thermal energy to transform reactants into desired products (see Figure 1). To
evaluate performance independently of system scale or specific chemistry, we define
dimensionless parameters: energy efficiency for the thermal balance, and conversion
extent, selectivity, and yield for the material balance. We also monitor stability—how these
metrics evolve over time—as this directly impacts both capital and operational costs in any
scaled-up fuel production process. As highlighted by Ozin in an opinion piece for
Advanced Science Views (2018), comprehensive reporting of conversion, selectivity,
efficiency, and stability is essential yet rarely complete.

Energy Efficiency. Consider the reactor as a clear boundary enclosing all energy and
material flows. Solar heat input, Q, may arrive directly via concentrated sunlight or
indirectly through a heat-transfer fluid from a solar receiver. Energy losses occur through
radiation, conduction, convection, and unrecovered sensible or latent heat in the products
and reactor materials. In addition to Q, auxiliary work, W,,,—such as pumping,
compression, or gas-separation work—must be supplied. By comparing the useful
chemical energy output to the sum of Q and W..., we obtain the reactor’s energy-
conversion efficiency, a key figure of merit for evaluating and optimizing solar
thermochemical processes.1©

The reactor can perform a continuous or a batch process, or a combination of both. The
energy efficiency is defined as the fraction of the energy input that is available as chemical
energy in the products. It is expressed as,

10 0zin G. (2018), Drop-In Solar Fuels from Carbon Dioxide and Water: Performance Indicators, Advance Science Views,

https://www.advancedsciencenews.com/drop-in- solar-fuels-from-carbon-dioxide-and-water-performance-indicators
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_ QWaste

n=1
ETotal
Where E,, is the total thermal energy supplied to the reactor and Q,, .t IS the heat that
leaves the system to the surroundings unused

Waux is not necessarily an energy consumption taking place within the reactor (e.g., pumping
work for operating at vacuum pressures), however it is work that must be done in order for
the reactor to operate. It should therefore be accounted for in Etotal. Since Etotal is in the form
of heat while Waux is in the form of work, we use instead of Waux the equivalent thermal
energy input Qaux to an archetype heat engine with a heat-to-work efficiency

Waux

Qaux =
Nheat to work

Typically, Nheat-to-work = 0-4. The total energy now includes the heat supplied to the reactor
and the heat converted to auxiliary work, Etotal = Q + Qaux.

Efficiency is rarely defined explicitly because Qwaste is not usually a term that can be
directly measured. Let us look at some common efficiency definitions seen in the literature

and discuss the pros and cons of each. We first consider a definition based around the
second law of thermodynamics,

Z?TOducts niGi _ Z{eedstock niGi
ETotal

where G denotes the Gibbs free energy, i.e., the theoretical maximum work that can be
extracted from the chemicals. Thus, the numerator represents the change in Gibbs free
energy of the process, which is equivalent to the theoretical maximum work that can
potentially be performed by the reverse process. This definition was often used in the
pioneering work of Fletcher on solar-driven processes!!. Fletcher also derived a
theoretical upper bound for this efficiency, given by:

oTH T,
MTma = (1 ‘7) (1-7)

n:

11 Noring, J. E., & Fletcher, E. A. (1982). High temperature solar thermochemical processing—hydrogen and sulfur from hydrogen
sulfide. Energy, 7(8), 651-666.
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Where | is the DNI (Direct Normal Irradiance), C is the solar concentration ratio, Th and T
are the temperatures of the upper and lower thermal reservoirs of an equivalent heat engine,
and o is the Stefan-Boltzmann constant'2. This upper bound results from multiplying of the
maximum solar absorption efficiency of a perfectly insulated blackbody cavity-receiver
(considering only radiation losses), and the Carnot efficiency for the maximum conversion
of heat to work. However, one issue with efficiency equation is that it does not necessarily
relate to the fuels energy in a way that is obvious to the reader. The energy available in a
fuel is usually quantified in terms of its heating value, which leads to an alternative efficiency
definition, given by:

_ Z?roducts TliHVVi _ Z{eedstock nl-HVVl-

ETotal

n

where HHV denotes the higher heating value. Note that lower heating values (LHV) can
also be used, as discussed later. The numerator is equivalent to the enthalpy change of
the reaction. This efficiency definition has a direct relation to the fuel properties.

It is important to note that last equation is a heat-to-heat efficiency and it can have a larger
value than the heat-to-work efficiency. It is bounded by only the first bracketed term of Eq.
(4), which is the maximum absorption efficiency. Thus, while the second law of
thermodynamics places a limit on n according to, only the first law of thermodynamics
places a limit on n according to n calculated using last equation.

Finally, the heating value of the feedstock can be included in E., as an additional input

of thermal energy. For H-O and CO: splitting cycles, the corresponding heating values
are zero. The efficiency is then defined as,

roducts
7 n;HVV;

E Total

n

where the total energy now includes the solar heat supplied to the reactor, the equivalent
heat for auxiliary work, and the heating value in the feedstock. Previous equations are
equivalent if the feedstock itself has no heating value (e.g. H20 or COz2). This definition is
also equivalent to frist, in that it tracks the waste heat released in the process as the
difference between the denominator and numerator. The heat losses can be radiation,
convection, and conduction losses, losses in sensible heat from the products, and waste

12 Eletcher, E. A., & Moen, R. L. (1977). Hydrogen-and oxygen from water. Science, 197(4308), 1050-1056
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heat from the generation of Waux. Thus, last equation can be generally applied to any solar
thermochemical fuel production process.

Higher heating value (HHV) vs. lower heating value (LHV). Some sources use LHV instead
of HHV. If there is hydrogen or hydrocarbons in the products this will lead to lower efficiency
values, and one could argue that HHV is used due to positive bias. HHV does indeed occur
more frequently in the literature, and we are also suggesting its use here as it offers a strict
upper-bound for the useful energy in the fuel in all utilization cases.

Extent of Conversion, Selectivity, and Yield. Extent of conversion, selectivity, and yield
are mass-balance—based performance metrics that—together with energy efficiency—are
among the most critical for evaluating chemical reactors. The extent of conversion quantifies
the fraction of feedstock that is transformed in the reactor, while selectivity measures the
suppression of unwanted side reactions. Yield, defined as the product of conversion and
selectivity, indicates the amount of desired product formed relative to its theoretical
maximum, thus reflecting product purity.

