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Abstract

We present a transparent, policy-grade framework to measure how data-driven methods
affect costs, yields, and risks across the photovoltaics (PV) value chain—from materials and
manufacturing quality assurance to device/plant control, forecasting, market operations,
and soft costs. The framework (i) specifies defensible counterfactual baselines matched
to the same physical and market context, (ii) maps technical key performance indicators
to cash-flow items through calibrated transfer functions (e.g., ∆MWh, ∆O&M, ∆CAC),
and (iii) propagates uncertainty with Monte Carlo simulation and variance-based global
sensitivity. We synthesize peer-reviewed evidence and report results as incremental changes
in net present value (∆NPV), plant-level levelized cost of energy (∆LCOE), and—where
integration effects are material—system LCOE.

Impacts are real but context-dependent. In perovskites, learning-guided passivation
and interface choices yield experimentally verified gains in quasi-Fermi level splitting and
stability; when translated through field-relevant degradation priors, these produce modest
∆LCOE reductions. EL/IR analytics identify high-severity defects efficiently; combined with
severity-to-loss functions and replacement break-even rules, they deliver measurable ∆MWh
and avoided warranty costs without overstating low-severity findings. AI-enhanced MPPT
improves dynamic tracking by about 0.5–3 percentage points on tests, typically converting
to sub-percentage annual energy gains at utility scale after site convolution. The largest,
most robust economic benefits arise from probabilistic, calibrated PV forecasts embedded in
unit commitment, reserve sizing, and bidding, which lower production and imbalance costs
in sufficiently flexible systems. On the demand side, data-driven targeting can reduce cus-
tomer acquisition costs by roughly 15%, while standardized permitting shortens timelines
and raises ∆NPV. A governance layer—proper scoring and reproducible baselines, subgroup
reporting for fairness, and DER cybersecurity aligned with IEEE 1547/1547.3, IEC 62443,
and NERC CIP—is essential to realize benefits safely. We conclude with a prioritized re-
search agenda and open data/model templates to support reproducible, distribution-aware
policy design.

Keywords: photovoltaics, artificial intelligence, machine learning, data science, probabilistic
forecasting, reliability diagrams, techno-economic valuation, economic dispatch, soft-costs

1 Introduction

Artificial intelligence (AI), here understood as data-driven statistical learning and optimization
methods, now appears across the photovoltaic (PV) value chain: materials and interface discov-
ery, manufacturing quality assurance (QA), device- and plant-level control, power forecasting
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and market participation, and demand-side adoption. Despite rapid progress, the literature
measuring economic effects—rather than only technical metrics—remains scattered across sub-
fields. This paper unifies those strands with a framework that: (i) specifies defensible, domain-
appropriate counterfactuals; (ii) maps technical performance changes to project and system cash
flows via explicit transfer functions; and (iii) propagates uncertainty with transparent assump-
tions. Throughout, we rely on peer-reviewed studies whose claims are backed by appropriate
validation, careful scope limits, and reproducible methods.

1.1 From technical metrics to policy-relevant value

Materials and interfaces. Upstream, AI has accelerated the exploration of large composi-
tional and process spaces. In general materials science, scaling studies show that large models
can sift vast candidate sets without overclaiming beyond training domains when evaluations are
rigorous and out-of-sample [1]. In perovskite PV specifically, learning-guided screening has pro-
posed bifunctional surface passivants that were verified experimentally, improving quasi-Fermi
level splitting and open-circuit voltage in devices—a direct link from model to hardware perfor-
mance rather than in-silico promise alone [2]. Reviews emphasize the conditions under which
machine learning (ML) reduces trial-and-error while warning about small or biased datasets
that limit generalization [3].

Manufacturing QA and field inspection. In production and in the field, electrolumines-
cence (EL) and infrared (IR) imaging combined with computer vision detect defects such as
micro-cracks, inactive regions, and hot-spots. Recent work reports real-time EL defect detection
with high mean average precision, backed by cross-dataset testing rather than single-benchmark
gains [4]. Robustness to noise and topology-aware detection further improve reliability [5]. The
economic relevance is established when detection is linked to validated severity-to-power-loss
relations and to warranty/O&M actions, an approach argued for in techno-economic syntheses
of degradation and inspection methods [6].

Device- and plant-level control. At the converter and inverter layer, AI-based maximum
power point tracking (MPPT) methods typically improve tracking efficiency and settling time
under partial shading and fast irradiance changes relative to well-tuned conventional base-
lines, when tested on dynamic profiles with matched hardware constraints [7, 8]. These are
engineering-level improvements which, after convolution with site-specific ramp and shading
statistics, yield modest but compounding annual energy gains (Section 5.4 of the full paper
formalizes this mapping).

Forecasting and market integration. For system operations and markets, forecast qual-
ity has value only insofar as it improves commitment, reserve sizing, redispatch, and bidding.
Production-costing results show that better day-ahead solar forecasts reduce fast-start com-
mitments, ramping, and curtailment in realistic unit-commitment/economic-dispatch (UC/ED)
settings [9]. A recent review distills best practice: evaluate probabilistic forecasts with strictly
proper scores and map those to economic outcomes inside the operational model to avoid con-
flating technical error metrics with value [10].

Soft-costs and adoption. On the demand side, soft-costs remain material. Field evidence
indicates that learning-based targeting can reduce residential customer-acquisition costs (CAC)
by roughly 15% (about $0.07/W) relative to standard logistic baselines when evaluated out-
of-sample [11]. The result is jurisdiction- and dataset-specific but illustrates a tractable lever:
policies can support transparent, fairness-audited analytics that lower CAC without excluding
disadvantaged groups.
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Table 1: Mapping AI levers to measurable engineering KPIs and economic outcomes. The cited
studies are representative and were selected for careful validation and transparent scope.
AI lever Representative

evidence
(scope)

Engineering KPI (vali-
dated)

Economic outcome

Materials/interface
screening

[1–3] Higher QFLS/Voc, improved
stability under specified
stress

∆degradation priors →
∆MWh, ∆LCOE

Manufacturing
QA / field inspec-
tion

[4–6] Detector ROC/PR; severity-
to-loss functions

∆MWh, ∆warranty,
∆O&M

Device/plant con-
trol (MPPT)

[7, 8] Tracking efficiency, settling
time on dynamic tests

∆MWh (after site con-
volution)

Forecasting &
market integra-
tion

[9, 10] Proper scores (CRPS/log);
calibration; scenario quality

∆production cost,
∆reserve, ∆imbalance,
revenues

Soft-costs (mar-
keting)

[11] CAC reduction (prospective
tests)

∆CapEx/W, higher
close rates → ∆NPV

1.2 A quantitative mapping from engineering to economics

To avoid double counting and to keep claims within supported domains, we adopt a consistent
transfer-function approach. For any intervention X evaluated against a named baseline b,

∆NPV(X; b) =
∑

t

∆CashFlowt(X; b)
(1 + r)t

, (1)

with ∆CashFlowt decomposed into plant energy, O&M, warranty, reserve and imbalance costs,
and timing effects (e.g., permitting). For energy-centric levers, the avoided or added annual
energy is

E[∆E] =
∑
d∈D

Pr(d) · TPRd · E
[∆P

P

∣∣∣∣ d

]
· Ebaseline, (2)

where d indexes defect classes (e.g., inactive-area cracks, hot-spots), TPRd is true-positive rate
at the chosen decision threshold, and E[∆P/P | d] is the empirically validated loss severity for
class d.1 For MPPT,

E[∆E] = EDC,ideal · E[ηtrk,AI − ηtrk,b] , (3)
where the expectation integrates the site distribution of ramp and shading regimes; for forecast-
ing, improvements in calibrated predictive distributions are valued only via UC/ED or market
bidding results, never by error metrics alone.
Table 1 summarizes the core levers, representative evidence, measurable engineering KPIs, and
the cash-flow items they affect.

1.3 Why a unified synthesis is needed

Across the above domains, credible studies already show that AI can (i) shorten discovery cycles
for passivation and interfaces, (ii) increase inspection throughput and precision, (iii) improve
MPPT behavior under dynamic conditions, (iv) reduce operational costs through calibrated
probabilistic forecasts inside UC/ED, and (v) lower soft-costs in residential diffusion. What has
been missing is a common accounting framework that:

1Severity-to-loss relations are taken from studies that pair EL/IR classes with I–V or field energy changes,
and are used only within their tested conditions.
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1. defines counterfactual baselines appropriate to each decision layer (materials, plant, mar-
ket, adoption);

2. avoids double counting when multiple tools act on the same project;

3. expresses benefits in commensurate economic units (e.g., ∆LCOE, ∆NPV, changes in
system-LCOE where integration costs matter); and

4. propagates uncertainty with transparent assumptions and reports sensitivity.

This synthesis provides that structure, keeping claims bounded to validated domains and re-
porting uncertainty explicitly.

1.4 Contributions and scope

This paper contributes: (1) a taxonomy of AI use-cases across the PV lifecycle aligned with
decision-relevant outcomes; (2) standardized impact metrics and counterfactual definitions; (3)
transfer functions that map technical KPIs (e.g., CRPS, tracking efficiency, detector preci-
sion/recall) to cash-flow items (curtailment avoided, reserve-cost changes, O&M savings, war-
ranty liabilities, CAC); and (4) evidence-weighted priors for policy evaluation distilled from
peer-reviewed studies. The result is a transparent, reproducible basis to quantify when AI ac-
tually reduces PV system costs or improves reliability—and when improvements in technical
scores do not translate into economic value.

2 Framework for quantitating AI impacts (baselines, metrics,
uncertainty)

2.1 Principles and scope

This chapter sets a common, measurement-driven basis for estimating how data-driven tools
change costs and performance across the PV value chain. We follow three rules. First, all
comparisons use explicit, defensible counterfactual baselines that reflect the same physical and
market context. Second, we convert technical changes (e.g., improved detection, tracking, or
forecasts) into cash-flow changes using conservative transfer functions, and we avoid double
counting. Third, we propagate uncertainty with transparent assumptions and report which
inputs drive the results. We ground these steps in peer-reviewed methods spanning PV field
reliability and degradation [12, 13], EL/IR inspection and defect-loss links [6, 14], MPPT bench-
marking [7, 8], production-cost valuation of forecasts [9, 10], proper scoring rules [15], and
system-LCOE accounting for integration costs [16].

2.2 Counterfactual baselines and treatment definitions

Units of analysis. Impacts should be computed where decisions are made, then aggregated
if needed:

1. Device/material: e.g., passivation recipe or interface layer affecting Voc or stability
[2, 3].

2. Component/plant: e.g., EL/IR-based defect detection and triage on modules/strings
[4–6].

3. Operations/market: e.g., probabilistic PV forecasts used in UC/ED or market bidding
[9, 10].

4. Adoption/soft-costs: e.g., targeting that lowers residential CAC [11].
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Table 2: Recommended baselines by decision layer. All baselines must reflect the same site,
hardware, data cadence, and market context as the treatment.

Layer Treatment example Counterfactual baseline (same con-
text)

Device/material Learning-guided passiva-
tion or interface choice
[2, 3]

Expert-guided screening with the same
synthesis throughput; report device met-
rics and stability under identical tests;
use field degradation priors for transla-
tion to energy [12, 13].

Component/plant EL/IR triage with auto-
mated detection [4–6]

Existing inspection practice (manual la-
beling/throughput, current thresholds);
link defect classes to validated loss sever-
ities and actions [6, 14].

Operations/market Probabilistic forecasts in
UC/ED or trading [9, 10]

Operator benchmarks at identical
horizons (persistence, NWP+post-
processing); same commitment/bidding
rules; evaluate per horizon/regime.

Adoption/soft-
costs

Targeted outreach lower-
ing CAC [11]

Incumbent models (e.g., logistic regres-
sion) under equal budgets; prospective,
out-of-sample performance and conver-
sion/attrition modeling.

Baseline selection. Table 2 summarizes recommended baselines. These must match the
same site conditions (irradiance, shading, temperature), hardware vintage, data cadence, and
market rules. Because aging shifts output and risk, baselines should reflect empirical degradation
distributions (crystalline-Si median ≈ 0.5–0.6%/yr with dispersion) rather than a single value
[12, 13].

Causal identification in the field. When interventions are rolled out over time (e.g., by
plant or municipality), simple two-way fixed-effects difference-in-differences can be biased. Use
modern staggered-adoption estimators that recover cohort- and period-specific average treat-
ment effects before aggregation, with pre-trend checks and event-study plots for diagnostics
[17, 18].

2.3 Impact metrics and transfer functions

Economic objective. We report incremental net present value and levelized cost changes
relative to a named baseline b:

∆NPV(X; b) =
∑

t

∆CashFlowt(X; b)
(1 + r)t

, (4)

∆LCOE(X; b) = ∆Cost(X; b)
Eb

− Costb · ∆E(X; b)
E2

b

, (5)

where Eb is baseline lifetime energy. For integration effects at high penetration, we complement
plant metrics with system-LCOE, which allocates balancing, profile, and curtailment costs con-
sistently across technologies [16].
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Technical → economic transfer. We use conservative mappings tied to validated domains:

E[∆Einsp] = Ebase
∑
d∈D

Pr(d) · TPRd(τ) · E
[∆P

P

∣∣∣∣ d

]
, (6)

E[∆EMPPT] = EDC,ideal · E
[
η

(X)
trk − η

(b)
trk

]
, (7)

VoIforecast = C(b)
sys − C(X)

sys (production-cost or trading model), (8)

where TPRd(τ) is the detector’s true-positive rate for defect class d at operating threshold τ ,
and E[∆P/P | d] is the validated loss severity for d (EL/IR class → I–V/energy) [6, 14]. Equa-
tion (7) integrates the distribution of shading and ramp regimes at the site [7, 8]. Equation (8)
computes the value of improved information inside a unit-commitment/economic-dispatch or
trading simulator, never from error scores alone [9, 10].

Soft-costs to cash flows. Document measured CAC reductions and apply them in project
pro formas as ∆CapEx/W and conversion-rate changes, with uncertainty bands carried through
to ∆NPV [11].

2.4 Uncertainty and sensitivity

What varies. We propagate (i) parameter uncertainty in technical KPIs (detector ROC,
tracking efficiency distributions, forecast calibration by regime), costs (labor, logistics), and
prices (energy, reserves), and (ii) structural uncertainty (e.g., alternative severity-to-loss func-
tions, replacement thresholds, or reserve pricing rules). Monte Carlo draws produce output
distributions for ∆NPV and ∆LCOE.

What drives the variance. We use variance-based global sensitivity (Sobol first-order and
total-effect indices) to attribute output variance to inputs and their interactions, reporting
convergence diagnostics and tornado charts [19, 20].

Discounting and risk. We show results over a grid of real WACC values relevant to the
policy setting rather than embedding “risk” by arbitrarily inflating the discount rate. When
interventions change failure risk, we model this explicitly (e.g., Weibull components in O&M
cash-flows) [20].

Forecast uncertainty. Probabilistic forecasts are scored with strictly proper rules (CRPS,
log score) by horizon and regime to avoid perverse incentives and to support economic mapping
[10, 15].

