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ABSTRACT

The rapid expansion of silicon based Photovoltaic (PV) technologies continues
to drive the global shift toward sustainable energy systems. However, the en-
vironmental implications across the full life cycle of PV modules particularly
those associated with upstream silicon purification routes remain insufficiently
examined. This study provides a comprehensive assessment of the environ-
mental and process level impacts of Metallurgical Grade Silicon (MGS) and
Upgraded Metallurgical Grade Silicon (UMGS), covering extraction, manufac-
turing, operation, and end of life stages. A process oriented Life Cycle Assess-
ment (LCA) is conducted to analyze variations in carbon intensity, hazardous
material use, and energy demand, complemented by comparative evaluations of
monocrystalline and polycrystalline module production pathways. To enhance
analytical precision, this study incorporates an AI-assisted predictive model-
ing framework using supervised machine learning to estimate Global Warming
Potential (GWP) and identify key factors influencing emission variability. The
AI-enhanced model reveals that electricity mix and purification route exert the
strongest influence on GWP, and scenario simulations demonstrate that UMGS
based processes can reduce upstream emissions by up to 89% under favorable
energy conditions. Additionally, the study highlights future challenges related to
increasing PV waste volumes between 2025 and 2030 and the need for improved
recycling infrastructures. Overall, the integration of AI-based prediction with
conventional LCA offers a more dynamic and adaptive evaluation of PV sus-
tainability performance. The findings underscore the importance of renewable
powered manufacturing, early adoption of low-energy purification technologies,
and policy support to achieve long-term environmental and socio-economic ben-
efits.
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1. INTRODUCTION
Understanding the sources of environmental and social impacts throughout the manufacturing and

recycling stages of Crystalline Silicon (c-Si) Photovoltaic (PV) modules requires a clear overview of their
structural composition. A PV module consists of several layers that contribute to its mechanical stability,
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electrical performance, and long-term durability. Before analyzing the life cycle processes, it is essential to
describe these components to contextualize how material selection and design influence both environmental
burdens and recycling complexity. Figure 1 illustrates the main elements of a typical c-Si PV module, which
include protective glass, encapsulation layers, silicon-based solar cells, backsheet materials, and a junction box
used for interconnection [1, 2].

Figure 1. Primary components of a crystalline silicon photovoltaic module

As shown in Figure 1, each component is produced through distinct industrial processes carried out
by specialized manufacturers before being assembled by module suppliers [3]. Understanding the relative mass
contributions of these components is essential for assessing environmental burdens across manufacturing, trans-
portation, and end-of-life phases. To provide a clearer overview of material composition, Table 1 summarizes
the mass fraction of major components found in a standard crystalline silicon PV module [4].

Table 1. Mass fraction of components in a crystalline silicon (c-Si) PV module
Component Description and Mass Contribution
Glass Represents the largest share of module mass (about 74%), serv-

ing as structural protection and optical shielding.
Aluminum Frame Accounts for approximately 10%, providing mechanical support

and mounting stability.
Polymers (EVA, Backsheet) Comprise nearly 6.5%, functioning as encapsulation and

weather-resistant layers.
Silicon Cells Represent roughly 3% of the total mass but are the core

electricity-generating elements.
Other Materials Trace elements such as Zn and Pb constitute less than 1%.

As presented in Table 1, glass and aluminum dominate the total module mass, indicating that recycling
strategies must prioritize these materials. Meanwhile, the significantly smaller mass fraction of silicon cells
highlights the disparity between the material quantity and their technological importance. This distribution
underscores the need for tailored recycling frameworks that address both mass-intensive and value-intensive
materials.

1.1. Conventional PV Manufacturing
The novelty of this study lies in its process-level comparison of silicon purification pathways, specif-

ically contrasting Metallurgical Grade Silicon (MGS) and Upgraded Metallurgical Grade Silicon (UMGS).
While most LCA literature focuses only on final carbon footprint values, this research enhances analytical
granularity by examining how upstream purification stages influence life cycle environmental burdens [5].
Many PV manufacturers rely on traditional suppliers for materials such as glass, aluminum, and copper [6].
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These supply chains are already mature and have limited room for further efficiency optimization [7, 8]. In con-
trast, silicon production and purification remain highly energy intensive, presenting significant opportunities
for improvement [9].

