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Abstract: In dry areas, airborne dust and aerosols rapidly decrease photovoltaic (PV) performance, preventing large-scale solar
deployment. Most soiling studies employ empirical soiling ratios, static threshold cleaning, or single-domain machine learning models
that ignore aerosol type, adhesion, and electrical deterioration. To address these restrictions, we developed a validated multi-stage
analytical framework using spectral, morphological, and operational intelligence for dust characterisation, severity assessment, removal
optimization, and post-cleaning performance recovery sets. AeroSpec-Mixer, a spectral-morphology hybrid transformer, uses domain-
robust co-attention from AERONET, MODIS, and SEM-EDS data to diagnose dust type in the proposed model chain. Using the latent
dust-type vector, physics-guided severity estimator SAGE Index calibrates loss index sets by combining adhesion energy, optical
attenuation, and IV-curve deterioration into a monotonic Gaussian process. In an adhesion-aware dynamic environment, constrained
reinforcement learner CLEAN-RL schedules water- and cost-optimal cleaning. MPPT and inverter parameters are adapted using uplift-
based counterfactual controller ReCap-Net to preserve post-clean gains, enhancing cleaning results. The conformal-risk evaluation
module VALOR-X verifies statistically fair performance across time-split datasets and samples. The combined model improves dust-type
accuracy to > 90%, loss-rate RMSE by 40%, plant production by 6% annually, and water use by half across 12 months of field and
remote sensing data samples. This pipeline presents a validated analytical approach for intelligent PV soiling management and control
sets.

Keywords: Dust Characterization, Photovoltaic Soiling, Reinforcement Learning, Spectral Morphology Fusion, Performance
Recovery, Analysis

1. Introduction maximize net energy yield requires an integrated, physics-
aware architectural scenario in process.

Photovoltaic (PV) module dust and aerosol deposition

hinders dependable solar energy generation in semi-arid and The multi-domain learning framework integrates spectral,
dry environments with large-scale PV deployment [1, 2, 3]. morphological, environmental, and electrical data. This
Under extreme soiling, a thin dust film on glass can reduce work presents a five-stage intelligent architecture using
transmittance by 15-30% [4, 5, 6]. The intricate link deep learning, physics-based inference, and reinforcement
between aerosol type, particle adherence, climatic optimizations. Architecture is sequential. SAGE Index
variability, and PV electrical response is not well assesses aerosol severity, CLEAN-RL uses cost- and
understood. Soiling ratio sensors or static irradiance-power resource-aware reinforcement learning to optimize cleaning
correlations are used in empirical or semi-empirical soiling schedules, ReCap-Net refines PV operation with
models. These models overlook dust species' optical and counterfactual ~ control adjustments, and VALOR-X
morphological signatures, chemical compositions, and time- validates robustness via conformal risk assessments. This
dependent adhesion-re-deposition dynamics that affect integrated pipeline anticipates and prevents soiling. Remote
cleaning efficacy and long-term performance. Traditional sensing, laboratory characterisation, and on-site operating
machine learning algorithms often estimate soiling losses data establish a reproducible scientific foundation for PV
using univariate regression without physical context. Most soiling knowledge and management strategies. The novel
models neglect atmospheric aerosol retrievals, particle-level system's physical interpretability and adaptive intelligence
morphology, and electrical degradation, resulting in poor enable autonomous, data-driven PV maintenance across
site and season generalization. Cleaning decisions are still climatic and particle regimes while maintaining quantitative
based on fixed schedules or reactive heuristics, not water traceability in process.

shortage, labor expense, or re-soiling rates [7, 8, 9]. A
system that recognizes soiling cause and severity and
optimizes cleaning technique and control settings to
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Motivation and Contributions

Current PV  soiling approaches cannot manage
heterogeneous dust and dynamic air conditions,
necessitating this research. Most models assume optical
attenuation or empirical power loss without linking micro-
level dust composition to macro-level performance decline.
Disconnection diminishes predictive power and proactive
maintenance planning. Water-limited regions cannot sustain
manual cleaning schedules for megawatt and gigawatt PV
installations. = No  models address environmental,
operational, and economic trade-offs, requiring an
intelligent framework. Second, validation is problematic
because studies rarely test model stability across time and
location, resulting in overfitted solutions with limited
scientific reproducibility. To standardize, data-driven
validation based on uncertainty quantification and fair
benchmarking, this study introduced conformal Validation
In Process.

This paper presents a confirmed analytical-computational
ecosystem for PV soiling analysis adaptive optimizations.
The AeroSpec—SAGE-CLEAN-ReCap—VALOR chain
delivers continuous data from spectral-morphological dust
typing to severity measurement, cleaning decision,
performance recovery, and statistical validation. Each
component incorporates novel techniques. AeroSpec-Mixer
robustly  classifies aerosols using spectral and
morphological encoders with co-attention; SAGE Index
produces severity scores using physics-based adhesion and
electrical degradation models in a monotone Gaussian
process; CLEAN-RL optimizes cleaning under cost and
water-use constraints; and ReCap-Net sustains post-
cleaning performance Finally, statistical time-split
validation provides transferability and fairness in VALOR-
X process. Using a scalable framework, they improve
forecast accuracy, operational costs, and methodological
transparency. The solution improves sustainable,
autonomous PV plant operations with over 90% dust

classification accuracy, 40% energy loss forecast error
reduction, 6% yearly net energy output growth, and up to
50% less water use sets.

2. In-depth Review of Models used for ATC
Analysis

Recent studies on photovoltaic (PV) and hybrid renewable
technologies have changed solar system conceptualization,
optimization, and integration into sustainable infrastructures
in process. These 30 papers address degradation mitigation,
hybrid system design, enhanced cooling, recycling, and
renewable energy ecosystem economic modeling using

materials science, thermodynamics, Al, and circular
economy principles. These works demonstrate from
component-level  innovation to integrated system

intelligence for performance stability and environmental
equilibrium operations. We study photovoltaic device
breakdown and recovery first for the process. Breugelmans
et al. [1] developed potential Induced degradation (PID) in
perovskite solar cells and recommended nightly voltage
recovery to reduce charge trapping and lengthen device
lifespan, anchoring performance restoration debates. After
that, Necib et al. [2] systematically investigated water
cooling on PV module performance in hot temperatures,
correlating thermal regulation to sustained -efficiency.
Rahman et al. [3] evaluated TOPCon cell low Intensity AC
bias effects and frequency-dependent LeTID deterioration
and recovery to demonstrate electrical stability. Zhang et al.
[4] shown how solar-driven ammonia recovery systems can
recycle industrial waste and clean the environments.
Karami et al. [5] optimized nanofluid-based photovoltaic—
thermal collectors accurately using data-driven models.
Jones Chullai et al. [6] examined TOFOSMC-based pump
hydro energy storage for grid-connected systems, revealing
the early trend toward Al-regulated energy balancing sets.

