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Abstract 

Photovoltaic efficiency and long-term device stability are heavily governed by interfacial dynamics, which impact charge 
carrier transport, energy band alignment, defect generation, and non-radiative recombination losses. Despite rapid 
breakthroughs in solar cell architectures and absorber materials, unfavorable band offsets and localized trap states 
remain persistent bottlenecks to maximizing power conversion efficiency. This study systematically examines the core 
physical mechanisms driving interface defects, Shockley–Read–Hall (SRH) recombination, band alignment engineering, 
and carrier extraction kinetics. Traditional interface optimization strategies, ranging from chemical and field-effect 
passivation to surface modifications and buffer layer engineering, are critically evaluated.  Furthermore, we assess the 
role of physics-based numerical solvers (including SCAPS and TCAD) in mapping interfacial electric fields, electronic 
energy bands, and recombination behaviours. Particular attention is dedicated to the integration of data-driven 
interface optimization strategies, detailing how machine learning accelerates material screening, defect modeling, and 
molecular passivation design. The integration of machine learning with physics-based simulations is highlighted, and 
this work outlines a technical roadmap to bypass current challenges in data sparsity and model interpretability, charting 
a course toward physics-informed machine learning for next-generation self-optimizing, high-efficiency solar 
architectures. 
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1. Introduction

With global energy demand rising along with the gradual depletion of non-renewable resources, the development and 
utilization of clean, efficient, and sustainable renewable energy resources have become a major trend in the current 
energy sector. At present, the mainstream renewable energy utilization technologies include solar photovoltaic power 
generation, wind power generation, hydropower generation, and nuclear power generation. Among the many options, 
solar energy has remains highly favored due to its abundance and wide distribution. In 2023, solar photovoltaic power 
generation accounted for 5.4% of total global electricity generation, making it the third-largest renewable generation 
framework behind only hydropower and wind power [1].  By 2025, as global energy demand accelerated, solar 
photovoltaics became the largest single source of growth, fulfilling more than 25% of the world’s additional demand, 
while natural gas contributed 17% [2, 3]. 

In recent years, ongoing research focuses on maximizing the photoelectric conversion efficiency.  Depending on the 
underlying absorber materials and architectures, solar cells are classified into silicon-based, thin-film, perovskite, III–V 
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compound, and multi-junction tandem systems [4].  Silicon-based solar cells still dominate the current market, 
capturing an approximately 97-% market share due to their exceptional material stability and mature manufacturing 
technology [5]. III–V multi-junction solar cells exhibit the highest efficiency, exceeding 47% under concentrated 
illumination [6].  Nevertheless, converting solar energy efficiently remains bottlenecked by fundamental technological 
constraints. Prominent among these losses are optical reflections, carrier recombination, interface defects, and energy 
band mismatches [7-9].  Heterojunction interfaces are particularly critical in determining total device performance.  
Since heterojunction interfaces couple distinct material layers, they are highly prone to lattice mismatches, differences 
in thermal expansion coefficients, chemical composition incompatibilities, and surface defects.  Structural defect states 
and dangling bonds are generated within the interface region, introducing localized energy levels inside the bandgap 
that increase non-radiative carrier recombination, especially SRH recombination, which in turn reduces carrier lifetime 
and device performance [9-11]. In addition, poorly aligned energy bands result in strong interface barriers that hinder 
electron and hole transport, compounding carrier recombination and degrading overall device output [12, 13]. 

So far, researchers have proposed various interface optimization methods to improve interface quality and reduce 
recombination losses caused by interface defects. Traditional interface optimization techniques primarily center on 
defect passivation, buffer layer insertion, and band alignment engineering [14, 15].  However, traditional approaches 
rely heavily on empirical trial-and-error laboratory experiments or isolated, single-variable physics-based numerical 
simulations. Classic defect passivation techniques often struggle with fine process control, resulting in incomplete 
passivation across the target surface [16].  Similarly, engineering precise energy band alignment faces stringent material 
compatibility limits, making the optimization of interface band alignment difficult to replicate [13].  Navigating these 
multi-variable parameter spaces through physical laboratory work generates an experimental burden characterized by 
high trial costs, heavy workloads, and protracted, complex optimization cycles.  Consequently, deploying machine 
learning (ML) models has become a vital strategy to simplify and accelerate the experimental cycle [17]. 

While numerical simulation toolkits such as SCAPS, Silvaco, and Sentaurus are widely used to analyze semiconductor 
interfaces, they exhibit built-in limitations. Standard models frequently rely on oversimplified interface assumptions, 
lack highly precise defect-state parameters, require massive computational overhead, and struggle to adequately 
capture complex recombination dynamics. In addition, because these simulation outcomes depend heavily on baseline 
assumptions of ideal material behaviour, they often deviate noticeably from real-world experimental environments [18, 
19].  As emerging solar cell architectures and interface material combinations grow increasingly complex, relying solely 
on standard numerical simulations is no longer a viable pathway for rapid design cycles. Compared to conventional 
modeling, data-driven ML offers significant advantages in efficiency, predictive capability, and data-driven optimization.  
ML frameworks excel at extracting complex, nonlinear relationships from large streams of experimental and simulation 
data, thereby allowing researchers to rapidly map exact mathematical relationships between raw material variables, 
localized interface properties, and macroscopic device performance metrics [20]. 

