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HIGHLIGHTS

+ Models are compared as general and site-specific fine-tuned models.

« Comparison is conducted using five multi-year datasets across Finland.

« Training the general models with data from other systems reduces error trends.

« Fine-tuning results in similar accuracy for the models.

» Machine learning models demonstrate better low-irradiance accuracy than empirical models.

ARTICLE INFO ABSTRACT

Keywords: Accurate power models for photovoltaics (PV) are essential to ensure expected system performance, thus avoid-
Power modelling ing economic losses and reductions in resource efficiency. Currently, insights are lacking on how reliably models
Empirical IﬂOd_EIS perform in situations for which historical data are not available and how accurately they cover locations with
Machine learning high seasonality, such as the Nordics, where PV capacity is growing rapidly. Importantly, besides long summer

High latitudes
General models
Fine-tuned models

days, in winter months, the Nordic areas experience low irradiances, for which power modelling is poorly under-
stood but should be expanded to enable continuous monitoring. To fill current gaps in the literature, this work
compares various empirical models (Huld, PVWatts, PVUSA) and investigates how significant improvements can
be made with machine learning (ML) models (multilayer perceptron, gradient boosting). The models are anal-
ysed as general models, which can be applied directly to new systems, and as site-specific fine-tuned models, for
which previous data from that system are required. The data include multi-year power output and on-site weather
measurements from five systems across Finland with varying installations. Novel insights include that utilising
transfer learning with high-quality data resulted in R? values of 0.944-0.994, and superior accuracy compared
to the default models with minimal filtering that had R? values even as low as 0.78. Fine-tuning with site-specific
data increased the R? values to 0.966-0.997. Additionally, fine-tuned ML models had lower nRMSE and MAE
values than empirical models at low irradiance levels, highlighting their potential for low-light monitoring.

1. Introduction example, in August 2025, there were 313 PV sites with capacities ex-
ceeding 1 MW, under construction or in the planning stage, with a total
capacity of 26.18 GW [2]. If realised, these sites will increase the total
PV capacity in Finland around 16-fold. This increased interest in PV has
resulted in a booming demand for research on various aspects of PV in
high-latitude conditions.

To mitigate climate change, an increase in sustainable energy is
needed while reducing the use of fossil-based energy. Photovoltaic (PV)
technology is one option for this, as costs have decreased rapidly [1].
PV is also gaining popularity in Nordic countries, including Finland. For
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\begin {equation}\label {eq:G_poa} G_{\textrm {POA}}^{{\textrm {modelled}}} = B_{\textrm {POA}} + D_{\textrm {POA}} + R_{\textrm {POA}}.\end {equation}
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\begin {align}B_{\textrm {POA}} &= |{\textrm {DNI}} \cdot \cos ({\textrm {AOI}}) |\label {autoeq:1}\\ R_{\textrm {POA}} &= {\textrm {GHI}} \cdot \alpha _{{\textrm {albedo}}} \cdot \left ( 1 - \cos (\beta _{{\textrm {tilt}}}) \right ) / 2,\label {autoeq:2}\end {align}
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\begin {align}\label {eq:G_eff} G_{\textrm {eff}} = B_{\textrm {POA,rc}}+D_{\textrm {POA,rc}}+R_{\textrm {POA,rc}}.\end {align}


\begin {equation}G_{{\textrm {eff}}}^{{\textrm {meas}}} = G_{\textrm {POA}}^{{\textrm {meas}}} \frac {G_{{\textrm {eff}}}^{{\textrm {modelled}}}}{G_{\textrm {POA}}^{{\textrm {modelled}}}}, \label {eq:POA_meas_rc}\end {equation}
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\begin {equation}\label {eq:t-cell-sandia} T_{{\textrm {cell}}} = T_{{\textrm {m}}} + \frac {G_{{\textrm {eff}}}}{G_{{\textrm {ref}}}}\cdot \Delta T,\end {equation}


$\Delta T$


$\Delta T \approx 1$


\begin {equation}\label {ieq1} T_{{\textrm {cell}}} = G_{{\textrm {eff}}}\cdot \exp (a_{\textrm {cell}} + b_{\textrm {cell}}\cdot \mathit {WS}) + T_{{\textrm {air}}},\end {equation}


$a_{\textrm {cell}}=-3.43$
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\begin {equation}\label {ieq2} T_{{\textrm {m}}} = T_{{\textrm {cell}}} - \frac {G_{{\textrm {eff}}}}{G_{{\textrm {ref}}}}\cdot \Delta T,\end {equation}
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\begin {equation}\label {ieq3} P_\mathrm {without\_plr} = \frac {P_\mathrm {with\_plr}}{(1 - \mathit {PLR} \cdot \Delta t)},\end {equation}


$\Delta t$


$P_\mathrm {without\_plr}$


\begin {equation}\label {ieq4} P_\mathrm {with\_plr} = (1 - \mathit {PLR} \cdot \Delta t) \cdot P_\mathrm {without\_plr},\end {equation}


\begin {align*}G_{\textrm {POA}}' &= G_{\textrm {POA}}/G_{{\textrm {ref}}} \\ T' &= T_{{\textrm {m}}} - T_{{\textrm {ref}}},\end {align*}
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\begin {equation}\label {eq:Huld} \begin {split} P(G_{\textrm {POA}}, T_{{\textrm {m}}}, P_{0}) & = G_{\textrm {POA}}' ( P_{0} + k_1 \ln (G_{\textrm {POA}}') + k_2 \ln {(G_{\textrm {POA}}')}^2 + k_3 T' \\ & \quad + k_4 T' \ln (G_{\textrm {POA}}') + k_5 T' \ln {(G_{\textrm {POA}}')}^2 + k_6 T'^2), \end {split}\end {equation}
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\begin {equation}\label {eq:PVUSA} P(G_{\textrm {POA}}, T_{{\textrm {air}}}, \mathit {WS}) = G_{\textrm {POA}} \cdot \left ( a + b \cdot G_{\textrm {POA}} + c \cdot T_{{\textrm {air}}} + d \cdot \mathit {WS} \right ),\end {equation}
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\begin {equation}\label {eq:PVWatts} P(G_{\textrm {POA}}, T_{{\textrm {cell}}}, \gamma , P_{0}) = \frac {C_T \cdot P_0 \cdot G_{\textrm {POA}}}{1000 \ \mathrm {W/m^2}},\end {equation}
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Nomenclature

Abbreviations

PV Photovoltaic

ML Machine learning

MLP Multi-layer perceptron

GBM Gradient boosting model

TL Transfer learning

LSTM Long short-term memory

PVUSA Power model by the Photovoltaics for Utility Scale
Applications project

LOSO-CV Leave-One-Site-Out Cross-Validation

POA Plane-of-array

FMI Finnish Meteorological Institute

TUAS Turku University of Applied Sciences

SI Supplementary Information

UTU University of Turku

HEL System in Helsinki

KUO System in Kuopio

SOT-20 System in Sodankylad with 20-degree panel tilt

SOT-90 System in Sodankyld with 90-degree panel tilt

TKU System in Turku

Wp Watt-peak

AC Alternating current

DC Direct current

GHI Global horizontal irradiance, W/m?

DHI Diffuse horizontal irradiance, W/m?

DNI Direct normal irradiance, W/m?