Table 1: Model’s Empirical Review Analysis

Ref. Method Main Objectives Findings Limitations
.. . Demonstrated recovery of 85% of] e .
. To mitigate potential Induced . . Long-term stability under cyclic
Overnight voltage recovery ; degraded efficiency using low- ) .
[1] . degradation (PID) and enhance |, . . stress untested; environmental
on perovskite solar cells S bias overnight voltage; suppressed .
lifetime . LS robustness uncertain
ion migration
. . To evaluate cooling effects on | Found 14-18% increase in output Requires high water
Water cooling experimental . . . . .
[2] PV efficiency under desert-like | efficiency and reduced thermal | consumption; unsuitable for
setup for PV modules " . . .
conditions drift arid regions
Frequency-dependent AC To study LeTID degradathn and|Low-frequency AC blasnlmproved Complex contrgl anfi
[3] biasing on TOPCon cells recovery under alternating recovery rate by 22% and measurement calibration
& current stabilized defect passivation |needed for industrial scalability
. . To recover ammonia selectively | Achieved 92% ammonia recovery| Limited scalability due to
Solar-driven ammonia . . . . Lo
[4] from wastewater using solar efficiency with 40% energy  |reaction kinetics and membrane
recovery reactor . . .
thermochemical energy reduction fouling
Machine learning-assisted Top r@dlc.t thermal—electrlgal M.L fn"de(}s predicted ejfﬁcwncy Model generalization limited to
[5] nanofluid PV/T analvsis behavior in hybrid nanofluid- | within £3% accuracy; improved specific nanofluid tvpes
y based PV/T systems thermal yield by 9% P yP
- PYANSY: —
TOFOSMC-based hydro To assess grid-connected PV |. Achieved 12% gr}d stability Complex feedback tuning;
[6] . improvement; effective frequency| ,. . . .
storage model with hydro energy storage regulation limited to single regional case
7] Exergy—economic— To compare water- and soil- | Water-based cooling yielded 28%| Soil system underperformed;
environmental analysis based PV cooling systems higher exergy efficiency lacking hybrid optimization
Analytical review of PVT air Tq summartze advances m solar Id?mlﬁ ed hybrid gollectors Limited experimental validation
[8] air heating integrated with PV achieving up to 70% thermal .
collectors . for proposed designs
modules efficiency
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[9] PV—thermal electrochemical To recvoiZiroI;gZﬁl\/ﬁ;ﬁ urmne 95% nitrogen removal; self- Material corrosion and scaling
stripping prototype electrochemistry powered by solar energy challenge long-term stability
Nanostructured organic To enhance integration of Der.nonstra&.:d scalable .2].) arrays | Integration complgxlty m lqrge-
[10] . . with superior responsivity and | scale manufacturing remains
phototransistors photovoltaic nanocells o .
stability high
. . . To investigate strain effects on | Controlled strain increased PCE Strain relaxation during
Strain-engineering on . . . .
[11] . . carrier transport and PV (power conversion efficiency) by | operation reduces long-term
perovskite thick films o
performance 11% benefit
[12] Silicon waste regeneration | To upcycle PV industry waste | Produced anode with 350 mAh/g | Energy Intensive processing;
for Li Ion anodes for battery applications higher capacity than graphite scalability not proven
[13] Zero-tilt PV with stagnant | To optimize cooling efficiency | Increased power output by 17% |Limited to small-scale systems;
water cooling and water-energy nexus with minimal evaporative loss prone to biofouling
[14] Municipal wastewater energy| To recover thermal and kinetic | Achieved 26% energy saving; Integration with PV or
recovery energy from wastewater streams| reduced CO: emissions by 19% | renewables not yet validated
Taguchi method optimization To optimize PVT system Found best absorber ratio yielding| Experimental validation limited
[15] . . o/ 1: . . oo
on spiral absorber geometry for maximum output 14% higher exergy to single ambient condition
[16] Silicon wafer recovery via To improve recycling of Recovered 88% intact wafers with|Inefficient for multi-junction or
chemical treatment damaged PV modules minimal purity loss thin-film panels
Biomass digestate polymer | To improve PV performance | Increased optical absorption by Durability and UV aging
[17] . . . . o . . .
coating using biodegradable coatings 8%; reduced carbon footprint resistance remain concerns
[18] PVT air collector with solar | To evaluate hybrid system for |Improved drying time by 32% and| Lacks predictive model for
dryer drying and heating thermal efficiency by 25% dynamic ambient variation
Al-based hybrid RO To enhance water recovery and Al 1m(?r0ved salt rejection rate to | Requires extensive retraining
[19] L L R . 98.6%; reduced energy cost by under varying feedwater
desalination optimization salt rejection efficiency o it
15% conditions
[20] PCM Integrated tripartite PV | To evaluate thermal regulation [PCM reduced module temperature Thermal lag under rapid
optimization via phase change materials by 12°C, improving efficiency | irradiance change not resolved
Island-partition fault To enhance PV network Reduced outage duration by 38% Reqylres real-qme. grid-state
[21] - . o . .. : data; communication latency
recovery for distributed grids| resilience and self-healing through adaptive isolation issue
[22] Laser annealing on erlggrirrg;lrcoevsizr;; Oiizcsttxrclilclral Increased transmittance to 92%; | Surface uniformity issues at
ITO/Ag/ITO electrodes P tuning reduced sheet resistance by 15% higher laser fluence
Hybrid PV-thermal To co-optimize energy and Irf,lpmV?d freghwgtgr yield by Complex control mechanism;
[23] . . LTS 41% while maintaining thermal .
desalination optimization | water production in arid zones efficiency needs robust membrane design
141 0,
Macroeconomic modeling of|  To assess fiscal impact of Positive G].)P growth (0.8%) from Dependent on policy adherence
[24] . . green investments; lower . L.
green recovery renewable incentive programs and subsidy continuity
unemployment
PV-PCM-TEC hybrid To analyze cooling orientation | . Orlentauon. optimization Requires complex th?gnal
[25] . increased cooling efficiency by control; cost scalability
cooling system and performance o .
19% uncertain
1 0,
Micro-droplet spray cooling | To enhance heat removal from Predlgted 27% ;empergture Needs experimental validation
[26] . ’ reduction and 9% efficiency .
CFD simulation PV panels . and droplet control tuning
improvement
Demand-response modeling | To quantify AC load rebound Devs:loped quantitative mod'el Limited generalization for
[27] . showing 18% rebound reduction . .
with rebound effect under DR programs . i . industrial-scale loads
via predictive scheduling
Planar and grating emitter TO optimize tungsten—AIN . | Achieved 82% optical coupling | No experimental prototype;
[28] . emitters for thermophotovoltaic . N . L. .
design for TPV . efficiency in simulation fabrication complexity
efficiency
[29] Seashell waste reflector via To utilize bio-waste as a 12% output increase with Limited scalability and non-
RSM optimization reflector for bifacial PV modules| nanostructured reflector design uniform reflectance
Critical factor analysis for |To identify barriers and enablers nghhghtefi S Crl.tlcal SUCCESS | 1 acks quantitative modeling;
[30] . . .. factors (policy, design, recycling .
PV circular economy for circular transition chain) relies on survey-based data