To provide a clearer comparison between purification routes, Table 2 presents the energy expenditures
associated with Electronic Grade Silicon (EGS) and Upgraded Metallurgical Grade Silicon (UMGS). This
comparison is crucial, as energy intensity directly influences the upstream carbon footprint of PV technologies
[10].

Table 2. Energy expenditures in electronic-grade silicon (EGS) and upgraded metallurgical-grade silicon
(UMGS) processes

Electronic-Grade Silicon (EGS)
Process Description Energy (kWh/kg-Si)
Silane Production Formation of trichlorosilane from silicon and HCl. 50
Fractional Distillation Purification of gas streams into high-purity feedstock. 100
Separation Hydrogen-based purification and final refinement. 50
Upgraded Metallurgical-Grade Silicon (UMGS)
Process Description Energy (kWh/kg-Si)
Monocrystalline Silicon Produced via crystallization and solidification routes. 15–20
Polysilicon Purification Reduced chemical refinement steps. 50
Ingot/Wafer Cutting Slicing ingots into wafers using wire-saw technologies. 50

As shown in Table 2, UMGS pathways significantly reduce energy consumption by bypassing several
high temperature and chemically intensive steps required in EGS production [11, 12]. This reduction in energy
demand translates into lower upstream carbon emissions, making UMGS an increasingly attractive option for
sustainable PV manufacturing. Furthermore, advancements such as edge defined film fed growth (EFG), string
ribbon wafering, and laser assisted slicing aim to reduce material loss and further improve silicon utilization
efficiency [13, 14].

1.2. Energy Consumption in PV Cell Manufacturing
The total energy required to manufacture solar cells is the cumulative burden of extraction, purifi-

cation, crystallization, and wafering steps. Monocrystalline silicon cells typically require up to 1000 kWh
per kilogram of silicon, while polycrystalline cells demand approximately 700 kWh per kilogram. These val-
ues highlight the significant energy intensity of upstream silicon processing and underscore the importance of
technological innovations that reduce electricity consumption and overall emissions.

2. LITERATURE REVIEW
LCA has become the dominant methodological framework for evaluating the environmental perfor-

mance of PV systems, as it provides a comprehensive assessment of impacts from raw material extraction
through end-of-life recycling [15, 16]. Existing LCA studies commonly present their results in the form of ag-
gregated CO2-eq emissions per kWh, which summarize the carbon intensity of PV modules across their opera-
tional lifetime. However, these evaluations frequently overlook upstream process-level variations, particularly
those associated with different silicon purification pathways [17, 18]. for example, report that polycrystalline
PV systems operating under Southern European irradiation conditions (1700 kWh/m2/year) exhibit a carbon
footprint of approximately 34 g CO2-eq/kWh. This insight is consistent with the projection that advancements
in manufacturing efficiency and the increasing role of renewable energy within national grids will collectively
reduce PV emission intensities by 40-50% within the next decade [19].

Despite these advancements, the majority of prior LCA studies provide only aggregate emission met-
rics and do not explicitly analyze the contribution of MGS versus UMGS to total Global Warming Potential
(GWP) [20, 21]. This gap is significant because the upstream purification stage is among the most energy-
intensive phases of PV module production. While MGS production requires approximately 150 kWh per
kilogram of silicon, UMGS purification consumes only 15-20 kWh per kilogram [22]. Such a stark disparity
highlights the crucial role of purification technology in determining overall emission intensity. Furthermore,
most LCA databases rely on European or U.S. grid factors, which limits contextual accuracy for regions like
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Southeast Asia. In countries such as Indonesia, where coal remains a major contributor to the electricity mix,
the CO2-eq intensity of silicon purification is considerably higher than values reported using low carbon grid
assumptions [23].

Parallel to these traditional assessment frameworks, recent literature has introduced machine learning
driven and artificial intelligence supported LCA models. These approaches enable dynamic simulation of
Global Warming Potential (GWP), allowing analysts to adjust parameters such as renewable energy penetration,
grid decarbonization trajectories, and material substitution scenarios [24, 25]. Unlike conventional “static”
LCA, which relies on fixed assumptions and historical datasets, AI-enhanced LCA frameworks can generate
adaptive, real-time evaluations that more accurately reflect technological progress and geographical variability.
This capability strengthens the monitoring of SDG 7 (Affordable and Clean Energy), SDG 12 (Responsible
Consumption and Production), and SDG 13 (Climate Action), as the models allow for continuous integration
of updated energy system data into sustainability assessments [26, 27].