Reporting both conversion and selectivity (or, equivalently, conversion and yield) provides
all the information needed for clear system benchmarking. In contrast, reporting yield alone
leaves ambiguity about how much feedstock was converted versus how selectively it was
converted. These mass-balance parameters also have direct implications for reactor
design—Iinking reactor free volume and flow rates to production rates—and can be used to
identify processes that are unfeasible for large-scale industrial deployment. Despite their
foundational role in chemical engineering, conversion, selectivity, and yield are often omitted
in studies of solar reactors.

Let us begin by defining these performance indicators for a generic chemical reactor, then
illustrate them with examples drawn from the solar fuel production processes we've
discussed. We adopt the conventions established in the classic reactor-engineering texts by
Levenspiel ¥and Scott'4.

Conversion extent. Conversion is always defined with respect to the limiting reactant—the
species fed into the reactor that, under stoichiometric and flow-rate constraints, is completely
consumed. For the simplest reaction,

A-B

13 |evenspiel, O. (2001). Chemical Reaction Engineering 3rd edition John Willey and Sons.
14 Scott, F.H (2006). Elements of chemical reaction engineering. Prentice Hall Profesional.
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there is only one reactant (A), which is thus limiting, and B is the desired product. Figure 3
depicts such a reactor. Conversion,

Ny,0
In a batch reactor one uses initial and final mole counts in place of flow rates. The reactor
performance equation then ties reactor volume and flow rates to conversion extent!3, For
example, if only 10 % conversion is achieved (with perfect selectivity), the feed must be ten
times the desired product rate, and a correspondingly large reactor volume is required—

significantly affecting capital and operational costs.
As well as the desired reaction there can also be undesired reactions, for example,
A+B->C
where A is the reactant, B is the desired product, and C is an undesired product.

Selectivity of the reactor towards species B is defined as the production rate of the desired
product B relative to consumption rate of the feedstock A,

n
Sp(%) = # x 100
A,0 — N4 f

If this side reaction does not proceed at all we would have iB,f = iA,0 —iAf, and a

selectivity of 1. The yield is the amount of desired product formed relative to the maximum
amount of desired product that can be formed, i.e., it is the product of conversion extent
and selectivity,

n
Yy = X,Sp = —L

Na,0
Note then that reporting conversion extent, selectivity, and feed rates offers a complete

description of the chemical transformation in the reactor. However, if the system does not
have an ideal selectivity of S = 1, it is also recommended to report the yield separately.

When reporting on the mass balance for reactor demonstrations it is recommend to report,
- The feedstock flow rates in moles/sec (or kg/sec for biomass).

- The conversion extent of the feedstock in terms of the limiting reactant.

- The selectivity towards the desired product, and the yield.

In trivial cases where the selectivity can be assumed to have a value of one, then the
conversion extent and yield will be equal. In such cases this should be clearly stated in the
results.

Summary of reporting protocols for solar thermochemical devices. The dimensioned

parameters required to describe the reactor system are:
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The reactor volume and free volume.

Mass loading of any catalyst or cycled redox material.

The operating conditions of the reactor (e.g., temperature, pressure, etc.).
The molar/mass flow rates of feedstock into the reactor.

The total heat supply to the reactor, Q (e.g., solar heat, etc.)

Auxiliary work demands, Waux, (€.9., pumping work, inert gas production, etc.)

ogahkwbhE

This information should be sufficient for the study to be reproduced or modelled by other
laboratories. The energy and mass balance performance indicators outlined in the previous
sections allows for the system to be benchmarked. These are:

Conversion extent, selectivity, and energy efficiency, combined with mass flow rates offer a
complete description of the reactor performance, and the performance over time can be
used to gauge stability. For cyclic processes, the benchmarks should use integrals over an
entire cycle as outlined here. Similarly, for continuous processes, time averaged parameters
will be better indicators of performance.

Stability. The reactor’s performance stability can be reported using the same mass and
energy balance performance indicators described above, by giving their values as a function
of time (or cycle # for cyclic processes). In other words, the efficiency (n), conversion extent
(X:) given by, the selectivity Si, and the yield should all be monitored over time to gauge the
stability of the performance. Other stability issues such as degradation or complete failure
of components are much more difficult to report in a consistent way, as there are no scalable
measurements of such faults that can be broadly applied. We therefore restrict our
recommendations to recording the performance indicators over time.

Normalization and legislation. As of today, there is no regulation, standardization, or
legislation for Solar-to-X technology. Therefore, it is necessary to establish a framework that
encompasses these technologies.

The Solar-to-X approach, which seeks to convert solar energy into various fuels and
chemicals, aligns with the broader decarbonization goals of the EU's Green Deal and Fit
for 55 packages. The success of other regulated energy technologies, such as Carbon
Capture!®.16 Utilization, and Storage (CCUS)?'’, photovoltaics (PV)18.19, Hydrogen?°,
batteries?!., Energy storage or Renewable fuels highlights the importance of regulation.

15 https://eur-lex.europa.eu/legal-content/EN/T X T/?2uri=celex%3A32009L.0031

16 https://eur-lex.europa.eu/legal-content/EN/TXT/2uri=CELEX:32003L0087

17 https://eur-lex.europa.eu/legal-content/EN/TXT/2uri=0J:L_202401735

18 https://www.iso.org/es/contents/data/standard/07/42/74269.html?browse=ics

19 https://www.iso.org/standard/67978.html

20 hitps://eur-lex.europa.eu/legal-content/EN/TXT/?uri=uriserv:OJ.L_.2018.328.01.0082.01.ENG&toc=0J:L:2018:328:TOC

2L https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:32023R1542
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CCUS has played a crucial role in creating standardized protocols for carbon management
and energy supply, which could serve as a model for Solar-to-X projects in their efforts to
standardize solar fuel technologies. Since all these technologies involve decarbonization
pathways, benchmarking methodologies, stakeholder engagement, and regulatory
support could be adapted to support the holistic framework envisioned for S2X devices.

4. Conclusions

The standardization of protocols in Solar-to-X (S2X) technologies is a key point but is
necesary a foundational requirement to ensure scientific credibility, cross-laboratory
reproducibility, and technological progress. Despite the remarkable diversity of
approaches—including photocatalysis, photoelectrocatalysis, PV-electrocatalysis, thermal
systems, and biological devices—the absence of harmonized methods, metrics, and
vocabulary continues to hinder fair benchmarking and the acceleration of innovation across
the field.

This deliverable underscores that standardization is essential not only for robust comparison
of device performance but also for aligning research practices with sustainability goals and
facilitating the translation of innovations into commercial and regulatory contexts. Although
several discussion have been performed to define Key Performance Indicators (KPIs) their
widespread adoption remains inconsistent. To address this, a comprehensive and
multidimensional framework is needed, one that integrates scientifically grounded protocols,
shared taxonomies, and interoperable data standards.