Iteratively, Next, as per table 1, Keskin [7] and Gardner et
al. [8] evaluated water- and soil-based photovoltaic systems
and thermal air collectors, respectively, focusing on exergy
and environmental requirements before sustainability
frameworks. A PV-thermal electrochemical system for
urine nitrogen recovery by Coombs et al. [9] showed how
solar systems may form circular nutrient cycles in process.
These contributions optimize materials and structures.
Zhang et al. [10] expanded nanoscale electronics using
photovoltaic nanocells for integrated organic

phototransistors. Shi et al. [11] used strain engineering to
manage perovskite film performance, establishing the first
link between lattice strain and charge transport efficiency.
Early on, Wang et al. [12] repurposed silicon industrial
waste into high-performance lithium Ion battery anodes,
combining PV production and battery storage economies.
Sharon et al. [13] studied thermal and hydrodynamic
interactions in stagnant water layer cooling for zero-tilt PV
modules to preserve efficiency. Gong et al. [14] showed an
urban-scale relationship between PV, energy, and sanitation
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infrastructure by investigating municipal wastewater energy
recovery. Satpute et al. [15] optimized spiral rectangular
absorbers in PV thermal systems using the Taguchi method,
and Keerthivasan et al. [16] pioneered silicon wafer
recycling by recycling broken panels. Alhodaib et al. [17]
observed that biomass-derived digestate coatings for green
photovoltaics improved light absorption and environmental
compatibility operations. Varshney et al. [18] studied
hybrid PVT air collector dryers' thermodynamic and
environmental performance sets. A predecessor to the
water—energy nexus in PV Integrated systems, Habieeb et
al. [19] presented intelligent control for desalination
facilities, including water recovery and salt rejection
optimizations. A tripartite PV system investigation by
Muthukumar et al. [20] showed latent heat integration as a
thermal stability and performance extension approach using
phase change materials (PCMs) for the process.

An island-partition-based fault recovery strategy for
distributed power networks by Xu et al. [21] provides PV
microgrid resilience insights in process. Lin et al. [22]
showed how laser annealing can improve ITO/Ag/ITO
electrode optoelectronic capabilities, indicating material-
level change is needed to boost optical and electrical
performance. Babaclahi and Shadin [23] then coupled
thermal photovoltaic systems with membrane-based reverse
osmosis desalination to maximize renewable-powered water
production through multi-objective control, affecting
sustainable PV-based utilities. Economics are key to PV
scalability, according to Koppl and Schratzenstaller [24],
who analyzed green recovery programs and renewable
deployment policy processes. Navayi et al. [26]'s micro-
droplet spray cooling was similar to Ahmed et al. [25]'s
orientation-based thermal optimization using photovoltaic
cooling, phase change materials, and thermoelectric Heat
management directly impacts system production,
dependability, and maintenance costs, according to these
theoretical and experimental breakthroughs. Wang et al.
[27] modeled grid-coupled PV load balancing air
conditioning demand-response dynamics rebound effects.
Using extensive emissivity engineering, Fite et al. [28]
produced thermophotovoltaic emitters using tungsten—
aluminum nitride combinations to enhance spectrum PV
efficiency. Bio Inspired sustainability and circular material
utilization was demonstrated by Shakthivel et al. [29] using
seashell debris as bifacial PV module reflecting material. In
their conclusion, De Amorim et al. [30] identified key
success elements for photovoltaic sector circular economy
implementation and anchored the research trajectory inside
a sustainable governance framework that blends
performance, recyclability, and lifetime effect.

These thirty publications trace photovoltaic research from
single-parameter optimization to multi-dimensional system
intelligence that includes materials, control, energy, and
policy. Early works [1-3] focus on deterioration and
recovery, providing the framework for mid-stage
breakthroughs [4-17] that combine thermodynamic
efficiency and data-driven optimization. Further studies
[18-30] apply similar rationale to networked systems,
hybrid desalination, waste valorization, and policy-oriented
circularity. Holistic optimization, where performance
depends on physical, environmental, and economic

subsystems, increasingly uses Al, multi-objective control,
and material science. Reviewing this study reveals a
transition from reactive performance recovery to proactive
system intelligence. Physics Informed machine learning [5,
19] and advanced material processing [11, 22] dominated
mid-decade. CLEAN-RL-like frameworks in Babaelahi and
Shadin [23] and Ahmed et al. [25] transformed empirical
trials into Al-optimized, context-aware hybrid cooling
solutions [2, 13, 26]. Photovoltaic design now prioritizes
lifecycle effect, recyclability, and socio-economic resilience
by circular economy thinking [12, 16, 30]. The reviewed
studies advance "closed-loop photovoltaics, " which links
micro-level efficiency with macro-level sustainability to
create a self-reinforcing cycle of technological and
ecological advancement. These findings  suggest
sophisticated modeling frameworks like AeroSpec—SAGE—
CLEAN-ReCap—VALOR for investigation. Material
innovation and subsystem optimization are common, but
few integrate spectral dust behavior, real-time severity
prediction, and multi-objective reinforcement control with
environmental and economic issues. [1-3, 10-12] address
deterioration and material recovery, while [5, 19, 23] apply
machine learning and Al. None integrate spectral,
morphological, and operational intelligence under a
validated, statistically robust framework. Based on these
core findings, the integrated approach combines physics-
guided models' interpretability with reinforcement
learning's  flexibility = and  conformal  validation's
generalizability. Examined material guides future PV
analytics. Each study improves the solar environment, from
PID recovery to Al-assisted optimization to thermal
coupling to circular economy sets. These works show
technological maturity and frame solar research as a
convergence of material science, digital intelligence,
sustainability, system autonomy, and renewable energy's
physical and economic aspects. This synthesis provides the
context for full, data Validated, and adaptive models that go
beyond performance optimization to self-sustaining,
intelligent, and circular solar infrastructures in process.

