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Abstract 

This thesis targets two unresolved performance bottlenecks in photovoltaics: the inefficient utilization 

of high-energy photons in crystalline silicon solar cells, and the difficulty of accurately predicting 

temperature-driven performance under real operating conditions. Although crystalline silicon remains 

the dominant photovoltaic technology, its response to ultraviolet and blue photons is limited by 

shallow absorption depth, front-surface recombination, parasitic absorption, and rapid thermalization 

losses. At the system level, photovoltaic performance is further constrained by module temperature, 

which directly affects voltage, efficiency, operating stability, and long-term degradation. Within this 

context, the thesis investigates both photon-level and system-level routes for improvement through 

three connected studies: CsPbBr₃ quantum-dot luminescent down-shifting coatings for silicon 

photovoltaics, plasmon-assisted enhancement of quantum-dot emission, and sequence-based 

prediction of photovoltaic module temperature. The central novelty of the thesis lies in bridging 

nanoscale optical engineering with predictive thermal intelligence within one coherent framework for 

photovoltaic enhancement. 

The first part of the thesis develops a planar luminescent down-shifting architecture based on ligand-

assisted reprecipitation synthesized CsPbBr₃ quantum dots, APTES-mediated surface treatment, and 

PMMA film integration for crystalline silicon mini-modules. This work addresses the practical gap 

between the excellent optical properties of perovskite quantum dots and their stable implementation 

in a device-relevant coating geometry. The results show that APTES-mediated treatment improves 

photoluminescence behaviour and recombination characteristics, while the PMMA-integrated 

coating produces measurable enhancement in current density and power conversion efficiency. These 

findings demonstrate the feasibility of surface-engineered perovskite quantum-dot coatings as 

external spectral-management layers for silicon photovoltaics, while also highlighting the need for 

further durability studies and more complete mechanistic separation of luminescent conversion from 

other front-optical effects.  

The second part examines plasmon-assisted photoluminescence enhancement in CdSe/CdS core-shell 

quantum-dot films coupled with Au nanoparticles deposited by magnetron sputtering. The problem 

addressed here is the lack of a controlled and reproducible strategy for tuning plasmon-exciton 

coupling in hybrid quantum-dot-metal systems. The novelty of this work lies in using sputter-

deposited Au nanoparticles together with a PMMA spacer layer to systematically study the 

relationship between nanoparticle morphology, separation distance, and emission response. The 

results show that spacer thickness is the critical parameter, with an intermediate separation of about 

25 nm providing the most favourable balance between photoluminescence enhancement and 
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quenching. This establishes a more controlled nanophotonic route for improving the radiative 

performance of colloidal quantum-dot films relevant to photovoltaic light management. 

The third part develops a high-resolution thermal forecasting framework for photovoltaic modules 

using long short-term memory networks. This work addresses the limitations of conventional physics-

based and non-sequential machine-learning models in capturing thermal inertia, temporal 

dependence, and nonlinear environmental interactions under outdoor conditions. The proposed 

LSTM model achieved strong predictive performance on real-world data, with MAE of 0.621 °C, 

RMSE of 0.863 °C, and R² of 0.998, outperforming benchmark physics-based models. Uncertainty 

quantification through Monte Carlo dropout and interpretability analysis using SHAP further showed 

that the framework is both accurate and physically meaningful. Overall, the thesis demonstrates that 

photovoltaic improvement can be pursued through complementary advances in spectral management, 

plasmonic control of quantum-dot emission, and intelligent thermal prediction, thereby contributing 

a multi-scale strategy for more efficient and better understood photovoltaic systems. 

Keywords: Photovoltaics; crystalline silicon solar cells; spectral mismatch; luminescent down-

shifting; CsPbBr3 quantum dots; surface passivation; plasmonic enhancement; gold nanoparticles; 

CdSe/CdS core-shell quantum dots; photoluminescence enhancement; photovoltaic module 

temperature; machine learning; long short-term memory networks; uncertainty quantification; SHAP 

explainability; thermal prediction 
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Abstract in Italian 

Questa tesi affronta due criticità ancora aperte nel miglioramento delle prestazioni fotovoltaiche: 

l’utilizzo inefficiente dei fotoni ad alta energia nelle celle solari in silicio cristallino e la difficoltà di 

prevedere con accuratezza gli effetti della temperatura sulle prestazioni dei moduli fotovoltaici in 

condizioni operative reali. Sebbene il silicio cristallino rappresenti ancora la tecnologia dominante 

nel settore fotovoltaico, la sua risposta ai fotoni ultravioletti e blu è limitata dalla ridotta profondità 

di assorbimento, dalla ricombinazione alla superficie frontale, dall’assorbimento parassita e dalle 

rapide perdite per termalizzazione. A livello di sistema, le prestazioni fotovoltaiche sono 

ulteriormente condizionate dalla temperatura del modulo, che influenza direttamente la tensione, 

l’efficienza, la stabilità operativa e la degradazione a lungo termine. 

In questo contesto, la tesi studia strategie di miglioramento sia a livello fotonico sia a livello di sistema 

attraverso tre studi collegati: rivestimenti luminescenti down-shifting basati su quantum dots di 

CsPbBr₃ per fotovoltaico in silicio, incremento dell’emissione di quantum dots assistito da plasmoni, 

e previsione sequenziale della temperatura dei moduli fotovoltaici. La novità centrale della tesi 

consiste nel collegare l’ingegneria ottica su scala nanometrica con l’intelligenza predittiva termica 

all’interno di un quadro coerente per il miglioramento delle prestazioni fotovoltaiche. 

La prima parte della tesi sviluppa un’architettura planare di luminescent down-shifting basata su 

quantum dots di CsPbBr₃ sintetizzati mediante ligand-assisted reprecipitation, trattamento 

superficiale mediato da APTES e integrazione in film di PMMA per mini-moduli in silicio cristallino. 

Questo lavoro affronta il divario pratico tra le eccellenti proprietà ottiche dei quantum dots 

perovskitici e la loro implementazione stabile in una geometria di rivestimento rilevante per il 

dispositivo. I risultati mostrano che il trattamento mediato da APTES migliora il comportamento di 

fotoluminescenza e le caratteristiche di ricombinazione, mentre il rivestimento integrato in PMMA 

produce un miglioramento misurabile della densità di corrente e dell’efficienza di conversione di 

potenza. Questi risultati dimostrano la fattibilità di rivestimenti esterni per la gestione spettrale basati 

su quantum dots perovskitici ingegnerizzati superficialmente per il fotovoltaico in silicio, 

evidenziando al tempo stesso la necessità di ulteriori studi di durabilità e di una separazione 

meccanicistica più completa tra conversione luminescente e altri effetti ottici frontali. 

La seconda parte esamina l’incremento della fotoluminescenza assistito da plasmoni in film di 

quantum dots core-shell CdSe/CdS accoppiati con nanoparticelle d’oro depositate mediante 

sputtering magnetronico. Il problema affrontato riguarda la mancanza di una strategia controllata e 

riproducibile per regolare l’accoppiamento plasmone-eccitone in sistemi ibridi quantum dot-metallo. 

La novità di questo lavoro consiste nell’utilizzo di nanoparticelle d’oro depositate mediante sputtering 

insieme a uno strato spaziatore di PMMA per studiare sistematicamente la relazione tra morfologia 
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delle nanoparticelle, distanza di separazione e risposta emissiva. I risultati mostrano che lo spessore 

dello spaziatore è il parametro critico, con una separazione intermedia di circa 25 nm che fornisce il 

miglior equilibrio tra incremento della fotoluminescenza e quenching. Questo studio stabilisce quindi 

una via nanofotonica più controllata per migliorare le prestazioni radiative di film colloidali di 

quantum dots, rilevanti per la gestione della luce nel fotovoltaico. 

La terza parte sviluppa un framework ad alta risoluzione per la previsione termica dei moduli 

fotovoltaici mediante reti long short-term memory. Questo lavoro affronta i limiti dei modelli 

convenzionali basati sulla fisica e dei modelli di machine learning non sequenziali nel catturare 

inerzia termica, dipendenze temporali e interazioni ambientali non lineari in condizioni outdoor. Il 

modello LSTM proposto ha raggiunto elevate prestazioni predittive su dati reali, con MAE pari a 

0,621 °C, RMSE pari a 0,863 °C e R² pari a 0,998, superando i modelli fisici di riferimento. La 

quantificazione dell’incertezza mediante Monte Carlo dropout e l’analisi di interpretabilità tramite 

SHAP hanno inoltre dimostrato che il framework è non solo accurato, ma anche fisicamente 

significativo. 

Nel complesso, la tesi dimostra che il miglioramento del fotovoltaico può essere perseguito attraverso 

progressi complementari nella gestione spettrale, nel controllo plasmonico dell’emissione dei 

quantum dots e nella previsione termica intelligente. In questo modo, il lavoro contribuisce a una 

strategia multi-scala per sistemi fotovoltaici più efficienti e meglio compresi. 
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LDS Luminescent Down-Shifting 

LSC Luminescent Solar Concentrator 

LSPR Localized Surface Plasmon Resonance 

LSTM Long Short-Term Memory 

MAE Mean Absolute Error 

MEF Metal-Enhanced Fluorescence 

ML Machine Learning 

NIR Near-Infrared 

NSET Nanometal Surface Energy Transfer 

OA Oleic Acid 

OAm Oleylamine 

PCE Power Conversion Efficiency 

PERC Passivated Emitter and Rear Cell 

PL Photoluminescence 

PLQY Photoluminescence Quantum Yield 

PMMA Poly(methyl methacrylate) 

PV Photovoltaic 

Si-QD Silane-treated Quantum Dots 

QDs Quantum Dots 

R² Coefficient of Determination 
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Abbreviation Full Form 

RMSE Root Mean Square Error 

SAPM Sandia Array Performance Model 

SEM Scanning Electron Microscopy 

SHAP SHapley Additive exPlanations 

SHJ Silicon Heterojunction 

Si Silicon 

SiO₂ Silicon Dioxide 

STC Standard Test Conditions 

TCO Transparent Conductive Oxide 

TEM Transmission Electron Microscopy 

TEOS Tetraethyl Orthosilicate 

TOPCon Tunnel Oxide Passivated Contact 

TRPL Time-Resolved Photoluminescence 

UV Ultraviolet 

UV-Vis Ultraviolet-Visible Spectroscopy 

Voc Open-Circuit Voltage 

XPS X-ray Photoelectron Spectroscopy 

XRD X-ray Diffraction 
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Executive Summary 

This thesis addresses two persistent and practically significant challenges in photovoltaic research, 

the limited utilization of high-energy photons in crystalline silicon solar cells and the difficulty of 

accurately predicting module temperature under real operating conditions. Although crystalline 

silicon remains the dominant photovoltaic technology, its conversion of ultraviolet and short-

wavelength visible photons is constrained by shallow absorption depth, front-surface recombination, 

parasitic absorption, and thermalization losses. In parallel, photovoltaic module temperature plays a 

central role in determining voltage output, conversion efficiency, operating stability, and long-term 

degradation. Within this context, the thesis develops a multi-scale framework for photovoltaic 

improvement by combining nanoscale optical engineering with data-driven thermal prediction.  

The work is organized around three complementary research studies. The first study investigates 

luminescent down-shifting coatings based on CsPbBr₃ quantum dots for crystalline silicon mini-

modules. A planar coating architecture was developed by combining ligand-assisted reprecipitation 

synthesis, APTES-mediated surface treatment, and PMMA film integration. This approach was 

designed to improve the optical utilization of high-energy photons without modifying the underlying 

silicon junction. The results indicate that surface treatment improves photoluminescence behavior 

and recombination characteristics, while the polymer-integrated coating leads to measurable 

enhancement in current density and power conversion efficiency. These findings support the 

feasibility of surface-engineered perovskite quantum-dot coatings as external spectral-management 

layers for silicon photovoltaics, while also indicating the need for continued work on long-term 

stability and deeper mechanistic separation of luminescent and non-luminescent optical effects. 

The second study examines plasmon-assisted photoluminescence enhancement in CdSe/CdS core-

shell quantum-dot films coupled with gold nanoparticles deposited by magnetron sputtering. The 

purpose of this work was to establish a more controlled and reproducible nanophotonic platform for 

tuning plasmon-exciton interaction. Particular attention was given to the influence of nanoparticle 

morphology and the thickness of the dielectric spacer layer. The results show that spacer thickness is 

the dominant design parameter, with an intermediate PMMA separation producing the most favorable 

balance between photoluminescence enhancement and quenching. This study provides useful design 

insight into how localized plasmonic effects can be tuned in hybrid quantum-dot-metal systems and 

how such control may support broader light-management strategies relevant to photovoltaics. 

The third study develops a high-resolution framework for photovoltaic module temperature 

prediction using long short-term memory networks. In contrast to conventional steady-state or static 

empirical approaches, the proposed model is able to capture thermal inertia, sequential dependence, 

and nonlinear interactions among environmental variables under outdoor conditions. The model 
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achieved strong predictive performance and was further strengthened through uncertainty 

quantification using Monte Carlo dropout and interpretability analysis using SHAP. This part of the 

thesis demonstrates that sequence-based machine learning can provide both accurate and physically 

meaningful thermal prediction, with relevance to photovoltaic performance analysis, operational 

intelligence, and future digital-twin development. 

Taken together, the thesis demonstrates that photovoltaic improvement can be pursued through 

complementary advances at different scales. The optical studies focus on photon management through 

luminescent down-shifting and plasmon-assisted emission control, while the thermal study addresses 

predictive understanding of photovoltaic behavior under real environmental conditions. Although 

these research strands are methodologically distinct, they are united by the broader objective of 

improving photovoltaic efficiency, reliability, and scientific understanding. The thesis therefore 

contributes a coherent multi-scale perspective in which materials engineering, optical control, and 

predictive modeling are treated as mutually relevant pathways toward more efficient and better 

understood photovoltaic systems. 

In summary, the thesis makes three principal contributions. First, it demonstrates a practical route for 

integrating surface-engineered perovskite quantum dots into polymer-based coatings for crystalline 

silicon photovoltaics. Second, it establishes controlled spacer-dependent plasmonic design principles 

for the enhancement of quantum-dot emission. Third, it presents an interpretable and uncertainty-

aware LSTM-based framework for photovoltaic module temperature prediction. Collectively, these 

contributions position the thesis as a scientifically grounded and application-oriented study that links 

photon-level enhancement with system-level predictive intelligence in photovoltaic research. 
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Chapter.1  Introduction 

1.1. Global Energy Context and Photovoltaics 

The decarbonization of global energy systems represents one of the most pressing scientific and 

technological challenges of the twenty-first century. Photovoltaics (PV) has emerged as a cornerstone 

technology in this transition, driven by continuous reductions in cost, scalability of deployment, and 

compatibility with distributed generation systems. Recent global energy assessments indicate that 

solar PV is now the fastest-growing electricity generation technology, surpassing all other sources in 

annual capacity additions[1], [2]. 

 

Figure 1-1: Schematic illustration of the global growth of solar photovoltaics and the increasing 

challenge of achieving further efficiency gains in mature photovoltaic technologies 

Despite this rapid growth, the technological trajectory of PV is entering a phase where incremental 

efficiency gains are increasingly difficult to achieve. Crystalline silicon (c-Si) solar cells, which 

dominate the market, have benefited from decades of optimization, resulting in highly mature device 

architectures such as PERC, TOPCon, and heterojunction systems. These architectures, as shown in 

Figure 1.2, have achieved efficiencies exceeding 26%, approaching the practical limits imposed by 

fundamental thermodynamic constraints [3], [4].  
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Figure 1-2: Schematic representation of advanced crystalline silicon solar cell architectures, 

PERC, TOPCon, and heterojunction, highlighting their layer structures and efficiency potential 

above 25% 

This saturation of conventional improvement pathways has led to a paradigm shift in recent research. 

Rather than focusing exclusively on charge transport and junction engineering, increasing attention 

is being directed toward photon management strategies, where the incident solar spectrum itself is 

modified or manipulated prior to absorption. This shift reflects a broader recognition that future 

efficiency improvements in silicon photovoltaics are unlikely to arise solely from electronic 

optimization, but rather from integrated optical and material innovations [5].  

1.2. Limits of Conventional Silicon Solar Cells 

The performance limits of silicon solar cells are fundamentally governed by the detailed balance 

framework, which defines the maximum achievable efficiency based on radiative recombination and 

spectral absorption constraints. Within this framework, three dominant loss mechanisms persist: 

thermalization losses, transmission losses, and recombination losses [6], [7]. 

Thermalization losses arise from the rapid relaxation of charge carriers generated by high-energy 

photons, leading to dissipation of excess energy as heat. Transmission losses occur due to the inability 

of silicon to absorb photons with energies below its bandgap. While these two loss channels are 

intrinsic to the material, recombination losses, particularly at surfaces and interfaces, are strongly 

influenced by device design and processing conditions. Recent studies highlight that, even in 

advanced architectures with optimized passivation, recombination losses remain non-negligible, 

especially for carriers generated near the front surface [8]. This limitation is exacerbated by the 

indirect bandgap of silicon, which inherently leads to weak absorption near the band edge and 

inefficient utilization of high-energy photons [9]. 
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Importantly, conventional strategies such as improved passivation, light trapping, and contact 

engineering primarily address recombination and absorption efficiency within the device but do not 

fundamentally resolve spectral mismatch. As a result, these approaches are approaching diminishing 

returns, reinforcing the need for external spectral engineering strategies that operate independently of 

the internal device physics [10]. 

1.3. Spectral Mismatch and Ultraviolet Losses 

Spectral mismatch between the solar irradiance spectrum and the absorption characteristics of silicon 

remains a critical bottleneck in photovoltaic performance, as shown in Figure 1.3. In particular, 

ultraviolet (UV) photons (λ < 400 nm) present a dual challenge: while they carry high energy, their 

contribution to electrical output is disproportionately low due to rapid thermalization and enhanced 

recombination as shown in the figure.  

 

Figure 1-3: Comparison of the AM1.5G solar spectrum and the usable spectral range of a crystalline 

silicon solar cell  [Reproduced from [11]] 

Recent investigations demonstrate that UV photons are absorbed within an extremely shallow region, 

typically within the first tens of nanometers of the silicon surface [12]. This region is highly 

susceptible to recombination due to surface states and imperfect passivation, leading to significant 

carrier losses. Consequently, the external quantum efficiency in the UV region remains substantially 

lower than in the visible spectrum. Moreover, system-level considerations further exacerbate these 

losses. Encapsulation materials, including glass and polymeric layers, introduce additional 

attenuation through absorption and scattering of UV photons [13]. This implies that a non-negligible 

portion of the solar spectrum is either lost before reaching the active layer or inefficiently converted 

once absorbed. 
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While these limitations are well recognized, conventional mitigation strategies remain insufficient. 

This has led to renewed interest in spectral conversion techniques, particularly luminescent down-

shifting (LDS), which aim to convert high-energy photons into wavelengths more effectively utilized 

by silicon. However, the practical implementation of such approaches remains constrained by 

material inefficiencies and integration challenges [13], [14], [15]. 

1.4. Role of Nanomaterials in Photovoltaics 

Nanomaterials offer a fundamentally different approach to addressing spectral mismatch by enabling 

direct manipulation of light–matter interactions at subwavelength scales. Their size-dependent optical 

properties and strong electromagnetic confinement effects provide unique opportunities for 

enhancing absorption, emission, and energy transfer processes [16]. 

In recent years, there has been a clear shift toward integrating nanomaterials as externally applied 

functional layers, rather than embedding them within the active junction. This strategy minimizes 

disruption to charge transport while enabling independent optimization of optical properties [17]. 

However, despite extensive research, a critical limitation persists. Many nanophotonic approaches 

demonstrated at the laboratory scale rely on complex fabrication techniques, lack reproducibility, or 

are incompatible with large-area processing. As highlighted in recent studies, scalability remains one 

of the primary barriers to the practical implementation of nanomaterial-based spectral management 

strategies [18]. 

This tension between optical performance and manufacturability underscores the need for approaches 

that combine nanoscale precision with scalable fabrication techniques [19], a challenge that remains 

insufficiently addressed in current literature. 

1.5. Quantum Dots for Spectral Conversion 

Quantum dots (QDs) have emerged as one of the most promising classes of nanomaterials for spectral 

conversion due to their tunable optical properties and high photoluminescence efficiency. Their 

ability to absorb high-energy photons and re-emit at longer wavelengths makes them particularly 

suitable for luminescent down-shifting applications [20]. Core–shell systems such as CdSe/CdS 

provide a robust platform for achieving high photoluminescence quantum yield through effective 

passivation of surface states. These systems have been extensively studied for their well-defined 

excitonic behavior and stability [21]. However, their practical implementation in photovoltaic 

systems is often limited by toxicity concerns and challenges in large-scale processing [22]. 

In contrast, all-inorganic perovskite quantum dots, particularly CsPbBr₃, have demonstrated 

exceptional optical properties, including high PLQY and strong absorption in the UV region. Recent 

advances in surface passivation and ligand engineering have significantly improved their stability, 
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addressing one of the key limitations of perovskite materials [23], [24]. Nevertheless, critical 

challenges remain. Reabsorption losses in dense QD films, instability under prolonged illumination, 

and sensitivity to environmental conditions continue to limit their performance. These issues 

highlight the need for integrated material and structural optimization strategies, rather than isolated 

improvements in QD synthesis [25]. 

1.6. Plasmonics for Optical Enhancement 

Plasmonic nanostructures provide an alternative pathway for enhancing light–matter interactions 

through localized surface plasmon resonance (LSPR), which enables strong electromagnetic field 

confinement at the nanoscale [26]. When coupled with quantum emitters, plasmonic nanoparticles 

can enhance excitation rates and modify radiative decay processes, leading to increased emission 

intensity. However, the interaction between plasmonic structures and quantum dots is inherently 

complex, involving competing mechanisms such as near-field enhancement, Purcell enhancement, 

and nonradiative energy transfer [27]. Recent work emphasizes that the spatial separation between 

quantum dots and plasmonic nanoparticles is the key parameter governing this interaction, with 

optimal performance achieved only within a narrow distance window. However, achieving such 

precise control in scalable systems remains a significant challenge [28], [29]. 

1.7. Luminescent Down-Shifting (LDS) 

Luminescent down-shifting represents a conceptually simple yet practically challenging approach to 

spectral management. By converting high-energy photons into wavelengths better matched to the 

absorption spectrum of silicon, LDS can reduce thermalization losses and improve device 

performance [29]. While quantum dots are ideal candidates for LDS due to their tunable emission 

and high absorption coefficients, their integration into functional devices introduces additional 

complexities. In particular, achieving high PLQY in solid-state films, minimizing reabsorption losses, 

and ensuring long-term stability remain unresolved challenges[30]. Furthermore, many reported LDS 

systems demonstrate optical improvements under controlled conditions but fail to translate these 

gains into significant device-level efficiency enhancements. This discrepancy highlights a critical gap 

between material-level performance and system-level impact, which remains insufficiently addressed 

in current research [15]. 

1.8. Machine Learning in Photovoltaics 

Machine learning (ML) has become an increasingly important tool in photovoltaic research because 

PV systems operate under nonlinear, time-dependent, and weather-driven conditions that are difficult 

to describe fully using simplified analytical or empirical models. As PV deployment expands across 

distributed and utility-scale systems, ML is being used not only for power forecasting, but also for 
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fault diagnosis, degradation analysis, predictive maintenance, and thermal modeling. In this sense, 

ML in photovoltaics is not merely a computational alternative, but a practical framework for 

extracting predictive insight from complex operating data [31]. 

Among these applications, forecasting is the most established, since accurate prediction of PV 

behavior is essential for grid integration, dispatch planning, storage management, and operational 

reliability [32]. Because PV output depends on coupled variations in irradiance, air temperature, wind 

speed, seasonality, and local environmental effects, conventional statistical approaches often struggle 

to represent the resulting nonlinear dynamics. ML and deep learning methods have therefore been 

increasingly adopted to improve short-term and day-ahead prediction accuracy, particularly under 

rapidly changing weather conditions. At the same time, diagnostic applications of ML have become 

important for identifying faults, anomalies, and degradation signatures that may not be 

distinguishable from normal environmental variability using rule-based approaches alone [33]. 

Within this broader landscape, thermal prediction has emerged as a particularly significant area 

because module temperature directly influences voltage, efficiency, operating stability, and long-term 

degradation. Unlike power alone, temperature also acts as an intermediate state variable that links 

environmental forcing to device response. However, PV module temperature is governed by a 

coupled interaction among irradiance, ambient temperature, wind speed, infrared exchange, mounting 

configuration, and thermal inertia, making high-resolution prediction difficult under realistic field 

conditions [34]. This is especially relevant to the present thesis, where photovoltaic performance is 

considered not only from the perspective of optical enhancement, but also from the viewpoint of 

predictive system behavior under real operating environments. 

A critical reason why ML is effective for this problem is that photovoltaic data are inherently 

temporal. Variables such as irradiance, module temperature, and power evolve as sequences, and their 

present values depend not only on current weather conditions but also on recent system history. This 

is particularly important for temperature prediction, where delayed thermal response and cumulative 

heat exchange effects are physically meaningful. Sequence-learning methods, especially long short-

term memory (LSTM) networks, are therefore well suited to PV applications because they can capture 

temporal dependencies, lag effects, and nonlinear interactions more effectively than static regressors 

[35]. 

For this thesis, ML is not introduced as an isolated computational topic, but as the system-level 

extension of the broader research framework. Just as nanoscale optical engineering is used to improve 

photon utilization through quantum dots, plasmonics, and luminescent down-shifting, data-driven 

modeling is used to improve predictive understanding of PV behavior under dynamic environmental 

conditions. In this way, the thesis connects material-level and optical-level enhancement strategies 
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with intelligent system-level analysis. The machine-learning component, particularly the use of 

sequence-based thermal prediction, therefore represents the predictive counterpart of the 

experimental work, extending the thesis from optical and material design toward data-driven 

interpretation and optimization of photovoltaic performance 

1.9. Research Motivation 

The motivation for this thesis arises from a convergence of unresolved challenges in silicon 

photovoltaics at both the device and system levels. Although crystalline silicon remains the dominant 

photovoltaic technology, it does not utilize the ultraviolet and blue region of the solar spectrum 

efficiently. High-energy photons are absorbed very close to the front surface, where reflection, 

parasitic absorption, and surface recombination losses are more pronounced, and any excess photon 

energy above the bandgap is rapidly dissipated through thermalization. As a result, part of the incident 

solar resource is not converted as effectively as the visible and near-infrared portion of the spectrum. 

Recent work on luminescent down-shifting for silicon heterojunction devices, together with a 2025 

review of QD-enabled down-shifting and down-conversion, reinforces that short-wavelength spectral 

mismatch remains a meaningful opportunity for external photon-management strategies in silicon PV 

[36]. 

Quantum dots provide a compelling response to this limitation because they can convert high-energy 

photons into lower-energy photons that are better matched to the spectral response of silicon. Their 

suitability comes from quantum-confinement-driven tunability, strong absorption in the UV-blue 

region, and the possibility of engineering emission wavelength, Stokes shift, and photoluminescence 

efficiency through size, composition, and surface chemistry. In practical terms, this makes QDs 

attractive as luminescent down-shifting materials that can be integrated as external coatings without 

redesigning the silicon junction itself. Recent studies on core-shell QD LDS layers and broader 

reviews of QD-based spectral conversion both show that such materials can regulate UV-region 

spectral mismatch and improve photovoltaic utilization when optical losses are controlled [37].  

A further motivation comes from the fact that QD emission is not fixed solely by the nanocrystal 

itself, but can be modified by its optical environment. In particular, plasmonic nanostructures 

supporting localized surface plasmon resonance, LSPR, can generate intense near fields and alter 

excitation and radiative-decay behavior in nearby emitters. When plasmon resonance is properly 

aligned with QD absorption or emission, and when the metal-QD spacing is carefully controlled, the 

result can be stronger photoluminescence and improved optical coupling. Recent reviews of LSPR 

engineering and plasmon-coupled QD systems emphasize that these enhancements originate from 

field localization, scattering, and modified excitonic decay pathways, while also noting that poor 

spectral or spatial matching can lead to quenching instead of enhancement. This makes plasmonic 
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coupling a rational next step after basic QD spectral conversion, namely, not only converting high-

energy photons, but also intensifying the efficiency of the conversion process itself [38]. 