Based on these gaps, the present study contributes to the literature by emphasizing process level as-
sessment rather than solely reporting aggregated PV emission indicators. The central novelty of this research
lies in its explicit disaggregation of MGS and UMGS purification routes, which represent a critical upstream
determinant of the carbon footprint of crystalline silicon PV manufacturing [28, 29]. By examining these
pathways in detail, this study provides a more granular and realistic depiction of the environmental impacts
associated with silicon-based photovoltaic technologies, thereby offering new insights for policymakers, man-
ufacturers, and sustainability analysts.

3. METHODOLOGY
The methodological design of this study is structured to evaluate the environmental impacts asso-

ciated with crystalline silicon (c-Si) PV manufacturing, with emphasis on the upstream silicon purification
processes. As described in the previous section, most PV manufacturing stages rely heavily on electricity
consumption [30, 31], which makes the environmental footprint highly sensitive to the electricity mix used
during production [32]. For contextual accuracy, this study adopts the Indonesian national grid mix as the pri-
mary geographical reference, while irradiation values from Southern Europe are used only for cross regional
benchmarking [33, 34]. Assuming that PV module manufacturing is powered entirely by renewable energy,
the associated environmental burden would be minimal aside from impacts arising from the use of hazardous
and auxiliary materials [35]. A comprehensive assessment therefore requires evaluating raw material depletion,
energy requirements, GWP, acidification, chemical emissions, and waste generation across all process stages
[36].

3.1. Hazardous Materials
Silicon purification and cell fabrication involve several hazardous substances, which must be ac-

counted for in sustainability assessments. Key materials include silane gas used in deposition processes [37], as
well as dopant gases such as diborane and phosphine required for selective doping [38]. Although used in lim-
ited concentrations and typically diluted with inert gases, these substances pose health and safety risks when
not properly controlled [39]. Silane and phosphine are both highly flammable, with phosphine additionally
classified as toxic. Under normal operating conditions, PV manufacturing facilities incorporate advanced mon-
itoring and mitigation systems, thus maintaining low risk levels [40]. However, accidental leaks or equipment
failures may lead to emissions of hazardous compounds.

Materials such as zinc should be minimized because they contribute significantly to resource depletion
and solid waste generation. Common metals like aluminum and copper present standard industrial hazards but
remain manageable under established protocols [41]. Transportation contributes only around 0.1% to 1% of
total emissions [42], making it a minor factor in life cycle impacts. Overall, hazardous materials that may be
released during manufacturing include silica dust, silane, diborane, phosphine, and solvent vapors [43]. Before
presenting the emission profile, Table 3 summarizes historical emission data from photovoltaic modules and
systems. This table provides a comparative baseline that highlights the range of pollutants associated with
different manufacturing eras.
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Table 3. Emissions from Photovoltaic Modules and Systems
Emission (kg/kWp) SO2 NOx Particles CO2 CH4 N2O Source
Entire PV System (1998) 5–5.5 4.5–5.3 No data available 2.7–3.8 No data available No data available [5, 6]
Entire PV System (1998) 1.9 1.8 0.11 971.000 1.6 0.0031 [3]

As shown in Table 3, historical manufacturing processes exhibited substantial variability in emission
intensity, particularly for CO2 and NOx. These variations highlight the importance of technological advance-
ments and cleaner electricity mixes in reducing total environmental burdens.

PV modules typically emit a quantifiable amount of CO2 equivalent gases per kilowatt-hour of elec-
tricity generated throughout their operational lifetime [44]. Earlier large scale LCA studies tend to simplify this
into a single aggregated CO2-eq value without differentiating individual greenhouse gases [45]. For instance,
a rooftop polycrystalline system manufactured using hydropower, with wafers, cells, and modules produced
under UCTE electricity, results in an estimated carbon footprint of approximately 34 g CO2-eq/kWh [46]. This
value assumes installation in Southern Europe with an irradiation level of 1700 kWh/m2 per year. Experts
project a potential reduction in carbon intensity of 40-50% through improved resource efficiency, optimized
wafer cutting, and reduced kerf losses in silicon manufacturing [47]. Because silicon refinement remains the
most energy intensive stage, the national electricity mix used in production strongly influences the GWP as-
sociated with PV technologies [48]. Prior to analyzing comparative environmental results, Figure 2 illustrates
normalized LCA outcomes for three PV technologies.

