
Progress in Photovoltaics: Research and Applications, 2026; 0:1–21
https://doi.org/10.1002/pip.70130

1

Progress in Photovoltaics: Research and Applications

RESEARCH ARTICLE OPEN ACCESS

Robust Performance Loss Rate Calculation for Photovoltaic 
Systems in High Latitude Locations
Lauri Karttunen1   |  Väinö Anttalainen1  |  Sami Jouttijärvi1  |  Juha A. Karhu2  |  Hugo Huerta3  |  Samuli Ranta3  |  
Anders V. Lindfors2  |  Kati Miettunen1

1Department of Mechanical and Materials Engineering, University of Turku, Turku, Finland  |  2Finnish Meteorological Institution, Helsinki, 
Finland  |  3New Energy Research Group, Turku University of Applied Sciences, Turku, Finland

Correspondence: Lauri Karttunen (lauri.p.karttunen@utu.fi)

Received: 21 January 2026  |  Revised: 24 April 2026  |  Accepted: 28 May 2026

Keywords: high latitudes | performance loss rate | performance metric | photovoltaic performance | snow coverage

ABSTRACT
Photovoltaic (PV) production grows rapidly in the Nordics, but literature on calculating long-term PV performance losses remains 
limited in these conditions, leading to inaccurate yield estimations and economic losses. To fill this knowledge gap, this contri-
bution (1) shows typical PV performance characteristics, (2) obtains performance loss rates (PLRs) from multiple systems, and (3) 
assesses the best practices of PLR calculation under these conditions. For these objectives, we compared various methods for all 
steps of PLR calculation, including data filters, performance metrics, aggregation intervals, and statistical models for five systems 
(with 2.5–6 years of data) across Finland, from 60° to 67° N. Dark winters and snow coverage caused gaps and anomalies to the 
performance time series during wintertime, resulting in unrealistic PLRs. Excluding these anomalies with performance threshold 
filter improved the results. As the different methods can drastically affect the PLR value, an ensemble method consisting of an 
assessment of average PLR with over 700 calculation approaches was validated to be essential in identifying robust PLRs. Using 
this ensemble method, the system PLR estimates ranged from −0.41%/year to −2.65%/year. The data and codes are made publicly 
available, contributing to open access of PV datasets and allowing wider application of the PLR methodology.

1   |   Introduction

Photovoltaics (PV) has become an increasingly crucial energy 
source all over the world with its low prices and good market 
availability [1]. Installed and planned PV capacity has seen a sig-
nificant increase, even in high latitude locations [2]. Currently 
in 2026, the national PV capacity of Finland is around 1.5 GWp 
[3]. However, there were over 26 GWp of utility-scale (over 1 
MWp) PV capacity either under construction or permitting 
phase in June 2025 [4], and the national grid operator is con-
sidering possible increase up to 4000% by Year 2040 [5]. Given 
the mean national summer load of 8 GW (during July–August 
in 2025) [6], even partially realized PV capacity additions would 
have a major impact on the Finnish power markets. Household 
PV installations are expected to continue to significantly in-
crease as well, thanks to the good scalability of PV.

Techno-economic assessment of different Nordic PV systems 
has become an important research topic [7, 8]. For these eco-
nomic analyses, reliable estimates of performance loss rates 
(PLRs) from relevant existing systems are important for as-
sessing the lifetime and estimating the long-term energy 
production of a PV system. Additionally, system PLR is an 
important metric indicating the system's state-of-health, espe-
cially when combined with fault detection and diagnosis [9]. 
Therefore, assessment of PLR is highly relevant for PV project 
developers and operation and maintenance of real systems to 
have more accurate yield estimations and minimize the eco-
nomic losses, as well as academics to develop the PLR calcu-
lation methodology for all climatic regions and performing 
techno-economic assessments for PV systems. PLR indicates 
a linear loss in power output of a given PV system in the unit 
of %/year, and contains long-term performance effects, such 
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as irreversible panel and system component degradation as 
well as reversible effects, such as soiling and snow coverage. 
However, removing reversible effects that vary from year to 
year, such as changing shadows from trees and snow cover, 
provides better assessment of the actual state-of-health of a 
system [10]. PLR refers to the performance of the whole sys-
tem [11]; therefore, it is calculated from operational outdoor 
time-series data of the system. This work studies the PLR 
calculation in high latitude locations, where comprehensive 
analyses are yet lacking. However, research on these condi-
tions is crucial, since the weather characteristics, such as high 
seasonality, low sun angles, and snow coverage, bring out 
challenges on long-term performance assessment not appar-
ent on lower latitudes [12, 13].

Different PLR calculation approaches have been shown to affect 
the PLR results, which have made the assessment of the best prac-
tices for PLR calculation an important research topic. The related 
works have focused on the different parts of the PLR workflow, 
from data quality and preprocessing [14, 15], data filtering [16, 17], 
performance metrics [16], and statistical models for the PLR as-
sessment [15, 18]. These works have led to efforts on unifying the 
PLR calculation methodology, one of the most foundational being 
the work by International Energy Agency's (IEA) PVPS Task 13 
[19, 20], which benchmarked various PLR approaches in various 
climatic zones. One of the main conclusions was that there might 
not exist a single PLR calculation approach that would suit all 
cases, but an ensemble method combining multiple approaches 
could provide reliable PLR estimates. Additionally, it introduced 
a general four-step PLR framework, including input data cleaning 
and filtering, performance metric calculation and aggregation, 
time-series feature correction, and statistical modelling of PLR. 
Based on these efforts, Lindig et al. later compiled a work on the 
best practices of PLR calculation [21]. In addition to research ar-
ticles, different libraries have been developed to unify the PLR 
calculation, such as RdTools [22]. Restricting the available meth-
ods by utilizing a dedicated library for PLR assessment has been 
shown to reduce the PLR variability [16].

However, most of the existing works, such as the contri-
bution by the IEA PVPS Task 13 [19, 20], focus on low- and 
mid-latitude locations (Köppen–Geiger climate zones B [arid] 
and C [temperate], including their subcategories [23]), while 
comprehensive studies on PLR calculation in high latitude 
locations are still lacking. High latitude locations consist 
mostly of Dfb (humid continental), Dfc (subarctic), and ET 
(tundra) Köppen–Geiger climate zones [23], which are char-
acterized by low sun elevation, snow coverage during win-
ters, and high seasonal variability in irradiance, day length, 
and temperature. Especially, this strong seasonality can cause 
challenges for PLR assessment [12]. Many of the works on PV 
performance losses in high latitudes assess the performance 
losses near STC by comparing few datapoints over multiple 
years [24, 25]. However, this previously common practice to 
apply strict irradiance and temperature filters to select only 
data near STC has recently been concluded not to be a good 
practice, due to the large amount of data removal [21], but also 
because of possible bias of high irradiance conditions to PLR 
[12, 20]. Indeed, more insights regarding how operational con-
ditions—especially irradiance—impact the PLR would be ben-
eficial for the community.

There are a few works related to PLR calculations methods in 
high latitudes, but they tend to have a specific focus or they are 
limited to one system/area: Paudyal and Imenes [26] studied how 
different data aggregation intervals affect the long-term perfor-
mance time series and showed that the seasonal variability of 
the time series was decreased by a spectral correction. Øgaard 
et al. [27] analyzed how data filters affect the performance met-
ric variation in different parts of Norway. They concluded that 
tailored filters for reducing the performance variability increase 
the reliability of performance monitoring. Sveen et al. [13] com-
pared different variants of year-on-year model (YOY) on daily 
aggregated performance index (PI) based on the PVWatts model 
of PV system in eastern Norway. In addition to fixed filters re-
moving low and high power output values and PI outliers, val-
ues for plane-of-array (POA) threshold limit, angle-of-incidence 
(AOI), and clear-sky (CS) filters were set by PLR uncertainty 
minimization. However, it remained unreported how the selec-
tion of different values affects the PLR results.

We have previously compared how the different data filters and 
statistical models affect the PLR of one south-facing PV system 
[28], located in southern Finland, showing huge variability in 
PLRs between different methods. Furthermore, we extended 
our comparison in work [12], where we included various data 
filters, performance metrics, aggregation intervals, and statis-
tical models, covering all steps of PLR calculation, to a small 
vertical bifacial PV system located in the same location in south-
ern Finland. Although there are works on PLR assessment in 
high latitudes, the existing literature lacks comprehensive stud-
ies where various PLR methods from all PLR calculation steps 
would be analyzed in several high latitude locations.

In addition to identifying the most robust PLR methodologies, it 
is important to report PLR values and to systematically compile 
published results into literature reviews, to better understand 
PLR trends across PV technologies, climates, and outdoor ex-
posure [29–32]. These reviews are especially interesting, since 
there has been reported a distinct increase in PLRs by a recent 
analysis by Chen et  al. [31] published in 2025 compared with 
earlier works published a decade ago [29, 30]. Additionally, 
while previously it has been concluded that a typical PLR in 
snowy climate is below −0.5%/year (below meaning closer to 
zero) for crystalline silicon (c-Si) technology [30], the recent 
compendium analysis showed PLR values to be typically at least 
−1%/year in Finland and Norway [31], representing snowy cli-
mates. However, the amount of datapoints was very limited for 
these locations, and the work considered only one PLR value 
from Finland [12]. Tonita et al. [32] compiled PLR values from 
literature of cold and snowy climates, focusing on Dfb (humid 
continental), Dfc (subarctic), and ET (tundra) Köppen–Geiger 
climates [23]. They showed a median PLR of −0.33%/year and 
a mean PLR of −0.45%/year for these climates, which greatly 
deviates from the results by Chen et  al. [31]. However, Tonita 
et al. also reported increases in performance losses with recent 
deployment compared with older systems [32]. The discrepan-
cies in the reported PLR values in the cold and snowy conditions 
calls for more PLR studies, helping to provide better conclusion 
on the climatical effects on PLRs.

The aim of this work is to evaluate the best practices for PLR 
calculation in high latitudes. Therefore, this work investigates 
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several PLR calculation methods that are applied to multiple PV 
systems of different sizes in various locations in high latitudes—
such a comprehensive analysis is lacking from the existing liter-
ature. The locations are across Finland, covering latitudes from 
60° to 67° (Dfb and Dfc climate zones), and all of the studied 
datasets cover 3–6 years of data. We apply an extensive selection 
of methods for all steps of PLR calculation, including data filters, 
performance metrics, data aggregation, and statistical models, 
utilizing commonly used methods [19–21] and expanding the 
methodology from our previous work [12]. Table 1 compiles the 
contributions of relevant literature and this work. Our work will 
(1) validate the PV performance characteristics of high latitude 
conditions, (2) obtain PLR values from multiple systems, and (3) 
extend the best practices of PLR calculation to these high lati-
tude locations. Furthermore, our work contributes to the global 
understanding of PV PLR under different climatic zones and 

impact of filtering, specifically cutting of the low irradiances. 
We have made the codes publicly available in [34], therefore pro-
viding the PLR framework to be implemented in wider use cases.

2   |   Methodology

In this work, we implemented a comprehensive analysis meth-
odology with a large variety of data filters, performance metrics, 
data aggregation intervals, and statistical models to understand 
which of them provide the most robust PLR estimates. The meth-
odology is similar to our previous work, which covered one ver-
tical PV setup [12], but here, we analyze multiple systems across 
Finland. Compared to the previous study, we also included addi-
tional data filters, reflection corrections to POA irradiance, and 
modified cell temperature estimation, outlier filter, and PVUSA 

TABLE 1    |    Descriptions of relevant PLR literature and our work.