AOI Angle of incidence of the direct solar beam

QC Quality control

IEC International Electrotechnical Commission

SD Standard deviation

PLR Performance loss rate, %/year

NREL National Renewable Energy Laboratory

nRMSE Normalised root mean squared error

MAE Mean absolute error

def Default model

gen General model

fit Fine-tuned model

IQR Interquartile range

Symbols

V Voltage, V

I Current, A

Gpoa Plane-of-array irradiance, W/m?
WS Wind speed, m/s

T,. Air temperature, °C

T,, Panel temperature, °C

T,y Cell temperature, °C

Bpos Beam component of plane-of-array irradiance, W/m?

Dpos  Sky-diffuse component of plane-of-array irradiance, W/m?

Rppa Ground-reflected component of plane-of-array irradiance,
W/m?

abedo  Albedo of the ground

P Tilt of the panel, °

DNIgcjimic  Quality control limit for maximum direct normal irradi-
ance, W/m?

a Solar elevation, °

DNIc Direct normal irradiance to which quality control method is
applied, W/m?

G Reflection corrected plane-of-array irradiance value, W/m?

AT Temperature difference between panel and cell, °C

ace> beey  Parameters for cell temperature calculation

Py Nominal power of the system, W,

P,c Alternating current power, W

P Direct current power, W

Pyithour_pir  Power without performance losses, W

Py _pir Power with performance losses, W

At Years from initial date

Gpoa Plane-of-array irradiance divided by the reference plane-of-
array irradiance

T’ Panel temperature with reference panel temperature subtracted,
°C

ky, ..., ks Coefficients for the Huld model

K{,....k; Coefficients for the Huld model divided by the nominal
power of the system

a,b,c,d Coefficients for the PVUSA model

', b, c',d" Coefficients for the PVUSA model divided by the nominal
power of the system

Cr Temperature correction term

y Temperature coefficient of the panel, 1/°C

R? Coefficient of determination

n Total number of observations

i ith observation

y; Actual value of the ith observation

9; Predicted value of the ith observation

y Mean of the actual observations

Subscripts and superscripts

meas Measured value

modelled Modelled value

rc Reflection-corrected irradiance component

High-latitude conditions create an opportunity for a variety of high-
performing solar installations with various production profiles [3-5].
However, the conditions consist of factors that make PV system perfor-
mance assessment challenging. Strong seasonality, with long summer
days and cold, snowy winter months, directly motivates studies on the
effects of device temperature [6] and snow [7]. Snow can either decrease
power production when it covers the panels or increase power produc-
tion due to its high albedo. In addition to the weather effects, the sun
elevation angle in high latitudes is often low. Low sun elevation angles
result in reflection losses and shading from surrounding buildings, trees,
and other panels. These effects pose challenges for reliable PV output
modelling [8] and forecasting [9,10], as well as calculating performance
loss rates [11]. One understudied aspect of high-latitude PV systems is
their reliable monitoring, especially in different irradiance conditions.
High accuracy during low light conditions must be addressed to achieve

continuous system monitoring and to detect performance flaws even
during winter.

PV system monitoring is important, as ensuring peak system per-
formance can secure economic gains. Low-performing systems lead
to decreased resource and land use efficiency, and consequently re-
duce environmental and financial benefits. The importance of real-time
and automatic monitoring increases with PV system size as manual
inspection becomes increasingly time-consuming and economically pro-
hibitive. One method for automatic system monitoring and fault detec-
tion is to compare actual power output with expected power output
[12-16]. @gaard et al. showed that such a comparison was a more
suitable monitoring approach than specific yield or performance ratio-
based approaches at high latitudes when an ML model was used [14].
Other models that were not data-driven produced less stable metrics,
highlighting the benefits of site-specific models in challenging weather
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conditions. However, when historical data are not available, site-specific
models become unfeasible, and other modelling approaches must be
used, creating a need to find the most suitable alternatives.

The challenge is to reliably detect faults in highly seasonal high-
latitude conditions, especially if site-specific models are not available.
However, knowledge of which power models are the most reliable in
these conditions is unavailable due to the lack of a comprehensive com-
parison of multiple models. Modelling can be carried out using various
models, including IV-curve-based models [17], empirical models [17],
statistical models, and machine learning (ML) models [18,19]. Our work
focuses on empirical models due to the frequency of their use in the
relevant high-latitude literature [8,9,11,14,20]. In addition, our work
analyses multi-layer perceptron (MLP) and gradient boosting (GBM) ML
models due to their ability to map non-linear dependencies, such as
ambient conditions to power output, making them well-suited for PV
power modelling [14,21-23]. The data-driven nature of empirical and
ML models makes their usage and comparison similar.

The distinct characteristics of high-latitude conditions (such as peri-
ods of cold temperatures, low irradiance, and snow coverage) create a
need to validate power models in these conditions, which is currently
limited to only a few models. Alcaiiiz et al. showed that the accuracy
of predictive power models decreases if they are used on data from dif-
ferent climates than those on which they were trained [24]. Although
their study focuses on ML models, it highlights the need for model val-
idation in local climates. Similarly, Hajjaj et al. highlight the need to
compare the accuracy of several models in the same climate to find the
most suitable model for that climate [25].

Previous literature related to high-latitude conditions is limited to
studies of one or two models [8,9,12], using data from one system [12],
or using a dataset that is less than a year long [9,12]. These short-
comings can easily impact reliability and generalisability and indeed
previous literature has not reached a consensus. Book et al. showed that
the empirical Huld model works well for monitoring purposes in Finnish
conditions using data from two systems [8]. Nevertheless, Brester et al.
showed that the MLP model outperformed the Huld model in day-ahead
output forecasting using some of the same data [9]. In 2015, Platon et al.
compared the PVSAT-2 empirical model to an MLP model in Canada us-
ing data from a 120 kW system covering March to July 2014 [12]. Even
though the MLP showed better accuracy, the difference from the em-
pirical model was so small that the authors preferred the simplicity of
the one-equation empirical model over the more complex MLP model.
@gaard et al. showed that the random forest ML model was more ac-
curate than the empirical PVWatts and single diode models using six
rooftop systems from Norway [14], highlighting the benefits of data-
driven models in high-latitude conditions. This work aims to bridge the
gap and identify generalisable power modelling features in high-latitude
conditions by comparing five models using multi-year datasets from five
systems.

In addition, this work compares the accuracy of general and site-
specific models, which is often missing. Fine-tuning is limited to models
with modifiable coefficients and systems with available historical data.
For a new system without historical measurement data, monitoring
needs to be done using general models that are not optimised for the sys-
tem. Huld et al. provided default coefficients for the Huld model, which
can then be used as a general model [26], and Book et al. showed that
fine-tuning the Huld model increased the accuracy for two PV systems
in Finland compared to the default coefficients [8]. If default values are
not provided, general models can be trained using transfer learning (TL)
[27]. TL is a method in which the model is constructed using data from
a source domain and then applied to a new target domain with similar
characteristics to the source domain [27]. TL methods have been ac-
tively researched in recent years, but the majority of the works cover
advanced ML models which are often dependent on previous observa-
tions, such as long short-term memory (LSTM) models that are used
for output forecasting [27,28]. This work applies the TL approach to
MLP and GBM models, as well as empirical Huld and PVUSA models, to

Solar Energy 315 (2026) 114785

examine whether simpler empirical models benefit from the approach.
Since the models are trained using data from four systems and tested
using data from the system that is left out, the approach can be seen as
Leave-One-Site-Out Cross-Validation (LOSO-CV). Anamiati et al. trained
a general MLP model using data from other PV systems and successfully
applied the trained model to a new system [29]. However, they focused
on the accuracy of only the general model, omitting the comparison to
the site-specific model. Comparing the accuracy of the general model to
the fine-tuned model offers another validation method for the general
model, since the accuracy of the fine-tuned model acts as a reference
point. Further analysis of different general models and their compar-
isons to fine-tuned models is needed due to the rapid increase in new
PV sites without historical data in the future, and will be carried out in
this work.

