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ABSTRACT
The development of organic solar cells (OSCs) holds great promise for sustainable energy due to their lightweight, flexibility, and

potential for low-cost production. However, challenges such as material discovery, device optimization, stability, and morpho-

logical control hinder their commercial viability. Recent advances in artificial intelligence (AI) and machine learning (ML) offer

transformative solutions to accelerate progress across these domains. In this article, we focus on how AI techniques facilitate high-

throughput virtual screening of organic materials, optimize fabrication parameters through Bayesian methods, predict long-term

stability, and analyze nanoscale morphology via automated image recognition. By leveraging large datasets and predictive models,

researchers can efficiently narrow down the vast chemical space to identify promising donor and acceptor molecules with

desirable electronic properties, such as optimized highest occupied molecular orbital (HOMO)/lowest unoccupied molecular

orbital (LUMO) levels. AI-driven virtual screening significantly reduces experimental costs and time, guiding synthesis toward

high-potential candidates. Additionally, AI algorithms like Bayesian optimization (BO) streamline the tuning of fabrication

processes, solvent selection, coating speed, and annealing conditions, leading to improved active layer morphology and device

performance with fewer trials. Predictive models based on recurrent neural networks (RNNs) and long short-term memories

(LSTMs) enable the forecasting of degradation mechanisms, informing the design of more durable materials and encapsulation

strategies. Automated convolutional neural networks (CNNs) facilitate detailed morphological analysis, establishing correlations

between nanoscale phase separation and efficiency. Furthermore, explainable AI (XAI) approaches enhance transparency,

enabling researchers to interpret model decisions, identify key features influencing performance, and make targeted improve-

ments. Looking ahead, emerging AI paradigms such as generative models, autonomous laboratories, and digital twins promise to

revolutionize OSC research, accelerating the discovery of high-efficiency, stable, and environmentally sustainable organic photo-

voltaic devices. The integration of AI thus represents a pivotal step toward realizing the full potential of OSCs in renewable energy

applications.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited.
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1 | Introduction

The quest for sustainable and effective energy solutions has
emerged as one of the most pressing scientific and technological
issues of the 21st century [1, 2]. Within the spectrum of renew-
able energy technologies, solar power is particularly notable for
its vast availability and eco-friendliness [3]. Specifically, photo-
voltaic systems have undergone remarkable progress in recent
decades, fueled by breakthroughs in materials and device config-
urations [4, 5]. While conventional silicon-based solar cells have
reached impressive efficiency levels, their production costs and
constraints regarding flexibility and lightweight applications
have prompted the investigation of alternative materials and
innovative designs [1, 6]. Organic solar cells (OSCs) have
emerged as a promising renewable energy technology due to
their potential for lightweight, flexible, and cost-effective photo-
voltaic devices [7]. Over the past decades, significant efforts have
been directed toward enhancing their power conversion effi-
ciency (PCE), stability, and manufacturability [8]. Despite these
advancements, the development of high-performance OSCs
remains a complex challenge, primarily due to the vast and intri-
cate chemical space of organic materials and the multifaceted
nature of device fabrication and operation [7, 9, 10]. Tradition-
ally, the discovery and optimization of suitable donor and accep-
tor materials, as well as device fabrication parameters, relied
heavily on experimental trial-and-error approaches. These meth-
ods, while valuable, are inherently time-consuming, resource-
intensive, and limited in their capacity to explore the enormous
diversity of potential materials and processing conditions
[11, 12].

The core challenge in improving OSC performance lies in identi-
fying optimal combinations of organic materials that can effi-
ciently absorb sunlight, facilitate effective charge separation,
and enable charge transport with minimal recombination. The
efficiency of an OSC is critically dependent on the electronic
properties of the constituent materials, particularly their energy
levels, such as the highest occupied molecular orbital (HOMO)
and lowest unoccupied molecular orbital (LUMO) [13, 14]. Pre-
cise tuning of these energy levels is essential to maximize open-
circuit voltage (Voc) and short-circuit current density (Jsc),
which collectively influence overall efficiency. However, the
sheer number of possible molecular structures and their combi-
nations makes manual screening impractical [15, 16].

In recent years, the advent of artificial intelligence (AI) and
machine learning (ML) techniques has revolutionized the land-
scape of material discovery and device optimization. These
computational approaches, as illustrated in Figure 1, offer pow-
erful tools to navigate the expansive chemical space efficiently,
predict key electronic and morphological properties, and guide
experimental efforts toward the most promising candidates [17,
19, 20]. By leveraging large datasets and sophisticated algorithms,
researchers can perform high-throughput virtual screening to
rapidly identify potential donor and acceptor molecules with
desirable energy levels and absorption characteristics [21, 22].
This virtual screening paradigm allows for the rapid narrowing
down of candidate materials, significantly reducing the time and
cost associated with traditional experimental screening [17, 19].

AI-driven methods excel in modeling complex relationships
between molecular structures and their electronic properties.
Molecular representations such as graphs and simplified molec-
ular-input line-entry system (SMILES) strings serve as input fea-
tures for training predictive models. Once trained on existing
datasets, these models can accurately forecast properties like
HOMO/LUMO energies, maximum absorption wavelength
(λmax), and charge carrier mobility (μ) for novel molecules,
enabling researchers to prioritize candidates for synthesis and
testing [22–24]. Furthermore, AI can incorporate predictive mod-
els based on physical principles, such as the Scharber model, to
estimate the potential efficiency of OSCs based on material
energy levels, thus refining the screening process.