 At the system level, photovoltaic performance is also strongly constrained by thermal conditions. 

Module temperature affects efficiency directly, mainly through voltage loss, and also influences long-

term reliability, degradation, and lifetime. Because operating temperature is governed by irradiance, 

ambient temperature, wind, mounting conditions, and thermal inertia, it varies dynamically under 

outdoor conditions and cannot be treated as a simple secondary variable. Recent reviews and 

forecasting studies show that PV temperature prediction is increasingly recognized as essential for 

performance assessment, plant management, and lifetime-aware operation. In other words, a 

photovoltaic system may be optically improved at the material level, but its real-world benefit still 

depends on how temperature evolves during operation [39]. 

This leads directly to the final motivation of the thesis, accurate thermal forecasting as an enabler of 

smart PV operation. Data-driven models can use environmental and operational time-series data to 

estimate module temperature more accurately than simple static correlations, thereby supporting 

forecasting, diagnostics, anomaly detection, and more informed control strategies. This is particularly 

important because PV systems are inherently dynamic, with current behavior shaped by recent 

irradiance history, thermal buildup, and environmental transients. Recent PV temperature-prediction 

studies and broader ML reviews show that time-aware and sequence-based learning frameworks are 

especially valuable for capturing these nonlinear temporal dependencies [35].  

Therefore, the motivation of this thesis is not limited to material enhancement alone, but extends to 

intelligent prediction, where optical management and predictive modeling are treated as 

complementary routes toward higher-performance and smarter photovoltaic systems. In this context, 

the three works unified in this thesis address one common objective from complementary directions: 

first, to recover underutilized high-energy photons in silicon photovoltaics through QD-based 

luminescent down-shifting, second, to amplify QD optical performance through plasmonic coupling, 

and third, to improve system-level efficiency awareness and operational intelligence through accurate 

thermal prediction. Together, these themes form a coherent research pathway linking nanoscale 

photon management with data-driven photovoltaic intelligence [30].  

1.10. Research Gap and Thesis Objectives 

1.10.1 Research gap 

The research gap addressed in this thesis arises from two complementary, but methodologically 

distinct, limitations in current photovoltaic research. 
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The first limitation concerns optical management in silicon photovoltaics. Although crystalline silicon 

remains the dominant PV technology, it still utilizes ultraviolet and blue photons inefficiently because 

of front-surface losses, shallow absorption depth, and thermalization. The first paper shows that 

perovskite quantum dots are promising for luminescent down-shifting, but that a practical gap 

remained in developing a planar LDS architecture that combines LARP-synthesized CsPbBr₃ 

quantum dots, APTES-based surface passivation, and PMMA integration specifically for crystalline 

silicon solar cells. Existing studies had mainly relied on EVA matrices, conventional ligand systems, 

or non-photovoltaic applications, leaving limited work on this particular materials and coating 

configuration. The same study further indicates that APTES passivation improves photoluminescence 

efficiency and recombination behavior, while the PMMA-based LDS coating yields measurable 

current and efficiency enhancement on silicon mini-modules. However, the paper also makes clear 

that further validation of the LDS mechanism and long-term durability remains necessary. 

A related, but separate, optical gap is addressed in the second paper. Quantum dots suitable for down-

shifting and light management often remain limited by non-radiative recombination, 

photoluminescence quenching, and insufficient excitation efficiency. The plasmonic study shows that 

while Au nanoparticle assisted photoluminescence enhancement is known in the broader literature, 

the use of magnetron-sputtered Au nanoparticles for controlled enhancement of CdSe/CdS core-shell 

quantum dot films had not been systematically established. This is important because reproducible 

plasmonic enhancement depends strongly on nanoparticle morphology and QD-metal spacing. The 

paper demonstrates that magnetron sputtering offers improved morphological control, and that the 

spacer layer is a decisive parameter, with maximum enhancement observed at about 25 nm PMMA 

thickness, whereas shorter separations favor quenching. Thus, the second gap is not direct 

photovoltaic coating integration, but nanoscale optimization of plasmon-exciton coupling for 

enhancing the radiative performance of quantum dots relevant to spectral-conversion applications. 

The third gap addressed in the thesis belongs to a different research stream, photovoltaic thermal 

prediction. Unlike the first two papers, which are centered on optical materials and nanophotonics, 

the third paper focuses on system-level predictive intelligence. It identifies that PV module 

temperature, despite being a critical determinant of efficiency, voltage behavior, and degradation, is 

still less studied than power or irradiance forecasting. It also shows that many existing approaches do 

not explicitly represent temporal thermal inertia and often lack uncertainty quantification and 

interpretability. The study addresses this by comparing physics-based and machine-learning 

approaches and showing that sequence-based LSTM models provide superior thermal forecasting 

accuracy under real-world operating conditions. 
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Accordingly, the thesis is unified not by one single narrow gap, but by a broader need to improve 

photovoltaic performance at two levels. The first two studies address photon-level enhancement 

through quantum-dot based spectral conversion and plasmon-assisted emission control. The third 

study addresses operational-level enhancement through accurate and interpretable thermal 

forecasting. Together, they establish a thesis framework that links optical management with predictive 

intelligence, while preserving the methodological distinction between these two research directions. 

1.10.2 Thesis objectives 

The overall aim of this thesis is to investigate complementary material-level and system-level 

strategies for improving photovoltaic performance.  

The specific objectives are: 

1. To develop and investigate CsPbBr₃ quantum-dot based luminescent down-shifting coatings 

for crystalline silicon solar cells. 

2. To examine the effect of APTES-mediated surface passivation and PMMA embedding on the 

structural, optical, and photovoltaic performance of CsPbBr₃ quantum-dot LDS layers. 

3. To evaluate the feasibility of planar perovskite QD-based LDS coatings as external spectral-

management layers for silicon photovoltaics. 

4. To investigate plasmon-assisted photoluminescence enhancement in CdSe/CdS core-shell 

quantum-dot films using gold nanoparticles. 

5. To determine the influence of Au nanoparticle morphology and spacer-layer thickness on the 

balance between enhancement and quenching in QD-AuNP hybrid structures. 

6. To develop accurate predictive models for photovoltaic module temperature under real 

outdoor operating conditions. 

7. To compare physics-based, ANN-based, and sequence-learning models for PV thermal 

forecasting. 

8. To assess the importance of temporal dependence, thermal inertia, uncertainty quantification, 

and explainability in photovoltaic temperature prediction. 

9. To present an integrated thesis perspective in which optical photon-management research and 

predictive thermal intelligence are treated as complementary routes toward improved 

photovoltaic performance. 

1.11. Thesis Organization 

This thesis is organized into seven chapters. 
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Chapter 1 introduces the background, motivation, research gap, objectives, and scope of the thesis.  

Chapter 2 reviews the literature relevant to the thesis. It covers the fundamentals of photovoltaic 

devices, spectral mismatch, luminescent down-shifting, quantum dots as spectral converters, 

plasmon-assisted photoluminescence enhancement, and machine-learning approaches for 

photovoltaic thermal prediction. 

Chapter 3 presents the first research study on surface-passivated CsPbBr₃ quantum-dot coatings for 

luminescent down-shifting in crystalline silicon photovoltaics. It describes the synthesis, 

characterization, and photovoltaic evaluation of the coatings, with emphasis on the role of APTES 

treatment and PMMA integration. 

Chapter 4 presents the second research study on plasmonic enhancement of photoluminescence in 

CdSe/CdS core-shell quantum-dot films coupled with gold nanoparticles. It examines the influence 

of nanoparticle morphology and spacer thickness on the balance between enhancement and 

quenching. 

Chapter 5 presents the third research study on data-driven modelling of photovoltaic module 

temperature using long short-term memory networks. It discusses the dataset, model development, 

performance evaluation, uncertainty analysis, and interpretability of the proposed framework. 

Chapter 6 provides an integrated discussion of the thesis findings by linking the optical and thermal 

aspects of photovoltaic performance improvement explored in the previous chapters. 

Chapter 7 summarizes the main conclusions of the thesis, highlights its key contributions, and 

outlines recommendations for future research. 

This thesis does not claim that the optical and thermal studies are experimentally coupled in one 

device. Instead, it develops complementary strategies addressing photon utilization and temperature 

prediction as two major routes for improving PV performance 
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Chapter.2  Literature Review  

This chapter reviews the recent literature relevant to the three research strands developed in the thesis, 

quantum-dot based luminescent down-shifting for silicon photovoltaics, plasmonically modified 

quantum-dot emission, and data-driven photovoltaic thermal forecasting. Rather than treating these 

topics as unrelated subfields, the review is organized around the common question of how 

photovoltaic performance can be improved through better control of photon utilization and better 

prediction of field-relevant thermal behaviour. 

The review is deliberately selective. Its purpose is not to catalogue all work on quantum dots, 

plasmonics, or machine learning in photovoltaics, but to identify the specific conceptual and 

methodological gaps that justify the present study. For that reason, emphasis is placed on device 

relevance, film-state behaviour, interfacial engineering, stability after integration, and model 

trustworthiness under outdoor conditions. This framing is consistent with the current direction of the 

literature, where simple proof-of-concept gains are increasingly considered insufficient unless they 

are supported by realistic integration, durable operation, or operational interpretability. 

2.1. Fundamentals of photovoltaic devices 

2.1.1 Silicon solar cell structures and where modern performance comes from 

Crystalline silicon remains the dominant PV technology, but the internal device architecture has 

rapidly evolved in the past seven years, largely to reduce recombination and optical losses at contacts. 

Industry roadmaps and recent reviews document the mainstream industrial transition from Al-BSF 

toward PERC, and then toward n-type architectures such as TOPCon and silicon heterojunction 

(SHJ), with IBC architectures also growing in specific segments [40]. From a device-physics 

standpoint, the common direction is to decouple “good passivation” from “good conductivity” at 

contacts via passivating contact concepts (e.g., thin tunnel oxides with doped poly-Si) and 

heterojunction passivation (e.g., amorphous or nanocrystalline silicon layers). Reviews of crystalline 

silicon passivation strategies highlight that continued gains in silicon cell efficiency are now 

constrained by a smaller set of loss channels, particularly those associated with contacts, optical 

management at the front stack, and parasitic absorption in functional layers [41]. 

2.1.2 Efficiency parameters and device metrics used throughout this review 

For a solar cell under irradiance 𝐺 and device temperature 𝑇, the power conversion efficiency is 

 
𝜂 =

𝑃max

𝑃in

=
𝑉mp𝐼mp

𝐺𝐴
 

Eq. 1.1 
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and is commonly decomposed using 

 𝑃max = 𝑉oc𝐼sc FF Eq. 1.2 

where 𝑉oc encodes recombination and bandgap-related thermodynamics, 𝐼sc scales with absorbed 

photon flux and collection efficiency, and the fill factor (FF) is strongly shaped by resistive and 

recombination losses. Recent PV technology reviews and parameter-extraction studies stress that FF 

is often the most sensitive aggregate indicator of subtle resistive and recombination pathways (for 

example, contact resistance increases, shunt formation, and transport degradation) [42]. 

Optical-to-electrical conversion is routinely evaluated using external quantum efficiency (EQE), 

 
EQE(𝜆) =

collected charge carriers

incident photons at 𝜆
 

Eq. 1.3 

and integrals over EQE and the illuminant spectrum predict 𝐽sc. Recent methodological work links 

EQE to spectral mismatch correction, measurement best practice, and uncertainty in both single-

junction and tandem devices, which becomes especially important when spectral converters (such as 

LDS layers) are introduced [43].  

2.1.3 Temperature dependence of PV output 

Across silicon technologies, a recurring observation is that 𝐼sc tends to increase slightly with 

temperature (bandgap narrowing increases absorption near the band edge), while 𝑉oc decreases more 

strongly due to thermodynamic and recombination-related dependencies, yielding a net efficiency 

reduction at higher operating temperature. Device-specific studies have quantified temperature 

coefficients for modern architectures (e.g., TOPCon and SHJ), then analysed how temperature alters 

contact resistivity, passivation quality, saturation currents, and FF [44]. 

Recent field and reliability-oriented papers further highlight that temperature interacts with 

packaging, encapsulant chemistry, humidity exposure, and series resistance evolution, making cell 

temperature a key driver of both short-term performance loss and long-term degradation risk [45]. 

2.2. Optical losses and spectral mismatch in silicon solar cells 

As crystalline silicon devices approach practical passivation and contact limits, “optical current” 

becomes a dominant lever: the achievable 𝐽sc is increasingly dictated by reflection, shadowing, escape 

losses, and parasitic absorption in non-absorber layers (TCOs, doped layers, antireflection stacks, and 

encapsulation materials). Recent detailed analyses of record-efficiency SHJ devices show that layer-

by-layer optical loss decomposition is now sufficiently mature to define practical 𝐽sc limits and 

prioritise engineering interventions [46]. 
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2.2.1 UV loss mechanisms specific to silicon modules and front stacks 

Three classes of UV-related losses recur in recent literature. 

First, UV photons may be reflected at the air, glass, and coating interfaces, particularly when front 

optics are not optimised for 300 to 400 nm. Second, UV can be absorbed in the glass and in 

encapsulation polymers (or in UV-stabiliser additives), preventing UV photons from reaching the cell 

and altering the “available spectrum” that the cell experiences. Third, UV can accelerate 

discolouration and other photochemical degradation in encapsulation materials, which subsequently 

increases longer-wavelength absorption and scattering losses [47].  

The practical implication is that UV losses are not only a spectral mismatch issue, they also potentially 

become a reliability accelerator via packaging optics and chemistry, so UV management strategies 

must be evaluated at the laminate and module level, not just at the bare-cell level [48]. 

2.2.2 Surface recombination and short-wavelength response 

In crystalline silicon, high-energy photons are absorbed very near the surface, so carrier collection 

for UV and blue photons is disproportionately sensitive to surface and emitter recombination. 

Contemporary passivation reviews emphasise that reducing surface recombination velocity and 

controlling interface defect density remain central to extracting short-wavelength current, especially 

as wafer thicknesses decrease and as front stacks become more complex (for example, in SHJ or 

passivating-contact designs) [41]. 

2.2.3 Parasitic absorption in non-active layers  

Beyond reflection, parasitic absorption in transparent conductive oxides and near-surface layers 

increasingly sets a ceiling on silicon current generation. Recent work has tackled this from two 

complementary directions: (i) materials and process engineering for more transparent TCOs and 

functional layers, and (ii) optical modelling frameworks that represent parasitic absorption in a way 

that is both physically meaningful and usable for device optimisation [16]. 

This is directly connected to spectral conversion concepts, because LDS layers are often motivated 

by the desire to “recover” photons that are otherwise lost in those parasitically absorbing front layers 

[17]. 

2.2.4 Spectral response mismatch and spectral variability  

Even with standard reporting under AM1.5 reference spectra, real-world spectra vary with aerosol 

loading, air mass, humidity, cloud microphysics, and angular distribution of diffuse light. Recent 

studies quantify how spectral mismatch becomes a hidden uncertainty source in PV energy yield and 
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power forecasting, and they also motivate spectral correction methods that use measured or modelled 

spectra together with device EQE [18]. 

At the metrology level, there is renewed emphasis on spectral mismatch correction during device 

characterisation, including the use of EQE-informed correction methods and modern test systems 

(LED-based solar simulators) that can more tightly control spectral shape [49]. 

2.3. Luminescent down-shifting for photovoltaics 

2.3.1 Principle of LDS and why it targets silicon’s weak spectral regions  

Luminescent down-shifting places an optically active layer above (or within) the PV front stack that 

absorbs higher-energy photons (commonly UV) and re-emits lower-energy photons (commonly 

visible) that the underlying solar cell converts more efficiently. Recent spectral modification reviews 

frame LDS as a pragmatic complement to tandem architectures: it leaves the silicon device 

electrically unchanged but aims to increase usable photon flux in spectral regions limited by surface 

recombination or parasitic absorption [50]. LDS layers can also contribute through secondary optical 

effects such as scattering and refractive-index matching, which can reduce reflection or redistribute 

optical path lengths. This coupling between luminescent conversion and classical light management 

is repeatedly observed as a confounding but exploitable feature in experimental studies [51]. 

2.3.2 Key requirements for effective LDS materials  

The recent literature converges on a multi-constraint design space: 

Absorption must be strong in the target high-energy region but weak in the region where the PV 

already performs well, to avoid stealing useful photons. The emission spectrum must align with high 

EQE of silicon, which typically favours the visible and near-infrared. The layer must have high 

photoluminescence quantum yield (PLQY) under the relevant excitation conditions, maintain optical 

clarity to avoid scattering losses that do not help trapping, and remain stable against UV, heat, oxygen, 

and moisture over module lifetimes. Finally, processing and materials compatibility with 

encapsulants, cover glass, and silicon cell metallisation are required to avoid new reliability problems 

[52].  

2.3.3 Stokes shift, self-absorption, and why “spectral separation” dominates LDS scaling  

A large Stokes shift, meaning significant separation between absorption and emission spectra, is a 

core requirement because self-absorption reintroduces loss via repeated absorption–emission cycles, 

nonradiative decay, and waveguiding or escape processes that do not return photons to the cell. This 

is particularly visible in luminescent solar concentrator (LSC) and LDS modelling papers, which 

show that reabsorption can become the dominant limiter when scaling thickness or lateral dimensions 
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[53]. A striking recent route to minimising reabsorption is quantum cutting (downconversion) 

architectures in which emission is pushed into the near-infrared (often via Yb³⁺), where intrinsic 

reabsorption can be negligible and PLQY can exceed 100% in photon number under appropriate 

conditions [53]. 

2.3.4 PLQY as the governing efficiency metric, and why it is fragile in films  

In laboratory demonstrations, near-unity PLQY can be achieved for some nanocrystal systems in 

solution, yet PLQY in solid films often drops due to aggregation, surface trap formation, ligand loss, 

or energy transfer to quenching centres. Recent stability-focused literature for perovskite nanocrystals 

shows that mitigating this “solution-to-solid penalty” generally requires either robust surface 

chemistry (stronger binding, cross-linking, or defect passivation), or physical encapsulation that 

prevents environmental exposure while controlling inter-particle spacing [54].  

2.3.5 Host matrices and integration strategies  

Polymer matrices (e.g., EVA in modules, PMMA in coatings) are widely used because they are 

processable and can act as diffusion barriers, but the polymer environment also sets refractive index, 

mechanical behaviour under thermal cycling, and sometimes chemical compatibility with QD 

ligands. In parallel, silica-rich encapsulation layers and mesoporous silica supports are actively 

researched because they can strongly improve moisture and thermal stability, though shell thickness 

and optical scattering must be controlled to preserve high effective PLQY and transparency [55]. 

2.3.6 Prior work on LDS for silicon solar cells, from laboratory cells to module-like stacks  

Several recent demonstrations illustrate both promise and constraints: 

Silicon QDs have been applied as LDS coatings on polycrystalline silicon cells, with reported 

improvements attributed to combined UV conversion and reflectance reduction, and with 

encapsulation sometimes improving effect stability [56]. Carbon dots have been anchored on anti-

reflection silica layers to form a “top-side” LDS approach that avoids the UV filtering imposed by 

glass and some encapsulants, underscoring the importance of layer placement in the stack [57]. 

CsPbBr₃ perovskite QDs have been integrated as down-shifting and antireflection hybrid structures 

on multicrystalline silicon, providing a representative perovskite-QD LDS pathway directly 

compatible with silicon-cell formats [51]. More module-relevant integration trends include EVA-

based perovskite QD composite films for silicon solar cells, where interface engineering and stability 

under heat become dominant design constraints rather than initial PLQY alone [58].  
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2.4. Quantum dots as spectral converters 

2.4.1 QDs as attractive LDS emitters  

Quantum dots offer tunable absorption and emission through quantum confinement, and many classes 

can be engineered for high PLQY, narrow emission linewidth, and broad UV to visible absorption, 

making them natural candidates for LDS and spectral matching. Recent reviews on QD-based LDS 

layers emphasise that the same tunability that benefits displays can be leveraged to match silicon’s 

spectral response, with the caveat that stability, toxicity, and film processing become decisive in PV 

contexts [15].  

2.4.2 Cadmium-based QDs (CdSe, CdTe, and core–shell variants)  

Cd-based QDs are photophysically mature: they can achieve high PLQY and controllable emission, 

and they have been applied as conversion and light-management layers in silicon-linked 

demonstrations. Recent experimental work on CdSe QD hybrid coatings for monocrystalline silicon 

reports efficiency improvements via a combined downconversion or down-shifting mechanism plus 

antireflection effects, illustrating how QDs can couple luminescence and optical-texture phenomena 

[59]. Nevertheless, cadmium toxicity and regulation, and the need for robust encapsulation to avoid 

environmental release, remain structural weaknesses in PV module contexts, where lifecycle and 

compliance constraints are stricter than in controlled optoelectronic environments. Recent literature 

increasingly treats these constraints as decisive when comparing cadmium-based QDs to less toxic 

alternatives [60].  

2.4.3 Carbon dots  

Carbon dots and carbon quantum dots are attractive due to lower elemental toxicity, low-cost 

precursors, and strong chemical tunability. Recent reviews summarize their photophysics, heteroatom 

doping strategies, and applications in optoelectronics and photovoltaics, while experimental papers 

report downconversion coatings designed to enhance silicon solar cell performance [61]. A recurring 

limitation is that many carbon dot systems exhibit broad emission and lower intrinsic absorption 

cross-sections compared to semiconductor QDs, and they may require careful optical design to avoid 

parasitic absorption or colour losses. The literature increasingly addresses this through matrix 

engineering, doping, and interface control to stabilise PL and improve quantum yields in films [62]. 

2.4.4 Lanthanides, including quantum cutting as a spectral conversion route  

Lanthanide-based converters can exploit narrow f–f transitions and, in some architectures, quantum 

cutting can yield more than one emitted photon per absorbed photon in photon-number terms. Recent 

studies and reviews focus on Yb³⁺-related downconversion and the conditions required to sustain high 
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effective PLQY, as well as integration pathways into solar technologies [63].The key disadvantages 

remain limited absorption cross-section in many lanthanide systems and the need for sensitisation 

(for example, using perovskite hosts or other absorbers), which can reintroduce stability and surface-

trap constraints [64]. 

2.4.5 Perovskite QDs  

Lead halide perovskite QDs combine strong absorption with narrow, tunable emission and potentially 

high PLQY. They have been used both as active photovoltaic absorbers (in perovskite QD solar cells) 

and as spectral converters or protective photonic layers. Recent reviews position them as a leading 

LDS class, but also highlight that instability under moisture, heat, light, and polar solvents remains a 

primary barrier to deployment [65]. Across these classes, the recent literature suggests a “tri-

constraint” for PV spectral converters: (i) optical merit (high PLQY, strong UV absorption, controlled 

Stokes shift), (ii) environmental and thermal stability in realistic stacks, and (iii) benignity and 

manufacturability at scale. Cd-based QDs often lead in optical maturity but lose on toxicity, carbon 

dots lead on benignity but may lag in spectral precision and PLQY without optimisation, lanthanides 

can offer quantum cutting but struggle with absorption and integration, while perovskite QDs lead in 

spectral power but lag in stability and lead management [15]. Table 2.1 gives a comparative 

assessment of LDS for crystalline silicon. 

Table 2-1: Comparative assessment of major luminescent down-shifting material classes 

Material 

class 

Typical strengths 

for LDS 

Typical weaknesses 

for LDS 

Stability outlook PV readiness 

outlook 

Perovskite 

QDs 

(CsPbX₃) 

Very high PLQY 

possible, narrow 

emission, 

adjustable visible 

colour, strong 

absorption [52].  

Environmental 

instability without 

robust shells or 

encapsulation, lead 

toxicity concerns, 

ligand loss in solids 

[53].  

Rapidly 

improving via 

silica and 

hierarchical 

shells, but 

module‑relevant 

ageing remains 

the decisive test 

[53].   

High potential if 

stability and 

lead‑handling 

barriers are 

addressed, 

especially for 

laminated films 

[54].  

Cd‑based 

core or 

High and 

well‑understood 

PLQY, strong UV 

Cadmium toxicity and 

compliance barrier, 

potential for parasitic 

Good 

photostability 

when 

Technically 

mature, but 

deployment 
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core–shell 

QDs 

to visible 

absorption, 

mature shell 

passivation, 

predictable film 

formation [49].  

absorption if 

absorption tails extend 

into visible [49].  

well‑passivated 

and embedded, 

but long‑term UV 

exposure and 

polymer ageing 

still matter [49].  

constrained by 

regulation and 

end‑of‑life 

considerations 

[48]. 

Carbon 

dots 

Low toxicity, 

chemical stability, 

potentially 

low‑cost synthesis 

and scalable 

processing [50].  

Broad, sometimes 

excitation‑dependent 

emission, variable 

PLQY and batch 

reproducibility, 

self‑absorption risk in 

thicker films.  

Generally strong 

chemical stability, 

but optical 

properties depend 

sensitively on 

surface chemistry 

and host [50]. 

Promising for 

benign coatings, 

but spectral 

precision and 

PLQY control 

remain limiting 

[48].  

Lanthanide 

phosphors 

and 

complexes 

Exceptional 

photostability and 

chemical 

robustness, 

narrow emission 

lines for chosen 

dopants [55].  

Weak absorption 

bands, often requires 

thick layers or 

sensitisation, 

scattering can 

dominate optical 

effects [56].  

Strong, often 

superior to QDs 

and dyes, suitable 

for long‑life 

module 

environments if 

optical coupling is 

solved [57].  

Potentially high 

if absorption and 

coupling 

constraints are 

addressed, most 

credible in robust 

thick‑film or 

composite [56]. 

Click or tap 

here to enter 

text. 

No single LDS material class dominates across PLQY, stability, and PV deployability. Perovskite 

QDs lead on optical potential but demand aggressive stability engineering, Cd‑based QDs provide a 

technically mature benchmark clouded by toxicity limits, carbon dots offer benign stability with less 

spectral precision, and lanthanides excel in durability but must overcome absorption limitations. This 

ranking motivates a thesis strategy that treats interface engineering and encapsulation as core 

scientific problems, not secondary packaging steps [66].  
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2.5. CsPbBr₃ and related perovskite quantum dots 

2.5.1 Structure and optical properties  

CsPbBr₃ belongs to the ABX₃ lead halide perovskite family and is frequently discussed in the context 

of bright green emission, narrow emission linewidth, and strong visible absorption. Recent 

experimental reports using ligand-assisted reprecipitation (LARP) and thin-film fabrication document 

characteristic absorption features and emission in the green region, with optical constants relevant to 

film optics [67]. Perovskite nanocrystals are often described as “defect tolerant” relative to many 

conventional semiconductors, yet the LDS application is particularly sensitive to surface trap states 

because nonradiative loss directly reduces PLQY and therefore net photon recycling into the silicon 

cell. Stability and surface-passivation reviews stress that “defect tolerance” does not remove the need 

for rigorous surface engineering in films and during environmental exposure [54].  

2.5.2 Synthesis routes  

In the recent literature, CsPbBr₃ QDs are commonly produced via hot-injection routes and via room-

temperature LARP, with the latter being appealing for scalable processing. Comparative discussions 

emphasize that the synthesis method affects size dispersion, ligand binding, defect density, and 

therefore emission linewidth and PLQY, which then conditions suitability for LDS layers [67]. 

Mechanochemical and solid-state routes, including growth in mesoporous silica confinement, have 

also been explored to enhance robustness by physically restricting growth and shielding the QDs from 

the environment, often yielding improved thermal and water stability [68]. 

2.5.3 Ligand chemistry as the stability and integration bottleneck  

Standard CsPbBr₃ QD syntheses often rely on oleic acid and oleylamine ligands, but a recurrent 

message in recent ligand studies is that these ligands can bind dynamically and their desorption or 

rearrangement during purification and film formation can introduce traps, aggregation, and 

instability. Within the past five years, zwitterionic ligands and cross-linkable ligand systems have 

been studied to stabilise nanocrystals while controlling charge transfer and film formation [69] . The 

optoelectronic implication is not trivial: ligand choice changes trap-mediated recombination, 

photoluminescence lifetime, and electron transfer rates to adjacent layers. This matters for LDS 

because it influences both emission efficiency and the probability that energy is lost nonradiatively 

at the QD surface or transferred into quenching substrates [70]. 