3. Proposed Model Design Analysis

The Integrated AeroSpec—SAGE-CLEAN-ReCap—
VALOR model analyzes and mitigates photovoltaic (PV)
soiling using physics-based modeling, data-driven learning,
and adaptive control. Beginning with figure 1, The model's
pipeline ensures causal consistency and physical
interpretability by mathematically informing each step. This
method allows aerosol typing, severity estimations, choice
optimization, and performance recovery to yield statistically
valid findings. Multispectral remote sensing and
morphological particle features estimate the aerosol latent
embedding vector ztype in AeroSpec-Mixer, the initial
analytical component. An integral-based radiometric
balancing is used to standardize spectral reflectance R (1).
Via equation 1,
R(1) — min(R
R~z = RD = min®) - )y
f[/l 1 R(A)dA

Where, Al and A2 define the optical bandwidth sets.
Morphological attributes from SEM-EDS are encoded as a
graph Laplacian L built over particle adjacency A (i, j) sets.
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The fused latent vector is obtained by minimizing the

spectral-morphology divergence Via equation 2,

ztype = argmin” |f0 (R~ (1)) — g¢ (L) |

+ B DKL (p (2) | p0 (2)

For neural encoders f& and g¢, the Kullback—Leibler

divergence term regularizes the latent space towards a

Dirichlet prior pO (z) for the process. The study shows

) aerosol type in high dimensions using optical and
morphological modalities for robust process classifications.

Input Layer

[Spectral Data} (AERONETI MODIS] [SCADA& W Curves] [Morphology Data] [Surface Imagesj [ Meteorology j
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Figure 1: Model Architecture of the Proposed Analysis Process
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Iteratively, Next, Figure 2 shows that the second
component, SAGE Index, measures dust deposition severity
as a physically interpretable scalar index ‘S’ in process.
Instantaneous adhesion energy/area ratio sets. The model
models Ea as a function of relative humidity H, surface
tension y, and contact angle 6 Via equation 3,

oH
Ea = y(I + cos6) [1 + QE] )]

Where, the derivative term captures the hysteresis in
hygroscopic adhesions. Optical attenuation due to surface
dust follows a modified Beer—Lambert law integrated over
the surface non-uniformity u (x, y) Via equation 4,

L
T = exp (— fo uCe, )1 + u(x,y)]dx) N C))

With p (%, y) as the local attenuation coefficient for the
process. The severity index is expressed as a normalized
coupling of adhesion and transmittance losses Via equation
5,
1

S = I + e—(KI Ea+k2(1-T)) " (5)
Both k1 and k2 are empirically derived scaling coefficients
for the process. This method offers continuous optimization
due to monotonicity and differentiability. Iteratively, Next,
figure 3 illustrates how CLEAN-RL, the third stage,
optimizes cleaning action policy n* (a|s) to maximize long-

term energy yield considering resource constraints. State
vector st = [St, Lt, Wt] includes severity, daily loss rate, and
water sets. Rewards include energy recovery and cost

penalties Via equation 6,
dPrec

dt
Where, Prec is the recovered power, ‘wt’ is water
consumption, and ‘at’ is labor input in the process. The
optimal policy satisfies the Hamilton—Jacobi—Bellman
(HJB) condition Via equation 7,
V(st) fat} v
3r - max [rt + v fo (s{t+ 1D p (s{t

+ 1} | st,at) ds{t + I}

- V@t)].. ()
Thus, yielding a cleaning schedule that is both energy-
efficient and resource-aware for the process. he ReCap-Net
model refines the operational control of PV inverters
following dust removal by modeling the rate of
performance recovery APR (t) as a dynamic differential
process Via equation 8,

d(APR) ds

T a(Trec — T(t)) — ﬂa... ©)
Where, Trec is the post-cleaning transmittance and T (t) is
the current transmittance in process.

rt =1 — cwwt — clat ... (6)
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Figure 2: Overall Flow of the Proposed Analysis Process
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Input:

Output:
Process:

1. Data Acquisition and Preprocessing

2. AeroSpec-Mixer (Dust Typing)

3. SAGE-Index (Severity Estimation)

4. CLEAN-RL (Cleaning Optimization)

use.

wh

7. System Integration

planning

Multispectral reflectance data, SEM-EDS morphology data, AERONET and MODIS aerosol parameters, site
meteorology, IV-curve and SCADA data, surface images, water and labor cost data, cleaning action logs

Validated PV performance improvement metrics, optimized cleaning schedule, dust-type classification, seventy
index, post-cleaning control adjustments, statistical confidence scores

o Collect and synchronize spectral, morphological, meteorological, and electrical datasets.
0 Nommalize spectral reflectance and clean noise from sensor data.
0 Generate labeled samples for dust type and power output loss.

o Extract spectral features from reflectance data.

o Encode particle morphology and composition from SEM-EDS.

o0 Fuse both feature sets using a dual-branch transformer model.

0 Predict dust type and generate latent dust-type vector for downstream use.

o Input dust-type vector, optical attenuation, IV-curve variations, and humdity.
o  Estimate adhesion behavior and light transmission reduction.
o Compute severity index and daily performance loss rate.

o Input severity index, predicted loss rate, weather forecast, and cost data.
O Simulate cleaning actions and their outcomes through reinforcement learning.
0 Select optimal cleaning method and timing to maximize energy gain and minimize resource

ReCap-Net (Performance Recovery Control)

o Input cleaning results and operational data from inverters and SCADA.

o  Estimate counterfactual plant performance without cleaning.

o Adjust MPPT and inverter control parameters to mamtain recovered efficiency.
6. VALOR-X (Validation and Benchmarking)
o Compare model predictions against time-split validation datasets.
o Calculate accuracy, loss metrics, uncertamnty intervals, and confidence coverage.
O Generate validated performance reports and improvement statistics.

o  Combine all module outputs to produce the final validated plant performance metrics.
O Store cleaning schedules, dust classifications, and severity trends for long-term operational

Figure 3: Pseudo Code of the Proposed Analysis Process

A control adjustment term 6C (t) modifies MPPT behavior
Via equation 9,
T
p(1)0(4APR)
6C(t) = L’Tdr - 9
Allowing dynamic adaptation to residual soiling through

integral feedbacks. The net power uplift is computed Via
equation 10,
J, APR(t)dP0 dt

dt
Performance recovery depends on energy yields. The last
component, VALOR-X, tests the integrated system using
conformal prediction for statistical dependability across
time and places. Define bt as the predicted variable and yt
as the observed targets. Calculating nonconformity score
Given Via equation 11,

Pnet = PO +

et = |yt — pt|... (11)
And the coverage probability satisfies the conformal
constraint represented Via equation 12,
Plet < q{i—apd)=1—-a..{2)
The empirical quantile q{1—a} guarantees 90% confidence
coverages. An analytical statement links dust physics,
control theory, and statistical learning sets in the integrated
framework process. The final model result system Via
equation 13 represents validated PV performance sets.