Furthermore, ML addresses coupled physical phenomena that traditional theoretical equations fail to describe 
completely or rapidly, such as the simultaneous interactions between interface charges, lattice strain, and ion migration 
[21]. When integrated with traditional numerical tools, ML can function as an accelerated surrogate model.  This hybrid 
setup drastically reduces the computational cost of physics-based solvers, driving faster device prototyping and 
intelligent interface design for next-generation, high-efficiency photovoltaics [22].  

2. Interface Physics

2.1. Interface Defects 

Interface defects are one of the key factors affecting the performance and stability of solar cells. Due to issues such as 
lattice mismatch, differences in thermal expansion coefficients, and incomplete atomic bond formation between 
different materials, the interface region is prone to forming dangling bonds, vacancy defects, impurity defects, and deep-
level trap states [23].  Defects introduce localized energy levels in semiconductors, thereby acting as carrier trapping 
and recombination centers. 

The presence of defects introduces defect energy levels into the energy band structure. According to the positions of 
these defect levels relative to the valence band maximum (VBM) or conduction band minimum (CBM), they can be 
classified into deep-level defects and shallow-level defects [24, 25].  Shallow-level defects are located farther from the 
center of the bandgap and closer to the VBM or CBM.  Therefore, trapped carriers are likely to be re-excited into the 
valence or conduction bands to participate in transport, making the influence of shallow-level traps on carrier 
recombination almost negligible. In contrast, deep-level defects are located closer to the center of the bandgap, making 
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it difficult for trapped carriers to be re-excited into the conduction or valence bands. These trapped carriers are often 
lost through non-radiative SRH recombination, severely limiting device performance [26-28]. 

Interface Trap Density (Dit) is an important parameter affecting interface recombination and carrier transport 
behaviour in solar cells, and it is commonly used to describe the density of defect states existing at heterojunction 
interfaces. A high Dit introduces a large number of trap-assisted recombination centers, significantly enhancing interface 
recombination and thereby reducing carrier transport efficiency and overall device performance. A high density of 
interface defects not only decreases carrier lifetime and transport efficiency, but also leads to reductions in open-circuit 
voltage (Voc) and fill factor (FF). In addition, excessive interface traps may hinder carrier extraction and accelerate 
device degradation, with particularly pronounced effects in heterojunction and perovskite solar cells [29, 30]. Therefore, 
effectively suppressing interface defects is crucial for achieving high-efficiency solar cells. 

2.2. Shockley-Read-Hall (SRH) Recombination 

SRH recombination is a typical trap-assisted non-radiative recombination mechanism. It was proposed by Shockley, 
Read, and Hall in 1952, and is one of the most important carrier recombination mechanisms in semiconductor physics 
and solar cell research. Unlike radiative recombination, no photons are emitted during SRH recombination; instead, the 
energy is dissipated in the form of heat through defect states, making it a non-radiative recombination process [9, 29, 
31]. 

SRH recombination is a two-step trap-assisted process involving localized energy levels within the bandgap. First, an 
electron in the conduction band is captured by a trap state, and then a hole in the valence band is subsequently captured 
by the same trap. This sequential capture leads to electron–hole recombination without photon emission, and the excess 
energy is dissipated as heat [29, 32]. 

The SRH recombination rate can be expressed as: 

𝑅𝑆𝑅𝐻 =
𝑛𝑝 − 𝑛𝑖

2

𝜏𝑝(𝑛 + 𝑛1) + 𝜏𝑛(𝑝 + 𝑝1)

(1) 

where n and p represent the electron and hole concentrations, respectively, and nᵢ denotes the intrinsic carrier 
concentration. τₙ and τₚ are the carrier lifetimes associated with electron and hole capture processes, respectively. n₁ 
and p₁ are related to the trap energy level within the bandgap [33]. 

The SRH recombination rate also varies among different types of solar cells. In crystalline silicon and heterojunction 
solar cells, SRH recombination is mainly influenced by interface trap states. In contrast, perovskite solar cells typically 
exhibit lower SRH recombination rates due to their relatively low defect density. Fan Zhang and co-workers reported 
that perovskite samples show low SRH recombination rates in both the bulk and at the surface, resulting in longer 
carrier lifetimes and higher PL efficiency [34]. 