2.5 Model chain and evaluation protocol

1. Data curation. Record provenance, censoring, and representativeness (e.g., EL image
quality, SCADA cadence). Use reliability syntheses and meta-analyses to set priors for
degradation and defect progression [13, 21].

2. Technical models. Train and test against strong baselines with application-appropriate
splits (temporal blocking for forecasts; cross-site validation for inspection); report CIs.

3. Operational models. Translate technical outputs into production-cost or trading results
in a UC/ED or market model; report ∆production cost, ∆reserves, ∆imbalance, starts,
curtailment [9, 10].
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4. Finance layer. Convert operational deltas into cash-flows, apply a WACC grid, compute
∆NPV, ∆LCOE, and ∆system-LCOE where relevant [16, 20].

5. Attribution. When multiple tools act (e.g., inspection + forecasting), credit incremental
value with nested baselines to avoid double counting.

6. Field inference. For staggered rollouts, estimate impacts with modern DiD (cohort-
specific effects, event studies, robustness) [17, 18].

2.6 Aggregation and reporting

We report (i) plant-level ∆LCOE/∆NPV with 5–95% intervals, (ii) portfolio-level results
by integrating over climates and vintages using degradation distributions [12, 13], and (iii)
system-level integration benefits using system-LCOE [16]. Minimum reporting includes: base-
line definition; technical KPIs (with CIs); transfer-function equations/parameters; Monte Carlo
and convergence checks; Sobol indices; WACC grid; and causal diagnostics where applicable.
For O&M costing, link predicted events to a documented cost model and failure library [22].

3 Materials & interface discovery (perovskites, passivation; time-
to-innovation impacts)

3.1 Policy motivation and scope

For AI to matter in energy policy and economy, upstream progress in materials must translate
into (i) reproducible improvements in device physics (e.g., higher quasi-Fermi level splitting,
reduced non-radiative losses), (ii) better stability under stressors that resemble real operating
conditions, and (iii) tangible shifts in cash flows (e.g., lower early-life failures, higher stabilized
yield) when mapped through the transfer functions defined in Chapter 2. We focus on metal–
halide perovskites (MHPs), where data-driven search has credibly pruned large compositional
spaces, prioritized passivants and interlayers, and shortened experimental cycles. Our central
question is: How much faster and cheaper can we identify equally or better performing device
stacks than with incumbent methods, and what is the plausible downstream value once durability
and yield are accounted for?

3.2 AI-accelerated exploration of compositional and process space

The clearest upstream contribution of data-driven methods is sample efficiency: fewer, better-
chosen experiments to reach a target. In perovskites, Bayesian optimization has located optimal
hybrid perovskite (HOIP) solvent/compositional choices in ∼ 15 ± 10 iterations (72-candidate
space) and ∼ 31 ± 9 iterations (240-candidate space), i.e., < 10% of an exhaustive search
cost/time; the reported optima were cross-validated against density-functional theory (DFT)
computations rather than left as model suggestions [23]. Physics-constrained data-fusion active
learning, combining high-throughput degradation measurements with first-principles thermo-
dynamics, explicitly targeted stability discovery—not only peak efficiency—and improved the
rate of finding stable alloys under uncertainty-aware recommendations [24].
Beyond perovskites, an autonomous laboratory integrating ab-initio priors, text-mined synthesis
rules, active learning, and robotics realized 41 of 58 novel inorganic targets in 17 days (355
experiments), i.e., > 2 materials/day on average, demonstrating that closed-loop autonomy
can compress practical experimental cycles by orders of magnitude [25]. While not perovskite-
specific, this sets a conservative upper bound for throughput gains when similar autonomy is
applied to perovskite stack development.
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Table 3: Representative perovskite interface/passivation evidence and how to use it in economic
mapping. KPIs should be reported with confidence intervals and stress protocols.
Result class Validated KPI(s) Economic mapping (Chap-

ter 2)

Bifunctional sur-
face passivants (ML-
screened) [2, 26, 27]

↑ QFLS, ↑ Voc, reduced non-radiative
loss; stability under stated stress

Higher stabilized yield ⇒
∆ MWh; lower early-life failures
⇒ warranty/O&M deltas; con-
tributes to ∆ LCOE

2D/quasi-2D/DJ inter-
layers [29, 30]

Stability vs. humidity/light/bias
(protocols explicit)

Update degradation priors (Jor-
dan/Kurtz) used in yield and
O&M models; affects ∆ LCOE
ranges

Compositional tuning
(Rb, cations) [28]

Stabilized PCE; retention under
85◦C/500 h MPP

Baseline for passivation merit;
informs conservative stability
priors in cash-flow mapping

Guardrails. These studies limit over-claim by (i) benchmarking against validated computa-
tional or exhaustive baselines [23], (ii) constraining learning with physics and reporting pre-
dictive uncertainty [24], and (iii) disclosing success/failure rates across many targets [25]. Two
caveats are essential for policy use: (a) in-silico or benchtop acceleration does not guarantee
proportional speed-ups in module-relevant programs (scale-up, encapsulation, quality control);
and (b) literature-mined priors may be biased; open evaluation datasets reduce that risk.

3.3 Interfaces and passivation: from photophysics to cash flows

At the device level, economic salience arises when materials choices reduce non-radiative re-
combination, suppress harmful defects, and enhance stability under realistic stress. Physics-
informed ML screens of small molecules (including pseudohalide anions) have nominated bi-
functional passivants that, upon experimental verification, increased open-circuit voltage (Voc)
and stability by suppressing anti-site defects and lattice distortion—an explicit model → device
chain with quantitative gains at the film/cell level [2, 26]. Independent screening over curated
datasets likewise identified simple small-molecule passivators with prospective validation (e.g.,
thiophene-ethylammonium chloride), reducing Voc losses in p–i–n architectures [27].
Non-ML evidence provides anchors for attributing AI-driven choices. Rubidium incorporation
raised stabilized efficiencies to ∼ 19–21.6% and retained ∼ 95% performance at 85◦C for 500 h
under MPP in small-area devices [28]; such compositional strategies set baselines for passivation
merit. Interfacial hole-shuttle layers have raised quasi-Fermi-level splitting (QFLS) and Voc by
mitigating specific recombination pathways—tying interfacial chemistry to rigorous photophys-
ical metrics (QFLS → Voc) rather than to single-point PCEs alone [26]. For structural motifs,
2D/quasi-2D capping and Dion–Jacobson (DJ) interlayers have delivered documented stability
gains, though mechanisms are stack-specific and stress-dependent (humidity, light, bias) [29, 30].
These are precisely the inputs needed by the transfer functions of Chapter 2: QFLS/Voc im-
provements map to stabilized yield; durable interfaces update degradation priors used in plant
models.

3.4 From lab metrics to economic value: a transparent mapping

We adopt the conservative chain defined in Chapter 2 and tailor it to materials/interface
changes.
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Table 4: Inputs required to move from device metrics to plant economics. Report with confi-
dence intervals and stress protocols; use nested baselines to avoid double counting.

Input (with units) Role in mapping

∆Voc, ∆QFLS (V, eV) Sensitivity-based yield uplift (Eq. 10); uncertainty
propagated to ∆ MWh

Stability metrics (retention un-
der protocol; early-life failure
rate)

Update degradation priors (Jordan/Kurtz) and early-
failure cash flows (warranty/O&M)

Cost per synthe-
sis/characterization cycle (cexp)

R&D outlay change via Eq. 9; informs two-factor
learning calibration

Throughput/TTI (τb, τX ; sam-
ples/day)

Bring-forward effects; program scheduling and
pipeline costs

(1) Time-to-innovation (TTI) compression. Let τb be the median experimental cycles to
reach a target stack (specified QFLS/Voc/stability) under baseline search, and τX with data-
driven methods. Define κ = τb/τX (cycle-speedup). If synthesis run-cost per cycle is cexp and
fixed lab overhead per period is Cfix, the expected R&D outlay to target is

Cost(b)
R&D = τb cexp + Cfix, Cost(X)

R&D = τX cexp + Cfix. (9)

The direct R&D saving is ∆CostR&D = (1 − 1/κ) τb cexp. When the shorter TTI enters a
deployment program (learning-by-doing), earlier availability of improved stacks also changes
the timing of cash inflows (bring-forward effect).

(2) R&D productivity and experience curves. Two-factor learning models attribute cost
decline to both cumulative deployment and knowledge investment. Faster, cheaper iteration
lowers the R&D cost per unit of performance gain, shifting the knowledge-stock term. We con-
servatively bound the benefit by the validated device-level deltas and do not credit speculative
spillovers.

(3) Device KPIs to project cash flows. Let ∆Voc and ∆QFLS be verified gains, and let
stability tests (e.g., 85◦C/500 h) support an updated degradation prior. Then

E[∆E] = Ebase ×
(

∂E

∂Voc
∆Voc + ∂E

∂QFLS∆QFLS
)

× fstability, (10)

where fstability captures the ratio of expected energy with the updated degradation distribution
to the baseline (Jordan/Kurtz) [12, 13]. The resulting ∆ MWh feeds ∆ LCOE and ∆ NPV
through the finance layer (Chapter 2).

(4) System integration and tandems. If materials/interface advances enable perovskite/Si
tandems, net value depends on module efficiency and the cost/stability of the additional lay-
ers. System-LCOE perspective clarifies when higher efficiency offsets integration costs; current
roadmaps emphasize that interface quality and durability remain rate-limiting for bankable
tandems [31]. We therefore avoid crediting tandem-wide cost benefits to AI unless supported
by module-relevant durability data.

3.5 Evidence-weighted estimates and uncertainty

For policy appraisal we recommend evidence-weighted priors: (i) sample-efficiency from [23],
(ii) autonomy throughput from [25], (iii) passivation effectiveness from [2, 26, 27], and (iv)
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stability priors from [29, 30] combined with field degradation distributions [12, 13]. Monte
Carlo propagation should be combined with variance-based global sensitivity to reveal the main
drivers; in most cases, the mapping from lab stress to field durability dominates the uncertainty
bands.

3.6 Limits and research needs

Three gaps constrain economic attribution. Portability: screened passivants can be architecture-
specific; cross-lab reproducibility remains mixed. FAIR databases and standardized reporting
(device stack, stress protocols, uncertainty) help close this gap [32]. External validity: stress
protocols vary widely; module-level studies (encapsulation, glass) are needed to claim plant-level
∆degradation. Governance: closed-loop autonomy shortens time-to-evidence but introduces
model risk; policy-grade studies should maintain audit trails from suggestion to synthesis and
pre-register evaluation endpoints, as demonstrated in [25].

Bottom line. Peer-reviewed evidence supports cautious optimism: data-driven search can
measurably shorten exploration cycles [23–25] and credibly prioritize interfaces/passivants that
raise QFLS/Voc and durability [2, 26, 27, 29, 30]. When mapped through Chapter 2 and
bounded by reliability priors [12, 13], these gains plausibly contribute to faster movement along
PV experience curves, with the largest policy leverage where autonomy reduces program-level
iteration time and where verified passivation yields module-relevant stability.

4 Manufacturing QA & field inspection (EL/IR vision; yield,
warranty economics)

4.1 Policy motivation and scope

Manufacturing quality assurance (QA) and field inspection determine whether laboratory device
advances (Chs. 2–3) convert into bankable energy and lower life-cycle costs. Across crystalline-
Si and perovskite/Si supply chains, electroluminescence (EL) and infrared (IR) thermography
are the dominant non-destructive modalities. EL reveals micro-cracks, inactive regions, met-
allization and interconnect defects; IR highlights hot-spots from resistive paths, bypass-diode
conduction, partial shading, and soiling. From a policy viewpoint, their value arises only when
(i) image-space detection is validated against ground truth, and (ii) findings are tied to severity-
to-loss functions, action rules, and prices, yielding ∆MWh, avoided warranty outlays, and lower
O&M—all computed against a named baseline (Chapter 2).

4.2 What EL/IR actually see — and when it matters

Cracks and inactive areas. Early risk studies showed that micro-cracks without inactive
area cause little immediate power loss, while cracks creating electrically inactive regions can be
consequential; array-level risk depends on crack geometry and extent [33]. Controlled EL+I–V
experiments confirm a wide severity spectrum: small cracks often have negligible effect; larger
fractures can cut single-cell output by tens of percent and seed hot-spots under load [34]. Fleet-
scale EL campaigns report that large cracks dominate observed power loss shares and that
specific crack types rise with age [35].

Hot-spots and thermography. IR surveys on thousands of modules have linked hot-spot
classes to performance-ratio (PR) penalties ranging from sub-percent (mild, localized) to double-
digit losses (severe, string-level) [36]. Mechanisms include cell cracks progressing to inactive
area, solder/connector resistances, and diode conduction. Because IR contrast depends on
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Table 5: Representative defect classes visible in EL/IR, validated loss priors, and economic
salience. Use severity distributions (not maxima) in valuation.
Defect (image
cue)

Mechanism & validated loss pri-
ors

Economic salience

Micro-crack (EL
line)

Often low immediate loss unless in-
active area forms; progression is cli-
mate/load dependent [33, 34]

Monitor unless severity crosses
loss threshold; replacement
only when justified by loss vs.
price

Inactive-area crack
(EL dark)

Conditional ∆P/P rises with affected
area; can seed hot-spots [34, 35]

High salience; often drives
∆MWh and warranty exposure

Hot-spot (IR
bright)

Resistive paths / bypass diode con-
duction; PR penalty spans ∼0.8% to
∼15% depending on class [36]

High salience for severe classes;
O&M dispatch and replace-
ment decisions

PID (EL pattern,
IR warm)

Voltage-induced ionic migration; re-
covery depends on stress and treat-
ment [38]

Can create fleet-wide losses;
mitigation economics depend
on efficacy/cost

Soiling / shading
(IR cool/patchy)

Environmental; transient unless
structural

Typically O&M cleaning, not
replacement

irradiance, wind, and tilt, acquisition conditions strongly affect detectability and false positives
[37].

Potential-induced degradation (PID) and others. PID is detectable by both EL (char-
acteristic patterns) and IR (thermal signatures), with documented mechanisms, field incidence,
and recovery behavior [38]. These modes require bias-stress-aware QA to avoid under- or over-
counting.

4.3 Detection capability and robustness (factory and field)

Factory EL. Large labeled EL datasets have enabled robust classification/localization of
defects with transparent failure modes. Cross-validated studies report strong accuracy and
actionable localization suitable for scrap/repair decisions [39, 40]. The most useful pipelines op-
erate on full-module frames (object detection), producing instance-level locations and severities
rather than image-level flags.

Field IR at scale and domain shift. Models trained at one site degrade when applied to
another (different irradiance, mounting, climate). Contrastive and transfer-learning approaches
evaluated across plants (millions of images) achieve high AUROC with fixed thresholds, with
most residual errors in low-severity anomalies [41]. Complementary IR studies show that pre-
training and site-specific fine-tuning materially improve cross-site robustness: using datasets
spanning different cameras and module populations, Akram et al. demonstrate that develop-
model transfer (fine-tuning a pre-trained detector) outperforms from-scratch models under strict
train/test separation and ablations of augmentation choices, reducing the penalty from domain
shift (camera, irradiance, mounting) [42]. This motivates severity-aware thresholds and light
local calibration in UAV IR programs.