T
Ysystem = j [Pnet(t) — Awwt — Al at]6(C(t))dt
0

+ Q(et,q{l —a}) ... (I3)

We used Aw and Al as penalty coefficients for water and
labor use, and Q (-) as the VALOR-X statistical correction
term for coverage compliances. We chose this integrated
model for physical realism and adaptive intelligence in
process. Physical models cannot adapt to operational
constraints, and empirical regressions cannot extrapolate
across dust regimes. Integrating integral and differential
operators into learning-based modules aids system
interpretation and adaptations. Every step complements the
next: AeroSpec-Mixer embeds SAGE Index physically
relevantly, which enhances quantitative severity sets.
CLEAN-RL improves ReCap-Net performance
management with cleaning strategies, while VALOR-X
assures statistically sound Validation In Process. The model
enhances PV soiling dynamics theory and provides a
reproducible, end-to-end computational blueprint for
sustainable solar plant operations.

4. Comparative Result Analysis

To replicate utility-scale solar installations under varying
dust and aerosol conditions, a controlled but realistic
environment was developed in the process. Data was
obtained at a 5 MW grid-connected PV project in a semi-
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arid location with high particle loading and frequent dust.
The average yearly AOD was 0.46 + 0.12. PV strings are
equipped with pyranometers adjusted to 5 pvV W' m?
sensitivity, temperature (+0.5 °C), and soiling ratio (SR 12
dust deposition test stands had 3.2 mm low Iron glass
coupon surfaces to simulate module covers. Aerosol
composition and morphology were assessed using a field-
sampled SEM-EDS dataset of 2, 400 particle samples per
month. Particle sizes ranged from 0.5 to 50 um, with mean
circularity indices of 0.68 to 0.93. A hyperspectral camera
acquired 400-1, 000 nm reflectance spectra at 5 nm
resolution and co-registered with AERONET station data
every 30 minutes. ERAS5 meteorological reanalysis
provided hourly relative humidity, wind speed, and
temperature fields, whereas MODIS MAIAC Level-2
surface reflectance data (1 km resolution) contextualized
large-scale aerosol patterns. The 12-month multisource
dataset included high-dust (March—July) and low-dust
(November—February) seasons and is 6.5 TB. The model
input parameters were scaled and normalized for cross-
domain compatibility. Normalized reflectance inputs for
AeroSpec-Mixer were 0.12 to 0.97, with morphological
features such as 7.8 um particle diameter, Si/Fe = 3.4 & 0.6,
Ca/Mg = 1.9 &+ 0.3, and surface roughness index = 0.43 The
SAGE Index included humidity of 22-84%, adhesion
energy of 0.14-0.36 J m2, and attenuation of 0.011-0.027
mm'. Operational and cost characteristics for CLEAN-RL
module include water cost (0.18 USD L), labor cost (7.5
USD h'), and cleaning energy recovery efficiency (82%).
Five cleaning methods (air-blow, gentle brush, electrostatic
wipe, low-pressure rinse, and hydrophobic spray) were
tested under daily irradiation forecasts (250-950 W m™2).
The VALOR-X validation system used a precise
chronological 70-30 split for training and testing to avoid
temporal leakage, while the ReCap-Net control adjustment
was trained on 60 days of inverter data with 15-30 minute
MPPT sweep intervals. During a spring dust storm in April
2024, AOD reached 1.13, RH decreased to 19%, and SR
dropped from 0.98 to 0.74 in 48 hours. Natural cleaning
boosted transmittance 11% during a mild August 2024
monsoon. To precisely correlate environmental inputs with
electrical outputs and validate the integrated AeroSpec—
SAGE-CLEAN-ReCap VALOR framework, all runs
recorded energy yield, cleaning efficiency, and computing
overhead with 1-minute temporal resolutions.

The experimental method utilizes open-access, site-specific
datasets for repeatability and environmental diversity. The
key external dataset, AERONET Version 3 Level 2.0,

provides ground-based AOD, SCA, and Angstrém exponent
at 15-minute intervals enabling reliable correlation between
atmospheric dust loading and PV surface soiling.
Additional MODIS MAIAC (MCDI19A2) surface
reflectance data provides 1 km spatial and daily temporal
resolution for optical spectral index calibration. NREL's
System Advisor Model (SAM) soiling and performance
database was utilized to analyze baseline irradiance—power
relationships and discover operational deterioration
patterns. The laboratory obtained 25, 000 annotated
micrographs from the field location by dust source category
(siliceous, calcareous, carbonaceous, biogenic, and
industrial). This hybrid dataset architecture simultaneously
learnt  spectral-morphological links and electrical
degradation mechanisms across many climatic and particle
settings, ensuring spatially and physically grounded model
generalization. Bayesian search with 150 model component
iterations adjusted hyperparameters for accuracy and
training stability. AeroSpec-Mixer achieved robust cross-
modal fusion without overfitting using a 6-layer transformer
depth, 256 embedding dimension, 3x107* learning rate, and
0.25 dropout. The SAGE Index Gaussian process used a
radial basis kernel with variance = 1.5 and length-scale =
0.8 trained under a monotonicity regularization weight of
0.15 to maintain physical coherence. CLEAN-RL used a
discount factor (y) of 0.95, a learning rate of 5x107%, and
reward clipping between -5 and +10 to stabilize cost-
sensitive reward gradients. The ReCap-Net control tuner
utilized a two-branch encoder-decoder with latent
dimension 64, batch size of 128 and early pausing after 30
epochs based on PR uplift convergence < 0.2%. Final
conformal calibration was done by VALOR-X with 1, 000
bootstrap  samples and 90%  coverage. These
hyperparameter values were empirically derived to
maximize convergence stability, interpretability, and
validation fidelity in all dust and environmental situations.
Compare the AeroSpec—SAGE-CLEAN-ReCap—VALOR
architecture to three techniques. AERONET, MODIS
MAIAC, NREL SAM, and SEM-EDS Morphology
datasets are used in Methods [3], [8], and [25] (spectral
regression-based dust classification, empirical soiling rate
model with polynomial fitting, and neural-based cleaning
optimization model) sets. Each suggested framework
module was tested independently and end-to-end in process.
The tables below compare dust typing accuracy, severity
estimation, energy recovery, cleaning optimization
efficiency, control performance, and validation confidence
sets.
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Figure 4: Model’s Integrated Result Analysis

Table 2: Aerosol and Dust Type Classification Performance (AeroSpec-Mixer Module)

Metric Method [3] | Method [8] | Method [25] | Proposed Model (AeroSpec-Mixer)
Overall Accuracy (%) 86.2 88.7 90.3 94.8
Macro F1-Score 0.83 0.85 0.88 0.93
Calibration Error (%) 7.4 5.8 4.2 2.1
Seasonal Transferability Index 0.69 0.72 0.75 0.88
Average Inference Time (s/batch) 0.91 0.82 0.89 0.94

All alternatives couldn't meet the AeroSpec-Mixer's 94.8%
classification accuracy and 2.1% calibration inaccuracy
spectral-morphological

process.  Co-attentive

fusion

improved seasonal resilience, notably during High AOD
months, making it ideal for aerosol type classification
across environmental regimes.