2.5.4 Instability issues relevant to PV deployment  

The dominant instabilities for CsPbBr₃ QDs include sensitivity to moisture and oxygen, degradation 

under light (including UV), and thermal instability that drives aggregation or phase changes. Recent 
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module-oriented LDS work explicitly highlights thermal aggregation and film deterioration at 

elevated temperatures as central constraints, because silicon modules routinely operate well above 25 

°C in the field [71].  

2.5.5 Encapsulation strategies  

Encapsulation and coating strategies have diversified substantially in the last seven years. 

Silica-based encapsulation, including APTES-derived silica shells, TEOS-based sol–gel coatings, 

mesoporous silica confinement, and multi-layer inorganic shells, is repeatedly reported to improve 

water and thermal stability while aiming to preserve high PLQY [55]. 

Polymer embedding, especially into PMMA or EVA, provides processable, optically transparent host 

matrices while offering a barrier to oxygen and moisture diffusion, although trade-offs arise in 

mechanical durability, thermal expansion mismatch, and possible photochemical ageing of the 

polymer [72]. Recent studies demonstrates multi-coating strategies, including hierarchical shells 

combining inorganic and polymeric layers, designed to lock nanocrystal surfaces and inhibit both 

degradation and toxic metal leakage, a key pivot toward technology translation [73]. 

2.5.6 Prior PV applications  

CsPbBr₃ and related perovskite QDs appear in PV research in two distinct roles. 

As photovoltaic absorbers, perovskite QD solar cells (often CsPbI₃-based but within the perovskite 

QD family) have demonstrated high-performance and flexible architectures, illustrating that QD films 

can be engineered for charge transport and mechanical endurance [65]. As spectral converters on 

silicon or related devices, recent work has demonstrated CsPbBr₃ QD LDS layers with combined 

down-shifting and antireflection effects on silicon, as well as EVA-compatible composite films that 

deliver absolute efficiency improvements and partial retention of gains after heating, which is crucial 

for module-relevant viability [51]. 

2.6. Surface chemistry, polymer integration, and plasmonics in quantum dot layers 

2.6.1 Role of ligands and interfacial control  

For LDS layers, ligands play multiple roles simultaneously: they passivate surface traps (supporting 

high PLQY), control inter-particle spacing (reducing aggregation quenching), and mediate 

compatibility with host matrices or coating chemistries. The recent literature shows that ligand design 

is also inseparable from charge and energy transfer at interfaces, even when the layer is not intended 

to conduct charge, because unwanted electronic coupling to adjacent oxides or metals can introduce 

nonradiative channels [70].  
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2.6.2 APTES and organosilicon chemistry in perovskite nanocrystal protection  

APTES has two valuable properties for perovskite nanocrystal composites: it can interact strongly 

with perovskite surfaces and it can hydrolyse and condense to form silica-like networks, enabling 

silica-rich protective interfaces. Recent mini-reviews describe APTES-based core–shell strategies, 

and mechanistic studies show that APTES can suppress trap-mediated recombination compared with 

conventional ligands, which is directly relevant to improving PLQY in films [55]. At the same time, 

recent electron-transfer studies demonstrate a key trade-off: cross-linked or strongly insulating 

ligands can suppress unwanted charge extraction (beneficial for avoiding quenching), but may also 

alter electronic coupling in ways that matter for adjacent functional layers (for example, when QDs 

interact with oxides). This underscores that “passivation for PL” and “compatibility with device 

stacks” are linked but not identical optimisation targets [70].  

2.6.3 Silica-rich interfaces and shell thickness effects  

Silica shells are widely used because they provide chemical and moisture resistance and can slow 

ligand loss, but shell thickness introduces optical and physical penalties if uncontrolled, including 

increased scattering, reduced absorption, or inhibited energy transfer into the cell. Recent reviews 

explicitly discuss the importance of shell thickness control and single-particle-level coatings to 

maintain nanocrystal optical quality while improving stability [55].  

2.6.4 PMMA as a host matrix  

PMMA remains a canonical host polymer for luminescent nanocrystals because it is optically 

transparent in much of the visible, processable via solution routes, and can stabilise nanocrystals by 

limiting diffusion and aggregation. Recent studies show that PMMA embedding can yield high PLQY 

composites and improved environmental stability for CsPbBr₃ systems, including thin-film case 

studies where PMMA passivation improves photophysical properties [72]. However, the stability–

performance trade-off emerges in multiple ways: polymer matrices can yellow under UV exposure, 

can relax or creep under thermal cycling, and can impose diffusion pathways for oxygen and water 

depending on formulation and laminate architecture. Module-oriented encapsulant research, 

including efforts toward high-UV-transparency polymers, therefore becomes directly relevant to LDS 

layer design if the LDS layer is intended for front-of-module implementation [47]. Therefore, PMMA 

is not treated only as a passive host in this thesis, but as a key integration medium that affects optical 

stability, film formation, and device-level LDS performance 
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2.7. Plasmon‑assisted photoluminescence enhancement for QDs and implications for 

LDS layers 

Plasmonic nanostructures offer a route to enhance QD photoluminescence without changing the QD 

chemistry directly, by modifying the electromagnetic environment. In the metal‑enhanced 

fluorescence (MEF) framework, enhancement can arise from increased excitation rates (local field 

enhancement) and from increased radiative decay rates (Purcell‑type modification), while quenching 

arises from additional non‑radiative loss channels such as energy transfer to the metal. The classic 

MEF literature articulates this as a distance‑dependent competition, with strong quenching at very 

small separations and enhancement at intermediate distances [67].  

Two distance‑dependence models frequently appear. Förster‑type resonant energy transfer (FRET) 

provides one conceptual baseline, while nanometal surface energy transfer (NSET) frameworks have 

been proposed to better describe energy transfer to metal nanoparticle layers and the associated 

quenching behaviour. Experimental studies of QDs near gold nanoparticle planes show that 

quenching and lifetime shortening depend strongly on distance and nanoparticle concentration, 

supporting the view that plasmonic enhancement cannot be designed solely from spectral overlap but 

must incorporate geometry and density [68].  

The Purcell effect literature emphasises that large spontaneous emission rate enhancements can be 

achieved in carefully engineered plasmonic cavities, though these results are often demonstrated 

under controlled excitation and collection conditions that do not directly map onto broadband solar 

illumination [74]. For LDS applications, the relevance of Purcell enhancement must therefore be 

judged by whether it produces net increases in emitted photon flux into the acceptance angles of the 

underlying solar cell, and whether any additional metal absorption introduces net losses or heating 

under sunlight [75].  

A critical synthesis across studies yields a set of practical design rules for plasmonic–QD coupling in 

thin films: 

First, LSPR tuning should be aligned with either the QD excitation band, the emission band, or both. 

If the plasmon resonance overlaps strongly with emission, radiative rate modifications are more 

likely, whereas overlap with excitation can primarily enhance absorption. In practice, the same 

nanostructure often affects both because plasmon resonances are broad and because broadband 

illumination excites multiple modes [75].  

Second, spacer thickness is a primary control parameter. The MEF literature often reports quenching 

when emitters are within roughly a few nanometres of the metal, with enhancement emerging over 

larger separations that can extend to several tens of nanometres depending on system design [55]. 
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This is consistent with the practical observation that an “optimum” spacer thickness exists, beyond 

which the field enhancement decays, and below which non‑radiative energy transfer dominates. 

Third, nanoparticle density and morphology matter as much as size. Dense films can increase 

near‑field coupling but also increase absorption losses and create inhomogeneous hotspots that 

broaden behaviour across the film. Morphology also determines whether the system behaves like 

isolated nanoparticles, coupled arrays, or quasi‑continuous metallic films, each with different distance 

scaling of enhancement and quenching [75]. 

Fourth, claims of plasmonic “enhancement” should report both intensity changes and lifetime 

changes, because an intensity increase without an accompanying lifetime change can indicate 

improved light extraction or scattering rather than true radiative‑rate modification. Conversely, 

lifetime shortening with intensity loss is a signature of quenching. The Purcell and MEF literatures 

repeatedly stress the necessity of combined intensity and lifetime evidence [76]. The implications for 

LDS layers are mixed but promising. A plasmonic subsystem could increase the effective photon 

yield of an LDS layer if it increases radiative emission into the cell, but practical designs must mitigate 

parasitic absorption in the metal and ensure that the spacer and nanoparticle layers are compatible 

with scalable, stable transparent coatings. The need for a spacer also introduces an extra optical 

interface, which can increase reflection unless index‑matched [76]. 

Table 2.2 below summarises reported qualitative behaviours as a function of design parameters, 

focusing on spacer dependence because it is the most transferable “rule of thumb” to LDS‑type 

layered coatings. 

 

Table 2-2: Plasmonic design parameters for luminescent down-shifting layer design 

Plasmonic 

design 

parameter 

Typical design choices 

in literature 

Observed PL effect 

trend 

LDS‑specific 

implication 

Metal type Au and Ag dominate, 

chosen for visible 

LSPR; Al appears for 

UV plasmonics in some 

contexts [75]. 

Metal selection shifts 

resonance and loss, with 

Ag often higher field but 

higher oxidation 

sensitivity [77].  

Metal stability and 

encapsulation become 

part of LDS ageing 

design, not optional [77]. 
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Nanostructure 

geometry 

Nanoparticles, 

nanorods, microplates, 

nanocavities, coupled 

arrays [70]. 

Strong geometry 

dependence, 

hotspot‑based structures 

can show large rate 

changes but are less 

uniform [69].  

Uniform, large‑area LDS 

coatings favour scalable 

geometries, potentially 

trading peak enhancement 

for reproducibility [55]. 

Spacer 

thickness 

A few nm to tens of nm 

dielectric spacers 

(polymers, silica, 

oxides) [70]. 

Quenching dominates at 

very small spacing, 

enhancement appears at 

intermediate distances, 

decays at large distances 

[55]. 

Spacer optimisation must 

be integrated with optical 

coupling and 

anti‑reflection constraints 

of the LDS stack [51].  

Density and 

coverage 

Sparse to 

near‑percolated films 

[72]. 

Higher density can raise 

enhancement but 

increases absorption and 

can increase quenching 

probability [72]. 

For PV, excess metal 

absorption can reduce net 

current despite PL boosts, 

demanding system‑level 

evaluation [51]. 

The plasmonic–QD literature supports a coherent physical picture, but LDS relevance requires 

translating narrowband photoluminescence enhancement under controlled excitation into broadband, 

solar‑relevant net photon delivery. Spacer thickness and nanoparticle density emerge as the most 

transferable design knobs, while parasitic absorption and thermally induced penalties are the most 

under‑addressed risks in PV‑facing plasmonic enhancement claims [78]. 

2.8. PV module thermal behaviour and physics‑based operating‑temperature models 

PV module temperature is governed by an energy balance among absorbed solar irradiance, electrical 

conversion, convective heat transfer to air, radiative exchange with the sky and surroundings, and 

conduction to mounting structures. In practice, this balance varies with mounting configuration (open 

rack, roof mount, building‑integrated), wind speed and direction, and atmospheric long‑wave 

radiation, producing systematic deviations from simple “NOCT” style assumptions [79].  

Classic temperature models in PV performance tools include: 

The Ross model expresses the temperature rise above ambient as proportional to plane‑of‑array 

irradiance, implicitly assuming a representative wind speed and quasi‑steady behaviour. It is 
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attractive for simplicity but weak under conditions where wind or mounting strongly modifies heat 

loss. PV modelling documentation notes these assumptions explicitly, underscoring that Ross is best 

treated as a coarse baseline [80] .  

The Faiman model introduces an empirical heat‑loss factor that depends on wind speed, improving 

realism for many field conditions and becoming influential in standards contexts. PV modelling 

documentation further notes that IEC temperature measurement and modelling practice has adopted 

Faiman‑type approaches, reflecting a consensus that wind dependence is essential in operational 

models [81].  

The Sandia or SAPM temperature model (often implemented as a back‑of‑module temperature model 

with parameters tied to mounting configuration) has been widely used in performance modelling 

workflows. Its advantage is an empirically calibrated structure that distinguishes module construction 

and mounting, but its parameters are not universal and must be chosen carefully, otherwise the model 

can become a “parameter lookup” rather than a predictive mechanism [82]. 

The Fuentes model represents a more physical, first‑principles energy balance approach and is used 

in common yield tools, providing a path to incorporate geometry, wind heights, emissivity, and 

absorptance explicitly. By design, it is more complex and data‑hungry than empirical models, and its 

accuracy depends on having the right meteorological inputs and assumptions for radiative exchange 

[83]. 

Across these models, the most important critical point is that steady, empirical equations can fail in 

two ways: (i) structurally, if they omit a dominant term under certain climates (radiative cooling to a 

cold sky at night or during clear dry days, for example), and (ii) parametrically, if coefficients derived 

under one mounting or climate are applied elsewhere. Recent modelling work and Sandia 

documentation emphasise that incorporating radiative losses to the sky can improve common 

empirical models, indicating that radiative exchange is not a second‑order correction but, in some 

regimes, a primary missing term [84]. 

A second failure mode concerns dynamics. Thermal inertia creates time constants on the order of 

minutes to tens of minutes, so a model calibrated on quasi‑steady relationships can lag or overshoot 

during fast irradiance changes, for example passing clouds. The release of an open dataset designed 

for testing temperature models is significant because it enables systematic validation under varying 

transient regimes and encourages a shift from “model fits one site” to “model generalises across 

conditions” [85]. 

Finally, temperature models are not purely academic. They propagate into energy yield estimates, 

performance ratio metrics, and fault detection logic. Errors of several degrees can translate into 
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material energy prediction errors when temperature coefficients are applied, and can distort diagnostic 

thresholds for hotspot risk. Therefore, the literature trend toward better datasets, model equivalence 

analysis, and improved parameter extraction should be understood as foundational work for both 

forecasting and PV reliability analytics [85]. 

Physics‑based PV temperature models are essential and widely deployed, but they embed 

assumptions that can fail under radiatively dominated conditions and fast transients, and they depend 

critically on parameter validity for the mounting and climate. The most credible recent shift in the 

literature is toward open validation datasets and improved handling of radiative losses and dynamics, 

creating a stronger baseline against which ML models must be compared [85].  

2.9. Data‑driven thermal modelling and forecasting for PV modules 

Data‑driven PV temperature prediction spans a continuum from static regression to deep sequence 

models. In evaluating this literature, three questions are more discriminating than architecture labels: 

What is the prediction target (cell temperature, back‑of‑module temperature, or module surface 

temperature), what is the horizon (nowcasting versus minutes or hours ahead), and does the model 

generalise beyond the training site and season. 

Artificial neural networks (ANNs) have been applied to PV module or surface temperature prediction 

for years, often using ambient temperature, irradiance, and wind speed as inputs. Such work supports 

the general conclusion that non‑linear regressors can capture temperature relationships better than 

simple linear correlations when sufficient data exists, but it also reveals sensitivity to data quality and 

to whether the model is trained in a regime representative of deployment. A representative example 

is ANN‑based surface temperature prediction under measured inputs, which positions ANN as a 

viable alternative to purely empirical correlations for next‑step estimation [86]. 

Sequence learning models, including LSTM networks, introduce a crucial capability: they can learn 

thermal inertia implicitly by using a window of past observations. The original LSTM architecture 

was introduced by Hochreiter and Schmidhuber to address long‑term dependency learning problems 

in recurrent networks, and the PV forecasting community now uses LSTM variants extensively for 

time‑series tasks [87]. For PV temperature prediction specifically, an important methodological 

choice is the lookback window size: too short and the model cannot learn thermal lag, too long and 

the model risks learning site‑specific periodicity or introducing noise that degrades generalisation. 

The PV‑temperature literature that explicitly compares ANN and LSTM for panel temperature in hot 

climates provides a useful, if limited, data point. In the study by Ezzini et al. [88], ANN and LSTM 

models both achieved test errors on the order of 1 to 2 °C with high R², with ANN slightly 

outperforming LSTM in that specific dataset, underscoring that LSTM is not automatically superior 
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if the temporal structure is not strong or if the dataset is small. The broader critical interpretation is 

that architecture superiority is conditional on sampling rate, thermal time constants, and the 

non‑stationarity of the driving inputs. 

Beyond neural networks, tree‑based ensembles such as XGBoost have become common for PV 

temperature prediction because they handle non‑linearities well, are robust to mixed feature scaling, 

and offer interpretable feature importance measures. Open access work targeting harsh climates 

demonstrates that such models can achieve high predictive accuracy and can remain robust across 

seasons, although some publications still report limited metrics in abstracts and do not fully document 

leakage control, limiting comparability across studies [89]. 

Uncertainty quantification is a major gap across PV‑temperature ML. Most studies report 

point‑forecast MAE or RMSE but do not quantify predictive uncertainty, which is essential for 

decision‑making under risk, for example thermal derating or hotspot prevention. A practical approach 

is Monte Carlo dropout, grounded in the interpretation of dropout as approximate Bayesian inference 

[90]. This approach is attractive because it can be implemented with minor modifications to standard 

neural networks, but it requires care in calibration and in interpreting uncertainty intervals under 

distribution shift. 

Explainability methods are increasingly used to connect ML predictions to physical drivers. SHAP, 

introduced by Lundberg and Lee (2017), provides a theoretically grounded way to attribute 

contributions of each input feature to a given prediction, and has become a default for explainable PV 

ML because it can be applied to both tree ensembles and neural surrogates, with approximations [91]. 

However, a critical point is that feature attributions reflect the model’s learned correlations, not 

necessarily causal physics. Therefore, explainability is most credible when the feature set is 

physically motivated (irradiance, ambient temperature, wind, long‑wave radiation proxies) and when 

attribution stability is tested across seasons and operating regimes. 

A second critical issue is dataset quality and openness. The open dataset released through Sandia 

National Laboratories for PV module operating conditions and temperature provides a benchmark 

resource because it was designed to test temperature prediction models and includes the main 

environmental parameters that drive temperature, including downwelling infrared radiation, which is 

often missing in typical PV plant SCADA datasets [85]. The existence of such datasets shifts the 

methodological standard: new ML temperature models should demonstrate performance relative to 

physics‑based baselines on open benchmarks, and they should test transfer across subsets and regimes 

rather than only random train–test splits. 
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Table 2.3 below compares a selection of accessible studies and benchmarks, focusing on what can be 

substantiated from openly available sources. Where key values are not provided in accessible text, 

they are marked as not specified. 

Table 2-3: Representative studies on photovoltaic module temperature prediction 

Study Target and 

context 

Model type Inputs and 

temporal 

structure 

Reported 

performance 

Generalisation 

notes 

Ezzini 

et al. 

(2025) 

[88] 

PV panel 

temperature in 

hot climate 

context 

ANN vs 

LSTM 

Weather 

inputs, 

supervised 

regression, 

temporal 

handling not 

fully detailed 

in excerpt 

Test RMSE 

about 1.95 to 

1.96 °C, MAE 

about 1.46 to 

1.48 °C, R² 

about 0.97 

Shows ANN can 

match or slightly 

exceed LSTM 

when temporal 

dependence is not 

strongly 

exploited 

Jung et 

al. 

(2020)  

[92] 

PV module 

surface 

temperature 

next‑step 

prediction 

ANN‑based 

predictive 

model 

Uses measured 

operational 

variables, 

predicts next 

timestep 

Metrics not 

specified in 

excerpt 

Highlights ANN 

as viable for 

short‑horizon 

estimation when 

data are well 

curated 

Driess

e et al. 

(2023) 

[85] 

Open dataset for 

validating 

temperature 

models, includes 

key 

environmental 

drivers 

Dataset and 

benchmarkin

g resource 

Provides 

irradiance, 

ambient 

temperature, 

wind, 

downwelling 

IR, and module 

temperatures 

Not a model 

result 

Enables 

reproducible 

benchmarking, 

supports 

regime‑aware 

validation 
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Mehdi 

et al. 

(2026) 

[89] 

Desert and 

semi‑arid 

conditions, 

includes soiling, 

multi‑technolog

y climate 

XGBoost vs 

linear 

regression 

High‑resolutio

n one‑year 

dataset, 

explicit 

multi‑conditio

n evaluation 

R² reported 

about 0.99 for 

XGBoost in 

abstract, MAE 

and RMSE not 

specified in 

accessible 

excerpt 

Strong emphasis 

on robustness 

across seasons 

and conditions, 

but full 

comparability 

depends on 

detailed 

methodology 

Li et 

al. 

(2024) 

[93]  

PV panel 

temperature 

forecasting, land 

vs water 

mounted plants 

Multiple ML 

models 

including 

ResNet, RF 

Comparative 

evaluation with 

numerical 

simulation 

baselines 

R² reported for 

one case about 

0.66 for 

numerical 

simulation in 

water‑mounted

, detailed MAE 

and RMSE not 

specified in 

abstract 

Useful for 

identifying 

mounting‑specifi

c degradation of 

baseline models, 

but full metrics 

require full text 

Ren et 

al. 

[94] 

Interpretable 

ML for PV panel 

temperature, 

feature 

engineering plus 

explainability 

Interpretable 

ML 

framework 

using SHAP 

and boosting 

Feature 

selection 

combining 

correlation and 

SHAP 

Detailed MAE 

and RMSE not 

specified in 

accessible 

excerpt 

Highlights 

emerging trend: 

accuracy plus 

interpretability 

plus 

extrapolation 

capability 

ML models can predict PV module temperature with high accuracy under controlled conditions, but 

the literature’s central weakness is uneven validation: many studies do not test cross‑season and 

cross‑site generalisation, and uncertainty quantification is still uncommon. The emergence of open 

temperature datasets and established interpretability tools raises the bar, implying that thesis‑level 

contributions should emphasise leakage‑safe evaluation, uncertainty, and physically meaningful 

explanation rather than accuracy alone [95]. 
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2.10. Integrated synthesis and research gaps 

A thesis integrating luminescent down-shifting, plasmonically enhanced quantum-dot 

photoluminescence, and photovoltaic thermal modelling must define research gaps not as generic 

opportunities for incremental optimization, but as specific unresolved limitations that constrain 

scientific interpretation, materials integration, and real-world photovoltaic relevance. Across these 

areas, the central deficiency in the recent literature is the absence of sufficiently integrated strategies 

that connect nanoscale optical engineering and predictive thermal intelligence to measurable 

improvements in silicon photovoltaic performance, reliability, and operational understanding. 

Within luminescent down-shifting for crystalline silicon photovoltaics, a major unresolved issue 

concerns the development of perovskite quantum-dot coatings that can simultaneously deliver high 

photoluminescence efficiency, low parasitic optical loss, effective interfacial passivation, and 

compatibility with planar polymer-based device integration. Recent studies have confirmed the 

promise of CsPbBr₃ and related perovskite nanocrystals as spectral conversion materials for silicon 

photovoltaics, yet reported approaches have remained dominated by EVA-based encapsulation, 

conventional oleate or oleylamine ligand systems, or optoelectronic platforms that are not fully 

representative of crystalline silicon PV operation. Consequently, comparatively limited attention has 

been given to coating architectures in which nanocrystal synthesis, surface functionalization, and 

polymer integration are deliberately designed as a unified photovoltaic interface. This omission is 

scientifically important because the effectiveness of an LDS layer is governed not only by nanocrystal 

emission properties, but also by film-state photoluminescence quantum yield, interfacial defect 

chemistry, optical transparency, self-absorption losses, and compatibility with the silicon device 

surface. 

A closely related gap concerns stability at the level of the integrated photovoltaic coating rather than 

the isolated nanocrystal or composite material. Although substantial progress has been reported 

through shell engineering, ligand modification, and polymer encapsulation, many PMMA-based 

CsPbBr₃ composites have been developed primarily for display, photonic, or scintillation applications 

rather than for broadband solar spectral conversion under realistic photovoltaic operating conditions. 

Moreover, these systems have generally not been designed around interfacial chemistries capable of 

simultaneously suppressing trap-assisted recombination and strengthening coupling between the 

nanocrystal surface and the host matrix. As a result, the literature still reveals a clear disconnect 

between highly luminescent laboratory composites and photovoltaic LDS coatings requiring stable, 

spectrally matched, low-loss performance under one-sun irradiation and thermally relevant 

conditions. The unresolved materials challenge, therefore, lies in developing chemically engineered 
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perovskite quantum-dot/polymer coatings in which optical efficiency, interfacial passivation, and 

operational robustness are treated as coupled design requirements. 

A further limitation in the LDS literature is conceptual as well as technological. Many reported 

improvements in silicon device performance are attributed to luminescent down-shifting without 

adequately separating genuine spectral conversion effects from concurrent anti-reflection, scattering, 

or surface-passivation contributions. Consequently, the field still lacks sufficient studies in which 

coating chemistry, film optics, and device-level response are interpreted within a single integrated 

framework. For a thesis concerned with application-oriented spectral management, the key 

unresolved question is therefore not merely whether perovskite quantum dots can improve silicon 

photovoltaic response, but how chemically tailored, polymer-integrated LDS coatings can be 

designed and evaluated such that the origin, magnitude, and photovoltaic significance of any 

performance gain are scientifically robust and practically meaningful. 

The plasmonic quantum-dot literature reveals a different but related translational limitation. Although 

it is well established that metal nanostructures can enhance or quench photoluminescence depending 

on spectral overlap, local field intensity, and emitter-metal separation, progress toward reproducible 

device-relevant implementation remains limited by fabrication routes that do not permit sufficiently 

controlled nanoparticle morphology, surface coverage, and spatial arrangement. Much of the existing 

literature has relied on colloidal Au nanoparticle synthesis, which is valuable for proof-of-concept 

demonstrations but less effective for establishing scalable and morphology-controlled design rules. 

The unresolved issue is therefore no longer whether plasmonic enhancement is possible in principle, 

but how it can be engineered within a fabrication platform that enables systematic control of structural 

parameters governing localized surface plasmon resonance and emitter coupling. 

Within plasmonically coupled CdSe/CdS systems specifically, spacer-layer engineering remains a 

decisive but still incompletely resolved variable. Prior studies broadly recognize that very small 

emitter-metal separations tend to favor non-radiative energy transfer and luminescence quenching, 

whereas intermediate distances can promote local field enhancement and increased radiative 

emission. However, the literature has not yet established sufficiently clear morphology-distance-

performance relationships for CdSe/CdS core-shell quantum dots coupled with Au nanostructures 

produced by scalable physical deposition methods. This leaves an important gap in the development 

of reproducible plasmonic luminescent platforms, particularly for applications requiring controlled 

enhancement rather than isolated demonstrations of intensity variation. Accordingly, there remains a 

need for distance-resolved and morphology-controlled investigations capable of identifying 

quantitative design windows for plasmonically enhanced quantum-dot emission and, more broadly, 

for engineering optical coupling with greater precision. 
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The photovoltaic thermal modelling literature exposes an equally important gap at the system level. 

Module temperature is a fundamental determinant of voltage loss, conversion efficiency, and long-

term reliability, yet direct forecasting of PV module temperature remains less mature than the 

prediction of irradiance or electrical output. Classical physics-based approaches, including Ross, 

Faiman, SAPM, and Fuentes-type formulations, remain important because they are interpretable and 

physically grounded, but their predictive robustness can deteriorate under transient irradiance, 

fluctuating wind conditions, and complex radiative or convective environments. Conversely, many 

machine-learning studies report high predictive accuracy while representing environmental variables 

as independent tabular inputs, thereby underestimating temporal memory and thermal inertia, both of 

which are intrinsic to PV heat dynamics. The resulting methodological gap is the lack of forecasting 

frameworks that simultaneously preserve physical relevance, capture sequential thermal behaviour, 

and remain suitable for deployment under realistic operating variability. 

A further unresolved issue in data-driven PV thermal forecasting concerns model trustworthiness. 

Much of the recent literature emphasizes point prediction accuracy, whereas comparatively less 

attention has been given to uncertainty quantification, explainability, and direct benchmarking against 

accepted physical thermal models within a unified framework. This omission is significant because 

predictive tools intended for PV monitoring, fault diagnosis, digital twins, and operational 

optimization must be not only accurate, but also interpretable, transparent in their confidence, and 

credible across changing environmental regimes. The literature therefore still lacks sufficiently 

integrated thermal modelling studies in which sequential learning, uncertainty awareness, 

interpretability, and physics-based benchmarking are treated as concurrent requirements rather than 

separate objectives. 

