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Abstract

The deployment of photovoltaic (PV) systems accelerates worldwide and
reached a global installed capacity reaching 1,858 GWp in 2024, France ac-
counting for 25 GWp. However, PV grid integration is hindered by lim-
ited rooftop PV observability, as transmission system operators (TSOs) lack
direct measurements of small-scale systems. This study provides the first
national-scale benchmarking of the French TSO’s statistical method against
a physics-based approach using remote-sensing PV registries and weather
data. Using ground-truth measurements from rooftop PV systems across
France (2020-2023), we evaluate accuracy, robustness, and operational trade-
o!s of both methods. Results show comparable accuracy (aggregated errors
of approximately 4%), with the TSO method demonstrating superior robust-
ness and the physics-based approach o!ering greater adaptability. The TSO
method performs better than expected under current conditions but faces
challenges from evolving PV systems, as self-consumption installations now
represent 60% of new capacity. Findings highlight the critical importance of
accurate PV registries for grid reliability, with implications extending beyond
France to other regions with rooftop PV integration challenges.
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1. Introduction

The global installed capacity of photovoltaic (PV) systems has been grow-
ing exponentially to support the decarbonization of electricity systems (Haegel
et al., 2017). In 2024, worldwide PV capacity reached 1,858 GWp, with
France accounting for 25 GWp as of March 2025. Between 2023 and 2024,
this represented growth rates of nearly 20% globally and 25% in France (In-
ternational Renewable Energy Agency (IRENA), 2025; RTE France, 2025).

A key challenge accompanying this rapid expansion is the integration
of rooftop PV electricity into power grids. Transmission system operators
(TSOs) often lack direct measurements of rooftop PV production, particu-
larly for installations below 36 kWp—hereafter referred to as “rooftop PV”
or “small-scale distributed PV systems”—which account for nearly 25% of
France’s total installed PV capacity (approximately 5 GWp as of May 2025).
This lack of accurate measurements, known as limited rooftop PV observ-
ability (Kasmi, 2024), can create significant operational risks for TSOs. As
highlighted by RTE, the French transmission system operator, and the Inter-
national Energy Agency (IEA): “With current models and data, the solar PV
contingency would dramatically increase during sunshine hours (especially at
sunrise, when forecasts are less accurate), particularly at short-term horizons
if generation forecasts are not improved” (RTE France and IEA, 2021).

Improving rooftop PV observability is therefore a prerequisite for safe grid
integration. This raises a central question: How accurate are the estimation
methods currently employed by TSOs for estimating aggregated rooftop PV
production, and can alternative approaches improve observability at national
scale?

Grid integration of rooftop PV requires accurate knowledge of installed
capacity at regional or national scales and the ability to reliably estimate and
forecast rooftop PV power production (Kasmi, 2024; Huxley et al., 2022).
Significant uncertainties persist in both installed capacity assessment and
power estimation, despite recent methodological improvements (Pan et al.,
2022b; Walch et al., 2021).

Regarding knowledge of underlying PV systems, recent advances in re-
mote sensing and deep learning have enabled the creation of detailed rooftop
PV registries. Many regions, particularly in Europe and the United States,
have been mapped using airborne and satellite imagery (Yu et al., 2018;
Kasmi et al., 2022; Arnaudo et al., 2023). These registries provide key system
characteristics—location, installed capacity, tilt, and azimuth angles—that
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can be combined with weather data and physical conversion models to esti-
mate PV power production (Dobos, 2014).

Kasmi et al. (2024) recently demonstrated that such a physics-based ap-
proach, relying on the PVWatts model, can produce accurate estimates of
individual rooftop PV power production. However, no comparison or evalu-
ation of the TSO’s approach at the country scale has been proposed.

The present study builds on the framework of Kasmi et al. (2024) to
propose the first evaluation and benchmark of the French TSO’s method
for estimating rooftop PV power production, thereby contributing to the
assessment of how accurate and reliable current methods are. We evaluate
the TSO’s method using a curated dataset of ground-truth power measure-
ments from rooftop PV systems across France over the 2020–2023 period.
Building on Kasmi et al. (2024), we benchmark the TSO’s approach against
a method that estimates individual power production of rooftop PV sys-
tems using sparse system characterization combined with solar irradiance
and temperature data, all retrievable at the scale of a country or a TSO’s
control area.

Our central results show that the TSO’s estimation method performs
adequately under three specific conditions: (i) su”cient density of mea-
sured PV systems to avoid interpolation errors, (ii) accurate knowledge of
installed capacity (the primary source of uncertainty), and (iii) minimal self-
consumption or behavioral changes in distributed PV usage.

When condition (i) is not met, the physics-based method of Kasmi et al.
(2024) o!ers a viable alternative, performing comparably to the TSO’s ap-
proach without sensitivity to interpolation errors. Condition (ii) shifts un-
certainty from estimation methods to fleet characterization, highlighting the
importance of accurate PV registries. Condition (iii) is already changing, as
self-consumption systems now represent 60% of rooftop PV systems, raising
immediate questions about how evolving consumption patterns will a!ect
estimation accuracy. On this latter point, accurate individual estimates of
rooftop PV power production can serve as inputs to more sophisticated mod-
els that account for consumption patterns and behavioral changes.

Contributions. This work o!ers the following contributions: First, we present
the first national-scale evaluation of the French TSO’s rooftop PV power es-
timation methodology against ground-truth data for small-scale PV systems.
Second, we quantify the accuracy of the TSO’s method and compare it with
a physics-based approach leveraging remote-sensing-derived rooftop PV reg-
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istries and weather data. Third, we demonstrate that the physics-based
method of Kasmi et al. (2024) slightly outperforms the TSO’s approach at
the individual system level, albeit with lower robustness to errors in indi-
vidual system characterization. Finally, we discuss the implications of these
findings for rooftop PV observability and grid integration strategies beyond
the French use case.

2. Background and related works

2.1. Background: PV observability in France

Definition and overview. Kasmi (2024) defines observability as “the ability
of the TSO to accurately estimate a power unit’s real-time and future produc-
tion.” This definition encompasses three distinct levels of data availability
that determine how the TSO, in our case RTE, monitors and estimates power
production.

At the highest level, RTE has direct access to real-time measurements
of power production. This applies to systems connected to the transmission
network, including conventional power plants, approximately 80% of wind
power plants, and a limited number of PV plants (24 systems representing
869 MWp as of May 2025). When real-time data is unavailable, RTE re-
lies on ex-post measurements—actual production data typically available 48
hours after generation occurs. These delayed measurements serve as ground
truth for calibrating power estimation models that provide real-time produc-
tion estimates for similar systems. At the lowest level are systems with no
measurements at all, termed “not observable.” For these installations, RTE
cannot assess the accuracy of estimation and forecasting methods, creating
significant operational uncertainty.

Therefore, in practice, observability translates to a simple operational
criterion: a system is observable if and only if RTE has access to either
real-time or ex-post measurements of its actual production. Table 1 illus-
trates how PV system observability in France varies dramatically by instal-
lation size. Until recently, most unobserved systems were small installations
below 36 kWp (Kasmi et al., 2024). However, the situation has deterio-
rated significantly: by May 2025, approximately 50% of systems between
250–1000 kWp and 35% of systems above 1000 kWp remain unobserved.
This trend likely reflects the challenge of deploying metering infrastructure
at scale—in periods of rapid market growth, new installations are commis-
sioned faster than monitoring capabilities can be implemented.

4

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5385856

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



Table 1: PV installation observability by power class (May 2025). Percentages in italics.

TN: transmission network; DN: distribution network. Bold values highlight shares of

unobserved PV capacity and installations. Source: RTE.

Observed Not observed

Power Installed capacity Number of Installed capacity Number of
class installations installations kWp¿kWp

[MWp] [-] [MWp] [-]

→ 36 54.4 2,254 4816.6 1,002,962
(%) 1.1 0.2 98.9 99.8

36-250 7707.8 60,278 801.6 6,325
(%) 90.6 90.5 9.4 9.5

250-1000 575.3 1,045 658.9 1,119
(%) 46.6 48.3 53.4 51.7

↑ 1000 (DN) 9998.3 1,950 5553.6 1,651
(%) 64.3 54.2 35.7 45.8

↑ 1000 (TN) 869 24 0 0
(%) 100 100 0 0

Total 19162.8 65,527 11,830.7 1,012,057
(%) 75.3 6.1 38.2 93.9

Operational and economic implications of poor observability. The implica-
tions of limited observability are substantial and multifaceted. Observability
underpins all TSO operational tasks, from real-time grid management to
forecasting, as RTE’s models require historical production data for training
and validation. For unobservable systems, the TSO must rely on statistical
estimation methods (detailed in Section 4.2.3); however, without ground-
truth measurements, the accuracy of these methods cannot be assessed. This
lack of validation introduces significant uncertainty into operational decision-
making.