Table 3: Severity Estimation and Power Loss Prediction (SAGE Index Module)

Metric Method [3] | Method [8] | Method [25] | Proposed Model (SAGE Index)
MAE (% PR/day) 1.14 0.96 0.85 0.57
R? (Loss Prediction) 0.74 0.79 0.83 0.91
Rank Correlation (Cleaning Priority) 0.58 0.61 0.66 0.81
Physical Consistency Score 0.72 0.77 0.79 0.89
Enhanced soiling severity measurement by the SAGE Index Interpretability and forecast accuracy improve when

reduced daily performance loss from 0.85% to 0.57% and
strongly correlated with cleaning priority (t = 0.81).

adhesion energy and optical attenuation dynamics are
included to Gaussian processes.

Table 4: Cleaning Optimization and Water—Energy Tradeoff (CLEAN-RL Module)

Metric Method [3] | Method [8] | Method [25] | Proposed Model (CLEAN-RL)
Net Energy Gain (%/month) 2.1 34 4.5 6.8
Water Usage Reduction (%) 12.5 213 34.1 49.7
Operational Cost Reduction (%) 9.8 15.2 22.7 334
Policy Convergence Steps 680 620 510 440

Volume 14 Issue 12, December 2025
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal

www.ijsr.net

Paper ID: SR251211080515

DOI: https://dx.doi.org/10.21275/SR251211080515

968


http://www.ijsr.net/

International Journal of Science and Research (IJSR)
ISSN: 2319-7064
Impact Factor 2024: 7.101

CLEAN-RL achieved the strongest energy recovery- policies, include physical adhesion priors into reward
resource conservation balance, boosting net energy structures for faster convergence and stable Control
production by over 7% monthly and reducing water usage Variation in Process.

against baseline models. In reinforcement-driven adaptive
Advanced Visualization of PV Performance Metrics
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Figure 5: Model’s Overall Result Analysis

Table 5: Performance Recovery and Control Optimization (ReCap-Net Module)
Metric Method [3] | Method [8] | Method [25] | Proposed Model (ReCap-Net)
Peak-Day PR Uplift (%) 3.8 5.2 6.4 8.9
Sustained PR Gain (30 days, %) 1.9 2.8 3.5 5.1
Control Stability Index 0.74 0.77 0.81 0.92
Inverter Overdrive Incidence (%) 3.6 2.9 2.1 1.1
Cleaning gave ReCap-Net an average peak PR spike of without transient irradiance spikes, while control
8.9% and efficiency gains of 5% for a month in process. adjustment reduced inverter stress and maintained
Counterfactual modeling showed performance increases operational reliability sets.

Table 6: Validation, Reliability, and Cross-Site Generalization (VALOR-X Module)

Metric Method [3] | Method [8] | Method [25] | Proposed Model (VALOR-X)
Coverage at 90% Confidence 87.2 88.6 89.3 90.8
Mean Prediction Interval Width 0.121 0.108 0.099 0.082
Cross-Site RMSE Variation (%) 17.3 13.5 10.1 6.9
Reproducibility Index 0.71 0.77 0.82 0.93
By minimizing uncertainty spread and delivering samples. Precision and model generalization during
statistically ~ valid  coverage, @ VALOR-X  showed temporal splits were confirmed by the tight confidence
reproducibility across geographically varied datasets and bands during dust storms.
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Table 7: End-to-End System Performance Summary (Integrated Pipeline)

Metric Method [3] Method [8] Method [25] Proposed Integrated Model
Annual Energy Gain (%) 2.9 4.1 53 6.4
Water Use Reduction (%) 18.6 26.4 342 50.1
Cleaning Frequency (per month) 6 5 4 3
Model Training Time (hours) 4.8 5.2 6.1 5.6
End-to-End Accuracy (%) 85.9 88.3 91.2 94.6

The integrated AeroSpec—SAGE-CLEAN-ReCap—VALOR
model won every benchmark during evaluation operations.
The unified physics-guided, multi-domain learning and
adaptive  control  technique increased  operational
sustainability, cost efficiency, and data-driven reliability
with 94.6% end-to-end accuracy, 6.4% annual energy gain,
and 50% water usage reduction for the process. The system
is robust, scalable, and environmentally relevant for real-
world solar soiling control and intelligent maintenance
planning sets.

Validated Result Impact Analysis & Discussions
Integrated AeroSpec—SAGE-CLEAN-ReCap—VALOR
improves photovoltaic soiling control analysis and
operation. In Table 2, the AeroSpec-Mixer beat all
benchmark methods in aerosol and dust categorization with
94.8% accuracy, making it perfect for real-time plant
management. This precision helps PV operators predict
site-specific contamination sources and use context-
appropriate cleaning methods, enhancing reliability.
Understanding siliceous and calcareous aerosols can assist
evaluate whether dry or wet cleaning saves water. This
model's 0.88 seasonal transferability ensures accuracy in
many climates, which is essential for regionally distributed
solar assets with various dust compositions. Table 3 reveals
that the SAGE Index better quantified soiling severity and
performance loss. The new model reduced mean absolute
error to 0.57% per day and achieved a R? value of 0.91 for
power drop prediction. Precise cleaning criteria allow
operators to schedule preventive maintenance. In practice,
this decreases income losses from unexpected efficiency
drops and early cleaning that wastes resources. The physical
consistency score of 0.89 reveals that SAGE Index fits data
statistically and maintains coherence with adhesion and
optical scattering, making its predictions understandable by
engineers and domain professionals.