Different empirical models are shown to give increasingly erroneous
results when the irradiance drops below 800 W/m? or when the module
temperature drops below zero [30]. However, when using ML models,
Livera et al. showed that filtering out plane-of-array (POA) values un-
der 100 W/m? decreased the accuracy of the models due to the smaller
training dataset [31]. These conflicting results call for a comparison of
model performances at different irradiance levels. This study aims to ad-
dress this gap by splitting the irradiance into range bins and assessing
the model accuracy across the bins.

This work carries out a comprehensive comparison of conventional
empirical Huld, PVUSA, and PVWatts models with machine learning
MLP and GBM models in high-latitude climates by utilising two novel
approaches. First, general and fine-tuned models are compared to de-
termine suitable models to use with and without fine-tuning. Such a
comparison is often omitted, but it offers valuable insights into the
benefits of fine-tuning. In addition, the comparison shows how close
general models get to the accuracy of site-specific models when data
are not available for fine-tuning. Second, the models are analysed un-
der different irradiance levels to assess their accuracy under varying
conditions. The specific aim is to determine the conditions in which
general and fine-tuned models perform well, and whether the increased
complexity of ML models offers significant improvements to modelling
accuracy. Our work here builds on the master’s thesis by Anttalainen
[32], which focused mainly on one system. By covering several sys-
tems at different latitudes (60-67° N), regions with varying conditions
(snowy North, coastal, and inland), tilt (15-90°) and azimuth angles
(123-217° from North clockwise) and adding detailed analyses across
different irradiance conditions, the current contribution aims to deter-
mine results and features of system modelling that generalise reliably
to other high-latitude locations, for instance in Sweden, which has very
similar climatic conditions to Finland.

2. Methodology
2.1. Experimental setups and data collection

The data used in this study are from five PV systems in four loca-
tions across Finland covering different latitudes (60-67° N), as shown
in Fig. 1 and described in Table 1. All of the systems consist of mono-
facial polycrystalline silicon panels. The systems in Helsinki, Kuopio,
and Sodankyléd are maintained by the Finnish Meteorological Institute
(FMI), and their data are openly available [33]. Karhu et al. provided
detailed descriptions of these systems [7]. The Turku system is main-
tained by Turku University of Applied Sciences (TUAS), and its data are
available [34]. The variables used and their resolutions are described in
Supplementary Information (SI) Section S1. A summary of the processing
steps is shown in Fig. 2.

The system in Helsinki (HEL) is installed on a flat rooftop. During low
sun elevation angles, the system suffers from self-shading, which means
that each panel row casts its shadow on the next panel row. During
winter, snow often accumulates on the panels due to their low tilt and
low clearance (small distance between the leading edge of the panels
and the roof), resulting in the snow piling up in front of the panels.
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Arctic circle
66° 34'N

Fig. 1. Locations and photographs of the systems studied. Photographs of the Helsinki, Kuopio, and Sodankyla systems were taken by Karhu/FMI. The photograph of
the Turku system was taken by Anttalainen/UTU. Reproduced from [35]. Copyright Karttunen et al. under CC-BY 4.0, 2026.

Table 1
Parameters of systems used. Panel azimuth is measured from north clockwise.
HEL KUO SOT-20 and SOT-90 TKU
Location Helsinki Kuopio Sodankyla Turku
Latitude (° N) 60.20 62.89 67.37 60.45
Longitude (° E) 24.96 27.63 26.65 22.30
Altitude (m) 30 85 180 28
Altitude from the ground (m) 17 10 4 9
Maintainer FMI FMI FMI TUAS
Commission date 26 Aug 2015 22 Sep 2016 2 Feb 2017 Jul 2017
Monitoring period Dec 2015- Apr 2017- Feb 2018- Jan 2018-
Dec 2021 Nov 2020 Nov 2021 Sep 2020
Number of panels 84 78 land1 18
System nominal power (Wp) 21,000 20,280 260 and 260 4500
Panel manufacturer SolarWorld SOLARWATT SolarWorld Kingdom Solar
Panel model SW 250 poly BLUE 60P SW 260 poly KD-P250W
y (%/°C) -0.41 -0.38 -0.41 -0.408
Panel azimuth (°) 135 217 123 180
Panel tilt (°) 15 15 20 and 90 15
Inverter ABB TRIO-20.0- ABB TRIO-20.0- INV-350-60 Fronius Symo
TL-OUTD TL-OUTD micro-inverter Hybrid 4.0

The system in Kuopio (KUO) resembles the Helsinki system and likewise
suffers from self-shading at low sun elevation angles and snow cover
during winter.

There are two PV systems in Sodankyld, each consisting of a single
260 Wp nominal power panel. One panel is installed at a 20° tilt (SOT-
20) and the other at a 90° tilt (SOT-90). Both panels are installed on a
platform four meters above the ground with a high clearance preventing
any piling of snow. The SOT-90 system benefits from high albedo caused
by snow during winter due to its high tilt angle and location in northern
Finland, which experiences significant snowfall.

The system in Turku (TKU) is installed on a flat rooftop. It is affected
by two trees located 15 metres southwest of the panels and by an I-V
room located 2.5 metres east of the panels. The system also suffers from
snow cover during winter due to low clearance.

2.2. Irradiance and temperature modelling

In this work, empirical power models that require POA irradiance
(Gpoa), wind speed (W.S), air temperature (T,;), panel temperature
(T,), and cell temperature (7,.;) are used. SI Table S1 shows that the
TKU and SOT-20 systems are missing measurements for Gpg,, which are
modelled using beam (Bpgy), sky-diffuse (Dpgp), and ground-reflected
(Rppa) components of Gpg, as follows:

Ggg):elled —

Bpoa + Dpoa + Rpoa- @

Bpoa and Rppp can be calculated from GHI and DNI components as
follows:

Bpoa = |DNI - cos(AOI)| (2)
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Fig. 2. Summary of the processing steps.

Rpoa = GHI - agipeqo - (1 = cos(Bary)) /2, 3

where AOI refers to the angle of incidence of the direct solar beam,
®albedo Tefers to the albedo, and Sy, refers to the tilt of the panel.
Albedo value a,.q, = 0.151 was used for days without snow, since
it is expected to be representative of these systems and is, for example,
the default value in the FMI Open PV Forecast application [36]. Albedo
value for snow varies depending on the freshness of the snow. Typical
albedo values range from 0.6 (old dirty snow) up to 0.9 (fresh clean
snow) [37]. In this work, albedo value a,,eq, = 0.7 was used when
snow was present. In HEL, KUO, SOT-20, and SOT-90, snow depth on
the ground is reported once a day (at 00:00 UTC). Snow albedo is set if

two consecutive measurements show snow (snow depth > 0 cm). Snow
depth data for TKU is downloaded from FMI’s data service [38] using
the weather station in Turku (Artukainen).