The operational implications extend beyond technical accuracy to mea-
surable economic consequences. While TSOs can provide real-time estimates
of unobserved PV production, the significant uncertainties associated with
these estimates can lead to suboptimal operational decisions and ine”cient
resource allocation. The cost-causation principle established by Milligan
et al. (2011)—that “those individuals who cause costs to the system should
pay for those costs”—becomes di”cult to implement when estimation uncer-
tainties are large. High uncertainty in individual system production estimates
prevents precise attribution of grid impacts to specific Balance Responsible
Parties (BRPs), forcing the TSO to absorb imbalance costs that cannot be
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accurately traced to their source. As the “balancing authority of last re-
sort,” the TSO ultimately bears the financial burden of system imbalances
when uncertainties prevent proper cost attribution, leading to ine”cient risk
allocation and socializing costs that should be borne by individual market
participants.

This deteriorating situation has grown more acute over time: the non-
observed installed capacity increased from 3,771 to 11,831 MWp between
September 2023 and May 2025, representing growth from 22% to 38% of
total installed capacity (Kasmi et al., 2024). As highlighted in RTE France
and IEA (2021), this trend raises concerns at the national level, with warnings
that continued poor observability could significantly increase costs associated
with grid imbalances and redispatch measures.

2.2. Regional TSO approaches to PV estimation

To address observability challenges, transmission system operators have
developed operational estimation methods that can be broadly classified into
two categories: statistical approaches that exploit spatial correlations be-
tween systems, and physics-based approaches that combine meteorological
data with PV system models. These TSO methods, which form the basis of
our evaluation, prioritize operational reliability and computational e”ciency
over methodological sophistication.

Statistical upscaling methods. The upscaling approach (Schierenbeck et al.,
2010; Lorenz et al., 2011) represents the traditional method for PV produc-
tion estimation in the absence of telemetry. This technique involves esti-
mating a capacity factor—the ratio between actual power output and rated
capacity—based on the production of nearby metered reference plants, then
applying this capacity factor to unmetered plants for which only installed
capacity is known.

A key limitation is that reference plants may not share the same technical
characteristics as target plants, leading to representativeness errors (Saint-
Drenan et al., 2016). These errors become particularly problematic when
meteorological conditions vary spatially or when system configurations dif-
fer significantly between reference and target installations. For distributed
rooftop PV systems, this representativeness challenge is amplified by the
heterogeneous nature of installations, which vary significantly in technology,
orientation, shading conditions, and maintenance practices compared to the
utility-scale reference plants typically used for upscaling.
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Weather-based physics approaches. Physics-based regional methods combine
meteorological data with physical PV models to estimate regional production
without requiring detailed plant characteristics. This approach has gained
attention in the TSO community due to its ability to leverage numerical
weather prediction (NWP) models and satellite-based irradiance data.

Saint-Drenan et al. (2015) proposed a probabilistic approach based on
physical PV system models and solar irradiance data, requiring only ba-
sic parameters—location, tilt and azimuth angles, and nameplate capacity.
Building on this framework, Saint-Drenan et al. (2018) developed a compre-
hensive approach that couples physical PV models with statistical distribu-
tions of plant configurations, achieving relative RMSE of 3.8-4.2% and biases
of -2.4 to 0.1% when validated against TSO data from France and Germany
at three-hourly resolution.

The weather-based approach leverages satellite-based remote sensing for
irradiance data (5-15 minute resolution) and NWP models for meteorological
variables at hourly resolution (Qu et al., 2017).

Critical limitations of regional approaches. Despite strong aggregate perfor-
mance metrics (3.8-5% RMSE), regional TSO methods reveal fundamental
limitations when applied to distributed rooftop PV systems that actually
contribute to, rather than resolve, observability challenges.

Validation methodologies in this field typically compare regional meth-
ods against TSO aggregate data, e!ectively using the TSO as ground truth.
However, as demonstrated in Table 1, TSOs themselves rely on estimation
methods for 38% of installed capacity, meaning the “ground truth” used for
validation is itself uncertain. This study addresses this validation challenge
by using independent ground truth measurements, avoiding the circular de-
pendency on TSO-estimated data for validation purposes.

The scaling problem is particularly acute for rooftop PV systems. Un-
like utility-scale installations where individual plant characteristics can be
surveyed and monitored, rooftop PV presents a “many-small-systems” chal-
lenge where individual system diversity cannot be captured by traditional re-
gional statistical approaches. Weather-based methods partially address this
through physical modeling, and probabilistic approaches like those developed
by Saint-Drenan (2016) attempt to account for uncertainty in system con-
figurations through statistical distributions of plant parameters. However,
the reliance on assumed distributions of “typical system configurations” may
still not fully reflect the actual heterogeneity of system characteristics in real
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deployments, particularly as rooftop PV adoption expands into more diverse
installation contexts.

2.3. Global challenges in distributed PV estimation

While TSOs have developed regional operational approaches, the broader
research community has pursued alternative methodologies to address similar
observability challenges worldwide, primarily focusing on distributed behind-
the-meter systems. This research has followed a parallel methodological di-
chotomy: statistical disaggregation approaches that exploit consumption pat-
terns, and physics-based methods that combine system characteristics with
meteorological data.

Scale and methodological diversity of the invisible PV problem. The observ-
ability challenge extends globally, a!ecting grid operators across diverse mar-
kets and regulatory frameworks. Shaker et al. (2015) systematically charac-
terized this “invisible solar” phenomenon, documenting over 246,000 unmon-
itored small-scale distributed PV projects totaling 2,374 MWp in California
alone by 2015. Australian projections suggest distributed energy resources
could provide 13-22% of total electricity consumption by 2040, predominantly
through unmonitored behind-the-meter systems (Pan et al., 2022a).

Researchers have developed numerous approaches for estimating behind-
the-meter PV generation, broadly classified into data-driven and model-based
methods (Wu et al., 2022). Data-driven approaches subdivide by supervision
requirements: supervised methods utilize historical measurements from rep-
resentative sites, semi-supervised approaches leverage partial labeling, while
unsupervised methods attempt to extract PV generation using only net load
measurements and exogenous variables.

Recent advances include federated learning for privacy preservation (Lin
et al., 2022), deep learning architectures incorporating spatiotemporal corre-
lations (Pan et al., 2022a), and neural network approaches achieving mean
absolute errors below 6.2% under full observability and 8.6% under partial
observability scenarios (Cheung et al., 2019).

Fundamental constraints of disaggregation approaches. Despite methodolog-
ical sophistication, invisible PV research faces critical limitations that con-
strain practical deployment. Most approaches focus on aggregated estimation
at feeder or regional levels, providing limited insight into individual system
performance needed for detailed grid planning. These methods increasingly
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struggle with evolving distributed energy systems, particularly solar-plus-
storage deployments that smooth out fluctuations typically exploited for dis-
aggregation (Chen and Ardakanian, 2022).

Their reliance on statistical patterns makes them vulnerable to changes in
consumption behavior and technology adoption that can invalidate historical
relationships. Most methods require substantial training data or represen-
tative proxies, limiting applicability in data-sparse regions or for emerging
system configurations. Validation challenges are compounded by varying
temporal scopes, geographic scales, and performance metrics across studies,
preventing standardized performance comparisons.

Individual system-level approaches have begun emerging to address these
constraints. Studies have analyzed systems ranging from 15 Swiss homes
(Walch et al., 2021) to 740 Australian systems (de Hoog et al., 2021), but
validation reveals significant accuracy challenges. Walch et al. (2021) demon-
strated that while PV area detection can be accurate, hourly production es-
timation su!ers from systematic overestimation, with mean annual errors of
16% and higher errors in winter conditions.

2.4. Physics-based individual system estimation

The limitations of both aggregate invisible PV methods and traditional
TSO approaches have motivated research into individual system-level esti-
mation techniques that combine operational practicality with methodological
rigor.

Remote sensing for system characterization. Tracking individual rooftop PV
systems poses significant challenges for system operators due to their de-
centralized nature. While some countries maintain public registries, uncer-
tainties regarding data accuracy persist (Huxley et al., 2022). Remote sens-
ing approaches using aerial or satellite imagery have emerged as promising
methods for reducing uncertainty in rooftop PV capacity estimation, with
applications demonstrated across multiple countries (Yu et al., 2018; Mayer
et al., 2022; Kasmi et al., 2022).

Advanced approaches construct technical registries containing system char-
acteristics such as location, capacity, tilt, and azimuth angles that can be
combined with weather data and physical conversion models to estimate in-
dividual PV power production.
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Validation challenges and research gaps. Kasmi et al. (2024) demonstrated
that individual rooftop PV production can be accurately estimated using
minimal technical parameters derived from remote sensing combined with
weather data and physical conversion models, achieving approximately 10%
pRMSE for individual system estimation. This physics-based approach ad-
dresses several limitations of existing methods by providing system-level es-
timates, relying on physical principles rather than statistical patterns, and
requiring only geometric and location data obtainable through remote sens-
ing.

However, this work did not benchmark physics-based individual esti-
mation methods against statistical upscaling approaches currently used by
TSOs, leaving critical questions about their relative accuracy and operational
viability unanswered. The literature reveals a consistent methodological pat-
tern where statistical approaches compete with physics-based approaches
across spatial scales, but direct performance comparisons are complicated
by varying validation scales, temporal resolutions, and geographic contexts.

Research positioning and contribution. To our knowledge, this study pro-
vides the first systematic comparison between TSO statistical methods and
physics-based individual estimation using ground-truth power measurements
for rooftop PV systems at national scale. This comparison is unprecedented
in its geographical coverage (entire France), temporal granularity (hourly
resolution), and integration of remote-sensing-derived technical data.