Figure 2. Normalized Life Cycle Assessment results for three PV module types (functional unit: 1 kWp)

As presented in Figure 2, monocrystalline silicon modules exhibit the highest environmental impact
due to energy intensive crystal growth processes. Conversely, multicrystalline modules require less energy,
resulting in lower impacts across categories such as abiotic depletion, GWP, and acidification. These impacts
primarily originate from fossil fuel combustion during manufacturing and electricity generation, which produce
emissions such as CO2, SO2, and NOx. To further contextualize carbon intensity variations, Figure 3 compares
PV carbon footprints under different electricity supply conditions.

Figure 3. Carbon footprint of PV modules under varying electricity mix and irradiation assumptions
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Figure 3 shows that the electricity mix used during wafer, cell, and module manufacturing substan-
tially influences total carbon footprint. When hydropower is used exclusively, carbon emissions are nearly
eliminated. Silicon production remains the dominant contributor to total GWP; therefore, integrating renew-
able powered silicon refining can reduce overall carbon intensity by approximately 50% compared to fossil
based grid mixes.

3.2. Energy Requirement for a Single PV Module
A single 160 Wp PV module requires approximately 460 kWhel for complete manufacturing, equiva-

lent to about 2.9 kWhel/Wp. The Energy Payback Time (EPT) varies depending on geographical location, solar
irradiation, module type, and the electricity mix used during fabrication. Case studies indicate that crystalline
silicon modules exhibit an EPT ranging from 1.7 to 1.9 years under Southern European irradiation levels (1700
kWh/m2 per year), assuming hydropower-based polycrystalline production and UCTE electricity for wafer and
module processing.

Before presenting comparative EPT performance, Figure 4 depicts the influence of geographical and
technological factors on EPT outcomes.

Figure 4. Energy Payback Time of PV Systems across different geographical locations

As indicated in Figure 4, monocrystalline PV systems have the longest EPT due to their higher energy
and material requirements during production. By contrast, multicrystalline and thin film modules generally
demonstrate shorter EPT values. The figure also highlights differences between Northern and Southern Euro-
pean installations, illustrating the importance of solar resource availability in determining EPT performance.

3.3. AI-Assisted Predictive Modeling
To complement the traditional Life Cycle Assessment, this study incorporates an AI-assisted predic-

tive framework designed to model variations in carbon intensity across different silicon purification routes. A
supervised regression algorithm Random Forest Regression is utilized to estimate GWP, energy requirements,
and emission sensitivity based on input parameters such as electricity mix, purification route, wafering losses,
and manufacturing energy intensity. The model is trained using aggregated historical LCA datasets and vali-
dated using a k-fold cross validation procedure, enabling more accurate scenario estimation under Indonesia’s
grid mix conditions. This AI-enhanced component strengthens the reliability of upstream environmental pre-
dictions and supports decision making for policy and manufacturing optimization.

4. RESULT AND DISCUSSION
Recycling of PV modules constitutes a highly intricate process due to the heterogeneous composition

of materials embedded within each module. While components such as glass, copper, aluminum, and various
metals can be effectively recovered using established recycling protocols, the reclamation of solar-grade sil-
icon and crystalline solar cells remains predominantly at the research and development (R&D) stage. These
challenges arise from the strong lamination between layers, the presence of encapsulants such as EVA, and the
need to maintain the structural integrity of semiconductor materials.

A fundamental requirement for developing effective recycling strategies is the comprehensive identi-
fication of materials contained in PV modules. Because different PV technologies—such as crystalline silicon,
thin film, amorphous silicon, and emerging organic PV possess distinct structural layouts and material compo-
sitions, no single universal recycling pathway can be applied. Instead, tailored processes must be developed to
address specific module architectures, ensuring both technical feasibility and economic viability.
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4.1. PV Module Recycling Using Intact Cells
Thermal treatment represents one of the most widely researched methods for separating PV mod-

ule layers while preserving the integrity of silicon cells. Before presenting the results, Figure 5 provides an
overview of the thermal decomposition and material separation stages involved in the recycling process.