The Dpg, component is calculated with the Perez sky-diffuse model
[39]. Because the TKU system is only measuring GHI, the values for
DHI and DNI were decomposed using the Erbs model [40]. The qual-
ity control (QC) method for DNI introduced by Book et al. [8] is used
for measured and decomposed DNI values. The QC method filters out
unrealistically high DNI values as follows:

DNIgglimit = A - exp(B - @) + C 4)
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A=-838 ©
B=-0.112 ©
C =951 @)
DNl = min(DNL DNIogjimic)s ®

where « is the solar elevation. The authors also suggest setting DNI
values to 0 if « < 0.5, which was used in this work.

Because part of the irradiance is reflected from the panel surface,
especially when the irradiance is coming at a high AOIL, not all of the
incoming irradiance is absorbed by the cells. The reflection losses are
calculated using the models proposed by Martin and Ruiz [41]. The
equations used for reflection loss calculations are shown in SI Section
S2. The reflection-corrected POA (also known as absorbed or effective
POA) G is obtained as the sum of the reflection-corrected components
(denoted by subscript rc):

Geir = BPOA,rc + DPOA,rC + RPOA,rc- ©)

The reflection-corrected values for measured POA (HEL, KUO, SOT-90
systems) were calculated as follows:

Gmodelled

meas _ ~meas _eff
Geff - GPOA Gmodelled ’ 10)
POA

where Gg‘gzs is the measured POA value, G:;?de”ed is the reflection-

corrected POA calculated as above in Eq. (9), and Gpm(')’ge”ed is the POA
calculated as in Eq. (1).

Cell temperatures for HEL, KUO, SOT-20, and SOT-90 systems were
calculated using the Sandia model [42], based on panel temperatures
measured with thermocouples from the rear side of the panels:

Geff .
Gref

Teen =Ty + AT, 1y
where AT corresponds to the temperature difference between the panel
and cell at the reference irradiance of 1000 W/m?. For the HEL system,
Varjopuro et al. [6] calculated AT ~ 1, which was also used for KUO,
SOT-20, and SOT-90 systems. Cell temperatures for the TKU system were
calculated with the Sandia model [42], which was modified as follows:

Teen = Gegt - eXp(acen + beent - W) + Tair (12)

where parameter values a. = —3.43 and b = —0.125 were used, as
suggested by Varjopuro et al. for silicon panels in a high-latitude location
[6]. Panel temperatures for the TKU system were then calculated from
Eq. (11):

ff

T, = Gett AT 13
m — fcell — G . : ’ 13
ref

where the value AT = 1 was also used.

2.3. Data filters

The following filters are applied to remove nighttime, erroneous, and
outlier datapoints, as well as datapoints when panels are under snow
cover:

1. Daytime filter (Gpoa > 5 W/m?)

2. Threshold filters suggested by the International Electrotechnical
Commission (IEC) [43]

3. Clipping filter (constant threshold)

4. Snow cover and quality filter by Karhu et al. [7] applied to FMI
datasets (later referred to as QC filter)

5. Outlier filter (+2 standard deviations (SD) from the mean of
P/Gqg of a rolling horizon over 800 datapoints sorted by irra-
diance)
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6. Cut-outlier filter for SOT-20 system (removing datapoints based
on line-fitting)

The IEC threshold filters remove unrealistic values, and are shown in
Table 2. For HEL and KUO systems, a clipping threshold value of 20 kW
for DC power was used, while other systems were not impacted by in-
verter limitations. In addition, the datapoints from TKU data where
P < 100 W and G.¢ > 100 W/m? were removed because of the unrealistic
combination of low power and high irradiance.

A QC filter was applied to FMI’s datasets HEL, KUO, SOT-20, and
SOT-90. The filter excludes datapoints with snow cover and quality
issues based on manual classification from photos and data. The QC
filter was applied based on the following variables and their values:
‘dataQC=1" and ‘vis_SnoP =0’. These variables are readily available in
the datasets for HEL, KUO, SOT-20, and SOT-90 systems, and are de-
scribed in more detail by Karhu et al. [7]. Since these variables are
missing in the TKU dataset, the QC filtering is omitted for TKU.

Outliers were filtered out by including only datapoints that are
within 2SD from the mean of 800 rolling horizon P/Gg points sorted
by irradiance. The rolling horizon of 800 removed the fewest data points
while still maintaining the same performance compared to other tested
rolling horizon lengths, as shown in SI Figure S1. In addition, this outlier
filter was extended for the SOT-20 system by implementing a line-fitting
to low power/irradiance points and removing points below that line. A
detailed description of the outlier filter and cut-outlier filter is provided
in SI Section S1.1. After filtering, the datasets were aggregated from the
original resolution (one minute with FMI data, five minutes with TUAS
data) to 10 min resolutions to unify the datasets (see SI Section S1.2).

2.4. Performance loss rate

Aging and soiling decrease the power output of the PV system over
time. Power decay of the system is usually expressed by the performance
loss rate (PLR), which is provided in the unit of %/year [44]. If perfor-
mance losses are omitted when predicting power, predictions will be
greater than the actual output. In addition, performance losses affect
model training when historical data are used. The performance losses
are taken into account by calculating what the power would be without
performance losses for every datapoint using the following equation:

P, with_plr

Pyithout_pir = 0—PLR b))’ ()]
where At is years from the initial date. PLR value of —0.33%/year is
used for all systems, since it is reported to be the median degradation
rate for c-Si technologies in cold and snowy climate [45]. The first dat-
apoint of filtered data was used as the initial date. The models were
trained using P, ou_pir @S the output and predictions of the models were
scaled back to powers with PLR losses using the following equation:

Pwithiplr =({-PLR-Ap)- Pwithoutiplr’ (15)

which makes the output comparable with the actual system output
power.

Table 2

IEC filters, where Gpp, refers to POA irra-
diance, T,;, refers to air temperature, WS
refers to wind speed, P, refers to AC power
after inverter, and P, refers to rated DC

power.
Variable Lower limit ~ Upper limit
Gpop (W/m?) -6 1500
T, (°C) -20 50
WS (m/s) 0 32
Pyc (W) —0.01- P, 1.02- PR,
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2.5. Power models

Empirical models

The Huld model is a regression-based empirical model introduced by
Huld et al. [26]. It models the power using POA irradiance and module
temperature as follows:

2
P(Gpop>Tin» Py) = Gpop(Py + k1 In(Gp ) + ko In(Gpo )™ + ks T

+kyT' (Gl + ksT' In (G ) + kT2, (e
where
Gron = Gpon/Gret
T' =Ty — Ty
and ki, ..., ke are fitting coefficients. The reflection-corrected POA ir-

radiance G is used as the input in Eq. (16), and in the following
models, instead of Gppa. The Huld model has been shown to work
well for outdoor power modelling with Gpg, > 300 W/m? [26], and
it is used in power modelling and forecasting studies in high-latitude
conditions [8,9,11,20]. The coefficients and the output can be scaled
with the nominal power of the system, which will result in notations
K\ = ki/Py,....kg = kq/Fy and P/F,. Huld et al. provide default val-
ues for these coefficients k’l, ,k’6 [26], which can be used to construct
a general model. The coefficients can also be fine-tuned to a specific
system by using historical data.