Our research addresses three critical gaps: First, the lack of head-to-head
comparison between statistical upscaling (the current TSO standard) and
physics-based individual estimation under identical validation conditions.
Second, the absence of national-scale validation studies that account for the
full heterogeneity of system types, locations, and performance characteris-
tics present in real deployments. Third, the limited understanding of how
estimation method performance scales from regional aggregation to individ-
ual system accuracy—a critical consideration as grid management becomes
increasingly distributed.

By bridging operational TSO practices with emerging research in indi-
vidual rooftop PV estimation and breaking the circular validation problem
through independent ground-truth data, this study aims to inform evidence-
based decisions about observability investment priorities and method selec-
tion for di!erent operational contexts.
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3. Data

This study builds upon the dataset introduced in Kasmi et al. (2024),
extending it with operational TSO measurements to enable national-scale
benchmarking of PV estimation methods. The integration of production
measurements from the French Transmission System Operator (TSO), RTE,
with independent ground truth measurements provides a comprehensive val-
idation of operational TSO estimation methods against external data sources
at national scale.

3.1. Ground Truth Data: Individual Rooftop PV Systems

3.1.1. Dataset characteristics
High-resolution power output data from individual rooftop PV instal-

lations across mainland France were obtained from the nonprofit associa-
tion Asso BDPV. The installations form a subset of the BDAPPV dataset
(Kasmi et al., 2023), with power values recorded at 30-minute intervals for
grid-connected systems.

The systems are distributed across mainland France (Figure 1a) with
diverse technical characteristics (Figure 2), providing comprehensive coverage
of French rooftop PV deployment patterns. The temporal coverage spans
multiple seasons and weather conditions, capturing operational variability
essential for robust estimation method validation.

Regarding self-consumption, all systems in our dataset represent total PV
production rather than net grid injection. The measurement infrastructure
connects directly to the PV inverter output, capturing gross generation be-
fore any local consumption. This configuration was verified through manual
inspection of power production curves, which consistently align with physics-
based simulations that model gross generation without consumption o!sets.
Therefore, our ground truth data represents the actual PV production that
estimation methods aim to predict, eliminating potential bias from unknown
consumption patterns.

3.1.2. System representativeness
The 906 systems provide national geographic coverage with characteristics

representative of French residential PV deployment. System capacities range
from 1.2 to 9.8 kWp, with an average of 3.5 kWp, consistent with residential
rooftop installations that dominate the unobserved PV population identified
in Section 2.1.
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(a) Spatial distribution of metered PV systems from BDPV.

(b) Individual 30-minute power output time series from representative installations.

Figure 1: Ground truth data overview: (a) spatial distribution of rooftop PV systems

with power measurements, and (b) sample power output time series.

While the volunteer-contributed nature of our dataset may introduce se-
lection bias toward more engaged system owners, this does not necessarily
indicate better-maintained systems. Rather, our sample likely represents
”solar enthusiasts” willing to share performance data, which may include
both high and low-performing installations. Importantly, our systems ex-
hibit representative characteristics in terms of geographic distribution, ca-
pacity range (1.2-9.8 kWp, average 3.5 kWp), and technical configurations
when compared to the broader French residential PV population. The 255-
system subset with both production and remote-sensing data represents a
random subsample, further supporting the validity of our findings for typical
rooftop installations.

3.2. System Technical Parameters

Physics-based estimation requires three fundamental system parameters:
installed capacity, tilt angle, and azimuth angle. Two complementary data

12

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5385856

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



sources provide these parameters for comprehensive method evaluation.

Figure 2: System parameter distributions: ground truth (BDPV, blue) versus remote sens-

ing estimates (DPVM, orange). Di!erences quantify the accuracy of automated parameter

extraction for operational applications.

Ground truth technical registry (BDPV). Self-reported system parameters
from BDPV provide ground truth values for installed capacity, tilt, and az-
imuth angles. These owner-reported specifications represent the most accu-
rate available characterization of actual system configurations for validation
purposes.

Remote sensing registry (DPVM). The DeepPVMapper (DPVM) registry
Kasmi et al. (2022) provides automated parameter extraction from aerial
imagery for over 400,000 installations. System capacity estimates derive
from detected panel areas using linear power density assumptions, while
tilt and azimuth angles are estimated using the Python library PyPVRoof
(Trémenbert et al., 2023).

The intersection of 1,485 DPVM installations with 906 validated BDPV
systems yields 255 systems with both ground truth power measurements and
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remotely-derived parameters. These systems maintain broad geographic dis-
tribution and preserve variability in orientation and capacity characteristics
required for national benchmarking.

Figure 2 compares parameter distributions between ground truth (BDPV)
and remote sensing estimates (DPVM). DPVM systematically underesti-
mates tilt angles and shows discretization e!ects in azimuth estimates, re-
flecting automated extraction limitations. The average capacity is 3.5 kWp,
representative of French residential installations.

3.3. Meteorological Data

Physics-based PV estimation requires high-quality meteorological inputs
synchronized with power measurements. Two data sources provide compre-
hensive environmental coverage.

Solar irradiance. Solar irradiance data from the Copernicus Atmospheric
Monitoring Service (CAMS) (Qu et al., 2017) provide 15-minute historical
values at 3 km resolution across France. The dataset includes global, direct,
and di!use horizontal irradiance components derived from MSG SEVIRI
satellite imagery and CAMS aerosol forecasts. Values were aggregated to
30-minute intervals and spatially interpolated to PV system locations using
bilinear interpolation.

Temperature. Ambient air temperature at 2 m height from ERA5 reanalysis
(Hersbach et al., 2020) provides hourly values at 31 km resolution. Temper-
ature data were linearly interpolated to 30-minute resolution and spatially
matched to maintain synchronization with irradiance and power measure-
ments.

3.4. TSO Operational Data

Integration of operational measurements from RTE enables independent
validation of TSO estimation methods using comprehensive ground truth
data, addressing limitations of previous validation approaches that rely on
TSO aggregate data.

3.4.1. Observable fleet characteristics
As of May 2025, RTE’s registry contains 1,107,584 grid-connected PV

systems, with 6.1% classified as observable (Table 1). From this observable
fleet, 10-minute power measurements for 68,000 systems covering 2020-2023
provide operational data for upscaling method evaluation. Measurements
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were converted to 30-minute energy values through integration and resampled
to match ground truth temporal resolution.

3.4.2. Reference system selection
Implementation of RTE’s spatial neighbor selection algorithm for 255 tar-

get systems identified 1,824 unique reference systems. These systems exhibit
mean capacity of 283 kWp (80 times larger than target rooftop systems)
with average spatial separation of 7.44 km (median: 6.39 km, maximum:
30.97 km).

Spatial distances fall within single CAMS pixels (11 km × 8 km), where
solar irradiance remains constant (Saint-Drenan et al., 2016), validating me-
teorological consistency assumptions. However, the substantial capacity dif-
ference (283 kWp vs. 3.5 kWp) demonstrates the scale mismatch inherent in
current TSO upscaling methodology.

Figure 3 shows distance distributions and geographic locations, demon-
strating national validation coverage.

(a) Distance distribution between RTE reference

and target systems.

(b) Geographic distribution of reference (red) and

target (blue) systems.

Figure 3: TSO upscaling validation setup: spatial relationships between reference and

target systems enable national-scale evaluation of operational estimation methods.
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3.4.3. Validation methodology
The integration of operational TSO data with ground truth measure-

ments enables independent assessment of estimation method accuracy. TSO
performance is evaluated using RTE reference data and operational algo-
rithms, while physics-based methods use meteorological inputs and remote
sensing parameters. Both methods are validated against identical ground
truth targets, enabling direct performance comparison.

This approach provides independent validation of TSO estimation accu-
racy using ground truth data, addressing limitations of previous studies that
validate TSO methods against TSO aggregate data. We provide the first
comprehensive validation for the French context, which has received limited
academic attention despite France’s position as a major European PV mar-
ket.

4. Methods

4.1. PV Power Estimation Methods

This section presents two methodological approaches for estimating indi-
vidual rooftop PV power output: statistical methods that extrapolate from
nearby metered systems, and physics-based methods that simulate PV pro-
duction using environmental and system characteristics. The comparison
enables assessment of operational accuracy and scalability for grid applica-
tions.

Statistical approaches include the classic upscaling method (Schieren-
beck et al., 2010; Lorenz et al., 2011) and RTE’s operational implementa-
tion. Physics-based models utilize simplified physical relationships and are
particularly suited for applications with detailed system metadata from PV
registries Kasmi et al. (2024).

4.2. Statistical Upscaling Methods

4.2.1. Upscaling framework
The upscaling approach infers normalized power output of an unmoni-

tored system k at time t, denoted p
(k)

norm,t, using a weighted combination of
normalized outputs from n nearby metered systems:

p
(k)

norm,t =
n∑

i=1

wip
(i)

norm,t where
n∑

i=1

wi = 1 (1)
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Weights wi are derived from spatial proximity, exploiting meteorological
correlation between geographically close systems.

4.2.2. Distance-weighted upscaling
The baseline upscaling implementation assigns weights inversely propor-

tional to geographic distance:

p
(k)

norm,t =
n∑

i=1

d(k, i)→p

∑
n

i=1
d(k, i)→p

p
(i)

norm,t, p > 0 (2)

where d(k, i) is the geographic distance between systems k and i. This ap-
proach, denoted Upscaling, provides continuous weighting based on spatial
correlation.