The path forward calls for the active implementation of Al-empowered benchmarking
strategies, capable of managing complex data and enabling advanced insights into the
interplay between efficiency, stability, scalability, and sustainability. Moreover, the
integration of techno-economic and social/life cycle assessments will allow a more holistic
understanding of the true impact and viability of different S2X technologies.

Critically, success will depend on the collaborative development and validation of these
protocols with stakeholders across academia, industry, and policy. Open Science practices,
FAIR data principles, and the creation of machine-readable data infrastructures, supported
by ontologies and knowledge graphs, will be instrumental in this transition.

Finally, given the current regulatory vacuum in the S2X domain, it is imperative to align
future standardization efforts with emerging policy frameworks inspired by more mature
clean technologies. Doing so will not only de-risk investment and industrial uptake but also
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ensure that S2X technologies contribute effectively and transparently to the EU's
defossilisation agenda and the broader global sustainability transition.
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ANNEX 1
Table 1. Selected metrics and formulas.
Category Key Metrics Formulas (with multiple approaches)
Efficiency of _ Useful Energy Output 100
Electrolysis (n) m= Energy Input
FE () = ZXnxXF
1 Q
Faradaic Efficiency | where,
(FE) Z =n° of electrons required to produce a given product
n = number of mole of products
F = Faraday constant
Q = Charge released.
|J| FEx,
Jx =
Partial current where
density (Jx) ] = Current passed by the electrode,
A = area of the electrode.
The ratio of the energy input for CO2R to the energy
Electrolyzer content of the resulting products (output/input):
AP )
EEx = ApApplicd X FEx ;
where
Energy Efficienc o .
93(/EEX|) lency AE° = equilibrium full cell potential (AE® = E°cq,/x —
EoWater pxidation)
AEAPPlied = gpplied full cell voltage
FE = average faradaic efficiency for the specific
product.
Current density in operating conditions, measured
Operating current under normalized illumination, as defined by IEC
density (Jop) standards: incident power of 1000 W.m-2 with an
AM1.5G spectrum.
Operating voltage Also under normalized illumination, as voltage is
(Vop) dependent on incident spectrum.
A X X AGr X
Fully- Solar-to-Chemical STCE = Jor 7 r 0
integrated | Efficiency (STCE), s
"ntey iciency ( ) where,
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PV-EC
Devices

Jop = Operating current density

A = Geometric area of the device

n = Faradaic efficiency of the product.
AGs = Free energy change

Pin = Power generated by illumination

Incident Photon-to-
Current Efficiency
(IPCE)

I XhXc

IPCE = ———
eXEXA

where

| = External circuit current value
h = Planck's constant

¢ = Speed of light

e = Charge of a single electron
E: Light power

A: Incident light wavelength

PEC

STCE and IPCE

Defined by Fully-integrated PV-EC Devices

Particulate
systems

Quantum
Efficiency (QY)

x 100

QY (%) (f;:br)

where,

n is the number of electrons involved in the formation
of one molecule of product,

rproduct IS the rate of product formation (mol/s),

@abs is the absorbed photon flux (mol photons/s)

Apparent Quantum
Yield (AQY)

(n X rproduct)

AQY (%) x 100

where,

n is the number of electrons involved in the formation
of one molecule of product,

loroduct IS the rate of product formation (mol/s),

@ is the incident photon flux (mol/s)

Photonic
Efficiency (PE)

(%) = —
n(%) =

r is the reaction rate expressed in mole per unit
volume/surface area and time

g is the net radiation flux reaching the internal surface
of the irradiated window

Solar-to-Hydrogen
(STH) Efficiency

(T2 X AG50)

x 100
(P xA)

STH (%)

Where:
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ruz is the rate of hydrogen evolution (mol/s),
AG®H20 is the Gibbs free energy for water splitting
(237,000 J/mol),

P is the incident solar power (W/m?),

A is the illuminated area (m?).

Solar-to-Fuel (STF)
Efficiency

Tya X AG
STF(%)( ”Z(P > A‘;“e’) x 100

where:

ruel iS the rate of fuel evolution (mol/s),

AG°1el is the Gibbs free energy of formation of the
fuel,

P is the incident solar power (W/m?2),

A is the illuminated area (m?2).

oTH 7L
- (-58)0-
7 < IC) Ty

where,
Thermally . _ _
Integrated | Thermal Efficiency I = direct normal |rrald|ance.
Devices C = Solar concentration ratio,
Tw and TL = Temperatures of the upper and lower
thermal reservoirs of an equivalent heat engine
o = Stefan-Boltzmann constant
AGs X R,
77_ErxtxAme
. where,
light-to-product | =" i cs free energy change
conversion _
efficiency (LPCE) Rp = Rate of prodgct .formapon
Er =Energy of the incident light
Biological t = Reaction duration
devices A = Total illumination area
STY = AT
space-timeyield | Where,
(STY) P = amount of product
T = Reaction duration
VR = Reaction Volume
Biohybrid STCE and IPCE Defined by Fully-integrated PV-EC Devices and
Devices (for PEC) Particulate systems
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Quantum
Efficiency (for
particulate)

Conversion (%)

The ratio of converted reactive rate to input reactive
rate (ie. CO2 Conversion):

Conversion Conversion = M;

nco,

where,

C, = number of carbons in product x,

n, = number of moles of product x produced
nco, = Number of moles of CO: that entered the

system.

Selectivity (%)

o Specific product
Selectiviy = SCon x 100%
XX

Energy intensity

Measured in GJ/tonne or MWh/tonne, represents the
electrical energy needed to produce the target
product.

The duration over which a performance metric (typ.

Stability FE, partial current, or voltage), is retained within a
given interval.
General CAPEX Long-term investments made in the electrolytic
system and plant.
OPEX Regular costs associated with maintaining and
running the plant
The probability that the system will perform its
Reliability intended function adequately for a specified period of

time, or will operate in a defined environment without
failure.

Environmental
sustainability

evaluates the long-term impact of technologies on
natural resources, ecosystem balance, and reduction
of environmental footprints.

Social acceptance

Assesses how well society perceives the benefits and
potential risks of solar fuel technologies, which
influences public opinion, policy support, and market
adoption.

