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Performance Assessment of Utility PV Systems

* Photovoltaic (PV) power generation provides low-cost
renewable energy

- Growing deployment of utility-scale power plants
throughout the world

e Utility PV system operation and monitoring

- High-quality operational datasets including system and
environment

- Limited analytical capabilities to assess operational
performance

* System (under)performance assessment
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— Quantify real performance of PV systems, ideally with

high accuracy and in real-time iy -

| "
~ Identify and quantify underperformance factors (faults, yi / ' W—_\Wwf

degradation, soiling, curtailment) . r _'

- Improve operational efficiency, optimise O&M decisions, |
maximise financial performance |
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Outline

* The Context:
—- System (under)performance assessment (expectation models)

- Performance assessment methods (performance ratio, physical digital-twins)

* The Problem:
- Case study objectives, details (site, dataset), model (PVsyst) simulations

—~  Model (in)accuracy (variance), practical limitations (error), missing capabilities (real-time)

e The Solution:

- Data-driven models (machine learning), advanced learnt digital-twins (capabilities)
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Performance Expectation Models

* Performance expectation model (complex system)

- Require baseline model of expected operation
(physically-informed) for reference

~  Predict output power from inputs (irradiance) and
operational environment (eg temperature)

—  Account for operational dynamics (weather variability),
unique site configuration

* Practical performance assessment requirements:
— Analysis should be accurate and easy to apply

— Quantify small loss factors (eg. degradation or soiling at
1-5% p.a.)

—~ Enable probabilistic prediction of future performance
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Existing Performance Assessment Methods

* Two ends of a spectrum: simple data-driven models to complex physical model simulations

~  From data with corrections (eg irradiance, environment) or simulate full system (eg PVsyst models)

* Two common representative methods to assess system performance:

- Performance Ratio (PR) from operational data, - Digital twins (DT) to simulate expected generation
simple power-in to power-out factor (normalise) using complex physical models (simulate)
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Performance Assessment Methods: Performance Ratio

* Simple power expectation (performance ratio)

—- Basic assessment of system performance from
operational data

— Calculate ratio: input power (irradiance) to
output power (generation)

~- Apply weather corrections (eg temperature) to
improve accuracy

* Limitations of simple PR analysis

~ Limited corrections (eg no site specific
configuration, spectral influence, etc.)

— Cannot easily separate influence of common
faults or curtailment

~ Significant variability and noise, require
dataset filtering
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Performance Assessment Methods: Digital-Twin Model

Full-system physical models (digital-twins)

— Industry standard models (eg PVsyst) with full system specs
(components, wiring, layout, etc)

- Enable simulations for performance assessment, fault
detection, yield forecasting

Limitations of current physical digital-twin models:

—~  Component models feature assumptions, bias’, approximations,
simplifications of underlying physics

- Inaccuracy in digital-twin models directly leads to limited or
inaccurate performance assessment
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Case Study: Analysis of Utility PV System with PVsyst

* Study objectives:

— Assess practical PVsyst accuracy for utility PV system
performance assessment

- Identify potential alternative methods for
performance assessment (address limits)

* Industry-standard PVsyst-based digital-twin model

— Data from utility-scale (100MW) PV power plant in
NSW, ~4 years operation (2020-2024)

~  Developed full-system PVsyst model (components,
layout, interconnects, etc)

* Analysis of model simulations, accuracy

—  Perform model simulations for prediction of power
output from inputs (environment)

—~  Compare prediction to actual site operational
measurements (generated power)
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Results: PVsyst Simulations vs Actual Measurements

« Simulation (in)accuracy analysis

« Compare PVsyst model simulations (blue)
to actual measurements of generated
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« Highlight variance (green), difference
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* Key observations: 2

« Intra-daily (hourly limit) variance can 5o 500
exceed 30% error under highly variable

conditions (eg dynamic cloud cover) 1000

—100 1

« Primary source of error is hourly time
resolution of simulation
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Results: PVsyst Simulations vs Actual Measurements