Beyond material selection, AI techniques extend to optimize
device fabrication parameters, which are equally critical for
achieving high performance [25–27]. The active layer morphol-
ogy, which is the layer of an OSC typically consists of a blend of
donor and acceptor materials, influenced by variables such as
solvent choice, coating speed, and annealing conditions, plays a
pivotal role in charge transport and recombination dynamics.
Traditional optimization methods often involve extensive experi-
mental iterations; however, AI-based algorithms like Bayesian
optimization (BO) facilitate systematic and efficient exploration
of multidimensional parameter spaces. BO employs probabilistic
models, such as Gaussian processes (GPs), to predict perfor-
mance outcomes and iteratively suggest the most promising
parameter combinations based on previous experimental data.
This approach accelerates the identification of optimal fabrica-
tion recipes, leading to improved device morphology and
enhanced efficiency with fewer trials [9, 19, 28]. Furthermore,
AI techniques contribute to the understanding and prediction of
long-term stability and degradation mechanisms, which are vital
for commercial viability. By analyzing accelerated aging data
through ML models like recurrent neural networks (RNNs)
and long short-term memory (LSTM) networks, researchers
can forecast device lifetime and identify structural features asso-
ciated with degradation pathways. Such insights guide the design
of more stable organic materials and encapsulation strategies,
ultimately extending the operational lifetime of OSCs.

In this article, we focus on the transformative role of AI techni-
ques in the high-throughput virtual screening of materials for
OSCs. We explore how AI accelerates the discovery of promising
donor and acceptor molecules, optimizes fabrication parameters
through Bayesian methods, predicts device stability, and analyzes
morphological features via advanced image recognition. By
examining these interconnected aspects, we aim to highlight
the significant advancements AI has brought to the field of
OSC research, paving the way toward more efficient, stable,
and commercially viable organic photovoltaic devices.

2 | AI for Materials of OSCs

In this section, we focus on how AI techniques explore high-
throughput virtual screening of materials in OSCs. A significant
hurdle in the development of OSCs is the identification of opti-
mal donor and acceptor material combinations. The efficiency of
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these solar cells is critically influenced by the electronic proper-
ties of the materials, particularly their capacity to absorb light
and facilitate charge separation and transport.

2.1 | The Challenge of Material Selection

The extensive chemical space available for organic materials pre-
sents a formidable challenge for researchers. With millions of
potential organic molecules, the traditional method of synthesiz-
ing and testing each candidate in the laboratory is not only time-
consuming but also resource-intensive. The PCE of an OSC is
defined as [29]:

PCE¼ Jsc ⋅ Voc ⋅ FF
Pin

; ð1Þ

where:

• Jsc is the short-circuit current density expressed in A/m2,

• Voc is the open-circuit voltage expressed in volts,

• FF is the fill factor, which is unitless factor, and

• Pin is the incident solar power expressed in watt.

The challenge lies in maximizing Jsc and Voc, which are directly
influenced by the energy levels of the donor and acceptor mate-
rials. The open-circuit voltage, applied for OSCs [30, 31], can be
approximated by the difference between the HOMO level of the
donor EDonor

HOMO and the LUMO level of the acceptor EAcceptor
LUMO [30]:

Voc ≈
1
e

∣EDonor
HOMO∣ − ∣EAcceptor

LUMO ∣
� �

− ΔV ; ð2Þ

where ΔV accounts for empirical losses expressed in volts, the
energy levels are expressed in joule, and e is the charge of the
electron, which is expressed in coulomb. This equation under-
scores the necessity of selecting materials with appropriate
energy levels to achieve high efficiency. The approximation of
open-circuit voltage assumes that the energy levels of the donor
and acceptor materials are well-aligned to facilitate efficient
charge transfer, which is crucial for optimizing the performance
of OSCs. Additionally, it presumes that the system operates
under ideal conditions, where factors such as temperature and
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FIGURE 1 | Possible advancement of AI in organic solar cell developments [17, 18].
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light intensity are controlled. Equation (2) highlights the impor-
tance of selecting donor and acceptor materials with suitable
energy levels to maximize the open-circuit voltage and, conse-
quently, the overall efficiency of the solar cell.

2.2 | How AI Facilitates Virtual Screening

AI and ML have emerged as transformative tools to tackle this
challenge. Instead of relying solely on physical synthesis,
researchers can utilize ML algorithms to conduct virtual screen-
ings of extensive databases containing millions of potential
organic molecules. This approach significantly accelerates the
identification of promising candidates.

AI models can be trained to predict essential electronic properties
such as HOMO and LUMO energy levels based on molecular
structures. In Table 1, we summarize the key electronic proper-
ties of organic materials that are critical for the performance of
OSCs. Understanding these properties is essential for optimizing
material selection and enhancing solar cell efficiency. This is
accomplished by representing molecules as graphs or using
SMILES strings. The mapping function f can be expressed as [18]:

f “Molecular Structure”ð Þ→ EHOMO;ELUMO; λmax; μf g; ð3Þ

where λmax is the wavelength of maximum absorption expressed
in meters, and μ is the charge carrier mobility expressed in m2/
(sVolts). By training these models on existing datasets, research-
ers can predict the properties of new molecules with high accu-
racy and speed.

2.3 | Impact of AI on Material Selection

The impact of AI in this context is profound. By employing ML
models, researchers can narrow down the search space from
millions of candidates to select a few high-potential molecules
that merit further experimental investigation. This not only con-
serves time but also optimizes resource allocation, allowing
researchers to concentrate on the most promising candidates
for synthesis and testing.