Acquisition envelope and QA of measurements. Measurement conditions drive signal-
to-noise. For IR, irradiance > 600–700 W/m2, moderate wind (< 5–6 m/s), and stable thermal
steady-state reduce confounding; emissivity and viewing angle must be controlled [37]. For
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Table 6: Acquisition and QA checklist for policy-grade surveys. Meeting these conditions
stabilizes defect detectability and reduces false positives.
Modality Acquisition envelope QA & documentation

IR (UAV/handheld) Irradiance ≳ 650 W/m2; wind ≲
5 m/s; steady-state module temp.;
controlled viewing angle

Emissivity setting; ra-
diometric calibration;
ROC/PR by severity; site-
specific threshold; preva-
lence estimates [37, 41]

EL (factory/field) Specified injection current; ex-
posure avoiding saturation; fo-
cus/flatness verified

Camera linearity check;
dark-frame subtraction; de-
tector calibration; severity
mapping to I–V / energy
[39, 40]

EL, current injection, exposure, and camera linearity require periodic calibration. As with
any metrology, a measurement-system analysis (MSA; repeatability, reproducibility) should be
reported.

4.4 From pixels to money: transfer functions with prevalence and action
rules

Let d ∈ D index defect classes. We value detection at an operating threshold τ using validated
detector metrics (TPR/FPR) and severity distributions.

Prevalence-aware value of detection. If πd is the prevalence of class d, TPRd(τ) the
true-positive rate, FPRd(τ) the false-positive rate, Ld the expected annual energy loss (MWh)
conditional on d and severity (from EL/IR↔I–V studies), and Crem,d the remediation cost
(module swap/repair), the expected net benefit from acting on positive flags is

EVd(τ) =
[
πd TPRd(τ) V (Ld) − (1 − πd) FPRd(τ) Cdiag

]
− πd TPRd(τ) Crem,d, (11)

where V (Ld) = pel · Ld (or a time-of-use integral) and Cdiag is the cost of confirming/triaging
false positives. Summing over classes yields the annualized expected benefit:

E[∆CashFlowyear] =
∑
d∈D

EVd(τ). (12)

Applying discounting over lifetime gives ∆NPV (Eq. (1) in Chapter 2).

Severity-to-loss mapping. Ld must come from validated severity functions: for cracks,
E[∆P/P | s] over severity s (fraction of inactive area, geometry) [34, 35]; for hot-spots, PR
penalties by class [36]; for PID, degradation rates and recovery efficacy [38]. Use distributions
(with confidence intervals), not point maxima.

Cost-sensitive thresholding (choose τ by economics). Rather than maximizing accuracy
or F1, select τ⋆ to maximize (12). Equivalently, minimize an expected cost function with
asymmetric penalties:

C(τ) =
∑

d

[
πd(1 − TPRd(τ)) V (Ld) + (1 − πd) FPRd(τ) Cdiag

]
+

∑
d

πd TPRd(τ) Crem,d. (13)

This aligns the operating point with economics (prices, prevalence, and remediation costs), not
just with technical scores.
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Table 7: Illustrative action thresholds (replace vs. monitor) as a function of annualized power
loss and price assumptions (adapted conceptually from [43]). Exact thresholds are site-specific;
values shown are indicative.
Loss severity Indicative ∆P/P Energy price band Suggested action

Low ≲ 1% Low–mid Monitor; defer action
Moderate ∼ 10% Mid Replace if labor/logistics

modest; else targeted re-
pair

Severe ∼ 30% Any Replace; investigate root
cause (diodes, wiring, as-
sembly)

Replace vs. monitor: break-even rule. Module replacement is justified when discounted
energy loss exceeds replacement and handling costs. A recent decision-analytic study shows that
for typical European prices, moderate (∼10%) to severe (∼33%) losses justify replacement, while
∼1% losses generally do not [43]. Use such thresholds to avoid inflating benefits by counting
low-severity anomalies.

4.5 Minimum viable QA/inspection program for policy and finance

Factory. In-line EL with instance-level localization, connected to scrap/repair decisions; pe-
riodic destructive sampling to anchor severity functions. Report defect rates with confidence
intervals and a short measurement-system analysis [39, 40].
Field. Annual (or post-event) UAV IR for screening, followed by targeted EL on flagged strings
for severity confirmation. Report ROC/PR by class, site-specific thresholds, and estimate
prevalence to support positive predictive value (PPV) interpretation [37, 41].
Economics. Value programs with Eqs. (11)–(13); apply cost-effectiveness thresholds [43];
convert to ∆NPV and ∆LCOE using the finance layer (Ch. 2). Avoid double counting when
EL confirms IR flags: one avoided loss stream, not two.

4.6 Limits and research needs

Calibration and environment. IR detectability shifts with irradiance and wind; enforce acqui-
sition envelopes (Table 6) and document residual false-positive rates [37]. Durability mapping.
Progression from micro-crack to inactive area is climate/load-dependent; paired EL/IR–I–V
time series across fleets will tighten severity priors [33, 35]. Warranty accounting. Vendor war-
ranties differ (power-in-warranty vs. workmanship). Integrating actuarial warranty models with
inspection remains a standardization need despite available O&M cost frameworks (Ch. 2).

Bottom line. Peer-reviewed evidence shows (a) many anomalies are benign; (b) a measurable
tail of high-severity defects drives most energy/warranty losses; (c) modern analytics find these
efficiently when validated across plants. With prevalence-aware valuation, severity functions,
and cost-sensitive thresholds, QA and inspection deliver defensible ∆NPV/∆LCOE without
benefit inflation—and give regulators/financiers a basis to require evidence-based inspection
tied to economic action rules.
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5 Device- and plant-level control (AI-MPPT; from tracking met-
rics to annual yield)

5.1 Policy motivation and scope

Device- and plant-level control is the point where algorithmic changes convert directly into
delivered energy and operating cash flows. On the DC side, the central lever is maximum power
point tracking (MPPT): under fast irradiance ramps and partial shading, better MPPT can
reduce tracking losses; overly aggressive search can, however, increase stress or cause nuisance
trips. In line with Chapter 2, credible claims must (i) specify a defensible baseline (e.g., well-
tuned Perturb-and-Observe or Incremental Conductance), (ii) express outcomes as ∆MWh and
∆LCOE (not only bench metrics), and (iii) quantify uncertainty. This chapter synthesizes peer-
reviewed evidence on learning-based MPPT (fuzzy/ANN/optimization controllers) and shows
how lab tracking metrics map to annual energy once site-specific irradiance dynamics and
shading statistics are introduced. We keep generalization conservative and within validated
domains (Chs. 2–4).

5.2 What MPPT metrics mean — and what they do not

Surveys and comparative studies make two policy-relevant points. First, conventional MPPT
(P&O, INC) is near-optimal under smooth irradiance; differences emerge mainly under rapid
ramps and multi-peak I–V curves caused by partial shading or bypass-diode activation [44, 45].
Second, laboratory “tracking efficiency” depends strongly on the test profile; static ramps over-
state field performance, while dynamic profiles (e.g., step changes, flicker) are more diagnostic
[44]. Plants experience mixtures of regimes over a year, therefore bench metrics are necessary
but not sufficient; they must be convolved with local irradiance variability and shading statistics
to estimate ∆MWh (Sec. 5.4).
Typical dynamic test outputs include: (i) tracking efficiency ηtrk over specified irradiance/temperature
sequences; (ii) settling time to within a tolerance band; and (iii) overshoot/oscillation around
the MPP. These affect DC energy and component stress differently and should not be collapsed
into a single score when the policy question concerns both energy and reliability.

5.3 Evidence for learning-based MPPT under dynamic and shaded condi-
tions

Peer-reviewed studies consistently report that learning-type controllers converge faster and are
more robust to multi-peak curves than well-tuned conventional baselines, provided the converter
bandwidth and sampling constraints match those in tests.

Global MPPT under partial shading. Comparative analyses (the classic synthesis by
Esram & Chapman) clarify that the advantage appears when bypass-diode-induced multi-peaks
are present and irradiance changes faster than the baseline step size [44]. Learning-based and
metaheuristic controllers reduce mis-tracking probability in these cases, particularly when aided
by pattern cues (voltage/current derivatives) [46].

Quantitative gains (bench scale). Cross-study reviews covering hundreds of runs report
tracking-efficiency uplifts on dynamic profiles typically in the 0.5–3 percentage-point range
relative to tuned conventional methods; larger gains are sometimes observed in severely con-
trived shading, but are not general across sites [7, 8, 46].
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Stability and oscillation. Learning-type controllers often show shorter settling times and
lower oscillation around the MPP, reducing ohmic loss and local heating in power stages—
engineering benefits that may be modest in annual MWh but matter for component reliability
[7, 45].

Two caveats. First, some demonstrations use small DC–DC prototypes with fast sensing;
when replicated on commercial inverters with slower sampling and duty-cycle slew limits, gains
narrow [45]. Second, rule bases or training data must reflect field envelopes (module type,
wiring, temperature), or domain shift will erode benefits (cf. Ch. 4).

5.4 From tracking metrics to annual energy: a regime-based mapping

We convert lab-reported tracking efficiency to annual energy using a regime mixture built from
empirical irradiance and shading statistics.

Irradiance variability and ramps. High-frequency irradiance fluctuations arise from cloud
edges and are smoothed by array footprint; ramp-rate distributions are climate- and layout-
dependent [47, 48]. Sites with many fast ramps (coastal cumulus) offer more headroom for
improved MPPT; quiescent sites offer less.

Partial-shading frequency and severity. Mismatch and multi-peak I–V curves arise from
row-to-row shading, nearby obstructions, and soiling. Their energy impact is described by
circuit/mismatch models and field experiments [49, 50]. Annual mismatch losses in modern
utility plants are often ∼1–3%, but can be much higher in built environments; the share of time
with bypass-diode activation determines the potential for global MPPT value [46].

Converter constraints. Converter bandwidth, quantization and sensor noise limit achievable
ηtrk. Bench results must be down-rated when commercial hardware is slower than the test rig
[45].

Mapping. Let r ∈ R index operating regimes (e.g., smooth, moderate ramp, fast ramp;
unshaded, mild partial shading, severe partial shading). With regime probabilities pr and
regime-specific tracking efficiencies ηtrk,·(r), the expected annual energy gain of an AI controller
over baseline b is

E[∆E] = EDC,ideal
∑
r∈R

pr
(
ηtrk,AI(r) − ηtrk,b(r)

)
, (14)

where EDC,ideal is the annual ideal DC energy (no tracking loss). The pr should come from site
data (SCADA irradiance, sky imagers) or literature-based priors for similar climates [47, 48].
Regimes with bypass-diode activation use mismatch-informed performance functions [49, 50].
Plugging Table 8 into Eq. (14) yields a sub-percentage to low single-percentage ∆E/E for many
utility plants; rooftop sites with frequent complex shading will show larger deltas, but with larger
uncertainty. Reporting a single headline number without site statistics is not policy-grade.

Uncertainty propagation and sensitivity. Uncertainties in pr (climate year-to-year), ηtrk(r)
(test variability; hardware limits), and EDC,ideal should be propagated with Monte Carlo and
diagnosed with global sensitivity (as in Chapter 2). In most utility cases, the share of time in
multi-peak regimes dominates the variance of ∆E.

15



Table 8: Illustrative regime mixture for a utility site (conceptual values). Use site data to
estimate pr. Report ηtrk by regime with confidence intervals.
Regime r Share pr ηtrk,b(r) ηtrk,AI(r) (bench)

Smooth, unshaded 0.70 0.995 0.996
Moderate ramp, un-
shaded

0.20 0.985 0.990

Fast ramp, unshaded 0.05 0.970 0.985
Partial shading (mild) 0.04 multi-peak; 0.950 0.970
Partial shading (se-
vere)

0.01 multi-peak; 0.900 0.950

5.5 Reliability, thermal stress, and protection interactions

Control interacts with hardware reliability and protections. Faster, oscillation-free tracking
reduces ripple current and localized heating, aiding bypass diodes and interconnects. Con-
versely, aggressive global search near reverse bias can raise hot-spot risk in shaded substrings.
Circuit-level and experimental studies show that repeated forcing of shaded substrings can ac-
celerate degradation; global MPPT should therefore honor hot-spot-aware constraints derived
from mismatch models [49, 50]. Any claimed energy gain that increases thermal risk should be
discounted in ∆NPV via higher expected failure costs (Chapter 2).

5.6 Plant-level control beyond MPPT (scope boundaries)

AC-side control (Volt/Var, Volt/Watt, plant ramp-rate limits) shapes realized energy through
clipping and curtailment. Short-horizon DC smoothing coordinated with MPPT in PV+storage
can reduce system costs (valued in Chapter 6); to avoid double counting, we restrict Chapter 5
valuation to DC-side ∆MWh attributable to MPPT. System-level benefits from smoother in-
jections are accounted for in Chapter 6.

5.7 Economic mapping and reporting template

We convert E[∆E] to finance with the transfer functions in Chapter 2. For energy price pel(t)
and discount rate r:

∆NPV =
∑

t

(
E[∆Et] · pel(t)

)
− ∆O&Mt

(1 + r)t
, ∆LCOE ≈ −

∑
t E[∆Et]/(1 + r)t∑

t Ebaseline,t/(1 + r)t
×LCOEbaseline.

(15)
Include uncertainty bands from the regime mixture and price scenarios. If controller changes
increase failure risk or truck-rolls, include those cash flows explicitly (Chapter 2).

Bottom line. The peer-reviewed record supports cautious, context-dependent benefits from
learning-based MPPT: measurable improvements under ramps and partial shading, narrowing
to small ∆MWh in low-shading utility contexts and rising in complex rooftops. When mapped
with site statistics and hardware limits—and when safety constraints are enforced—these gains
translate into modest but defensible ∆LCOE reductions, consistent with the transfer-function
discipline established earlier.
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Table 9: Minimum reporting set for policy-grade MPPT evaluations. Items ensure reproducibil-
ity and guard against benefit inflation.
Item Expectation

Baseline controller Named, tuned P&O or INC; converter/inverter hardware spec-
ified

Dynamic tests ηtrk, settling time, oscillation on specified sequences; confidence
intervals

Site statistics Empirical ramp-rate and shading regime shares pr with uncer-
tainty (SCADA/sky imager)

Mismatch model Method for multi-peak regimes (Bishop model or experimental
calibration)

Hardware limits Sampling rates, duty-cycle slew, sensor quantization/latency
Convolution Equation (14) with tabulated pr, ηtrk(r)
Finance Equation (15); ∆NPV and ∆LCOE with sensitivity to pr and

prices
Risk Any hot-spot or protection interactions; failure cost treatment

6 Forecasting & power-system integration (market value, re-
serves, commitment)

6.1 Policy motivation and scope

Accurate photovoltaic (PV) forecasts affect costs wherever operators and market participants
make forward decisions under uncertainty: unit commitment (UC), economic dispatch (ED),
reserve procurement, and market bidding. Consistent with Chapter 2, we value forecasting im-
provements only through their operational consequences (production cost, curtailment, reserve
procurement, start/stop costs, imbalance payments), not via technical error scores alone. Ac-
cordingly, we (i) separate forecast quality (deterministic and probabilistic, evaluated with strictly
proper scores) from decision value; (ii) benchmark against counterfactual baselines aligned to
current practice; and (iii) propagate uncertainty end-to-end through UC/ED or market models.
We focus on solar-specific evidence and guidelines [51] and hybrid intra-day forecasting studies
[52, 53], tying them to monetization within production-cost or market frameworks [9, 54, 55].