» Aggregate simulation (in)accuracy

Compare full year period at hourly
sample resolution

Average intra-daily variance (green) +-
5MW (10% error) about zero

Absolute error remains high (5-30MW),
but aggregate error is low (< 1MW) over
the year

Cannot easily model fault events or
curtailment to separate for performance
assessment

Power [MW]

150 -

100 A

Ln
=
1

=
1

—100 4

—2000
— Meas. Pow. Meas. POA
— Sim. Pow.
L 1500
— Diff Power Fault
- —1000 —
| IE
| 500 =
[4N]}
[ %)
=
ke
| ~ | B -0 E
| =
1t Error Iy <
i F500 O
] [ I
1h '
La L - 1000
L
Sensor Fault Las
- 1500
2022-01 2022-03 2022-05 2022-07 2022-09 2022-11 2023-01
\\!
:‘5“ &
10 m=



Results: PVsyst Simulations vs Actual Measurements

Simulation (in)accuracy analysis (variance)

— Aggregate hourly variance distribution over full

period 4
- Low absolute error (below 1%) over long BN Variance (Model vs Actual)
aggregation periods (months to years)
3 -

-~ Skewed variance distribution indicates

underperformance
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- Zero-centered standard normal for minimal 1
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Underperformance ] Fault Events
- Bias of actual underperformance (-25<X<10 0 N | 1A A T e et e et
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Study Summary: Analysis of PVsyst Accuracy

* Simulation (in)accuracy analysis (variance)

— Intra-daily variance can exceed 30% error
under highly variable conditions

—  Aggregate error is below 1% over the the year
(excluding fault events)

* Practical outcomes of PVsyst analysis:

— Accurate for yearly retrospective performance
assessment, but not for intra-yearly (towards
real-time)

~ Magnitude of baseline error (~1% p.a.) limits
resolution of underperformance factors (eg
degradation or soiling, ~1-5% p.a.)

— Cannot easily separate or quantify
underperformance components

PVsyst Power (MW)

100 A

80 A

60 -

40 -

20 A

Scatter Plot of PVsyst Power (MW) vs Measured Power (MW)

R? =0.93
MAE = 2.59

4

® S

Measured Power (MW)

12

- 1200

- 1000

- 800

- 600

POA Irradiance mean (Avg )

- 400

-200

Artificial intell igence | Characterisation
Defects | Contacts



The Solution: Advanced Digital Twin Models

* Machine Learning (ML) models as digital twins
- Leverage existing high-quality operational datasets
~ Learn system behaviour directly from observations

~ Avoid complex model configuration, live updating

* Hybrid models combining data-driven methods and physically-based
models

~ Maintain confidence of existing models (eg PVsyst)
—- Enhance utilisation of high-quality operational data

—- Enable novel capabilities (underperformance factors
deconvolution, probabalistic prediction)

* Improved performance assessment of utility PV systems
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Example: Data-Driven Digital-Twins

. Devel_oplng data-driven digital-twins using machine 1001 pyeyst modelled 100{ 4 Modelleg
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Research Direction: Advanced Learnt Digital-Twins

[note: synthetic example dataset]

* Advanced learnt digital-twins (capabilities)

=
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~ Generative learning methods (eg VAEs)

—- High accuracy models learnt directly from operational
datasets
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~ Avoid complex model configuration, capture unique site-
specific behaviour

— Separate and quantify individual components of
underperformance
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Conclusions: Future of Digital-Twins

* Summary of PVsyst study (limitations)

~  PVsyst provides reasonable baseline for PV system
performance expectation (<1% error)

« Accuracy is limited to long assessment periods
(aggregation of months-years)

~ Intra-daily error can exceed 30% under high variance
(cloudy days), no real-time analysis

— Difficult to configure, separately quantify
underperformance (fault events, curtailment)

* Learnt digital-twins (potential solution)

—~  Machine learning-based digital-twin models for
advanced (under)performance assessment

—- Learnt directly from operational data with minimal
configuration, dynamic updating

—  Classification and quantification of separate
underperformance components
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