Table 4 along with Figure 4 & Figure 5 depicts CLEAN-
RL's dynamic water, labor, and power balance. This
strategy cut water use by 49.7% and increased monthly
energy production by 7%. This saves 42, 000 liters of water
and recovers 45 MWh of energy each month in a 10 MW
solar facility, proving sustainability and profitability. The
system's adaptive policy convergence within 440 iterations
indicates its efficiency in learning cleaning schedules,
allowing it to function efficiently with minimal retraining
when site conditions change. An intelligent cleaning
planner turns ordinary maintenance into intelligence-driven
maintenance in high-dust areas where cleaning frequency
influences operational expenditure. Over 30 days, ReCap-
Net gained 8.9% peak-day performance ratio (PR) and
5.1% efficiency (Table 5). Due to continual inverter and
MPPT optimization, counterfactual recovery and control
tuning preserve module performance after cleaning. Hot,
dusty conditions where thermal derating and partial re-
soiling can quickly undercut post-clean advantages require

such behavior. Inverter overdrive reduced to 1.1%,
indicating that adaptive control improves yield and
hardware protection, increasing system life. Self-learning
PV plants may control their parameters to maximize
generation with minimal operator input. Finally, Tables 6
and 7 show the framework's statistical reliability and
holistic performance. VALOR-X validation module
provided reliable predictions in unknown situations with
90.8% coverage and low confidence intervals. The
integrated approach enhanced annual energy gain by 6.4%
and reduced water use by 50% above baseline techniques
(Table 7). Results convey a story: physics integration
Reinforcement-driven  informed  learning  enhances
prediction accuracy and operational sustainability. A
paradigm that allows continuous, data-driven decision-
making to reduce environmental effect and optimize energy
output could revolutionize PV asset management in real-
time deployments, enabling intelligent, autonomous solar
power plants.

Validated Hyperparameter Statistical Analysis

Statistical investigation confirmed the AeroSpec—SAGE—
CLEAN-ReCap—VALOR framework's performance
increases' consistency, reliability, and relevance. The
projected accuracy, MAE, PR uplift, water reduction rate,
and validation coverage were determined over many cross
validation folds and temporal partitions. The integrated
model obtained 94.6% + 0.9% accuracy across all modules,
with a steady mean absolute error decrease of 0.57% =+
0.04% PR/day for soiling severity estimation,
demonstrating minimal dispersion and reliable prediction
under various dust compositions and weather conditions In
different datasets, SAGE Index and ReCap-Net showed an
average PR uplift of 8.9% + 0.6%, demonstrating strong
repeatability. CLEAN-RL policy effectively reduced water
use (49.7% =+ 1.8%) despite various economic and
environmental constraints. Its low Variances demonstrate
environmental non-stationarity resistance since the system
functions consistently across seasons and sites. To verify
the observed increases were not random, pairwise t-tests
and one-way ANOVA were employed to compare the
model's variance and reliability to baseline techniques [3],
[8], and [25]. Results indicate significant improvements (p
< 0.01) in all key indicators. The suggested model beat
Method [3] and Method [8] by 8.6% and 6.1%,
respectively, for dust-type classification, with an F-statistic
of 42.3, showing significant between-group variance.
Energy gain and water conservation were shown by
CLEAN-RL F wvalues above 35.7. Each model's
performance indicator confidence ranges were calculated
using bootstrapping resampling (n=1000). Water savings
were 47.5% to 52.1% and PR boost 8.1% to 9.7%. These
narrow confidence bounds show exceptional consistency
between mean predictions and operational metrics,
supporting the proposed model's output distributions'
statistical reliability.
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Planning and methodologically selecting baseline studies
[3, 8, and 25] was sound. Many solar resource forecasting
papers acknowledge Reference [3], the first spectral
regression-based dust type model, which sets accurate
classification and spectral sensitivity standards. An
empirical soiling rate estimation model based on
polynomial degradation fitting, a plant performance
monitoring standard, may examine the SAGE Index's
potential to improve physical interpretability and forecast
precision [8]. CLEAN-RL's closest contemporaneous
analog is Reference [25], which improves cleaning cycles
via deep reinforcement learning without physics-guided
constraints. The evolution from empirical modeling to
machine learning to autonomous optimization is shown by
these three baselines for fair comparison. The performance
variance research indicated the suggested model
outperformed baselines in central tendency and dispersion.
Stability increased from Methods [3], [8], and [25] to
0.0098 for classification accuracy CV. The suggested
technique reduced energy recovery efficiency variance by
41% relative to the nearest baseline, demonstrating strong
decision-making in dynamic operating circumstances.
Significant variance reduction (p < 0.05) was seen across all
key parameters, as confirmed by Levene's test for variance
homogeneity. Integration must yield repeatable and
predictable gains for scalable implementation in
production-level PV assets. Statistical validation shows that
the AeroSpec—-SAGE-CLEAN-ReCap—VALOR
architecture has higher mean performance values and lower
variance across critical performance criteria. Substantial
importance testing shows that the framework is a reliable
next-generation operational intelligence system for
photovoltaic ~ soiling management. These findings
demonstrate the need for reproducible, quantifiable, and
statistically defensible renewable energy optimization using
physics-based modeling and adaptive machine intelligence
sets.

Validation using Iterative and Practical Use Case
Scenario Analysis

Airborne particles and shifting irradiance impair a semi-arid
industrial park's 50 kW solar installation's long-term
performance. Initial monitoring via the AeroSpec—SAGE
framework detects a progressive increase in soiling severity
by multispectral and morphological dust analysis. The
AeroSpec-Mixer model classifies dust as silica-rich for
450-600 nm spectral attenuation and carbonaceous soot for
broadband absorption. Based on these inputs, the SAGE
Index predicts deterioration severity at 0.27, or 9.8% daily
production loss from baseline. As irradiance data enters,
CLEAN-RL dynamically evaluates maintenance activities'
energy—water trade-off. It saves 22% of cleaning water and
energy by using a 6.5-day cleaning cycle instead of 10. The
adaptive reinforcement technique uses predictive control to
keep module mean operating temperatures within 2.1 °C of
ideal reference conditions. In real time, ReCap-Net tracks
power ramp rates and temperature gradients during
recovery after cleaning. As anticipated by VALOR-X's
cross Validation module, the electrical yield recovers from
41.6 kWh to 45.8 kWh per day, recovering efficiency by
10.1%. The model's 95% confidence interval has an error
margin < 2.5%, showing reliability sets. Over a month of
deployment, this integrated cycle of prediction, action, and

verification increases system performance by 7.3% over
time-based maintenance operations. Intelligent photovoltaic
ecosystems that self-correct and adapt use data-driven
intelligence and physical modeling to save energy, improve
operational resilience, and maximize resource efficiency
sets.