Taken together, these gaps indicate a broader thesis-level deficiency extending across both the optical 

and thermal domains. In the optical literature, the central challenge is to translate advances in 

quantum-dot materials and plasmonic coupling into planar, polymer-compatible, and quantitatively 

validated strategies for improving silicon photovoltaic light harvesting. In the thermal literature, the 

corresponding challenge is to translate predictive performance into models that are physically 

credible, temporally informed, and operationally trustworthy. The common scientific problem is 

therefore one of translation and integration, namely, how to move from material-level or algorithm-

level promise toward rigorously demonstrated photovoltaic relevance at the device and system levels. 

The integrated research gap addressed in this thesis is the absence of application-oriented frameworks 

that connect advanced optical materials engineering and predictive thermal modelling to photovoltaic 

performance in a scientifically rigorous and practically meaningful manner. On the optical side, the 

literature lacks sufficiently mature strategies for chemically engineered, polymer-integrated 
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perovskite quantum-dot luminescent down-shifting coatings on crystalline silicon, as well as 

reproducible plasmonic design frameworks that relate nanoparticle morphology and emitter-metal 

spacing to controlled enhancement of core-shell quantum-dot emission. On the thermal side, the 

literature lacks forecasting frameworks for PV module temperature that are simultaneously sequence-

aware, uncertainty-informed, interpretable, and benchmarked against established physical models. 

Collectively, these gaps justify a unified thesis centred on enhancing silicon photovoltaic performance 

through coupled advances in spectral management, nanoscale optical control, and data-driven thermal 

intelligence. 
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Chapter.3  Polymer-Integrated Surface-Passivated CsPbBr₃ Quantum 

Dots for Luminescent Down-Shifting in Crystalline Silicon Solar 

Cells 

In the previous chapter, it has been established that, despite the technological maturity and market 

dominance of crystalline silicon photovoltaics, spectral mismatch remains a persistent limitation, 

particularly in the ultraviolet and short-wavelength visible regions, where front-surface losses reduce 

the effective utilization of high-energy photons [14], [18]. In this context, external photon-

management strategies have attracted increasing attention as practical approaches for improving 

device performance without modifying the underlying junction architecture. Among these, 

luminescent down-shifting, LDS, has been widely recognized as a viable optical route for converting 

poorly utilized high-energy photons into longer wavelengths that are more effectively absorbed by 

silicon [17], [51]. 

The literature further indicates that a wide variety of LDS materials, including rare-earth phosphors, 

organic dyes, carbon-based luminophores, and semiconductor quantum dots, have been investigated 

for this purpose [61], [62], [96]. Although these studies have confirmed the feasibility of the LDS 

concept, they have also demonstrated that practical implementation remains dependent on the 

simultaneous fulfilment of several material and device requirements, including strong absorption in 

the UV-blue region, high photoluminescence quantum yield, low self-absorption, optical 

transparency, and adequate environmental stability [51], [57], [96]. Consequently, the present 

challenge in LDS research is not limited to the identification of emissive materials, but extends to the 

development of coating architectures capable of preserving their photophysical performance under 

device-relevant conditions. 

3.1. Background 

Luminescent down-shifting, LDS, has been extensively investigated as an external spectral-

conversion strategy for silicon photovoltaics because it addresses the limited utilization of high-

energy photons in crystalline silicon devices. Ultraviolet and blue photons are absorbed within the 

near-surface region of the cell, where parasitic absorption in front layers and surface recombination 

processes reduce their effective contribution to photocurrent generation. LDS coatings are designed 

to mitigate this limitation by incorporating photoluminescent centers into a transparent matrix that 

absorbs such photons and re-emits them at longer wavelengths, where optical penetration into silicon 

is greater and carrier collection is more favorable [63], [72], [97]. A broad range of LDS emitters has 

therefore been explored, including Eu-doped phosphors, organic dyes, carbon dots, and 

semiconductor quantum dots [57], [96], [97], [98]. Collectively, these studies validate the 
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fundamental principle of LDS, while also indicating that the magnitude of photovoltaic benefit 

remains highly sensitive to absorption strength, photoluminescence quantum yield, self-absorption 

losses, film transparency, and long-term environmental stability [9], [58]. 

Among the different classes of LDS emitters, all-inorganic lead halide perovskite quantum dots, 

particularly CsPbBr₃, have emerged as particularly promising materials owing to their strong 

absorption cross section, narrow emission linewidth, high color purity, and favorable spectral overlap 

with the response range of silicon  [51], [99].These characteristics make CsPbBr₃ especially attractive 

for short-wavelength spectral conversion. However, its application in photovoltaic coatings remains 

constrained by persistent materials-related limitations. Although perovskite nanocrystals are often 

considered relatively defect tolerant, surface chemistry remains critically important in LDS systems, 

where nonradiative recombination directly reduces photon-conversion efficiency [100], [101]. In 

practice, CsPbBr₃ quantum dots remain susceptible to ligand desorption, surface trap formation, 

aggregation, moisture, oxygen, ultraviolet exposure, and thermal stress, all of which can degrade 

photoluminescence efficiency and compromise long-term coating performance [69], [102]. This issue 

is particularly significant for front-side photovoltaic coatings, which must maintain optical quality 

during extended operation under illumination and elevated temperature. 

For this reason, recent studies have increasingly focused on stabilization through interfacial 

passivation and encapsulation. Silica-based protection has been widely investigated because it can 

reduce environmental degradation and suppress trap-mediated nonradiative recombination [57], [73]. 

In parallel, ligand engineering has gained importance because conventional oleic acid and oleylamine 

ligand shells are dynamically bound and may rearrange or detach during purification, film formation, 

or ageing, thereby generating additional nonradiative pathways [99], [103]. More recent 

investigations have therefore examined cross-linkable ligands, zwitterionic ligands, and organosilicon 

functional molecules capable of forming more robust interfacial structures [104], [105]. In this 

context, 3-aminopropyltriethoxysilane, APTES, is of particular interest because it can interact with 

the nanocrystal surface and hydrolyse to form a silica-rich interphase, thereby providing both 

chemical passivation and structural protection [66], [106], [107]. Such interfacial structures are 

particularly relevant for LDS films, where suppression of trap-assisted recombination is directly 

associated with improved radiative performance. 

In addition to surface modification, polymer incorporation has become an important consideration in 

the design of practical LDS coatings. The host matrix influences optical transparency, nanocrystal 

dispersion, environmental stability, and film processability. Among the host materials reported in the 

literature, EVA and PMMA are among the most frequently studied [24], [57], [97], [108]. EVA has 

been widely employed in module-compatible laminates and composite LDS systems, including recent 
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CsPbBr₃-based photovoltaic demonstrations [58], [109]. PMMA, however, remains particularly 

attractive for thin-film coating applications because of its high optical transparency, solution 

processability, and ability to limit aggregation while stabilizing luminescent nanocrystals in the solid 

state. Nevertheless, PMMA-based perovskite quantum-dot composites have more commonly been 

investigated for general light-conversion, display, or scintillation applications than for front-side 

spectral management in silicon photovoltaics [72], [107], [108]. Furthermore, polymer encapsulation 

alone does not fully address the interface problem, since the performance of the resulting composite 

remains strongly dependent on the quality of the nanocrystal surface and its compatibility with the 

surrounding polymer matrix [103], [110]. 

3.2. Problem Statement 

Despite the strong optical potential of CsPbBr₃ quantum dots for luminescent down-shifting, the 

literature does not yet provide a sufficiently integrated strategy for their implementation as 

photovoltaic coatings. Beyond encapsulation, there is a growing body of work that couples perovskite 

nanocrystals with spectrally selective and light management structures directly atop photovoltaic 

devices. Cao et al. recently used CsPbBr₃ QDs as light converting layers in Si nanowire hybrid solar 

cells, demonstrating nonradiative energy transfer effects that extend the device response to sub band 

gap photon energies [111]. On the perovskite solar cell side, light management composites that 

combine scattering, anti reflection, and spectral conversion functionalities have been shown to 

enhance both PCE and photostability, underscoring the broader relevance of multifunctional optical 

coatings in photovoltaics [112].  Nevertheless, there remains a clear gap between highly stable PQD–

polymer composites developed for the specific demands of LDS layers in c-Si solar cells, where the 

coating must maintain high PLQY, minimal self-absorption, and excellent stability under prolonged 

one sun equivalent illumination and realistic thermal cycling. 

In this context, there is still limited work on CsPbBr₃ LDS layers that simultaneously exploit LARP 

based synthesis, APTES mediated surface functionalization, and PMMA embedding, especially in 

direct conjunction with crystalline Si solar cells. Existing CsPbBr₃ LDS films for Si typically rely on 

EVA matrices and conventional oleate type ligands [58], [113], or they focus on photodetectors rather 

than photovoltaic operation [100], [114]. Moreover, Novikova et al. have shown that APTES 

modification can improve the stability and functionality of LARP-synthesized CsPbBr₃ PQDs [115]. 

The integration of such APTES-treated PQDs into a PMMA matrix as a planar LDS coating on c-Si 

solar cells has, to the best of our knowledge, not been reported. To address this gap. CsPbBr₃ PQDs 

were synthesized via ligand-assisted reprecipitation, passivated with APTES to create an inorganic–

organic interphase, and incorporated into a PMMA matrix to form transparent down-shifting coatings 

for crystalline Si solar cells.  PMMA was selected because it is optically transparent in the visible 
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region, solution-processable, compatible with QD dispersion, and able to reduce nanocrystal 

aggregation in the solid film. APTES treatment improves surface passivation by promoting a silica-

rich interphase, which reduces trap-assisted nonradiative recombination. This architecture yields 

strong and spectrally well-matched photoluminescence, which enhances short circuit current density, 

and improves power conversion efficiency relative to uncoated reference cells, while the 

APTES/PMMA encapsulation is expected to improve the PQDs' performance as reported in the 

literature [106], [108], [116]. In this architecture, LARP synthesis provides room-temperature QD 

formation, APTES improves surface passivation through a silica-rich interphase, and PMMA 

provides a transparent host matrix for film integration. This combination of LARP-synthesized 

CsPbBr₃, 3-Aminopropyltriethoxysilane surface engineering, and PMMA-based LDS integration on 

c-Si devices constitutes the central novelty of the present work. 

3.3. Experimental section 

All syntheses and film preparation steps were carried out at room temperature unless stated otherwise. 

3.3.1 Materials used 

All the materials were purchased from Sigma Aldrich and used without any further purification, 

including Lead (II) bromide (PbBr2, 98+%), Cesium Bromide (CsBr, >98%), Oleic acid (OA, 90%), 

Oleylamine (OAm, 80-90%), 3-Aminopropyltriethoxysilane (3-APTES, ≥98.0%) and Toluene 

(99.5%). 

3.3.2 Synthesis of CsPbBr3 quantum dots 

The QDs were synthesized using the procedure as demonstrated by Mo et al., with slight 

modifications. [117]. Firstly, PbBr2 (0.4 mmol) and CsBr (0.4 mmol) were dissolved in DMF (10 

mL) and stirred for 1 h until a clear solution was obtained. Oleic acid (OA, 0.6 mL) and oleylamine 

(OAm, 0.2 mL) were then added, followed by stirring for an additional 30 min. For quantum dot 

formation, 1 mL of the precursor solution was rapidly injected into toluene (10 mL) under vigorous 

stirring (1500 rpm) for 10 s. Finally, the QDs were further purified by centrifugation of the reaction 

solution at 10,000 rpm for 10 min, followed by redispersal in Toluene. All the syntheses were carried 

out at room temperature. 

3.3.3 Synthesis of CsPbBr3@SiO2 quantum dots using 3-APTES 

For silica coated quantum dots, 1 mL of the precursor solution was rapidly injected into toluene (10 

mL) containing 3-aminopropyltriethoxysilane (3-APTES, 0.69 µL) under vigorous stirring (1500 

rpm) for 10 s. Finally, the QDs were further purified by centrifugation of the reaction solution at 

10,000 rpm for 10 min and then re-dispersed in Toluene. All the synthesis was done at room 

temperature. 
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3.3.4 Preparation of PMMA-embedded LDS solutions 

Luminescent down-shifting (LDS) formulations were prepared by embedding either CsPbBr3 QDs 

(bare) or CsPbBr3@SiO2 QDs into a PMMA matrix using toluene as the solvent. For each 

formulation, firstly, PMMA was dissolved in toluene by continuous stirring until it was completely 

dissolved. Then, PMMA and QD stock solutions were combined and diluted to a total volume of 2.0 

mL. PMMA mass was varied between 10 and 40 mg per 2 mL, corresponding to 5, 10, 15, and 20 

mg/mL, and represented by corresponding letters from A to D, respectively. For each PMMA 

concentration, five QD loadings were prepared using QD stock loadings of 0.5×, 0.75×, 1.0×, 1.25×, 

and 1.5× relative to a reference stock volume. Silane-modified CsPbBr3 samples are represented by 

the prefix S. The formulation series was designed to identify the balance between QD absorption, 

film transparency, and concentration-dependent optical losses. Varying PMMA content and QD 

loading independently allows the effects of polymer matrix concentration and nanocrystal loading to 

be separated on the optical and photovoltaic responses. The full sample matrix is provided in Table 

3.1. 

Table 3-1: Sample Matrix for LDS formulations 

Bare QDs 

Sample 

ID 

Silane-modified 

QDs 

Sample ID 

PMMA mg in 2 

mL 

Final PMMA 

mg/mL 

QDs from stock 

in ml 

A1 S-A1 10 5 0.5× 

A2 S-A2 10 5 0.75× 

A3 S-A3 10 5 1.0× 

A4 S-A4 10 5 1.25× 

A5 S-A5 10 5 1.5× 

B1 S-B1 20 10 0.5× 

B2 S-B2 20 10 0.75× 

B3 S-B3 20 10 1.0× 

B4 S-B4 20 10 1.25× 
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B5 S-B5 20 10 1.5× 

C1 S-C1 30 15 0.5× 

C2 S-C2 30 15 0.75× 

C3 S-C3 30 15 1.0× 

C4 S-C4 30 15 1.25× 

C5 S-C5 30 15 1.5× 

D1 S-D1 40 20 0.5× 

D2 S-D2 40 20 0.75× 

D3 S-D3 40 20 1.0× 

D4 S-D4 40 20 1.25× 

D5 S-D5 40 20 1.5× 

 

3.4. QDs concentration calculation section 

The concentration of CsPbBr₃ nanocrystals was determined using a size-dependent molar extinction 

coefficient approach reported by Maes et al [118]. This method enables estimation of nanocrystal 

particle molarity from UV-visible absorption measurements when the nanocrystal size and 

morphology are known. 

The average nanocrystal core size was determined from high resolution transmission electron 

microscopy (HRTEM) images. The nanocrystals exhibit a well defined cubic morphology with an 

average edge length of 9.64 nm and a relatively narrow size distribution, justifying the use of a single 

mean size for extinction coefficient estimation. 

For optical measurements, 50 µL of the as synthesized nanocrystal stock dispersion was diluted with 

1950 µL of toluene, corresponding to a dilution factor of 40. UV visible absorption spectra were 

recorded using a quartz cuvette with a 1 cm optical path length. Baseline subtraction was applied to 

remove solvent and scattering contributions. The first excitonic absorption peak was observed at 500 

nm, and the absorbance at this wavelength was measured to be 0.035. 
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The molar extinction coefficient (ϵ) of the CsPbBr₃ nanocrystals was calculated using the empirical 

size dependent relation reported by Maes et al.¹ 

ϵ = 2.42 × 10⁻² × d³ 

where d is the nanocrystal edge length in nanometers and ϵ is expressed in units of cm⁻¹·µM⁻¹. 

Substituting d = 9.64 nm yields an extinction coefficient of 21.7 cm⁻¹·µM⁻¹. 

The nanocrystal concentration in the diluted dispersion was calculated using the Beer–Lambert law, 

A = ϵcl, where A is the absorbance at 500 nm, c is the nanocrystal concentration, and l is the optical 

path length. Using A = 0.035 and l = 1 cm, the particle concentration of the diluted sample was 

calculated to be 0.0016 µM. After correcting for the dilution factor, 2000/50 = 40, the nanocrystal 

concentration of the stock dispersion was determined to be 0.065 µM which is denoted in this paper 

as C_stock, corresponding to 6.5 × 10⁻⁸ mol L⁻¹ of nanocrystal particles. 

For LDS solutions prepared to a final volume of 2.0 mL, the final QD concentration is C_final = 

Dilution factor ×  C_stock, where C_stock is the molar concentration of the stock used. Interpreting 

0.5×, 0.75×, 1.0×, 1.25×, and 1.5× as QDs volume contribution from stock solution to make final 2 

ml solution in toluene for the following 0.50, 0.75, 1.00, 1.25, and 1.50 mL, respectively and x 

represents the dilution factor which is equal to volume contribution of QD/total volume, the estimated 

final QD concentrations are given in the Table 3.2 below; 

Concentration Interpretation 

Table 3-2: Calculated concentrations of CsPbBr₃ quantum dots in LDS solutions prepared with 

different stock solution volumes 

LDS formulation 

 

QD Volume 

used  

C_Stock Dilution Factor  

C_Final=C_stock 

× (V_QD / 

V_total) 

0.5x 0.50 ml 0.065 µM 500/2000= 0.25 0.01625 µM 

0.75x 0.75 ml 0.065 µM 750/2000=0.375 0.0244 µM 

1.0x 1.00 ml 0.065 µM 1000/2000=0.5 0.0325 µM 

1.25x 1.25 ml 0.065 µM 1250/2000=0.625 0.0406 µM 

1.5x 1.50 ml 0.065 µM 1500/2000=0.75 0.0488 µM 
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3.4.1 Deposition of LDS layers on c-Si mini modules 

Each LDS formulation (50 µL) was deposited onto polycrystalline silicon mini-modules by the 

doctor-blade method, and the film thickness was controlled by tapes (3M Corporation. Samples were 

covered with a glass lid during drying to slow solvent evaporation and improve film uniformity. The 

samples were allowed to dry slowly for 1 hour and were then kept in the open air for an additional 30 

minutes. The mini module, consisting of multiple sub-cells connected in series, is supplied by 

SUNYIMA. The illuminated device area used for PV performance calculations was 5.3 cm². The 

solar simulator (IV-5, PV Measurements Company) was calibrated using its standard reference cell 

before all measurements to ensure consistent illumination intensity. Therefore, the comparison 

between reference and LDS-coated devices is based primarily on relative changes in photovoltaic 

parameters obtained under identical measurement conditions.  

X-ray photoelectron spectroscopy (XPS) measurements were carried out using a Thermo Scientific 

Escalab 250Xi spectrometer equipped with an Al Kα radiation source as the probe beam. The base 

pressure of the analysis chamber was maintained at approximately 2 × 10⁻¹⁰ Torr. Surface etching was 

performed using Ar⁺ ion sputtering at an energy of 3.0 keV for a duration of 10 s to remove surface 

contaminants and obtain depth-resolved information. The crystalline structure of the samples was 

analyzed by X-ray diffraction using a Rigaku Ultima IV diffractometer with Cu Kα radiation (λ = 

1.5406 Å). The microstructural and morphological features were examined using transmission 

electron microscopy (TEM) performed on a JEOL JEM-2100F microscope operated at an accelerating 

voltage suitable for high-resolution imaging. Optical absorption properties were recorded using a 

JASCO UV-Vis spectrophotometer (model 670). Photoluminescence (PL) spectra were obtained with 

a HORIBA Jobin Yvon Fluorolog-3 spectrofluorometer. Photovoltaic performance measurements 

were conducted using a Keithley 2400 source meter connected to an IV-5 solar simulator supplied by 

PV Measurements Company. The measurements were performed under standard AM 1.5G 

illumination with an intensity of 100 mW·cm⁻². Each measurement was repeated four times for each 

formulation to incorporate the process variability and reproducibility. 

3.5. Results and Discussion 

3.5.1 Structural and phase analysis by XRD 

Figure 3.1 shows the X-ray diffraction (XRD) patterns of bare CsPbBr3 quantum dots and silica-

modified CsPbBr3@SiO2 quantum dots. The diffraction peaks at 2θ ≈ 15°, 21°, 30°, 34°, 37°, and 43° 

correspond to the phase-pure perovskite CsPbBr₃ nanocrystals, with no clear evidence of secondary 

crystalline impurities such as Cs₄PbBr₆ or PbBr₂ within the detection limit of XRD, which verifies 

the phase purity of both samples. It is also significant that the lack of any measurable peak shift upon 
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SiO2 modification means that this silane-mediated surface treatment does not modify the bulk lattice 

parameters of the CsPbBr3 core or crystal symmetry. Similar retention of the CsPbBr3 crystal structure 

after surface passivation and encapsulation has been widely reported for perovskite quantum dots 

treated with oxide shells or silane-based ligands, where surface chemistry primarily affects interfacial 

states rather than the perovskite lattice itself [24], [104], [115]. 

 

Figure 3-1: X-ray diffraction (XRD) patterns of bare CsPbBr₃ and APTES-modified CsPbBr₃@SiO₂ 

quantum dots 

Compared to the bare CsPbBr3 QDs, the CsPbBr3@SiO2 sample exhibits a reduction in diffraction 

peak intensity along with slight peak broadening. This behavior can be attributed to the nanoscale 

crystallite size and the presence of an amorphous SiO2 shell, which does not contribute distinct 

diffraction peaks but attenuates the diffracted intensity from the crystalline perovskite core. Similar 

intensity suppression and broadening effects have been reported for silica encapsulated CsPbBr3 and 

other perovskite nanocrystals, where an amorphous oxide layer surrounds the crystalline core without 

inducing new crystalline phases. The preservation of the CsPbBr3 phase after SiO2 modification 

confirms that the improved optical and luminescent down-shifting performance discussed later arises 

from surface passivation and interfacial defect suppression rather than from changes in crystal 

structure, an important requirement for stable and spectrally well defined LDS coatings on crystalline 

silicon solar cells [58], [119]. 
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3.6. TEM and size distribution, morphology 

 

 

Figure 3-2: Transmission electron microscopy (TEM) images and size distribution of CsPbBr₃ and 

CsPbBr₃@SiO₂ quantum dots. 

Transmission electron microscopy confirms that both bare CsPbBr3 and silica-modified 

CsPbBr3@SiO2 quantum dots consist of well-defined, faceted nanocrystals with sizes in the quantum 

confinement regime, as shown in Figure 2. The particles are mostly near cubic morphology with good 

dispersion, confirming the phase-pure perovskite structure identified by XRD. Figure 2 shows that 

the lattice fringes extend across individual nanocrystals, which indicates that the crystalline CsPbBr3 

core is retained after SiO2 modification. The CsPbBr3@SiO2 sample exhibits a weak, diffuse contrast 

around the crystalline core due to the formation of an amorphous silica-rich interphase from APTES 

hydrolysis and condensation. Similar preservation of lattice fringes together with amorphous oxide 

shells has been reported for silane and silica encapsulated CsPbBr3 quantum dots, where surface 

encapsulation improves stability without inducing secondary crystalline phases or lattice distortion 

[71], [104]. 
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Figure 3-3: Particle Size Distribution of Bare-CsPbBr3 and CsPbBr3@SiO2  

Figure 3.3 shows the particle size distribution of bare CsPbBr3 and CsPbBr3@SiO2. Statistical 

analysis of particle sizes (n>100) extracted from TEM images yields an average edge length of 9.64 

± 2.5 nm for bare CsPbBr3 QDs and 10.54 ± 4.4 nm for CsPbBr3@SiO2 QDs. The slightly larger 

mean size and broader distribution observed after SiO2 modification are attributed to the contribution 

of the silica-rich interphase to the projected particle edge length measured by TEM, as well as to local 

variations in shell thickness. Importantly, the core sizes of both samples remain comparable, 

indicating that the pronounced differences in absorption and photoluminescence behaviour discussed 

earlier do not originate from changes in quantum confinement. Instead, these results support a surface 

passivation-driven mechanism, where the silica interphase suppresses defect-related recombination 

while maintaining the intrinsic electronic structure of the CsPbBr3 core, in line with recent reports on 

oxide-encapsulated perovskite quantum dots developed for optoelectronic and luminescent 

downshifting applications [103], [115]. 
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3.7. XPS chemical surface analysis 

 

Figure 3-4: X-ray photoelectron spectroscopy (XPS) survey spectra of CsPbBr₃ and CsPbBr₃@SiO₂ 

quantum dots. 

X-ray photoelectron spectroscopy (XPS) was performed to evaluate the surface chemical composition 

and interfacial bonding of bare CsPbBr₃ quantum dots and APTES modified CsPbBr₃@SiO₂ quantum 

dots. Figure 3.4  gives the survey spectra, which show sharp Pb 5d, Pb 4f, Br 3d, and Cs 3d core level 

peaks from both samples that indicate the chemical integrity of the CsPbBr₃ perovskite lattice is 

retained during surface modification. Moreover, C 1s and O 1s signals are pronounced and can be 

ascribed to both the surface ligands and PMMA host matrix. For the APTES-treated sample, a 

prominent new Si 2p peak along with an enhancement in O 1s intensity is indicative of the presence 

of silicon at the quantum dot surface. This suggests a silica-rich interphase was formed around the 

perovskite core. This interphase is amorphous and thus not detected by XRD, but is important to 

passivate undercoordinated Pb sites and halide-related surface defects. The presence of sharp Pb and 

Cs core level features is further evidence that the silane-mediated treatment does not destroy the 

perovskite framework but introduces effective surface passivation. These results represent a direct 

chemical link between APTES-based surface engineering and the observed improvements in 

photoluminescence efficiency and luminescent downshifting performance of CsPbBr₃@SiO₂ 

embedded PMMA coatings. 
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3.8. Absorption and PL 

 

Figure 3-5: UV–visible absorption and photoluminescence spectra of bare CsPbBr₃ and 

CsPbBr₃@SiO₂ quantum dots. 

The absorption and photoluminescence (PL) spectra of bare CsPbBr3 quantum dots and silica 

modified CsPbBr3@SiO2 quantum dots are compared in Figure 3.5. Both samples show broad UV–

blue absorption followed by a pronounced excitonic edge at ca. 500 nm, as well as a narrow green 

emission peak centred at 510 nm for bare QDs and 508 nm for Si QDs. The limited blue shift after 

silica modification corresponds to a change of the local dielectric environment and surface electronic 

structure rather than a modification of the CsPbBr3 crystal phase, in agreement with XRD and 

HRTEM data confirming an immutable lattice structure as well as crystallinity. The emission 

wavelengths reside in the optimal spectral window for luminescent downshifting on crystalline 

silicon, where emitted photons are readily absorbed by the Si absorber, as widely reported for CsPbBr3 

based spectral conversion layers [51]. 

PLQY 43 % 

PLQY 77 % 
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The silica modified sample displays a substantially sharper and more intense PL peak along with a 

wider absorption envelope in the UV–blue region when compared to bare QDs. The increased PL 

intensity and decreased linewidth suggest that the radiative recombination of the QDs is more efficient 

owing to a powerful surface passivation provided by the organ siloxane network derived from APTES 

and rich silica interphase. This passivation suppresses the formation of halide vacancies and 

undercoordinated Pb sites, minimizes trap assisted recombination, and limits exciton–phonon 

coupling yielding spectrally purer band-edge emission. Similarly, the PL sharpening and intensity 

enhancement after silane or silica-based surface engineering have been frequently observed for 

CsPbBr3 quantum dots and other perovskite nanocrystals[24], [104]. By contrast, the broader 

absorption for CsPbBr3@SiO2 is likely a result of interfacial dielectric effects and increased light 

scattering through the silica modification, allowing UV–blue photon harvesting without sacrificing 

band edge emission. This expansion in the harvesting range and narrow yet intense emission serves 

well for luminescent downshifting layers on crystalline silicon solar cells where capturing high energy 

photons while reducing self absorption losses is important for performance gain and long term 

stability [58]. 

3.9. TRPL 

The TRPL decay curves of CsPbBr₃ and CsPbBr₃@SiO₂ quantum dots were fitted using a tri-

exponential decay model as given in equation 1. 