The Photovoltaics for Utility Scale Applications (PVUSA) project de-
veloped a regression-based empirical model for power modelling [46].
It models power by using POA irradiance, air temperature, and wind
speed as follows:

P(Gpop. Tair- WS) = Gpop - (a+b-Gpop + ¢ Ty +d - WS), a7

where a, b, ¢, and d are fitting coefficients. Similar to the Huld model,
these coefficients must be fitted in the PVUSA model before it can
be used. However, the PVUSA model lacks default values for the co-
efficients. To use it as a general model, the same training method is
used as the method used with ML models as described in Section 2.6.
The coefficients are scaled similarly to the scaling used with the Huld
model, which results in notations a’ = a/P,,...,d’ = d/P,. The PVUSA
model is shown to have poor performance with POA irradiances be-
low 500 W/m? [46]. It also returned unrealistic results in high-latitude
conditions [11].

PVWatts is a web application for estimating the power production
and energy yields of a PV system developed by the National Renewable
Energy Laboratory (NREL) [47]. It uses a simple empirical model
that calculates power using POA irradiance and cell temperature as
follows:

Cr - By - Gpoa

, 18
1000 W/m?2 as

P(Gpop, Teents 15 Fo) =

where Cy is a temperature correction term Cr = 1+ y(Ti — 25 °C) and
y is the temperature coefficient of the panel. Unlike previous models,
PVWatts has no fitting coefficients, which means that the model can be
used directly as a general model to calculate power without fitting. It is
described as a tool for quick and easy estimation of PV production, but
annual energy yield errors can be up to 20% and monthly energy yield
errors up to 40% [47].
Machine learning models

In addition to the empirical models presented, the MLP and GBM
machine learning models are used. MLP is an artificial neural net-
work consisting of multiple layers, whereas GBM is an ensemble of
weak predictors (usually decision trees) [48]. Both models have been
used successfully in PV power forecasting [19,49]. In order to keep
the model usage similar to the empirical models, the same input
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variables are used with the ML models. These include reflection-
corrected POA irradiance, air temperature, module temperature, and
wind speed. The models were implemented using the Python li-
brary scikit-learn version 1.7.2 [50]. Because of the large size of the
datasets used, the histogram-based implementation of GBM provided
by the class HistGradientBoostingRegressor was used. Detailed de-
scriptions of the ML model implementations are in SI Section S4.
The ML models were trained using the supercomputer Puhti pro-
vided by CSC. All codes used for this work are available in the
repository [51].

2.6. Model training

PVWatts can be used to directly estimate the power of a PV sys-
tem without historical data due to the lack of fitting coefficients.
Additionally, the Huld model can be used directly since default values
are provided for its coefficients. The Huld model with default coefficients
and the PVWatts model will be referred to later as default models due to
the lack of fitting requirements. To construct the general Huld, PVUSA,
MLP, and GBM models, TL is utilised by using data from four systems
to build the general model and testing the model on the data from the
system that was left out. LOSO-CV is used to validate the TL approach by
holding each system as a test set once and training the models with the
data from the rest of the systems. The illustration of training the general
model is shown in the upper part of Fig. 3.

The Huld, PVUSA, MLP, and GBM models were also fine-tuned for
each system using the data from the first 365 days, which is a common
length for the training set [11]. By using one year of data for train-
ing, the models have the opportunity to learn seasonal characteristics
that are highly prevalent in high-latitude conditions. Using shorter train-
ing sets than a full year would likely lead to worse performance of the
models, since during the testing phase the models would encounter un-
seen seasons. Thus, it can be expected that a comparison of the general
models to fine-tuned models with a full year of training would show
the most difference, and shorter training sets would lead to similar per-
formance between these models. For the Huld and PVUSA models, the
coefficients of the general models were used as starting values, and for
the MLP model, the weights of the general MLP model were used as
starting values. For the GBM model, a completely new model was cre-
ated for fine-tuning using the same hyperparameters as with the general
GBM model, because fine-tuning the existing general model showed de-
creased performance when new weak learners were added. The lower
part of Fig. 3 illustrates the fine-tuning process.

Hyperparameters of the general ML models were tuned using grid
searches. A detailed description of the tuning process is available in SI
Section S4. The following MLP model parameters were selected for each
system: hidden layer size (200, 200, 200), an initial learning rate of
0.0001, a batch size of 32, the ReLu activation function, and Adam as
the algorithm. The following GBM model parameters were selected for
each system: learning rate of 0.1, maximum number of leaf nodes for
each tree of 32, and maximum number of trees of 400. The possibility
of overfitting is mitigated by using early stopping if the validation score
does not improve for 10 epochs for both ML models.

The outlier and cut-outlier filters were estimated using the full time
series. Since the general models are constructed using a transfer learning
approach utilising data from different systems than the target system,
there is no information leakage, as the data of each system are pro-
cessed independently. The avoidance of information leakage also applies
to the default Huld and PVWatts models, as no training is done with
them.

With fine-tuned models, a year of filtered data is used to train the
model and the rest of the data is used for testing. When performing the
outlier filtering, data is sorted by irradiance before the rolling window,
so the training set and testing set are mixed. Thus, there is a possibility
that the testing set affects the training and vice versa. However, since
there is no long time-dependent rolling window and since the outlier
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Fig. 3. Illustration of the training process for models for the HEL system. General models for each system were trained by leaving the data from that system aside,
and training the general model using data from other systems. Fine-tuned models are trained from general models by performing additional training with data from

the first 365 days of the given system.

and cut-outlier filters remove a small portion of the data (up to 5%), we
expect the possible data leakages to be minor, thus retaining the validity
of the results.

3. Results and discussion
3.1. Impact of filtering

To reliably compare the accuracy of the models, the data used should
be of high quality. The quality of the data is enhanced with various fil-
ters. The performance of the filters was assessed by plotting the actual
output power against reflection-corrected POA irradiance, as shown in
Fig. 4. Since the power of the system is highly correlated with the irradi-
ance, erroneous datapoints, caused by, for example, shading and snow
cover, can usually be seen from the scatter plot as outliers. Outlier values
can occur, for example, if panels are shaded while the irradiance mea-
surement instrument is not (or vice versa), creating a power—irradiance
mismatch.

Each system in Fig. 4 shows varying levels of variance. Data in which
IEC filters, clipping filters (for HEL and KUO), and QC filters (for HEL,
KUO, and SOT systems) have been applied are referred to as threshold
filtered data and are shown in Fig. 4 as green dots. They removed 2%
to 34% of the daytime datapoints (yellow dots) in HEL, KUO, SOT-20,
and SOT-90 systems. The outlier filter (blue dots) removed 5%-point, at
most, of additional datapoints but made the resulting dataset visually
more cohesive.

In the SOT-20 system, the outlier filtered datapoints form a “hook”
on irradiance values over 800 W/m? (as shown in SI Figure S4F). This
pattern might be a result of a rolling-window outlier filter and low
data density with high irradiance values. Because these datapoints de-
viate from the expected highly linear relationship between irradiance
and power, they were removed. Since the cut-outlier filter removes
0.2% of the data (Fig. S4G), the effect on the model performance is
likely small. Removal is done by fitting a line to low power/irradiance
points and removing points below that line. This method is referred
to as a cut-outlier filter and is explained in more detail in SI Section
S1.1.