Deep-level traps have a particularly significant impact on SRH recombination. Compared with shallow-level defects 
located near the conduction band or valence band edges, deep-level traps are typically situated near the middle of the 
bandgap and can more easily capture both electrons and holes, thereby significantly enhancing SRH recombination. 
Sunghyun Kim and co-workers demonstrated that in the semiconductor Cu₂ZnSnS₄, deep defect levels and large lattice 
distortion promote SRH recombination [35]. Therefore, reducing SRH recombination is a key objective in interface 
optimization for improving solar cell performance. 

2.3. Band Alignment Engineering 

Band alignment at heterojunction interfaces directly determines carrier transport, collection efficiency, and 
recombination dynamics. When two materials with different bandgaps, electron affinities, and work functions come into 
contact, discontinuities appear at the boundary.  These discontinuities are quantified as the conduction band offset (ΔEc 
or CBO) and the valence band offset (ΔEv or VBO).  These band offsets directly influence electron and hole transport as 
well as SRH recombination.  For photovoltaic applications, appropriate band alignment is essential to ensure efficient 
carrier separation and extraction, as well as to suppress interface recombination.  Depending on the relative alignment 
of these energy bands, semiconductor heterojunctions are classified into three configurations (Figure 1):  
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• Type I (Straddling Gap): The narrower-bandgap material is nested completely within the wider-bandgap
material.  This configuration confines both electrons and holes within the same spatial zone, promoting
radiative recombination for light-emitting applications [36].

• Type II (Staggered Gap): The conduction and valence bands are staggered, driving electrons and holes to
separate into adjacent layers. This spatial separation effectively suppresses non-radiative recombination,
making it the ideal for photovoltaic carrier extraction [37].

• Type III (Broken Gap): The valence band maximum of one material sits above the conduction band minimum
of the other, forming a tunneling junction useful for high-speed electronic devices [38-40].

Figure 1 Classification of semiconductor heterojunctions into three types. 

3. Interface optimization

3.1. Interface Passivation 

To mitigate the high-density trap states and localized energetic mismatches characterized in Section 2.1, the main 
purpose of interface passivation is to reduce Dit, suppress SRH recombination, and improve carrier lifetime and device 
conversion efficiency [41, 42].  Interface passivation can generally be classified into two types: chemical passivation and 
field-effect passivation. 

3.1.1. Chemical Passivation 

Chemical passivation aims to saturate dangling bonds at the semiconductor interface so that they no longer participate 
in recombination processes, thereby reducing interface defect density and improving device performance. Hydrogen, 
oxygen, and dielectric materials, such as silicon dioxide (SiO₂), hydrogenated amorphous silicon nitride (SiNₓ:H), and 
aluminium oxide (Al₂O₃), are commonly used to passivate surface states and suppress SRH recombination [43, 44]. 
Among various passivation materials, SiO₂ has long been regarded as one of the most effective surface passivation layers 
for silicon solar cells. Stefan et al. demonstrated that thermally grown or deposited SiO₂ films can significantly reduce 
interface defect density by saturating dangling bonds on the silicon surface, resulting in excellent chemical passivation 
performance [45]. 

However, although SiO₂ provides excellent chemical passivation, its field-effect passivation capability is relatively 
limited. To further suppress interface recombination, more advanced passivation materials such as Al₂O₃ have been 
developed. Schmidt et al. showed that ALD-grown Al₂O₃ films can significantly reduce surface recombination velocity 
and increase minority carrier lifetime, providing excellent surface passivation for high-efficiency crystalline silicon solar 
cells [46]. 

3.1.2. Field-Effect Passivation 

Field-effect passivation relies on fixed charges in the passivation layer to form an internal electric field near the interface. 
This electric field repels minority carriers away from the interface, thereby suppressing interface recombination. This 
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mechanism effectively reduces the probability of interaction between carriers and interface trap states, thus reducing 
SRH recombination.  Field-effect passivation is particularly effective when the passivation layer contains a high density 
of fixed charges. For example, Al₂O₃ films are known to possess strong negative fixed charges, which can repel electrons 
away from the silicon surface in p-type substrates. Aber et al. demonstrated that this electrostatic repulsion significantly 
reduces surface recombination velocity and extends minority carrier lifetime [47]. 

Field-effect passivation has also been demonstrated in nanostructured photovoltaic systems. Mallorquí et al. pointed 
out that nanowire structures have a very high surface-to-volume ratio, making them highly sensitive to interface 
recombination. By introducing passivation layers that generate internal electric fields, minority carriers can be 
effectively separated from defect-rich regions, thereby improving carrier collection efficiency and enhancing 
photovoltaic performance. This highlights the crucial role of field-effect passivation in nanostructured semiconductor 
devices [48]. 

3.2. Interfacial Band Tuning Strategies 

Building upon the physics of heterojunctions, practical interface optimization requires precise tuning of the CBO and 
VBO to maximize Voc and charge collection.  Unfavorable energy steps generate strong transport barriers that trap 
charges, induce local carrier accumulation, and drastically accelerate defect-assisted SRH recombination.   