𝐼(𝑡) = 𝐴1𝑒−𝑡/𝜏1 + 𝐴2𝑒−𝑡/𝜏2 + 𝐴3𝑒−𝑡/𝜏3    

 

1 

where τ₁, τ₂, and τ₃ correspond to the decay lifetimes for different recombination pathways and A₁, 

A₂, and A₃ their respective relative amplitudes. Such multi-component decay characteristic is 

generally attributed to the coexistence of fast trap-assisted recombination, intermediate surface-

mediated recombination, and slow band-edge radiative recombination processes, which is common 

in perovskite quantum dots. The amplitude-weighted average PL lifetime was measured using the 

equation 2. 

𝜏𝑎𝑣𝑒 =
𝐴1𝜏1 + 𝐴2𝜏2 + 𝐴3𝜏3

𝐴1 + 𝐴2 + 𝐴3
 

2 

Also, the fractional contribution of each decay time to the steady state amplitude was calculated using 

the equation 3. 
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𝑓𝑖 =
𝐴𝑖𝜏𝑖

𝐴1𝜏1 + 𝐴2𝜏2 + 𝐴3𝜏3
 

3 

 

Table 3-3: Lifetime decay calculations from TRPL fitting data of the solution phase (where f denotes 

fractional contribution)  

 

τ1 (ns) f1 τ2 (ns) f2 τ3 (ns) f3 Avg τ  (ns) 

CsPbBr3 0.99 0.05 14.18 0.29 80.01 0.66 12.4 

Si-CsPbBr3 1.11 0.04 13.97 0.30 65.59 0.66 14.5 

 

Table 3-4: Lifetime decay calculations from TRPL fitting data of the thin film 

  τ1 (ns) f1 τ2 (ns) f2 τ3 (ns) f3 Avg τ  (ns) 

CsPbBr3 7.17 0.07 37.96 0.43 172.18 0.51 42.0 

Si-CsPbBr3 0.01 0.00 9.78 0.12 84.07 0.88 35.9 
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Figure 3-6: Time-resolved photoluminescence (TRPL) decay of CsPbBr₃ and CsPbBr₃@SiO₂ 

quantum dots in solution 

Figure 3.6 shows the Time-resolved photoluminescence (TRPL) decay of CsPbBr₃ and 

CsPbBr₃@SiO₂ quantum dots in solution. TRPL decays of CsPbBr3 QDs and silica modified 

CsPbBr3@SiO2 QDs were fitted using a tri-exponential model (See Supplementary TRPL section). 

The silica-modified CsPbBr₃@SiO₂ quantum dots exhibit a longer average photoluminescence 

lifetime (14.46 ns) compared with the bare CsPbBr₃ quantum dots (12.39 ns). The reduced 

contribution of the fastest component and the longer average lifetime are consistent with fewer 

ultrafast loss channels, matching the sharper PL and the higher PLQY observed after APTES-

mediated silica treatment. Similar improvements in recombination dynamics upon organosilicon or 

silica based surface engineering have been reported for CsPbBr3 nanocrystals, where passivation 

suppresses defect mediated losses while preserving the perovskite core structure, consistent with the 

XRD and HRTEM results [24], [51], [99]. 
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Figure 3-7: Time-resolved photoluminescence (TRPL) decay of CsPbBr₃ and CsPbBr₃@SiO₂ 

quantum dots in thin film 

Figure 3.7 shows the Time-resolved photoluminescence (TRPL) decay of CsPbBr₃ and 

CsPbBr₃@SiO₂ quantum dots in thin films. In thin films, the average lifetime of the bare CsPbBr₃ 

film is 42.00 ns, while the silica-modified film exhibits an average lifetime of 35.93 ns. The shorter 

average lifetime observed for the modified film, combined with higher PLQY, suggests that the 

recombination process becomes more radiative in nature. This indicates that surface passivation 

suppresses nonradiative trap states while allowing faster band-edge emission. Although the average 

lifetime is slightly lower after silica modification, the decay is heavily dominated by a single long 

lived component (f3 finally reaches 0.88), showing a more uniform dominant recombination channel 

in thin film, which aligns with reduced defects and interfacial homogeneity due to the introduction of 

silica-rich interphase. Related trends were observed for oxide- or organosilicon-stabilized perovskite 

QD films, in which surface modifications rearrange decay distributions and enhances emission 

efficiency and operational robustness of solid state films [99], [116]. 

Overall, the TRPL component analysis reinforces the structure and steady state optical results 

presented earlier. To this end, XRD and TEM indicate that silica functionalization retains the 

crystalline nature of the CsPbBr3 core whilst absorption, PL and PLQY suggest improved spectral 

conversion properties which are desired for luminescent down shifting. The TRPL data add the kinetic 

perspective, showing that silica modification suppresses the relative contribution of fast decay 

channels in solution and produces a film decay that is dominated by a longer-lived component. The 

redistribution of decay components indicates that silica modification alters the recombination 

dynamics by suppressing fast nonradiative channels and promoting a more uniform radiative 
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recombination pathway, supporting surface and interfacial passivation.  The mechanism is consistent 

with literature on silane-engineered CsPbBr3 nanocrystals and CsPbBr3 based LDS coatings for 

crystalline silicon devices [104], [119]. 

3.10. Performance analysis as LDS layer on Si Solar cell. 

3.10.1 PCE and Jsc of bare QDs and Si treated QDs  

The performance analysis was done by taking IV curves and finding PCE and Jsc. Figure 3.8 

compares the photovoltaic response of c-Si mini modules after coating with PMMA based LDS layers 

containing either bare CsPbBr3 QDs (left) or silica modified CsPbBr3@SiO2 QDs (right), plotted as 

PCE and Jsc versus relative QD loading (0.50× to 1.50×) for four PMMA contents (5, 10, 15, 20 mg). 

For each formulation, each measurement was repeated four times, and statistical analysis is provided 

in the Supporting Information. For bare CsPbBr3, the reference cell is at ∼14.5% PCE and 3.20 mA 

cm−2 Jsc. A distinct optimum can be observed at 1.0× QD loading, most notably for 15 mg PMMA 

(C), with PCE of 15.40% and Jsc of 3.29 mA cm−2, corresponding to +0.65% absolute PCE and 

+0.09 mA cm−2 compared to the reference. At the same 1.0× loading, 10 mg PMMA (B) and 5 mg 

PMMA (A) are slightly lower but still enhanced, ~15.22 to 15.25% PCE and ≈3.26 to 3.27 mA cm−2 

Jsc; the thickest matrix, that of PMMA at 20 mg (D), shows the least gain of about 14.95% PCE and 

≈3.23 mA cm−2 Jsc. This non-monotonic behavior is a well-known LDS trade-off given in the 

literature, as moderate QD density facilitates UV–blue photon harvesting and re-emission into the 

visible, resulting in higher Jsc and PCE while excessive loading results in greater parasitic absorption, 

reabsorption, and scattering losses that offset the down-shifting benefit [58], [109]. 
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Figure 3-8: Photovoltaic performance of crystalline silicon mini-modules coated with PMMA-based 

LDS layers containing bare CsPbBr₃ or CsPbBr₃@SiO₂ quantum dots. 

Figure 3.8 gives the photovoltaic performance of crystalline silicon mini-modules coated with 

PMMA-based LDS layers containing bare CsPbBr₃ or CsPbBr₃@SiO₂ quantum dots. CsPbBr3@SiO2 

shows a similar optimization trend, but with generally higher gains, which indicates that the window 

of performance is enlarged when silica modification is implemented. The reference cell used in this 

case has (around 14.75% PCE and 3.11 mA cm−2 Jsc ). For the CsPbBr3@SiO₂, the loading 

formulations that perform again are 1.0×, 15 mg PMMA (S C), where PCE reaches about 15.58%, 

Jsc approaches approx. 3.22 mA cm−2 with +0.83% absolute PCE and +0.11 mA cm−2 Jsc as 

compared to the reference cell, respectively. At 1.0× Si-QD loading,  10 mg PMMAs (S B) and 5 mg 

PMMAs (S A) remain close to 15.40% and 15.33% PCE, with Jsc approaching around of +3.20 and 

+3.19 mA cm−2 accordingly while once more the 20 mg PMMA (S D) underperforms, near 14.94% 

PCE and 3.14 mA cm−2 output values respectively The enhanced peak for CsPbBr3 @SiO2 is 

consistent with the earlier optical data, silica treated QDs exhibit sharper and stronger PL and higher 

PLQY implying that more of the absorbed UV–blue photons becomes useful in visible scale as 

opposed to non radiative losses. Higher PLQY increases the probability that absorbed UV-blue 

photons are re-emitted as visible photons that can contribute to silicon photocurrent. Silane-mediated 

interface engineering has been reported to improve CsPbBr3 based LDS films' optical performance, 

by providing reduced defect-mediated quenching and improved optical stability of the emissive layer, 
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which translates here into higher Jsc and PCE for solar cell performance, especially near an optimal 

film thickness and QD loading [113], [120]. At higher loading (1.25× to 1.50×), both systems drop 

toward or below the reference, for example PCE falls back to about 14.62 to 14.70% and Jsc to about 

3.10 to 3.13 mA cm−2 for the Si QD series, which is consistent with the well known onset of 

concentration quenching, photon reabsorption, and increased optical losses in thicker or more heavily 

loaded LDS coatings [121], [122]. 

3.10.2 IV Curves 

 

Figure 3-9: Current density–voltage (J–V) characteristics of silicon mini-modules coated with 

PMMA-based LDS layers containing CsPbBr₃ and CsPbBr₃@SiO₂ quantum dots. 

Figure 3.9 shows the current density–voltage (J–V) characteristics of crystalline silicon mini modules 

with PMMA based luminescent down-shifting layers loaded with either bare CsPbBr3 QDs or silica 

modified CsPbBr3@SiO2 QDs at a constant QD loading of 1× and various PMMA concentrations. 

Both cases exhibit J–V curves with similar open circuit voltage and fill factor to that of the reference 

cell, suggesting that the LDS coatings result in no adverse effects to the electrical junction or 

additional series resistance. The primary change is observed in the short circuit region, where cells 

coated with bare QDs LDS layers show a systematic increase in current density across the entire 

voltage range, consistent with enhanced photogenerated carrier density rather than electrical 

modification of the device. Moreover, the Si-QDs coated cells exhibit a slightly higher current density 

than their bare QDs counterparts, particularly for the 15 mg mL−1 PMMA formulation, in agreement 

with the PCE and Jsc trends discussed earlier. This improvement reflects more efficient down shifting 

of UV–blue photons into the visible region due to the higher PLQY and improved optical stability of 

the silica-modified QDs. As the J–V curve shape remains the same and there is no sign of Voc loss, 

confirms that performance enhancement is contributed by optical spectral management rather than 

changes in charge transport or recombination within the silicon device. This performance is consistent 
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with previous reports on CsPbBr3-based luminescent down shifting layers integrated with crystalline 

silicon solar cells. 

3.10.3 Relative PCE % Performance 

 

Figure 3-10: Relative enhancement in power conversion efficiency for different LDS formulations. 

Figure 3.10 summarizes the relative percentage change in power conversion efficiency (PCE) for 

different formulations of either bare CsPbBr3 QDs or silica-modified CsPbBr3@SiO2 QDs as a 

function of QD concentration and PMMA content. Across all PMMA loadings, both systems exhibit 

a clear optimum at 1.0× QD concentration, confirming that LDS performance is governed by a 

balance between photon conversion and optical losses. For bare CsPbBr3, the maximum PCE 

enhancement reaches 4.4%, depending on PMMA content, whereas the corresponding 

CsPbBr3@SiO2 layers give higher gains consistently ranging between  ≈4.4–6.1%. The largest gain 

is observed for 15 mg mL⁻¹ PMMA, where the PCE enhancement reaches ≈6%. At lower QD 

loadings (0.5×–0.75×), the PCE enhancement remains positive but smaller, reflecting lesser 

utilization of UV–blue photons, whereas at higher loadings (≥1.25×) the relative PCE change 

becomes negligible or negative. This is mainly due to increased parasitic absorption, reabsorption of 

emitted photons, and scattering losses within thicker LDS layers. The systematically higher 

percentage gains achieved with CsPbBr3@SiO2 across all PMMA concentrations are in correlation 

with its sharper photoluminescence, higher PLQY, and improved recombination characteristics 
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discussed earlier. This enables more efficient photon downshifting at lower effective QD densities. 

These trends are fully consistent with reported optimization studies on perovskite quantum dot-based 

LDS coatings for crystalline silicon solar cells, where surface-engineered nanocrystals exhibit 

broader processing tolerance and higher efficiency enhancement compared to unmodified QDs [97], 

[123], [124]. 

3.11. Conclusion 

Here, we show a luminescent down-shifting coating of APTES-functionalized CsPbBr₃ quantum dots 

embedded in a PMMA matrix for crystalline silicon solar cells. Our structural analyses indicate that 

the silane-induced modifications lead to the formation of an amorphous, silica-rich interphase 

surrounding the nanocrystals while retaining their intrinsic perovskite-like lattice. This interfacial 

passivation reduces surface defects, leading to a sharper emission profile, higher photoluminescence 

quantum yield, and better recombination dynamics of the CsPbBr₃ quantum dots compared to those 

in the bare state. 

The modified nanocrystals embedded in PMMA showed efficient absorption of ultraviolet and blue 

photons, with re-emission in the visible region, matching the spectral response of the silicon absorber 

layer. Consequently, allowing the luminescent down-shifting layers to enhance short-circuit current 

density without impacting the electronic properties of the underlying device, proving an optical origin 

for performance enhancement. The improved formulation achieves an absolute efficiency gain of 

0.83% with sustained relative gains approximately 6%. 

While external quantum efficiency measurements and long-term stability testing would provide 

additional insight into the LDS mechanism and durability of the coatings, the present study focuses 

on demonstrating the feasibility of APTES-modified CsPbBr₃ quantum dots embedded in PMMA as 

luminescent down-shifting layers for silicon solar cells. These results show that a combination of 

LARP synthesis with APTES-mediated surface engineering and PMMA encapsulation yields a 

straightforward and scalable route to stabilize perovskite quantum dots for use as spectral converters 

in silicon. 

Overall, this chapter establishes PMMA-integrated, surface-modified CsPbBr₃ quantum dots as a 

promising LDS-oriented coating platform for silicon photovoltaics, particularly because the observed 

gains are moderate, composition-dependent, and physically plausible. However, full mechanistic 

separation of luminescent conversion from antireflection, scattering, and other optical effects would 

require wavelength-resolved EQE measurements, film-state PLQY analysis, and more complete 

optical accounting. In addition, long-term durability under module-relevant thermal, ultraviolet, and 

humidity stress remains necessary before the approach can be assessed for practical deployment. 
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Accordingly, the present work should be regarded as a strong proof-of-concept for passivation-

assisted LDS coatings rather than a fully closed demonstration of module-ready spectral conversion 

technology.  



 

80 

 

Chapter.4  Plasmon-Assisted Photoluminescence Enhancement in 

CdSe/CdS Quantum-Dot Films Coupled with Gold Nanoparticles 

Chapter 3 demonstrated that the optical performance of quantum-dot based spectral-conversion layers 

can be improved through chemical and interfacial engineering, particularly by suppressing defect-

mediated nonradiative recombination and preserving photoluminescence in a device-relevant film. 

However, the performance of a luminescent material is not determined solely by its intrinsic 

composition or surface passivation. It also depends on the electromagnetic environment surrounding 

the emitter. In this context, plasmonic nanostructures offer an additional route for manipulating 

quantum-dot emission through localized surface plasmon resonance (LSPR), which can alter 

excitation efficiency, radiative decay behavior, and emission intensity [125], [126].  

Although plasmon-assisted photoluminescence enhancement has been widely reported, the literature 

remains less resolved than is often implied. Enhancement is frequently presented as a general 

consequence of coupling quantum dots with metallic nanoparticles, whereas in practice the outcome 

is governed by a sensitive competition among local field enhancement, radiative-rate modification, 

and nonradiative energy transfer to the metal [127], [128]. As a result, plasmonic coupling does not 

automatically improve emission. At very small separations, quenching often dominates, whereas at 

intermediate distances enhancement may emerge only within a narrow structural window [129], 

[130]. Thus, the central issue is no longer whether plasmonic enhancement is possible in principle, 

but whether it can be engineered reproducibly in a morphology-controlled and physically 

interpretable manner.  

4.1. Background 

Plasmonic nanostructures have been extensively investigated as a means of modifying light-matter 

interactions at the nanoscale. When metallic nanoparticles support localized surface plasmon 

resonance, the confined electromagnetic fields generated near their surfaces can increase the 

excitation rate of nearby emitters and, under suitable conditions, alter their radiative decay dynamics 

[131], [132]. In quantum-dot systems, these effects are commonly discussed within the broader 

framework of metal-enhanced fluorescence or plasmon-enhanced photoluminescence. The 

magnitude and even the sign of the response, however, depend on several coupled factors, including 

the type of metal, nanoparticle morphology, spectral overlap, excitation wavelength, and emitter-

metal separation [129], [130]. Consequently, plasmonic enhancement is intrinsically a geometry-

dependent phenomenon rather than a universal property of metal-quantum-dot composites.  

Among quantum emitters, CdSe/CdS core-shell quantum dots remain attractive model systems 

because they combine high photoluminescence efficiency, spectral tunability, and improved stability 
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relative to bare-core nanocrystals [133], [134]. The CdSe core provides efficient absorption of high-

energy photons, while the CdS shell suppresses surface-related nonradiative recombination and 

supports stronger emission [135]. Their visible-range emission and good optical quality have 

therefore made them relevant not only for general optoelectronic applications, but also for ultraviolet 

down-shifting and related photon-management concepts in photovoltaics [126]. Nevertheless, even 

these core-shell structures remain limited by incomplete excitation efficiency and residual 

nonradiative losses, which motivates investigation of external optical coupling strategies capable of 

further increasing emission output.  

Gold nanoparticles are among the most widely used plasmonic materials for this purpose because 

they exhibit stable and tunable LSPR in the visible region. Their interaction with nearby quantum 

dots may enhance photoluminescence through near-field amplification or radiative-rate modification, 

but only when the structure is designed within a suitable spectral and spatial regime [136], [137]. The 

literature consistently shows that emitter-metal spacing is a decisive control parameter. Very short 

distances generally favor nonradiative energy transfer and quenching, whereas intermediate 

separations can produce net enhancement. At larger distances, the plasmonic effect decays and the 

coupling becomes negligible [138], [139]. Spacer layers such as PMMA or SiO₂ are therefore 

commonly introduced to regulate separation and to shift the system away from the quenching regime 

[126], [140]. In addition, nanoparticle size distribution and surface coverage strongly influence the 

local optical response, because morphology determines resonance position, field localization, and the 

balance between enhancement and parasitic loss.  

Despite this broad understanding, much of the existing literature has relied on colloidal synthesis 

routes for gold nanoparticle preparation. While such approaches are useful for proof-of-concept 

demonstrations, they often provide less control over nanoparticle morphology, spatial uniformity, and 

reproducibility, all of which are critical parameters for reliable plasmonic coupling [28], [141]. In 

contrast, magnetron sputtering offers a scalable physical deposition route with improved control over 

particle size, density, and distribution, and is compatible with a wider range of substrates. Recent 

studies have shown that sputtering conditions can strongly affect nanoparticle morphology and optical 

response, making this method particularly suitable for constructing plasmonically coupled hybrid 

films in a more controlled manner [142], [143]. Yet, despite these advantages, the use of magnetron-

sputtered Au nanoparticles for enhancing the photoluminescence of CdSe/CdS core-shell quantum-

dot films has remained insufficiently explored.  

4.2. Problem Statement 

Despite the well-known ability of gold nanoparticles to enhance the photoluminescence of nearby 

quantum emitters, most reported studies have been based on colloidal AuNP synthesis, which often 
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limits reproducibility and precise control over nanoparticle morphology and distribution. As a result, 

the relationship between nanoparticle structure, emitter-metal separation, and optical response 

remains insufficiently resolved, particularly for CdSe/CdS core-shell quantum dot systems. 

Moreover, the use of magnetron-sputtered AuNPs as a controlled and scalable platform for 

photoluminescence enhancement in CdSe/CdS films has not been previously established. This 

highlights the need for a systematic investigation in which AuNP morphology and spacer-layer 

thickness are deliberately controlled in order to determine the design conditions that maximize 

enhancement while minimizing plasmon-induced quenching. Scientifically, the chapter is distinct in 

treating plasmonic coupling not as a purely phenomenological effect, but as a structure-dependent 

optical problem in which nanoparticle morphology and separation distance are systematically 

engineered and evaluated. In this way, the chapter contributes a more controlled route toward 

plasmonically enhanced quantum-dot emission, with relevance to future optical down-shifting and 

light-management layers for photovoltaic applications. 

4.3. Experimental Procedure 

4.3.1 Materials 

All chemicals were purchased from Sigma-Aldrich unless otherwise specified and were used as 

received without further purification. The reagents employed in the synthesis of CdSe/CdS core-shell 

quantum dots included cadmium oxide (CdO, 99.5%), cadmium acetate dihydrate (>98%), selenium 

powder (99.5+%), sulfur powder (>99%), oleic acid (OA, 90%), 1-octadecene (ODE, 90%), and 

trioctylphosphine (TOP, 90%). 

4.3.2 Synthesis of CdSe Quantum Dots 

CdSe quantum dots were synthesized by a hot-injection method under inert atmosphere. A selenium 

precursor was first prepared by mixing selenium powder (28.5 mg, 0.360 mmol) with TOP (0.2 mL) 

and ODE (1.5 mL). The mixture was stirred at 50 °C for 20 min under argon until a clear transparent 

solution was obtained. 

In parallel, cadmium oxide (71 mg, 0.390 mmol), ODE (10 mL), and OA (1 mL) were loaded into a 

three-neck flask. The reaction mixture was degassed on a Schlenk line and then heated to 280 °C 

under argon for 20 min until complete dissolution of the cadmium precursor was achieved. The 

selenium precursor was then rapidly injected into the cadmium precursor solution, after which the 

reaction temperature was immediately reduced to 250 °C and maintained for 10 s to allow controlled 

growth of the CdSe nanocrystals. The reaction was subsequently quenched to room temperature. 
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The resulting CdSe quantum dots were purified twice by precipitation with methanol using a 1:3 

volume ratio, followed by centrifugation at 4000 rpm. The purified nanocrystals were finally 

redispersed in octadecene for further processing. 

4.3.3 Growth of CdSe/CdS Core-Shell Quantum Dots 

4.3.3.1. Preparation of shell precursors 

For the cadmium precursor, cadmium acetate dihydrate (54 mg, 0.2 mmol) and OA (0.3 mL, 1 mmol) 

were added to 4.6 mL of ODE and heated to 220 °C under stirring in an inert atmosphere for 10 min. 

For the sulfur precursor, sulfur powder (15.8 mg, 0.2 mmol) and TOP (0.1 mL, 0.4 mmol) were added 

to 4 mL of ODE and heated to 70 °C under inert atmosphere until a clear solution was obtained. Both 

precursor solutions were then cooled to room temperature and stored for subsequent shell growth. 

4.3.3.2. CdS shell growth 

The CdS shell was grown around the preformed CdSe cores by a one-pot shelling method. In a typical 

procedure, 9 mL of ODE, CdSe cores (0.04 mmol), and the calculated amounts of cadmium and sulfur 

precursor solutions were introduced into a three-neck flask under inert atmosphere. The reaction 

mixture was then heated gradually to 200 °C and maintained at this temperature for 1 h. This 

temperature was selected to promote heterogeneous shell growth while minimizing homogeneous 

nucleation of CdS. After completion of the shell-growth step, the reaction mixture was cooled slowly 

to room temperature. 

The CdSe/CdS core-shell quantum dots were purified with methanol, collected by centrifugation at 

4000 rpm, and finally dispersed in hexane for subsequent use. 

4.4. Fabrication of AuNPs/QD Coupling Structures 

To investigate plasmon-enhanced photoluminescence of CdSe/CdS quantum dots, a multilayer 

coupling architecture was fabricated consisting of Au nanoparticles deposited on a glass substrate, 

followed by a PMMA spacer layer, and a top emissive layer of CdSe/CdS quantum dots dispersed in 

PMMA. PMMA was used as a dielectric spacer to control the QD-AuNP separation, reducing metal-

induced quenching while allowing plasmonic interaction at intermediate distances. A schematic 

representation of this structure is shown in Figure 4.1. 
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Figure 4-1: Hybrid plasmonic structure consisting of a CdSe/CdS quantum-dot PMMA layer, a 

PMMA spacer, and Au nanoparticles deposited on a glass substrate 

Glass substrates were first cleaned with ethanol and acetone. Gold nanoparticles were then deposited 

by magnetron sputtering. Prior to Au deposition, the glass substrates were carbon-coated using the 

pulsed carbon rod program of a Quorum Q150T ES Plus sputter coater. Subsequently, Au 

nanoparticles were prepared on the carbon-coated glass using an Emitech K550X sputter coater 

operated at a current of 10 mA for 10 s. The sputtering process was conducted in an argon atmosphere 

at a pressure of approximately 10⁻¹ mbar. 

Following AuNP deposition, a PMMA spacer layer was introduced by spin coating at 3000 rpm for 

60 s. The spacer thickness was controlled by varying the concentration of PMMA dissolved in 

toluene. PMMA concentrations of 0.05, 0.075, 0.1, 0.3, 0.5, 0.7, 0.85, and 1.0 wt% were used, 

corresponding to thickness values in the range of approximately 3 to 51 nm. As a spacer layer, PMMA 

controls the QD-AuNP distance, whereas in the emissive layer, PMMA acts as a host matrix to 

disperse CdSe/CdS QDs and form a uniform luminescent film. The thickness-concentration 

relationship is presented in Figure 4.2. The preparation strategy for the PMMA spacer layer followed 

the method reported by Song et al. [137] for reproducing controlled spacer thicknesses. 
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Figure 4-2: Variation of PMMA spacer-layer thickness as a function of PMMA concentration 

For deposition of the top emissive layer, 1 mL of the previously prepared CdSe/CdS quantum-dot 

solution in toluene was mixed with 1 mL of 1.0 wt % PMMA in toluene. The resulting mixture was 

then spin-coated onto the PMMA spacer layer at 3000 rpm for 60 s to form the QD-containing top 

film. For each coupling configuration, five independently prepared samples were fabricated to ensure 

reproducibility. 

4.5. Optical Characterization 

The photoluminescence spectra of the quantum dots were recorded using an Optica PL spectrometer. 

Absorption spectra were measured using a Cary 60 UV-Vis spectrometer. The PL spectra of the 

AuNP/QD coupling structures were acquired using a Renishaw inVia confocal Raman microscope 

equipped with an external ultraviolet LED source in place of the standard laser. The excitation 

wavelength of the LED source was 375 nm, with an approximate spectral variation of ±10 nm. 

Measurements were performed using a 2400 lines mm⁻¹ diffractive grating, and the spectra were 

collected with a 576-pixel CCD detector. The UV excitation source was positioned at a fixed distance 

of 10 cm from the sample and maintained at a constant angle throughout all measurements. A 100× 

objective lens was used to collect the emitted PL signal. All optical measurements were conducted in 
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a dark room at room temperature in order to minimize interference from ambient light and maintain 

consistent experimental conditions. 

4.6. Results and Discussion 

4.6.1 Morphology and size distribution of sputter-deposited Au nanoparticles 

To characterize the morphology of the deposited Au nanoparticles, AuNPs, scanning electron 

microscopy, SEM, was employed. The samples were examined using a Zeiss Gemini 300 scanning 

electron microscope operated at an accelerating voltage of 5 kV and a working distance of 5 mm. 

Imaging was performed by collecting both secondary electron signals with the InLens detector and 

backscattered electron signals with the external BSD detector, thereby enabling reliable assessment 

of nanoparticle morphology and surface distribution. 

To establish a morphological reference for the deposited AuNP layer, a bare glass substrate was first 

coated with carbon prior to SEM imaging, as shown in Figure 4.3. This conductive coating was 

introduced solely to facilitate electron imaging of the otherwise poorly detectable glass surface under 

the selected SEM conditions. It should be emphasized that the samples used for photoluminescence 

measurements were not carbon-coated, in order to avoid any possible interference of the conductive 

layer with the optical response of the AuNP/QD coupling structure. 