There are no similar QC filters for TKU data that filter out snow
cover and erroneous data similar to Karhu QC for FMI’s systems, due
to different weather sensing availability in FMI and TUAS. In the TKU
system, the threshold filters filtered 4% of the daytime data. After out-
lier filtering, the TKU system also showed high scattering, similar to
the SOT-20 system. Scattering in these systems might be caused by
the lack of POA measurements, which results in the use of modelled
POA values that may introduce inaccuracies to the G values. In ad-
dition, the irradiance measurement devices for GHI, DHI, and DNI are
located outside the SOT systems, which can introduce scattering to SOT-
20 data (the SOT-90 system has direct on-site Gpy, measurements),
especially during rapidly changing weather. Furthermore, in practice,
the SOT-90 system prevents the accumulation of snow (as explained
in Section 2.1), which likely contributes to a reduction of scattered
data.

The filters remove the majority of the scattering in each system, while
retaining a high proportion of daytime data (over 63%). In combina-
tion with the preprocessing steps (reflection corrections, DNI quality
control, handling of performance loss rates, and aggregating to 10 min
resolution), filtering is used to minimise the noise and erroneous data-
points, and to unify the data across systems. If such processing is omitted,
the noise will affect the training of the models, resulting in decreased
learning of underlying patterns related to weather conditions and power
output. The trained models were also evaluated using datasets with only
daytime filtering in order to analyse the impact of filtering on the model
accuracy.

3.2. Model performance across the whole dataset

The overall accuracies of the models were assessed by plotting mod-
elled power output against actual filtered power output and calculating
the corresponding coefficient of determination (R?) value, which is a
metric often used in PV power forecasting and represents how well the
model fits the data [52]. It is described further in SI Section S3. Fig. 5
shows scatter plots for each model (def = default; gen = general; fit
= fine-tuned) and system with all filters. The default PVWatts model
tends to overestimate the power values in each system, as the majority
of the points are above the diagonal lines. On the other hand, the de-
fault and general Huld models overestimate the power values in SOT-20
and SOT-90 systems, whereas general PVUSA, MLP, and GBM models
seem to overestimate power values only in the SOT-20 system,; in other
systems, the points follow the diagonal line well.

R? values are high (from 0.980 up to 0.997) in the HEL and KUO sys-
tems with all models, indicating good accuracy of the models. However,
the lowest R? values are in the SOT-20 system, likely due to the highly
scattered data. Default Huld and PVWatts models have R? values of
0.883 and 0.869, while general MLP, GBM, Huld, and PVUSA have
higher R? values of 0.974, 0.972, 0.944, and 0.966. The differences in
R? values between default and general models in SOT-20, SOT-90, and
TKU systems indicate that utilising TL with data from other systems to
construct the general models could increase model accuracy.

Fine-tuning the models generally increases the R? values and reduces
over-/underestimation with empirical and ML models, which was an
expected result. Even with the highest scattered data from the SOT-20
system, fine-tuned models achieve high R? values from 0.966 to 0.991,
indicating that the models captured the power generation patterns well.
However, the general MLP, GBM, Huld, and PVUSA models have the
same or almost the same R? value (a difference smaller than 0.01) as
their fine-tuned version in HEL, KUO, SOT-90, and TKU, meaning that
the general models captured the variability of the data almost as well as
the fine-tuned models. Thus, the overall accuracy of the models across
all datasets is good based on the R? values, especially when the models
are fine-tuned.

Fig. 6 shows the scatter plots and R*> values when only a daytime
filter was applied. Compared to the results when all filters are applied in
Fig. 5, the data exhibit more scattering and lower R* values as expected
due to noisier data. Overall trends are still similar to those with all filters:
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Fig. 4. Comparison of power outputs at given reflection-corrected POA irradiance values with different filters for HEL (A), KUO (B), SOT-20 (C), SOT-90 (D), and

TKU (E) systems.

default models have the lowest R? values and fine-tuned models have
the highest. However, in the KUO system, general Huld and ML models
have higher R? values than the fine-tuned models. Additionally, the R?
values in the SOT-90 system show only slight differences between the
filtering, which is likely the result of lower data noise due to periods of
low snow cover. The following sections show results when all filters are
applied to the datasets and the results for only daytime filtered data are
shown in SI Sections 5, 7, and 8.

3.3. Model performance at different irradiance levels

To get a better understanding of the performance of the models at
different irradiance levels, the data are split into irradiance bins using
the same bin ranges as Karttunen et al. [11]. Fig. 7 shows the ratio
of reflection-corrected POA irradiance for each irradiance bin in each
system when all filters are applied. The majority of the irradiance is
under 200 W/m? for every system. The ratios are similar to the ratios
reported by Karttunen et al. [11], except for the SOT-90 system in Fig. 7,
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legend, the reader is referred to the web version of this article).

which shows an increased share of data in the range of 20-100 W/m?.
These results show that the majority of the data lie in low irradiance
conditions, thus highlighting the importance of model validation under
these low irradiances. This result also agrees with the recommendation
of Pgaard et al., suggesting that common irradiance threshold filters,
such as 200 W/m?, should be avoided in high-latitude conditions due to
excessive removal of data [14].

Fig. 8 shows normalised root mean squared error (nRMSE) values
for each model and irradiance bin for each system. The nRMSE metric
is described further in SI Section S3. Generally, nRMSE values decrease
as irradiance increases or the model is fine-tuned, indicating improved
accuracy. In HEL and KUO systems, most models produce nRMSE values
below 0.2 down to an irradiance of 50 W/m2. In SOT-20 and SOT-90 sys-
tems, most models produce increased nRMSE values up to an irradiance
of 100 W/m?. In the TKU system, most models showed similar nRMSE
values regardless of whether the model was default, general or fine-
tuned, but in other systems, fine-tuning generally lowered the nRMSE
errors. In HEL and KUO systems, the default Huld model produced lower
nRMSE values than the general Huld model in the majority of the irradi-
ance bins, especially in the lowest irradiance bin of 5-20 W/m?, where
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it produced the lowest nRMSE values out of all the models, including
fine-tuned models. However, in the rest of the systems, the general and
fine-tuned Huld models have higher accuracy in the majority of the irra-
diance bins, indicating that HEL and KUO systems resemble the systems
for which the default Huld coefficients were obtained.