AI-driven approaches can also incorporate various predictive
models, such as random forests or neural networks, to evaluate
the likelihood of achieving high PCE based on the selected mate-
rials. The Scharber model [32], which correlates OSC efficiency
with material energy levels, can be utilized to effectively filter
candidates [32, 33]:

η¼
FF ⋅ Voc ⋅

Z 1

Eg

Φph Eð ÞdE

Ptotal
;

ð4Þ

where η is the efficiency, FF is the fill factor,ΦphðEÞ: is the photon
flux, and the denominator represents the total incident power of
the cell. This model enables researchers to prioritize candidates
that are likely to achieve efficiencies above a specified threshold.

The main advantages can be shown by comparison between
experimental results of OSCmaterials and AI approaches. Table 2
contrasts the advantages and limitations of experimental results
versus AI-predicted outcomes. While experimental methods pro-
vide direct measurements, they are often limited by time and
resources. In contrast, AI predictions allow for rapid exploration
of chemical spaces but may overlook certain complexities inher-
ent in real-world materials. Besides, there are other approaches
included as follows:

• Hybrid approach: This methodology combines the strengths
of both experimental and AI predictions. While it can lead
to high accuracy, it requires careful integration and valida-
tion, which can complicate the process and extend the
timeframe.

• Theoretical calculations: These calculations offer insights
into the fundamental properties of materials based on the-
oretical models. Although they can be cost-effective, they
may rely on simplifying assumptions that do not fully cap-
ture the complexities of real-world materials, leading to
variable accuracy.

• Expert evaluation: This approach utilizes the experience
and intuition of researchers in the field. While it can yield
high accuracy, it is subjective and may introduce bias, mak-
ing it less reliable in some cases.

By comparing these methodologies, researchers can better under-
stand the strengths and weaknesses of each approach, allowing
for more informed decisions in the material selection process for
OSCs. Ultimately, a combination of methods may provide the
most robust pathway to discovering and optimizing new materi-
als for OSC applications. As a result of that, while AI models
significantly enhance the efficiency of material selection for
OSCs, it is crucial to acknowledge their limitations. The predic-
tions made by AI may not always align with experimental results
due to factors such as unaccounted interactions, material imper-
fections, or environmental conditions. Therefore, a balanced
approach that combines AI predictions with experimental vali-
dation is essential for advancing the field of OSCs.

TABLE 1 | Key electronic properties of organic materials for organic solar cells (OSCs).

Property Symbol Relevance to OSC performance

HOMO EHOMO Determines open-circuit voltage (Voc) and influences charge separation
efficiency

LUMO ELUMO Affects Voc and the energy barrier for electron transfer

Maximum absorption wavelength λmax Critical for optimizing light harvesting and overall energy conversion efficiency

Charge carrier mobility μ Essential for efficient charge transport and minimizing recombination losses

4 of 14 International Journal of Energy Research, 2026
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3 | Optimization of OSCs

In this section, we examine the optimization of device fabrica-
tion, focusing on the “Recipe” problem. Even when optimal
materials are identified, the performance of an OSC is signifi-
cantly affected by the fabrication process. The “recipe” for creat-
ing the active layer encompasses numerous variables, including
solvent selection, material concentration, spin-coating speed, and
annealing temperature. Each of these factors can profoundly
influence the morphology of the active layer and, consequently,
the efficiency of the solar cell.

3.1 | The Complexity of Fabrication Parameters

The active layer of an OSC typically consists of a blend of donor
and acceptor materials, and its morphology is vital for achieving
high performance [34]. The performance Pc can be expressed as a
function of multiple parameters [35, 36]:

Pc¼ f c; s;ω; r;Ta; tað Þ; ð5Þ

where:

• c is the concentration of the active materials,

• s is the solvent type,

• ω is the spin-coating speed,

• r is the film thickness,

• Ta is the annealing temperature, and

• ta is the annealing time.

Table 3 outlines the key fabrication parameters that influence the
performance of OSCs. Each parameter is described along with its
impact on the performance, emphasizing the importance of opti-
mizing these variables to achieve high efficiency. The interaction
between these parameters can lead to significantly different
morphologies and efficiencies.

Optimizing these parameters is crucial for achieving the desired
morphology that maximizes charge transport and minimizes
recombination losses.

3.2 | How AI Assists With Optimization

To address the complexity of optimizing these fabrication param-
eters, researchers utilize BO, a powerful AI technique adept at
optimizing multivariable processes. BO employs a probabilistic
model to predict the performance of various parameter combina-
tions and iteratively refines its predictions based on experimental
outcomes. The Bayesian model employs a GP as a surrogate for
the objective function, enabling researchers to estimate the mean
μðxÞ: and variance σ2ðxÞ : of the performance [37, 38]:

Pc xð Þ ∼ GP μ xð Þ; k x; x0ð Þð Þ; ð6Þ

TABLE 2 | Comparison of methodologies for material selection in organic solar cells.