Work Aim Climate Dataset size Filtering
Modelling 
approach

IEA PVPS [19, 
20]

Finding best 
PLR methods

Dfb, BSk, 
Cfa, BWk, 
BWh, Cfb, 

Csa, ET

23 systems, 
2.5–10 years

Various combinations 
of threshold and 

outlier filters

Various metrics, 
aggregation 

intervals, and 
statistical models

Louwen et al. 
[33]

Obtaining PLR 
trends for different 

climates and 
technologies

Cfa, Cfb, 
Csa, Csb

2200 systems, 
3–25 years

Removal of PR outliers LR to STL trend 
from monthly PR

Paudyal and 
Imenes [26]

PLR analysis of 
4 panels with 

2 methods

Dfb 4 panels, 
5 years

Only positive electrical 
values, GPOA within 

25–1000 W∕m2, 1. ISC
/GPOA within mean ± 

2SD 2. GPOA ≥ 400 W∕m2 
and AOI > 50◦

1. ISC/GPOA near 
STC, 2. LR to 

temperature-and 
irradiance-corrected 

IV parameters

Sveen et al. [13] PLR analysis 
of 1 system and 

developing a 
variant of YOY

Dfb 1 system, 
5 years

GPOA, AOI, and CS 
threshold filters 
with uncertainty 

minimization, low and 
high power threshold, 
IQR outlier filter on PI

2 YOY variations 
on daily PI

Tonita et al. 
[32]

Compiling PLRs 
for cold and snowy 

climates and 
obtaining PLRs 
of three systems

Dfc 3 systems, 
5–16 years

CS, GPOA ≥ 50 W∕m2, 
clipping filter, energy 

yield ≥ 60% of modelled

YOY on daily PI

Our previous 
work [12]

Finding best PLR 
methods for high 

latitude conditions

Dfb 1 panel, 4 years Various combinations 
of threshold, outlier, 

and CS filters

Various metrics 
with LR and YOY

This work Validate the 
ensemble method for 
PLR calculation and 
expand the analysis 
of our previous work 
to multiple systems

Dfb, Dfc 5 systems 
2.5–6 years

Initial data quality 
and snow filter with 

various combinations 
of threshold, outlier, 

and CS filters

Various metrics 
with LR and YOY

Abbreviations: AOI = angle-of-incidence, CS = clear-sky, GPOA = plane-of-array irradiance, ISC = short circuit current, IQR = interquartile range, IV = current-voltage, 
LR = linear regression, PI = performance index, PR = performance ratio, SD = standard deviation, YOY = year-on-year.
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regression fitting. The workflow with the methods used is pre-
sented in Figure 1. The following sections describe the studied 
PV systems and the used PLR calculation methods. The codes 
for the PLR calculation are openly available in [34].

2.1   |   Systems

We performed the analysis of five PV systems, representing four 
different locations in Finland, shown in Figure 2. The systems 
are named after the international airport abbreviations of the 
particular cities. SOT-20, SOT-90, KUO, and HEL systems are 
operated by the Finnish Meteorological Institute (FMI). The FMI 
systems are described in [35], and the data are openly available 
in [36]. TKU system is owned by the Turku University of Applied 
Sciences (TUAS), and the data are openly available in [37]. FMI's 
systems are recorded with 1-min resolution, whereas TKU's sys-
tem has 5-min recording resolution, and the datasets are 2.5–6 
years long. Thus, they provide long, well-suited datasets for 

performance loss analysis. All data are accompanied by on-site 
weather measurements, including global horizontal irradiance 
(GHI), wind speed (WS), and air temperature (Tair). Most of the 
datasets also have POA irradiance and panel temperature (Tm) 
measurements, allowing accurate calculation of all performance 
metrics. For the analysis, we used direct current (DC) power to 
minimize the effects of inverter degradation. The key informa-
tion for each system is presented in Table 2. The systems are fur-
ther described below. For the azimuth angles of solar panels, 180° 
represents south, and the angle increases clockwise.

2.1.1   |   Helsinki (HEL)

The Helsinki system is a south-east-facing (135°) 21-kWp flat-
roof installation, consisting of 84 SolarWorld's SW 250 polycrys-
talline panels [39], 250 Wp each, with a tilt angle of 15° and six 
rows in two, slightly separated strings, with a row-to-row dis-
tance between 150 and 160 cm. Both strings are connected to the 
same ABB TRIO-20.0-TL-OUTD (20 kW) inverter [40]. The sys-
tem is prone to self-shading under low sun elevation and snow 
piling due to the low clearance (see Figure 2).

2.1.2   |   Turku (TKU)

The TKU system is a south-facing (180°) 4.5-kWp flat-roof instal-
lation, consisting of 18 Kingdom Solar KD-250 polycrystalline 
panels [41] with a tilt angle of 15° in three rows. Panels are con-
nected to Fronius Symo Hybrid 4.0 inverter [42]. The system is 
prone to snow piling and moderately shaded by two trees located 
15 m in south-west and the current-voltage room located around 
2.5 m to the east, causing roughly 3.5% shading losses annually. 
The GHI pyranometer was cleaned regularly to prevent its soiling.

2.1.3   |   Kuopio (KUO)

The KUO system is a south-west-facing (217°) 20.28-kWp flat-
roof installation, consisting of 78 SOLARWATT's BLUE 60P 
polycrystalline panels [43] with a tilt angle of 15°, low clearance, 
and six rows in two sets: one with four and the other with two 
rows with a row-to-row distance of 170 cm (see Figure 2). Both 
sets are connected to one ABB TRIO-20.0-TL-OUTD inverter 
[40]. Similarly to HEL system, KUO system is prone to self-
shading and snow piling due to low clearance.

2.1.4   |   Sodankylä-20 (SOT-20)

The SOT-20 system has one east-southeast-facing (azimuth of 
123°) 260-Wp SolarWorld SW 260 polycrystalline panel [44] with 
a tilt of 20°, and connected to an Aeconversion INV-350-60 micro-
inverter [45]. The panel is installed 4 m from the ground with a 
high clearance, allowing snow to slide off the panel (see Figure 2).

2.1.5   |   Sodankylä-90 (SOT-90)

The SOT-90 system has another 260-Wp SolarWorld SW 260 
polycrystalline panel [44] installed at the same azimuth of 123° 

FIGURE 1    |    PLR calculation framework and methods used in this 
work.
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5Progress in Photovoltaics: Research and Applications, 2026

FIGURE 2    |    Locations of the systems used in this work. Source of the map: Vecteezy.com. Photographs of Helsinki, Kuopio, and Sodankylä sys-
tems by Karhu/FMI, and Turku system by Anttalainen/UTU.

TABLE 2    |    System information.

HEL TKU KUO SOT-20 SOT-90

KG climate Dfb Dfb Dfc Dfc Dfc

KGPV climate FL FL FL EL EL

Latitude (° N) 60.20 60.45 62.89 67.37 67.37

Longitude (° E) 24.96 22.30 27.63 26.65 26.65

Altitude (m) 30 28 85 180 180

Commission date August 26, 2015 July 2017 February 2, 2017 February 2, 2017 September 22, 2016

Monitoring period December 2015– January 2018– April 2017– March 2018– February 2018–

December 2021 September 2020 November 2020 November 2021 November 2021

System rated power 
(Wp)

21,000 4500 20,280 260 260

� (%/°C) −0.41 −0.41 −0.38 −0.41 −0.41

Panel azimuth (°) 135 180 217 123 123

Panel tilt (°) 15 15 15 20 90

Shading Minor Moderate Minor Negligible Negligible

Measurement 
resolution (min)

1 5 1 1 1

Measured weather 
parameters

Tair, Tm, WS 
GHI, DNI, DHI, 

GPOA

Tair, WS, GHI Tair, Tm, WS 
GHI, DHI, GPOA

Tair, Tm, WS 
GHI, DNI, DHI

Tair, Tm, WS GHI, 
DNI, DHI, GPOA

Note: � is the temperature coefficient of power. The scaling of the shading is based on five-level scale (1. Negligible, 2. Minor, 3. Moderate, 4. Considerable, 5. Severe), 
where “moderate shading” losses correspond to around 3.5%/year. Köppen–Geiger (KG) climates [23]: Dfb = humid continental and Dfc = subarctic; Köppen–Geiger-
photovoltaic (KGPV) climates [38]: FL = polar low irradiance, EL = cold low irradiance.
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and with a tilt of 90° (vertical installation). It is also connected 
to an Aeconversion INV-350-60 microinverter [45]. This panel 
is installed to the same platform on 4  m from the ground as 
SOT-20.

2.2   |   Data Quality Grading

The quality grading criteria presented in [20] were applied 
to all our datasets. When PLR is estimated from outdoor 
time-series performance data, the output data are based on 
inverter-based data acquisition, and weather data are based 
on various sensor readings and data loggers. Therefore, there 
can be many sources of errors, from data logging malfunc-
tions to sensor drifting, which can produce poor quality data 
(see Section 2.4 for their elimination) and gaps in data. Among 
these, the power limitation of the inverter (i.e., inverter clip-
ping) is one of the largest error factor in our data collection, 
and for that, we included a separate filtering step. Other sig-
nificantly faulty datapoints are expected to be captured in 
other filtering steps (see Section 2.4). The grading quantifies 
the quality of the input data, which has a great impact on the 
PLR analysis [14]. The grading classification ranks the dataset 
in terms of the percentage of data outliers, missing data, and 
the longest gap from A to D. The quality grading is presented 
in Section 3 in Table 5.

2.3   |   Irradiance and Cell Temperature Modelling

2.3.1   |   Plane-of-Array Irradiance

For SOT-90, KUO, and HEL systems, GPOA was measured, 
whereas for TKU and SOT-20 systems, it was estimated based on 
other measured irradiance components. For SOT-20, GPOA was 
estimated from GHI, DNI, and DHI components, which were 
measured at a nearby (1 km) weather station. Using these com-
ponents, the beam (BPOA), diffuse (DPOA), and ground-reflected 
(RPOA) irradiance components were estimated, where BPOA and 
RPOA were obtained using the following equations. 

where AOI is the angle-of-incidence of the radiation, �albedo is 
the albedo of the ground near the system, and �tilt is the tilt of 
the panels. Albedo of �albedo = 0. 7 was used if ground snow 
depth was greater than 0 on two consecutive days (ground 
snow readings are reported only once a day). For FMI systems, 
these snow measurements were included in the original data-
sets at [36], whereas for TKU system, the measurements were 
obtained from FMI's data service (Artukainen station) [46]. 
For snow-free days, albedo of �albedo = 0. 151 was used, as it is 
the default value in FMI Open PV Forecast application [47]. 
DPOA was obtained with Perez model [48] using PVlib (version 
0.11.2) [49].

For KUO system, DNI was estimated, and for TKU system, 
both DNI and DHI were estimated from GHI using the Erbs 

decomposition model [50] using the erbs function within 
PVlib. After estimating DNI, a correction method introduced 
by Böök et al. [51] was applied to DNI for KUO and TKU sys-
tems, after which BPOA, DPOA, and RPOA were estimated as 
above described.

For TKU and SOT-20 systems, where GPOA was calculated 
from the components, reflection losses were taken into ac-
count by applying reflection corrections based on Martin and 
Ruiz model [52] to the POA components, denoted by subscript 
“rc”: 

where 

Then, the reflection-corrected (i.e., absorbed) POA, Geff, is ob-
tained as the sum of the components: 

In the case of HEL, KUO, and SOT-90 systems with GPOA mea-
surements, the reflection losses were estimated using the losses 
obtained from modelled GPOA: 

(1)BPOA = |DNI ⋅ cos (AOI)|

(2)RPOA = GHI ⋅ �albedo ⋅ (1− cos (� tilt))∕2,

(3)BPOA,rc = (1− �B) ⋅ BPOA

(4)DPOA,rc = (1− �D) ⋅ DPOA

(5)RPOA,rc = (1− �R) ⋅ RPOA,

(6)�
upper
B

= exp

(
−

cos(AOI)

ar

)
− exp

(
−

1

ar

)

(7)�
lower
B = 1− exp

(
−

1

ar

)

(8)�B =

�
upper
B

�lower
B

(9)�
tilt
D = sin

(
�tilt

)
+

� − �tilt − sin
(
�tilt

)

1 + cos
(
�tilt

)

(10)�D = exp

(
−

1

ar
⋅

(
c1 ⋅ �

tilt
D + c2 ⋅

(
�
tilt
D

)2)
)

(11)�
tilt
R = sin

(
�tilt

)
+

�tilt − sin
(
�tilt

)

1− cos
(
�tilt

)

(12)�R = exp

(
−

1

ar
⋅

(
c1 ⋅ �

tilt
R + c2 ⋅

(
�
tilt
R

)2)
)

(13)ar = 0. 159

(14)c1 =
4

3 ⋅ �

(15)c2 = − 0. 074.