Both SOT systems showed a rapid increase of errors with the lowest
irradiance bin, reaching nRMSE values over 20. These high errors dif-
fer from other systems, which have error values consistently under 2.
The poor accuracy in low irradiances of the SOT systems could arise
from poor low-irradiance performance of the micro-inverters, or low
data counts in these irradiance bins in the SOT systems, for example.
Generally, high errors can originate from noisy data caused by unsteady
efficiencies of panels and inverters in low irradiance conditions [14].
The efficiency of the solar panels decreases and becomes non-linear un-
der low irradiance conditions due to the increase in shunt resistance
[53], and the uncertainty increases with larger shares of low light condi-
tions [54]. In addition, increased relative errors, even with low absolute
errors, can increase nRMSE values in low irradiance conditions since
the errors are divided by the mean of the power, which is small in
low irradiance conditions. In addition to high error values in the low
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Fig. 7. Share of reflection-corrected POA irradiance for different irradiance bins of each system when all filters are applied.
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Fig. 8. nRMSE values for each model and irradiance bin for HEL (A), KUO (B), SOT-20 (C), SOT-90 (D), and TKU (E) systems when all filters are applied. The colouring
is logarithmic and same with values over 1 to emphasize the comparison of irradiance levels with smaller nRMSE values.

irradiance conditions in SOT systems, the error values tended to in-
crease in the last irradiance bin (irradiance over 800 W/m?), especially
with the fine-tuned Huld model. This increase of errors could be caused fine-tuned MLP and GBM models are visible, as well as the high low-

by the low data count (as seen in Fig. 7). nRMSE values for the data irradiance accuracy of the default Huld model on the HEL and KUO
where only daytime filtering is applied are shown in SI Figure S8. systems.

The accuracy differences are smaller than with datasets where all fil-
ters are applied. However, the high low-irradiance accuracies of the
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Fig. 9. MAE values scaled with the rated power of the system for each model and irradiance bin for HEL (A), KUO (B), SOT-20 (C), SOT-90 (D), and TKU (E) systems

when all filters are applied. The colouring is logarithmic.

Because low power values can inflate the nRMSE values at low irra-
diance levels due to the division by mean power, mean absolute error
(MAE) values are also calculated for the irradiance bins. MAE values that
are scaled with the rated power of the system are shown in Fig. 9. MAE
values for the data where only daytime filtering is applied are shown
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in SI Figure S9. Compared to Fig. 8, MAE values are low during low ir-
radiance conditions due to low absolute errors in that region. Despite
the metric used, fine-tuning generally lowers the errors, and fine-tuned
ML models have lower low-light errors compared to empirical models.
Additionally, the increased errors under high-irradiance conditions in
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Fig. 10. Boxplots of relative errors ((modelled — actual) / actual) for HEL and SOT-20 systems when all filters are applied. The irradiance bins under 50 W/m? are
omitted to focus on conditions in which the models demonstrate sufficient performance.

the SOT-20 and SOT-90 systems are visible as darker MAE values in
Fig. 9(C) and (D). Better performance under specific conditions, such as
in low-light, of the ML models is likely due to the more complex and less
limiting structure of the ML models compared to the empirical models,
which are more limited by the formulation of the used equation and the
number of coefficients.

Fig. 10 shows the relative errors of the models for HEL and SOT-
20 systems with irradiance bins over 50 W/m?2. The lowest irradiance
levels are omitted due to high errors (as shown in Fig. 8). These two sys-
tems had the highest and lowest overall R? values, as shown in Fig. 5.
Additionally, they represent geographically varying conditions, as the
HEL system is located on the coast of Southern Finland with a latitude
of 60.20° N, whereas the SOT-20 system is located in snowy Northern
Finland with a latitude of 67.37° N. The relative errors of other sys-
tems and low irradiance values are shown in SI Figure S10. SI Figure
S11 shows the relative errors when only the daytime filter is applied.
The boxplots represent error distributions of all datapoints within the
given irradiance bin, the box indicates the first and third quartiles,
the line within the box displays the median, and the whiskers indicate
the furthest points within 1.5 interquartile range (IQR) from the first
and third quartiles. Fig. 10 shows that the variance of errors decreases
with irradiance, as shown by the decreasing sizes of the boxplots at
higher irradiances. However, even with the low variance of errors (short
boxplots), the default PVWatts model has a tendency to overestimate
the power across irradiance levels and systems (as shown in SI Figure
$10), because the medians of the boxes are greater than 0. The default
Huld model lacks this tendency, since the medians are close to 0 in the
HEL system (Fig. 10A), but systematically over O in the SOT-20 system
(Fig. 10B). The error trends of the general models are similar to each
other.

Figs. 8 and 10 show that the accuracy of the models changes across
different irradiance levels. These patterns are harder to spot from Fig. 5,
highlighting the need for a more detailed irradiance-based comparison
rather than overall R? values. The accuracy differences between the
systems imply that the system characteristics affect the power gener-
ation patterns. These characteristics include different installations, such
as varying system sizes, azimuth and tilt angles, but also geographical
locations, local climate, and shading patterns, for example. However,
the number of available systems with long-term data limits how deep
an analysis can be made. Still, errors are generally smaller with general
models than with default Huld and PVWatts models, showing that even
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with domain shifts across systems, the used TL method is beneficial even
with empirical models.

3.4. Example power profiles

To visualise the accuracy of the models during a single day, power
profiles for a sunny day (18/05/2019) in Helsinki are plotted in Fig. 11.
The upper figure shows the profiles and the lower figure shows the rel-
ative errors of the models. Power profiles for other systems showed
patterns similar to the HEL system, and are shown in SI Section S6.
All models followed the shape of the profile quite well, but mornings
and evenings showed distinct relative error patterns due to small pro-
duction values. Empirical models showed increased relative errors for
each model under low irradiance conditions, for example, before 6:00
and after 18:00 in the UTC+2 time (Fig. 11A), except for the default
Huld model, which had relative errors close to 0 around 20:00. A posi-
tive increase in relative errors indicates overestimation of power under
low irradiance conditions. Fine-tuning decreases the relative errors for
empirical models for most of the day, but after 18:00, the fine-tuned
Huld and PVUSA models showed larger relative errors than their general
versions.

In contrast, the relative errors of ML models (Fig. 11B) are similar to
each other and stay closer to 0 for longer during the day. However, gen-
eral ML models showed signs of systematic underestimation of power
on the example day from 15:00 to 18:00 (Fig. 11B), which is effectively
corrected by fine-tuning. The relative errors also oscillated between pos-
itive and negative, indicating a lack of systematic error trends under
low irradiance conditions and consequently preventing any easy way of
correcting them.

3.5. Model performance at monthly and yearly levels

To investigate how errors accumulate to less granular levels and
how well the models handle the non-stationarity caused by seasonal-
ity and system aging, the energy yield errors are compared at monthly
and annual levels. Correct yield estimation is crucial when estimating
the viability of a new system, for example. Fig. 12 shows errors in the
HEL system and Fig. 13 shows errors in the SOT-20 system for empirical
models (A) and ML models (B). Other systems are shown in SI Figures
S$16-S18, and results with only the daytime filter applied are shown in SI
Figures S19-S23. Both systems in Figs. 12 and 13 showed an increase in
relative errors during winter, but because the production is low during
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Fig. 11. Power profiles for empirical models (A) and ML models (B) and their relative errors in Helsinki for a sunny day (18/05/2019) when all filters are applied.

winter, even small absolute errors can produce high relative errors. Due
to this phenomenon, this study focused primarily on months with high
production, and ignored the clipping of relative errors in low production
months. Fig. 13(A) shows how the systematic overestimation of power
accumulates to modelled energy yields: the modelled monthly produc-
tions are greater than the grey bars, which display the actual production.
The default PVWatts model produced the largest monthly energy yield
errors in all systems. On the other hand, the default Huld model often
had the lowest errors during winter in the HEL system, whereas in the
SOT-20 system, the default Huld model produced high errors during
winter along with the PVWatts model. These conflicting results indicate
a lack of robustness in the default Huld model.