In perovskite and thin-film solar architectures, optimizing these offsets relies on modifying the energy level alignment 
between the primary absorber and the surrounding charge transport layers.  For instance, Bagade et al. demonstrated 
that minimizing the energetic mismatch at these interfaces directly dictates carrier extraction speed and limits voltage  
deficits [49].  Conversely, improper alignment causes charge stagnation.  As shown by Song et al., when band offsets are 
excessively large, the resulting interface barriers prevent efficient carrier extraction and increase non-radiative losses 
[23]. Consequently, maximizing cell efficiency demands active tailoring of interfacial layers—often achieved through 
composition engineering, dipole insertions, or precise work-function tuning—to establish a seamless, recombination-
free Type II configuration. 

3.3. Buffer Layer Technology 

In heterojunction solar cells and other semiconductor devices, different materials often possess mismatched lattice 
constants, thermal expansion coefficients, and band structures. When they are in direct contact, dislocations, cracks, 
and a large number of defect states are easily formed at the interface. These defects act as carrier recombination centers 
and promote SRH recombination, thereby reducing carrier lifetime and device performance. 

To address this issue, various organic and inorganic buffer layers have been introduced to optimize interfacial energy 
levels and reduce defect-assisted recombination. In perovskite photovoltaics, where carrier extraction kinetics limit 
overall power conversion efficiency and long-term stability, researchers have employed bathocuproine (BCP) as a 
buffer layer to suppress interfacial carrier recombination. The introduction of the BCP layer optimizes the energy level 
alignment between adjacent layers and reduces carrier accumulation near the interface, thereby effectively improving 
the power conversion efficiency of perovskite solar cells [50].  In addition, DFT models show that inserting an 
appropriate buffer layer can modify charge redistribution and interfacial dipoles, thereby improving carrier transport 
and reducing interface recombination [51].  

In organic solar cells, the insertion of suitable buffer layers can effectively optimize energy level alignment between the 
active layer and electrodes, thereby reducing carrier transport barriers and improving charge collection. Buffer layers 
prevent carrier accumulation near the interface, enhance carrier selectivity, and suppress interface recombination. 
Studies have also shown that buffer layers can improve interfacial stability and reduce energy losses caused by poor 
interfacial contact [52]. 

3.4. Surface Treatment Technology 

During the fabrication of solar cells, material surfaces are often affected by air oxidation, chemical residues, and plasma 
bombardment, leading to the formation of a large number of dangling bonds, impurities, and defect centers. These 
defects introduce interface trap states within the bandgap, thereby promoting SRH recombination, reducing carrier 
lifetime, and degrading device performance.  While passivation and buffer layers introduce secondary materials, surface 
treatment technologies modify the existing absorber termination to remove surface contaminants, native oxide layers, 
or process-induced plasma damage. Effectively deploying these techniques during device fabrication is of great 
importance for reducing the active interface trap density and improving photoelectric conversion efficiency [53]. 
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3.4.1. Wet Chemical Treatment 

Wet chemical treatment is one of the most common approaches, primarily using acidic or alkaline solutions to remove 
surface oxides and organic contaminants. Wet chemical cleaning is one of the most widely applied surface treatment 
techniques. Traditional cleaning processes include RCA cleaning, HF treatment, and ozone-based wet cleaning, which 
are typically used to remove surface contaminants, metal impurities, and native oxides from semiconductors. Proper 
wet chemical treatment can significantly improve interface passivation quality, suppress interface defect states, and 
reduce SRH recombination at the interface [53, 54]. 

3.4.2. Plasma Treatment 

Plasma treatment technology can effectively remove surface contaminants, modify surface chemical properties, and 
tailor interface morphology without significantly damaging the material [14].  Ma and co-workers investigated plasma 
treatment of TiO₂ electrodes [55]. Their results showed that plasma treatment significantly improved the hydrophilicity 
of the TiO₂ surface, thereby enhancing perovskite crystal growth and improving interfacial contact. In addition, plasma-
treated TiO₂ exhibited reduced surface defect density and improved carrier extraction efficiency.  Besides air plasma 
treatment, argon plasma treatment can also effectively improve interface quality and enhance long-term device stability 
[56]. 

3.5. Interface Optimization Using Numerical Simulation 

Numerical simulation is a commonly used method for interface optimization in solar cells. By constructing physical 
device models, it is possible to analyze the influence of interface parameters on device performance without extensive 
experimental fabrication. Widely used simulation tools include Silvaco TCAD, Sentaurus, SCAPS-1D, AFORS-HET, and 
wxAMPS (Table 1). These software packages model carrier transport, recombination kinetics, electric field distributions, 
and energy band structures by solving the semiconductor device equations self-consistently. 

Table 1 Comparison of Common Simulation Softwares. 