Methodology Advantages Limitations Typical timeframe Cost implications Accuracy level

Experimental
results

Direct measurement of
material properties

Time-consuming and
resource-intensive

Weeks to months High (materials and
labor costs)

High (if well-
controlled)

AI-predicted
outcomes

Rapid screening of
extensive chemical

spaces

May overlook complex
interactions

Days to weeks Low (computational
resources)

Variable (depends
on model)

Hybrid
approach

Leverages strengths of
both experimental and AI

methods

Requires careful
integration and

validation

Variable (scope-
dependent)

Moderate (combined
costs)

High (if properly
validated)

Theoretical
calculations

Insight into fundamental
properties

Relies on simplifying
assumptions

Variable
(complexity-
dependent)

Low to moderate
(software tools)

Variable (model
fidelity)

Expert
evaluation

Utilizes domain expertise Subjective, potential for
bias

Variable Moderate
(consultation fees)

High (if expert is
informed)

TABLE 3 | Key fabrication parameters influencing organic solar cell

(OSC) performance.

Parameter Symbol Impact on performance

Concentration c Optimizes charge transport and
affects blend morphology

Solvent type s Determines film formation and
influences morphology

Spin-coating speed ω Affects film thickness and
uniformity, impacting charge

extraction

Film thickness r Influences light absorption and
charge transport efficiency

Annealing
temperature

Ta Enhances crystallinity, affecting
charge mobility and morphology

Annealing time ta Impacts stability and
morphology, influencing overall

device performance
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where kðx; x0Þ : is the covariance function. The GP provides a
flexible framework for modeling the underlying function that
connects fabrication parameters to performance.

3.3 | Acquisition Function for Sampling

To determine the next set of parameters to test, the AI utilizes an
acquisition function, such as Expected Improvement (EI), which
quantifies the potential benefit of sampling a new point [39–41]:

EI xð Þ ¼ E max f xð Þ − f xþð Þ; 0ð Þ½ �; ð7Þ

where f ðxþÞ : represents the best observed performance to date.
This approach allows the AI to balance exploration (testing new
areas of parameter space) and exploitation (refining good known
areas).

3.4 | Impact on Efficiency and Morphology

The implementation of AI-driven BO has a significant impact on
the optimization of OSC fabrication. By systematically exploring
the parameter space, researchers can identify the optimal
“recipe” that results in the best morphology and performance,
requiring significantly fewer experimental trials compared to tra-
ditional methods.

For instance, AI can recommend specific combinations of solvent
types and spin-coating speeds that lead to optimal domain sizes,
thereby enhancing charge transport and minimizing recombina-
tion. This optimization process not only accelerates the develop-
ment of high-efficiency OSCs but also reduces the overall costs
and time associated with the fabrication process. Consequently,
the integration of AI in the optimization of device fabrication for
OSCs addresses the intricate interplay of variables that influence
performance. By leveraging BO, researchers can efficiently navi-
gate the parameter space, leading to the development of high-
performance OSCs. Table 4 compares traditional optimization
methods with AI-driven approaches. While traditional methods
provide direct experimental results, they are often time-consum-
ing and resource-intensive. In contrast, AI-driven optimization
allows for rapid exploration of the parameter space, leading to
significant efficiency improvements. However, it requires initial
data for effective model training, and integrating AI with tradi-
tional methods can introduce complexity.

By understanding the implications of these AI techniques,
researchers can better navigate the optimization process for

OSC fabrication, leveraging both traditional and AI-driven
approaches to enhance the performance of OSCs.

4 | AI and Stability of Solar Cells

In this section, we explore the prediction of long-term stability
and degradation in OSCs. A significant challenge hindering the
commercialization of OSCs is their long-term stability. Organic
materials are inherently vulnerable to environmental factors
such as oxygen, moisture, and heat, which can lead to degrada-
tion over time. We will examine how AI can be utilized to predict
the long-term stability and degradation mechanisms of OSCs.

4.1 | Understanding Degradation Mechanisms

The degradation of OSCs is typically characterized by a multi-
phase process, which includes an initial “burn-in” phase, fol-
lowed by a steady-state degradation phase. Table 5 outlines the
key factors that influence the degradation of OSCs. Each factor is
described along with its impact on the stability of the solar cells.
Understanding these factors is crucial for developing strategies to
enhance the longevity of OSCs. The normalized PCE over time t
can be modeled as follows [35, 42]:

ηn tð Þ ¼ Abiexp −kbitð Þ þ 1 − Abið Þexp −kstð Þ; ð8Þ

where:

• Abi is the amplitude of the burn-in phase,

• kbi is the rate constant for the burn-in phase, and

TABLE 4 | Comparison of optimization approaches for organic solar cell (OSC) fabrication.

Approach Advantages Limitations
Efficiency improvement

potential

Traditional
optimization

Provides direct experimental results Time-consuming and resource-
intensive

Low to moderate

AI-driven
optimization

Enables rapid exploration of
parameter space

Requires initial data for model
training

High

Hybrid approach Leverages strengths of both
traditional and AI methods

Complexity in integration and
validation

Moderate to high

TABLE 5 | Key factors influencing degradation in organic solar cells

(OSCs).

Factor Impact on stability

Oxygen exposure Leads to oxidation of organic materials,
compromising performance

Moisture content Affects the integrity of the active layer,
potentially causing delamination

Temperature Influences reaction rates and material
stability, affecting longevity

Light intensity Accelerates photodegradation processes,
reducing efficiency over time

Chemical structure Determines susceptibility to degradation,
influencing overall stability
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• ks is the steady-state degradation rate.

The challenge lies in accurately predicting the values of kbi and ks
based on the chemical structure of the materials and the envi-
ronmental conditions they are exposed to.