 

Figure 4-3:SEM image of a bare glass substrate coated with carbon 

The SEM micrograph shown in Figure 4.4 reveals the formation of bright, predominantly spherical 

AuNPs dispersed over the glass substrate with minimal aggregation. The particles appear spatially 

well distributed, with only limited clustering or coalescence. Such a morphology is advantageous for 

plasmonic applications because excessive agglomeration can broaden the localized surface plasmon 
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resonance, LSPR, band, reduce uniformity of the local electromagnetic field, and complicate 

interpretation of the distance-dependent photoluminescence response. The observed nanoparticle 

distribution therefore indicates that the sputtering conditions employed in this study are appropriate 

for producing a comparatively homogeneous plasmonic layer. 

 

Figure 4-4: SEM image of  Au Nanoparticles on a glass substrate 

To quantify the particle dimensions, the SEM images were analyzed using ImageJ software. The 

corresponding size distribution is presented in Figure 4.5. The AuNPs exhibit a relatively narrow 

diameter distribution in the range of approximately 6 to 18 nm, with an average particle size of 11.1 

nm. The majority of the particles fall within the 9 to 12 nm interval, indicating a fairly uniform 

nanoparticle population. This narrow distribution is of particular significance because the plasmonic 

response of metallic nanoparticles is strongly dependent on particle size, shape, and spatial 

arrangement. Accordingly, the relatively uniform morphology observed here is expected to support a 

more consistent LSPR response and, consequently, a more reproducible plasmon-mediated 

enhancement of quantum-dot photoluminescence [140]. 

https://pubs.acs.org/doi/10.1021/acsomega.5c03718?fig=fig4&ref=pdf
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Figure 4-5: Size Distribution plot of AuNPs 

4.6.2 Optical characteristics of AuNPs and CdSe/CdS quantum dots 

The optical properties of the AuNPs were then examined to confirm the formation of an optically 

active plasmonic layer. As shown in Figure 4.6, AuNPs deposited at 10 mA for sputtering times 

ranging from 10 to 50 s exhibit clear plasmonic absorption bands in the visible region, extending 

approximately from 520 to 595 nm. The absorption intensity increases with deposition time, 

confirming progressive nanoparticle formation and consistent control over the optical response of the 

metallic layer. This visible-region resonance is characteristic of Au nanostructures within this size 

regime and confirms that the sputtered films are suitable for LSPR-based coupling [140], [144]. 
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Figure 4-6: Absorption Spectra of Au  Nanoparticles 

The optical properties of the semiconductor emitters were evaluated next. Figure 4.7 shows that the 

CdSe core quantum dots display an absorption peak at 515 nm, corresponding to an estimated core 

diameter of approximately 2.6 nm [145]. After CdS shell growth by the SILAR method, the final 

CdSe/CdS core-shell size was estimated to be approximately 3.3 nm. Shell growth is important 

because it improves optical stability and suppresses surface-related nonradiative losses, thereby 

making CdSe/CdS an appropriate model emitter for plasmonic enhancement studies. 

 

Figure 4-7: Absorption and Photoluminescence spectra of CdSe core 

The absorption and PL spectra of the CdSe/CdS core-shell QDs are presented in Figure 4.8. The QDs 

show strong absorption in the ultraviolet region together with a pronounced visible PL emission band 

centered near visible region.  
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Figure 4-8: Absorption and Photoluminescence spectra of CdSe-CdS core-shell 

This spectral configuration is relevant for two reasons. First, the strong UV absorption makes the 

QDs suitable for ultraviolet down-shifting concepts. Second, the visible emission lies in the spectral 

vicinity of the AuNP plasmon band, which is favorable for plasmon-mediated modification of the 

emission process. However, the system does not represent ideal resonance matching at the excitation 

wavelength because the excitation source is centered at 375 nm, whereas the main AuNP plasmon 

feature is centered closer to 585 nm. Since the excitation wavelength and main AuNP plasmon band 

are not perfectly matched, the enhancement is expected to be moderate rather than strongly resonant. 

This spectral mismatch limits purely resonant energy transfer and explains why the enhancement is 

measurable but not multifold. Instead, the observed PL increase is attributed primarily to local 

electromagnetic field enhancement and modified excitation conditions rather than to ideal resonant 

excitation of the metal nanostructures [146]. 

This point is scientifically important. In many plasmonic enhancement studies, strong PL 

amplification is reported when the excitation, plasmon resonance, and QD emission are more closely 

aligned. In the present system, the AuNPs still absorb into the UV-visible region despite their visible 

plasmon maximum, allowing measurable PL enhancement even under 375 nm excitation. This makes 

the present architecture relevant to UV-responsive optical applications, including prospective down-

shifting layers, even if the absolute enhancement remains more moderate than that reported for highly 

resonant hotspot-dominated plasmonic systems [147]. 
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4.6.3 Preprocessing and normalization of PL spectra 

To extract a physically meaningful measure of PL enhancement, the raw spectra were preprocessed 

prior to comparison. As shown in Figure 4.9, each spectrum contains two distinct features, a smaller 

excitation-related peak near 375 nm and a larger QD emission peak around 547 nm. The baseline was 

subtracted and the two contributions were fitted separately using Fityk. The QD emission was fitted 

with a pseudo-Voigt function, appropriate for broadened semiconductor nanocrystal emission, 

whereas the excitation feature was fitted with a log-normal function, suitable for narrower asymmetric 

peaks. The representative fit shown in Figure 4.9 yields R² = 1.0 (Baseline vs Fitted) and R² = 0.96 

(Raw vs Baseline), indicating excellent agreement between the selected fitting functions and the 

measured spectral features. 

 

Figure 4-9: Data Fitting of QDs Photoluminescence 

The raw spectra were additionally smoothed using a Savitzky-Golay filter, as shown in Figure 4.10, 

to suppress measurement noise. However, raw or smoothed PL intensity alone does not provide a 

sufficiently reliable measure of plasmonic enhancement, because apparent intensity changes may also 

be influenced by excitation scattering and geometry-dependent collection effects. For this reason, the 

analysis was normalized by taking the ratio of the integrated area of the QD emission peak to that of 

the excitation-related peak. This ratio-based metric does not represent an absolute PL quantum yield, 

but it provides a more robust basis for comparing relative PL enhancement across different coupling 

configurations.  
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Figure 4-10: Raw PL data of QDs smoothed with Savitzky-Golay filter 

The rationale for normalization is supported by the raw data presented in Figures 4.10 and 4.11. Figure 

4.11 (left) shows no simple one-to-one correspondence between the height of the excitation-related 

peak and the geometry of the coupled structure. If scattering from the excitation source were 

dominating the optical response, a clearer geometric dependence of that peak would be expected. The 

absence of such a direct relation supports the use of normalized peak-area ratios to isolate changes 

more closely associated with emitter-metal coupling. 
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Figure 4-11: Excitation and Photoluminescence Peak of Plasmonic Coupling Structure 

The representative example listed in Table 4.1 further illustrates this normalization procedure. 

Integrated peak area was preferred over peak height because it is less sensitive to local noise, small 

spectral shifts, and peak broadening, thereby providing a more stable comparison of PL response. For 

the sample with a nominal 15 nm PMMA spacer, the integrated area of the excitation peak is 20,653.6, 

whereas the area of the QD emission peak is 366,322, yielding an area ratio of 17.43. This value falls 

within the enhancement regime and is consistent with the broader trend later summarized in the box-

plot analysis. 

Table 4-1: Area under the Curves and Its Ratio 

Sample name 

 

peak of excitation 

source (area under 

the curve) 

(function: log 

normal) 

 

peak of QDs 

emission (area 

under the curve) 

(function: 

Lorentzian) 

 

area ratio 

 

sample (a)*, 15 nm 

thickness 

20,653.6 366,322 17.43 
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*This refers to a specific sample with 15 nm thickness.  

4.6.4 Spacer-thickness-dependent PL response 

The principal result of this chapter is the strong dependence of normalized PL on PMMA spacer 

thickness. The raw spectra for the different coupling geometries are shown in Figures 4.10 and 4.11, 

while the summary of the normalized responses from five independently prepared samples for each 

configuration is presented in the box plots of Figure 4.12. Together, these figures show that the PL 

response is non-monotonic with separation distance and can be divided into three distinct regimes, 

quenching at very short distances, enhancement at intermediate distances, and decay of enhancement 

at larger separations. 

 

Figure 4-12: Box plots of PL data of  five different samples prepared 

In the absence of a spacer layer, where the QDs are effectively in direct contact with the AuNP layer, 

the average normalized PL is approximately 6, substantially lower than that of the QD-only reference, 

which is approximately 10. Similarly, at the lowest PMMA concentrations of 0.05 to 0.075 wt %, 

corresponding to spacer thicknesses of approximately 3 to 4 nm, the normalized PL decreases further 

to an average of approximately 5, that is, roughly half of the QD-only value. This strong suppression 

indicates that when the emitter-metal distance is too small, nonradiative energy transfer to the AuNPs 
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dominates the optical response. In the framework of metal-enhanced fluorescence, these 

configurations lie within the quenching regime, where dissipative channels associated with the metal 

outweigh any beneficial near-field enhancement [148], [149]. 

A distinct transition occurs once the spacer reaches approximately 5 nm, corresponding to 0.1 wt % 

PMMA. At this thickness, the average normalized PL rises to approximately 13, exceeding the QD-

only reference and indicating that the system has moved out of the strong-quenching regime. With 

further increase in spacer thickness, the normalized PL continues to increase through the intermediate-

thickness range. The average normalized PL rises from about 13 to 16 for spacer layers beginning at 

5 nm, with a particularly strong value of 16.3 at 0.5 wt % PMMA, corresponding to a thickness of 

about 25 nm. This value represents the highest relative enhancement with respect to the QD-only 

reference and is therefore identified as the optimum configuration for the present system. This reflects 

an optimized condition for maximum QD emissions to the relative excitation input, indicating strong 

plasmonic enhancement of the radiative emission process  [150], [151]. 

The enhancement trend extends over a broader intermediate-thickness interval before decreasing 

again at larger distances. The strongest average normalized response is obtained at 25 nm, while the 

broader enhancement regime extends approximately from 5 to 42 nm. Beyond approximately 42 nm, 

the normalized PL decreases again and approaches the weak-coupling regime. This decline is 

consistent with the short-range nature of plasmonic near fields. Once the QD layer is displaced too 

far from the AuNPs, the field amplitude experienced by the emitters becomes too weak to sustain 

substantial enhancement, and the structure behaves increasingly like an optically isolated QD film. 

The resulting non-monotonic dependence of PL on spacer thickness therefore follows the classical 

distance-dependent competition expected for plasmon-coupled emitters, strong quenching at very 

small separations, net enhancement at intermediate separations, and decaying interaction at larger 

distances. 

The trends observed in Figures 11 and 12 are consistent with the broader state of the art in metal-

enhanced fluorescence and plasmon-enhanced QD emission, but the present study contributes two 

points of practical significance. First, it reproduces the expected distance-controlled transition from 

quenching to enhancement in a planar CdSe/CdS-Au system. Second, it does so using magnetron-

sputtered AuNPs, which provide a more morphology-controlled and scalable platform than many 

colloidal Au-based coupling architectures reported previously [152]. 

The quenching behavior observed for 0 to 4 nm spacing agrees well with prior reports in the literature, 

where very small emitter-metal separations generally lead to nonradiative energy transfer and PL 

suppression. Enhancement typically emerges only at intermediate distances extending to several tens 

of nanometres, depending on nanostructure geometry, spectral overlap, and dielectric environment. 



 

96 

 

The present results are therefore fully consistent with the accepted distance-dependent framework of 

plasmon-emitter coupling [151]. 

The optimum enhancement observed around 25 nm, within a broader 5 to 42 nm enhancement 

window, also compares favorably with previous spacer-controlled plasmonic QD studies. The 

significance of the present result does not lie in the absolute value of the optimum distance alone, but 

in the fact that this design window is resolved in a physically deposited AuNP system with a narrow 

particle-size distribution and validated across multiple independently prepared samples for each 

configuration. This gives the resulting spacer-thickness window stronger practical relevance for 

reproducible thin-film implementation [28], [150]. 

At the same time, the magnitude of enhancement remains moderate rather than extreme. This is 

scientifically reasonable and strengthens the credibility of the interpretation. Because the 375 nm 

excitation source is spectrally mismatched with the main AuNP absorption maximum near 585 nm, 

purely resonant excitation transfer is limited. In highly optimized plasmonic cavity systems or 

strongly resonant hotspot architectures, far larger apparent enhancements are sometimes reported, but 

those configurations often involve more localized field singularities, more complex geometries, and 

less straightforward transferability to large-area coating platforms. By contrast, the present 

architecture prioritizes planar fabrication control and interpretable spacer engineering over maximum 

possible peak enhancement [147]. 

This distinction is important in relation to the state of the art. Many published reports demonstrate 

large PL changes but do not always distinguish true radiative-rate enhancement from alternative 

contributions such as scattering, extraction changes, or morphology-induced collection artifacts [28], 

[29], [141]. The present study does not fully resolve the mechanism at the level of lifetime analysis, 

and therefore a strict Purcell-type attribution cannot be made. Nevertheless, the normalization 

strategy, the absence of a simple correlation between excitation-peak changes and geometry, and the 

systematic spacer-thickness dependence together provide stronger evidence for genuine plasmonic 

modulation than would raw intensity comparison alone. Thus, while the work does not provide the 

complete intensity-plus-lifetime verification often recommended in the broader metal-enhanced 

fluorescence literature, it advances beyond many qualitative demonstrations by combining 

morphology control, normalized spectral analysis, and distance-resolved statistical comparison. 

From an application perspective, the results also have implications for luminescent down-shifting 

architectures. The CdSe/CdS QDs exhibit strong UV absorption and visible emission, while the AuNP 

layer can enhance the effective radiative output within an appropriate spacer-controlled geometry. 

This indicates that plasmonic subsystems could be used to increase the photon yield of QD-based 

optical coatings, provided that metal-induced absorption losses and quenching are carefully 
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controlled. The present study therefore does not merely show that AuNPs can alter QD PL, it defines 

a practical spacer-thickness window in which that alteration is beneficial rather than detrimental. This 

is more useful for future device-oriented design than an isolated report of enhancement without 

structural resolution. 

4.7. Conclusion 

Overall, the results show that the PL response of CdSe/CdS-Au hybrid films is governed by a clear 

structure-property relationship. Figures 4.4 and 4.5 establish that magnetron sputtering yields well-

dispersed AuNPs with a narrow size distribution centered at 11.1 nm. Figure 4.6 confirms that these 

particles support visible-region plasmonic absorption, while Figures 4.7 and 4.8 show that the 

CdSe/CdS QDs provide the required UV absorption and visible emission for plasmon-coupled down-

shifting behavior. Figures 4.9 to 4.12 then demonstrate that normalized PL depends strongly on 

PMMA spacer thickness, with quenching under direct contact and at 3 to 4 nm, strong enhancement 

beginning at about 5 nm, a best-performing configuration around 25 nm, and declining enhancement 

beyond approximately 42 nm. 

The experimental findings therefore support the conclusion that the Au nanoparticle and spacer 

architecture can modulate the emission properties of CdSe/CdS colloidal films in a controlled manner. 

The observed enhancement indicates that careful structural design can improve the local optical 

environment experienced by the emitters, while the spacer-thickness dependence provides direct 

evidence that the effect is not merely incidental but arises from the coupled nanophotonic geometry. 

At the same time, the present results do not fully resolve the relative contributions of excitation-rate 

enhancement, modified radiative decay, extraction effects, or scattering-assisted outcoupling. For this 

reason, the chapter does not claim definitive proof of a pure Purcell-type mechanism, but rather 

demonstrates distance-controlled plasmonic modulation of quantum-dot emission. 

Scientifically, the main contribution of this chapter lies in clarifying the structural conditions under 

which plasmonic coupling becomes beneficial instead of detrimental in this material system. This is 

important for the future design of photon-management layers and optoelectronic interfaces based on 

colloidal nanocrystals. However, the present work remains primarily an optical structure-property 

study, rather than a complete photovoltaic device demonstration. Further validation through 

comprehensive lifetime-resolved measurements, angle-dependent optical studies, and direct 

integration into device-relevant architectures would be necessary to determine whether the observed 

enhancement can translate into net photovoltaic benefit without introducing compensating parasitic 

losses. Thus, the chapter provides a solid mechanistic foundation for future hybrid photonic design, 

while appropriately limiting the claim to plasmonically modulated luminescence rather than 

established solar-cell enhancement. 
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Chapter.5  High-Resolution Prediction of Photovoltaic Module 

Temperature Using Sequence-Based Machine Learning 

The preceding chapters examined photovoltaic improvement primarily through materials and optical 

engineering, specifically by enhancing spectral utilization and controlling radiative processes in 

quantum-dot based systems. However, photovoltaic performance under practical operating conditions 

is also strongly governed by thermal behavior. Module temperature directly influences voltage loss, 

conversion efficiency, degradation rate, and long-term reliability, and therefore constitutes a critical 

state variable in photovoltaic performance analysis and system management [153], [154]. 

Although photovoltaic operating temperature has long been described using empirical and physics-

based formulations, direct module-temperature forecasting remains less developed than irradiance or 

power forecasting. Classical models such as those of Ross, Faiman, the Sandia Array Performance 

Model, SAPM, and Fuentes remain important because they are physically interpretable and 

computationally efficient, yet their predictive performance can deteriorate under transient irradiance, 

fluctuating wind conditions, and radiatively complex environments [79], [81], [83]. Conversely, many 

machine-learning studies report strong predictive accuracy while treating environmental variables 

largely as independent inputs, thereby underrepresenting thermal inertia and sequential memory, both 

of which are intrinsic to photovoltaic heat dynamics [31], [95]. Accordingly, the current challenge is 

not only to improve predictive accuracy, but also to develop a forecasting framework that is 

temporally informed, physically credible, and operationally trustworthy. 

5.1. Background 

Photovoltaic module temperature is governed by an energy balance involving absorbed solar 

irradiance, electrical conversion, convective heat transfer, long-wave radiative exchange, and thermal 

interaction with the mounting configuration. Among the various environmental factors affecting 

photovoltaic performance, module back-surface temperature has emerged as a particularly important, 

yet often underemphasized, variable. Even a 1 °C increase can reduce module voltage and efficiency 

by approximately 0.2 to 0.5%, while prolonged heat exposure accelerates degradation processes 

[153], [154]. Despite its importance, many operational forecasting systems still rely on simplified 

irradiance-temperature heuristics or empirical steady-state models, which often perform poorly under 

dynamic conditions such as passing clouds or fluctuating wind. 

Historically, PV module temperature has been described using physics-based and semi-empirical 

formulations derived from heat-transfer principles. Early work by Ross [79] introduced a linear 

relationship between irradiance and cell temperature based on the nominal operating cell temperature, 

NOCT, providing a simple but limited approximation. Subsequent models, such as the Faiman model 
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(2008), improved this formulation by incorporating wind-dependent convective heat loss through 

empirical coefficients. More advanced approaches, including the Sandia Array Performance Model, 

SAPM, and the Fuentes thermal model, introduced greater physical realism by accounting for 

multiple heat-transfer pathways, including convection and long-wave radiative exchange [83], [85]. 

The Fuentes model, in particular, represents a dynamic energy-balance formulation that incorporates 

thermal capacitance, thereby allowing transient thermal behavior to be captured rather than assuming 

steady-state conditions. Similarly, more recent extensions, such as radiatively corrected Faiman-type 

models, incorporate downwelling infrared radiation to better represent nighttime and low-irradiance 

cooling processes. These developments reflect a broader progression from purely empirical 

formulations toward more physically grounded thermal models [81], [83]. 

To improve predictive accuracy, machine-learning approaches have gained increasing attention. For 

example, Keddouda et al. (2024) evaluated 12 machine-learning algorithms, including ANN, gradient 

boosting, and PCA-reduced regressors, for module-temperature prediction using irradiance, ambient 

temperature, wind speed, and humidity. The best-performing models achieved 𝑅2 ≈ 0.986and 

𝑀𝐴𝐸 ≈ 0.98 ∘C [95]. Abdelsattar et al. (2025) benchmarked nine methods for PV temperature and 

humidity prediction and found that XGBoost yielded 𝑀𝐴𝐸 ≈ 1.54 ∘Cand 𝑅2 ≈ 0.947 [155]. 

Although these ensemble-based methods often provide strong predictive accuracy, they generally do 

not account explicitly for temporal sequence information or thermal inertia. 

The rise of deep learning, particularly Long Short-Term Memory, LSTM, networks, CNN-LSTM 

hybrids, attention mechanisms, and transformer-based models, has further improved forecasting 

accuracy in PV power and irradiance prediction. Hybrid transformer-LSTM architectures, such as 

SolNet and PV-Client, have also demonstrated improved spatiotemporal modelling through cross-

variable attention [156], [157]. Nevertheless, most of these studies focus on power or irradiance 

forecasting rather than direct module-temperature prediction [158]. 

In addition, many deep-learning models still omit two components that are essential for practical 

deployment, uncertainty quantification and explainability. Techniques such as Monte Carlo Dropout, 

MCD, enable probabilistic forecasting through stochastic inference [159] while SHAP values provide 

interpretable feature attribution for complex models [91]. However, such methods remain only rarely 

integrated into PV thermal forecasting. More broadly, foundational work in probabilistic and physics-

informed forecasting continues to emphasize the importance of integrating uncertainty awareness and 

domain physics into predictive model design [89], [92], [160]. 
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5.2. Problem Statement 

Despite recent progress in photovoltaic thermal modelling, the literature does not yet provide a 

sufficiently integrated framework for direct module-temperature forecasting. Physics-based models 

such as Ross, Faiman, SAPM, and Fuentes are physically meaningful, but may lose predictive 

robustness under transient and radiatively complex conditions [79], [83], [85]. Conversely, many 

machine-learning studies improve point prediction while underrepresenting thermal memory, and 

relatively few combine sequence learning with uncertainty quantification, explainability, and direct 

benchmarking against accepted thermal models [89], [95], [155], [160]. As a result, physical 

relevance, temporal dependence, and model trustworthiness are still too often treated as separate 

objectives rather than as concurrent requirements of a reliable photovoltaic temperature forecasting 

framework. 

Accordingly, this chapter investigates photovoltaic module temperature prediction using high-

resolution field measurements through a comparative framework that includes physics-based thermal 

models, ANN and LSTM architectures, feature engineering informed by photovoltaic thermal 

physics, Monte Carlo Dropout uncertainty analysis, and SHAP-based interpretability assessment. The 

scientific contribution of this chapter lies in evaluating temperature forecasting not only as an 

accuracy problem, but as a unified modelling problem requiring temporal learning, physical 

benchmarking, uncertainty awareness, and interpretability within the same study. In this way, the 

chapter aims to establish whether an LSTM-based framework can provide a more accurate and 

operationally credible representation of real-world photovoltaic thermal behavior than conventional 

empirical and semi-empirical temperature models. In this context, operational credibility means that 

the model should not only reduce prediction error, but should also follow physically meaningful 

trends with irradiance, ambient temperature, wind speed, and long-wave radiative cooling. 

5.3. Methodology Section 

5.3.1 Data Source and Collection 

The dataset used in this study was obtained from the DuraMAT DataHub, specifically the module 

temperature dataset maintained by Sandia National Laboratories under the Systems Long-Term 

Evaluation (SLTE) project. This open-access dataset captures high-resolution, real-world 

environmental and operational conditions for PV modules located at the Photovoltaic Systems 

Evaluation Laboratory (PSEL) in Albuquerque, New Mexico (35.05°N, 106.54°W, elevation: 1660 

m). 

5.3.2 Key Attributes of the Dataset 

Time resolution: 1-minute averaged values (from 1 to 5 second sensor readings) 
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Time coverage: Seven months of the year 2020 from Jan to July (excluding Jan 20–30 maintenance 

gap) 

The raw dataset contains timestamps, plane-of-array (POA) irradiance, air temperature, infrared 

downwelling radiation, and module back-surface temperature measurements. Infrared downwelling 

radiation was included because long-wave radiative exchange contributes significantly to module 

cooling, particularly during low-irradiance periods. After eliminating null or missing values, the 

dataset was chronologically ordered and resampled to ensure consistent temporal spacing. The final 

dataset contained over 216,236 valid entries (Approximately, 51.5 % of samples are daylight, based 

on poa_global > 10) used for model training and evaluation. The threshold poa_global > 10 W m⁻² is 

used to distinguish periods with meaningful solar heating from night or near-dark conditions. 

Measured parameters: 

o Plane-of-array irradiance (POA) using Kipp & Zonen CMP11 sensors 

o Air temperature using Climatronics aspirated shield sensors 

o Wind speed at 10 m height 

o Infrared downwelling radiation (estimated from ECMWF data) 

o Back-of-module temperatures (four Omega SA1-RTD sensors) 

These parameters were measured on centrally located 325 W Panasonic HIT modules, chosen to 

minimize edge and boundary effects. 

5.3.3 Feature Engineering 

The predictive model was trained on a mix of physical, temporal, and statistical features: The input 

features are given in Table 5.1. 

Table 5-1: Input features including physical, temporal and derived statistical features 

Type Features 

Core 

environmental 

poa_global, wind_speed, temp_air, ir_down 

Temporal 

markers 

hour, day, month 

Derived 

indicators 

diff_poa (difference between current and last irradiance value), 

rolling_air_temp (last ten-minute rolling average),  

is_daylight (poa_global > 10) 
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This comprehensive input space allowed the models to learn both static and dynamic characteristics 

of PV module thermal behavior under changing atmospheric conditions. To enhance the model’s 

ability to capture the physical processes governing PV module temperature, several engineered 

features were included based on their thermodynamic relevance. The ir_down (downwelling infrared 

radiation) feature is particularly important during nighttime or low-irradiance periods when 

convective and longwave radiative exchanges dominate PV cooling, despite negligible solar input. 

diff_poa captures rapid irradiance changes due to cloud movement, whereas  rolling_air_temp 

represents short-term thermal inertia in the environment. Feature engineering operations that depend 

on temporal aggregation (rolling_air_temp, diff_poa) were computed using only past values within 

the training window to prevent data leakage. Data normalization was applied exclusively to the 

training set and then extended to the validation and test sets. The diff_poa, representing the temporal 

gradient of plane-of-array irradiance, captures rapid changes in solar exposure (e.g., due to cloud 

transients), which directly influence the short-term heating rate of the module surface. Temporal 

features such as hour and day are used to encode diurnal and seasonal variations, respectively, 

accounting for the cyclical nature of irradiance, ambient temperature, and sun angle, all of which 

influence the module’s thermal behavior over different timescales.  

5.4. Model Architecture and Training 

Seven different models were developed and evaluated to predict the back-surface temperature of the 

PV module: 

5.4.1 Physics based models 

In addition to data-driven models, several physics-based thermal models were implemented to 

provide a benchmark for comparison. These models estimate PV module temperature using simplified 

or semi-empirical formulations derived from heat transfer principles. 

The following models were evaluated: 

• Fuentes PV thermal model 

• Faiman PV temperature model 

• Faiman model with radiative correction (Faiman-rad) 

• Sandia Array Performance Model (SAPM) module temperature model 

• Ross PV temperature model 

These models represent different levels of complexity, ranging from simple empirical relationships 

to more comprehensive energy-balance-based formulations. 
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The Fuentes model is based on a steady-state energy balance that accounts for absorbed solar 

radiation, convective heat loss, and longwave radiative exchange. The Faiman model represents heat 

loss using empirical coefficients dependent on wind speed, while the Faiman-rad variant extends this 

formulation by incorporating radiative heat exchange using downwelling infrared radiation. 

The SAPM module temperature model, developed by Sandia National Laboratories, estimates 

module temperature using empirically derived coefficients based on irradiance and wind speed. The 

Ross model assumes a linear relationship between irradiance and temperature based on nominal 

operating cell temperature (NOCT), representing one of the simplest thermal formulations. 

All physics-based models were implemented using the same measured input variables available in 

the dataset, ensuring consistency in comparison with the data-driven approaches. The models are 

given in Table 5.2. 