Software Main uses Research Direction 

Silvaco TCAD Semiconductor devices, solar cell structures, electrical and optical 
simulation 

HJT, TOPCon, Perovskite, 
III-V 

Synopsys 
Sentaurus 

High-precision semiconductor device simulation Industrial-grade research 

SCAPS-1D Thin-film solar cells Perovskite, CIGS, CdTe 

AFORS-HET Heterojunction solar cells a-Si:H/c-Si HJT 

wxAMPS Thin-film solar cells CIGS, CdTe, CZTS 

GPVDM OLED/Organic/Perovskite Organic,  perovskite 

In interface engineering, these simulations systematically isolate the effects of interface defect density, recombination 
velocity, band offsets, interfacial layer thickness, doping concentration, and work functions. For example, by varying the 
interface trap state density, the impact of SRH recombination on VOC, short-circuit current density (JSC), and FF can be 
analyzed. By introducing an ultrathin passivation layer or buffer layer, its effect on suppressing interface recombination 
and improving carrier extraction efficiency can also be evaluated. 

The primary advantage of numerical modeling lies in its ability to rapidly screen key parameters and visualize physical 
mechanisms that are difficult to directly observe in experiments, such as simulated band diagrams, electric field 
distributions, recombination rate profiles, and carrier concentrations.  These metrics illustrate the extent of any 
excessive interface barriers, severe defect-assisted recombination, or carrier accumulation at the interface. Therefore, 
numerical simulation can not only be used to interpret experimental results but also to predict optimal interface 
structures prior to experiments, thereby reducing trial-and-error costs. 

However, the accuracy of numerical simulations depends on the reliability of the input material parameters and physical 
models. If parameters are inaccurate or the physical model is incomplete, the simulation results may deviate from real 
experimental conditions. Therefore, in practical research, numerical simulations are often combined with experimental 
characterization results, using experimental data to calibrate and refine model parameters. 
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4. Machine Learning-Guided Interface Optimization 

4.1. Machine Learning Core Concepts 

As solar cell architectures evolve into complex, high-dimensional multi-junction and heterojunction systems, evaluating 
their heavily coupled interfacial properties requires a departure from traditional, low-throughput pipelines. Traditional 
interface optimization approaches mainly rely on experimental trial-and-error or numerical simulations. These 
methods require repeated adjustment of parameters such as material composition, doping concentration, buffer layer 
thickness, passivation layer thickness, and band offsets, followed by device characterization to evaluate optimization 
outcomes. Based on the results, the next optimization step is then determined. Although this conventional approach is 
intuitive, it suffers from long experimental cycles and high costs, and it is difficult to simultaneously consider multiple 
interdependent interface parameters.  

Compared with purely physics-based optimization, ML is increasingly regarded as a practical tool for accelerating 
interface design, particularly in complex multi-parameter systems. Its core idea is to use existing experimental data, 
simulation data, or literature data to establish a mapping relationship between interface structure, material properties, 
processing parameters, and device performance, thereby predicting the influence of different interface designs on 
performance. Compared with traditional methods, ML does not rely entirely on human experience; instead, it can 
automatically extract patterns from large datasets and identify key interfacial factors affecting device performance. For 
example, parameters such as Dit, CBO, VBO, interfacial layer thickness, passivation molecular structure, energy levels of 
charge transport layers, and defect formation energies can be used as input features for ML model compilation, mapped 
against output target metrics such as photovoltaic conversion efficiency, Voc, JSC, FF, and operational lifetime. 

In recent years, ML has been applied to interface passivation material screening, buried interface engineering, defect 
suppression, band alignment optimization, and device performance prediction. For instance, some studies have used 
ML to analyze the relationship between ammonium salt molecular features and efficiency enhancement in perovskite 
solar cells, thereby assisting in the screening of interface passivation materials. Other studies have used ML to design 
buried interface engineering materials to improve charge transport, reduce recombination, and enhance device stability. 

4.2. Machine Learning Models 

In ML, different models are suited to different data types and task objectives. According to the training strategy, ML is 
generally divided into supervised learning, unsupervised learning, and reinforcement learning. Among them, 
supervised learning and unsupervised learning are most widely applied in solar cell interface optimization, defect 
prediction, and materials screening. 

Supervised learning is currently the most widely used ML approach in solar cell research. Its core idea is to train models 
using labeled data to establish relationships between input parameters and output results. In photovoltaic interface 
optimization studies, supervised learning is commonly used for predicting power conversion efficiency, analyzing 
defect density, studying interface recombination behaviour, and screening materials. Common supervised learning 
models include Linear Regression (LIR), Support Vector Machine (SVM), Random Forest (RF), and Artificial Neural 
Network (ANN). 

LIR is one of the most fundamental supervised learning models and is mainly used to analyze linear relationships 
between different parameters. In solar cell research, it is often used to study the effects of doping concentration, defect 
state density, and interface layer thickness on device performance. Due to its good interpretability and low 
computational complexity, it is commonly used for preliminary data analysis and trend prediction. However, since 
interfacial phenomena in solar cells are typically highly nonlinear, the predictive capability of LIR is limited in complex 
problems. 