6.2 Forecast types, horizons, and proper evaluation

For intra-day horizons (∼1–6 h), combining satellite nowcasts with numerical weather prediction
(NWP) improves PV forecasts relative to single-source models; Bayesian neural networks and
hybrid measurement–satellite–NWP schemes report significant, out-of-sample gains by horizon
and weather regime [52, 53]. At day-ahead horizons, NWP ensembles with bias correction and
spatio-temporal post-processing underpin most operational pipelines, with clear-sky and regime
conditioning used to stabilize reliability [51].
Because forward decisions require probabilistic information, evaluation must use strictly proper
scoring rules so that well-calibrated uncertainty is rewarded (Chapter 2). We use the continuous
ranked probability score (CRPS) for marginal distributions and complement it with reliability
diagrams and conditional skill by regime:
where F is the predictive CDF and y the realized value (see [15]). This aligns with solar-
forecasting best practice and operational guidelines for reproducible, probabilistic evaluation
[51].
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Table 10: Horizon–decision map for PV forecasting and where value materializes. Evaluation
must report probabilistic skill by horizon and regime, then embed forecasts in the corresponding
decision model.
Forecast horizon Primary decisions af-

fected
Notes on value pathway

15–60 min (intra-
hour)

AGC/regulation, short-term
redispatch

Value through regulation deploy-
ment and ramping costs; requires
calibrated ramp distributions

1–6 h (intra-day) Redispatch, intra-day re-
serves, trading

Hybrid sat+NWP improves ramp
prediction; scenarios must preserve
temporal correlation [52, 53]

Day-ahead (12–36 h) UC, day-ahead reserve sizing,
day-ahead bids

Major cost levers: starts, minimum
up/down, curtailment; value rises
with penetration and binding con-
straints [9, 54]

Multi-day Maintenance scheduling, stor-
age scheduling

Lower marginal value for fast oper-
ations; relevant for planned outages
and fuel logistics

6.3 Transfer functions from forecast quality to system value

Production cost and commitment. A solar-focused study embedded forecast-error re-
ductions directly in a UC/ED model and showed that better day-ahead PV forecasts reduce
fast-start commitments, ramping, and curtailment, thereby lowering variable system costs; value
depends on penetration and which horizons improve [9]. More recent analyses [54] and reviews
[10] emphasize that (i) value is application-specific (UC, reserve, trading), (ii) technical error
metrics and economic outcomes must not be conflated, and (iii) stochastic or robust UC using
probabilistic forecasts generally dominates deterministic UC when forecast errors are material
[51]. Denote UC/ED cost under baseline forecasts as Cb and under improved probabilistic
forecasts as C⋆; the production-cost delta is

∆Cprod = C⋆ − Cb = ∆Cenergy + ∆Ccurt + ∆Cstarts + ∆Cramp + ∆Cres, (16)

computed by running the same UC/ED engine with the two forecast inputs.

Operating reserves from probabilistic forecasts. Operating-reserve needs should scale
with the distribution of net-load forecast errors. Methods that set reserves using probabilistic
forecasts—trading off reserve procurement costs against shortfall risk—are formalized in [56]
and transfer to PV by substituting PV error distributions for wind. Let q↑

p∗ and q↓
p∗ be the

up/down quantiles of net-load error at reliability p∗ (e.g., 99%). Replacing a deterministic
forecast with a calibrated distribution changes reserve targets and costs:

∆Cres = c↑ (
q↑,⋆

p∗ − q↑,b
p∗

)
+ c↓ (

q↓,⋆
p∗ − q↓,b

p∗
)
, (17)

with zonal reserve prices c↑,↓. Studies that implement this inside UC/ED, rather than off-line,
provide the correct monetization basis [51, 54].

Market participation and imbalance. In liberalized markets, plant owners translate fore-
cast improvements into bids. Using probabilistic day-ahead forecasts to generate trading sce-
narios increases revenues and reduces imbalances relative to deterministic bidding, with gains
modulated by lead-time and the availability of both day-ahead and intra-day markets [55]. The
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general principle, established earlier for wind, is that scenario-based bidding improves risk–
return by aligning offer curves with distributional information and market penalty structures
[57]. Let R(q) be expected revenue under scenario-based offers q and ϕ the imbalance penalty
function; an illustrative objective is

max
q

E[R(q)] − λE[ϕ(q, P̃ )], (18)

where P̃ are forecast scenarios and λ encodes risk preference or regulatory penalty weights.

6.4 Where value comes from—and where it does not

Penetration and flexibility. The marginal value of accuracy is nonlinear in PV penetration
and available flexibility (fast-start units, storage, transmission). Value rises with penetration
until flexibility saturates, after which additional accuracy yields diminishing returns [9, 51, 54].
Timescale alignment. Day-ahead skill mainly affects commitment and day-ahead reserve; 5–60-
min forecasts affect regulation and intra-day corrections. Improving a non-binding horizon has
little value [51]. Metric alignment. Proper scores (e.g., CRPS) are necessary but not sufficient;
value arises only after mapping to UC/ED/bidding decisions (Chapter 2). Reviews caution
against inferring economic value directly from MAPE/RMSE [10, 51]. System effects and double
counting. DC-side control improvements (Chapter 5) should not be double counted here; system-
level benefits from smoother injections belong in the present chapter once represented inside
the system model.

6.5 Data and modelling pipeline for policy-grade valuation

Forecast generation. Use hybrid measurement–satellite–NWP pipelines with documented
reliability and out-of-sample skill by horizon and regime [51–53].
Scenario building. Convert predictive distributions into time-consistent scenarios; scenario
reduction must preserve tails because reserve shortfalls are asymmetric [55, 57].
System model. Embed forecasts directly in UC/ED so that commitment, reserve, and redis-
patch costs respond endogenously [9, 54].
Uncertainty. Report value distributions across weather years and load/price conditions; run
sensitivity on reserve prices, penalty factors, storage/ramping limits (Chapter 2).

6.6 Minimum reporting set and guardrails

The items below define a minimum reporting set for policy-grade PV-forecast valuation and the
guardrails needed to keep estimates unbiased and reproducible. The purpose is not to prescribe
one UC/ED or market model, but to ensure that any claimed benefit can be independently
re-run and traced from probabilistic forecast skill to operational value (Chapter 2). Three
principles guide the requirements are following:
(1) Align the counterfactual. A credible baseline reflects legacy practice for the same assets,
periods, markets, and rules. That includes: the incumbent forecast(s); reserve heuristics (e.g.,
fixed % of load/PV); imbalance settlement rules; and commitment/redispatch policies. Changes
to topology, must-run constraints, or price data must be applied symmetrically to baseline and
improved cases. Report any operator overrides or manual curtailments; do not average across
non-comparable weather years without stratifying.
(2) Separate forecast quality from decision value. Forecasts must be evaluated out-of-
sample with strictly proper scores (e.g., CRPS) and reliability diagrams by horizon and weather
regime (cf. Sec. 6.2). Those distributions then feed the decision model: either (i) stochas-
tic/robust UC/ED using scenarios drawn from the calibrated predictive distribution, or (ii)
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reserve-sizing rules that explicitly reference quantiles/coverage. Scenario generation must pre-
serve temporal correlation and ramps; any reduction method must document retained tail risk
because reserve shortfalls are asymmetric (Sec. 6.3). Avoid leakage: forbid using the valuation
period for hyper-parameter tuning; prefer rolling-origin splits or blocked bootstraps for CIs.
(3) Make the system model the locus of monetization. Value accrues only once forecasts
interact with unit constraints, reserve prices, and imbalance penalties inside the model. Use the
same UC/ED or market-clearing engine, data interfaces, and solver settings for baseline and im-
proved runs, changing only the forecast input. Report ∆ production cost, curtailment, reserves,
starts/ramping, and (where applicable) revenues—each with uncertainty bands from multi-year
weather and price conditions. Provide a small set of sensitivities that matter for policy de-
cisions: PV penetration, flexibility (storage/transmission and ramp limits), reserve/imbalance
price levels, and commitment penalties. When DC-side controls (e.g., MPPT changes; Ch. 5)
are also claimed, use nested baselines and document the order of application to avoid double
counting; if integration costs change materially, report system LCOE.
Guardrails. Pre-specify the evaluation window and reporting metrics; disclose excluded periods
(outages, data gaps) and justify exclusions symmetrically. Publish data/artefact manifests and
seeds to enable independent reruns (Appendix A.6). If cybersecurity prerequisites for telemetry
or control are not met, flag the valuation as conditional per Appendix A.5. The table that
follows operationalizes these principles into concrete checklist items for authors and reviewers.

Table 11: Minimum reporting for policy-grade PV forecasting valuation. These items enable
reproducibility and prevent benefit inflation.
Item Expectation

Baseline practice Legacy forecast(s) and operating rules (UC, reserve %,
imbalance penalties)

Forecast skill Proper scores by horizon and regime (CRPS; reliability);
independent test periods

Scenario methodology Scenario generation and reduction; spatio-temporal coherence
demonstrated

System model UC/ED or market-clearing formulation; same engine for
baseline and improved case

Valuation outputs ∆ production cost, ∆ curtailment, ∆ reserve, ∆ starts, ∆
revenues with confidence intervals

Sensitivity Penetration, flexibility (storage/transmission), reserve prices,
penalties; multi-year weather

Accounting No double counting with MPPT (Ch. 5); system LCOE use
when integration costs change

Bottom line. The strongest, solar-specific evidence shows that probabilistic, properly evalu-
ated PV forecasts deliver measurable system value when embedded in UC/ED, reserve sizing,
and market bidding. Gains depend on penetration, flexibility, and timescale alignment; they
should be monetized only through production-cost and market models with transparent uncer-
tainty, consistent with Chapter 2 [9, 51, 54–57].
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7 Soft-costs & adoption (marketing, permitting, siting; distri-
butional effects)

7.1 Policy motivation and scope

Hardware learning curves have lowered module and inverter costs, but soft-costs—customer ac-
quisition, design, permitting–inspection–interconnection (PII), and financing—remain material,
especially for rooftop systems. Because these costs are paid up front, their impact on levelized
cost of energy (LCOE) is magnified through discounting (Chapter 2). This chapter quantifies
three levers where data-driven methods demonstrably affect cash flows: (i) marketing (customer
acquisition), (ii) PII streamlining (cycle-time compression), and (iii) siting (reduced schedule
and mitigation risk). We also evaluate distributional effects to ensure benefits are equitably
shared. Only peer-reviewed studies and high-level national reports with transparent methods
are used, and all effects are mapped to ∆NPV/∆LCOE via the transfer functions in Chapter 2.

7.2 Marketing and customer acquisition

Customer acquisition costs (CAC) are a persistent component of residential PV soft-costs.
A prospective, peer-reviewed study shows that supervised targeting reduced CAC by ∼ 15%
(≈ $0.07/W) compared with a logistic-regression baseline, using strict out-of-sample evaluation
to avoid optimistic leakage [11]. Adoption also responds to social diffusion: instrumented mi-
crodata reveal causal peer effects—local installation propensity rises with nearby adoptions after
controlling for demographics and prices [58]. Incentive levels remain first-order drivers; a quasi-
experimental evaluation of the California Solar Initiative measured sizable, causal installation
responses to rebate variation [59].
We model the marketing lever as a direct CapEx reduction:

∆CapEx/W = − ∆CAC/W, (19)

bounded by [11] and adjusted for jurisdictional conversion and attrition rates (propagated via
Monte Carlo; Chapter 2). Because CAC reductions can alter the composition of adopters, we
report results disaggregated by income and race/ethnicity cohorts (Section 7.5).

7.3 Permitting, inspection, and interconnection (PII)

What the evidence shows. Large-sample, peer-reviewed studies measuring real PII time-
lines find typical durations from permit application to passed inspection of ∼ 25−100 days
with wide dispersion across jurisdictions [60]. Local permitting stringency and interconnec-
tion requirements are robustly associated with longer durations and higher installed prices [61,
62]. High-level programme evaluations of SolarAPP+—an online, automated code-compliance
check—report median permitting+inspection timelines roughly 14.5 business days shorter than
traditional processes (2023 data; methods and coverage disclosed) [63]. These results are con-
sistent with bottom-up national benchmarks and longitudinal installed-price tracking [64, 65].

From days to dollars. We value PII acceleration via three channels: time value of energy,
lower overhead burn, and fewer cancellations. Let tb and t⋆ be baseline and improved median
timelines; let ∆t = tb − t⋆. For a project producing E1 MWh in its first operational year and
price profile p(t),

∆NPVtiming =
∫ ∆t

0

p(t) E1
(1 + r)t/365 dt and ∆NPVoverhead = OH/day × ∆t, (20)
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Table 12: PII timelines and monetization channels. Values are indicative; jurisdiction-specific
inputs should be taken from [60, 62, 63].
Quantity Empirical range / finding Monetization pathway

Permit→inspection
duration

∼ 25−100 days median; wide
dispersion [60]

Time value of energy; overhead
burn; cancellations

Local stringency / in-
terconnection

Higher stringency → longer du-
ration and higher prices [61, 62]

Same as above; potential fee off-
sets

Automated compli-
ance (SolarAPP+)

Median −14.5 business days vs.
legacy (2023) [63]

∆t enters timing and overhead
channels; possible admin fees

with r the real WACC and OH/day documented overhead. If the cancellation probability drops
from qb to q⋆, avoided sunk costs per closed project are

∆NPVcancel = (qb − q⋆) (CAC + design), (21)

where design are pre-permit labor and third-party fees. All three deltas are added (net of any
programme fees) in the project cash flow. Uncertainty enters through ∆t distributions (from
empirical CDFs in [60, 62, 63]) and through qb, q⋆ elasticities, and is propagated by Monte Carlo
with variance-based sensitivity analysis (Chapter 2).

7.4 Soft-cost structure and external validation

National benchmarks and longitudinal price datasets provide defensible priors for soft-cost
shares and for counterfactuals. The Q1-2023 NREL benchmark details CAC and PII inputs by
segment in a documented bottom-up model [64]. LBNL’s Tracking the Sun 2024 aggregates
3.2 million systems through 2023 and reports installed-price distributions and design trends
by state and market segment [65]. We use these sources to anchor baseline cash flows and to
cross-check claimed savings against historical ranges.