4.2 | How AI Analyzes Accelerated Aging Data

AI models, particularly RNNs and LSTM networks, are effective
in analyzing accelerated aging data to forecast how OSCs will
perform over extended periods. These models consider various
factors such as temperature T, humidity RH, and light intensity I
to estimate the degradation rate k via defined by statistical dis-
tributions functions as [43, 44]:

k ¼ A ⋅ Iα ⋅ exp
−Ea

kBT

� �
⋅ f RHð Þ; ð9Þ

where:

• Ea is the activation energy for degradation,

• kB is the Boltzmann constant, and

• f(RH) is a function that describes the effect of humidity on
degradation.

By training on historical data from accelerated aging experi-
ments, AI can uncover patterns and correlations that may not
be evident through traditional analytical methods.

4.3 | Impact on Material Design

The ability to predict degradation rates has profound implica-
tions for designing more durable organic materials. By identify-
ing structural features that correlate with high degradation rates,
researchers can modify chemical structures to enhance stability.
For instance, AI can assist in designing molecules that are less
prone to oxidation or that exhibit improved thermal stability.

Furthermore, AI can optimize encapsulation strategies by simu-
lating interactions between the organic layer and barrier materi-
als. AI-driven simulations can guide the selection of
encapsulation materials and designs that minimize moisture
ingress, thereby prolonging the operational lifetime of OSCs.

As a result of that, the integration of AI in predicting long-term
stability and degradation mechanisms in OSCs represents a sig-
nificant advancement in the field. By leveraging ML models to
analyze accelerated aging data, researchers can design more
robust organic materials and optimize encapsulation strategies,
ultimately enhancing the commercial viability of OSCs.

On the other hand, there are limitations of accelerated aging
datasets in the field of OSCs. Table 6 highlights the limitations
of accelerated aging datasets when predicting the real operational
lifetimes of OSCs.

The discrepancies between laboratory conditions and real-world
environments can lead to inaccurate predictions of performance.
Additionally, the short duration of accelerated aging tests may

not capture long-term degradation trends, and simplified testing
conditions can overlook critical environmental factors that affect
stability. Material variability and the lack of real-time operational
data further complicate the ability to make reliable predictions.

By recognizing these limitations, researchers can better interpret
the results of accelerated aging studies and develop more effec-
tive strategies for improving the stability and longevity of OSCs in
real-world applications.

5 | Image Analysis of OSCs

In this section, we demonstrate the use of automated image anal-
ysis of morphology through convolutional neural networks
(CNNs), as illustrated in Figure 2. The efficiency of an OSC is
closely related to its morphology, which refers to the microscopic
arrangement of donor and acceptor materials at the nanoscale.
Understanding and quantifying this morphology are essential for
optimizing device performance. We will explore how AI, specifi-
cally CNNs, can be utilized for automated image analysis of OSC
morphology.

5.1 | The Importance of Morphology in OSC
Performance

The morphology of the active layer in an OSC determines the
pathways for charge transport and the efficiency of exciton dis-
sociation. The relationship between morphology and perfor-
mance can be complex, as the size and distribution of domains
affect charge carrier mobility and recombination rates, which are
related to the definition of the current density J [47, 48].

If morphology is poorly optimized, the mobility μ can drop sig-
nificantly, leading to reduced current density and overall
efficiency.

TABLE 6 | Limitations of accelerated aging datasets in predicting real

operational lifetimes of organic solar cells (OSCs).

Limitation Impact on predictions

Environmental
variability

Laboratory conditions may not
replicate real-world environments,
leading to inaccurate performance

forecasts

Short testing duration Limited duration of tests fails to
capture long-term degradation trends,

compromising reliability

Simplified conditions Exclusion of critical environmental
factors (e.g., pollution) can result in
overly optimistic lifetime estimates

Material variability Variations in material batches can
affect results, reducing reproducibility

and data reliability

Lack of real-time data Insufficient access to real-time
operational data limits the accuracy of

predictions regarding long-term
performance
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5.2 | How AI Facilitates Image Analysis

Historically, the analysis of images obtained from electron micro-
scopes (TEM/SEM) or atomic force microscopy (AFM) has relied
heavily on manual and subjective interpretation. However, the
introduction of AI has enabled researchers to employ CNNs for
automated image analysis. CNNs are particularly effective for
image recognition tasks due to their capacity to learn hierarchical
features directly from raw pixel data.

The architecture of a CNN comprises several layers, including
convolutional layers, pooling layers, and fully connected layers
[49, 50]. The convolution operation [51, 52] is fundamental to the
functioning of CNNs [45, 46]. In addition, CNN methods are
applied for discrete 2D images with its convolution operation
[53, 54]. This convolution operation enables the CNN to extract
critical features from the images, such as domain size, crystallin-
ity, and phase separation. By automating this analysis, AI signifi-
cantly enhances the efficiency and accuracy of image
interpretation, allowing researchers to focus on more complex

analyses and interpretations of the morphological characteristics
of materials.

5.3 | Impact: From Image Features to Performance
Prediction

AI can quantify complex patterns in microscopy images that are
often invisible or too tedious for human analysis [55, 56]. By seg-
menting the image into donor-rich, acceptor-rich, and mixed
phases, the CNN can calculate important morphological metrics
such as the interfacial area Sint and the tortuosity τ of the charge
transport pathways. In such cases, the correlation function CðrÞ:

[55, 56] can be used for solving the problems related to complex
patterns of the microscopy images. The correlation function can be
calculated to analyze the spatial distribution of the phases [57, 58].