SVM is a supervised learning algorithm with strong generalization ability, suitable for both classification and regression 
tasks. SVM constructs an optimal hyperplane to effectively separate high-dimensional data, making it particularly 
suitable for defect classification and performance prediction under small-sample conditions. In solar cell interface 
engineering, SVM has been widely used to analyze defect recombination behaviour and material performance variations 
under different interface conditions. 

RF is an ensemble learning model based on multiple decision trees. It improves prediction accuracy and reduces 
overfitting by aggregating the results of multiple trees. Due to its strong capability in handling nonlinear problems and 
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its ability to evaluate feature importance, RF has become one of the most widely used ML models in solar cell research. 
It is commonly applied in interface defect prediction, key parameter screening, and device performance optimization. 

ANNs are models that mimic the structure and function of biological neural systems and can learn complex nonlinear 
relationships from large datasets. In solar cell research, ANNs have been widely used for efficiency prediction, defect 
state analysis, and interface engineering optimization. Compared with traditional statistical methods, ANNs generally 
achieve higher predictive accuracy when dealing with multi-parameter coupled interfacial problems. 

With the development of deep learning, Convolutional Neural Networks (CNNs) have also been increasingly applied in 
solar cell research. CNNs are specialized deep learning models for image recognition and feature extraction, capable of 
automatically extracting key features from images. In photovoltaic research, CNNs are mainly used for the automated 
analysis of scanning electron microscopy (SEM), transmission electron microscopy (TEM), PL images to identify grain 
boundary defects, interface inhomogeneities, and microstructural variations. Compared with traditional manual 
analysis, CNNs significantly improve defect detection efficiency and reduce human error. 

In addition to supervised learning, unsupervised learning is also an important component of ML. Unlike supervised 
learning, unsupervised learning does not require labeled data; instead, it identifies intrinsic patterns within data for 
clustering, feature extraction, and pattern recognition. In solar cell interface optimization research, unsupervised 
learning is mainly used for high-dimensional experimental data analysis, material classification, and defect pattern 
recognition. Among them, Principal Component Analysis (PCA) is a commonly used dimensionality reduction technique 
that can extract key parameters influencing device performance and reduce data complexity, thereby improving the 
efficiency of subsequent model training. In addition, clustering methods are also used to study similarities among 
different material systems or interface states. 

Overall, both supervised and unsupervised learning play important roles in solar cell interface optimization research. 
Supervised learning enables accurate prediction of device performance and defect behaviour based on existing 
experimental data, while unsupervised learning helps uncover hidden patterns from complex datasets. With the 
continuous expansion of experimental databases and the advancement of computational capabilities, ML is expected to 
further drive solar cell interface engineering toward intelligent and high-throughput optimization. 

4.3. Data Collection and Model Building 

The first step in ML-guided interface optimization is the construction of a reliable dataset. The data required for 
interface optimization mainly comes from three sources: experimental data, numerical simulation data, and literature 
databases. Experimental data typically include device structures, material compositions, fabrication processes, interface 
treatment methods, and characterization results such as J–V measurements, external quantum efficiency (EQE) 
measurements, PL/time-resolved photoluminescence (TRPL) measurements, and electrochemical impedance 
spectroscopy (EIS) measurements. Numerical simulation data, including energy band distribution, electric field strength, 
carrier concentrations, recombination rates, interface state density variations, and device output parameters, can be 
directly obtained using TCAD solvers. Literature data can be extracted from published studies to establish correlations 
between different interface engineering strategies and device performance. 

Researchers typically use interface defect density, trap energy levels, interface recombination velocity, material band 
parameters, and device structural parameters as input features, while using power conversion efficiency, Voc, JSC, and FF 
as output targets. After training models with large amounts of experimental or simulated data, ML can rapidly predict 
performance trends of devices under different interface conditions, thereby guiding the design of optimization 
strategies. 

4.4. Trap State Prediction 

Traditional defect analysis mainly relies on characterization techniques such as TRPL, EIS, deep-level transient 
spectroscopy (DLTS), and space-charge-limited current (SCLC) measurement. These methods are widely used to 
investigate defect states, carrier recombination behaviour, charge transport, and trap density in photovoltaic materials 
and interfaces. However, because interface defects involve multiple coupled parameters, it is often difficult to rapidly 
and accurately determine the specific influence of different defect types on device performance using experiments alone 
or single-model simulations. In recent years, ML has been introduced into interface defect research, enabling the rapid 
prediction and optimization of defect effects by establishing a mapping relationship between “defect parameters—
recombination behaviour—device performance.” 
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Seongtak Kim and co-workers constructed a database of 3,611 p–i–n structured perovskite solar cells with different 
defect conditions based on SCAPS-1D and used multiple ML models to analyze bulk and interfacial defects and their 
effects on device performance [57].  In their study, four algorithms—Random Forest Regression (RFR), Extreme 
Gradient Boosting (XGB), LIR, and Multilayer Perceptron (MLP)—were trained and used for prediction. The predicted 
results were then compared with SCAPS simulation outputs, and the RF model showed the highest prediction accuracy 
with very low loss. This demonstrates that ML-based data can be used as a reliable reference for defect state prediction 
and optimization design. 