The largest errors were in SOT-20 and SOT-90 systems where the
default PVWatts model systematically overpredicted the energy yield
by around 25%, while general MLP and GBM models overpredicted en-
ergy yield by around 10% during the highest production months. This
overestimation with general models suggests the possibility of underper-
formance of SOT-20 and SOT-90 systems, possibly due to poor efficiency
of the micro-inverters. Even though poor inverter efficiency mostly af-
fects the AC readings of the power, DC readings can also be affected by
the inverter [55].

In the HEL and KUO systems, general models systematically under-
estimate energy yields by around 5%. Part of this underestimation may
be caused by using data from possibly underperforming SOT-20 and
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SOT-90 systems to train general models for the HEL and KUO systems.
The magnitudes of monthly energy yield errors are generally smaller
with general models than with default Huld and PVWatts models, except
for the HEL and KUO systems, where the default Huld model generally
performs better.

Fine-tuning reduces energy yield errors, which results in all models
being consistently within 10% of the actual yield, including in the SOT-
20 system, during high production months. For the HEL system, errors of
the fine-tuned Huld, PVUSA, GBM and MLP models are often below 5%,
even under 1%. In the SOT-20 system, the fine-tuned Huld and PVUSA
models had around 5% errors, whereas the fine-tuned GBM and MLP
models produced fewer errors, often around 2%. Numerical values for
monthly errors are shown in SI Section S7.

With all models and systems, errors increase during winter and
decrease during summer. This pattern indicates that the models face
challenges when dealing with non-stationary seasonality. However, this
pattern is practically inevitable, since even small differences between
the actual and predicted values lead to large relative errors when the
production values are small.

The errors in monthly levels directly influence annual energy yield
errors, as shown in Fig. 14. Because the HEL data begin in December
2015 and fine-tuned models require one year of data, the years from
2017 onwards are shown in Fig. 14(A) to focus on errors of full years.
Similarly, Fig. 14(B) discards the year 2018. All years and systems are
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Fig. 13. Monthly energy yields (upper figure) and their relative errors (lower figure) for empirical models (A) and ML models (B) for the SOT-20 system when all
filters are applied. Actual energy yields are marked with grey bars. The relative error graph has lines for +10%, +20%, and +30% errors.

shown in SI Figure S24 and results with only the daytime filter are shown
in SI Figure S25.

Fig. 14 shows that the overestimation of power from the default
PVWatts model resulted in a consistent annual energy yield overesti-
mation. For the HEL system, this error is close to 10%, whereas for the
SOT-20 system, this error is around 30%. These errors are significant,
and would lead to either false-positive fault detection in the monitoring
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context, or large economic losses, if used to predict the energy yield of
a new system. On the other hand, general Huld, PVUSA and ML mod-
els have different error trends between the systems. While these models
underestimate the energy yield by around 5% in the HEL system, they
overestimate the energy yield by 10% to 15% in the SOT-20 system.
The default Huld model shows errors around 5% for the HEL system
and around 25% for the SOT-20 system. Fine-tuning lowers the errors.
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Fig. 14. Annual energy yield errors for HEL (A) and SOT-20 (B) systems when all filters are applied. Positive values represent overestimation of energy, and negative

values represent underestimation of energy.

With the SOT-20 system, fine-tuned ML models result in the lowest er-
rors, while fine-tuned Huld and PVUSA show noticeably larger errors.
A similar trend is missing in the HEL system, in which all fine-tuned
models produced similar errors under 5%. The errors seem to shift to-
wards positive values over the years in all systems, suggesting challenges
regarding the non-stationarity of the time-series. The reason is likely a
higher PLR than the used —0.33%/year, which causes the models to
overestimate the power as time passes.

These differences in errors between models highlight the previous
observation, that training a general model affects its accuracy. The gen-
eral Huld and PVUSA models were trained similarly to the ML models,
and the error trends were similar to the ML models in both systems.
In addition, the differences in errors between the systems highlight the
previous observation that the systems might have characteristics, such
as shading or a low-performing inverter. To minimise inverter perfor-
mance issues, this study focused on DC power output rather than AC
power output. However, the inverter might still affect the measured DC
power by, for example, clipping the measured DC power output [55].
These site-specific characteristics amplify the errors of the default and
general models, underlining the importance of fine-tuning.

To reduce the effects of low data quality, strict filtering was used.
Measurements from local weather stations were used to avoid the un-
certainty associated with satellite-based measurements. These factors
might limit the applicability of the results for smaller-scale PV systems,
for example at the household level. For example, the snow filtering
used for HEL, KUO, SOT-20, and SOT-90 utilised validation from sys-
tem photographs [7]. However, similar differences between models were
observed with only daytime filtered data. This result means that the
findings are likely applicable with different filtering possibilities.

The training length for fine-tuned models was one year in order to
take into account the strong seasonality of high-latitude conditions. Even
though the length of training data could limit the applicability of the
results to newly constructed systems, the analysed default and general
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models offer good overall performance, thus they can be used when there
is not enough historical data for fine-tuning.

4. Conclusions

The aim of this work was to compare the accuracy of different power
models in high-latitude conditions. To achieve that aim, the objectives
were to analyse how the models perform as general and fine-tuned mod-
els, and how the accuracy of the models changes across irradiance levels
in various locations and with varying levels of filtering. Despite the chal-
lenges in power modelling in high-latitude conditions, high accuracies
were obtained with a novel combination of filtering and training: high-
quality data with transfer learning resulted in general models with R?
values of 0.944-0.994, and superior accuracy compared to the default
models with only daytime filtering applied, which had R? values even
as low as 0.78. Fine-tuning with site-specific high-quality data increased
the R? values to 0.966-0.997. Filtering had little effect on the SOT-90
system, possibly due to vertical installation, which effectively removes
snow cover and the resulting noise.

The default and general models had different error trends: all general
models showed high R? values over 0.944 when all filters were applied,
whereas default Huld and PVWatts models showed varying R? values
across systems, from 0.869 to 0.990. In addition, the default PVWatts
model consistently overestimated the power in all irradiance ranges,
which also accumulated the monthly energy yield and resulted in the
overestimation of the annual energy yield by up to 30%. On the other
hand, the default Huld model had high accuracy on the HEL and KUO
systems, especially at low irradiances, but the lowest accuracy at irra-
diance levels over 100 W/m? in the SOT-20, SOT-90, and TKU systems,
apart from the PVWatts model. All general models avoided such sys-
tematic over-/underestimation trends across the systems, indicating that
transfer learning results in robust general models. Thus, using data from
other systems to construct general power models proved to be beneficial.
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Fine-tuning increased R? values and generally lowered errors in all
models, making their overall accuracy comparable. Even when the over-
all accuracy of the fine-tuned models showed only a minor increase in R”
values, the errors in specific irradiance levels decreased by up to 80%.
This result underscores the need for more detailed analysis than merely
reporting error metrics over the whole dataset when comparing model
accuracy. The empirical PVUSA had consistently similar accuracy to ML
models, showing that the increased complexity did not offer a significant
increase in accuracy. However, fine-tuned ML models had lower nRMSE
errors than empirical models in low irradiance levels under 100 W/m?2,
highlighting their potential for low-light monitoring.
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