Table 5-2: Physics-based model for determining PV module temperature 

Model Equation Notation Reference 

Ross PV 

temperature 

model 

T_c = T_a + ((NOCT - 

20)/800) * E_POA 

T_c: cell temperature (°C); 

T_a: ambient temperature (°C); 

NOCT: nominal operating cell 

temperature (°C); E_POA: 

irradiance (W m⁻²) 

Ross (1980) 

Faiman PV 

temperature 

model 

T_m = T_a + E_POA / 

(U_0 + U_1 * WS) 

T_m: module temperature 

(°C); T_a: ambient temperature 

(°C); E_POA: irradiance (W 

m⁻²); WS: wind speed (m s⁻¹); 

U_0, U_1: heat loss 

coefficients 

Faiman (2008) 

Faiman-rad q_rad = ε * F_sky * (σ * 

(T_a + 273.15)^4 - 

IR_down)T_m = T_a + 

(E_POA - q_rad) / (U_0 + 

U_1 * WS) 

ε: emissivity; F_sky: sky-view 

factor; σ: Stefan–Boltzmann 

constant; IR_down: 

downwelling IR (W m⁻²); 

others as above 

Driesse et al. 

(2022) 

SAPM module 

model 

T_m = T_a + E_POA * 

exp(a + b * WS) 

a, b: empirical coefficients; 

other terms as above 

King et al. 

(2004), Sandia 
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National 

Laboratories 

Fuentes PV 

thermal model 

C * dT_m/dt = α * E_POA 

- h_c * (T_m - T_a) - ε * σ 

* (T_m^4 - T_sky^4) 

C: thermal capacitance; α: 

absorptance; h_c: convective 

coefficient; T_sky: sky 

temperature; ε, σ: radiative 

terms; others as above 

Fuentes (1987), 

Dobos (2014) 

 

5.5. Data-driven models 

Two classes of data-driven models were developed: Artificial Neural Networks (ANN) and Long 

Short-Term Memory (LSTM) networks. 

5.5.1 Artificial Neural Networks (ANN) 

Three ANN variants were developed: 

• Baseline ANN using only basic features (ANN_Baseline), 

• ANN with full feature engineering, incorporating temporal and statistical features 

(ANN_Baseline_FE), 

• ANN with PCA, where principal components (retaining 95% variance) were used as input 

features to reduce dimensionality (ANN_PCA). 

Each ANN model was trained using scikit-learn’s MLPRegressor with hyperparameter tuning for 

hidden layer sizes, activation functions, and early stopping. 

5.5.2 Long Short-Term Memory Networks (LSTM) 

Four LSTM configurations were examined: 

• Raw LSTM using basic features without sequence context, 

• Tuned LSTM with optimized hyperparameters, 

• LSTM with sequence window of 5, capturing short-term history, 

• LSTM with sequence window of 50, enabling long-range temporal dependency, 

All LSTM models were implemented using Keras with TensorFlow backend. The inputs were 

reshaped into 3D tensors (samples, timesteps, features), and models were trained using Mean Squared 

Error loss and the Adam optimizer. Early stopping and model checkpointing were used to prevent 

overfitting. Window of 5 and 50 was selected because the thermal response of PV modules is typically 

characterized by a time constant of 5–20 minutes for standalone modules, while systems integrated 
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with additional thermal mass (e.g., BIPV or roof structures) can exhibit response times approaching 

tens of minutes or up to ~1 hour due to increased thermal capacitance. The shorter window captures 

rapid thermal response, while the longer window captures slower thermal inertia and delayed heat 

exchange [161], [162].  

 

 

Figure 5-1: LSTM Architecture for PV module temperature forecasting 

Figure 5.1 shows stacked LSTM architecture for PV module temperature prediction. The LSTM 

model uses a sliding window of 50 timesteps as input. Each training sample contains environmental 

observations from the preceding 50 minutes (t−49 to t). The model predicts the PV module back-

surface temperature at the next timestep (t+1). Given the 1-minute sampling interval, the framework 

therefore performs 1-minute-ahead temperature forecasting with a 50-minute lookback window.  

Before training, all input features were standardized using StandardScaler. Sliding window sequence 

generation with a window length of 50 was used to transform the tabular time-series data into 

supervised learning samples. The dataset was divided chronologically into training and testing subsets 

to preserve the temporal dependency inherent in time series data. The first 80% of the observations 

were used for training, while the remaining 20% were reserved for testing. Random shuffling was 

avoided to prevent information leakage from future observations. The model was trained using the 

Adam optimizer with mean squared error, MSE, as the loss function and mean absolute error, MAE, 

as the evaluation metric. Training was performed for up to 100 epochs with a batch size of 64. To 

prevent overfitting and improve generalization, early stopping with a patience of 5 epochs was used 

based on validation loss, and the best model weights were saved using model checkpointing. 
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5.5.3 Subset Scenario Testing 

To assess model robustness under specific operating conditions, the best-performing model (LSTM 

with a 50-time-step sequence window) was further evaluated on selected environmental scenarios: 

• Peak Solar Hours (11:00–14:00), 

• High Wind Conditions (top 5% of wind speeds), 

• Summer Temperatures (June to July). 

These subsets were extracted post-preprocessing and used to generate condition-specific predictions 

and evaluation metrics. 

5.5.4 Model Evaluation 

All models were evaluated using: 

• Mean Absolute Error (MAE), 

• Root Mean Squared Error (RMSE), 

• Coefficient of Determination (R²). 

5.5.5 Uncertainty Estimation and Explainability 

To further analyze model reliability: 

• Monte Carlo Dropout was applied to estimate uncertainty bounds, revealing confidence 

intervals that widened during irradiance transitions (e.g., morning and evening). 

• SHAP (SHapley Additive exPlanations) SHAP (SHapley Additive exPlanations) analysis 

was used as a post hoc interpretability tool to examine the contribution of input variables to 

the LSTM model’s predictions. Because the LSTM operates on sequential inputs, each 50-

step sequence with 9 features was flattened into a 450-dimensional vector for SHAP analysis 

and reshaped back to the original sequence format during prediction. Kernel SHAP was 

applied using 30 randomly selected background samples, and explanations were computed for 

a representative subset of overall test sequences. The resulting analysis was used to derive 

both global feature-importance rankings and timestep-wise contribution heatmaps. 

This comprehensive methodology integrates data acquisition, feature engineering, neural network 

modeling, scenario testing, and explainability techniques to develop and validate a robust temperature 

prediction model for photovoltaic modules. The use of the DuraMAT dataset and advanced deep 

learning methods provides a reproducible and scalable framework for thermal modeling in PV 

systems. 
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5.6. Results 

5.6.1 Physics-based models 

To establish a physically interpretable benchmark for photovoltaic (PV) module temperature 

prediction, several widely used thermal models were evaluated using the same test dataset and 

performance metrics. Figure 5.2 presents a grouped comparison of model performance in terms of 

Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and coefficient of determination 

(R²). 

Among the evaluated physics-based approaches, the Fuentes PV thermal model achieved the highest 

predictive accuracy, with a MAE of 2.697 °C, RMSE of 3.129 °C, and R² of 0.967. This indicates that 

the model is able to capture a large portion of the variability in module temperature under real-world 

operating conditions. 

The Faiman model with radiative correction (Faiman-rad) demonstrated the second-best 

performance, achieving a MAE of 3.193 °C and RMSE of 4.074 °C. The inclusion of longwave 

radiative exchange through downwelling infrared radiation improves its predictive capability 

compared to the standard Faiman PV temperature model, which yielded higher errors (MAE ≈ 4.497 

°C, RMSE ≈ 5.085 °C). 

The Sandia Array Performance Model (SAPM) module temperature formulation, developed by 

Sandia National Laboratories, showed moderate performance, with MAE and RMSE values of 

approximately 4.427 °C and 4.974 °C, respectively. Although this model is specifically designed for 

module temperature estimation, its reliance on fixed empirical coefficients limits its adaptability to 

site-specific and transient environmental conditions. 

The Ross PV temperature model exhibited the lowest accuracy among all models, with MAE 

exceeding 5 °C and R² dropping to 0.891. This reduced performance reflects the simplified linear 

formulation of the Ross model, which neglects key heat transfer processes such as wind-driven 

convection and radiative exchange. 
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Figure 5-2: Comparison of Physics-based models' performance evaluation metrics 

The differences in model performance can be explained by the level of physical realism embedded in 

each formulation. 

The superior performance of the Fuentes model is primarily attributed to its energy balance 

formulation, which explicitly accounts for absorbed solar radiation, convective heat loss, and 

longwave radiative exchange. By incorporating multiple heat transfer pathways, the model can better 

respond to variations in environmental conditions such as wind speed and atmospheric radiation. 

Energy-balance-based approaches have been widely recognized for their improved predictive 

capability under dynamic conditions (Fuentes, 1987; Dobos, 2014). 

The improved performance of the Faiman-rad model compared to the standard Faiman formulation 

further emphasizes the role of radiative heat transfer. In real-world conditions, longwave radiation 

exchange between the module and the sky significantly influences thermal behavior, particularly 

during low irradiance periods and nighttime cooling. By including downwelling infrared radiation, 

the Faiman-rad model captures this effect, leading to a measurable reduction in prediction error. 

In contrast, the SAPM model relies on empirically calibrated coefficients derived from controlled 

experimental conditions. While it performs reasonably well under steady-state conditions, its limited 

flexibility reduces its accuracy under rapidly changing environmental conditions, such as transient 

cloud cover or fluctuating wind speeds. Similar limitations of semi-empirical PV temperature models 

have been reported in previous studies (King et al., 2004). 

The Ross model performs the worst due to its highly simplified structure. As one of the earliest PV 

temperature models, it assumes a linear relationship between irradiance and temperature based on 

nominal operating cell temperature (NOCT). However, it does not account for wind cooling, radiative 
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exchange, or temporal thermal inertia, making it unsuitable for high-resolution, real-world datasets 

(Ross, 1980). 

5.6.2 Data Driven Models 

Figure 5.3 presents a comparative evaluation of seven predictive models developed for photovoltaic 

(PV) module back-surface temperature forecasting. The models are assessed using three standard 

regression metrics: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Coefficient 

of Determination (R²). The aim is to determine the efficacy of different neural network configurations 

in capturing the thermal behavior of PV modules under varying conditions. 

 

Figure 5-3: Comparison of data-driven predictive models' performance evaluation metrics 

5.6.3 ANN-Based Models 

The ANN with feature engineering (ann_baseline_FE) demonstrated the best performance among the 

ANN variants, achieving a MAE of 1.051°C, RMSE of 1.651°C, and a high R² of 0.9907. This 

highlights the importance of domain-informed feature engineering, which includes temporal and 

statistical descriptors such as rolling air temperature and irradiance differences. By enriching the 

model's input space with derived features, it is able to better encapsulate the dynamic thermal 

processes in PV modules. 

In contrast, the ANN trained solely on raw features (ann_baseline) showed degraded performance, 

with a higher RMSE (2.150°C) and a lower R² (0.9843). This reinforces the understanding that while 

ANNs can model nonlinear relationships, the quality and informativeness of input features remain 

critical to their generalization ability. 

The ANN using PCA (ann_pca), intended to reduce feature dimensionality, performed the worst 

among all models with RMSE of 2.504°C and R² of 0.9787. This indicates that PCA may have 
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inadvertently removed essential variability linked to weather and irradiance fluctuations. It also 

suggests that reducing dimensionality without preserving temporal interpretability can be detrimental, 

particularly in time-sensitive physical systems. 

5.6.4 LSTM-Based Models 

The LSTM architectures showed progressive improvement as temporal structure was increasingly 

leveraged. The raw LSTM model yielded MAE and RMSE values of 1.320°C and 2.188°C, 

respectively, with R² = 0.9837. Slightly better performance was observed for the tuned LSTM model, 

with marginal improvements in MAE (1.276°C) and RMSE (2.225°C), though the R² dropped slightly 

(0.9832). This limited gain suggests that while LSTM tuning helps with convergence and training 

stability, the sequence input structure is more critical. 

Significant performance enhancement emerged with the use of sequence-windowed LSTM models. 

The LSTM model using a 5-step input window (lstm_seq_window5) achieved RMSE = 1.244°C and 

R² = 0.995, demonstrating improved short-term temporal context handling. Most notably, the LSTM 

with a 50-time-step window (lstm_seq_window50) recorded the lowest MAE (0.621°C) and RMSE 

(0.863°C) across all models, along with the highest R² (0.998). This result illustrates the model’s 

ability to internalize long-range dependencies and temporal evolution patterns, which are essential in 

capturing lagged thermal responses to environmental changes. 

5.6.5 Discussion and Scientific Insights 

The results validate the hypothesis that temporal context and informed feature selection are pivotal 

in modeling PV module temperatures accurately. While ANN models are computationally efficient 

and perform well when enhanced with engineered features, their performance plateaus without 

temporal memory. 

The degradation in the PCA-based ANN model highlights a key trade-off in machine learning for 

physical systems: dimensionality reduction can obscure domain-relevant patterns, especially when 

components with lower statistical variance carry significant physical meaning (e.g., irradiance 

transients during cloud passage). 

On the other hand, LSTM networks inherently preserve temporal sequences, and their performance 

scales with the length and quality of the input window. The superior performance of the 

lstm_seq_window50 model supports findings in prior research that thermal dynamics in PV systems 

exhibit temporal inertia—with system temperatures responding not only to current irradiance but also 

to preceding environmental conditions over several minutes. 
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In summary, the integration of temporal learning through deep sequence modeling (LSTM) combined 

with engineered features results in the most accurate predictions. This has practical implications for 

real-time thermal forecasting, anomaly detection, and energy yield management in PV installations. 

5.7. Comparison of overall best model 

 

Figure 5-4: Comparison of best performing data driven and physics based models 

Figure 5.4 represent the best performing model among physics based and data driven based models. 

While the physics-based models provide valuable physical insight, their predictive accuracy is 

significantly lower than that of the data-driven models developed in this study. The best-performing 

LSTM model achieved a MAE of approximately 0.621 °C and an R² exceeding 0.997, substantially 

outperforming even the most advanced physics-based model (Fuentes). 

This performance gap highlights a fundamental limitation of physics-based thermal models. These 

models rely on fixed or semi-empirical parameters that cannot fully capture the complex, nonlinear 

interactions between environmental variables and module temperature under real operating 

conditions. In particular, they are limited in their ability to represent: transient irradiance fluctuations 

due to cloud movement, delayed thermal response (thermal inertia), nonlinear interactions between 

wind, irradiance, and ambient temperature. 

In contrast, the LSTM model leverages sequence learning to capture temporal dependencies and 

dynamic system behavior. By incorporating historical information, the model effectively learns 

thermal lag effects and transient responses that are not explicitly represented in traditional 

formulations. 
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These findings are consistent with recent studies demonstrating that deep learning models outperform 

classical approaches in complex energy systems characterized by nonlinear and time-dependent 

behavior. 

5.7.1 Overfitting and Generalization Assessment 

To evaluate the generalization capability and potential overfitting behavior of each model, a 

comparative analysis of training and testing performance was conducted. The results are presented in 

Figure X, showing side-by-side bar charts of three critical evaluation metrics: Mean Absolute Error 

(MAE), Root Mean Squared Error (RMSE), and the Coefficient of Determination (R²). 

5.7.1.1. Observations from MAE and RMSE Trends 

The training and testing curves for all models closely align across MAE and RMSE metrics as shown 

in Figure 5.5, suggesting effective generalization without signs of severe overfitting. The gap between 

train and test MAE/RMSE is consistently narrow (<0.01–0.02 in most cases), indicating that none of 

the models exhibit memorization behavior, which is often seen as a hallmark of overfitting. 

The lstm_seq_window50 model, which uses a long temporal context of 50 time steps, not only 

achieved the lowest absolute errors on both training (MAE: 0.613, RMSE: 0.829) and testing (MAE: 

0.621, RMSE: 0.863) datasets, but also maintained an extremely small  

 

Figure 5-5: Evaluation metrics comparison on train and test data 

generalization gap. This confirms that the model's complexity, driven by temporal depth, does not 

compromise its ability to perform well on unseen data. It is capable of capturing and generalizing 

time-dependent patterns in PV module thermal behavior effectively. 
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The ann_baseline model, enhanced through feature engineering, also performed admirably with 

negligible performance drops between training and test sets (MAE: 1.035 vs. 1.051, RMSE: 1.634 

vs. 1.651). This again validates the impact of domain-specific feature enrichment in boosting both 

accuracy and generalization. 

On the contrary, the ann_pca model shows relatively higher errors and maintains consistent training 

and testing values (MAE: 1.598 vs. 1.608; RMSE: 2.504 for both). While this consistency rules out 

overfitting, it also reveals that the PCA-based input compression failed to capture important nonlinear 

interactions, likely resulting in underfitting. 

5.7.2 R² Behaviour and Stability 

 

Figure 5-6: Coefficent of Determination of different data driven models 

The R² scores values as shown in Fig 5.6 across all models remained very high (≥ 0.978), with 

marginal variation between training and testing sets. Notably, the lstm_seq_window50 model 

achieved the highest R² values of 0.998 (train) and 0.997 (test), reflecting its exceptional capability 

in explaining variance in temperature data. These values underscore the model's robustness and 

stability under both training and generalization scenarios. 

The consistency of R² values across train and test datasets in all models affirms model stability, even 

for architectures with varying complexities. This also strengthens the validity of the learning strategy, 

which incorporates early stopping, appropriate sequence windows (for LSTM), and engineered 

features (for ANN). 
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5.7.3 Generalization vs. Complexity Trade-off 

The absence of overfitting across all architectures, despite their diverse structural and computational 

complexities, demonstrates the effectiveness of the adopted regularization mechanisms—such as 

early stopping and validation-based checkpointing. These results provide compelling evidence that: 

• Sequence-aware LSTM models with longer memory (e.g., 50-time-step input) can outperform 

simpler models while maintaining generalization. 

• Feature engineering offers a lightweight yet powerful approach to boost model performance, 

especially for shallow models like ANN. 

• Dimensionality reduction via PCA, while useful for reducing computational cost, may impair 

accuracy if it removes physically meaningful components, leading to underfitting rather than 

overfitting. 

In practical terms, this analysis reinforces that high-performing temperature forecasting models for 

PV systems must balance architectural depth with temporal and statistical richness in inputs. The 

results validate that deep models, when carefully trained and evaluated, can avoid overfitting and 

deliver reliable performance across varied operational conditions. 

 

Figure 5-7: Time series cross-validation performance 

5.7.4 Average Time-Series Cross-Validation Performance 

To robustly assess the generalization capability of the lstm_seq_window50 model, a five-fold 

timeseries split cross-validation was employed. Unlike random k-fold approaches, this method 

respects temporal order—ensuring that the model is always validated on future data it hasn’t seen 
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during training. This is essential for time-series problems like PV temperature forecasting, where 

temporal causality must be preserved. 

As shown in Figure 5.7, the model achieved an average MAE of 0.619, RMSE of 0.841, and R² of 

0.997 across all folds. These values are consistent with its static test performance, indicating strong 

generalization and no signs of overfitting. The high R² confirms the model’s ability to capture nearly 

all variance in unseen, time-forward data. 

These findings validate the model's robustness in dynamic operational environments and confirm its 

suitability for real-time, sequence-based temperature forecasting in photovoltaic systems. 

5.7.5 Monte Carlo Dropout Uncertainty Analysis 

To further enhance the interpretability and reliability of the lstm_seq_window50 model, a Monte 

Carlo Dropout (MC Dropout) analysis was conducted to estimate predictive uncertainty. Unlike 

standard deterministic inference, this method retains dropout during prediction and performs multiple 

stochastic forward passes, thereby capturing epistemic uncertainty—variability due to limited model 

knowledge. In this study, the model was evaluated on a subset of 2000 sequences, and 50 Monte 

Carlo samples were used per input to calculate the distribution of predictions. 

As shown in Figure 5.8, the blue curve represents the mean predicted PV module temperature across 

all Monte Carlo passes, while the shaded envelope indicates ±1 standard deviation, representing the 

model’s predictive confidence. The red markers identify high-uncertainty predictions—specifically, 

points where the standard deviation exceeded the 95th percentile threshold of 3.4354. A total of 100 

such points were detected, corresponding to 5% of the samples. 

The uncertainty bands were found to be widest during periods of rapid environmental transition, 

particularly around the steep rise and peak of the temperature curve (sample indices ~500–900). These 

regions likely correspond to dynamic atmospheric conditions such as early morning irradiance ramps 

or transient cloud events, where input data may fluctuate and temporal patterns are harder to resolve. 

In contrast, the early morning (samples <400) and late afternoon segments (samples >1400) exhibited 

narrow confidence intervals, reflecting high model certainty during thermally stable conditions. 
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Figure 5-8: Monte Carlo Prediction on High Uncertainty Data Points 

This uncertainty analysis provides an important layer of interpretability. It demonstrates that while 

the model is highly confident under stable conditions, it appropriately recognizes and flags its own 

limitations during volatile periods. Such insight is vital for real-world applications, as it allows system 

operators to differentiate between reliable and uncertain forecasts. High-uncertainty predictions could 

inform risk-aware decision-making, trigger fallback control strategies, or prompt further data 

verification. 

Incorporating uncertainty quantification into deep learning models such as LSTM improves not only 

forecast accuracy but also operational trustworthiness. By exposing when the model is unsure, MC 

Dropout transforms a black-box predictor into a more transparent and actionable forecasting tool—

critical for safe and robust deployment in photovoltaic power  

5.7.6 SHAP analysis 

To improve interpretability of the trained lstm_seq_window50 model, SHAP analysis was performed 

on the overall sample using the model-agnostic Kernel SHAP method. Because the LSTM receives 

sequential inputs, each sample consists of a 50-step multivariate sequence with 9 features per 

timestep. For SHAP computation, each sequence was flattened into a 450-dimensional vector, while 

predictions were generated by reshaping the vector back to the original (50, 9) sequence format before 

passing it to the trained model. A random subset of 30 background samples was used to initialize the 

explainer, and SHAP values were computed for a representative subset of overall sequences. 

The SHAP bar plot for the overall sample as shown in Figure 5.9  illustrates the relative importance 

of each input feature in the LSTM model’s prediction of PV module temperature. Quantitatively, 

poa_global (plane of array irradiance) holds the highest mean absolute SHAP value (≈0.313), 

indicating it is the dominant driver of temperature variation across all time steps. This is scientifically 

consistent, as solar irradiance is the primary source of heat absorbed by the PV module surface. The 
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second most influential feature is temp_air (≈0.165), reflecting the environmental baseline 

temperature that contributes to convective heat exchange between the module and the ambient air. 

Rolling_air_temp follows closely (≈0.136), capturing short-term thermal memory that informs the 

model of recent environmental stability or fluctuation. Wind speed showed lower global SHAP 

importance, likely because its cooling effect is indirectly captured through changes in module 

temperature and air temperature. Features like wind_speed, diff_poa, and is_daylight show near-zero 

contributions in this global analysis, suggesting that while they may play roles in localized or specific 

conditions (e.g., during rapid weather transitions or at night), their overall impact across the dataset 

is marginal. This ranking confirms that the model prioritizes features with strong physical ties to heat 

transfer processes, enhancing the scientific interpretability and reliability of its predictions. 

 

Figure 5-9: SHAP feature Impact bar chart for all the input features 

The temporal SHAP heatmap for the overall sample as shown in Figure 5.10 provides deeper insight 

into how the LSTM model leverages historical patterns across the 50-minute input window. The most 

influential contributions occur in the final few time steps (closer to t₀), especially for poa_global, 

temp_air, and rolling_air_temp. This confirms that the model relies heavily on recent irradiance and 

ambient temperature trends to predict PV module temperature, capturing short-term thermal lag 

effects. The sharp gradient of SHAP intensity near the present moment (t₀ to t-5) reflects the system’s 

responsiveness to immediate environmental changes, which aligns with the thermodynamic behavior 

of PV modules that react quickly to irradiance fluctuations and thermal loading. Notably, features 

such as ir_down, day, and hour contribute negligibly across all time steps, supporting the earlier 

finding that temporal dynamics of environmental conditions are more predictive than static temporal 

encodings. 
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Figure 5-10: Temporal SHAP Heatmap for overall features 

Overall, the SHAP analysis reinforces the physical validity of the model by highlighting that the most 

predictive features—poa_global, temp_air, and rolling_air_temp—are those most directly tied to 

heat transfer in PV systems. Furthermore, the LSTM model’s attention to recent time steps indicates 

its effectiveness in learning short-term thermal memory and transient environmental behaviors, 

essential for accurately forecasting module temperature under dynamic operating conditions. 

5.7.7 Feature Correlation Analysis 

Figure 5.11 presents the Pearson correlation matrix for the engineered input features used to train the 

LSTM model. This analysis provides insight into how strongly the features are linearly related, both 

with each other and with the target variable (temp_pv), thereby helping to assess feature redundancy 

and multicollinearity. 
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Figure 5-11: Pearson correlation matrix among different features 

Figure 5.11 illustrates the Pearson correlation matrix for all engineered input features used in the 

LSTM model to predict PV module back-surface temperature. The correlation values help assess the 

degree of linear dependency among variables, supporting both feature selection and interpretability. 

As expected, poa_global (plane-of-array irradiance) shows strong positive correlation with 

is_daylight (0.72), since daylight presence is inherently tied to irradiance levels. It also demonstrates 

moderate correlations with temp_air (0.26) and rolling_air_temp (0.25), reflecting the thermal effect 

of solar radiation on the surrounding environment. A near-perfect correlation is observed between 

temp_air and rolling_air_temp (1.0), which is reasonable as the latter is a smoothed version of the 

former designed to enhance temporal learning in the LSTM network. Similarly, temp_air and ir_down 

show a strong correlation (0.78), highlighting the thermodynamic relationship between infrared 

radiation and ambient temperature. The day feature also correlates strongly with temp_air (0.82) and 

rolling_air_temp (0.82), indicating seasonal temperature shifts, although its low correlation with 

poa_global (0.072) suggests irradiance is more influenced by daily atmospheric conditions than 

calendar progression. 

Other features contribute unique information to the model. diff_poa, representing the change in 

irradiance over time, has near-zero correlation with other features, validating its role in capturing 
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transient effects critical for modeling sudden PV temperature shifts. wind_speed is largely 

uncorrelated with the rest of the variables (maximum of 0.17), suggesting it contributes independent 

information related to convective cooling on the PV surface. Overall, the correlation analysis 

confirms that the selected feature set is both physically grounded and sufficiently diverse, combining 

stable environmental indicators with dynamic, time-sensitive attributes. This diversity enables the 

LSTM model to learn complex, non-linear thermal behaviors in PV modules under varying 

atmospheric conditions without being dominated by feature redundancy. 

5.7.8 Condition-Specific Performance Evaluation 

Figure 5.12 shows the performance of the lstm_seq_window50 model during peak solar hours (11:00 

to 14:00), a period characterized by sustained high irradiance and rapid thermal dynamics in PV 

modules. The model demonstrates excellent tracking of the actual temperature trend, with minimal 

phase lag or amplitude deviation, yielding a Mean Absolute Error (MAE) of 0.837°C, Root Mean 

Squared Error (RMSE) of 1.074°C, and a coefficient of determination (R²) of 0.994. These values 

confirm the model’s robustness in high-energy operational windows, where rapid irradiance loading, 

thermal accumulation, and localized convection dominate PV thermal behavior. Despite the presence 

of high-frequency variability due to transient environmental inputs, the model maintains a tight 

alignment with ground truth, suggesting that it effectively learns the nonlinear relationships and 

temporal dependencies critical during this high-output window. This performance indicates the 

model’s suitability for accurate thermal forecasting during periods when PV systems contribute 

significantly to grid power and temperature-based performance losses are most pronounced. 

 

Figure 5-12: LSTM_seq_50 best performing model prediction for Peak solar hours 

Figure 5.13 illustrates the performance of the lstm_seq_window50 model under high wind conditions, 

defined in this study as time periods when wind speed exceeded the 90th percentile, which 

corresponds to values greater than approximately 5.8 m/s in the dataset. These conditions represent 
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enhanced convective cooling scenarios, where elevated wind flow rapidly dissipates heat from the 

PV module surface, often decoupling temperature from irradiance levels. The model demonstrates 

excellent accuracy with a MAE of 0.419°C, RMSE of 0.581°C, and an R² of 0.998, indicating 

extremely close alignment with actual sensor measurements. Despite the presence of frequent and 

sharp thermal transitions induced by wind gusts, the model effectively captures the dynamics of both 

magnitude and timing. This high fidelity suggests that the LSTM architecture successfully learns the 

transient heat loss mechanisms driven by wind, even though wind_speed is only weakly correlated 

with other features. The results affirm that wind speed, although statistically independent, provides 

unique and essential physical information, enhancing the model’s generalization under real-world, 

high-variability environmental conditions. 