Technological
flexibility

Evaluates the adaptability of innovations to operate
across different environments and integrate with
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existing systems, highlighting their potential for
diverse industrial applications.
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ANNEX 2
Artificial intelligent strategies useful in any domain

1.0 ICT and Digital Transformation Implications

Information and Communication Technology (ICT) and Digital Transformation are Shaping
the future. The ICT encompasses all technologies used for telecommunications, broadcast
media, intelligent building management systems, audiovisual processing and transmission
systems, and network-based control and monitoring functions. Digital Transformation (DT),
on the other hand, refers to the profound changes that digital technology is bringing to
business models, processes and customer experiences. The ICT is the backbone of digital
transformation. It provides the infrastructure and tools that businesses need to innovate and
adapt to the digital age. This includes hardware such as computers and servers, software
applications, and communication networks that facilitate data exchange and connectivity.
All these aspects are also crucial in definition of new Standards.

DT isn't just about adopting new technologies; it's about rethinking how businesses operate
and deliver value to customers. It involves integrating digital technology into all areas of a
business, fundamentally changing the way it functions and interacts with customers.

Benefits of DT are the increasing the efficiency with the use of automations and digital tools
streamline processes, reducing manual effort and increasing productivity. Cloud computing,
for example, allows businesses to dynamically scale resources, optimising costs and
performance. Improvements in the customer experience because the DT enables
personalised and seamless customer interactions. Data analytics provides insights into
customer preferences, allowing companies to tailor their offerings and improve satisfaction.
The Innovation goes by the Digital technologies providing new ways to solve problems and
create value. For example, artificial intelligence and machine learning can uncover patterns
in data that lead to breakthrough products and services.

Businesses are becoming more agile and responsive to market changes. Digital tools
enable rapid prototyping, testing and deployment of new solutions, helping companies stay
competitive. Digital transformation requires a change in mindset and culture. It is true that
employees need to embrace new ways of working and continuous learning. Integrating new
digital technologies with existing systems can be complex and requires careful planning and
execution.

The use of Cloud computing, Data collection and analytics and the concepts of Digital tools
enable rapid prototyping, testing and deployment of new solutions, helping companies stay
competitive, for example, are clear enough aspects to Suner-C partners to take into account
and it became a common spirit in CSA initiatives, to this, the Standardization of protocols
falls also in these contexts.
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1.1 Introduction

When considering the standardisation of protocols, it is important to consider the use of
digital technologies reported above (ICT and DT), which often speed up processes and
achieve meaningful results. In this scenario, Al is gaining a lot of momentum and indeed, is
covering an important role to support for new achievements. In this direction the European
has recently approached to Artificial Intelligence (Al) to help in building a resilient Europe for
the Digital Decade where people and businesses can benefit of Al.

1.2 Atrtificial Intelligence

Artificial Intelligence (Al) is revolutionising the way we live, work and interact with the world.
At its core, Al is the simulation of human intelligence in machines programmed to think and
learn like humans. The technology covers a wide range of applications, from simple
calculators to complex systems capable of performing tasks that typically require human
intelligence.

The journey of Al began in the mid-20th century with the advent of computers. Early Al
research focused on problem solving and symbolic methods. Over the decades, Al has
evolved significantly, driven by advances in computing power, data availability and
algorithmic innovation. Today, Al systems can process vast amounts of data, recognise
patterns and make decisions with remarkable accuracy.

Al can be broadly categorised into three types:

e Narrow Al: Also known as weak Al, this type is designed to perform a specific task,
such as speech recognition or image classification. Examples include virtual
assistants such as Siri and Alexa.

e General Al: Also known as Strong Al, this type aims to perform any intellectual task
that a human can do. It remains a theoretical concept as no such system currently
exists.

e Superintelligent Al: This hypothetical Al surpasses human intelligence in all aspects.
It is the subject of much debate and speculation among researchers and ethicists.

The application of Al is transforming several industries lile healthcare where Al algorithms
are helping to diagnose diseases, personalise treatment plans and predict patient outcomes.
For example, Al-powered imaging tools can detect abnormalities in medical scans with high
accuracy. Finance in which Al systems analyse market trends, detect fraudulent activity and
automate trading processes. Robo-advisors provide personalised investment advice based
on individual financial goals. In the transport context the Al-powered is bring into the
autonomous vehicle’s delivery; it promises to revolutionise transportation by reducing
accidents and improving traffic management. Al is also optimising logistics and supply chain
operations. Customer service with Chatbots and virtual assistants improve the customer
experience by providing instant support and resolving queries efficiently.
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In the Chemistry domain, the Al may automate routine tasks, allowing chemists to focus on
more complex and creative aspects of their work. This increases overall productivity and
speeds up research and development processes. By optimising processes and reducing the
need for trial-and-error experimentation, Al helps to reduce the costs associated with
chemical research and production. This makes it easier to explore innovative solutions. Al
models offer high accuracy in predicting chemical behaviour and properties. This reduces
the likelihood of errors and improves the reliability of experimental results. Al-driven
optimisation leads to more sustainable chemical processes. By identifying efficient reaction
pathways and minimising waste, Al contributes to greener and more environmentally friendly
practices. Innovation Al opens new avenues for innovation in chemistry. It is enabling the
discovery of new compounds and materials that were previously beyond the reach of
traditional methods. This is driving progress in areas such as pharmaceuticals, materials
science and environmental chemistry. Al is a powerful tool that is changing the landscape
of chemistry. Its ability to analyse vast amounts of data, predict outcomes and optimise
processes is bringing numerous benefits, from accelerating drug discovery to improving
sustainability. As Al continues to evolve, its integration into chemistry is likely to lead to even
more groundbreaking advances, making it an indispensable tool for researchers and
industry professionals alike.

Al conduct to important Ethical considerations. The rapid development of Al raises important
ethical questions. Issues such as data privacy, algorithmic bias and the potential for job
displacement need to be carefully considered. Ensuring that Al systems are transparent, fair
and accountable is critical to building trust and maximising their benefits.

The future of Al has immense potential. As Al advances, it is likely to become more
integrated into our daily lives, increasing productivity and enabling new innovations.
However, it is important to navigate this journey responsibly, addressing ethical concerns
and ensuring that Al serves the public good.

In the context of Standardizations of Protocols is not possible to exclude the concrete
benefits coming from applying the Al Models.
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| C

1.2 Artificial Intelligence Details

Artificial Intelligence

Rules-based
Expert Systems

Machine Learning

Neural Nets

Deep
Learning

In general Rule-based approaches, machine learning approaches, and hybrid
approaches represent distinct strategies for developing intelligent systems. Rule-based
systems rely on explicit rules defined by experts, while machine learning systems learn
patterns from data autonomously. Hybrid approaches combine the strengths of both,
offering a more flexible and adaptable solution.