(16)Geff = BPOA,rc + DPOA,rc + RPOA,rc.

(17)Gmeas
eff

= Gmeas
POA

Gmodelled
eff

Gmodelled
POA

,
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7Progress in Photovoltaics: Research and Applications, 2026

where Gmodelled
POA

 is the POA irradiance obtained by summing the 

modelled BPOA, DPOA, and RPOA, whereas Gmodelled
eff

 is obtained by 

applying the reflection corrections, presented above.

For HEL and KUO systems, FMI has calculated the root mean 
squared errors (RMSE) of transposition modelling using the Perez 
model [48] of POA from DNI, GHI, and DHI to be around 20–30 
W∕m2 [51]. In the case of TKU and SOT-20 systems, the errors are 
likely higher due to missing DNI and DHI measurements for TKU 
and higher latitude of SOT-20. Missing DNI and DHI measure-
ments requires decomposition modelling, adding another layer 
of modelling error [53], and high latitude locations with higher 
albedo due to snow can cause higher modelling errors as well 
[53, 54]. Relative RMSE for estimating GPOA from GHI of around 
7%–12% can be expected for Dfb climate [53]. Although the mod-
elling procedure introduces errors due to modelling inaccuracies 
and approximations (e.g., albedo), using ground-mounted irradi-
ance data and applying the DNI correction [51] to model GPOA pro-
vides the best estimates when direct measurements are lacking.

2.3.2   |   Cell Temperature

Cell temperatures were estimated with the Sandia model [55]: 

where ΔT is the temperature difference between the cell and 
rear side surface temperature under Gref = 1000 W∕m2. Value of 
ΔT = 1°C was used, based on the work of Varjopuro et al. [56], 
where the difference between cell and rear side temperature for 
FMI's Helsinki system was simulated to be around 1°C under 
STC. In the case of SOT-20, SOT-90, KUO, and HEL systems, Tm 
was obtained with thermocouples, attached to the rear sides of 
the systems. TKU system did not have thermocouple readings; 
thus, the cell temperature was estimated using the following 
modification of the Sandia module temperature model [55]: 

where parameters a = − 3. 43 and b = − 0. 125 were used, corre-
sponding to values found for silicon solar panels by Varjopuro 
et al. [56]. Typically, Equation (19) is used for obtaining the panel 
temperature, but Varjopuro et  al. assessed the parameters for 
cell temperature directly. These parameters were obtained for 
HEL system, but since the setup is similar with the TKU system 
(rooftop installations with same tilt and three rows), the applica-
tion of this model is justified.

2.4   |   Filters

Initial filters. We applied the following initial data filters to 
the 1- and 5-min resolution datasets to exclude nighttime data, 
unrealistic and erroneous datapoints, and conditions difficult 
to model:

1.	 Daytime filter (GPOA ≥ 5 W∕m2)

2.	 IEC threshold filters [57]

3.	 Clipping filter (by excluding points above a threshold 
power limit below the clipping power)

4.	 Snow and quality filters introduced by Karhu et al. [35] to 
FMI datasets, referred here as QC filter.

The low value of 5 W∕m2 was selected to preserve other low 
irradiance datapoints. The IEC filter, introduced by the 
International Electrotechnical Commission in [57], excludes 
ambient conditions far from the typical operation conditions, 
presented in Table 3.

The clipping filter was applied to KUO and HEL systems by ex-
cluding data where the power was over 20 kW. This filter was 
applied, since the inverter was capping the power slightly over 
20 kW (see Figure  5A,C). For TKU system, data with power 
below 100 W and Grc over 100 W∕m2 were excluded to discard 
the low-power line (see Figure 5B). This low-power line can be 
caused by, e.g., stuck power readings and snow coverage.

QC filter excluded snow coverage and data quality issues 
based on manual classification from images and data for FMI 
systems, described in [35]. The following selections were used 
for filtering data obtained in [36]: “dataQC = 1” and “vis_SnoP 
= 0,” where “dataQC” and “vis_SnoP” are the column names. 
The filters are further described by Karhu et al. in [35]. Possible 
stuck/frozen readings were excluded by “dataQC” filter.

Premetric filters. After these initial filters, GPOA lower limit 
(POA LL), outlier, and CS filters were applied before perfor-
mance metric calculation step to select data for the performance 
loss analysis. These filters are presented in Table 4. The purpose 
of these additional filters are to curate the dataset to include only 
the best behaving data or specific ambient conditions.

(18)Tcell = Tm +

Geff

Gref

ΔT ,

(19)Tcell = Geff ⋅ exp (a + b ⋅WS) + Tair,

TABLE 3    |    IEC filters.

Variable Lower limit Upper limit

GPOA (W∕m2) −6 1500

Tair (°C) −20 50

WS (m/s) 0 32

PAC (W) − 0. 01 ⋅ P0 1. 02 ⋅ P0

Abbreviations: GPOA = plane-of-array irradiance, PAC = AC power after inverter, 
P0 = rated DC power, Tair = air temperature, WS = wind speed.

TABLE 4    |    Premetric data filters.

Filter description Filter conditions

POA lower limit filter 
(W∕m2)

5, 20, 50, 100, 200, 500, 800

Outlier filter ± 2SD from the mean 
P∕Geff of rolling horizon

CS filter 0.8 ≤ CSI ≤ 1.2

Abbreviations: CSI = clear-sky index, Geff  = absorbed plane-of-array irradiance, 
P = power, SD = standard deviation.
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8 Progress in Photovoltaics: Research and Applications, 2026

Irradiance threshold filter is commonly applied to get rid of low 
and mid irradiance conditions, which introduce nonlinear be-
havior of efficiency [58, 59] and are far from STC. In the past, 
high irradiance threshold filters around 800 W∕m2 and above 
were applied to obtain data near STC, but nowadays, lower irra-
diance threshold is preferred to preserve larger amount of data 
[20]. In Figure S8, the remaining data percentages for each POA 
LL are shown for the studies systems, and it can be seen that 
having a medium LL of 200 W∕m2 already removes over half of 
daytime data, whereas a high LL of 800 W∕m2 removes around 
95% of the daytime data. In this work, we apply a wide range of 
irradiance threshold filters to assess their effect on the results, 
since the selection of this irradiance lower limit has been shown 
to affect the PLR values [12, 17], and we want to further build 
insight on that matter.

Outlier filter is typically applied to performance metric data by 
using interquartile ranges (IQR) or standard deviation (SD) 
[20, 21]. In this work, we applied an outlier filter by excluding 
data outside 2 ×SD from the mean of P∕Geff using a rolling hori-
zon to increasing Geff data, with a window size of 800 datapoints. 
A window size of 800 was selected after evaluating the data re-
moval percentage, RMSE between normalized power and irra-
diance, and coefficient of determinations (R2) for window sizes 
of 100, 200, 400, 800, 1600, 3200, and 6400. The results are 
shown in Figure S6. While the window size had little effect on 
RMSE and R2, the data removal reached minimum values 
around 800 with majority of the systems. This filter differs from 
our previous work [12], where we performed the filtering using 
monthly bins instead of rolling horizon.

Cloudy conditions can impede the performance analysis, e.g., due 
to possible power-irradiance mismatch datapoints, if the irradi-
ance sensor and panels have nonuniform cloud coverage: Clouds 
can cover irradiance sensor while panels receive direct sun, and 
vice versa. This effect can be increased by the different time con-
stants of the PV system (reacts very quickly) and the solar radia-
tion measurement (pyranometer reaction time is order of seconds). 
Thus, applying a CS filter is a common practice [20, 21]. We mod-
elled CS GHI with Haurwitz model [60] within PVlib and excluded 
points where the ratio of measured GHI and modelled CS GHI, i.e., 
the clear-sky index (CSI), was outside 1± 0. 2.

Postmetric threshold filter. We applied a threshold filter 
after calculating the aggregated (daily, weekly, or monthly) per-
formance metric values (see next Section 2.5) to get rid of low-
performance winter data points and other outliers that distort 
PLRs. For KUO, TKU, and HEL systems, we used a threshold 
value of 0.8, whereas for SOT-20 and SOT-90, a value of 0.65 
was used. Lower value for SOT systems was used, since the 
power outputs for these systems are slightly lower throughout 
the years and seasons compared with the other systems (visible 
in Figure 6A). Strict thresholds were applied instead of IQRs or 
SDs, which are typical for this purpose [20], to limit the perfor-
mance values to preserve only high-performance data, mostly 
occurring during summertime. Flagging the outliers based on 
the spread of the data, e.g., by using SD, can lead to poor filtering 
in our case, since dark winters with few datapoints and large 
gaps lead to high rates of low-performance datapoints, regard-
less of the performance metric. Figure 3 demonstrates how the 

threshold filter can improve the PLR assessment by removing 
the wintertime anomalies.

2.5   |   Performance Metrics

We analyzed five performance metrics, which are shortly pre-
sented below. Further descriptions are presented in [12]. After 
the calculation of performance metric time series, these perfor-
mance time series with 1- and 5-min resolution were aggregated 
to daily, weekly, or monthly time series using Geff-weighted mean.

Performance ratio is given by the following equation [61]: 

where Yf [kWh] is the final yield, Yr [kWh] is the reference 
yield, Pk [kW] is the system's output power, �k [h] is the dura-
tion of the kth recording interval within the reporting period, 
P0 [kWp] is the rated power, Geff,k [kW] is the POA irradiance 
at the kth recording, and Gref [kW] is the reference irradiance of 
1000 W∕m2.

Temperature-corrected performance ratio is given by the 
following formula [61]: 

where Yr,t [kWh] is the temperature-corrected reference yield 
and the temperature correction Ck [-] is given by the equation 

where � [1/°C] is the temperature coefficient of power, Tcell,k [°C] 
is the cell temperature in time interval k, and Tref is the STC 
temperature of 25°C.

Power PI is a ratio of measured output to expected output, and 
for that, we used the PVWatts model [62], given by the following 
equation: 

(20)PR = Yf∕Yr =
∑

k

(Pk ⋅ �k)∕
∑

k

(
P0 ⋅ Geff,k ⋅ �k

Gref

)
,

(21)

PRt = Yf∕Yr,t =
∑

k

(Pk ⋅ �k)∕
∑

k

(
Ck ⋅ P0 ⋅ Geff,k ⋅ �k

Gref

)
,

(22)Ck = 1 + � ⋅ (Tcell,k −Tref),

(23)PI =
Pmeasured
Pexpected

=

P

(P0 ⋅ Geff∕Gref ⋅ Ck)
.

FIGURE 3    |    Weekly temperature-corrected performance ratio (PRt) 
datapoints of Helsinki system with 0.8 threshold filter (orange) and 
without it (all points). Initial filtering with the outlier filter and irradi-
ance threshold filter of 50 W∕m2 were applied here.
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9Progress in Photovoltaics: Research and Applications, 2026

PVUSA regression model is a regression-based power model 
given by the following equation [63]: 

where a� − d� are regression coefficients. Here, PVUSA is ap-
plied by fitting Equation (24) to the first year of data to obtain 
the regression coefficients. Then, these coefficients are used to 
predict the powers throughout the monitored periods, and per-
formance losses can be evaluated by comparing the measured 
powers to these modelled (expected) powers, similarly than 
formulated in Equation  (23). The regression fits are obtained 
using nonlinear least squares implemented with a curve_fit 
function within the SciPy library [64] (version 1.15.3).