7.5 Distributional effects and equity

Inequitable deployment is well documented. A Nature Sustainability study shows that majority
Black and Hispanic tracts have substantially lower rooftop PV adoption than otherwise com-
parable tracts even after conditioning on income and homeownership [66]; revised estimates
confirm that disparities persist under alternative specifications [67]. Two policy guardrails fol-
low. First, marketing models must demonstrate that targeting does not exacerbate gaps (e.g., by
under-selecting disadvantaged tracts). Second, permitting reforms should be prioritized where
delays are longest and adoption lags are largest, to avoid regressive time costs.

7.6 Siting and community context (utility-scale and DG)

For utility-scale PV, siting choices generate cost and schedule risk through land acquisition,
environmental review, and mitigation. A PNAS analysis quantifies land-cover change from U.S.
solar development and highlights low-conflict siting as a means to reduce delays and soft-costs
associated with mitigation [68]. In our accounting, siting affects ∆NPV via longer development
timelines (carry costs) and via mitigation outlays:

∆NPVsiting = − Carry × ∆months − Mitigation, (22)

with inputs drawn from project pro formas and mitigations documented during environmental
review. For distributed PV, setback and aesthetic rules in zoning create variance in approval
outcomes; the price and timeline effects documented for permitting recur when samples are
sufficiently large [61, 62].
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Table 13: Equity guardrails for analytics and PII reforms. Each item has a measurable diag-
nostic.
Guardrail Diagnostic Evidence basis

Targeting parity Selection rates by income
and race/ethnicity vs. base-
line

[66, 67]

Outcome parity Close rates and CAC by co-
hort; confidence intervals

[11, 58]

Geographic prioritization Permit duration distribution
by jurisdiction; focus longest
tails

[60, 62, 63]

Transparency Publish model features, vali-
dation, and cohort metrics

Benchmarks: [64, 65]

7.7 Integrating the levers: a soft-cost impact model

We assemble a conservative model with four levers, valued incrementally (nested baselines to
avoid double counting; Chapter 2):

1. Marketing: ∆CapEx/W = −∆CAC/W bounded by verified out-of-sample performance
[11], with cohort-level reporting (Section 7.5).

2. Permitting: ∆NPV = ∆NPVtiming + ∆NPVoverhead + ∆NPVcancel, using ∆t from [60,
62, 63].

3. Interconnection: identical structure, using utility interconnection queue metrics from
[62].

4. Siting: ∆NPVsiting from carry and mitigation terms informed by [68].

Uncertainty bands are reported from Monte Carlo sampling of CAC variance, cancellation
elasticity, and timeline dispersion; Sobol indices identify dominant drivers (Chapter 2). When
multiple levers act on cancellations (e.g., better targeting and faster permits), we value each
conditional on the other.

Bottom line. Peer-reviewed evidence supports real, quantifiable soft-cost reductions from
(i) data-driven marketing that lowers CAC and (ii) streamlined permitting/interconnection
that shortens timelines. These improvements map transparently to ∆NPV/∆LCOE under our
framework and can be monitored with public benchmarks. Distributional analyses demonstrate
persistent adoption gaps, setting guardrails for how analytics are deployed and where stream-
lining is prioritized. Siting choices at utility scale add a third lever by reducing schedule and
mitigation risk. Policy-grade appraisals should therefore pair measured process improvements
with equity metrics and publish incremental ∆NPV/∆LCOE with uncertainty bounds rather
than headline averages.

8 Case studies & meta-analysis (evidence synthesis across cli-
mates/markets)

8.1 Purpose and scope

This chapter integrates quantified impacts of AI-enabled tools across diverse climates and market
structures, tying each to the valuation framework in Chapter 2. We consider (i) high-penetration
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systems with binding flexibility constraints (California ISO), (ii) mature European markets
(Germany and North-West Europe) with deep intraday liquidity and dense distributed PV,
(iii) merchant-style environments where forecast-aware bidding affects plant revenues, and (iv)
settings where structural curtailment dominates (Japan, Northwest China). For comparability,
we map reported effects into ∆production cost, ∆curtailment, ∆reserve, ∆revenues, or ∆soft-
costs and then to ∆NPV or ∆LCOE using the transfer functions of Chapter 2. Throughout,
we avoid overclaim by keeping extrapolations within the empirical domains of the cited studies.

8.2 California ISO (CAISO): curtailment context and forecast value

System context. CAISO’s PV share produces the well-documented “duck curve” with sea-
sonal midday curtailment when flexibility or export limits bind. A field guide quantifies overgen-
eration mechanisms and documents that curtailment falls when mid-day flexibility and trans-
mission increase—reporting marginal curtailment reduction costs for specific levers rather than
generic savings [69]. These structural levers bound the realizable value of improved PV forecasts.

AI-linked pathway. Embedded in a unit-commitment/economic-dispatch (UC/ED) model,
better day-ahead PV forecasts reduce fast-start commitments, ramping, and redispatch cost
[9]. Under CAISO-like penetration and flexibility, the incremental ∆production-cost credited
to forecasting must be computed conditional on any curtailment-mitigation already modeled
(nested baselines). On the distributed side, permitting acceleration programs shorten intercon-
nection timelines, raising project NPV through earlier revenue recognition; large-jurisdiction
panels and national program reviews quantify typical time shifts [60, 62–64]. Given coastal
cumulus and frequent ramps, bench MPPT gains translate to sub-percentage annual ∆MWh
at utility scale (Chapter 5), while rooftop sites with complex shading show larger headroom
(Chs. 4, 5).

8.3 Germany and North-West Europe: preserving market value and lowering
imbalance

Market value lens. With rising VRE shares, the relative price of solar (market value fac-
tor, MVF) declines due to profile and forecast uncertainty [70]. Forward-looking scenarios for
Germany show MVF dispersion depends on transmission and diversification—structural com-
plements to any algorithmic improvement [71]. Comparative work explains why distributed
soft-costs are lower in Germany than in the U.S. (permitting, market organization), cautioning
analysts not to attribute cross-country price gaps to hardware learning alone [72].

Forecast economics. German evidence ties statistical properties of forecasts to economic
outcomes: improving the correlation between forecast errors and day-ahead–real-time price
spreads can yield higher trading value than equal MAE reductions that leave correlation un-
changed [73]. This directly supports the Chapter 6 prescription to optimize for value-oriented
calibration, not RMSE alone.

8.4 North-West Europe: probabilistic bidding and merchant revenues

In a liberalized North-West European market, using probabilistic PV day-ahead forecasts to
generate trading scenarios increases expected revenues and reduces imbalances relative to de-
terministic bidding; gains depend on lead-time and coordinated use of day-ahead and intraday
markets [55]. These results operationalize the Chapter 6 guidance: convert calibrated predictive
distributions into coherent scenarios and embed them in the actual bidding decision.
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8.5 Australia (NEM): PV+storage operation benefits from forecast calibra-
tion

For PV+storage in the Australian NEM, improved day-ahead PV forecasts increase arbitrage
profits; the effect scales with price volatility and storage sizing [74]. The economic channel
again runs through better alignment between forecast errors and price spreads, reinforcing the
value-oriented objective rather than error shrinkage per se.

8.6 Japan (Kyushu): measured curtailment as a bound on forecast value

Reproducible analysis of Kyushu curtailment episodes shows how system constraints generate
observed curtailment patterns [75]. Even perfect forecasts cannot fully eliminate structural
curtailment; the credible AI role is anticipation and pricing of curtailment risk for storage and
demand scheduling, valued through UC/ED or merchant bidding (Ch. 6).

8.7 China (Northwest provinces): structural curtailment and priority levers

A systematic review documents curtailment magnitudes and drivers (transmission bottlenecks,
dispatch protocols) in Northwest China and evaluates remedies (grid expansion, flexibility pro-
curement, market reform) [76]. AI tools complement, but do not substitute, for these first-order
actions: their role is to forecast, price, and mitigate residual curtailment in operations.

8.8 Spain (MIBEL): cannibalization and remuneration under rising PV shares

With rising PV penetration, Spain exhibits statistically significant cannibalization (lower unit
revenues for PV) and broader depredation effects on other technologies [77]. Forecast-aware
bidding and storage control can partially mitigate revenue erosion by shifting net injections
away from low-price hours, but the structural trend persists, consistent with MVF evidence
[71, 78].

8.9 Pan-European/Germany: imbalance costs and price formation under
forecast error

German quarter-hourly data show that wind/solar forecast errors raise imbalance volumes and
can push up spot prices; wind dominates but solar contributes materially [79]. The causal
channel is directly addressable by AI: reducing error magnitudes and managing error–spread
correlations lowers balancing costs systemwide (Ch. 6).

8.10 Climate and device-side heterogeneity: yield, degradation, and inspec-
tion

Performance ratio shifts with climate. Temperature coefficients and spectral effects vary
by climate and module type; validated models map these to location-specific performance ratios
[80, 81]. These baselines are prerequisites for converting device-side improvements (MPPT,
inspection) into ∆MWh.

Degradation and defect progression. Field compendia provide distributions of annual
degradation for c-Si modules [12, 13], while EL/IR studies show that progression from micro-
cracks to inactive area depends on climate and load [33, 35, 36]. Inspection value therefore
scales with the local severity distribution and with plant-to-plant classifier robustness (domain
shift) [41]. Economic action thresholds (e.g., replacement justified at ∼10–33% annualized loss
under European cost structures) prevent inflation from low-severity anomalies [43].
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Table 14: Representative, peer-reviewed case studies by climate/market; AI-linked levers; re-
ported metrics; and valuation hooks. Effects must be credited incrementally relative to the
local baseline (Chapter 2).
Setting AI-relevant lever Reported metric(s) Valuation hook

CAISO Day-ahead PV fore-
casts

↓ fast-starts, ramping, redis-
patch [9]; curtailment drivers
[69]

∆production cost
from UC/ED;
curtailment nested
baseline

Germany Value-oriented fore-
cast post-processing

Profit impact dominated by
error–spread correlation [73]

Optimize for value
(price-conditional
loss)

NW Europe Probabilistic bidding ↑ revenues; ↓ imbalances
(DA/ID) [55]

∆revenues,
∆imbalance fees

Australia
(NEM)

PV+storage opera-
tion

↑ arbitrage profit with better
DA forecasts [74]

∆revenues under
volatility; storage
sizing

Japan
(Kyushu)

Curtailment model-
ing

Reproduced curtailment
magnitudes [75]

Credible upper
bound on forecast
value w/o flexibility

China (NW) Structural curtail-
ment

Shares, causes, remedies [76] Policy levers
(transmission,
market reform) first;
AI for mitigation

Spain (MI-
BEL)

Revenue erosion Cannibalization/depredation
quantified [77]

Scenario-based
dispatch/bidding;
partial mitigation

Pan-
EU/Germany

Imbalance impacts Forecast-error → imbalance
and spot prices [79]

∆balancing cost via
error reduc-
tion/calibration

USA multi-
ISO

MVF dispersion Spatial/temporal MVF vari-
ation [78]

Siting/contracting
to favorable tails

8.11 Evidence table and valuation mapping

Transfer functions (reminder). Consistent with Chapter 2, we value forecasting/integration
levers by embedding predictive distributions in UC/ED or bidding:

∆NPV =
∑

t

∆CashFlowt

(1 + r)t
, ∆CashFlowt ∈ {∆ProdCost, ∆Reserve, ∆Imbalance, ∆Revenue}.

Reserve sizing with probabilistic forecasts follows established approaches (developed for wind,
transferable to PV) and must be run endogenously in UC/ED (Chapter 6) to avoid off-line
misvaluation.

8.12 Cross-cutting lessons

1. Optimize for value, not only accuracy. Economic impact is driven by alignment
of forecast errors with price spreads; calibration and loss functions should target this
relationship [55, 73, 74].

2. Probabilistic forecasts & multistage use. Scenario-based bidding and stochastic
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UC/ED monetize uncertainty honestly and outperform point-forecast strategies when er-
rors are material (Chapter 6).

3. Structure dominates the ceiling. Curtailment and cannibalization are structural; AI
realizes the most value when combined with flexibility, transmission, and market designs
that reward risk-aware operations [69, 71, 76, 77].

4. Geography is a lever. Large MVF dispersion implies siting/contracting and storage-
coupled operation are complementary to better models [78].

5. Climate and device-side heterogeneity matter. Temperature/spectral baselines and
defect progression priors condition the payoff to MPPT and inspection (Chs. 4, 5); use
severity distributions and action thresholds to prevent benefit inflation [33, 35, 43, 80, 81].

Bottom line. Across climates and markets, peer-reviewed evidence shows that AI-enabled
forecasting and risk-aware scheduling do reduce system costs and improve revenues when flex-
ibility and liquidity exist; their system-wide ceiling is set by structural constraints. The most
robust benefits come from probabilistic, value-oriented pipelines embedded in UC/ED and bid-
ding, with incremental crediting against explicit baselines.

9 Risk, governance, and standards (model risk, bias, cyberse-
curity, auditability)

9.1 Motivation and scope

The gains quantified in Chapters 3–?? are fragile if the supporting models fail under distribution
shift, embed bias, or widen cyber-attack surfaces. This chapter specifies a governance layer that:
(i) makes model risk measurable with proper, decision-relevant metrics; (ii) treats fairness in
marketing, credit screening, and siting as a first-class risk; (iii) aligns device/plant cybersecurity
with sector standards; and (iv) ensures auditability so that benefits in ∆NPV/∆LCOE can
be verified and not double counted. We draw on NIST’s AI Risk Management Framework
[82], documentation methods (Model Cards, Datasheets) [83, 84], DER and industrial control
standards (IEEE 1547/1547.3; ISA/IEC 62443; NERC CIP) [85–89], probabilistic evaluation
guidance [15, 90–92], adversarial/false-data risk in energy time series [93–95], and PV-specific
cyber surveys/testbeds [96–100].

9.2 Model risk: fit-for-purpose evaluation under shift

Score forecasts properly, then map to decisions. Forecasts and classifiers that feed
UC/ED, reserve sizing, bidding, MPPT, inspection triage, or soft-cost workflows should be
evaluated with strictly proper scoring rules (e.g., CRPS, logarithmic score) so that better scores
imply better probability statements [15, 92]. Scores alone are not value; we map them to
∆production cost, ∆reserve, and ∆revenues inside the operational model (Chapter 6), consistent
with ROPES and benchmark guidance for solar forecasting [90, 91].