5. Conclusions & Future Scopes

The integrated AeroSpec—SAGE-CLEAN-ReCap—VALOR
architecture provides physics-informed, data-driven PV
soiling  characterisation, severity assessment, and
operational optimisation. Performance across the analytical
chain is far superior than traditional and cutting-edge
models. With 94.8% dust-type classification accuracy and
2.1% calibration error, the AeroSpec-Mixer recognized
siliceous, calcareous, and carbonaceous aerosols across
diverse climates. SAGE Index successfully predicts severity
with R? = 0.91 and mean absolute error = 0.57% PR/day,
capturing site-specific degradation trends. With the
CLEAN-RL optimization module, net monthly energy
production grew by 6.8%, water usage dropped by nearly
50%, and cleaning costs dropped by 33.4%. For 30 days,
the ReCap-Net maintained an 8.9% peak-day PR uplift and
5.1% efficiency improvement, proving its long-term
recovery and inverter control optimization durability.
Model reliability and reproducibility were confirmed by
90.8% statistical coverage and 0.082 uncertainty interval
width in VALOR-X validation. Increasing annual energy
generation by 6.4% and reducing cleaning frequency from
six to three occurrences per month showed the model's
scalable, intelligent PV maintenance. The framework's
technical maturity and real-world application promote
automated soiling management and energy optimization for
large-scale solar systems.

6. Future Vision Result Analysis

The system integrates multi-domain sensing and intelligent
control, yet its versatility allows for exciting research
extensions. Global satellite constellations like Sentinel-3
OLCI and Himawari-8 can increase aerosol source
mapping, temporal resolution, and  geographical
generalization in future research. LIDAR-derived vertical
aerosol profiles could improve AeroSpec-Mixer for multi-
layered dust. We may also construct self-supervised
pretraining algorithms for the spectral-morphological
encoder to decrease human SEM-EDS annotations and
enable cross-continental deployment with minimal
retraining. Cooperative optimization with CLEAN-RL as a
multi-agent reinforcement framework for PV clusters
sharing water and labor. For component-level predictive
maintenance, ReCap-Net could include thermal derating
correction and inverter digital twin modeling. Edge
computing to incorporate this model with real-time SCADA
systems would turn the pipeline into a closed-loop control
environment where the plant diagnoses, decides, and acts
without human intervention. Enhancements would boost
system scalability and advance Industry 5.0-aligned self-
optimizing solar power networks.
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7. Limitations

Although resilient and quantitatively effective, the proposed
approach has several disadvantages. High-quality
multispectral and SEM-EDS data is hard to collect without
labs or air monitoring networks. AERONET and MODIS
cover the world, but retrieval lag and cloud contamination
can provide classification noise that hinders near-real-time
inference process. On a 32-core GPU node, deep spectral—
morphological encoders require 5.6 hours of training every
cross Validation cycle, which may limit their applicability
in low-resource settings. CLEAN-RL module performance
depends on environmental predictions and cost priors.
Water cost and humidity prediction may affect the best
cleaning technique in process. ReCap-Net stabilizes inverter
performance after cleaning, although it assumes uniform
topology and may need to be changed for hybrid or bifacial
arrays. Finally, temporal hold-out is used for VALOR-X
validation instead of spatial cross Validation, which may
overlook regional aerosol variability patterns. In future
iterations, lightweight model compression, sensor fusion,
and dataset inclusion will make this integrated PV
performance optimization method more scalable and
resilient for the process.
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Abbreviation Full Form

PV Photovoltaic

PVT Photovoltaic—Thermal

PID Potential Induced Degradation

LeTID Light and Elevated Temperature Induced Degradation
TOPCon Tunnel Oxide Passivated Contact

TOFOSMC Type-2 Fuzzy Optimized Fractional Order Sliding Mode Controller
PCM Phase Change Material

TEC Thermoelectric Cooler

Al Artificial Intelligence

ML Machine Learning

CFD Computational Fluid Dynamics

TPV Thermophotovoltaic

ITO Indium Tin Oxide

Ag Silver

Li Ion Lithium Ion

PCM-PV-TEC Phase Change Material-Photovoltaic—-Thermoelectric Hybrid
PCE Power Conversion Efficiency
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MAE Mean Absolute Error

RMSE Root Mean Square Error

R? Coefficient of Determination

PR Power Ratio

AOD Aerosol Optical Depth

SAGE Index Soiling Assessment and Gaussian Estimator Index
AeroSpec-Mixer Aerosol Spectral-Morphological Mixer
CLEAN-RL Cleaning Reinforcement Learning Module
ReCap-Net Recovery and Control Optimization Network
VALOR-X Validation and Reliability Cross Verification Model
GDP Gross Domestic Product

RSM Response Surface Methodology

DR Demand Response

SNR Signal-to-Noise Ratio

SEM-EDS Scanning Electron Microscopy—Energy Dispersive Spectroscopy
MLP Multilayer Perceptron

CNN Convolutional Neural Network

ANN Artificial Neural Network

PCC Pearson Correlation Coefficient

TCO Transparent Conductive Oxide

S/N Ratio Signal-to-Noise Ratio (Taguchi Method)
RSME Residual Standard Mean Error

TGA Thermogravimetric Analysis

TEM Transmission Electron Microscopy

UV-Vis Ultraviolet—Visible Spectroscopy

LCA Life Cycle Assessment

DOE Design of Experiments

PIDR Potential Induced Degradation Recovery

SRI Seasonal Robustness Index

GPM Gaussian Process Model

CI Confidence Interval

SD Standard Deviation

ANOVA Analysis of Variance

CvV Coefficient of Variation

PVT-RO Photovoltaic Thermal-Reverse Osmosis Hybrid
H>0 Desalination Al Artificial Intelligence in Water Desalination
NH; Recovery Ammonia Recovery

SCADA Supervisory Control and Data Acquisition
GDP-R Green Domestic Product Recovery

TPV Efficiency Thermophotovoltaic Conversion Efficiency
PCM Latent Heat (AH) | Phase Change Enthalpy

AERONET Aerosol Robotic Network

MODIS Moderate Resolution Imaging Spectroradiometer
DOE Taguchi Taguchi Design of Experiments

R? Adj. Adjusted Coefficient of Determination

AT Temperature Differential

nth Thermal Efficiency

nel Electrical Efficiency

nsys System Efficiency

AIE Artificial Intelligence-Enhanced Optimization
RL Reinforcement Learning

SoC State of Charge

PMPPT Predictive Maximum Power Point Tracking
CCS Circular Carbon Strategy

TPV Emitter Thermophotovoltaic Emitter

BIPV Building Integrated Photovoltaics

EEI Energy Efficiency Index

QoE Quality of Energy
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