Huld regression model is another regression-based power 
model, given by the following equation [58]: 

where k1 − k6 are the regression coefficients. In this study, the 
Huld model is implemented identically to PVUSA model.

2.6   |   Statistical Models

Three models were applied for estimating PLR from the time-
series performance data, presented below. Further descriptions 
can be found in [12]. We excluded seasonal decomposition mod-
els from this analysis due to the large amount of missing winter 
data. Additionally, commonly applied seasonal trend decompo-
sition using LOESS (STL) and YOY have been reported to give 
similar PLR trends [19].

Least squares linear regression (LSLR). PLR can be calcu-
lated using the slope and the vertical intercept of a regression fit, 
given by the following equation [20]: 

where �0 is the slope, �1 is the vertical intercept of the linear model 
on performance time-series data, and t is the number of datapoints 
per year (e.g., 12 for monthly data and 52 for weekly data). The cor-
responding uncertainty uPLR is obtained as follows [65]: 

where u�0 is the standard error of the slope estimate and u�1 the 
standard error of the intercept estimate, and 1.96 a factor to 
make ±uPLR a 95% confidence interval.

Robust linear regression (RLR). Huber's M-estimation 
[66] was used as RLR, using the Statsmodels library [67] 

(version 0.14.0) for Python. The uncertainty is calculated with 
Equation (29).

Year-on-year. YOY is a method developed by Hasselbrink et al. 
for PLR assessment [68]. Here, YOY is applied using the RdTools 
library [22] (version 2.1.3). The uncertainty is obtained boot-
strapping the YOY PLR distribution. It is worthwhile to mention 
that there is a newer variation of YOY called multi-YOY, not in-
cluded in RdTools library and thus left out of this study. In multi-
YOY, each point is compared with points from all subsequent 
years, thus increasing the amount of values in the YOY distribu-
tion and therefore increasing the PLR accuracy and decreasing 
uncertainty [69, 70].

2.7   |   System PLR Estimate With Ensemble 
Approach

In this work, we utilized the ensemble approach, in which 
multiple calculation combinations are considered to obtain a 
PLR distribution, and from that distribution, system PLR noted 
as PLR is estimated. In the PLR work by IEA PVPS Task 13 
[19, 20], a voting method including around 20 different calcula-
tion approaches for estimating PLR [20] was introduced. Using 
that as a basis, we further developed an ensemble method in 
our previous work [12], which considers hundreds of individual 
PLRs, creating a PLR distribution. In this work, this distribu-
tion is obtained by combining all different methods from all 
PLR calculation steps, illustrated in Figure 4. On top of initial 

(24)

P
(
Geff,Tair,WS

)
= Geff ⋅

(
a� + b� ⋅ Geff + c� ⋅ Tair + d� ⋅WS

)
,

(25)P
(
G�,T �

)
= G�

⋅ [P0 + k1 ⋅ ln (G
�) + k2 ⋅ ln (G

�)2+

(26)
k3 ⋅T

�

+k4 ⋅T
�

⋅ ln(G�)+k5 ⋅T
�

⋅G�2
+k6 ⋅T

�2]

G�

≡Geff∕Gref

(27)T �

≡ Tcell −Tref,

(28)PLR[%/year] =
�0

�1

⋅ t ⋅ 100,

(29)uPLR = 1. 96 ⋅

√√√√√
(
1

�1

)2

⋅ u2
�0
+

(
�0

�
2
1

)2

⋅ u2
�1
,

FIGURE 4    |    Different methods in each step, which are used in the 
ensemble approach.
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10 Progress in Photovoltaics: Research and Applications, 2026

data filtering, outlier and postmetric threshold filters were 
applied to all calculation approaches included in the ensem-
ble, because they eliminate data anomalies and not including 
them causes more inconsistent PLR distributions, shown later 
in Figure 7. CS filter and irradiance threshold filter has been 
shown to have systematic bias on PLR [12], and therefore aver-
aging this biasing effect by including multiple values for them 
in the ensemble approach is crucial.

By combining all the methods shown in Figure 4, 2160 different 
PLRs are obtained theoretically. In practice, some combinations 
with YOY cannot be calculated due to gaps in data. In this anal-
ysis, we further selected only PLRs with both outlier filter and 
threshold filter, as discussed in Section 3.4. Then, PLR outliers 
of this distribution were excluded by filtering out PLRs outside 
1. 5× the IQR from the first and third quartiles. In this work, the 
PLR values are obtained as medians from these PLR distribu-
tions, since they are slightly skewed. The noisiness and amount 
of datapoints in the performance time series affect the uncer-
tainty of the PLR value. To give less weight to PLRs with higher 
uncertainty, the medians are obtained by weighting the PLR 
values by 1∕uPLR. As the uncertainties of the estimates, 95% CIs 
were obtained by bootstrapping the median, using SciPy library 
[64] (version 1.15.3) and bootstrap function therein with the 
default parameters.

3   |   Results and Discussion

3.1   |   Quality Grading and Effects of Data Filters

Data quality results are presented in Table 5. The missing per-
centage and longest gap are shown both for raw data and data 
after the initial filtering. Nighttimes were excluded in all cases. 
It can be seen that missing data percentage with the initial fil-
tered data reaches high rates, ranging from 18% to 54%, result-
ing in gradings from B to D. However, most of the missing data 
comes from the initial filtering, which removes bad-quality data 
and snow coverage. Additionally, the longest data gaps are long, 
providing low grades of C and D for all the datasets. The amount 
of outliers, assessed by the outlier filter presented in Section 2.4 
on initial filtered data, is below 10% for all the systems, provid-
ing grade A. Due to the winters in these conditions, removing 
snowy conditions will result in large amount of missing data. 

Therefore, high missing data rates and gaps are inevitable in 
these conditions.

To visually assess the performance of the initial filters and the 
outlier filter, power-irradiance graphs for each system are pre-
sented in Figure 5. Since the power is strongly correlated with 
irradiance, visualizing the power as a function of irradiance 
can be used to detect power-irradiance mismatches, caused 
by shadows [71], for example. Figure 5 shows that the systems 
have different spreads of the P∕Geff points. Especially, SOT-20 
(Figure 5D) has a large amount of outlying P∕Geff values. One 
reason for the large spread for this system is the lack of POA 
irradiance measurements, in which case the POA needs to be 
modelled using GHI, DNI, and DHI. This modelling can intro-
duce inaccuracies to Geff values due to errors in the irradiance 
transposition modelling [53]. Another possible reason is the 
greater distance between the PV site and the solar radiation 
measurements in Sodankylä compared with other sites, which 
means that more scattering of power-irradiance points can be 
expected under partly cloudy conditions than in other sites. 
Moreover, the greater amount of snow in Sodankylä compared 
with the southern locations may also add to this.

The figure shows that the prefilters (initial filters) reduce the 
amount of daytime datapoints from 2% up to 16% in all systems. 
The majority of the filtered data comes from the QC filter, which 
excludes data with unexpected behavior and snow coverage. 
Especially, excluding the snowy points from the data removes a 
large part of the data. For TKU system, there was no similar QC 
filtering available; therefore, snow-covered data are included 
after prefilters.

Overall, from Figure 5, it can be seen that the prefiltering ex-
cludes some of the data anomalies, especially low production 
points under high irradiance. However, there still remains high 
amount of scattered data (in orange) after this initial filtering. 
These P∕Geff mismatch points can be caused by various reasons, 
such as shading of panels or the irradiance sensors. To obtain 
well-behaving sets of datapoints for the PLR analysis, the out-
lier filter was applied to reduce the number of these mismatched 
P∕Geff datapoints. Figure  5 indicates that the outlier filter ex-
cludes the most crude outliers and includes data near the linear 
line of the P∕Geff points (green points). With SOT-20, there is 
a “hook” under high irradiance conditions after applying the 

TABLE 5    |    Quality grades for all systems based on criteria from [20].

Missing data (%) Longest gap (days) Dataset length Grade

Raw Initial filters Raw Initial filters Outliers (%) (years) (Missing, gap, outlier, P/F)

HEL 18 28 217 217 6 6 CDAP

TKU 14 23 43 43 5 2.5 BCAP

KUO 17 35 126 163 4 3.5 CDAP

SOT-20 6 18 98 138 4 3.5 BDAP

SOT-90 13 54 40 67 4 3.5 DCAP

Note: Grades are from A to D for missing data, longest gap, and outliers, where A refers to best grade. The dataset length is graded as a pass (P) if the length is over 
2 years, and as a fail (F) otherwise. Nighttimes were excluded using PVlib's sun _ rise _ set _ transit _ spa function (GPOA cannot be used for this purpose 
here due to missing data). Missing data are calculated from daytime data.
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11Progress in Photovoltaics: Research and Applications, 2026

FIGURE 5    |    Power as a function of reflection-corrected plane-of-array irradiance (Geff) with different filter conditions for (A) Helsinki, (B) Turku, 
(C) Kuopio, (D) Sodankylä-20, and (E) Sodankylä-90 systems.
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12 Progress in Photovoltaics: Research and Applications, 2026

outlier filter, which is due to the rolling horizon and smaller 
data density under high irradiance. The data density is not visi-
ble from Figure 5, since the colors saturate due to low transpar-
ency of the points. Instead, to visualize the data density of this 
hook, we show the data density graphs in Figure S7 for points 
over 200 W∕m2. These graphs show that most of the data are 
focused on the diagonal line, and the data density decreases 
when irradiance increases. Additionally, the hook is not visible 
in Figure S7D, due to low data density. Since the relative amount 
of data points within this high irradiance is small, the impacts 
of this hook are deemed to be negligible. In all systems, the ap-
plication of the outlier filter preserves the majority of the initial 
filtered datapoints, at highest discarding only 5%-points of data, 
implying that the size of dataset should not be compromised by 
excluding the scattered P∕Geff outliers.

3.2   |   Performance Time Series

To get an understanding how the applied performance met-
rics perform in the different systems, the performance time 
series for all systems are presented in Figure  6. Years 2018–
2021 are visualized since all datasets cover this period. More 
detailed plots over the entire monitoring periods for each sys-
tems are presented in the Supporting Information Section S2. 
Figure  6highlights that all the metrics introduce strong sea-
sonal patterns with all the systems. Although all metrics 
consider irradiance, low irradiance values and operation con-
ditions far from STC during wintertime can be the source for 
the low-performance values. Here, the majority of the winter-
time data are removed due to the snow coverage, resulting in 
gaps in the time-series data.

FIGURE 6    |    Monthly time series of different performance metrics: (A) power, (B) performance ratio, (C) temperature-corrected performance 
ratio, (D) Huld regression model, (E) PVUSA regression model, and (F) performance index. As filtering conditions, the initial filters with the outlier 
filter were applied. Years 2018–2020 are shown.

 1099159x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/pip.70130 by U

niversity O
f T

urku, W
iley O

nline L
ibrary on [04/08/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



13Progress in Photovoltaics: Research and Applications, 2026

Out of the studied metrics, none of them provides distinctly 
robust time series against the seasonality. Compared with our 
previous analysis with a vertical bifacial panel [12], the seasonal 
behavior is stronger with the analyzed systems here. One reason 
for this difference can be the amount of missing data during win-
tertimes; when there is less data, the outliers can have greater 
weight on the aggregated performance values. In the previous 
work, we could assume that no snow is piled on the panel due to 
its vertical positioning and no snow filtering was needed, result-
ing higher amount of wintertime data. Additionally, although 
the outlier filter visually excludes the crudest P∕Geff mismatch 
points (Figure  5), the output power still has a large variance 
under a given irradiance (e.g., the power can be between 100 
and 1500  W under irradiance of 200 W∕m2 in TKU system 
shown in Figure  5B), leading to possible time-series outliers. 
In our earlier study [12], the Huld model (there referred as “6k 
model”) provided very stable performance time series with min-
imal seasonal behavior. However, here, the Huld model intro-
duces anomalies during the wintertimes, similarly than other 
metrics. The most distinct outlier with Huld model occurs with 
SOT-20 system during winter 2019–2020, where there is a posi-
tive performance value above 1.3. These outliers are caused by 
the low amount of winter data, in which case the regression fit 
(Equation 25) remains poor for winters.