In addition, the study found that when bulk defect density in the perovskite absorber is low, device performance 
becomes more sensitive to interface defects. This implies that as the quality of bulk materials continues to improve, 
future efficiency improvements will increasingly rely on interface engineering. Through defect optimization strategies, 
the device efficiency of a PTAA/PVSK/PCBM structure was ultimately improved from 17.97% to 24.66%. 

Beyond SCAPS-based ML analysis, Li et al. proposed a defect analysis method combining modulated transient 
photovoltage (m-TPV) with neural networks [58]. In this work, a large m-TPV curve database was established through 
high-throughput electrical transient simulations, and a backpropagation neural network was used to build a correlation 
model between m-TPV signals and defect parameters. The results showed that, compared with defect density alone, the 
carrier capture cross-section of defects has a more significant impact on recombination behaviour. This indicates that 
in interface defect analysis, it is not sufficient to consider only defect concentration; the defect energy level and carrier 
capture probability must also be taken into account. 

Overall, the advantages of ML in interface defect and trap state prediction can be summarized in three aspects: first, it 
can efficiently handle complex multi-parameter coupling problems; second, it can identify key interfacial factors 
through interpretable models; and third, it can be integrated with SCAPS, TCAD, and transient electrical analysis for 
high-throughput defect prediction. Therefore, ML is gradually becoming an important tool for photovoltaic interface 
defect analysis and defect engineering optimization. 

4.5. Passivation Material Selection 

Interface passivation is a key approach for reducing interface defect density, suppressing non-radiative recombination, 
and improving the stability of solar cells. By introducing appropriate passivation materials, dangling bonds can be 
effectively saturated, vacancy defects can be compensated, trap state density can be reduced, and band alignment can 
be optimized. Common interface passivation materials include metal ions, organic molecules, polymers, and two-
dimensional materials. However, due to the vast number of potential passivation materials, traditional experimental 
trial-and-error screening is often time-consuming and costly. 

ML provides a new data-driven strategy for passivation material screening. Its core idea is to use existing experimental 
data, first-principles calculations, and materials databases to establish a relationship between “material structure—
interfacial interaction—device performance,” thereby enabling rapid prediction of passivation effectiveness. 

At present, ML models such as RF, XGB, SVM, and deep learning architectures have been applied to passivation material 
screening. By training on large amounts of experimental data, ML can automatically identify which functional groups or 
molecular structures are more favorable for defect passivation. For example, studies have shown that materials 
containing amine groups, carbonyl groups, and halogen functional groups often exhibit strong interface passivation 
capability, as these groups can form stable interactions with undercoordinated Pb²⁺ ions or other defect sites. 

ML can not only screen existing materials but also assist in the design of novel passivation molecules. Through 
generative models or high-throughput prediction approaches, the most promising passivation candidates can be rapidly 
identified from a large chemical space, significantly reducing experimental workload. In addition, ML can be combined 
with first-principles density functional theory calculations (DFT) to further investigate passivation mechanisms, such 
as binding energies between molecules and defect sites, charge transfer behaviour, and energy level shifts. 

Beyond organic molecular passivation, ML frameworks optimize multi-element co-doping and interfacial compositions. 
By mapping the high-dimensional relationship between doping concentrations and device performance, ML models can 
quickly isolate optimal doping boundaries while predicting the long-term stability and defect suppression dynamics of 
co-passivated architectures. This approach has demonstrated high potential across perovskite, Cu2ZnSn(S,Se)4 
(CZTSSe), and silicon heterojunction (SHJ) solar cells. 
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Compared to traditional empirical trial-and-error methods, ML-assisted passivation material screening accelerates 
throughput by efficiently navigating multi-parameter design spaces.  This data-driven paradigm integrates disparate 
experimental and high-fidelity simulation datasets, enabling the extraction of non-linear interfacial patterns that elude 
conventional empirical observation.  

4.6. Simulation and Machine Learning Integration 

With the increasing complexity of next-generation photovoltaic architectures —such as perovskite, SHJ, multi-junction 
tandem, and advanced thin-film solar cells— traditional interface optimization methods that rely on experimental trial-
and-error are no longer sufficient to meet the demands of high-efficiency device design. The interface region in these 
devices involves multiple coupled parameters, including interface defect density, band offsets, localized interfacial 
electric fields, doping concentrations, interfacial layer thicknesses, and carrier mobilities. Since these variables are 
strongly interdependent, rapidly identifying an optimal interface structure is remarkably difficult using physical 
experiments alone or conventional, single-parameter simulation scanning.  