As a result of that, the application of AI-driven automated image
analysis represents a significant advancement in the characteri-
zation of OSC morphology. By leveraging CNNs, researchers can
quantify complex morphological features and establish direct

Automated image analysis of OSC morphology
using CNNs

Original morphologyTEM / AFM image

Convolutional neural network (CNN)

Convolution

Feature extraction and segmentation

Domain size x Interfacial area Sint 

MLP
regression

Predicted fill factor (FF)

Current density (J)

Morphological parameters
{x, Sint, τ}

Tortuosity τ 

Donor phase

Machine learning model Performance prediction

Acceptor phase Mixed phase

Pooling Fully connected layers

FIGURE 2 | Understanding OSC morphology and predicting performance use of AI image analysis of the variables and parameters [45, 46].
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correlations with device performance, ultimately leading to the
design of more efficient OSCs.

6 | Explainable AI (XAI) Approaches in OSCs

In this section, we explore the role of XAI approaches in the field
of OSCs. As the demand for interpretability in materials infor-
matics grows, understanding the decision-making processes of AI
models becomes crucial for researchers and practitioners. Recent
developments in interpretable ML models are paving the way for
more transparent material discovery and process optimization in
OSCs. We will discuss three key aspects of XAI in this context: the
importance of interpretability [59, 60], recent advancements in
interpretable ML models [61, 62], and practical applications of
XAI in OSCs [19, 63].

6.1 | Importance of Interpretability in OSCs

The significance of interpretability in the context of OSCs cannot
be overstated. As AI models are increasingly employed to predict
material properties and optimize fabrication processes, stake-
holders require insights into how these models arrive at their
conclusions. Interpretability fosters trust in AI systems, enabling
researchers to validate predictions and make informed decisions
based on model outputs [64, 65].

In the realm of OSCs, understanding the relationships between
material structures, fabrication parameters, and performance
metrics is essential for guiding experimental efforts. By employ-
ing interpretable models, researchers can identify key features
that influence OSC efficiency, leading to more targeted material
design and process optimization. Furthermore, interpretability
aids in uncovering the underlying mechanisms of degradation
and stability, which are critical for enhancing the longevity
of OSCs.

6.2 | Recent Advancements in Interpretable ML
Models

Recent advancements in interpretable ML models have signifi-
cantly impacted the field of OSCs. Techniques such as SHapley
Additive exPlanations (SHAP) and Local Interpretable Model-
agnostic Explanations (LIME) have emerged as powerful tools
for understanding model predictions. These methods provide
insights into feature importance and allow researchers to visual-
ize how individual features contribute to the overall predictions
made by complex models [66, 67].

For instance, SHAP values can be used to quantify the contribu-
tion of each input feature to the predicted performance of an
OSC. By analyzing these values, researchers can identify which
material properties or fabrication parameters are most influential
in determining efficiency. Similarly, LIME can help explain indi-
vidual predictions by approximating the model locally with a
simpler, interpretable model, thus providing insights into the
decision-making process of more complex algorithms.

Additionally, recent studies have focused on developing inher-
ently interpretable models, such as decision trees and rule-based
classifiers, which offer transparency without sacrificing

predictive power. These models can be particularly useful in
the early stages of material discovery, allowing researchers to
quickly assess the impact of various features on the OSC
performance.

6.3 | Practical Applications of XAI in OSCs

The practical applications of XAI in OSCs are diverse and impact-
ful. One prominent application is in the optimization of material
selection, where interpretable models can guide researchers in
identifying promising candidates based on their structural fea-
tures and predicted performance. By understanding the relation-
ships between these features, researchers can make more
informed decisions about which materials to synthesize and test.

Another application lies in the optimization of fabrication pro-
cesses. XAI approaches can help elucidate the effects of various
processing parameters on the OSC performance, enabling
researchers to fine-tune their methods for improved efficiency.
For example, by interpreting the results of an interpretable
model, researchers can determine the optimal spin-coating speed
or annealing temperature that maximizes charge transport and
minimizes degradation.

Furthermore, XAI can play a crucial role in understanding the
degradation mechanisms of OSCs. By analyzing the contribu-
tions of different features to the predicted stability of a material,
researchers can identify structural vulnerabilities and develop
strategies to enhance durability. This knowledge is vital for
designing OSCs that can withstand environmental stressors
over extended periods.

As a result of that, the integration of XAI approaches in the study
of OSCs represents a significant advancement in materials infor-
matics. By prioritizing interpretability, researchers can gain valu-
able insights into material discovery and process optimization,
ultimately leading to the development of more efficient and
robust OSCs.

7 | Future Perspectives of AI in OSC Development
and Sustainability

In this section, we examine the future perspectives of AI in the
development and sustainability of OSCs. The rapid advancement
of AI and related computational technologies has the potential to
fundamentally reshape the discovery and optimization processes
for OSCs, leading to the creation of more efficient, stable, and
sustainable photovoltaic devices [68–71]. Several emerging
trends are expected to play a pivotal role in defining the future
landscape of OSC research. These trends are as follows:

• Generative AI for novel material design: Generative AI
models, such as generative adversarial networks (GANs)
and variational autoencoders (VAEs), are increasingly
being employed to design innovative organic molecules
with tailored electronic properties. These models can pro-
duce extensive libraries of candidate donor and acceptor
materials that meet specific criteria, including optimal
HOMO-LUMO levels, absorption spectra, and stability
characteristics, thereby extending beyond existing chemical
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databases. By integrating generative AI with high-through-
put virtual screening techniques, researchers can accelerate
the identification of promising materials that may be over-
looked by conventional methods, thus expanding the chem-
ical space available for OSC development [57, 71].