 

Figure 5-13: LSTM_seq_50 best performing model prediction for high windy conditions 

 

Figure 5-14: LSTM_seq_50 best performing model prediction for summer temperatures 

Figure 5.14 presents the model’s performance during summer months (June to July), characterized 

by prolonged daylight hours, high irradiance, and elevated ambient temperatures. The model achieves 

excellent predictive accuracy, with a Mean Absolute Error (MAE) of 0.555°C, RMSE of 0.781°C, 
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and a coefficient of determination (R²) of 0.997, indicating a near-perfect fit to the actual temperature 

profile. The predicted and actual curves follow closely through daily thermal cycles, capturing sharp 

midday peaks above 60°C and early morning lows near 20°C. The consistent amplitude and timing 

of predictions across high-temperature days suggest that the LSTM model has successfully learned 

the diurnal heating and cooling patterns typical of summer, where irradiance and ambient air 

temperature are dominant drivers. This performance highlights the model’s strength in stable, high-

irradiance scenarios, which are critical for yield forecasting and thermal stress evaluation during peak 

solar production months. 

Taken together, the results of this study demonstrate that the proposed LSTM-based deep learning 

architecture, particularly with a 50-time-step temporal window, delivers highly accurate and stable 

performance across a wide range of operational conditions. From baseline benchmarking to 

uncertainty estimation, and from cross-validation to targeted condition-specific evaluations, the 

model consistently exhibited strong alignment with measured PV module temperatures. It effectively 

captured both steady-state and dynamic behaviors, including thermal lags, irradiance transients, and 

convective cooling effects. Importantly, the model's predictive power remained robust even under 

complex scenarios such as high wind, cloudy transitions, and seasonal extremes, highlighting its 

generalization capacity and suitability for deployment in real-time PV monitoring and forecasting 

systems.  Although the proposed LSTM framework demonstrates strong predictive performance, this 

study has several limitations. Because the model was trained using data from a single geographic 

location, its transferability to other climates requires further validation. Future work should evaluate 

the model across multiple PV installations with different climatic conditions, module technologies, 

and mounting configurations to assess its broader applicability. 

 

5.8. Conclusion 

This chapter developed and evaluated a data-driven framework for high-resolution photovoltaic 

module temperature prediction using long short-term memory networks, with comparison against 

conventional machine-learning models and established physics-based approaches. The results 

showed that the sequence-aware LSTM architecture consistently outperformed the non-sequential 

baselines in terms of predictive accuracy, demonstrating the importance of temporal memory for 

capturing the thermal inertia and delayed environmental response of PV modules. Trained on high-

resolution real-world data, the model demonstrated exceptional predictive performance across all 

tested metrics (MAE: 0.621°C, RMSE: 0.863°C, R²: 0.998), with consistent generalization across 

varying atmospheric scenarios. The inclusion of engineered meteorological and time-dependent 

features further improved the representation of dynamic operating conditions, while chronological 



 

123 

 

splitting and time-series cross-validation strengthened the methodological reliability of the 

evaluation. 

Beyond point prediction, this chapter extended the analysis through uncertainty estimation and 

interpretability. Monte Carlo dropout provided a practical estimate of predictive confidence, showing 

that uncertainty increased during rapidly changing environmental conditions, which is physically 

reasonable for transient thermal regimes. SHAP-based interpretation further indicated that irradiance, 

ambient temperature, long-wave radiation, and temporal features play dominant roles in shaping the 

model response, supporting the physical plausibility of the learned relationships. Taken together, these 

results show that the proposed framework is not only accurate within the studied dataset, but also 

more informative than a purely black-box predictor. 

Nevertheless, the scientific scope of the conclusions should remain aligned with the validation 

domain. The present framework has been rigorously tested within the available dataset and against 

relevant benchmark models, but its transferability to other module technologies, climates, installation 

geometries, and measurement ecosystems has not yet been established. Similarly, while the 

uncertainty and interpretability analyses improve confidence in the model behavior, they should be 

understood as supportive tools rather than complete guarantees of general reliability under all 

deployment conditions. Therefore, the principal contribution of this chapter is the demonstration of a 

robust, time-aware, and interpretation-supported within-dataset forecasting framework for PV 

module temperature, rather than a universally validated model for all operating scenarios. Future work 

should focus on cross-site evaluation, climate-transfer testing, and hybridization with physics-

informed constraints to further improve generalizability and deployment readiness. 
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Chapter.6  Integrated Discussion of Optical and Thermal Strategies for 

Photovoltaic Performance Enhancement 

6.1. Overview of the integrated research framework 

The central aim of this thesis has been to examine how photovoltaic performance can be improved 

through complementary strategies that operate at different levels of the solar-energy system. These 

strategies include nanoscale spectral management through luminescent down-shifting coatings, 

nanoscale optical-field engineering through plasmonically coupled quantum-dot structures, and 

system-level thermal prediction through data-driven modeling. Although these three research 

directions differ in method and scale, they are unified by a common scientific objective, namely, to 

reduce losses that limit photovoltaic performance and to improve the utilization, management, and 

prediction of energy conversion processes. 

Taken together, the work presented in this thesis addresses three distinct but connected dimensions of 

photovoltaic optimization. The first concerns the spectral mismatch between the incident solar 

spectrum and the wavelength-dependent response of silicon photovoltaics, particularly in the 

ultraviolet and blue regions where parasitic absorption and surface recombination reduce useful 

carrier generation. The second concerns the ability to manipulate local photonic environments in 

order to enhance or control radiative behavior in quantum-dot systems, which is relevant to future 

optical management architectures. The third concerns the thermal behavior of photovoltaic modules 

under dynamic environmental conditions, since operating temperature strongly affects voltage, 

efficiency, reliability, and long-term energy yield. In this sense, the thesis moves from photon 

conversion, to photon emission control, to system-level thermal intelligence. 

A major strength of this body of work is that it does not treat photovoltaic improvement as a single-

variable problem. Instead, it recognizes that modern PV performance is constrained by several 

coupled loss channels, including optical mismatch, non-radiative deactivation, front-surface parasitic 

effects, and temperature-driven efficiency loss. The thesis therefore contributes to a broader 

understanding of PV optimization by showing that meaningful performance improvements may 

emerge not only from absorber or junction redesign, but also from front-end optical engineering and 

intelligent operational prediction. At the same time, the results also show that each intervention 

introduces its own scientific challenges, particularly in terms of mechanism attribution, deployment 

relevance, and transferability of conclusions. 
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6.2. Relationship between the optical studies 

The two optical chapters of this thesis, the luminescent down-shifting study and the plasmon-

enhanced photoluminescence study, are linked by a common focus on photon management through 

colloidal nanomaterials. In both cases, the optical behavior of semiconductor quantum dots is 

modified through nanoscale interface engineering in order to improve or control their interaction with 

light. However, the scientific role of the two chapters is not identical. 

In the LDS chapter, the primary objective was application-oriented. The study sought to improve the 

front-side optical response of crystalline silicon mini-modules by incorporating CsPbBr₃ quantum 

dots into a PMMA-based coating, and by evaluating whether surface modification through silane or 

silica-related treatment could improve optical quality and translate into measurable device-level 

performance gains. The chapter therefore sits close to the device-application end of the research 

spectrum. It combines optical characterization with module electrical measurements and asks whether 

the engineered nanomaterial can function as a practically useful spectral management layer. 

In contrast, the plasmonics chapter is more fundamentally mechanistic. Its main goal was to 

understand how the optical response of CdSe/CdS quantum-dot films can be altered through 

proximity to Au nanoparticles, and how spacer thickness controls the balance between enhancement 

and quenching. Rather than directly measuring photovoltaic output, this chapter focuses on a 

controlled structure-property relationship in a hybrid nanophotonic system. It provides insight into 

how local electromagnetic environments can be engineered to modify luminescence behavior, which 

is an enabling concept for future light-management architectures. 

The integrated scientific value of placing these chapters together lies in the fact that both address the 

design of optically active nanostructures, but at different stages of technological maturity. The LDS 

chapter investigates a coating strategy already interfaced with a silicon photovoltaic platform, while 

the plasmonics chapter investigates a more fundamental route to manipulating emission efficiency 

and local optical fields. One chapter therefore emphasizes immediate application potential, while the 

other emphasizes mechanistic understanding and future design logic. Their combination strengthens 

the thesis because it shows both translational intent and nanophotonic depth. 

6.3. Interpretation of the LDS findings in a broader scientific context 

The results of the LDS chapter suggest that PMMA-integrated CsPbBr₃ quantum dots, particularly 

after surface modification, can produce measurable improvements in the performance of crystalline 

silicon mini-modules. The optical characterization indicated that surface treatment improved the 

emission characteristics of the quantum dots, consistent with a reduction in non-radiative losses and 

a more favorable emissive environment. Device results further showed that the best performance was 
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obtained at intermediate quantum-dot and polymer concentrations, while excessive loading reduced 

the benefit. This pattern is scientifically important because it supports a physically realistic picture of 

luminescent coating behavior. 

The non-monotonic trend observed across loading compositions is consistent with the competing 

processes expected in LDS systems. At moderate loading, the coating can absorb part of the high-

energy incident flux and re-emit at wavelengths that are more effectively utilized by silicon, while 

maintaining sufficient transparency for the rest of the solar spectrum. However, as the concentration 

increases, detrimental effects such as self-absorption, parasitic attenuation, scattering, and reduced 

transmittance become increasingly important. The existence of an optimum therefore supports the 

view that the coating is operating within a genuine trade-off space rather than producing artificially 

inflated gains. 

At the same time, the integrated discussion must remain scientifically cautious. The current evidence 

supports the interpretation that the observed gains are compatible with LDS-assisted performance 

enhancement, but it does not fully isolate luminescent down-shifting as the sole or dominant 

mechanism. Front-surface coatings can also modify reflection, angular scattering, and optical path 

distribution, and these effects may contribute to changes in measured current and efficiency. Without 

wavelength-resolved external quantum efficiency measurements, full film-state optical accounting, 

and a clearer correlation between absorption, emission, and device spectral response, complete causal 

attribution remains open. This does not invalidate the chapter, but it does define the proper scientific 

scope of its conclusions. 

Another important point concerns materials relevance. The use of surface-modified perovskite 

quantum dots within a polymer host addresses a real challenge in the LDS literature, namely, how to 

maintain optical quality after film formation and integration onto device-relevant surfaces. In this 

sense, the chapter contributes meaningfully to interface engineering for spectral converters. However, 

the absence of long-duration environmental validation means that the work should still be interpreted 

as a proof-of-concept coating study rather than a finalized module technology. The integrated 

conclusion from this chapter is therefore that surface-passivated perovskite quantum dots offer a 

credible route toward LDS-oriented optical coatings, but that full validation must still include spectral 

attribution and durability testing under module-relevant stress conditions. 

6.4. Interpretation of the plasmonic photoluminescence findings in a broader scientific 

context 

The plasmonics chapter contributes a different but complementary form of optical insight. The study 

demonstrates that the photoluminescence response of CdSe/CdS quantum-dot films can be modulated 
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through the presence of Au nanoparticles and that dielectric separation is a critical control parameter. 

The observed transition from quenching at short distances to enhancement at optimized spacing is 

fully consistent with the known competition between metal-induced non-radiative decay and 

beneficial near-field interactions. This confirms that nanoscale architecture, rather than simple 

material juxtaposition, determines whether plasmonic coupling is beneficial or detrimental. 

Scientifically, the most significant outcome of this chapter is not merely the observation of enhanced 

emission, but the clarification of the structural regime in which enhancement becomes possible. This 

is valuable because plasmonic systems are frequently overinterpreted on the basis of intensity changes 

alone. In contrast, the present work identifies the importance of geometry and interprets the results 

through a physically grounded framework of distance-dependent coupling. The chapter therefore 

provides a useful mechanistic basis for future hybrid photonic design. 

However, the integrated scientific discussion also needs to acknowledge the limits of this evidence. 

A measured increase in photoluminescence does not by itself distinguish among several possible 

mechanisms, including excitation-rate enhancement, modified radiative decay, improved extraction, 

or scattering-assisted outcoupling. The present work provides strong evidence for plasmonically 

modulated optical behavior, but not full discrimination of the underlying rate processes. For that 

reason, the chapter is strongest when framed as a controlled study of luminescence modulation rather 

than definitive proof of a pure Purcell-driven process. 

In the context of the thesis as a whole, the plasmonic chapter plays an important conceptual role. It 

expands the photon-management theme beyond passive spectral conversion and into active control 

of the local optical environment. While it does not yet demonstrate direct photovoltaic enhancement, 

it establishes design principles that may become relevant for next-generation optical interfaces, 

emitters, or photonic coupling layers. Thus, its contribution is enabling rather than directly device-

validating. This distinction should be maintained clearly in the integrated narrative. 

6.5. Comparison of the two optical strategies 

When viewed together, the LDS and plasmonic chapters highlight two different scientific 

philosophies of photon management. The LDS approach is designed to improve the spectral 

compatibility between incident solar photons and the electronic response of the cell. It acts at the 

scale of solar-spectrum conditioning and seeks to redirect unusable or poorly utilized photons into a 

more favorable spectral range. By contrast, the plasmonic approach acts at the scale of the local 

electromagnetic environment around the emitter. It seeks to modify the probability, efficiency, or 

extraction pathway of radiative processes through nanoscale field engineering. 
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These strategies differ not only in mechanism but also in readiness level. LDS coatings can be 

deposited on device surfaces and assessed through electrical performance measurements, making 

them relatively close to translational photovoltaic application. Plasmonic emitter coupling, in the 

present form, remains a more exploratory nanophotonic strategy. Its immediate value lies in 

mechanistic understanding and in future architectural inspiration rather than direct deployment. 

Nevertheless, the two approaches share a common lesson, namely, that nanomaterial performance in 

photovoltaics depends not only on the intrinsic optical properties of the active species, but also on its 

environment, interfaces, and spatial organization. 

A further shared outcome is that improvement is conditional, not automatic. In both chapters, 

optimization is essential. Increased quantum-dot loading is not always beneficial in LDS coatings, 

just as reduced emitter-metal distance is not always beneficial in plasmonic systems. The best 

performance arises from carefully balanced conditions that minimize one loss pathway without 

amplifying another. This reinforces a broader scientific message of the thesis, which is that advanced 

optical materials can improve photovoltaic-relevant behavior only when integrated with attention to 

competing transport, reabsorption, dissipation, and parasitic optical effects. 

6.6. Integration of the thermal prediction study with the optical performance study 

At first glance, the thermal prediction chapter differs substantially from the two optical chapters 

because it is based on data science rather than materials synthesis and spectroscopy. However, it 

addresses an equally important aspect of photovoltaic performance. While the optical chapters aim to 

improve how photons are converted or managed before carrier extraction, the thermal chapter focuses 

on how module operating conditions influence electrical behavior after illumination. Module 

temperature strongly affects open-circuit voltage, fill factor, and long-term reliability, making thermal 

behavior a system-level constraint on practically achievable performance. 

The LSTM-based modeling framework developed in this thesis shows that temporal information is 

essential for accurate prediction of PV module temperature. This is scientifically significant because 

module temperature is not determined solely by instantaneous weather conditions, but by thermal 

inertia, delayed radiative exchange, and changing environmental histories. The superior performance 

of the sequence-based model over static baselines therefore supports the physical interpretation that 

temporal memory is inherent to the thermal dynamics of PV systems. The addition of uncertainty and 

SHAP-based analyses further strengthens the chapter by improving transparency around the model’s 

behavior. 

The deeper connection to the optical chapters lies in the fact that both optical management and thermal 

management are ultimately concerned with reducing non-ideal operating losses. A spectral converter 
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aims to deliver a more useful photon distribution to the absorber. A temperature predictor aims to 

anticipate operating conditions that degrade efficiency or threaten reliable operation. One acts before 

conversion and the other monitors consequences during operation, but both serve the same broader 

goal of improving photovoltaic performance through scientifically informed intervention. 

At the same time, the integrated thesis must honestly recognize that this relationship remains 

conceptual rather than experimentally coupled. The thermal model was not trained on modules 

modified by the optical coatings, and the optical chapters did not include thermal feedback analysis. 

Thus, while the thematic integration is strong, the system-level coupling has not yet been closed 

experimentally. This is an important distinction. The thesis should therefore present its integration as 

a coherent research program on PV optimization across scales, rather than as a single fully coupled 

platform. Such framing is scientifically accurate and still intellectually compelling. 

6.7. Cross-cutting scientific contributions of the thesis 

Several broader scientific contributions emerge when the three research strands are considered 

together. 

First, the thesis shows that nanoscale interface engineering is central to photovoltaic materials 

innovation. In the LDS chapter, surface chemistry and polymer integration determine whether the 

quantum dots retain useful optical behavior after film formation. In the plasmonic chapter, dielectric 

spacing and structural separation determine whether metal coupling is beneficial or harmful. In both 

cases, interfaces govern performance as much as the active nanomaterial itself. 

Second, the thesis demonstrates that performance enhancement must be interpreted through trade-

offs rather than isolated improvements. A stronger emitter is not necessarily a better coating if 

transparency is sacrificed. A closer plasmonic partner is not necessarily beneficial if quenching 

dominates. A more accurate predictive model is not necessarily more useful if its uncertainty and 

transferability are unknown. This repeated pattern across all chapters gives the thesis scientific 

coherence and maturity. 

Third, the thesis advances the idea that modern photovoltaic optimization must operate across 

multiple scales. Materials-level control, nanoscale optical design, and system-level predictive 

modeling are often treated as separate research domains, yet they address related efficiency and 

reliability limits. By combining these scales within one body of work, the thesis argues for a more 

integrated view of PV research, where frontier improvements emerge not only from cell architecture, 

but also from optical conditioning, interfacial photonics, and operational intelligence. 

Fourth, the work emphasizes that scientific credibility depends on validation depth. Each chapter 

includes positive findings, but each also reveals the importance of careful interpretation. In the optical 
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chapters, mechanism attribution remains a central requirement. In the thermal chapter, transferability 

and calibration remain the key tests of broader reliability. This consistency in scientific self-evaluation 

strengthens the thesis because it demonstrates that the contribution is not built on overstatement. 

6.8. Main limitations across the thesis 

Although the thesis presents meaningful and original contributions, several limitations remain when 

the work is viewed as an integrated scientific whole. 

The first limitation concerns mechanistic closure in the optical chapters. The LDS results are 

consistent with luminescent down-shifting assisted performance enhancement, but the present 

evidence does not fully separate this effect from antireflection, scattering, or other front-optical 

contributions. Likewise, the plasmonic chapter demonstrates distance-dependent modulation of 

emission, but does not completely distinguish among the possible rate and extraction mechanisms 

responsible for the observed enhancement. In both cases, the interpretations are scientifically 

plausible and supported, but not fully closed. 

The second limitation concerns deployment readiness. The LDS chapter demonstrates proof-of-

concept functionality of a surface-modified quantum-dot coating, but does not yet establish long-term 

environmental durability under realistic module operating conditions. The plasmonic chapter is even 

earlier in maturity because it remains an optical structure-property study without direct device 

integration. Thus, the optical advances are scientifically meaningful, but still positioned before full 

technological validation. 

The third limitation concerns external generalization in the predictive modeling work. The LSTM 

framework is rigorously evaluated within the available dataset, and the methodology is considerably 

stronger than many simple train-test demonstrations. However, validation within one measurement 

ecosystem does not establish full transferability to other climates, mounting configurations, 

technologies, or sensor conditions. The uncertainty and interpretability analyses improve confidence, 

but they do not eliminate the need for broader deployment-oriented validation. 

The fourth limitation concerns the level of coupling among the thesis components. The work is 

integrated conceptually, but not experimentally or computationally across chapters. For example, the 

optical modifications were not propagated into thermal or energy-yield modeling, and the predictive 

framework was not extended to modules bearing the studied coatings. As a result, the thesis presents 

a coherent multi-scale program, but not yet a closed, end-to-end photovoltaic optimization pipeline. 

6.9. Future directions emerging from the integrated work 

These limitations also identify the natural next steps of the research program. For the LDS work, 

future studies should focus on spectral attribution through external quantum efficiency measurements, 
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film-state photoluminescence quantum yield, angular and optical-transmission analyses, and long-

duration environmental stability testing under ultraviolet, humidity, and thermal stress. Such work 

would transform the present coating concept from a promising optical proof-of-concept into a more 

deployment-relevant photovoltaic technology. 

For the plasmonic work, future efforts should include comprehensive time-resolved spectroscopy, 

angle-dependent optical studies, and integration into device-relevant architectures where net energy 

or carrier-generation benefit can be assessed directly. This would help determine whether the 

observed luminescence enhancement can be translated into practical photonic advantage without 

incurring metal-related parasitic losses. 

For the thermal modeling work, future research should emphasize cross-site and cross-climate 

validation, domain transfer, and physics-informed model design. These steps are essential if the 

framework is to move from strong within-dataset prediction toward generalized deployment in 

diverse PV systems. Coupling uncertainty quantification with operational decision metrics would also 

improve relevance for real-world control and diagnostics. 

At the program level, one particularly promising direction would be to link these domains more 

explicitly. Optical coatings that alter front-surface absorption, reflection, or thermal loading could be 

incorporated into energy-yield and thermal simulations, while predictive models could be trained to 

capture the thermal consequences of optically modified modules. Such integration would create a 

more complete understanding of how nanoscale optical interventions influence module-scale 

performance over time. 

6.10. Final integrated perspective 

In integrated terms, the thesis shows that improving photovoltaic systems requires attention not only 

to absorber physics, but also to how light is conditioned, how emission is controlled, and how 

operating conditions are predicted. The work demonstrates that colloidal quantum dots can be 

engineered to provide useful optical functions, that plasmonic structures can modulate emissive 

behavior in a controllable manner, and that time-aware machine learning can capture thermal 

dynamics more effectively than static models. These contributions operate at different scales, yet all 

address the broader challenge of extracting more reliable and useful performance from photovoltaic 

systems. 

At the same time, the thesis also shows that credible advancement in photovoltaics depends on 

disciplined scientific interpretation. Optical gains must be attributed carefully, mechanistic claims 

must remain proportional to the evidence, and predictive models must be judged by their 

generalization limits as well as their in-sample accuracy. In this sense, the thesis contributes not only 
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specific results, but also a methodological position, namely, that multi-scale photovoltaic innovation 

must combine creative engineering with rigorous validation. 
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Chapter.7  Conclusion 

7.1. Overall conclusion 

This thesis investigated complementary strategies for improving photovoltaic performance through 

nanoscale optical engineering and data-driven thermal prediction. The work focused on three research 

directions: luminescent down-shifting coatings based on perovskite quantum dots for crystalline 

silicon mini-modules, plasmonically modulated photoluminescence in hybrid quantum-dot and gold 

nanoparticle structures, and high-resolution photovoltaic module temperature prediction using long 

short-term memory networks. Although these topics differ in material platform, methodology, and 

scale, they are unified by the aim of reducing losses and improving the functional efficiency of 

photovoltaic systems. 

The thesis first demonstrated that CsPbBr₃ quantum dots can be incorporated into PMMA-based 

front-side coatings for silicon mini-modules and that surface modification improves their optical 

behavior and device-level performance trends. The best-performing coatings were obtained at 

intermediate compositions, confirming that the benefit of spectral conversion depends on balancing 

emission efficiency with optical transparency and minimizing parasitic losses. These results establish 

surface-passivated perovskite quantum dots as promising materials for LDS-oriented photovoltaic 

coatings. At the same time, the work also shows that full attribution of the observed gains requires 

additional spectral validation and that long-term environmental durability remains a key requirement 

for practical deployment. 

The thesis next showed that the emission behavior of CdSe/CdS quantum-dot films can be modulated 

in a controlled manner through coupling with Au nanoparticles and by tuning dielectric spacer 

thickness. The observed transition between quenching and enhancement confirms the importance of 

nanoscale geometry in determining the optical outcome of plasmonic coupling. This chapter therefore 

provides a mechanistic contribution to the design of hybrid nanophotonic structures based on colloidal 

emitters. However, the present evidence most strongly supports the conclusion of distance-dependent 

plasmonic modulation of luminescence, rather than complete proof of a single underlying 

enhancement mechanism or direct photovoltaic benefit. 

Finally, the thesis demonstrated that LSTM-based sequence modeling provides accurate and 

physically meaningful prediction of photovoltaic module temperature when trained on high-

resolution environmental data. The temporal nature of the model allowed it to outperform non-

sequential baselines, highlighting the importance of thermal memory and delayed environmental 

response in PV operation. The inclusion of uncertainty estimation and SHAP-based interpretation 

further strengthened the scientific quality of the framework by improving transparency and diagnostic 
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value. Nevertheless, the model’s conclusions are most robust within the studied dataset, and broader 

transferability across climates, technologies, and deployment conditions remains to be established. 

7.2. Main scientific contributions 

The first major contribution of this thesis is the development and evaluation of surface-modified 

perovskite quantum-dot coatings for silicon photovoltaics within a polymer-integrated architecture. 

This work adds to the growing field of spectral conversion by demonstrating that interfacial 

passivation and matrix integration are central to obtaining meaningful optical and electrical outcomes. 

The second major contribution is the clarification of spacer-dependent plasmonic effects in hybrid 

quantum-dot films. By showing that nanoscale separation determines whether coupling is beneficial 

or detrimental, the work provides a useful design framework for future photonic interfaces involving 

colloidal emitters and metallic nanostructures. 

The third major contribution is the construction of a time-aware, interpretation-supported machine-

learning framework for PV module thermal prediction. The use of chronological validation, 

comparison with benchmark models, uncertainty quantification, and explainability distinguishes this 

work from simpler purely predictive studies and improves its scientific credibility. 

More broadly, the thesis contributes a multi-scale perspective on photovoltaic enhancement. It shows 

that meaningful performance gains may emerge through spectral management, local optical-field 

engineering, and intelligent operational prediction, and that these approaches should be viewed as 

complementary rather than isolated. 

7.3. Scientific limitations and careful scope of the conclusions 

A consistent message throughout this thesis is that the interpretation of improvement must remain 

aligned with the strength of the evidence. In the LDS chapter, the observed module gains are 

consistent with luminescent down-shifting assisted enhancement, but the present data do not fully 

isolate luminescent conversion from other front-optical effects such as reflection change or scattering. 

In the plasmonic chapter, the results demonstrate controllable emission modulation, but do not fully 

close the distinction among radiative-rate modification, excitation effects, and extraction-related 

contributions. In the thermal chapter, the predictive framework is robust within the studied dataset, 

but wider transferability remains an open question. 

These limitations do not diminish the scientific value of the work, but they define its correct scope. 

The thesis therefore does not claim to have established a fully deployment-ready spectral-conversion 

technology, a complete mechanistic closure of plasmonic enhancement pathways, or a universally 

validated thermal prediction model. Instead, it presents three scientifically sound and complementary 
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contributions that advance photovoltaic research while also identifying the key validation steps 

needed for further progress. 

7.4. Final perspective 

The overall conclusion of this thesis is that photovoltaic improvement can be pursued effectively 

through coordinated advances in photon management and operational intelligence. Surface-

engineered quantum dots can enhance the optical functionality of front-side coatings, nanoscale 

plasmonic architecture can tune emissive behavior in hybrid nanostructures, and sequence-aware 

machine learning can improve the prediction of thermally driven performance constraints. Each of 

these approaches addresses a different loss channel, and together they point toward a broader model 

of photovoltaic innovation in which materials engineering, nanophotonics, and predictive analytics 

work in concert. 

At the same time, the thesis also shows that scientific progress in this field depends on rigorous 

validation and careful claim discipline. Mechanism attribution, stability assessment, and 

transferability testing remain essential if laboratory-level advances are to translate into durable 

photovoltaic benefit. For this reason, the most important outcome of the thesis is not only the specific 

results obtained, but also the research direction it defines, a multi-scale, evidence-aware pathway for 

improving photovoltaic systems through both engineered optical functionality and intelligent 

operational modeling. 
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