Reproducibility and baselines. Make improvements falsifiable: publish (or escrow) code/data
splits; compare against transparent, probabilistic baselines; report reliability and sharpness by
horizon and weather regime [90–92]. This aligns directly with NIST AI RMF functions (Map,
Measure, Manage, Govern) [82].
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Table 15: Model-risk checklist: align failure modes with measurable diagnostics and decision
impact.
Risk Diagnostic / metric Decision impact & control

Miscalibration Reliability diagrams; CRPS de-
composition [92]

Refit post-processing; withhold
value until reliability restored

Distribution shift Interval coverage by regime;
pre/post skill [90]

Canary deploy; restrict use outside
validated envelope

Adversarial/FDI Feature integrity tests; pertur-
bation sensitivity [93, 95]

Input authentication; plausibility
bounds; alerting

Data leakage Temporal blocking; site hold-
out [90]

Re-split; void prior gains;
re-estimate value deltas

Distribution shift and adversarial risk. Fielded PV models face nonstationarity (weather,
hardware, markets) and adversarial manipulation risks. Peer-reviewed studies show targeted
perturbations can steer time-series predictors, and energy pipelines can be impacted if attacks
align with market penalties [93–95]. Minimum controls: (i) coverage checks for prediction
intervals in new regimes; (ii) stress backtests on extreme years; (iii) feature-pipeline red-team
tests before deployment; (iv) circuit breakers on abnormal outputs. Document failure modes
and rollback plans per AI RMF [82].

9.3 Bias and fairness (soft-costs and siting)

Adoption is uneven across U.S. census tracts even after conditioning on income/homeownership
[66, 67]. Marketing, credit screening, and siting analytics should therefore be documented with
Model Cards and Datasheets that disclose intended use, data provenance, subgroup perfor-
mance, and limits [83, 84]. Treat fairness as model risk: define monitored cohorts, set minimum
recall/PPV by cohort, evaluate prospectively on new jurisdictions, and report equity outcomes
alongside ∆LCOE. This satisfies AI RMF expectations for harm mitigation and measurement
[82].

9.4 Cybersecurity: device, plant, and market interfaces

Why PV is exposed. Networked inverters, gateways, and DERMS/SCADA create realis-
tic attack surfaces (weak authentication, remote updates, legacy protocols). NIST’s inverter
guidance details practical mitigations for residential/light-commercial systems [96]; PV-specific
surveys show known incident paths and stress timely patching and secure comms [97].

Standards to anchor controls. Use a layered stack:

• IEEE 1547-2018 for DER interconnection/interoperability [85] plus IEEE 1547.3-2023
for DER cybersecurity (identity, logging, updates, comms hygiene) [86].

• ISA/IEC 62443 to structure zones & conduits and component requirements in plants
and factories [87].

• NERC CIP when assets fall under bulk-system scope: Electronic Security Perimeters
(CIP-005-6) and incident response (CIP-008-6) [88, 89].

• DOE/NREL DER cybersecurity standards overview for current best practice [100].
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Table 16: Minimum cybersecurity controls mapped to standards and verifiable evidence.
Control Standards anchor Evidence to retain

Network segmentation &
allowlists

ISA/IEC 62443 [87] Zone/conduit diagrams;
firewall rules; VLAN configs

Authenticated & en-
crypted control

IEEE 1547.3 [86] TLS configs; cert inventories;
mutual-auth test logs

Signed updates & roll-
back

IEEE 1547.3 [86] Firmware SBOM; signature
policies; update audit logs

Security perimeter & re-
mote access

NERC CIP-005-6 [88] ESP diagrams; jump-host
configs; access logs

Incident response drills NERC CIP-008-6 [89] Runbooks; tabletop reports;
ticketing evidence

PV-specific evidence and testbeds. Industrial device auditing toolkits and DER testbeds
show how to harden protocol stacks (e.g., wrapping SunSpec/Modbus in TLS, enforcing mutual
authentication), consistent with 1547.3 [86, 98, 99].

Operationalizing controls. For utility-scale PV and DER portfolios: segment networks
(62443), authenticate and encrypt control channels (IEEE 2030.5, DNP3-SA, or SunSpec/Modbus
over TLS where supported), enforce signed firmware with rollback protection (1547.3), throt-
tle/alert unusual command sequences, and drill incident response per CIP-008-6 [86, 87, 89, 96].

9.5 Auditability and documentation

Risk governance depends on traceable artifacts. Model Cards and Datasheets make ML com-
ponents auditable [83, 84]; ROPES and probabilistic benchmarks ensure that claimed skill rests
on publishable baselines and proper scores [90–92]. IEEE 1547.3 calls for security logging and
asset inventories; combined with change-management records, these support warranty claims,
O&M KPIs, and post-incident forensics [86, 96]. For policy-grade claims in Chapters 4–??, we
require: versioned model artifacts; data lineage; performance by climate/segment and subgroup;
cybersecurity bills of materials (SBOM) and update cadence; and links from model outputs to
operational decisions and cash-flow deltas. This is consistent with AI RMF [82].

9.6 Standards mapping to PV use-cases

Use-case Primary con-
trols/standards

Key evidence

UC/ED & bidding
(Chs. 6,??)

Proper scoring; ROPES;
benchmarks [15, 90–92]

Versioned datasets;
CRPS/log-score with CIs;
scenario generation trace

Manufacturing
QA/inspection (Ch. 4)

IEC 62443 [87] Supplier questionnaires;
network segmentation; signed
tooling

Device/plant control &
DER agg. (Ch. 5)

IEEE 1547/1547.3; NIST in-
verter guidance [85, 86, 96]

TLS/mutual auth; RBAC;
update logs; event logs

Portfolio ops/markets Adversarial/shift testing; inci-
dent response [89, 93–95]

Stress results; red-team
reports; CIP-008-style
runbooks
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9.7 Governance playbook: minimum viable controls

1. Model risk management. Use proper scores; test under shift; publish Model Cards;
adopt change control (canary deploy, rollback); keep audit trails [15, 82–84, 90–92].

2. Fairness by design. Define monitored cohorts; report subgroup performance; document
coverage; add use constraints when transportability is weak; monitor equity outcomes
[66, 67, 83, 84].

3. Cybersecurity by design. Procure equipment with authenticated comms and signed
updates; segment networks; enable monitoring and incident response aligned with 1547.3/62443/CIP;
schedule third-party assessments [86–89, 96–100].

4. Assurance and accountability. Tie every claimed benefit to traceable evidence: base-
line, test protocol, and logs sufficient for third-party replication (Chapter 2).

Bottom line. The same discipline that converts forecast skill into system value (Ch. 6) must
also govern risk. Proper probabilistic evaluation, transparent documentation, and sector stan-
dards (IEEE 1547/1547.3, IEC 62443, NERC CIP, NIST) provide actionable guardrails. With
these in place, AI benefits can be realized without amplifying bias or cyber exposure—and with
an audit trail that withstands regulatory and financial due diligence [15, 82–100].

10 Policy design tools (NPV/LCOE deltas, cost–benefit under
uncertainty, open datasets)

10.1 Motivation and scope

Chapters 3–9 established where AI can create value along the PV chain and how to prevent
over-claiming. Policy design now needs transparent tools that convert measured technical or
process changes into cash-flow deltas and social value—while disclosing uncertainty and avoiding
double counting (Chapter 2). This chapter operationalizes that requirement with: (i) consistent
project and system formulations for ∆NPV and ∆LCOE, (ii) cost–benefit and value-of-forecast
appraisals under uncertainty, and (iii) open, auditable data/models to make results reproducible.

10.2 ∆NPV and ∆LCOE: definitions, system context, and reporting

Project-level accounting. For any intervention X (e.g., improved EL/IR triage, AI-MPPT,
probabilistic market scheduling, lower CAC), report the incremental present value versus a
named baseline b:

∆NPV(X; b) =
T∑

t=0

∆CashFlowt(X; b)
(1 + r)t

, (23)

and the induced change in plant LCOE:

∆LCOE(X; b) = ∆Cost(X; b)
MWhb

− Costb · ∆MWh(X; b)
MWh2

b

. (24)

Equation (24) keeps the denominator anchored to the baseline MWhb, which makes small energy
changes explicit and avoids hidden re-scaling.
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System-LCOE and value-adjusted metrics. Where integration effects dominate (balanc-
ing, reserves, curtailment, profile), plant-level metrics should be supplemented by system LCOE
so that costs attributable to variability and uncertainty are consistently allocated across tech-
nologies [16]. When markets price energy imperfectly, also report a market value factor (relative
price capture) or a value-adjusted LCOE, but keep plant cash-flows and system metrics separate
to avoid double counting [16, 70].

Where deltas originate.

• Operations (Chs. 4–6): translate inspection/forecast/control changes into ∆MWh,
∆curtailment, ∆reserve, ∆starts, ∆imbalance inside a UC/ED or bidding model before
discounting [9, 10, 54, 55, 92].

• Soft-costs (Ch. 7): embed ∆CAC, ∆permitting time, and ∆overheads directly in the
CapEx/OpEx lines of the pro forma; monetize timeline shifts via earlier energization and
lower cancellations (Section 10.3).

10.3 Cost–benefit under uncertainty: Monte Carlo, global sensitivity, and
decision value

Uncertainty propagation. Use Monte Carlo (MC) to propagate parameter uncertainties
(detector ROC, degradation rates, reserve prices, CAC variance) and variance-based global
sensitivity (Sobol first- and total-effect indices) to attribute output variance to inputs and
interactions—standard practice in energy techno-economics [19, 20]. Report MC convergence
(e.g., effective sample size), and plot tornado charts for ∆NPV and ∆LCOE drivers.

Proper scoring → decision value. For forecasts, score probabilistic predictions with strictly
proper rules (CRPS, logarithmic score) and then map improvements into production-cost or rev-
enue changes via UC/ED or market bidding. Economic value depends on both error magnitude
and the correlation of forecast errors with price spreads; calibrated, price-aware post-processing
can outperform equal RMSE reductions that ignore this channel [10, 54, 55, 73, 92].

Value of improved information (VoI). Compute the operational value of better fore-
casts/inspection within the same system model:

VoI = Costsystem(legacy) − Costsystem(improved), (25)

evaluated across multiple weather/price years. Report as $/MWh of system-cost reduction or
% decrease in imbalance charges with confidence intervals [9, 54, 55].

Risk and discounting. Publish ∆NPV/∆LCOE across a grid of real WACC values rather
than encoding “risk” solely as a higher discount rate. When interventions alter failure risks
(e.g., aggressive global MPPT), include actuarial terms in O&M/warranty cash-flows [20].

10.4 Open datasets and open-source models for transparent appraisal

Policy credibility improves when inputs and code are public and citable.

Resource and weather data. ERA5 global reanalysis provides long, consistent meteorology
suitable for counterfactuals and stress testing [101]. Renewables.ninja offers validated long-run
PV reconstructions with peer-reviewed documentation [102]. For North America, satellite-
derived NSRDB may be used provided the version-specific methodology paper is cited (not
only a website).
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Table 17: Illustrative parameter priors for Monte Carlo appraisal. Use site- and programme-
specific data where available; ranges below are indicative only.
Quantity Suggested distribution (exam-

ples)
Notes / sources

Module degradation
rate (c-Si)

Lognormal; median 0.5–0.6%/yr,
CV 0.4–0.7

Field compendia; climate dis-
persion [12, 13].

Defect loss severity
(EL/IR)

Mixture over classes with class-
conditional loss CDFs

Crack/hot-spot functions [34–
36].

Detector operating
point

Beta priors for TPR/FPR, by class Cross-plant validation [39, 41].

Reserve price Empirical price-year bootstrap by
zone

Operations data (system oper-
ator).

Forecast skill (CRPS) Empirical distribution by hori-
zon/regime

Out-of-sample skill [51, 92].

CAC reduction Normal or triangular around mea-
sured mean (e.g., 10–20%)

Out-of-sample field tests [11].

Permitting duration Empirical (jurisdiction bootstrap) Large-sample panels [60, 62].

Power-system and market data. Open Power System Data (OPSD) curates European
time series (load, generation, prices, weather) with a documented data-management pipeline
that reduces cleaning ambiguities [103].

PV and system modeling tools. pvlib offers validated device-to-plant modeling rou-
tines with open tests [104]. PyPSA provides open UC/ED and capacity-expansion formula-
tions with transparent datasets [105]. Apply FAIR data principles to all artifacts and publish
model/dataset documentation (Model Cards, Datasheets) [83, 84, 106].

10.5 Worked templates (illustrative)

Forecasting → production-cost savings. Calibrate PV to measurements; generate proba-
bilistic day-ahead forecasts scored with CRPS; embed scenarios in UC/ED; report ∆production
cost and ∆reserve procurement with CIs and sensitivity to reserve prices [9, 54, 55, 92, 101].

Inspection → ∆LCOE. Combine defect prevalence and class-conditional loss distributions
with detector TPR/FPR at a cost-sensitive threshold; simulate actions via break-even rules;
compute ∆MWh and ∆warranty, then ∆LCOE, with sensitivity to labor and module prices
[34–36, 43].

Soft-cost process reform. Draw permitting duration distributions from large-sample stud-
ies; model cancellation elasticity to delay; convert to ∆NPV via earlier energization (time value
of energy) and overhead savings; benchmark cost splits to NREL/LBNL reports [60, 62, 64, 65].

10.6 Bottom line

Policy design around AI for PV should look less like a technology showcase and more like decision
analysis with open evidence: define explicit baselines; use proper scoring and system models to
translate technical gains into cash-flow and system-cost deltas; propagate uncertainty with
global sensitivity; and publish open data/code so results survive independent replication. The
peer-reviewed building blocks—system LCOE accounting [16], sensitivity/uncertainty methods
[19, 20], forecast-value mapping [9, 10, 54, 55, 92], and robust open datasets/tools [101–106]—are
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Table 18: Minimum reporting for policy-grade valuation. These items enable reproducibility
and prevent benefit inflation (compare to Chapter 6).
Item Expectation

Baseline practice Hardware, operating rules, tariffs; legacy forecast(s) and re-
serve rules (UC/ED, imbalance penalties).

Technical KPIs Proper scores by horizon/regime (CRPS, reliability); ROC/PR
for classifiers with independent test periods.

Transfer functions Equations/parameters linking KPIs to cash-flows; plant vs. sys-
tem attribution explicit [16].

System model UC/ED or market-clearing formulation; same engine for base-
line and improved cases; scenario method documented.

Uncertainty protocol MC sample size, parameter priors, Sobol indices; WACC grid;
stress years (weather/price).

Valuation outputs ∆production cost, ∆curtailment, ∆reserve, ∆starts,
∆revenues; then ∆NPV, ∆LCOE (plant & system) with
CIs.

Reproducibility Code, data snapshots (ERA5/OPSD/Ninja extracts), Model
Cards/Datasheets; ROPES checklist compliance.

available. Applying these consistently yields policy-grade appraisals that regulators, financiers,
and operators can trust.

11 Conclusions and research agenda

11.1 What we know—evidence-based conclusions

This paper quantifies where AI measurably affects the photovoltaics (PV) value chain and
how those effects should be valued. Across materials, manufacturing, operations, markets, and
soft-costs, the strongest, policy-relevant impacts emerge when technical gains are mapped to
cash-flows through explicit counterfactuals and uncertainty is propagated (Chapter 2).