4.2.3. RTE operational method
RTE implements median-based upscaling for operational PV estimation.

The method selects the n = 10 nearest metered systems and computes the
median normalized power:

p
(k)

norm,t = median
i↑{1,...,n}

{
p
(i)

norm,t

∣∣∣ w(i, k) = 1
}

(3)

All neighbors receive equal weighting. Absolute power is recovered using
installed capacity:

p
(k)

PV,t
= p

(k)

inst
↓ p

(k)

norm,t (4)

This method, denoted RTE, prioritizes operational robustness over spa-
tial optimization.

It should be noted that RTE operationally uses monthly energy aggre-
gation from distribution system operators rather than installed capacity for
power curve fitting. For consistency with physics-based methods and to en-
able direct comparison, we implemented the TSO method using installed
capacity. Appendix B.2 demonstrates that this implementation choice does
not substantially a!ect performance metrics, though it represents a limi-
tation in directly replicating operational conditions. This methodological
adaptation allows for controlled comparison while maintaining the essential
characteristics of the TSO approach.
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4.3. Physics-Based Estimation

4.3.1. PVWatts model implementation
The physics-based approach uses the PVWatts model (Dobos, 2014), se-

lected for low data requirements compatible with remote sensing applications.
DC power output is estimated as:

pDC,t =
POAeff (ω,ε)

Gstc

· PPV · (1 + ϑpdc(Tmodule,t ↔ Tstc)) (5)

where POAeff is e!ective plane-of-array irradiance, Tmodule,t is module
temperature, PPV is installed capacity, ϑpdc = ↔0.002 K→1 is the temperature
coe”cient, and Gstc = 1000 Wm→2 is standard irradiance.

AC power conversion uses load-dependent inverter e”ciency:

pAC,t = pDC,t ↓ ϖinv(pDC,t) (6)

where ϖinv(pDC,t) represents the inverter e”ciency as a function of DC power
loading, following the default parameterization provided by Dobos (2014).

4.3.2. System parameterization strategies
The physics-based model, denoted PVLib, is evaluated with multiple

parameterization strategies for tilt angle ω and azimuth ε:

• BDPV: Ground truth parameters from system owner reports

• DPVM: Remote sensing estimates from DeepPVMapper Kasmi et al.
(2022)

• Constant: Fixed assumptions (ω = 30↓,ε = 180↓)

• Naive: Horizontal installation assumption (ω = 0↓)

• Oracle: Parameters optimized against ground truth power measure-
ments (performance upper bound)

These parameterizations assess sensitivity to system characteristic accu-
racy and provide operational deployment scenarios. When referenced without
specification, PVLib refers to the BDPV parameterization.
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4.3.3. Method comparison example
Figure 4 illustrates power output estimation from statistical and physics-

based methods for a representative rooftop system. The physics-based ap-
proach captures diurnal patterns through solar irradiance modeling, while
statistical methods reflect averaged behavior from reference systems.

Figure 4: Power output estimation comparison for a rooftop PV system: RTE (statistical)

versus physics-based methods demonstrate di!erent temporal characteristics and estima-

tion accuracy.

4.4. Performance Evaluation Framework

The evaluation quantifies estimation accuracy and assesses operational
scalability for grid applications through comprehensive error analysis and
aggregation e!ects.

4.4.1. Performance metrics
Root mean squared error (RMSE) serves as the primary accuracy metric:

RMSE =

√√√√ 1

T

T∑

t=1

(ŷt ↔ yt)2 (7)

where ŷt and yt are estimated and measured power outputs. Percentage
RMSE (pRMSE) normalizes by installed capacity pPV,j:
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pRMSEj =
RMSEj

pPV,j

↓ 100 (8)

Mean bias error (MBE) quantifies systematic estimation bias:

MBE =
1

T

T∑

t=1

(ŷt ↔ yt) (9)

Positive MBE indicates overestimation; negative values indicate underes-
timation.

4.4.2. Operational analysis framework
Temporal error characteristics. Error analysis examines patterns across time-
of-day intervals (30-minute resolution, 48 daily intervals) and seasonal condi-
tions (summer: June–September; winter: December–March). This temporal
decomposition identifies operational conditions where estimation methods
perform optimally or exhibit systematic errors.

System aggregation e!ects. Accuracy improvement through system aggrega-
tion is quantified using:

RMSEagg =

√√√√ 1

T

T∑

t=1

(
ϱ2

0
(t)

n
+ µ2

0
(t)

)
(10)

from Saint-Drenan et al. (2016), where ϱ0(t) is error standard deviation
and µ0(t) is mean bias across n systems. This analysis quantifies operational
benefits of regional versus individual system estimation.

Error source decomposition. Following Saint-Drenan (2016), estimation er-
rors are categorized as interpolation errors and representativeness errors. In-
terpolation errors correspond to spatial meteorological mismatches between
reference and target systems. Representativeness errors, on the other hand,
arise from system characteristic di!erences (rooftop versus utility-scale con-
figurations).

4.4.3. Implementation validation
Data preprocessing excludes nighttime periods (zero production) to focus

on operational generation periods. Timestamp alignment resolves timezone
inconsistencies across data sources. RTE method implementation validation
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ensures consistency with operational procedures. Statistical method error
profiles are verified against established literature benchmarks.

The evaluation framework provides comprehensive assessment of method
accuracy, operational scalability, and deployment requirements for grid ap-
plications.

5. Results and Analysis

5.1. Comparative Performance of TSO and Physics-Based Methods
The evaluation demonstrates that physics-based models achieve marginally

superior accuracy compared to RTE’s operational method when system pa-
rameters are precisely known, but exhibit significantly greater sensitivity to
parameter uncertainty. RTE maintains consistent performance across di-
verse system configurations, indicating superior operational robustness for
grid applications. The analysis provides quantitative benchmarks for TSO
operational methods and identifies practical trade-o!s for large-scale deploy-
ment.

Table 2: Performance comparison of TSO operational method (RTE), baseline Upscal-

ing, physics-based method (PVLib) with di!erent parameterizations, and theoretical

optimum (Oracle). BDPV: ground truth parameters; DPVM: remote sensing parame-

ters; Constant: fixed assumptions (30° tilt, 180° azimuth); Naive: horizontal assumption.

Best performance bold, second-best underlined.

Error (pRMSE) [%] (↗) Bias (MBE) [W] (↘ 0)

Mean Min Max Median Mean Min Max Median

P
h
y
si
ca

l

Oracle 7.23 4.36 23.57 6.54 32.11 -646.1 544.35 24.59

PVLib

BDPV 7.74 3.65 26.41 6.98 141.33 -632.05 683.89 117.54
DPVM 10.31 4.02 49.94 8.25 41.29 -2075.66 1494.28 24.81

Constant 9.30 4.47 39.75 8.39 -78.75 -2578.18 1161.28 -73.83
Naive 11.17 5.07 54.25 9.21 105.29 -1991.58 1623.48 99.28

S
ta
ti
st
ic
a
l

RTE 7.98 5.02 16.65 7.68 51.34 -417.33 558.35 49.0

Upscaling 8.32 4.64 17.99 7.79 56.64 -570.22 778.73 50.35

5.1.1. Accuracy and bias performance
Table 2 presents comprehensive performance metrics for all estimation

methods. Physics-based approaches outperform statistical methods in mean
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error and bias under optimal parameter conditions. PVLib with ground truth
parameters (BDPV) achieves the lowest mean pRMSE (7.74%), closely ap-
proaching the Oracle model’s theoretical minimum (7.23%). However, this
advantage deteriorates with parameter uncertainty: PVLib with fixed as-
sumptions (Constant) increases to 9.30% pRMSE, while incorrect assump-
tions can produce maximum errors up to 54.25%.

RTE maintains stable accuracy (7.98% mean pRMSE) with substantially
lower maximum errors (16.65%), demonstrating operational robustness. The
statistical significance of performance di!erences is established through com-
prehensive testing detailed in Appendix C.5.

5.1.2. Operational robustness assessment
Statistical methods exhibit reduced sensitivity to extreme system con-

figurations and metadata inaccuracies. RTE’s bias range (-417.33 W to
558.35 W) demonstrates controlled variability, while PVLib with remote
sensing parameters (DPVM) shows broader bias distribution (-2075.66 W
to 1494.28 W). Although DPVM achieves the lowest mean bias (41.29 W),
this variability indicates substantial sensitivity to parameter accuracy.

Physics-based methods require precise system characterization (tilt, az-
imuth, installed capacity) to exceed statistical baselines. Statistical ap-
proaches compensate for unknown system details through population-level
patterns, enhancing robustness in data-limited operational environments.

5.1.3. Performance implications for grid operations
RTE’s method performs comparably to physics-based models while main-

taining superior parameter robustness. Comparison of remote sensing (DPVM)
versus fixed parameter (Constant) approaches reveals minimal accuracy gains:
median errors of 8.25% versus 8.39%. This indicates that current automated
parameter extraction provides marginal operational benefits, suggesting that
enhanced remote sensing capabilities are required for physics-based methods
to consistently outperform statistical approaches.