1.2.1 Rule-Based Approaches

Rule-based systems utilize a set of predefined rules to guide decision-making. These rules
are typically encoded as "IF-THEN" statements or decision trees.

They present several advantages like the a) Transparency and Explainability in which the
rules are explicit, making it easier to understand and debug the system; the b) Control and
Customization in which experts can fine-tune the rules for specific domains, leading to
improved accuracy and customizability; and the c) Less Data Dependency, in which less
training data compared to machine learning models ins required.

In the opposite the Rule-based systems present disadvantages like the a) Lack of
Adaptability, because they cannot learn from new data or adapt to changing
environments; The b) Manual Effort where the Rules must be manually created and
maintained, which can be time-consuming and labor-intensive; and finally, ¢) Domain
Expertise, in the sense that hey rely heavily on domain experts to define and refine the
rules. An example of Rule-based system is presented in the Annex (2.1) at the end of this
document.
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1.2.2 Machine Learning Approaches

Machine Learning systems learn patterns and rules from data using algorithms like neural
networks or deep learning.

They present several advantages: like the a) Automatic Learning in which it possible to
learn complex patterns and adapt to new data without explicit programming; the b)
Adaptability and Flexibility is able to handle complex and unstructured data, making them
well-suited for various applications; and finally, Scalability in which can handle large
volumes of data efficiently.

In the opposite the Machine Learning presents disadvantages like the a) Data Dependency
because requires large amounts of labelled data for training; the b) Lack of Interpretability
in which some machine learning models, like neural networks, can be difficult to interpret;
the c¢) Computational Cost because the training machine learning models can be
computationally expensive.

1.2.3 Hybrid Approaches

Hybrid approaches combine the strengths of both rule-based and machine learning
systems. They present several advantages like Flexibility and Adaptability that combine the
transparency of rule-based systems with the learning capabilities of machine learning; the
b) Improved Accuracy, by leveraging both approaches, they can achieve higher accuracy
and robustness; the c¢) Enhanced Interpretability, that provides more interpretable
explanations compared to purely machine learning models.

In the opposite the Hybrid approaches present several disadvantages like the a)
Complexity, implementing and maintaining hybrid systems can be more complex than
either individual approach; the b) Resource Intensive, that requires more resources in
terms of time, effort, and expertise; the Careful Integration in which the two approaches
need to be carefully integrated to ensure optimal performance. Examples:

e Rule-based: A system that uses predefined rules to detect credit card fraud.

e Machine learning: A spam filter that learns to identify spam emails based on patterns
in a large dataset.

e Hybrid: A natural language processing system that uses rule-based parsing for
structured queries and machine learning for handling unstructured text.

1.3 Revolution of LLM

The Large Language Model (LLM) falls into an opportunistic case of Deep Neural Networks
(see Figure 1) with a wide use of Cloud Computing resources and Big Data useful for feeding
the LLM models.
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The LLM revolution is a transformative force in the field of artificial intelligence,
fundamentally changing the way machines understand and generate human language. At
the heart of this revolution is the Transformer architecture, which uses self-attention
mechanisms to process and generate text. This innovative approach allows models to
understand the context and relationships between words more effectively than previous
methods.

LLMs are trained on massive datasets containing a wide range of text sources, from
books and articles to websites and social media posts. This extensive training enables these
models to understand the nuances of language, context and semantics. The sheer scale of
LLMs, with models such as GPT-4 and PaLM 2 using billions or even trillions of parameters,
allows them to capture complex patterns and produce coherent responses.

The possibilities offered by LLMs are vast and varied. In communications, LLMs power
chatbots and virtual assistants that can engage in meaningful conversations, providing
instant support and improving the user experience. In content creation, these models
produce high-quality articles, summaries and creative writing, proving invaluable in
journalism, marketing and entertainment. The education sector benefits from LLMs through
personalised tutoring and interactive learning experiences where they can answer
guestions, explain concepts and provide tailored learning materials. Healthcare is another
area where LLMs are making significant progress. They are assisting with diagnosis,
creating clinical notes and summarising medical research, helping healthcare professionals
to save time and improve the accuracy of patient care. In programming and software
development, LLMs offer code suggestions, debugging assistance and explanations of
complex code, speeding up development processes and increasing productivity.

Despite these opportunities, LLMs also present challenges. Issues such as privacy,
algorithmic bias and the potential to generate false information need to be carefully
managed. Ensuring ethical use and transparency is critical to maximising the benefits of
LLMs.

In conclusion, the LLM revolution is reshaping various industries by improving
communication, content creation, education, healthcare, software development and others.
As these models continue to evolve, they will open up even more opportunities, drive
innovation and improve our interactions with technology. However, in order to realise their
full potential, it is essential to address ethical concerns and ensure responsible use.

The Standardization of protocols falls also in the context of an easy way to exchange a lot
of Data that among the stakeholders and scientists; the Silos effect and closed data formats
should be avoided here.
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ANNEX 3
Machine Learning and SUNER-C in general

1.0 Introduction

The SUNER-C consortium has foreseen new opportunities in adopting Al, considering it
from many points of views. In particular, it is important to understand and exploit the many
novel possibilities offered by Atrtificial Intelligence and related technologies.

1.1 Looking to the Future, SUNER-C and the new Al opportunities: solar energy example

SUNER-C has been aware of the capabilities of coming opportunities bind to Al. Here below
a few examples allow to identify where it is possible to adopt Al algorithms linked to SUNER-
C visionary prospectives, specifically to solar energy exploitations:

« Real-Time Solar Forecasting

Al enhances the accuracy of solar energy predictions by analysing data from
weather satellites, ground sensors, and historical performance. This helps
stabilize the grid, optimize panel positioning, plan maintenance, and manage
energy storage effectively.

e Automated System Adjustments
Al systems can automatically adjust panel angles, inverter settings, and
storage management in real-time to maximize efficiency. This ensures steady
power output even when weather conditions change unexpectedly.
« Site Selection and Pre-Construction Planning

Al helps identify optimal locations for solar farms by analysing geographical
and environmental data. It also aids in pre-construction planning by providing detailed
construction plans and digital twin models tailored to specific site conditions.