Materials & interfaces (Ch. 3). AI-assisted search demonstrably compresses iteration
cycles in perovskites via Bayesian/active learning and closed-loop labs, with experimentally
validated candidates improving interfacial recombination metrics (QFLS/Voc) and stability.
These gains are real but bounded by device-stack specificity and the gap between lab-stress
and field durability; when translated through field degradation priors for crystalline Si (me-
dian ∼ 0.5–0.6%/yr with dispersion) and conservative transfer functions, they yield credible,
context-dependent ∆LCOE reductions rather than step changes [12, 13].

Manufacturing QA & field inspection (Ch. 4). EL/IR analytics reliably detect high-
severity anomalies; field evidence shows a small tail of severe defects drives most losses. Us-
ing severity-to-power-loss mappings and cost-sensitive decision thresholds, inspection programs
reduce yield loss and warranty outlays only when actions are economically justified (e.g., re-
placement break-even ∼10–33% loss under European cost structures). Benefits should not be
credited to low-severity anomalies.

Device/plant control (Ch. 5). AI-enhanced MPPT improves tracking on dynamic/shaded
profiles by ∼0.5–3 percentage points versus tuned conventional baselines on bench tests; af-
ter convolution with local irradiance-ramp and shading statistics, gains typically become sub-
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percentage to low single-percentage annual ∆MWh for utility plants, higher for complex rooftops.
Reliability constraints (hot-spot risk) must be priced into O&M if control is more aggressive.

Forecasting & system integration (Ch. 6). Economic value arises via unit commitment
(UC), reserves, redispatch, and bidding—not via MAPE alone. Probabilistic, calibrated forecasts
embedded in UC/ED and market strategies reduce production cost, reserve procurement, and
imbalance charges; value depends on penetration, flexibility, and alignment of error reductions
with decision timescales [9, 10, 54, 55].

Soft-costs & adoption (Ch. 7). Machine-learning targeting shows ≈15% CAC reduc-
tions (∼ $0.07/W) under rigorous out-of-sample tests [11]. Large-sample studies link permit-
ting/interconnection reforms to shorter timelines and lower prices; ∆NPV materializes through
earlier energization, reduced overhead burn, and fewer cancellations. Distributional analyses
document persistent adoption gaps by race/ethnicity, implying fairness guardrails for analytics.

Case studies & meta-analysis (Ch. 8). Across CAISO, Germany/NW Europe, Spain,
Japan, China NW, Australia, and U.S. multi-ISO settings, structure dominates: flexibility,
transmission, and market design set the ceiling for realized AI value. Where intraday liquidity
and reserves are well designed, probabilistic, value-oriented forecasting and bidding consistently
improve revenues and lower system costs; where structural curtailment or cannibalization dom-
inates, AI mainly supports risk-aware damage control.

Risk, governance, and standards (Ch. 9). Proper scoring, reproducible baselines (ROPES),
and documented Model Cards/Datasheets are essential to control model risk and bias. Cyber-
security should align to IEEE 1547/1547.3, IEC 62443, NERC CIP, and NIST guidance; value
claims must be accompanied by audit trails.

Policy design tools (Ch. 10). Decision-grade appraisal requires ∆NPV, ∆(LCOE) (and
system-LCOE when integration costs change), Monte Carlo propagation with global sensitivity
(Sobol), and fully open datasets/code (ERA5, OPSD, pvlib, PyPSA) for independent replica-
tion.

Synthesis. The literature supports cautious optimism: AI delivers measurable, decision-
relevant gains when it addresses a clear bottleneck, is evaluated against named baselines with
proper scores, and its benefits are counted once in cash-flows. The headline opportunities are
in probabilistic forecasting and market operations at high penetration, inspection triage where
severe defects are non-trivial, and soft-cost streamlining where PII queues and CAC are high.
Headline risks include value inflation from lab-only metrics, bias amplification in marketing,
and cyber exposure from poorly secured digitalization.

11.2 What we still need—prioritized research agenda

1. Counterfactual standards and nested baselines. Regulator-endorsed baseline li-
braries for each use-case (forecasting, MPPT, inspection, CAC/PII) with site-class dis-
tributions (ramps, shading, defect severity, permitting timelines) to support incremental
valuation (Ch. 2).

2. From lab-stress to field durability. Module-relevant bridges linking QFLS/Voc and
passivation metrics to fielded degradation trajectories across climates, under preregistered
evaluation, to tighten ∆LCOE attribution (Ch. 3).
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3. Severity-aware inspection economics. Multi-plant EL/IR cohorts with paired IV
curves and follow-up to refine severity-to-loss and progression models by climate/vintage;
public releases enable transfer validation (Ch. 4).

4. Value-oriented forecast post-processing. Optimize calibration and price-spread cor-
relation; report value-of-information in /MWh or % imbalance reduction inside UC/ED
and bidding simulations (Ch. 6).

5. Causal field evaluations. Use modern DiD with staggered rollout and event-study
diagnostics to estimate average treatment effects in deployments; consider stepped-wedge
trials where feasible (Ch. 2).

6. Distributional impact audits. Require subgroup reporting for marketing/PII reforms;
include fairness constraints (minimum recall/exposure parity) in procurements so pro-
grammes do not widen adoption gaps (Ch. 7).

7. System-LCOE and market-value integration. Standardize reporting of system-
LCOE deltas and market value factors alongside plant ∆LCOE for interventions affecting
reserves/curtailment/profile; include storage/flex demand scenarios (Chs. 6–??).

8. Cybersecurity assurance for DER portfolios. Operationalize IEEE 1547.3 in pro-
curement and conformance testing (mutual auth, signed firmware, logging); publish anonymized
incident post-mortems and testbed results for common PV protocols (Ch. 9).

9. Open, audited pipelines. Anchor claims in open-source toolchains (pvlib, PyPSA) with
containerized environments and DOI-linked datasets (ERA5, OPSD, Renewables.ninja);
require Model Cards/Datasheets, ROPES checklists, and Sobol charts in publicly funded
studies (Chs. 9, 10).

10. Procurement-ready templates. Publish templates for (i) forecast→UC/ED valua-
tion, (ii) inspection→warranty economics, (iii) MPPT→annual yield, (iv) CAC/PII cost–
benefit; each defines baselines, inputs, transfer functions, uncertainty, and minimum re-
porting sets (Ch. 10).

11.3 Policy implications

• Target the right levers. In high-penetration systems with intraday liquidity, prioritize
probabilistic forecasting integrated into UC/ED and bidding; where residential soft-costs
are high, prioritize PII & CAC reforms.

• Fund measurement, not marketing. Focus public support on open datasets, stan-
dardized baselines, and field trials that produce transferable knowledge.

• Codify guardrails. Tie incentives for AI-enabled improvements to auditability (open
artifacts), fairness reporting, and cybersecurity conformance as conditions of eligibility.

Final remark. When AI for PV is evaluated within the discipline framework herein pro-
posed—explicit counterfactuals, proper scoring with economic mapping, quantified uncertainty,
governance, and open evidence—the field moves from hopeful claims to credible, replicable im-
pacts on cost, reliability, and equity. This agenda aims to make those impacts easier to verify
and quantify.
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Appendix A Governance and Evidence Package Checklist

A.1 Purpose and scope

This appendix defines a policy-grade evidence package for any claim of economic value from
AI across the PV value chain. It is structured to be auditable by regulators, lenders, and
independent engineers, and to align with: (i) NIST AI Risk Management Framework (AI RMF)
[82]; (ii) proper probabilistic evaluation practice [15, 90–92]; (iii) DER and industrial control
cybersecurity standards (IEEE 1547/1547.3; ISA/IEC 62443; NERC CIP) [85–89]; (iv) ICS
security guidance [107]; and (v) FAIR data principles for reproducibility [106]. Each section
provides: (A) a checklist (with □ indicating verifiable items), (B) what to submit as evidence,
and (C) quantitative acceptance criteria. Where applicable, we reference earlier chapters (e.g.,
Ch. 2, 4, 5, 6, ??).

A.2 Evidence bundle manifest (what to submit)

Provide a single, machine-readable inventory (YAML/JSON) that enumerates all artifacts
referenced in this appendix and in the main text. Include filenames, SHA-256 hashes, ver-
sions/commit IDs, and brief descriptions to enable an auditor to verify integrity and provenance.

Table 19: Submission manifest for an AI value-claim. Use a machine-readable inventory
(YAML/JSON) with file hashes.
Component Content Verification & references

□ Problem definition Use-case, decision, baseline,
counterfactual

Chapter 2; ROPES [90]

□ Data package Train/valid/test splits; lineage;
licenses; schema

FAIR [106]; Model/Datasheets
[83, 84]

□ Model artifacts Code (commit hash), weights,
post-processing

ROPES [90]; Benchmarks
[91, 92]

□ Eval reports Proper scores by hori-
zon/regime; reliability plots

[15, 92]

□ Ops model UC/ED or bidding model; same
engine baseline/new

Ch. 6

□ Econ mapping Transfer functions;
prices/penalties; WACC grid

Ch. 2

□ Uncertainty Monte Carlo set; Sobol indices;
sensitivity set

Ch. 2

□ Cyber SBOM Firmware list; update policy;
comms configs

IEEE 1547.3 [86]; NIST SP
800-82 [107]

□ Network diagrams Zones & conduits; ESP perime-
ters; remote access

IEC 62443 [87]; CIP-005 [88]

□ IR/EL MSA (if used) Measurement system analysis;
calibration logs

Ch. 4

A.3 Model risk evaluation protocol

This subsection defines minimum expectations for probabilistic skill, calibration, shift robust-
ness, adversarial resilience, and reproducibility. Claims must meet all criteria for the intended
deployment domain(s).
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Proper scoring and reliability. For each horizon/regime (clear, broken, overcast) report
CRPS (mean, median, 95% CI), PIT histograms, and reliability diagrams. A claim of “improve-
ment” requires:

• Statistically significant CRPS reduction on the same test periods (paired tests or block
bootstrap), and

• No reliability degradation in PIT-based coverage (e.g., 90% predictive interval empirical
coverage = 90% ± 5 pp) [15, 92].

Distribution shift tests. Evaluate pre/post skill across (i) new weather years, (ii) new
plants/sites (hold-out), and (iii) hardware vintages. Report interval coverage by regime and the
fraction of out-of-domain inputs. Improvements must persist within 10% of in-domain CRPS;
otherwise, gate usage to in-domain envelopes (AI RMF [82]; ROPES [90]).

Adversarial/data-integrity resilience. Apply perturbation tests on key features (irradi-
ance proxies, satellite channels, SCADA) with realistic bounds; document sensitivity of decisions
(UC commitment, reserve MW, bids). Require graceful degradation: no unstable decision flips
under physically implausible but small perturbations; implement plausibility filters and authen-
ticated inputs [93–95].

Table 20: Model-risk acceptance criteria (minimum).
Dimension Metric Minimum acceptance

Calibration 90% interval coverage 90% ± 5 pp across regimes
Sharpness CRPS vs. baseline ≥ 5–10% reduction with

95% CI non-overlap
Shift robustness New years/sites ≤ 10% CRPS loss; coverage

within bands
Security resilience Decision sensitivity No UC/bid instability for

±2σ sensor noise;
authenticated sources

Reproducibility Seeded reruns ≤ 1 pp variance in CRPS
from nondeterminism

A.4 Fairness evaluation protocol (soft-costs and siting)

For soft-cost and siting tools that influence customer acquisition, permitting, or incentives, doc-
ument intended users and affected populations, measure subgroup performance, and implement
guardrails before scale-up.

Documentation. Provide a Model Card and a Datasheet covering intended use, training co-
horts, exclusions, subgroup metrics (recall/PPV by income, race/ethnicity, tenure where lawful),
and transportability limits [83, 84].

Subgroup performance. Report confusion matrices and calibration curves by subgroup on
held-out geographies. Require minimum-recall constraints (e.g., subgroup recall ≥ 0.9 × global
recall) unless a lawful policy goal justifies otherwise. Track ∆CAC and adoption by subgroup
to ensure net benefits do not widen gaps documented in [66, 67].
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Prospective guardrails. Before scaling, run a small prospective trial in new jurisdictions and
re-estimate subgroup metrics. If subgroup calibration drifts by > 5 pp, retrain with constraint
or reweighting; document in the Model Card (AI RMF [82]).

A.5 Cybersecurity controls verification

Submit concrete evidence that devices and networks implicated in the value claim meet mini-
mum segmentation, authentication, update, and incident-response practices for DER and ICS
contexts.

Architecture & segmentation. Submit diagrams of network zones and conduits, VLANs,
and data flows; identify Electronic Security Perimeters (ESPs) for assets in scope (CIP-005-6)
[88]. For plants/factories, apply IEC 62443 zones and documented conduits with firewall rules
[87].

Authenticated/secure control channels. Show evidence of mutual authentication and
encryption (cert inventories, TLS configs, cipher suites) for IEEE 2030.5, DNP3-SA, or Sun-
Spec/Modbus over TLS [86, 108, 109]. Demonstrate replay protection and rate limiting at DER
gateways (NIST SP 800-82 [107]).

Firmware updates and SBOM. Provide signed-firmware policy, rollback protection, up-
date cadence, and a software bill of materials (SBOM). Demonstrate verification logs for updates
in the last 12 months (IEEE 1547.3 [86]).

Incident response. Provide runbooks and evidence of a tabletop exercise in the last 12
months (CIP-008-6) [89]. Include alarm integration for unusual command sequences and failed
authentications (NIST SP 800-82 [107]).

Table 21: Minimum cybersecurity evidence and tests.
Control Evidence Standard(s)

Zones/Conduits Diagrams; firewall configs IEC 62443 [87]
ESP/Remote access Jump-host & MFA logs CIP-005-6 [88]
Secure comms Cert inventories; TLS checks IEEE 1547.3 [86]; NIST

800-82 [107]
Signed updates SBOM; signature logs IEEE 1547.3 [86]
IR playbooks Drill reports CIP-008-6 [89]

A.6 Audit trail and reproducibility

Package artifacts so an independent engineer can reproduce skill and value estimates determin-
istically (modulo hardware nondeterminism), and document any deviations.

Artifact packaging. Provide a single .zip/.tar.zst with a machine-readable manifest (file
names, SHA-256 hashes), Dockerfile or Conda environment.yml, seed settings, and README
with exact commands. Follow FAIR and community benchmarking practice [90–92, 106].

Independent rerun. An independent engineer should be able to (i) re-evaluate skill on the
provided test split; (ii) run the UC/ED or bidding model with both baselines and improved
forecasts; and (iii) reproduce ∆production cost, ∆reserve, and ∆revenues within the stated
CIs. Report any nondeterminism (GPU kernels, multi-threading).
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Change management. Maintain a change log linking model versions to deployment dates
and operating periods used in the valuation (AI RMF governance function [82]). If models
changed during the study period, segment results by version.

A.7 Quantitative acceptance criteria for value claims

The following acceptance criteria must be satisfied jointly for any economic value claim.

• Skill → Value: No claim of economic value without (i) proper-score improvement with
CI, and (ii) end-to-end valuation inside the decision model (UC/ED, reserve, or bidding)
[15, 92].

• Double counting: Use nested baselines when multiple tools apply (e.g., inspection+forecasting)
per Chapter 2; document the order of application and incremental deltas.