While traditional numerical simulation methods can isolate these behaviours, they present clear computational 
limitations when handling multi-parameter optimization.  As the parameter space expands, the number of required 
sequential simulations scales exponentially.  This leads to high computational costs, long simulation cycles, and low 
optimization efficiency, especially when attempting to resolve the strong coupling effects inherent to complex 
heterojunctions and multi-junction devices. 

To bypass these limitations and accelerate device design, a combined "numerical simulation + ML" approach has 
emerged as a powerful paradigm in interface engineering. The core strategy leverages the rigorous semiconductor 
physics models described in Section 3.5 (such as SCAPS, TCAD, or first-principles calculations) to generate targeted 
baseline datasets rather than executing thousands of exhaustive, individual transport runs. By systematically varying 
parameters like interface trap density, recombination velocity, CBO, and trap energy levels, researchers can quickly 
generate comprehensive simulation data to train machine learning models. 

Once trained, these ML architectures establish a highly efficient mapping relationship between "device parameters, 
interface behaviours, and final device performance." By serving as rapid, low-overhead proxies for computationally 
expensive numerical solvers, these data-driven models bypass traditional simulation bottlenecks. This integration 
enables the instantaneous prediction of multi-parameter shifts and allows researchers to rapidly sweep high-
dimensional spaces to identify global structural optima. 

5. Advantages and Challenges 

ML-assisted interface optimization accelerates the evaluation of photovoltaic device performance while reducing 
computational overhead relative to dense DFT or drift-diffusion simulations. In addition, interpretable ML architectures, 
such as those utilizing Shapley Additive Explanations (SHAP) [59], quantify the relative importance of interfacial 
parameters, providing a crucial mathematical complement to traditional analytical transport methods. 

However, widespread deployment encounters significant logistical hurdles. Foremost, the ML model accuracy remains 
constrained by the quality and dimensionality of training data. Experimental photovoltaic datasets are often small, often 
restricted to fewer than 100 localized device configurations, and inherit irreducible experimental uncertainties that 
propagate as prediction errors. Furthermore, the out-of-distribution generalization across different device 
architectures, e.g., shifting from planar to mesoporous perovskite layers) or varying material systems remains severely 
limited. Most empirical models are highly specialized to specific material systems like molecular donors or halide 
compositions, preventing direct transferability. Consequently, further studies are still required to improve the 
architectural universality and statistical reliability of ML-generated models, enabling their broader application. 

To address these constraints, contemporary research is gearing toward Physics-Informed Machine Learning (PIML). 
Instead of treating neural networks as unconstrained black boxes, PIML embeds the basic semiconductor equations 
detailed in Section 3.5—specifically Poisson’s equation and the carrier continuity equations—directly into the neural 
network's loss functions. By penalizing solutions that violate these fundamental physical laws, PIML enforces strict 
physical consistency even when operating on sparse or noisy experimental training data. Ultimately, integrating these 
PIML frameworks with high-throughput automated synthesis loops and closed-loop artificial intelligence algorithms 
establishes a viable pathway toward autonomous, self-optimizing solar cell design. 
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6. Conclusion 

This work maps the critical intersections of interface physics, numerical modeling, and data-driven optimization in 
modern photovoltaics.  By evaluating heterojunction losses through the lens of SRH recombination, we have illustrated 
how localized trap states and band mismatches directly govern overall cell efficiency and operational stability.  The 
effects of interface defects, particularly trap states, on non-radiative recombination were discussed in detail. In addition, 
the importance of band alignment in heterojunction structures and its influence on carrier transport and recombination 
dynamics were highlighted. 

While conventional interface engineering approaches—namely surface passivation, band alignment tuning, and 
selective doping—effectively mitigate these losses, their design loop remains slow.  Similarly, physics-based numerical 
simulations (e.g., TCAD tools) offer powerful platforms for quantitative analysis, yet they are constrained by a reliance 
on manual parameter iteration and prohibitive computational overhead when navigating multidimensional design 
spaces.  Overcoming these throughput limitations necessitates a paradigm shift toward ML frameworks.  Incorporating 
data-driven surrogate models into traditional simulation pipelines allows for rapid performance prediction and efficient 
exploration of complex architectural configurations. Nevertheless, critical hurdles persist. The predictive accuracy of 
standard ML models strongly depends on the availability of massive, high-quality datasets that are expensive and time-
consuming to generate. Moreover, issues related to model interpretability and physical consistency still require further 
investigation.  Resolving these bottlenecks will require the maturation of PIML and multi-scale modeling.  Hence, future 
research should focus on the development of PIML methods, improvement of data efficiency, and integration of multi-
scale modeling techniques to reduce computational cost and enhance model reliability. Forcing neural networks to 
adhere strictly to underlying thermodynamic and semiconductor transport laws will dramatically reduce baseline 
training data requirements while improving out-of-distribution prediction reliability.  Ultimately, bridging the gap 
between empirical interface physics, advanced numerical software, and intelligent data optimization represents the 
core prerequisite for unlocking next-generation, high-efficiency multi-junction and heterostructure solar devices.  
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