The temperature correction in PRt (Figure 6C) and PI (Figure 6F) 
increases the summertime performance values slightly from 
PR (Figure 6B), as expected. Similarly, the performance points 
are slightly decreased during wintertimes when temperature 
correction is applied, since then, the cell temperature is gener-
ally under the reference temperature of 25°C. Because of these 
factors, the temperature correction in these conditions slightly 
increases the seasonal behavior of the time series. This phenom-
enon is characteristics for these snowy conditions. Generally, in 
lower latitudes with no snow coverage and less seasonal weather 
patterns, PR peaks during wintertime due to higher efficiency, 
in which case the temperature correction reduces the seasonal 
pattern [20].

The normalized power, PR, PRt, and PI result in distinctly lower 
performance values for SOT-20 and SOT-90 systems, compared 
with other systems. This indicates that the output of the pan-
els are lower than expected, since the powers are from the DC 
side. However, this underperformance might also be caused by 
issues with the microinverters, as there have been reported low 
inverter efficiencies [35]. However, with Huld and PVUSA, the 
performance is more similar that of other systems. This similar-
ity originates from the fitting of these models, which teaches the 
models site-specific characteristics, such as output production 
that is lower than expected.

3.3   |   Validating Ensemble Method

Generally, PV installations are made so that the time series 
and the nameplate power are available, as is the case also here. 
Such availability of data leads to a challenge in validating 
PLR results. Even having initial and recent flash tests, which 
are done in STC, fail to capture the PLR, which is related to 
system performance across the whole operational conditions. 
Indeed, robust validation of system PLR would require testing 

of the entire system in both initial and final stages under dif-
ferent weather conditions, which is practically unfeasible. To 
validate PLR calculation methodology, utilization of synthetic 
datasets [20, 69] and replication study approach, where PLR 
distribution mean is used to benchmark individual calculation 
approaches [20], have been used. In this work, we use synthetic 
data to validate the effectiveness of the ensemble method and 
replication study approach to compare different PLR calcula-
tion methods.

To validate the effectiveness of the ensemble method, we ap-
plied it to four simulated datasets, two of which have known 
energy PLRs of −4.89%/year (PLR under the full operation con-
ditions) and STC PLR of −4.41%/year (PLR under STC). Two of 
the datasets have PLRs of 0%/year. The datasets are available 
at [72], introduced in IEA PVPS Task 13 [19]. We benchmarked 
the ensemble method by comparing the results with an example 
RdTools calculation pipeline shown in [73], which utilizes YOY 
on daily PI with POA between 200 and 1200 W∕m2 and post-
aggregation outlier filter based on moving horizon. The results 
are shown in Table 6.

Regarding Datasets 1 and 2, PLRs with the ensemble approach 
are between the STC and energy PLR of the simulated system. 
RdTools produces similar PLR with Dataset 2, but the PLR of 
Dataset 1 is outside the range between STC and energy PLRs. 
The estimates of these two datasets with the ensemble approach 
are closer to each other compared with RdTools results, indi-
cating that the ensemble approach is more consistent. For the 
Dataset 3, both the ensemble method and RdTools method 
provide the correct result of 0%/year within the confidence in-
tervals, but the value of the ensemble method is one order of 
magnitude closer to the real value with significantly smaller 
CI compared with RdTools results. This demonstrates the ac-
curacy of the ensemble method over a common RdTools calcu-
lation approach. For Dataset 4, both the ensemble and RdTool 
approaches provide the correct PLR of 0%/year to the accuracy 
of hundredth of a percent.

3.4   |   Estimating Real PLR With Ensemble Method

To estimate the system PLR (PLR), PLR distributions obtained 
with different filter-metric-aggregation-model combinations, 
as presented in Section  2.7, for each system are shown in 
Figure 7. Four distributions are shown, resulting from the dif-
ferent combinations of outlier and threshold filters. Because 
the aim of these two filters are to reduce the number of scat-
tered data in the performance time series, we assessed how 
these filters affect the PLR distributions. The distributions are 
normalized to have an area of 1. The dashed lines represent 
the PLR estimates, obtained as the medians of the distribu-
tions. Similar PLR distributions for the four simulated data-
sets are presented in Figure S18.

Without the threshold filter (blue), the distributions are highly 
skewed and spread, although there are distinct peaks. Since 
the typical PLR values for silicon panels are reported to be 
around −0.33%/year to −0.9%/year [30, 32], PLR values far be-
yond this range as well as positive PLR values need to be care-
fully examined, since they might be caused by the interplay of 
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different methods and not by actual performance losses. As 
can be seen from Figure S19, these outlying values are mostly 
caused by LSLR on noisy performance time-series data. 
Regarding the TKU system (Figure 7B), there is a long tail of 
positive PLR values, up to 10%/year, even after the most ex-
treme PLR values were removed from the distribution. These 
positive values are resulting from the performance time-series 
shape of the system: As can be seen from Figure 6 (and even 
better from Figure S10), the monitoring period of the system 
starts from January and ends in Autumn, which leads to a 
time-series pattern that has low values in the start and high 
values at the end of the period. Additionally, the wintertime 
performance during Years 2019–2020 is higher with all of the 
performance metrics, compared with the winters of the first 
2  years, resulting in asymmetric time-series. When LSLR is 
fitted to this data, the slope will be positive, which leads to 
positive PLRs. This effect highlights the importance of care-
ful data treatment and selecting suitable methods to prevent 
bias from factors which are not caused by actual performance 
losses. Having these unrealistic and not representative PLR 
values skewing the distributions will lead to inaccurate PLR 
estimates.

The distributions with an outlier filter but no threshold filter 
(green) also result in skewed distribution with long tails and 
even less distinct peaks compared with no threshold distribu-
tions. The number of datapoints are approximately halved from 
the “No threshold” distribution, which included all points, 
whether outlier filter was applied or not.

With the threshold filter (orange and red), the distributions 
have less deviation and more distinct peaks. This result indi-
cates that implementing the low-performance threshold filter 
that excludes the scattered wintertime data can increase the 
robustness of the PLR estimate. Additionally, the uncertainties 
of individual PLRs are significantly reduced when the thresh-
old filter is applied, shown in the Supporting Information 
Section S7.

As the final system PLR estimates, we selected the PLR distri-
bution medians with outlier and threshold filter, because they 
had the least deviation, and the estimates were closest to the 
peaks of the distributions, on average. For all systems, the dis-
tributions consisted of over 700 PLR values. These estimated 
PLRs are shown in Table  7. For HEL and KUO systems, the 
PLR values are well above −1%/year, indicating typical values 
for c-Si technology. However, TKU and SOT-90 systems show 

significantly higher performance losses. Especially, the absolute 
value of −2.65%/year for TKU is very high but is in line with our 
previous study, where we analyzed the PLR of this same system 
[28]. It should be noted that soiling losses are included in these 
PLR estimates.

To evaluate the power degradation and soiling losses, TUAS 
performed indoor flash test for six panels from the TKU sys-
tem before and after cleaning the panels in December 2021 (see 
Supporting Information Section S9). The average power losses 
from the rated power before cleaning were 13.6%, leading to PLR 
of −3.0%/year after the 4.5 years of operation, which is lower than 
our estimate. However, this value is average panel PLR from a 
subset of six out of 18 panels, whereas PLR represent the sys-
tem PLR. Additionally, the reference starting point has a great 
impact. The flash test PLR is obtained by comparing the losses 
to the rated power at STC, and the panels can be already de-
graded right after the installation, e.g., due to microcracks. The 
average power losses from the rated power after cleaning were 
3.3%, leading to a degradation rate of −0.7%/year. This degrada-
tion rate falls into the typical range of c-Si PLR between −0.33%/
year and −0.9%/year [30, 32]. While these soiling measurements 
did not include all the panels of the system, all the six panels 
showed high soiling losses. To visually validate high soiling con-
ditions of the site, TUAS took photographs of some of the TKU 
panels on April 2026, shown in the Supporting Information 
Section S9. The panels show visual soiling (e.g., bird droppings 
in Figures S32 and S33, and visible dust accumulation in all of 
the figures). The site is on a rooftop near a busy road and sand 
fields, which make the site prone to dust accumulation. Based 
on the flash tests and the visual inspection, it can be concluded 
that the main reason for the low PLR of TKU system is high 
soiling losses.

For SOT-90 system, the absolute value of −1.35%/year is also 
high. Interestingly, PLR of SOT-20 is distinctly higher than 
that of SOT-90, although the SOT systems are located in the 
same place and have the same panel type. Soiling could be 
one cause for the low PLR and difference between the two sys-
tems. Other reasons for the low value of SOT-90 can be the 
noisy time-series data, shown in Figure S13, that can hinder 
the PLR assessment. It should also be noted that the SOT sys-
tems comprise just one panel each, and panel-to-panel varia-
tion may impact results.

In their compendium analysis of PLRs in cold and snowy cli-
mates consisting of 27 systems, Tonita et  al. [32] showed a 

TABLE 6    |    PLR estimates, and PLRs calculated with RdTools (PLRRdTools) for each simulated datasets, representing the medians of the PLR 
distributions.

System PLR PLRRdTools STC PLR Energy PLR

Simulated 1 − 4. 62± 0. 04 − 5. 1± 0. 3 − 4. 41 − 4. 89

Simulated 2 − 4. 73± 0. 02 − 4. 70± 0. 05 − 4. 41 − 4. 89

Simulated 3 0. 03± 0. 07 − 0. 3± 0. 3 0 0

Simulated 4 0. 00± 0. 01 0± 5 ⋅ 10− 9 0 0

Note: The uncertainties are obtained as 95% confidence intervals of the PLR medians. STC and Energy PLRs refer to known system PLRs. PLRs are given in a unit of 
%/year.
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15Progress in Photovoltaics: Research and Applications, 2026

FIGURE 7    |    Performance loss rate (PLR) distributions for (A) Helsinki, (B) Turku, (C) Kuopio, (D) Sodankylä-20, and (E) Sodankylä-90 systems 
under different filtering conditions. The lines represent the same distributions as the bars, and work as guide to eye.

 1099159x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/pip.70130 by U

niversity O
f T

urku, W
iley O

nline L
ibrary on [04/08/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense
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PLR distribution with a median of −0.33%/year and a long tail 
up to −1.6%/year, showing large variability between systems. 
Considering that the majority of the performance losses of TKU 
system are due to soiling, all reported PLRs in our work are 
within this range.

3.5   |   Impact of Individual Methods on PLR

To understand how the different methods across different PLR 
calculation steps affect the PLR values, Figure 8 shows the effect 

of POA LL (Figure  8A), statistical model (Figure  8B), perfor-
mance metric (Figure 8C), and filtering (Figure 8D) on the PLR 
distributions. The threshold filter was applied in all cases, and 
for Figure  8A–C, outlier filter was applied. In the figure, the 
points represent the PLR distribution median and the error bars 
95% confidence intervals (CIs). Additional results showing the 
PLR distributions with various combinations and with and with-
out the threshold filter are shown in the Supporting Information 
Section S6.