« Enhanced Efficiency and Cost Reduction
Al-driven technologies reduce delays, minimize build costs, and improve project
completion times. Throughout the lifecycle of a solar project, Al maximizes energy

output while minimizing operational expenses and risks.

e Smarter Energy Management Systems
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Al creates smarter energy management systems that enhance solar power
production and improve overall efficiency. These systems leverage advanced
algorithms and data-driven insights to optimize energy use and storage.

e Simulators Al based

Real Laboratories in the domain needs a lot of machineries, facilities, and
materials to make them hard to be setup and for sue costly and sometime unfeasible.
The simulative approaches allow to simplify new studies and making them widely
distributed and easily accessible to the scientific community, to this Al offers new
opportunities.

Nowadays, it is quite clear that Al may truly transforming the solar energy industry, making
it more reliable, efficient, and accessible.

1.2 Al Challenges in the SUNER-C needed to be taken into account

For the sake of simplicity, let's consider the aspect of SUNER-C related to solar energy
production and its storage. During the meeting and the hands-on hackathon during the time,
the Consortium identified many benefits of using Al, but also some challenges:

« Data Quality and Availability
Al relies heavily on high-quality data to function effectively. Inconsistent or
incomplete data can lead to inaccurate predictions and suboptimal performance.
To this, Data still reveals an important role even in this new era of new
developments. This aspect should find a specific treatment inside future DMPs.
e Interoperability and Integration
Example, integrating Al systems with existing solar infrastructure can be
complex. Ensuring compatibility between different technologies and platforms is
crucial for seamless operation.
« Regulatory and Policy Constraints
Al in solar energy must navigate various regulatory and policy frameworks,
which can vary significantly by region. Compliance with these regulations can be
challenging and may slow down implementation.
« Ethical and Bias Considerations
Al systems can inadvertently introduce biases based on the data they are
trained on. Ensuring ethical use and minimizing bias is essential to maintain
fairness and reliability.
e Scalability and Deployment Costs
Scaling Al solutions for large solar projects (for production and its storage) can
be expensive. High initial costs and ongoing maintenance expenses can be
barriers to widespread adoption. Here is important to remark that a distributed
approach may be preferred respect to the centralised one; however, what is the
business model here?
e Environmental Impact
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Al systems require significant computational resources, which can lead to
increased energy consumption and environmental strain if not managed properly.

Last two aspects Scalability and Deployment Costs and Environmental Impact brings to
consider in portions of rural areas, as example, to be devoted for this allowing local benefit
for the population (social aspects of the initiative).

Despite these challenges, the potential benefits of Al, example in the case of solar energy
are substantial, and ongoing research and innovation are helping to address these issues.

1.3 Machine Learning Multivariable optimization for the standardisation of protocols
1.3.1. Introduction

In considering the standardisation of protocols the Multivariable optimization approach
represents an important aspect to deal with.

Specifically Multivariable optimization in the chemistry domain involves finding the optimal
conditions for chemical processes by adjusting multiple variables simultaneously. This
approach is crucial for improving efficiency, yield, and cost-effectiveness in chemical
engineering and research.

1.3.2 Key Concepts in Multivariable Optimization

Multivariable optimization is like solving a complex puzzle where each piece represents a
variable, and the picture you're trying to complete is the optimal solution. It's used in various
fields, from engineering to economics, to find the best outcomes in systems with multiple
interacting components.

Objective Function
Constraints

Feasible Region

Gradient

Hessian Matrix

Local vs. Global Optimum
Optimization Algorithms
Lagrange Multipliers
Convexity

Nonlinear Programming (NLP)

The Objective Function is the way for trying to find the best combination of ingredients for a
recipe. The objective function is like the taste score you want to maximize. In multivariable
optimization, this function depends on several variables, such as the quantities of each
ingredient.
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The Constraints are the rules you need to follow. For instance, you might have dietary
restrictions or budget limits. These constraints can be equalities (e.g., the total weight of
ingredients must be 500 grams) or inequalities (e.g., the amount of sugar must be less than
50 grams).

The Feasible Region is the set of all possible combinations of ingredients that satisfy your
constraints. It's like a map showing all the acceptable recipes. The optimal solution must lie
within this region.

The Gradient is a vector that points in the direction of the steepest ascent or descent of the
objective function. If you're hiking up a mountain, the gradient tells you the direction to climb
to reach the peak fastest. In optimization, it helps you find the best solution by indicating
how to adjust your variables. Two possibilities are:

e Newton's Method: Uses the first and second derivatives to find the optimal point. It's
fast but requires the calculation of the Hessian matrix (second-order derivatives),
which can be computationally intensive.

e Quasi-Newton Methods: These approximate the Hessian matrix, reducing
computational complexity. Examples include the Broyden-Fletcher-Goldfarb-Shanno
(BFGS) algorithm.

The Hessian Matrix is a square matrix of second-order partial derivatives. It provides
information about the curvature of the objective function. Imagine you're on a roller coaster;
the Hessian tells you how steep the slopes are and how they change. It's crucial for second-
order optimization methods.

The Local vs. Global Optimum concepts: a local optimum is the best solution within a small
region, like finding the highest hill in your neighbourhood. A global optimum is the best
solution overall, like finding the highest mountain in the world. Multivariable optimization
often involves distinguishing between these to ensure you're not settling for a local peak
when a higher one exists elsewhere.

Optimization Algorithms: there are various algorithms to tackle optimization problems.
Gradient Descent iteratively moves towards the minimum by following the gradient.
Newton's Method uses both the gradient and Hessian to find the optimum more efficiently.
The Simplex Method is used for linear programming problems, navigating the edges of the
feasible region to find the best solution.

Lagrange Multipliers are a technique to handle constraints. Imagine you're trying to
maximize the taste of your recipe while adhering to dietary restrictions. Lagrange multipliers
add extra variables to incorporate these constraints into the objective function, helping you
find the best solution that satisfies all rules.
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A function is Convex if its second derivative is always positive. Convex functions have a
single global minimum, making optimization straightforward. Think of a bowl-shaped curve;
the lowest point is the global minimum, and there's no risk of getting stuck in a local dip.

Nonlinear Programming (NLP) occurs when the objective function or constraints are
nonlinear, specialized techniques like Sequential Quadratic Programming (SQP) or Interior
Point Methods are used. These methods handle the complexity of curves and surfaces that
aren't straight lines, ensuring you find the best solution even in intricate landscapes.