Statistical methods assume low representativeness error between refer-
ence and target systems. Analysis in Appendix C estimates this contributes
3–4 percentage points (approximately half of total observed error of 8%).
Removing this representativeness penalty would yield performance around
4%, aligning with literature benchmarks of 3.8-4.2% under optimal condi-
tions (Saint-Drenan et al., 2018). Increasing system diversity suggests this
representativeness gap may widen, potentially degrading statistical method
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performance over time. Notably, our implementation of the upscaling and
RTE methods achieves performance metrics consistent with those reported
in similar validation studies, confirming the reliability of our methodological
approach.

5.2. Spatial and Temporal Error Characteristics

Comprehensive error analysis across geographic, temporal, and aggrega-
tion scales provides operational insights for TSO deployment and identifies
system-level performance characteristics relevant to grid management appli-
cations.

5.2.1. Geographic error distribution

Figure 5: Spatial error distributions for RTE (left) and PVLib (right): estimation errors

(top) and systematic bias (bottom). Absence of clear geographic patterns demonstrates

consistent national-scale performance.

Figure 5 presents spatial distributions of estimation errors (pRMSE) and
biases (MBE) across measurement locations. Neither RTE nor PVLib exhibit
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systematic geographic error patterns, demonstrating consistent performance
across diverse locations and climatic conditions. This spatial uniformity in-
dicates that large-scale deployment will not produce systematic regional es-
timation bias, supporting national-scale operational implementation.

5.2.2. Temporal performance analysis
Figure 6 presents temporal decomposition of estimation errors and biases

across seasonal and diurnal cycles. RTE and Upscaling exhibit minimal sys-
tematic bias due to compensating upward and downward errors, reflecting
representativeness di!erences between reference systems (utility-scale, opti-
mized configuration) and target systems (rooftop installations with subopti-
mal orientations).

PVLib demonstrates systematic negative bias, particularly during winter
conditions, consistent with sensitivity to inaccurate tilt and azimuth pa-
rameters. This underestimation pattern suggests physics-based methods are
sensitive to the southwest orientations typical of residential installations.

The temporal analysis reveals operational distinctions: RTE and Up-
scaling provide reliable daily energy yield estimates but limited intra-day
production profile accuracy. PVLib o!ers superior temporal resolution but
requires precise system metadata to avoid systematic bias. This trade-o! has
implications for di!erent TSO operational requirements.
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(a) Estimation error (pRMSE) temporal patterns

(b) Systematic bias (MBE) temporal patterns

Figure 6: Temporal error characteristics across seasons and daily cycles: RTE maintains

consistent performance while PVLib shows systematic winter underestimation.
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5.2.3. System aggregation performance
Figure 7 demonstrates error reduction with increasing system aggrega-

tion. Both methodological approaches benefit from aggregation e!ects, with
errors decreasing and converging as system count increases. This validates
prior findings for physics-based methods and confirms that aggregation mit-
igates individual system parameter uncertainties.

For TSO operations, this demonstrates that both approaches are suit-
able for regional-scale estimation, though parameter availability remains the
determining factor for relative performance. The convergence suggests that
method selection can prioritize operational requirements (robustness versus
accuracy) rather than fundamental capability di!erences.

Figure 7: Error reduction through system aggregation: both RTE and PVLib demonstrate

improved accuracy with increasing system count, validating regional-scale application suit-

ability.

5.3. Sensitivity and Enhancement E!ects

5.3.1. Shading impact assessment
Detailed analysis in Appendix C.4 demonstrates that incorporating local

shading e!ects in physics-based models reduces estimation errors by up to
25%. This enhancement requires 3D environmental data but no additional
system parameters, making it scalable for operational deployment. However,
shading corrections increase sensitivity to system parameterization accuracy,
reinforcing the robustness trade-o!s identified in the primary analysis.
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5.3.2. Parameter sensitivity quantification
Individual system analysis reveals physics-based method sensitivity hier-

archy: installed capacity estimation (highest impact), followed by azimuth
angle, then tilt angle. This sensitivity ordering di!ers from utility-scale anal-
yses, reflecting the unique characteristics of small residential systems and
system-level versus aggregated error analysis.

5.4. Operational Implications and Performance Summary

The evaluation quantifies French TSO operational method accuracy and
establishes independent physics-based benchmarks. Key findings demon-
strate that RTE’s approach for reconstructing unmetered rooftop PV power
profiles achieves accuracy comparable to physics-based methods, supporting
prior conclusions (Huxley et al., 2022) that production estimation uncer-
tainty represents a manageable component of overall rooftop PV operational
uncertainty.

Physics-based methods can achieve marginally superior accuracy under
optimal conditions but exhibit significantly larger error variability and re-
duced operational robustness. RTE’s method demonstrates superior robust-
ness, highlighting practical trade-o!s between peak accuracy potential and
minimal system characterization requirements for operational deployment.

Systematic bias analysis reveals di!erent error characteristics: physics-
based methods tend toward underestimation due to capacity parameter un-
certainties, while RTE’s approach produces compensating morning/afternoon
errors reflecting representativeness di!erences between reference and target
system populations. Representativeness errors contribute substantially (3–4
percentage points) to statistical method uncertainty.

Both methodological approaches demonstrate e!ective scaling properties:
aggregated estimation accuracy exceeds individual system performance, con-
firming suitability for regional TSO applications. This aggregation benefit
partially mitigates individual system parameter uncertainties for physics-
based methods while maintaining statistical method robustness advantages.

From an implementation perspective, the two approaches o!er di!er-
ent capabilities for addressing evolving grid challenges. The physics-based
method provides a foundation for modeling complex scenarios such as self-
consumption patterns, where individual system production estimates can
serve as inputs to consumption behavior models. In contrast, statistical
upscaling methods inherently aggregate consumption and production pat-
terns, making it di”cult to separate gross generation from net injection when
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self-consumption is present. As self-consumption installations now represent
60% of new rooftop PV capacity, the physics-based approach o!ers greater
adaptability for future grid integration challenges. The individual system-
level estimates enable more sophisticated modeling frameworks that can ac-
count for storage systems, demand response, and behavioral consumption
patterns—capabilities that become increasingly important as distributed en-
ergy systems evolve beyond simple grid injection models.

6. Discussion and conclusion

Conclusions and main results. This work provides the first quantitative bench-
marking of the French TSO’s method for estimating rooftop PV production
against a physics-based approach leveraging minimal information regarding
rooftop PV systems. Using a ground-truth dataset of metered systems across
France, we evaluated the accuracy, robustness, and operational trade-o!s of
both methods.

Our central finding is that the TSO’s method performs better than ex-
pected, matching the performance of the physics-based method initially in-
troduced by Kasmi et al. (2024). Prior to this work, concerns expressed in
the 2021 RTE report (RTE France and IEA, 2021) suggested that current
estimation methods might be significantly inaccurate, but no quantitative
assessment existed. This study provides the first empirical validation, re-
vealing that both methods achieve operationally acceptable accuracy with
aggregated estimation errors of approximately 4% and individual system-
level performance characterized by pRMSE of 7.98%. Three conditions ex-
plain this performance in France: (i) the density of measurable systems is
high enough to minimize interpolation errors, (ii) the installed capacity of
distributed PV systems is well known (whether at individual or aggregate
levels, as it represents the main source of estimation uncertainty), and (iii)
self-consumption and behavioral changes in distributed PV usage remain
negligible.

When condition (i) is not met, the physics-based method of Kasmi et al.
(2024) presents a feasible alternative, as its performance is comparable with
the TSO’s approach and is not sensitive to spatial sparsity. Condition (ii)
shifts the challenge from the estimation methodology to the accuracy of the
underlying PV registries, underlining the critical importance of maintaining
accurate and up-to-date inventories of rooftop PV installed capacity and re-
trieving their characteristics accurately. This finding aligns with prior work
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in the UK, which similarly demonstrated that estimation uncertainties are
dominated by installed capacity assessment rather than production estima-
tion methodologies (Huxley et al., 2022). Finally, condition (iii) is already
obsolete, as self-consumption systems (surplus injection and autoconsomma-
tion modes) currently account for approximately 60% of connected rooftop
PV systems and now represent 100% of rooftop PV growth, creating imme-
diate challenges for both TSO and physics-based approaches.

Limitations and outlook. While this analysis o!ers insights at national scale,
it is subject to several limitations. First, the size of the ground-truth sam-
ple, though large, may not capture all heterogeneity in rooftop PV systems,
particularly in regions with atypical deployment patterns.

Second, our evaluation assumes no self-consumption, which is increas-
ingly unrealistic as distributed energy resources proliferate. Addressing this
limitation will require future work to integrate net-load estimation at the sub-
station level—where aggregate consumption and generation data can be com-
bined—leveraging scenario-based assumptions about self-consumption shares.
The physics-based method presented here represents a significant step to-
wards such integration, but future studies should consider explicit modeling
of self-consumption and behavioral variability.

The rapid evolution toward self-consumption installations raises questions
about the temporal validity of our findings. However, at aggregate scales
relevant for TSO operations (e.g., substation level), the visibility of self-
consumption patterns in load curves may be limited, potentially preserving
the applicability of both estimation approaches. Moreover, the physics-based
method’s adaptability to evolving system configurations provides greater re-
silience to changing deployment patterns compared to statistical approaches
dependent on historical reference data. Future work should investigate the
aggregate-level impacts of self-consumption on estimation accuracy and de-
velop hybrid approaches that account for consumption behavior at the sub-
station scale.