Regarding the POA LL filter in Figure 8A, PLR values systemat-
ically increase (get closer to zero), when POA LL increases, and 
PLRs under the highest LL of 800 W∕m2 are distinctly above 
the estimated PLRs. This pattern is not apparent with TKU sys-
tem, which shows higher PLRs also with low POA LL ≤ 100 
W∕m2. Although the POA LL of 800 W∕m2 removes around 
95% of the daytime data (Figure S8), the PLR uncertainties with 
this high POA LL still remains on similar level and even smaller 
in many cases compared with other LLs, seen from Figure S25. 
Because the uncertainties with POA LL of 800 W∕m2 are not 
higher than with the rest of POA LLs, this pattern of increased 
performance losses under increased irradiance is credible. KUO 
system has the greatest difference between the PLRs of the low-
est and highest POA LLs: The median PLR under POA LL of 5 
W∕m2 is −0.60%/year, whereas under POA LL of 800 W∕m2, it 
is −0.11%/year. This behavior is in line with other studies [12, 20] 

TABLE 7    |    PLR estimates for each system, representing the medians 
of the PLR distributions.

System PLR (%/year)

HEL − 0. 81± 0. 02

TKU − 2. 65± 0. 05

KUO − 0. 41± 0. 06

SOT-20 − 0. 86± 0. 06

SOT-90 − 1. 35± 0. 03

Note: The uncertainties are obtained as bootstrap 95% confidence intervals of the 
PLR medians.

FIGURE 8    |    The mean and 95% confidence intervals (CI) of PLR distributions for different methods: (A) irradiance threshold filter (POA LL), (B) 
statistical model, (C) performance metric, and (D) filter combination. For example, the PLR associated with a POA LL of 500 W∕m2 is obtained from 
PLR distribution consisting of PLR approaches, which has this specific POA LL. LSLR: least squares linear regression, RLR: robust linear regres-
sion, YOY: year-on-year, huld: Huld regression model, PI: performance index, PRt: temperature-corrected performance ratio, PR: performance ratio, 
PVUSA: PVUSA regression model, CS: clear-sky.
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17Progress in Photovoltaics: Research and Applications, 2026

and implies higher performance degradation under lower light 
conditions, which could be due to the decrease in shunt resis-
tance [20]. Decreased shunt resistance lowers the power produc-
tion due to increased leakage currents [74, 75]. Additionally, it 
has been shown that shunt resistance exponentially decreases 
when irradiance increases [74]. Therefore, decreased shunt resis-
tance due to degradation has larger effect under low irradiance 
conditions.

The 95% CIs are generally the narrowest with medium to high 
POA LLs from 200 to 800 W∕m2, indicating that lower POA LLs 
can provide more inconsistent results. However, lower POA LL 
can better represent system energy PLR, which is evident from 
simulated Datasets 1 and 2, shown in Figure S22A–D. With POA 
LLs from 5 to 100 W∕m2, the medians of the distributions are 
closer to the energy PLR of −4.89%/year, although the devia-
tions of the distributions are larger compared with higher POA 
LLs. Especially, YOY, when threshold filter is applied, results 
in distributions with medians really close to the energy PLR 
(Figure S22B,D).

Figure  8B shows that depending on the system, the choice of 
statistical method can greatly affect the PLR values. Especially, 
YOY generally provides lower PLRs compared with the two re-
gression methods, and this pattern is most distinct with TKU 
and KUO systems. When the threshold filter is not applied, 
Figure S19 shows that especially LSLR can cause large devia-
tions in PLRs due to the scattered winter data. With YOY, the 
results are generally much closer to PLR and less spread. This 
result indicates that YOY outperforms linear regression and is 
consistent with previous works [12, 19, 20].

In Figure  8C, the comparison of different performance met-
rics shows that there is no distinct general pattern on which 

metrics perform the best or worst in all cases. PRt is the only 
metric that produces PLR distribution with the 95% CI over-
lapping with the 95% CI of PLR for nearly all systems (the CIs 
of SOT-90 systems are almost overlapping). Figure S19 shows 
similar patterns between the metrics when the threshold filter 
is not applied.

Figure 8D presents how the different CS and outlier filter combi-
nations affect the PLR results. Again, the effects of the filter com-
binations vary from system to system, and general patterns are 
not apparent. For example, having neither CS nor outlier filter pro-
duces a PLR distribution closest to PLR with TKU system, whereas 
with SOT systems, this combination leads to PLRs furthest from 
the PLR. Especially with SOT systems, CS filter improves the re-
sults by bringing the PLRs closer PLR. This is because the CS filter 
excludes some of the low-performance data, caused by cloud cov-
erage, for example. Figure S21 shows that the CS filter generally 
shifts the PLR distributions closer to PLR under low POA LL of 
100 W∕m2 or below, compared without the CS filter. The outlier 
filter slightly increases PLR values (shifts them towards 0) com-
pared with the values without the outlier filter.

From all of these comparisons in Figure 8, it can be seen that 
different selections of methods can significantly shift the PLR 
distribution. This highlights the importance of comparing dif-
ferent PLR calculation methods, to avoid possible biases. These 
effects of different methods on the PLRs decrease when the 
monitoring period increases and the performance time series 
has a consistent pattern from year to year, as is the case with 
HEL system (see Figure S9).

Figure 8 shows the general effects of the performance metrics, 
statistical models, and filters on the PLR results, but the analysis 
of their synergies remain limited. In Figure 9, individual PLR 

FIGURE 9    |    PLRs obtained for Helsinki system with the year-on-year (YOY) method and different filter-aggregation-metric combinations. The black 
lines correspond to the PLR estimate, and the red lines are guides to the eye. POA LL: irradiance lower limit, CS: clear-sky filter, Huld: Huld regression 
model, PI: performance index, PRt: temperature-corrected performance ratio, PR: performance ratio, PVUSA: PVUSA regression model, N: no, Y: yes.
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values of different possible metric-filter-aggregation-model com-
binations are shown for HEL system and YOY instead of PLR 
distributions, to better understand which combinations provide 
the most accurate and consistent estimates. For other statis-
tical models and systems, similar graphs are presented in the 
Supporting Information Section S8. Figure 9 shows how much 
even minor differences in the methods can affect the result. For 
example, selecting between POA LL of 200 and 800 W∕m2 can 
change the PLR around −0.6%-point/year (daily PVUSA). With 
other systems shown in the Supporting Information, the differ-
ences between the methods can be even greater. Especially, the 
results of KUO system with LSLR (Figure S29B) are so scattered, 
that only minority of the PLR values are within the visualized 
range of −0.0%/year to −1.0%/year.

Compared with our previous work [12], where YOY produced sig-
nificantly more robust results compared with the linear regression 
models, here, the differences between the models are less distinct 
with all systems. With KUO system (Figure S29), YOY provides 
PLRs closer to PLR than LSLR or RLR, whereas with TKU 
(Figure  S28), RLR outperforms YOY. Additionally, none of the 
daily, weekly, or monthly aggregation intervals distinctly outper-
forms the others by producing PLRs closer to the estimate.

Generally, mid to high POA LLs from 200 W∕m2 onwards pro-
vide quite consistently PLRs close to the PLR, regardless of the 
metrics and other filters. However, as indicated by Figure 8A, the 
high POA LL of 800 W∕m2 can cause bias by providing low PLRs, 
and therefore is not recommended to be applied if only one cal-
culation approach should be selected. When low POA LLs below 
100 W∕m2 are applied, CS filter improves the results, as is shown 
in Figure  S21. Unexpectedly, applying the threshold filter does 
not improve the individual PLR values shown in Figure 9 signifi-
cantly. The threshold filter only excludes the crudest outlying PLR 
values but does not affect results which are already close to PLR.

It should be noted that the datasets were heavily filtered, es-
pecially due to the QC filter, leading to long gaps and high 
missing data rates. These gaps and missing data could lead 
to higher sensitivity of the different methods towards the cal-
culated PLR, especially when the length of the dataset is rel-
atively short, such as 3  years. Therefore, the comparison of 
different calculation methods is even more important with 
short datasets, compared to long datasets, where the biases of 
individual methods become less distinct.

4   |   Recommendations of Best Practices for PLR 
Calculation in Cold and Snowy Climates

The first and most important factor in identifying reliable PLR 
values is utilizing an ensemble method. This work validated the 
superiority of the ensemble method over using a commonly used 
YOY method with RdTools using simulated PV time-series data. 
Additionally, we have made the codes available in [34], allowing 
an easy implementation of the proposed ensemble method. An 
ensemble method is recommended since this and previous PLR 
studies [12,19,20] show that even slight differences in an individ-
ual PLR calculation approach can greatly vary the obtained PLR. 
Furthermore, the best calculation approach varies from system to 
system. In our previous analysis [12], daily or weekly aggregated 

PI and PRt together with YOY were concluded to provide the most 
robust PLR results, but in this work, none of the metrics, aggrega-
tion intervals, or statistical models stood out similarly. Therefore, 
applying multiple calculation approaches, investigating their dif-
ferences, and estimating the system PLR with an ensemble method 
is required to perform a reliable PLR analysis. In fact, comparing 
various calculation approaches and utilizing an ensemble method 
should be done regardless of the climatic conditions.

The second recommendation, specifically related to snowy con-
ditions, is using an appropriate threshold filter to remove low-
performance datapoints. Based on the results of this work, the 
performance data in these cold and snowy climates have distinct 
drops and gaps during wintertimes, due to low irradiance and 
snow coverage. These wintertime anomalies can be impossible 
to model. Since they impede accurate PLR assessment, the most 
robust estimates can be obtained by removing them. In this 
work, we used a fixed threshold filter for this purpose, since com-
monly applied rolling horizon methods or filters based on IQRs 
or SDs provide unreliable filtering in these conditions, due to the 
bias of the low-performance winter data. These gaps caused by 
snow coverage can be minimized by preventing prolonged snow 
coverage, for example, by installing panels in steeper tilt and 
higher clearance to allow snow to fall off and regularly cleaning 
the panels and irradiance sensors, if safely possible.

Thirdly, assessing and removing power-irradiance mismatch 
points caused by, e.g., shadows and snow coverage, is recom-
mended, since the conditions causing these mismatches can be 
difficult to model. The amount of these mismatch points can be 
reduced again by keeping the panels and irradiance sensors free 
from snow, as well as equipping the system with POA irradiance 
measurement device to avoid POA modelling errors, and main-
taining and calibrating the device to reach good accuracy.

Lastly, medium POA LLs of 200 and 500 W∕m2 provided the most 
robust results and is therefore recommended. CS filter is recom-
mended if low POA LL of 100 W∕m2 or below is used. High POA 
LL of 800 W∕m2 was found to cause bias by introducing distinctly 
higher PLRs; thus, its application should be avoided. This bias in 
PLR under high irradiance causes a contradiction with the com-
mon approach of assessing PLR with flash tests under STC: Since 
the typical operational conditions, especially in high latitude loca-
tions, are far from STC, flash testing might not reflect the real-life 
PLR of the system. Therefore, we recommend that analyzing and 
reporting the effect of irradiance to PLR value should be an essen-
tial part of PLR analysis, if possible.

5   |   Conclusions

This work analyzed the long-term performance and PLR of five 
PV systems across Finland, latitudes ranging from 60° to 67° 
N. The objectives were to (1) analyze typical PV performance 
characteristics, (2) obtain PLR values from multiple systems, 
and (3) extend the best practices of PLR calculation to more ex-
treme conditions with high seasonality. This work progresses 
PLR assessment in high latitude conditions, where compara-
tive analyses on PLR methodology remain unexplored to this 
extent. Additionally, the work extends the field of PLR calcula-
tion by validating the effectiveness of an ensemble method for 
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PLR assessment over individual calculation approaches. The 
data and codes used in this work are made publicly available, 
therefore contributing to open PV data sharing and allowing the 
ensemble PLR framework to be implemented in wider use cases.

Regarding the first objective, our analysis showed that due to 
dark winters and snow coverage, the performance time series 
presented anomalies during wintertime even after excluding 
snow-covered and poor quality data. Filtering out these bad-
quality and snowy conditions will inherently lead to large 
amount of data removal and gaps during winters.

For the second objective, we estimated the system PLRs with 
an ensemble method by calculating PLRs with over 700 differ-
ent filter-metric-aggregation-model combinations and select-
ing the medians of these distributions to represent the system 
PLR. PLRs varied between −0.41%/year and −2.65%/year for the 
different systems, and most of the values fit within the typical 
range between −0.33%/year and −0.9%/year. PLR of −2.65%/year 
was connected to high soiling losses based on flash test results 
after washing a number of these panels.