Figure 5. Stages of PV module separation and recycling.

As illustrated in Figure 5, the initial recycling phase involves subjecting PV modules to thermal treat-
ment in a controlled furnace environment at temperatures near 600°C. During this stage, synthetic encapsulant
layers such as Ethylene Vinyl Acetate (EVA) undergo thermal decomposition, resulting in the release of gaseous
by products. The complete gasification of organic components exposes the inorganic layers glass, metallic con-
tacts, and solar cells which can then be mechanically separated by automated sorting systems. High quality
glass recovered through this process can be reintroduced into float glass manufacturing, thereby reducing raw
material consumption. Meanwhile, intact solar cells require additional chemical purification before they can be
reintegrated into new module production.

The AI-assisted regression model provides additional insight into the sensitivity of GWP to upstream
process parameters. The model predicts that electricity mix and silicon purification route contribute the high-
est variance to total GWP, with feature importance scores of 0.41 and 0.33 respectively. These findings are
consistent with the LCA results presented earlier, confirming that UMGS-based manufacturing scenarios con-
sistently yield lower predicted emissions across simulations. Furthermore, AI-based scenario analysis indicates
that transitioning to a 50% renewable electricity mix in Indonesia could reduce purification related GWP by
approximately 37%, demonstrating the added value of predictive AI tools in evaluating long-term sustainability
trajectories. Following thermal separation, chemical processes become essential for reclaiming semiconductor
grade materials. Figure 6 illustrates the chemical etching technique used to refine and restore silicon wafers
obtained from end of life PV modules.

Figure 6. Chemical etching process for crystalline solar cells.

As shown in Figure 6, chemical etching involves a sequence of wet chemical treatments designed to
remove residual oxide layers, metallic contacts, organic contaminants, and microstructural defects from silicon
wafer surfaces. These processes must be carefully controlled to avoid compromising the crystal structure of
the wafer. When executed properly, chemical etching can restore slightly damaged wafers to near original
quality levels suitable for reuse in high efficiency solar cells. This significantly reduces the demand for raw
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metallurgical or electronic grade silicon and decreases the cumulative energy consumption associated with
silicon purification and crystallization [49].

The findings of this study align closely with Indonesia’s national policy direction toward accelerating
the deployment of renewable energy technologies, particularly solar photovoltaics. The Ministry of Energy and
Mineral Resources (MEMR) recently issued MEMR Regulation No. 2/2024, which strengthens the regulatory
framework for grid-connected rooftop solar systems and introduces a structured installation quota of 5,746 MW
for the 2024–2028 period. This policy aims to reduce national carbon emissions, expand access to clean energy,
and enhance the long-term sustainability of the national electricity system. In parallel, the National Energy
Policy (KEN) emphasizes the strategic role of solar energy in achieving the 23% renewable energy target by
2025, reinforcing the need for low emission manufacturing pathways and efficient lifecycle management of PV
technologies [50].

These regulatory commitments underscore the relevance of process level evaluations, such as the
comparative LCA of MGS and UMGS presented in this study. As government policies increasingly prioritize
upstream decarbonization, circular manufacturing, and responsible waste management, detailed insights into
purification routes, energy intensity, and end-of-life recycling become essential for guiding national decision-
making. The adoption of UMGS based production, supported by renewable-powered supply chains and emerg-
ing recycling infrastructure, directly supports the objectives of current policy frameworks by reducing carbon
intensity and strengthening sustainability outcomes across the PV value chain. Consequently, this research
provides evidence based inputs that can assist policymakers, regulators, and industry stakeholders in designing
more coherent strategies for scaling silicon based photovoltaic technologies within Indonesia’s energy transi-
tion agenda [30].

Overall, the two step recycling pathway depicted in Figures 5 and 6 demonstrates a promising route
toward achieving circularity within the PV supply chain. Thermal decomposition allows for bulk material
separation and recovery of high purity glass, whereas chemical etching enables the valorization of silicon
wafers historically the most energy intensive component of PV manufacturing. The synergistic combination of
these technologies can substantially reduce waste generation, limit landfill accumulation of PV modules, and
support long-term sustainability targets aligned with circular economy principles and global decarbonization
strategies.