Broader applicability. These findings have broader relevance beyond the French
context. Physics-based approaches can be particularly valuable in regions
where metered systems are sparse or where the assumption of representa-
tiveness between observed and unobserved systems does not hold. While the
French TSO’s method benefits from dense measurement networks, its per-
formance depends on the proximity and similarity of monitored plants—an
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assumption that may weaken as utility-scale PV systems increasingly em-
ploy trackers and distributed systems diversify in design and usage patterns.
In such cases, physics-based models o!er a robust alternative with com-
parable performance independent of measurement density. Conversely, in
data-rich environments, hybrid approaches combining statistical extrapola-
tion and physics-based estimation may provide the most resilient solution for
ensuring rooftop PV observability.

Regarding method selection, physics-based approaches should be pre-
ferred for estimating rooftop PV production. These methods already demon-
strate satisfactory performance and can be further improved by reducing un-
certainties in system parameters and installed capacity. The TSO’s method,
despite its simplicity and robustness, is increasingly limited by representa-
tiveness errors that may worsen as both utility-scale and distributed PV
systems diversify.

Overall, this work underscores the growing importance of accurate and
dynamic PV registries, alongside the need to anticipate behavioral changes
in distributed PV operation. Further research should evaluate optimal aggre-
gation levels, as individual system-level estimation may be computationally
intensive relative to operational requirements.
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Appendix A. Implementation Details

Appendix A.1. Ground Truth Data Filtering Process

Note: The following description of the data curation process is adapted
from Kasmi et al. (2024).

In addition to the quantitative quality checks detailed in Section ??, we
performed qualitative inspection of individual system performance using di-
agnostic reports, as illustrated in Figures A.8a and A.8b. This procedure
consists of fitting a detailed simulation model to each installation and com-
paring its expected production with recorded measurements. Unlike the sim-
plified simulation model employed elsewhere in this study, this diagnostic tool
accounts for all known parameters of the PV system to evaluate consistency
at the system level.

Figure A.8a shows an example of an installation successfully passing the
quality check, with close alignment between simulated and measured pro-
duction over time. Conversely, Figure A.8b highlights a system (ID #2248)
flagged for exclusion due to significant discrepancies. In this case, the mis-
match likely stems from either inaccurate geolocation (leading to erroneous
weather inputs) or system malfunction resulting in consistently lower-than-
expected production. Such diagnostic plots proved critical for identifying
and filtering out installations with unreliable data, ensuring robustness of
the benchmarking dataset.
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(a) Example of a rooftop PV system passing the quality control (QC) process. Simulated production

(blue) aligns closely with recorded measurements (orange), supporting data reliability.

(b) Example of a rooftop PV system failing the quality control (QC) process. Large discrepancies between

simulated and recorded production suggest metadata inaccuracies or system malfunction.

Figure A.8: Quality control analysis of two rooftop PV systems. The first system (top)

passes the QC checks, while the second system (bottom) fails due to poor agreement

between simulation and measurements.
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Appendix A.2. Upscaling Approach Implementation Details

To mitigate bias in the upscaling estimation process, we implement a
filtering step that excludes systems with zero or missing output from the
interpolation. This ensures that the aggregated estimate remains represen-
tative of active systems and prevents artificial deflation of estimated power.
This filtering procedure is applied at each time step independently.

Formally, let m denote the total number of available systems in the
dataset, and let n denote the number of nearest neighbors used for inter-
polation (with n → m). For each time step, let I denote the subset of
systems with positive output:

I = {i ≃ {1, . . . ,m} | yt(xi) > 0} ,

where yt(xi) is the power output at time t and location xi. From this subset,
we select the n nearest neighbors to the target location x0:

Ĩ = indices of the n closest points within I to x0.

If insu”cient neighbors with positive output exist (|Ĩ| = 0), the estimate is
set to zero:

ŷt(x0) = 0.

Otherwise, the estimate is computed as a weighted average of the neigh-
bors’ outputs, where the weights decay with distance according to a power
parameter p:

w(x0, xi) =
d(x0, xi)→p

∑
j↑Ĩ d(x0, xj)→p

for i ≃ Ĩ,

ŷt(x0) =
∑

i↑Ĩ

w(x0, xi) · yt(xi),

where d(x0, xi) denotes the distance between points x0 and xi.
Figure A.9 illustrates the impact of applying this filtering step. Before

filtering, a significant number of estimated outputs are exactly zero, which ar-
tificially biases the error metrics and underestimates the true performance of
the method. After filtering, these zero-value estimates are removed, resulting
in error estimates that more accurately reflect the model’s capabilities.
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Figure A.9: E!ect of the filtering step on the distribution of upscaled power estimates.

The filtering removes zero-valued estimates, leading to more realistic error evaluation.

Appendix A.3. TSO Method Implementation Details

Installed capacities versus monthly energies. The TSO relies on monthly en-
ergies retrieved from distribution system operators as the basis for fitting
power estimation curves, rather than the installed capacity of systems (de-
spite this information being available for each system). For easier compar-
ison with the vanilla upscaling approach and physics-based methods, which
all take as input the installed capacity of the target system, we implemented
the TSO’s method using installed capacity rather than monthly energies.

As shown in Table A.3, switching between monthly energies and installed
capacity does not substantially change the results. The biases are smaller
when using monthly energies, but the error is less robust than when installed
capacity is used. As further discussed in Section Appendix B.2, our em-
ulation of the TSO’s method is comparable to actual data. We emulated
the method because we cannot precisely identify the ground truth systems
in the TSO’s data, with the exception of anecdotal cases. Moreover, there is

40

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5385856

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



no certain way of ensuring the match between our telemetered systems and
those registered in RTE’s system, as system identifiers do not match and
other identifying information may be inconsistent or unavailable.

Table A.3: Comparison of RTE’s method performance when adjusting power curves using

monthly installed capacity (as done in production) compared to adjustment by installed

capacity.

Metric Method Mean Min Max Median

Error (pRMSE) [%]
Monthly energy 9.17 3.77 273.51 7.70
Installed capacity 9.54 5.88 18.97 9.20

Bias (MBE) [kW]
Monthly energy -6.74 -128.37 101.34 -5.44
Installed capacity 52.24 -420.53 583.93 50.20

Appendix A.4. Physics-Based Method Implementation
Note: The following description of the physics-based method derivation is
adapted from Kasmi et al. (2024).

Calculation of Plane-of-Array (POA) Irradiance. The plane-of-array (POA)
irradiance corresponds to the solar radiation incident on a surface oriented
according to the tilt and azimuth angles of the photovoltaic array. It repre-
sents the amount of solar energy e!ectively received by the module surface
based on its alignment with the sun. This irradiance can be decomposed into
three principal components:

• The direct (or beam) component: solar radiation traveling directly from
the sun to the surface without scattering;

• The di!use component: radiation scattered by atmospheric particles
and molecules, arriving from all directions except the direct solar beam;

• The reflected component: sunlight reflected from nearby surfaces such
as the ground or surrounding structures onto the PV module.

The sum of these components yields the total POA irradiance. Compu-
tation is performed using the pvlib Python library (Holmgren et al., 2018),
which requires as inputs solar zenith and azimuth angles, top-of-atmosphere
sun position, global horizontal irradiance (GHI), di!use horizontal irradiance
(DHI), direct normal irradiance (DNI), and the module’s tilt and azimuth
angles.
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Calculation of Module Temperature. Since PV module e”ciency decreases
as temperature rises, the module temperature is estimated following the ap-
proach of Ross (1981), as given by Equation (A.1):

Tmodule,t = T2m,t +
kthermGPOA,t

Gstc

(A.1)

where T2m,t denotes the ambient temperature at 2 meters height, GPOA,t is the
plane-of-array irradiance at time t, Gstc = 1000 W/m2 is the irradiance under
standard test conditions, and ktherm is a thermal coe”cient representing the
linear increase of module temperature with irradiance (Kasmi et al., 2024).

Calculation of E!ective POA Irradiance. To account for optical losses caused
by reflection at the module surface, we apply the Incident Angle Modifier
(IAM) model developed by Martin and Ruiz Martin and Ruiz (2001); Mart́ın
and Ruiz (2002, 2005). This model adjusts the POA irradiance based on the
solar incidence angle ωAOI , acknowledging that reflectance losses depend on
this angle. For monocrystalline modules, the angular losses AL(ωAOI) are
expressed as:

AL (ωAOI) = 1↔ T̄ (ωAOI)

T̄ (0)
= 1↔ 1↔ exp (↔ cos(ωAOI)/ar)

↔1/ exp(1↔ ar)
⇐ 1↔ 1↔ R̄(ωAOI)

1↔ R̄(0)
(A.2)

where T̄ (x) and R̄(x) denote the weighted transmittance and reflectance at
angle x, respectively, and ar is an empirical angular losses coe”cient Kasmi
et al. (2024).