For the third objective, the best practices for the robust PLR cal-
culations in high latitudes are as follows: (1) using an ensemble 
method rather than one filter-metric-aggregation-model combi-
nation, since the best combinations varied from system to system, 
and there were no distinctly best individual methods; (2) applying 
a fixed threshold filter to eliminate impacts of wintertime anom-
alies, especially linear regression models provided very unreal-
istic values, if wintertime anomalies were included in the data; 
(3) visually analyzing power-irradiance points, and applying a 
P∕GPOA outlier filter, adjusted to delete power-irradiance mis-
match anomalies related to each dataset; and (4) applying a me-
dium irradiance lower limits between 200 and 500 W∕m2. When 
irradiance lower limit of 100 W∕m2 or lower was used, then the 
application of clear-sky filter improved the results. However, ap-
plying a high lower limit of 800 W∕m2 was found to provide dis-
tinctly higher PLRs compared with the estimates, and therefore 
should be avoided. This systematic relation between irradiance 
and PLR raises the question whether PLR obtained with flash 
tests under STC lead to too optimistic results, and how well they 
represent PLR under real operational conditions. Analyzing and 
reporting the effect of irradiance to PLR should therefore be an 
essential part of PLR analysis, when possible.

Author Contributions

Lauri Karttunen: conceptualization, methodology, software, formal 
analysis, data curation, writing – original draft, writing – review and 
editing, visualization. Väinö Anttalainen:methodology, software, 
writing – review and editing. Sami Jouttijärvi: conceptualization, 
writing – review and editing, supervision. Juha A. Karhu: resources, 
data curation, writing – review and editing. Hugo Huerta: resources, 
data curation. Samuli Ranta: resources, funding acquisition. Anders 
V. Lindfors: resources, writing – review and editing. Kati Miettunen: 
conceptualization, writing – review and editing, supervision, funding 
acquisition.

Acknowledgements

Open access publishing facilitated by Turun yliopisto, as part of the 
Wiley - FinELib agreement.

Funding

This work was supported by Turun Yliopisto, City of Salo, Turun yli-
opiston tutkijakoulu, and Strategic Research Council (358542, 358543, 
and 359141).

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

TUAS's data (TKU) are available in [37], and FMI's data (SOT, KUO, 
and HEL) are available in [36]. The codes used for the work are available 
in Github [34].

References

1. International Energy Agency. “World Energy Outlook 2025,” 
accessed April 15, 2026, https://​www.​iea.​org/​repor​ts/​world​-​energ​y-​
outlo​ok-​2025.

2. Energiavirasto. “Aurinkosähkön Tuotantokapasiteetti Kasvoi 24% 
Vuonna 2024,” accessed April 15, 2026, https://​energ​iavir​asto.​fi/​-/​aurin​
kosah​kon-​tuota​ntoka​pasit​eetti​-​kasvo​i-​24-​vuonn​a-​2024.

3. Fingrid. “Solar Power,” accessed January 9, 2026, https://​www.​fingr​
id.​fi/​en/​elect​ricit​y-​marke​t-​infor​mation/​solar​-​power​.

4. Suomen Uusiutuvat. “Aurinkovoimahankkeet ja Voimalat Suomessa,” 
accessed January 4, 2026, https://​suome​nuusi​utuvat.​fi/​aurin​kovoi​ma/​
aurin​kovoi​mahan​kkeet​-​ja-​voima​lat-​suome​ssa/​.

5. Fingrid. “Electricity System Vision for Year 2040,” In Finnish 
2024. accessed December 9, 2025, https://​www.​fingr​id.​fi/​globa​lasse​ts/​
dokum​entit/​​fi/​kanta​verkko/​kanta​verko​n-​kehit​tamin​en/​sahko​jarje​
stelm​avisi​o-​2025/​fingr​id-​sahko​jarje​stelm​avisi​o-​2040-​loppu​rapor​tti-​
10_​2025.​pdf.

6. Fingrid. “Load and Generation 2025,” accessed December 9, 2025, 
https://​www.​fingr​id.​fi/​sahko​markk​inain​forma​atio/​kulut​us-​ja-​tuotanto.

7. S. Jouttijärvi, L. Karttunen, S. Ranta, and K. Miettunen, “Techno-
Economic Analysis on Optimizing the Value of Photovoltaic Electric-
ity in a High-Latitude Location,” Applied Energy 361 (2024): 122924, 
https://​linki​nghub.​elsev​ier.​com/​retri​eve/​pii/​S0306​26192​4003076.

8. A. Meriläinen, P. Puranen, A. Kosonen, and J. Ahola, “Optimization 
of Rooftop Photovoltaic Installations to Maximize Revenue in Finland 
Based on Customer Class Load Profiles and Simulated Generation,” 
Solar Energy 2022, no. 240 (2021): 422–434.

9. H. Quest, C. Ballif, and A. Virtuani, “Detect, Decouple, Optimise: 
Insights Into Solar Photovoltaics Faults and Performance Trends,” 
Solar RRL 9, no. 18 (2025): 202500487, https://​doi.​org/​10.​1002/​solr.​
20250​0487.

10. H. Quest, C. Ballif, and A. Virtuani, “Intrinsic Performance Loss 
Rate: Decoupling Reversible and Irreversible Losses for an Improved 
Assessment of Photovoltaic System Performance,” Progress in Photovol-
taics: Research and Applications 34, no. 11 (2024): 774–789, https://​doi.​
org/​10.​1002/​pip.​3829.

11. M. G. Deceglie, K. Anderson, D. Fregosi, et al., “Perspective: Perfor-
mance Loss Rate in Photovoltaic Systems,” Solar RRL 7, no. 15 (2023): 
2300196, https://​doi.​org/​10.​1002/​solr.​20230​0196.

12. L. Karttunen, S. Jouttijärvi, A. Poskela, et al., “Comparing Meth-
ods for the Long-Term Performance Assessment of Bifacial Photovol-
taic Modules in Nordic Conditions,” Renewable Energy 219 (2023): 
119473.

13. E. B. Sveen, M. B. Øgaard, J. H. Selj, and G. Otnes, “PV System Deg-
radation Rates in the Nordics,” in 37th European Photovoltaic Solar 
Energy Conference and Exhibition (WIP – Renewable Energies, 2020), 
1563–1566.

 1099159x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/pip.70130 by U

niversity O
f T

urku, W
iley O

nline L
ibrary on [04/08/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://www.iea.org/reports/world-energy-outlook-2025
https://www.iea.org/reports/world-energy-outlook-2025
https://energiavirasto.fi/-/aurinkosahkon-tuotantokapasiteetti-kasvoi-24-vuonna-2024
https://energiavirasto.fi/-/aurinkosahkon-tuotantokapasiteetti-kasvoi-24-vuonna-2024
https://www.fingrid.fi/en/electricity-market-information/solar-power
https://www.fingrid.fi/en/electricity-market-information/solar-power
https://suomenuusiutuvat.fi/aurinkovoima/aurinkovoimahankkeet-ja-voimalat-suomessa/
https://suomenuusiutuvat.fi/aurinkovoima/aurinkovoimahankkeet-ja-voimalat-suomessa/
https://www.fingrid.fi/globalassets/dokumentit/fi/kantaverkko/kantaverkon-kehittaminen/sahkojarjestelmavisio-2025/fingrid-sahkojarjestelmavisio-2040-loppuraportti-10_2025.pdf
https://www.fingrid.fi/globalassets/dokumentit/fi/kantaverkko/kantaverkon-kehittaminen/sahkojarjestelmavisio-2025/fingrid-sahkojarjestelmavisio-2040-loppuraportti-10_2025.pdf
https://www.fingrid.fi/globalassets/dokumentit/fi/kantaverkko/kantaverkon-kehittaminen/sahkojarjestelmavisio-2025/fingrid-sahkojarjestelmavisio-2040-loppuraportti-10_2025.pdf
https://www.fingrid.fi/globalassets/dokumentit/fi/kantaverkko/kantaverkon-kehittaminen/sahkojarjestelmavisio-2025/fingrid-sahkojarjestelmavisio-2040-loppuraportti-10_2025.pdf
https://www.fingrid.fi/sahkomarkkinainformaatio/kulutus-ja-tuotanto
https://linkinghub.elsevier.com/retrieve/pii/S0306261924003076
https://doi.org/10.1002/solr.202500487
https://doi.org/10.1002/solr.202500487
https://doi.org/10.1002/pip.3829
https://doi.org/10.1002/pip.3829
https://doi.org/10.1002/solr.202300196


20 Progress in Photovoltaics: Research and Applications, 2026

14. A. Livera, M. Theristis, E. Koumpli, et  al., “Data Processing and 
Quality Verification for Improved Photovoltaic Performance and Reli-
ability Analytics,” Progress in Photovoltaics: Research and Applications 
29, no. 2 (2021): 143–158.

15. I. Romero-Fiances, A. Livera, M. Theristis, et al., “Impact of Dura-
tion and Missing Data on the Long-Term Photovoltaic Degradation Rate 
Estimation,” Renewable Energy 181 (2022): 738–748.

16. D. C. Jordan and S. R. Kurtz, “The Dark Horse of Evaluating Long-
Term Field Performance-Data Filtering,” IEEE Journal of Photovoltaics 
4, no. 1 (2014): 317–323.

17. B. Paudyal, M. Bolen, and D. Fregosi, “PV Plant Performance Loss 
Rate Assessment: Significance of Data Filtering and Aggregation,” in 
Conference Record of the IEEE Photovoltaic Specialists Conference (2019): 
866–869.

18. A. Ameur, A. Berrada, A. Bouaichi, and K. Loudiyi, “Long-Term 
Performance and Degradation Analysis of Different PV Modules Under 
Temperate Climate,” Renewable Energy 188 (2022): 37–51.

19. R. H. French, L. S. Bruckman, D. Moser, et  al., “IEA PVPS T13-
22:2021: Assessment of Performance Loss Rate of PV Power Systems,” 
(2021).

20. S. Lindig, D. Moser, A. J. Curran, et al., “International Collaboration 
Framework for the Calculation of Performance Loss Rates: Data Quality, 
Benchmarks, and Trends (Towards a Uniform Methodology),” Progress 
in Photovoltaics: Research and Applications 29 (2021): 573–602.

21. S. Lindig, M. Theristis, and D. Moser, “Best Practices for Photovol-
taic Performance Loss Rate Calculations,” Progress in Energy 4, no. 2 
(2022): 022003.

22. M. G. Deceglie, A. Nag, A. Shinn, et  al., “NREL/rdtools: Version 
2.1.3,” (2022), https://​github.​com/​NREL/​rdtools.

23. H. E. Beck, N. E. Zimmermann, T. R. McVicar, N. Vergopolan, A. 
Berg, and E. F. Wood, “Present and Future Köppen-Geiger Climate 
Classification Maps at 1-km Resolution,” Scientific Data 5, no. 1 (2018): 
180214.

24. E. Psimopoulos, J. Plautz, F. Fiedler, and A. Augusto, “Performance 
of a PV System Operating for 30-Years in Scandinavia,” in Conference 
Record of the IEEE Photovoltaic Specialists Conference (IEEE, 2024), 
353–355.

25. C. Baldus-Jeursen, A. Côté, T. Deer, and Y. Poissant, “Analysis of 
Photovoltaic Module Performance and Life Cycle Degradation for a 
23 Year-Old Array in Quebec Canada,” Renewable Energy 174 (2021): 
547–556.

26. B. R. Paudyal and I. A. Gerd, “Performance Assessment of Field 
Deployed Multi-Crystalline PV Modules in Nordic Conditions,” in 2019 
IEEE 46th Photovoltaic Specialists Conference (PVSC), vol. 2019 (IEEE, 
2019), 1377–1383.