• Active learning and autonomous laboratories: Active learn-
ing strategies, which involve AI models iteratively selecting
the most informative experiments to conduct, are trans-
forming experimental workflows. When combined with
autonomous laboratories equipped with robotic synthesis
and characterization capabilities, these strategies enable
closed-loop experimentation. In such systems, AI models
propose candidate materials or processing conditions, auto-
mated systems carry out the experiments, and the resulting
data are fed back into the models for ongoing refinement.
This self-optimizing cycle can significantly reduce the time
and resources required for material discovery and device
optimization, facilitating rapid advancements toward
high-performance OSCs [24, 71].

• Closed-loop optimization and digital twins: The integration
of digital twins virtual, physics-informed models that simu-
late the behavior of real-worldOSC devices enables real-time
optimization and monitoring. By combining AI-driven pre-
dictive models with physical simulations, researchers can
conduct virtual experiments to predict device performance,
stability, and degradation pathways under various condi-
tions. Closed-loop systems that utilize digital twins allow
for dynamic optimization of fabrication parameters, opera-
tional conditions, and encapsulation strategies, ensuring
that improvements are both targeted and sustainable [9, 69].

• Enhancing sustainability and environmental impact: As the
field progresses, there is an increasing emphasis on sustain-
ability, recyclability, and life cycle considerations in the
development of AI-enabled OSCs [72]. Future research is
expected to prioritize the design of organic materials with
reduced environmental footprints, including bio-based or
easily recyclable compounds. AI can aid in identifying
materials that are not only efficient but also environmen-
tally benign and conducive to recycling processes [73, 74].
Additionally, integrating life cycle assessment (LCA) with
AI models can evaluate the environmental impacts of vari-
ous material choices and manufacturing methods, directing
the development of eco-friendly OSCs [72, 75].

• Sustainability and life cycle considerations: Ensuring the
environmental sustainability of OSCs requires addressing
recyclability, biodegradability, and end-of-life management.
AI-enabled design strategies aim to develop organic materi-
als that maintain high performance while being more ame-
nable to recycling or safe degradation after their operational
lifespan. Furthermore, AI can optimize fabrication pro-
cesses to minimize waste, reduce energy consumption,
and limit the use of hazardous solvents, aligning OSC devel-
opment with circular economy principles. By incorporating
sustainability metrics into ML models, the field can priori-
tize environmentally compatible materials and manufactur-
ing techniques, ultimately reducing the ecological footprint
of organic photovoltaics [72, 76, 77].

• Future challenges and opportunities: Despite the promising
nature of these emerging trends, several challenges remain.
The development of accurate, large-scale datasets for train-
ing AI models, particularly concerning stability and degra-
dation, is critical. Additionally, integrating multiscale
models that combine molecular-level insights with device-
level performance continues to be a complex challenge.
Ethical considerations related to resource utilization, data
sharing, and transparency in AI decision-making also
require careful attention.

As a result of that, the future of OSC discovery and optimization
is anchored in the application of advanced AI techniques such as
generative models, active learning, autonomous experimenta-
tion, and digital twins while embedding sustainability and envi-
ronmental considerations throughout the development process.
These integrated approaches are poised to accelerate the
advancement of high-performance, sustainable OSCs, making
significant contributions to renewable energy solutions that align
with ecological and societal objectives.

8 | Discussion

This study underscores the transformative influence of AI on the
research, development, and optimization of OSCs. The integra-
tion of AI techniques across various stages of material discovery,
device fabrication, stability assessment, and morphological anal-
ysis has shown substantial advantages in accelerating progress
toward high-performance, stable, and sustainable OSCs.

One of the most significant contributions of AI is its ability to
efficiently navigate the vast and complex chemical space of
organic materials. Traditional trial-and-error approaches, while
valuable, are inherently limited by their resource demands and
time constraints. AI-driven virtual screening models, employing
ML algorithms trained on existing datasets, enable rapid predic-
tions of key electronic properties such as HOMO/LUMO levels,
absorption spectra, and charge mobility. This predictive capabil-
ity significantly narrows down candidate materials, conserving
experimental resources and directing synthesis efforts toward the
most promising molecules. However, it is essential to acknowl-
edge that the accuracy of AI predictions is contingent upon the
quality and breadth of the training data, and potential discrepan-
cies with real-world results necessitate complementary experi-
mental validation.

AI also enhances the optimization of fabrication parameters
through techniques like BO, which systematically explores mul-
tidimensional process spaces. This approach accelerates the iden-
tification of optimal device “recipes,” resulting in improved
morphology and charge transport properties with fewer experi-
mental iterations. Such efficiency gains are critical for scaling up
OSC production and reducing costs, thereby advancing organic
photovoltaics toward commercial viability. Nevertheless, the suc-
cess of AI-driven fabrication optimization relies on the availabil-
ity of initial data and the accurate modeling of complex
parameter interactions, which can present challenges.
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The application of AI in predicting stability and analyzing degra-
dation addresses one of the most significant barriers to OSC
commercialization long-term operational stability. By analyzing
accelerated aging data with models such as RNNs and LSTM
networks, researchers can forecast device lifetimes and identify
structural vulnerabilities. These insights inform the design of
more durable materials and encapsulation strategies, ultimately
enhancing device longevity. However, limitations arising from
the discrepancies between accelerated testing conditions and
real-world environments, as well as the scarcity of real-time
operational data, pose ongoing challenges to reliable long-term
predictions.