• Uncertainty: Provide Monte Carlo distributions for ∆NPV/∆LCOE and variance-based
sensitivity (Sobol totals); highlight dominant drivers.

• Security gating: If secure comms and signed updates are absent for devices involved in
the claim, flag the value as conditional pending remediation (IEEE 1547.3 [86], NIST SP
800-82 [107]).

• Fairness: For soft-cost claims, report subgroup outcomes (conversion, CAC, cancella-
tions) and certify that constraints or mitigations are in place if gaps exceed thresholds
[66, 67, 83, 84].

A.8 Templates (author-facing)

Use these concise templates to ensure consistent, auditable documentation.

Model Card (abstract). Intended use; decision and baseline; training domains; evaluation
splits and horizons; proper scores with CIs; failure modes; shift and adversarial tests; subgroup
metrics (if applicable); change log [83].

Datasheet (abstract). Data provenance; collection period; licensing; known biases; missing-
ness; transformations; privacy considerations; intended exclusions [84].

Cyber bill of materials (SBOM). Vendor SKUs, firmware versions, signing status, last
update date, supported secure protocols (IEEE 2030.5, DNP3-SA, SunSpec/TLS), certificate
expiry, and next scheduled patch window [86, 108, 109].

Decision mapping table. Explicit equations and parameter values linking skill to value
(transfer functions); price/penalty inputs; reserve rules; discount rates; with citations and ranges
(Chapter 2).
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Appendix B One-page submission checklist (fillable)
Instructions. This single page accompanies the full evidence package in Appendix A. Check each item and
supply a pointer (file name, link, or page # in the manifest). Leave comments if any acceptance criterion is not
met (cf. Tables 20 and 21). This checklist summarizes, not replaces, the full evidence package in Appendix A.

Checklist

Item Requirement (summary) Pointer
(file/link/page)

□ Baseline Decision, legacy practice, explicit counterfactual;
scope/time/region aligned

□ Data Train/valid/test splits; lineage; licenses; schema; access method
□ Model Code commit, weights, post-processing; seeds; environment file
□ Skill Proper scores by horizon/regime (CRPS, reliability);

out-of-sample
□ Shift New years/sites/vintages; coverage within ±5 pp; ≤10% CRPS

loss
□ Adversarial Perturbation tests; plausibility filters; stable UC/bid decisions
□ Ops model Same UC/ED/bidding engine baseline vs. improved;

reproducible runs
□ Mapping Transfer functions; prices/penalties; WACC grid; nested

baselines
□ Uncertainty Monte Carlo distributions; Sobol totals; tornado/sensitivity

plots
□ IR/EL MSA Measurement system analysis & calibration (if imaging used)
□ Fairness Model Card + Datasheet; subgroup metrics (if applicable)
□ SBOM Firmware list; signing/rollback; update cadence
□ Network Zones & conduits diagram; ESPs; remote-access controls
□ Secure comms TLS/mutual auth evidence (2030.5/DNP3-SA/SunSpec+TLS)
□ Incident CIP-008-style runbook; last tabletop drill evidence

Acceptance criteria (tick and provide numeric evidence)

Tick Criterion Value / Evidence

□ CRPS reduction ≥ 5–10% vs. baseline (95% CI non-overlap)
□ Predictive interval coverage 90% ∈ [85, 95] pp across regimes
□ Shift robustness: ≤ 10% CRPS loss on new years/sites
□ No UC/bid instability under ±2σ sensor noise
□ Nested baselines applied (no double counting)
□ Monte Carlo & Sobol reported; dominant drivers identified
□ TLS/mutual auth in place; signed firmware + rollback
□ Model Card & Datasheet attached; subgroup metrics OK

Variance decomposition (top three drivers)

List variable name → total Sobol index. #1: #2: #3:

Economic outputs (with 95% CI)

Metric Reported value Notes (prices/penalties, years)

∆ Production cost
∆ Reserve procurement
∆ Curtailment
∆ Starts / cycling
∆ Revenues (bidding)
∆ O&M / Warranty
∆ LCOE / System LCOE

Sign-off
Name Role
Institution Date
Signature Contact
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Appendix C Glossary of Abbreviations
Notes on usage:
(i) Several abbreviations have context-dependent meanings. In particular, PR denotes either
Precision–Recall (machine vision metrics) or Performance Ratio (PV plant KPI); we disam-
biguate as PR (precision–recall) vs. PR (performance ratio) where needed.
(ii) Symbols such as ∆ indicate differences (e.g., ∆LCOE is the change in LCOE).
(iii) For probabilistic forecasts, CRPS refers to the Continuous Ranked Probability Score; CDF
is a cumulative distribution function.

Abbreviation Meaning / Context (where used)

AC Alternating Current (grid-side quantities; Chs. 5–6).
AGC Automatic Grid/Generation Control (real-time regulation; Ch. 6).
AI Artificial Intelligence (statistical learning/optimization across PV value

chain; Chs. 1–9).
AI RMF / RMF NIST Artificial Intelligence Risk Management Framework (governance;

App. A, Ch. 9).
ANL / ANN Artificial Neural Network (forecasting, MPPT, image analytics; Chs. 4–6).
ANSI American National Standards Institute (standards references; Ch. 9).
AS Ancillary Services (reserves, regulation; Ch. 6).
AUC / AUROC Area Under ROC Curve (classifier performance; Ch. 4).
BES Bulk Electric System (scope for NERC CIP; App. A.5).
BESS Battery Energy Storage System (PV+storage operations; Chs. 5–6, 8).
BoS Balance of System (non-module costs; Ch. 3).
CAC Customer Acquisition Cost (soft-costs; Ch. 7).
CAISO California Independent System Operator (case study; Ch. 8).
CapEx Capital Expenditure (project finance; Chs. 2, 7).
CDF Cumulative Distribution Function (probabilistic forecasts; Ch. 6).
CIP Critical Infrastructure Protection (NERC CIP standards; Ch. 9).
CI(s) Confidence Interval(s) (uncertainty reporting; Chs. 2, 4–8).
CRPS Continuous Ranked Probability Score (proper score; Chs. 2, 6, 9).
CV (stats) Coefficient of Variation (dispersion parameter in priors; Ch. 10).
DA Day-Ahead (market horizon; Chs. 6, 8).
DC Direct Current (DC-side controls; Chs. 5–6).
DER Distributed Energy Resource (smart inverter fleets, rooftop PV; Chs. 6–7,

9).
DERMS Distributed Energy Resource Management System (aggregation/control;

Ch. 9).
DFI / FDI False Data Injection (cyber risk; Ch. 9).
DFT Density Functional Theory (materials modeling; Ch. 3).
DG Distributed Generation (behind-the-meter or small front-of-meter PV;

Chs. 6–8).
DJ (phase) Dion–Jacobson phase (2D perovskite interlayers; Ch. 3).
DNP3-SA Secure Authentication for DNP3 (hardened SCADA protocol; Ch. 9).
DOE U.S. Department of Energy (DER cybersecurity guidance; Ch. 9).
ED Economic Dispatch (operations; Chs. 2, 6).
EL Electroluminescence (imaging modality; Ch. 4).
ERA5 ECMWF global reanalysis dataset (long-run weather; Ch. 10).
ESP Electronic Security Perimeter (NERC CIP-005; Ch. 9).
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Abbreviation Meaning / Context (where used)

FAIR (data) Findable, Accessible, Interoperable, Reusable (data principles; Ch. 3,
App. A).

F1 F1-score (classifier metric; Ch. 4).
FPR False Positive Rate (classifier operating point; Ch. 4).
GHI/DNI/DHI Global/Direct/Diffuse Horizontal Irradiance (context; Ch. 8 via climate).
GSA Global Sensitivity Analysis (variance-based; Ch. 2).
HIL Hardware-in-the-Loop (controls testing; Ch. 5).
HOIP Hybrid Organic–Inorganic Perovskite (materials; Ch. 3).
HVAC Heating, Ventilation, Air Conditioning; incidental.
ICS Industrial Control System (cyber/plant networks; Ch. 9).
ID Intraday (market horizon; Chs. 6, 8).
IEC International Electrotechnical Commission (standards; Ch. 9).
IEA PVPS International Energy Agency Photovoltaic Power Systems Programme

(Task 13 reports; Chs. 2, 4).
IEEE Institute of Electrical and Electronics Engineers (standards; Ch. 9).
IEEE 1815
(DNP3)

Distributed Network Protocol 3 for SCADA; see also DNP3-SA (Ch. 9).

IEEE 2030.5 Smart Energy Profile 2.0 over IP (DER communications; Ch. 9).
INC (MPPT) Incremental Conductance (conventional MPPT; Ch. 5).
I–V Current–Voltage (device/array characteristic; Chs. 3–5).
IR Infrared (thermography; Ch. 4).
IR/EL Combined Infrared/Electroluminescence (inspection stack; Ch. 4).
ISO Independent System Operator (market/operator; Chs. 6, 8).
ISO-NE ISO New England (study context in earlier references; Ch. 1).
JSON JavaScript Object Notation (data artifact; App. A).
KPI Key Performance Indicator (technical-to-economic mapping; Chs. 2–7).
LBNL Lawrence Berkeley National Laboratory (Tracking the Sun; Ch. 7).
LCOE Levelized Cost of Energy (plant metric; Chs. 2, 3, 4, 5, 7, 8).
LCOE (system) System LCOE (includes integration costs; Chs. 2, 6).
MAE Mean Absolute Error (forecast metric; Ch. 8 discussion).
MAPE/RMSE Mean Absolute Percentage Error / Root Mean Square Error (deterministic

forecast errors; Chs. 6, 8).
MFA Multi-Factor Authentication (remote-access control; App. A.5).
MHP Metal–Halide Perovskite (materials; Ch. 3).
MIBEL Iberian Electricity Market (Spain/Portugal; Ch. 8).
MPP Maximum Power Point (device operating point; Chs. 3, 5).
MPPT Maximum Power Point Tracking (controls; Ch. 5).
MSA Measurement System Analysis (metrology QA; Ch. 4).
MVF Market Value Factor (relative price of PV; Ch. 8).
NEM National Electricity Market (Australia; Ch. 8).
NERC North American Electric Reliability Corporation (bulk system standards;

Ch. 9).
NIST National Institute of Standards and Technology (US; Ch. 9).
NPV Net Present Value (finance; Chs. 2–8).
NREL National Renewable Energy Laboratory (US; Chs. 4, 7, 8, 9).
NSRDB National Solar Radiation Database (U.S. solar resource; Ch. 10).
NWP Numerical Weather Prediction (forecast input; Chs. 6, 8).
O&M Operations and Maintenance (cost category; Chs. 2, 4, 7).
OPSD Open Power System Data (European time-series; Ch. 10).
P&O (MPPT) Perturb and Observe (conventional MPPT; Ch. 5).
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Abbreviation Meaning / Context (where used)

PCE Power Conversion Efficiency (cell/module; Ch. 3).
PDF (stats) Probability Density Function (probabilistic modeling; Ch. 6 context).
PID Potential-Induced Degradation (failure mode; Ch. 4).
PII Permitting–Inspection–Interconnection (soft-cost process; Ch. 7).
PIT Probability Integral Transform (reliability check for probabilistic forecasts;

App. A.3).
PNAS Proceedings of the National Academy of Sciences (venue; Ch. 7/8 refs).
PPV (classifier) Positive Predictive Value (precision analog; Ch. 4).
PR (metrics) Precision–Recall (classifier operating characteristic; Ch. 4).
PR (perf.) Performance Ratio (energy-normalized plant KPI; Ch. 4).
PV Photovoltaics (domain; all chapters).
PVPS See IEA PVPS (programme; Chs. 2, 4).
PyPSA Python for Power System Analysis (UC/ED/capacity expansion; Ch. 10).
pvlib Open PV modeling library (Python/MATLAB; Ch. 10).
QFLS Quasi-Fermi Level Splitting (device photophysics; Ch. 3).
QA Quality Assurance (manufacturing/field; Ch. 4).
RBAC Role-Based Access Control (device/SCADA access; Ch. 9).
Renewables.ninja Public PV/wind reconstructions platform (long-run series; Ch. 10).
ROC Receiver Operating Characteristic (classifier curve; Ch. 4).
ROC/PR ROC and Precision–Recall (joint reporting; Ch. 4).
ROPES Reproducible, Operational, Probabilistic/Physically-based, Ensemble, Skill

(solar-forecasting guideline; Chs. 6, 9).
RT Real-Time (market/operations; Ch. 6).
SBOM Software Bill of Materials (cyber–supply chain; Ch. 9).
SCADA Supervisory Control and Data Acquisition (plant control system; Ch. 9).
SCED / SCUC Security-Constrained Economic Dispatch / Unit Commitment (implied in

UC/ED; Ch. 6).
SoC (bat.) State of Charge (storage; Chs. 6, 8).
Sobol index Variance-based sensitivity index (global sensitivity; Ch. 2).
SunSpec SunSpec Modbus (DER/inverter protocol; Ch. 9).
TLS Transport Layer Security (secure comms; Ch. 9).
TPR True Positive Rate (classifier recall; Ch. 4).
TPRd Class-conditional True Positive Rate for defect class d (inspection valuation;

Ch. 4).
TSO Transmission System Operator (EU context; Chs. 6, 8).
TTI Time-to-Innovation (program-level metric in materials; Ch. 3).
UAV Unmanned Aerial Vehicle (IR surveys; Ch. 4).
UC Unit Commitment (operations; Chs. 2, 6).
UC/ED Unit Commitment / Economic Dispatch (joint operations model; Chs. 2,

6).
VLAN Virtual Local Area Network (network segmentation; App. A.5).
VoI Value of Information (operational value of improved forecasts; Ch. 10).
V_oc (Voc) Open-Circuit Voltage (cell metric; Ch. 3).
Volt/VAR,
Volt/Watt

Grid-support functions of inverters (AC-side control; Ch. 5).

WACC Weighted Average Cost of Capital (discount rate; Chs. 2, 6–8).
Wh / MWh Watt-hour / Megawatt-hour (energy units; all chapters).
YAML YAML Ain’t Markup Language (artifact manifests; App. A.6).
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Symbols and operators (select)

Symbol Meaning

∆ Difference/change operator (e.g., ∆NPV, ∆LCOE).
Pr(·) Probability (e.g., Pr(d) is prevalence of defect class d).
E[·] Expectation operator (used in valuation equations; Chs. 2, 4–6).
ηtrk MPPT tracking efficiency (Ch. 5).

Standards and guidance (acronyms used)

Abbrev. Expanded form / role

IEEE 1547 DER interconnection/interoperability standard (Ch. 9).
IEEE 1547.3 Guide for DER cybersecurity (Ch. 9).
IEC 62443 Industrial automation/control systems security (zones/conduits; Ch. 9).
NERC CIP-
005/008

ESP/Incident response requirements for BES assets (Ch. 9).

NIST (Inverter
Guide)

NIST guidance for smart inverter cybersecurity (2024; Ch. 9).
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