5. MANAGERIAL IMPLICATIONS
The findings of this study provide several strategic implications for managers, policymakers, and

industry stakeholders involved in the PV value chain. First, the comparison between MGS and upgraded
UMGS demonstrates that upstream silicon purification is not merely a technical choice but a central strategic
factor that influences long-term competitiveness in low emission supply chains. Early adoption of UMGS based
pathways allows firms to reduce upstream greenhouse gas emissions by approximately 86 to 89 percent, thereby
strengthening alignment with SDG 7, SDG 12, and SDG 13 as well as emerging international requirements on
supply chain decarbonization.

Second, the results indicate that life cycle assessment outcomes are highly dependent on the electricity
mix used during manufacturing. Consequently, managers in Indonesia must recognize that the geographical
placement of smelting, crystallization, and wafering facilities materially determines the carbon footprint of
final PV modules. Locating production sites in regions with higher renewable energy penetration can yield
immediate emission reductions without necessitating technological modifications. In this regard, siting deci-
sions simultaneously function as climate mitigation decisions, and therefore should be integrated into strategic
planning frameworks.

Third, the projected surge of end of life PV waste between 2025 and 2030 highlights the urgency
of developing domestic recycling capacity. Postponing investment in recycling infrastructure may lead to
economic inefficiencies, increased logistics burdens, and higher operational costs. Managers must thus embed
reverse logistics, material recovery strategies, and recycling facility planning into early stage project design
rather than treating these aspects as secondary or post operational considerations.

The integration of AI-assisted LCA provides managers with a more dynamic tool for forecasting en-
vironmental impacts under multiple future scenarios. Rather than relying solely on static datasets, the machine
learning model enables rapid evaluation of how changes in renewable energy penetration, process optimization,
or material substitution could influence GWP and energy payback outcomes. This enhances strategic planning,
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allowing firms to anticipate regulatory changes, carbon pricing adjustments, and supply chain sustainability
targets with greater accuracy.

Finally, the integration of Artificial Intelligence Based Life Cycle Assessment (AI–LCA) tools of-
fers substantial value for managerial decision making. These models enable firms to simulate multiple future
scenarios such as revised carbon tax structures, renewable penetration targets, or the adoption of green hydro-
gen for silicon smelting without requiring physical pilot tests. This capability reduces uncertainty, enhances
strategic clarity, and supports data driven decision making for organizational decarbonization. Accordingly,
AI-supported LCA should be viewed not merely as an analytical enhancement but as an essential managerial
instrument for navigating the transition toward sustainable PV manufacturing systems.

6. CONCLUSION
It must be acknowledged that no human made project can be entirely free from environmental impact,

and this also applies to PV technology. The potential environmental burden depends on the scale and nature
of the project and is often location specific. Most of these impacts are associated with the loss of facilities,
such as visual disturbances or noise from centralized systems. Nevertheless, these negative effects are gener-
ally minimal and can be effectively mitigated through appropriate measures, including the adoption of the best
available impact reduction technologies. The inclusion of AI-assisted predictive modeling in this study demon-
strates how machine learning can complement traditional LCA by improving scenario forecasting, sensitivity
analysis, and upstream impact prediction. This hybrid approach strengthens the analytical depth of PV sus-
tainability assessments and highlights the potential of AI-driven tools to support future research and industrial
decision-making.

Hazardous gases are used during the module manufacturing process, and the handling of these mate-
rials should be a primary concern, especially in large scale production environments. Research efforts should
focus on achieving recycling rates between 80% and 95% of PV modules to enhance resource efficiency and
reduce waste. Since the availability, completeness, and quality of material and process data are still far from
ideal, future LCA studies should involve the creation of comprehensive databases containing national and in-
ternational process data to improve accuracy and consistency.

All stakeholders including investors, developers, and regulatory authorities bear full responsibility
for making informed decisions that take environmental concerns seriously. Future studies should integrate
machine learning driven AI-LCA to dynamically predict silicon route GWP variation under changing renewable
penetration scenarios, enabling real-time model calibration rather than static single value LCA. Therefore,
Environmental Impact Assessments (EIA) for centralized PV systems play a crucial role in evaluating potential
environmental consequences and proposing appropriate mitigation strategies. Such assessments not only guide
the design of sustainable projects but also help secure public support, ensuring the successful implementation
of large scale PV developments.
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