In morphological analysis, CNNs have revolutionized the char-
acterization of nanoscale phase separation within active layers.
Automated image recognition and feature extraction enable pre-
cise quantification of morphology, which directly correlates with
charge transport efficiency and overall device performance. This
automated approach not only increases analysis throughput but
also mitigates the subjective bias inherent in manual interpreta-
tion. Future developments that integrate AI-based morphological
insights with device modeling could further enhance predictive
capabilities.

XAI approaches are emerging as essential tools in this domain,
providing transparency and interpretability of complex models.
By elucidating the relationships between material features, pro-
cessing parameters, and performance metrics, XAI fosters trust
and facilitates targeted experimental design. Techniques such as
SHAP and LIME offer valuable insights into feature importance,
guiding researchers toward key factors influencing OSC effi-
ciency and stability. As the field progresses, the adoption of
inherently interpretable models will be crucial for integrating
AI into routine material development workflows.

Looking ahead, the convergence of AI with emerging technolo-
gies such as generative models, autonomous laboratories, and
digital twins promises to further revolutionize OSC research.

Generative AI can explore uncharted chemical spaces, creating
novel molecules with tailored properties. Autonomous experi-
mentation, combined with active learning, can establish closed-
loop systems that iteratively optimize materials and processing
conditions with minimal human intervention. These advance-
ments, along with sustainability-focused AI strategies aimed at
designing eco-friendly, recyclable, and low-impact materials,
align with broader societal goals of environmental stewardship
and resource conservation.

Despite these promising prospects, several challenges remain. In
Table 7, we summarize recent studies that employed various ML
techniques in the context of OSCs, highlighting the predicted
parameters, achieved accuracy metrics, and corresponding OSC
efficiencies. The development of comprehensive, high-quality
datasets, particularly for stability and degradation, continues to
be a bottleneck. Additionally, integrating multiscale models that
connect molecular insights to device-level performance remains
complex but necessary for a holistic understanding. Ethical
considerations regarding data sharing, transparency, and
resource utilization also require attention to ensure responsible
AI deployment.

The quantitative comparison of different AI/ML approaches
illustrates their respective merits and limitations, data require-
ments, and predictive power, providing a clearer understanding
of their roles in advancing OSC research.

As a result of that, AI has already demonstrated profound poten-
tial to accelerate the development of high-efficiency, durable, and
sustainable OSCs. As research continues to refine predictive
models, improve interpretability, and integrate multidisciplinary
approaches, AI-driven strategies will undoubtedly play a central
role in realizing the full potential of organic photovoltaics. This
convergence of advanced computational methods with experi-
mental science heralds a new era in renewable energy technol-
ogy, one that is more efficient, adaptable, and environmentally
conscious.

TABLE 7 | Summary of recent AI-driven studies on organic solar cells (OSCs) with comparisons of artificial intelligence techniques.

Study
references ML technique

Dataset
size Input features

Target vari-
ables

Model valida-
tion methods

Test-set perfor-
mance metrics

(R2)
Achieved
PCE (%)

[78, 79] Random forest 1200
samples

HOMO/LUMO
energy levels,

absorption spectra

Predicted
HOMO/LUMO

levels

10-fold cross-
validation

0.80–0.87 8.5–9.2

[80–82] Support vector
machine

800
samples

Charge mobility,
molecular weight,

stability

Charge
mobility,
stability

Leave-one-out
cross-validation

0.65–0.96 7.0–8.0

[83, 84] Neural networks 1500
samples

Morphology
metrics, optical

properties,
efficiency

Morphology
metrics,
efficiency

5-fold cross-
validation

0.80–0.95 9.0–10.5

[74, 85, 86] Convolutional
neural network

(CNN)

1000
samples

Phase separation,
charge transport

dynamics

Charge
transport
efficiency

Stratified k-fold
cross-validation

0.81–0.97 10.0–11.2
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9 | Conclusions

In this paper, we explored the multifaceted role of AI and ML in
advancing OSC research. We reviewed how various AI/ML
approaches including supervised learning, deep neural networks,
GP-based BO, and CNNs have contributed to accelerating mate-
rial discovery, optimizing fabrication processes, and predicting
device stability. Our analysis demonstrated that these methods,
when applied effectively, significantly reduce development time,
lower costs, and enhance device efficiencies.

The comparative assessment highlighted the strengths of data-
driven models in navigating vast chemical spaces and complex
fabrication parameter landscapes while acknowledging their lim-
itations, such as data dependency and interpretability challenges.
We underscored the importance of integrating AI with experi-
mental validation and XAI techniques to ensure reliable and
insightful outcomes. The recent advances and applications
reviewed herein suggest that AI will continue to be instrumental
in overcoming existing barriers, enabling the design of more
efficient, stable, and sustainable OSCs.

Ultimately, the integration of AI-driven methodologies is poised
to revolutionize organic photovoltaic research, fostering innova-
tions that contribute to sustainable energy solutions. Future
efforts should focus on developing comprehensive, high-quality
datasets, enhancing model interpretability, and establishing stan-
dardized frameworks for AI deployment in OSC development.
Such endeavors will accelerate the transition toward commer-
cially viable, high-performance OSCs, aligning technological
progress with ecological imperatives.
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