The IAM factor fIω is then defined as the ratio of the module’s short
circuit current at incidence angle ωAOI to that at normal incidence:

fIω =
Isc(ωAOI)

Isc(0) cos(ωAOI)
⇐ 1↔ R̄(ωAOI)

1↔ R̄(0)
(A.3)

Applying these modifiers to each POA component, the e!ective POA
irradiance is calculated as:

POAe! = fbeam ↓GPOA + fdi!,sky ↓DPOA + fdi!,ground ↓RPOA (A.4)

where each f• is the corresponding IAM for the direct, di!use sky, and re-
flected components. Figure A.10 provides a schematic overview of these solar
radiation components.
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Figure A.10: Schematic representation of the modeled POA irradiance components. An-

gles indicated include the angle of incidence (AOI) and solar zenith angle (SZA). The flat

surface (light gray) contrasts with the tilted surface (dark gray) with tilt angle ω. Source:
Kasmi et al. (2024)

Appendix B. Robustness Checks

Appendix B.1. Time Lag Correction Between Multiple Time Series Using
Cross-Correlation

Proposed Method: Cross-Correlation for Time Alignment. Let x(t) and y(t)
be two time series sampled at regular intervals, where y(t) may be a delayed
version of x(t). The objective is to estimate the lag ς that best aligns y(t+ς)
with x(t) by maximizing their similarity.

The cross-correlation function between x(t) and y(t) is computed as:

Rxy(ς) =
∑

t

x(t) · y(t+ ς).

In practice, we use the normalized cross-correlation defined by:

φxy(ς) =

∑
t
(x(t)↔ x̄)(y(t+ ς)↔ ȳ)√∑

t
(x(t)↔ x̄)2 ·

√∑
t
(y(t+ ς)↔ ȳ)2

,

where x̄ and ȳ denote the mean values of x and y, respectively.
The estimated lag ς̂ is the value of ς within the search window [↔ςmax, ςmax]

that maximizes φxy(ς):

ς̂ = arg max
ω↑[→ωmax,ωmax]

φxy(ς).
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Applying this lag yields the aligned time series:

yaligned(t) = y(t+ ς̂).

Practical Considerations.

• Windowing: For long or non-stationary series, compute cross-correlation
over sliding windows to capture local delays.

• Preprocessing: Normalize or detrend data to reduce spurious corre-
lations.

• Boundary Handling: Use zero-padding or truncate overlapping re-
gions to handle signal shifts.

• Filtering: Exclude zero or inactive periods (e.g., only consider x(t) >
0) to focus on physically relevant intervals.

(a) Cross-correlation before time alignment (b) Cross-correlation after time alignment

Figure B.11: Normalized cross-correlation functions between ground truth and estimation

methods before and after correcting for the detected time lag. The peak shift in (a) reveals

a 120-minute lag that is corrected in (b), aligning the time series for subsequent analysis.

Application to Our Case. We apply this approach to align three time se-
ries: the ground measurements, the PVLib estimations, and the RTE ground
truth. Figure B.11 displays the normalized cross-correlation between the
ground truth and PVLib, and between the ground truth and RTE (or equiv-
alently the upscaling estimation from the same data source) before lag cor-
rection.

In the illustrated example, a lag of 120 minutes is evident, corresponding
to a timezone o!set between UTC and UTC+2. This lag was corrected
optimally for each system prior to further analysis.
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Appendix B.2. Alignment between our emulation of RTE’s method and the
actual results

We were able to manually identify a few individual systems in RTE’s data.
For these systems, we compared our emulation of the estimation method with
the actual value. The aim is to check that our emulation produces sensible
results and is faithful to the original method, which is currently deployed in
production.

Figure B.12 plots an example comparison. We can see that for this sys-
tem, the true method and its emulation produce comparable results. On this
system in particular, it appears that we are overestimating the performance
of RTE’s method slightly (the error and bias are lower with the emulation
than with the true method), but we have too few samples to draw robust
conclusions. Qualitatively, it appears that the emulation is underestimating
power production during summer.

Figure B.12: Comparison of our emulation of RTE’s method with the actual method on a

specific sample.
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Appendix B.3. E!ect of source fleet size and distance on statistical methods

Figure B.13: Error (left column) and bias (right column) of RTE (first row) and Upscaling

(second row) as a function of the average individual system size in the source systems.

The installed capacities are plotted on log scale.

E!ect of average source fleet size. Figure B.13 plots the error and bias of the
Upscaling method and RTE’s median filtering as a function of the average
size of the source plants. We can see that in our sample, most plants have an
average (individual) installed capacity lower than 500 kWp, indicating small
power plants or even some rooftop plants. We can see that the error is not af-
fected by the average fleet size. The bias, on the other hand, exhibits a slight
upward tendency, which could be explained by the fact that larger systems
tend to have a higher average load factor (due to system optimization), thus
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leading to overestimation of power production. However, in our sample, this
correlation is only weakly significant (the p-value of the regression coe”cient
is equal to 0.05 for RTE and 0.01 for Upscaling).

Figure B.14: Error (left column) and bias (right column) of RTE (first row) and Upscaling

(second row) as a function of the average distance between source systems and the target

system.

E!ect of geographical distance. Regarding distance, our results unequivocally
document a negative e!ect of distance on error. Despite the average distance
in our sample being relatively modest (between 5 and 10 km), we can see a
strict increase in error when distance increases. On the other hand, the bias,
which has a priori no reason to be a!ected by distance, is as expected not
influenced by distance.
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Appendix C. Additional Results

Appendix C.1. Individual system visualizations

The main section of the paper focused on analysis of the methods at
the aggregated scale. In this section, we provide complementary analysis at
the individual system scale. Figure C.15 illustrates the results for a system
randomly chosen from our sample.

Figure C.15: Analysis report of a system from our sample.

In the upper panels, we plot the daily ratios between estimated and ac-
tual aggregated power production over time. A ratio of one indicates perfect
match between estimation and ground truth. Ratios below one reflect under-
estimation, whereas ratios above one correspond to overestimation of daily
production.

We observe that for the physics-based methods, ratios tend to be higher
in winter. This behavior arises from two main factors: first, daily production
levels are lower in winter, which makes ratios more sensitive to small abso-
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lute errors; second, these physics-based methods do not account for shading
e!ects, which are more significant during winter due to lower solar elevation.

The lower panels show scatter plots of estimated versus actual daily pro-
duction. The density of points is color-coded, with warmer colors indicating
higher densities. In these plots, the dashed x = y line represents perfect
agreement. For Oracle and PVLib, the estimations generally align well with
ground truth, though Oracle shows slight negative bias (underestimation),
especially at higher production levels. PVLib displays little to no bias and
exhibits strong concentration of points along the x = y line for high pro-
duction values. For RTE and Upscaling, the spread is more pronounced at
medium-range values, and while no strong systematic bias is evident, the
variability suggests less consistent performance across the entire production
range.

In contrast, Figure C.16 depicts a malfunctioning system. Here, all meth-
ods consistently underestimate production, indicating that the estimation of
installed capacity is likely incorrect for this system. In the upper panels,
ratios remain significantly below one throughout the year, confirming sys-
tematic underestimation.

In the lower panels, the scatter plots deviate markedly from the x = y

line. For both PVLib and Oracle, the relationship flattens beyond a certain
production threshold, and the negative bias becomes increasingly pronounced
at higher values. This pattern suggests that the models fail to scale properly
for high production days, possibly due to underestimation of the system’s
nominal capacity.

Appendix C.2. Analysis of Error Patterns

Error distributions. Figure C.17 presents the distribution of mean bias error
(MBE) across the sample of rooftop PV systems for each estimation method.
The statistical approaches (RTE and Upscaling) exhibit limited overall bias
but higher variance in error distribution. In contrast, the physics-based ap-
proach (PVLib) tends to show systematic upward bias in power produc-
tion estimates. Standard errors remain broadly comparable across methods,
though a few extreme values emerge in specific configurations, as explored in
the geographical analysis.
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Figure C.16: Example of a failing system.

Figure C.17: Distribution of mean bias errors (MBE) for each estimation method across all

rooftop PV systems. Statistical methods (RTE, Upscaling) exhibit lower bias but higher

variability compared to the physics-based approach (PVLib).
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Error correlations between methods. Figure C.18 shows the cross-correlations
of bias and error metrics between methods. Two distinct clusters emerge:
statistical methods (RTE and Upscaling) share similar error patterns, while
physics-based variants (PVLib) form a separate group. This distinction re-
flects the underlying methodological di!erences and suggests that the two
classes of approaches capture complementary aspects of system behavior.
Notably, there are no cases where all methods fail simultaneously, which
supports the absence of systematic biases in the ground truth data.

Figure C.18: Cross-correlations of mean bias error (MBE) and normalized root mean

square error (pRMSE) between estimation methods. Statistical methods cluster together,

while physics-based methods exhibit distinct error patterns, highlighting methodological

complementarity.

Appendix C.3. Additional analysis of the Upscaling and RTE methods

Estimation of representativeness error. The representativeness error, defined
as the discrepancy between the characteristics of source and target plants
(Saint-Drenan et al., 2016), plays a critical role in the performance of power
estimation methods. In this study, we approximate small rooftop PV systems
as essentially small power plants for which parameters can be optimized.