1.3.3 Applications in Chemistry

Considering a specific domain of Chemistry, it is possible to adopt Algorithms for the
following contexts:

1. Reaction Optimization: Adjusting variables to maximize yield or selectivity of a
chemical reaction.

2. Process Optimization: Enhancing overall process efficiency, such as in distillation
or extraction processes.

3. Material Design: Finding optimal compositions and processing conditions for new
materials.

Case 1: Reaction Optimization

In a catalytic reaction, it possible ot optimize the temperature, pressure, and catalyst
concentration to maximize the reaction rate while minimizing by-products. This involves
setting up an objective function that represents the desired outcome and using optimization
algorithms to find the best combination of variables.

In Optimizing a Chemical Reaction, it is necessary to optimize a catalytic reaction to
achieve two conflicting objectives:

1. Maximize the yield of the desired product.
2. Minimize the production cost.

Step-by-Step Process

1. Define Objectives:
° Objective 1: Maximize yield ($3$Y$$).
Objective 2: Minimize cost ($$C$$).

2. ldentify Variables:
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° Temperature ($$T$$).
) Pressure ($$P$3$).
Catalyst concentration ($$C_{cat}$3$).
3. Set Constraints:
° Safety limits for temperature and pressure.
c:AvaiIabiIity of catalyst.
4. Formulate Objective Functions:

o $$Y(T, P, C_{cat})$$:

Yield as a function of temperature, pressure, and catalyst
concentration.

o $$C(T, P, C_{cat})$s$:
Cost as a function of the same variables.
5. Optimization Method:

o Use a multi-objective optimization algorithm like the Weighted Sum Method or
Pareto Front.

6. Weighted Sum Method (A):
o Combine the objectives into a single objective function by assigning weights:
$3$ F(T, P, C{cat}) = wl \cdot Y(T, P, C{cat}) - w2 \cdot C(T, P, C{cat}) $$

where $$w1$$ and $$w_2%$3$ are weights representing the importance of yield and
cost, respectively.

7. Pareto Front Method (B):
Generate a set of non-dominated solutions where no objective can be improved without
worsening another. This gives a range of optimal solutions, allowing you to choose based

on trade-offs.

8. Results:
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After running the optimization algorithm, you might get a Pareto front showing different
combinations of $$T$$, $$P$$, and $$C_{cat}$$ that balance yield and cost.

For example:
- Solution A: High yield, moderate cost.
- Solution B: Moderate yield, low cost.
9. Decision Making:

Choosing the optimal conditions based on your priorities. If yield is more critical, it is
possible to select Solution A. If cost is a major concern, Solution B might be preferable.

10. Visualization:

A Pareto front plot can visually represent the trade-offs between yield and cost, helping
you make informed decisions.

1.3.4 Al and 2. Process Optimization (case 2)

The Suner-C CSA may represent a good example for treating the case 2: Process
Optimization.

Here it is possible to carry out process optimizations, especially for complex processes,
characterized by many steps, in which at each step the most suitable choice (optima soltion
) is adopted. The entire course of analysis and synthesis conducted in SUNER-C, seen as
CSA, has always gone in this direction, always trying to know and evaluate every viable
sustainable solution capable, easily pursued, and aimed at generating profits, necessary for
enterprises.

1.3.5 LLMs and Material Design (case 3): Finding optimal compositions and processing
conditions for new materials.

The Material Finding optimal compositions and processing conditions for new materials can
strongly use the LLMs approach. In particular, the integration of LLMs into the field of
chemistry, particularly materials design, is a ground-breaking development that is changing
the way scientists approach the creation and optimisation of new materials. At the heart of
this revolution is the ability of LLMs to process and analyse vast amounts of data, enabling
them to predict and propose new materials with desired properties.

In materials design, the goal is often to discover or develop materials with specific properties,
such as enhanced strength, conductivity or reactivity. Traditionally, this process has been
labour-intensive and time-consuming, relying heavily on trial and error. However, LLMs, with
their advanced machine learning capabilities, can significantly speed up this process. By
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training on large datasets containing information about existing materials and their
properties, LLMs can identify patterns and relationships that may not be immediately
apparent to human researchers.

One of the key benefits of using LLMs in materials design is their ability to generate
hypotheses about new materials. For example, an LLM can suggest new molecular
structures that are likely to have certain properties, such as high thermal stability or electrical
conductivity. These suggestions can then be tested experimentally, streamlining the
discovery process. This predictive capability is particularly valuable in areas such as energy
storage, where the development of new battery materials can lead to significant
technological advances.

In addition, LLMs can help optimise the chemical reactions used to synthesise new
materials. By analysing data from previous experiments, these models can predict the most
efficient reaction pathways and conditions, reducing the need for extensive experimental
testing. This not only saves time and resources but also leads to more sustainable and
environmentally friendly methods of material synthesis.

The use of LLMs in materials design also extends to materials characterisation. These
models can analyse data from various analytical techniques, such as spectroscopy and
microscopy, to provide detailed insights into the structure and properties of new materials.
This helps researchers understand how different factors influence material performance and
guides further optimisation efforts.

In addition to these practical applications, the integration of LLMs into materials design
encourages a more collaborative and interdisciplinary approach to research. By combining
the expertise of chemists, materials scientists and data scientists, LLMs facilitate the
development of innovative solutions to complex problems. This collaborative environment is
essential to address some of the most pressing challenges in materials science, such as the
development of sustainable materials for energy storage and conversion.

In summary, the application of Large Language Models to materials design represents a
significant leap forward in the field of chemistry. These models improve the efficiency and
effectiveness of materials discovery and optimisation, leading to faster and more sustainable
progress. As LLM technology continues to evolve, its impact on material design is likely to
grow, opening up new opportunities for innovation and discovery in chemistry.

1.5.6 Conclusion

In conclusion, the SUNER-C CSA consortium has broadened its vision to include the
opportunities offered by Al. Finally, it is important to note that the many novel possibilities
offered by Al need to be taken into account in a process where even the education system
is heavily affected by this revolution, not only the scientific one.
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ANNEX 4

Brefly on Al Acts
1.0 Introduction

Following the approach around the GDPR and the Data Space Strategy, the European
Commission has launched another initiative to enable the rapid development of Al models
to build a resilient Europe for the Digital Decade.

Al legislation, such as the EU Artificial Intelligence Act, aims to regulate the development
and deployment of Al technologies. Al Acts typically define what constitutes an Al system,
including machine-based systems that operate with varying degrees of autonomy and may
adapt after deployment. In particular, it describes the risk categorisation, in which Al systems
are categorised according to their level of risk (see Error! Reference source not found.),
for example, high-risk Al systems that could affect health, safety or fundamental rights are
subject to stricter requirements. It prohibits certain Al, such as those that manipulate human
behaviour or exploit vulnerabilities. It ensures transparency and accountability in Al
operations, including clear documentation and explanations of how Al systems make
decisions. Accountability measures ensure that developers and operators are responsible
for compliance. Al Acts pushes to create the compliance and enforcement environment,
where the regulatory bodies are established to monitor, supervise and enforce compliance
with Al regulations. This includes conducting assessments, investigating incidents and
imposing corrective measures. It seeks to support innovation by balancing regulation with
support for innovation, providing a framework for safe experimentation and development,
and allowing for international cooperation, including provisions for international cooperation
to harmonise standards and practices globally.