To evaluate the irreducible error of the methods, we run both the RTE
and upscaling approaches by taking metered plants as targets. These targets
are otherwise used as source plants in the main analysis. This check allows
us to assess a baseline level of error that cannot be eliminated due to inherent
di!erences between systems.
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The results, summarized in Table C.4, show that errors tend to be lower
when source and target plants share more similar characteristics. The ob-
served irreducible error floor is approximately 4 percentage points in terms of
percentage root mean square error (pRMSE). This highlights a fundamental
limitation in these estimation approaches stemming from representativeness
constraints.

Metric Method Mean Min Max Median

Error (pRMSE) [%]
RTE 3.26 0.98 19.21 2.57
Upscaling 3.75 0.25 28.08 2.93

Bias (MBE) [kW]
RTE 0.15 -24.10 42.71 0.18
Upscaling 0.42 -26.11 47.16 0.20

Table C.4: Performance metrics of RTE and Upscaling methods when target plants are

similar to source plants. The error is expressed as percentage RMSE (pRMSE), and bias

as mean bias error (MBE) in kW.

A significant factor contributing to this irreducible error is the discrepancy
in azimuth distributions between metered plants and the broader population
of rooftop installations. Figure C.19 illustrates this di!erence, showing that
metered plants predominantly face southward, whereas the azimuth distri-
bution of residential rooftops is more varied.

This azimuth mismatch may further increase in the future as adoption
of tracking systems grows among large plants, improving their optimization
and yields, while the increasing diversity of rooftop installations, driven by
expanding solar adoption in varied urban contexts, may reduce the average
optimization level for small systems. This divergence underscores the chal-
lenges in scaling estimation methods trained on metered data to the broader,
heterogeneous rooftop PV population.

Appendix C.4. E!ect of shading on physical model estimation accuracy

In addition to the main results presented in Section 5.1, we conducted
evaluation on a set of 11 photovoltaic systems to assess the impact of incor-
porating shading e!ects using a physical shading model. These systems were
manually selected based on their exposure to shading, which was character-
ized by annual patterns rather than daily variations. Such shading sources
include, for example, buildings or trees that intermittently obstruct sunlight
at certain times of the year, particularly during winter.
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Figure C.19: Distribution of azimuth angles for metered PV plants compared to residen-

tial rooftops, highlighting the predominance of south-facing installations in the metered

dataset.

Specifically, the set comprises 4 systems without shading, 3 with moderate
shading, and 3 with strong shading. The shading severity was quantified by
analyzing daily deviation between power estimates provided by an Oracle
model and corresponding ground truth measurements.

For fair comparison, we limited the analysis to the subset of systems for
which the RTE method was also simulated. The results are summarized in
Table C.5. On average, incorporating shading via the physical model led
to a reduction of approximately 25% in the error metric (here measured
with pRMSE). However, the improvements were not uniform: in the subset
of systems with moderate shading, accounting for shading e!ects actually
resulted in slight increase in error.

A key advantage of the shading-aware approach is that it does not require
detailed information about the PV system itself (such as tilt, azimuth, or in-
stalled capacity). Instead, it relies on modeling the surroundings to compute
tilted irradiance that accounts for shading.

These results suggest that accounting for local shading can enhance pre-
diction accuracy. Nevertheless, such improvements should be balanced against
the potential increased sensitivity of the method to parameter uncertainties,
which may reduce robustness overall.
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Shading intensity None Moderate Strong
Average error

RTE method 7.59 16.33 16.99 11.84
PVLib (shading not accounted for) 4.12 2.94 5.36 3.76
PVLib (accounting for shading) 2.78 3.23 4.07 3.00

Table C.5: Comparison of error (pRMSE) across shading conditions for di!erent methods.

Each column reports the average error computed on the 4 (None) or 3 (Moderate, Strong

shading) systems.

Appendix C.5. Statistical significance of the error

To evaluate whether di!erences observed between predictive methods are
statistically significant, we employ the Wilcoxon signed-rank test (Wilcoxon,
1945). This non-parametric test compares paired samples—in this case, the
performance metrics (e.g., errors or biases) of two prediction methods across
the same set of installations—to assess whether their distributions di!er in
a systematic way. Unlike parametric tests such as the paired Student’s t-
test, the Wilcoxon test does not assume normality of the di!erences and is
therefore more robust to skewed or non-Gaussian data, which is common in
error distributions of predictive models. It tests the null hypothesis that the
median di!erence between paired observations is zero, providing a reliable
measure of whether one method significantly outperforms another across the
dataset. We chose this test because of its suitability for the paired and often
non-normally distributed nature of the evaluation metrics.

Table C.6 presents the results. Bold values indicate that the reported
statistic estimates a significant di!erence between the two error distribu-
tions. We can see that even if the overall performance is of the same order of
magnitude across all methods, di!erences between them are significant in al-
most all cases, indicating that the di!erences in errors and biases correspond
to actual di!erences and not statistical variations.

While this result is valid at the individual scale, it should be noted that
a few percentage points di!erence in terms of accuracy can result in sizeable
di!erences once scaled to the regional or national level.

Appendix C.6. Sensitivity analysis of PVLib method to system characteri-
zation

This work includes the study of di!erent parameterizations of a conversion
model. Table C.6 highlighted that the performance di!erences are significant
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Table C.6: Wilcoxon statistic matrix reporting paired test statistics for both pRMSE

(error) and MBE (bias). The matrix is symmetric, with empty diagonal entries. Bold

values indicate significant di!erences (p ¡ 0.05). Upper and lower triangles display the

same values for easier comparison. The upper part before the midrule corresponds to

pRMSE, the lower part after midrule corresponds to MBE.

Method Truth DPVM Oracle Constant Naive RTE Upscaling

E
rr
o
r
(p

R
M

S
E
) Truth 6240.0 9942.0 7213.0 3328.0 12174.0 10507.0

DPVM 6240.0 5147.0 11145.0 8203.0 8820.0 9569.0
Oracle 9942.0 5147.0 4207.0 2281.0 7994.0 6735.0
Constant 7213.0 11145.0 4207.0 7230.0 8192.0 10046.0
Naive 3328.0 8203.0 2281.0 7230.0 4957.0 6103.0
RTE 12174.0 8820.0 7994.0 8192.0 4957.0 11239.0
Upscaling 10507.0 9569.0 6735.0 10046.0 6103.0 11239.0

B
ia
s
(M

B
E
)

Truth 7811.0 0.0 2199.0 12489.0 4536.0 5417.0
DPVM 7811.0 11110.0 781.0 750.0 12626.0 13001.0
Oracle 0.0 11110.0 5873.0 6243.0 13543.0 12769.0
Constant 2199.0 781.0 5873.0 1.0 6136.0 6157.0
Naive 12489.0 750.0 6243.0 1.0 8567.0 9136.0
RTE 4536.0 12626.0 13543.0 6136.0 8567.0 13725.0
Upscaling 5417.0 13001.0 12769.0 6157.0 9136.0 13725.0

from one method to another. We now study to which system parameters (tilt,
azimuth, or installed capacity) the conversion model is most sensitive. To
this end, we rely on sensitivity analysis.

Sensitivity metrics. We use two di!erent metrics for our sensitivity analysis.
The first one is One-At-a-Time (OAT) sensitivity analysis, which quantifies
the e!ect of varying a single input parameter xi on the model output Y =
f(x), while holding other parameters x→i fixed at nominal values. The OAT
sensitivity measure µ

↔
i
is computed as:

µ
↔
i
=

#Y

#xi

=
f(x1, . . . , xi +#xi, . . . , xk)↔ f(x)

#xi

.

This approach provides a local and partial view of sensitivity but neglects pa-
rameter interactions. In practice, the step size #xi is taken to be a variation
corresponding to ±10% of the parameter’s nominal value (e.g., if a system
has an installed capacity of 3.5 kWp, then the step will be ±0.35 kWp). In
our case, the nominal values are the true values of the system (i.e., corre-
sponding to the standard conditions). We use this approach to be able to
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compare our results with the results reported by Saint-Drenan (2016) using
the same methodological basis.

In addition to OAT, we leverage Global Sensitivity Analysis (GSA). GSA
evaluates the contribution of each input parameter to the output variance
across the full input space. A common GSA metric is the Sobol’ first-order
index Si, defined as

Si =
Varxi

(
Ex→i [Y | xi]

)

Var(Y )
,

which represents the fraction of output variance explained solely by xi. Total-
e!ect indices STi further capture interactions with other inputs:

STi =
Ex→i

[
Varxi(Y | x→i)

]

Var(Y )
.

Results. Figure C.20 presents the results of our sensitivity analysis, with both
the Global Sensitivity Analysis (GSA) and One-at-a-Time (OAT) approaches
yielding consistent findings. At the individual system level, installed capac-
ity emerges as the primary source of uncertainty, which is consistent with
the findings of Huxley et al. (2022). However, when accounting for param-
eter interactions through GSA, the relative importance of installed capacity
becomes less prominent compared to other factors, particularly the tilt angle.

Both methods indicate a reversed ranking between tilt and azimuth sen-
sitivities compared to those reported by Saint-Drenan (2016). This is consis-
tent with the smaller system size considered here, where factors like increased
shading or installation constraints may amplify the influence of azimuth rel-
ative to tilt.
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(a) OAT sensitivity analysis

(b) GSA sensitivity analysis

Figure C.20: Results for the OAT and GSA sensitivity analyses. Each point corresponds

to a system.
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