These elements help to ensure that Al technologies are developed and used responsibly,
protecting individuals and society while fostering innovation.
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ANNEX 5

Glossary of Terms

Al: Artificial Intelligence

AD: Alma Digit

API: Application Program Interface

CC: Common Creative License

CMS: Content Management System

CSA: Coordination and Support Action

DM: Data Management

DMP: Data Management Plan

EU-GDPR: European General Data Protection Regulation
FAIR: Findable, Accessible, Interoperable, Reusable
ICT: Information and Communication Technology

IT: Information Technology

SEOQO: Search Engine Optimization

UU: Utrecht University
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ANNEX 6

Cloud-Based Al Algorithm in the field of NLP used in SUNER-C Automatic EU Project
Similarity Identification
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Introduction

Computation of similarity between texts has been an important method of data
analysis, which can be further used indifferent NLP applications such as
information retrieval, sentiment analysis. The methods presented here below are
based on corpus-based and knowledge-based methods, namely: cosine
similarity using TFIDF vectors, cosine similarity using word embedding, and soft
cosine similarity using word embedding. Among these three, cosine similarity
using tfidf vectors performed best in finding similarities between short news texts.
The similar texts given by the method are easy to interpret and can be directly
used in other information retrieval applications

The "Projects Similarity” system is designed to identify and suggest similar
projects based on textual descriptions and semantic classifications. Lie it is
reported above, it leverages TF-IDF (Term Frequency-Inverse Document
Frequency) for text representation and Cosine Similarity for calculating the
similarity between projects.
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This document provides an in-depth overview of the system's functionality and
explains the underlying mathematical concepts used for similarity computations.

System Objectives

The primary goals of the system are:
1. To discover relationships between projects based on their objectives
and semantic categories.
2. To return the most relevant projects in response to a user query.

3. To ensure reliable and meaningful results by filtering out unrelated
projects based on a similarity threshold.

Workflow Overview

1. Input
The system accepts the following input:

1. Project Name: Queries the database to retrieve the associated details of the
specified project.

Example Input:

* Project Name : "Suner-C"

2. Data Preprocessing
Once the input is obtained, the system processes the data by:

1. Combining Fields: Concatenating the objective and the titles in
euroSciVoc into a single string for analysis.

o Example:

"Mental health treatment using neural modulation. psychiatry dementia sensors"
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2. Vectorizing the Text: Converting the combined string into a numerical
representation using TFIDF.

3. TF-IDF: How It Works
TF-IDF (Term Frequency-Inverse Document Frequency) is a technique used to
transform textual data into numerical vectors. It evaluates the importance of a
word in a document relative to a collection of documents.
Key Components

1. Term Frequency (TF):

Measures how often a term appears in a document.
TF(t, d) = (Number of occurrences of term t in document d) / (Total number of
2. Inverse Document Frequency (IDF):

Measures how unique a term is across all documents.

IDF(t) = log(N / (1 + Number of documents containing term t))

° N : Total number of documents.
° The addition ol 1 prevents division by zero.

3. TF-IDF Score:

Combines TF and IDF to compute the importance of a term in a document.
TF-IDF(t, d) = TF(t, d) x IDF(t)

Why Use TF-IDF?
* e Words that occur frequently in a document but rarely across others (e.g.,
"neural modulation”) will have a high score, highlighting their
. importance.
e Common words (e.g., "the", "and") will have low scores due to their
frequent occurrence in many documents.
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4. Calculating Similarity

After converting the documents into numerical vectors using TF-IDF, the system
computes the Cosine Similarity between the input project and all other projects.

Cosine Similarity: How It Works

Cosine Similarity measures the cosine of the angle between two vectors in a
multi-dimensional space. It

evaluates the similarity in direction rather than magnitude, making it ideal for text
comparisons.

Cosine Similarity = cos(®) = (A - B) / (lIAll |IBII)

Where:

* Aand B : Vectors representing two documents.

. A - B: Dot product of the two vectors.
[|A]| : Magnitude (Euclidean norm) of vector A .
Properties

Cosine Similarity = 1 : The vectors are identical.

Cosine Similarity = 0 : The vectors are orthogonal (no similarity).

* -1 =< Cosine Similarity < 1 : Range of possible values.
Why Use Cosine Similarity?

It normalizes the vectors, making it robust against documents of different
lengths.

* It focuses on the orientation of the vectors rather than their absolute values.
5. Filtering and Sorting

1. Threshold Filtering:

o Projects with a similarity score below a specified threshold
(similarity_threshold , default = 0.3) are excluded to ensure relevance.
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2. Sorting:

° Remaining projects are sorted in descending order based on their similarity scores.

6. Output
The system returns a list of the most similar projects, including:

* ID:  Unique identifier of the project.
* Title: Project title.

* Objective: A brief description of the project.
* EuroSciVoc Categories : Relevant semantic categories.
* Similarity Score: A numerical value (0 to 1) representing the degree of similarity.

Advantages of the System
1. High Relevance:

o Combines textual objectives and semantic categories to deliver accurate
results.

2. Dynamic Threshold:

o Allows users to control the minimum similarity score for filtering results.
3. Scalability:

o Handles thousands of projects efficiently using MongoDB and TF-IDF.
4. Explainability:

° Provides similarity scores, making it clear why certain projects are considered relevant.

Limitations

1. Dependence on Data Quality:
o The system relies on well-defined objectives and semantic categories.

2. Exclusion of Non-Textual Features:
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o Focuses solely on text and does not consider numerical or structural

attributes (e.g., budget, duration).

3. Static Vector Space:

° New projects require preprocessing to be included in the similarity computations.

Conclusion

The "Project Similarity" system offers a robust and scalable solution for identifying
relationships between projects. By leveraging TF-IDF and Cosine Similarity, it
ensures high-quality results that are both relevant and explainable. This makes it
an invaluable tool for researchers, project managers, and decision-makers in
collaborative and competitive environments. Figure 5 shows an example of a
Json Content result coming from Project Similarity APP APIs.
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