27. M. B. Øgaard, H. N. Riise, H. Haug, S. Sartori, and J. H. Selj, “Pho-
tovoltaic System Monitoring for High Latitude Locations,” Solar Energy 
207 (2020): 1045–1054.

28. A. Poskela, L. Karttunen, H. Palonen, H. Huerta, S. Ranta, and K. 
Miettunen, “Data Processing for Photovoltaic Performance Loss Anal-
ysis in Nordic Climate,” in 8th World Conference on Photovoltaic Energy 
Conversion (WIP – Renewable Energies, 2022), 666–669.

29. D. C. Jordan and S. R. Kurtz, “Photovoltaic Degradation Rates—An 
Analytical Review,” Progress in Photovoltaics: Research and Applica-
tions 21, no. 1 (2013): 12–29.

30. D. C. Jordan, S. R. Kurtz, K. VanSant, and J. Newmiller, “Compen-
dium of Photovoltaic Degradation Rates,” Progress in Photovoltaics: Re-
search and Applications 24, no. 7 (2016): 978–989.

31. K. Chen, J. Zuo, and R. Chang, “Compendium of Degradation Rates 
of Global Photovoltaic (PV) Technology: Insights From Technology, 

Climate and Geography,” Solar Energy Materials and Solar Cells 293 
(2025): 113839.

32. E. M. Tonita, D. C. Jordan, S. Ovaitt, et al., “Long-Term Photovoltaic 
System Performance in Cold, Snowy Climates,” Progress in Photovolta-
ics: Research and Applications 33, no. 11 (2025): 1180–1197.

33. A. Louwen, S. Lindig, G. Chowdhury, and D. Moser, “Climate- and 
Technology-Dependent Performance Loss Rates in a Large Commercial 
Photovoltaic Monitoring Dataset,” Solar RRL 8, no. 5 (2024): 2300653, 
https://​doi.​org/​10.​1002/​solr.​20230​0653.

34. L. Karttunen and V. Anttalainen, “Pv-Plr-Analysis,” accessed June 
2, 2026, https://​github.​com/​energ​y-​syste​ms-​team/​pv-​plr-​analysis.

35. J. A. Karhu, A. V. Lindfors, W. Wandji Nyamsi, et al., “Photovoltaic 
Power and Meteorological Datasets With Snow Detection From the Out-
door Solar Power Laboratories of the Finnish Meteorological Institute,” 
Geoscience Data Journal 13, no. 1 (2026): e70039, https://​doi.​org/​10.​
1002/​gdj3.​70039​.

36. J. A. Karhu and A. Lindfors, “PV Production Data With Ancillary 
PV and Meteorological Data Including Solar Radiation Measurements 
From FMI's Open-Air Solar Laboratories in Helsinki, Kuopio and So-
dankylä (Finland) Starting From August 2015 and Ending Dec 2021 
[Data Set],” Finnish Meteorological Institute (2025), https://​doi.​org/​10.​
57707/​​fmi-​b2sha​re.​c7b3e​c9f19​324a6​49763​9d6d8​c0cde84.

37. New Energy Research Center Turku. “NERC's Data Sharing and 
Document Library,” accessed September 17, 2025, https://​nerc.​turku​
amk.​fi/​data-​portal/​.

38. J. Ascencio-vásquez, K. Brecl, and M. Topič, “Methodology of 
Köppen-Geiger-Photovoltaic Climate Classification and Implications to 
Worldwide Mapping of PV System Performance,” Solar Energy 191, no. 
August (2019): 672–685, https://​doi.​org/​10.​1016/j.​solen​er.​2019.​08.​072.

39. SolarWorld. “Sunmodule Protect SW 250 Poly,” accessed January 5, 
2026, https://​www.​bimbl​esolar.​com/​docs/​Sunmo​dule2​50wpr​otect.​pdf.

40. ABB. “ABB TRIO-20.0/27.6-TL-OUTD,” accessed January 5, 2026, 
https://​searc​h-​ext.​abb.​com/​libra​ry/​Downl​oad.​aspx?​Docum​entID​=​
9AKK1​06103​A4856​.

41. Kingdom Solar. “KD-P250W-280W,” accessed January 5, 2026, 
https://​cdn.​enfso​lar.​com/​Produ​ct/​pdf/​Cryst​alline/​5927f​03465​ede.​
pdf?_​gl%​3D1*​1dhnj​ve*_​up*​MQ.​*_​ga*​MTE3M​jY0MT​g3Mi4​xNzY1​
NzgzN​Dcy*_​ga_​3ZXY4​H3PHE​*​czE3N​jU3OD​M0NzI​kbzEk​ZzAkd​
DE3Nj​U3ODM​0NzIk​ajYwJ​GwwJGgw.

42. Fronius. “FRONIOUS SYMO HYBRID,” accessed January 5, 2026, 
https://​www.​bing.​com/​ck/a?​!p=​852d6​93a8f ​bda14​9a700​bafb8​ed3a3​
30bb3​4635e​d2b22​32a5b​b4916​d1bea​dcefJ​mltdH​M9MTc​2NTY3​MDQwM​
Aptn=​3ver=​2hsh=​4fcli​d=​3cf3f​aaf-​393b-​6609-​2c98-​e9fa3​8b467​26psq​=​
Froni​us+​Symo+​Hybri​d+​4.​0u=​a1aHR​0cHM6​Ly93d​3cuZn​Jvbml​1cy5j​
b20vf​i9kb3​dubG9​hZHMv​U29sY​XIlMj​BFbmV​yZ3kv​RGF0Y​XNoZW​
V0cy9​TRV9E​U19Gc​m9uaX​VzX1N​5bW9f​SHlic​mlkX0​VOLnBkZg.

43. SOLARWATT. “SOLARWATT BLUE 60P,” accessed January 8, 
2026, https://​st-​solar​cell.​com/​wp-​conte​nt/​uploa​ds/​2015/​06/​01_​SOLAR​
WATT_​BLUE-​60P_​eng.​pdf.

44. SolarWorld. “Sunmodule Plus SW 250-260 Poly,” accessed January 8, 
2026, https://​www.​scribd.​com/​docum​ent/​50853​0994/​poly-​250-​260-​en.

45. AEconversion. “INV350-60 Micro Inverter,” accessed January 8, 
2026, https://​aecon​versi​on.​de/​wp-​conte​nt/​uploa​ds/​2022/​06/​INV35​0-​
60_​EN_​Rev1.​pdf.

46. Ilmatieteenlaitos. “Havaintojen Lataus—Ilmatieteen Laitos,” accessed 
September 24, 2025, https://​www.​ilmat​ietee​nlait​os.​fi/​havai​ntoje​n-​lataus.

47. Finnish Meteorological Institute. “FMI Open PV Forecast,” accessed 
September 17, 2025, https://​github.​com/​fmidev/​fmi-​open-​pv-​forecast.

48. R. Perez, P. Ineichen, R. Seals, J. Michalsky, and R. Stewart, “Model-
ing Daylight Availability and Irradiance Components From Direct and 
Global Irradiance,” Solar Energy 44, no. 5 (1990): 271–289.

 1099159x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/pip.70130 by U

niversity O
f T

urku, W
iley O

nline L
ibrary on [04/08/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://github.com/NREL/rdtools
https://doi.org/10.1002/solr.202300653
https://github.com/energy-systems-team/pv-plr-analysis
https://doi.org/10.1002/gdj3.70039
https://doi.org/10.1002/gdj3.70039
https://doi.org/10.57707/fmi-b2share.c7b3ec9f19324a6497639d6d8c0cde84
https://doi.org/10.57707/fmi-b2share.c7b3ec9f19324a6497639d6d8c0cde84
https://nerc.turkuamk.fi/data-portal/
https://nerc.turkuamk.fi/data-portal/
https://doi.org/10.1016/j.solener.2019.08.072
https://www.bimblesolar.com/docs/Sunmodule250wprotect.pdf
https://search-ext.abb.com/library/Download.aspx?DocumentID=9AKK106103A4856
https://search-ext.abb.com/library/Download.aspx?DocumentID=9AKK106103A4856
https://cdn.enfsolar.com/Product/pdf/Crystalline/5927f03465ede.pdf?_gl=1%2A1dhnjve%2A_up%2A;MQ.%2A_ga%2AMTE3MjY0MTg3Mi4xNzY1NzgzNDcy%2A_ga_3ZXY4H3PHE%2AczE3NjU3ODM0NzIkbzEkZzAkdDE3NjU3ODM0NzIkajYwJGwwJGgw
https://cdn.enfsolar.com/Product/pdf/Crystalline/5927f03465ede.pdf?_gl=1%2A1dhnjve%2A_up%2A;MQ.%2A_ga%2AMTE3MjY0MTg3Mi4xNzY1NzgzNDcy%2A_ga_3ZXY4H3PHE%2AczE3NjU3ODM0NzIkbzEkZzAkdDE3NjU3ODM0NzIkajYwJGwwJGgw
https://cdn.enfsolar.com/Product/pdf/Crystalline/5927f03465ede.pdf?_gl=1%2A1dhnjve%2A_up%2A;MQ.%2A_ga%2AMTE3MjY0MTg3Mi4xNzY1NzgzNDcy%2A_ga_3ZXY4H3PHE%2AczE3NjU3ODM0NzIkbzEkZzAkdDE3NjU3ODM0NzIkajYwJGwwJGgw
https://cdn.enfsolar.com/Product/pdf/Crystalline/5927f03465ede.pdf?_gl=1%2A1dhnjve%2A_up%2A;MQ.%2A_ga%2AMTE3MjY0MTg3Mi4xNzY1NzgzNDcy%2A_ga_3ZXY4H3PHE%2AczE3NjU3ODM0NzIkbzEkZzAkdDE3NjU3ODM0NzIkajYwJGwwJGgw
https://www.bing.com/ck/a?!p=852d693a8fbda149a700bafb8ed3a330bb34635ed2b2232a5bb4916d1beadcefJmltdHM9MTc2NTY3MDQwMAptn=3ver=2hsh=4fclid=3cf3faaf-393b-6609-2c98-e9fa38b46726psq=Fronius%2BSymo%2BHybrid%2B4.0u=a1aHR0cHM6Ly93d3cuZnJvbml1cy5jb20vfi9kb3dubG9hZHMvU29sYXIlMjBFbmVyZ3kvRGF0YXNoZWV0cy9TRV9EU19Gcm9uaXVzX1N5bW9fSHlicmlkX0VOLnBkZg
https://www.bing.com/ck/a?!p=852d693a8fbda149a700bafb8ed3a330bb34635ed2b2232a5bb4916d1beadcefJmltdHM9MTc2NTY3MDQwMAptn=3ver=2hsh=4fclid=3cf3faaf-393b-6609-2c98-e9fa38b46726psq=Fronius%2BSymo%2BHybrid%2B4.0u=a1aHR0cHM6Ly93d3cuZnJvbml1cy5jb20vfi9kb3dubG9hZHMvU29sYXIlMjBFbmVyZ3kvRGF0YXNoZWV0cy9TRV9EU19Gcm9uaXVzX1N5bW9fSHlicmlkX0VOLnBkZg
https://www.bing.com/ck/a?!p=852d693a8fbda149a700bafb8ed3a330bb34635ed2b2232a5bb4916d1beadcefJmltdHM9MTc2NTY3MDQwMAptn=3ver=2hsh=4fclid=3cf3faaf-393b-6609-2c98-e9fa38b46726psq=Fronius%2BSymo%2BHybrid%2B4.0u=a1aHR0cHM6Ly93d3cuZnJvbml1cy5jb20vfi9kb3dubG9hZHMvU29sYXIlMjBFbmVyZ3kvRGF0YXNoZWV0cy9TRV9EU19Gcm9uaXVzX1N5bW9fSHlicmlkX0VOLnBkZg
https://www.bing.com/ck/a?!p=852d693a8fbda149a700bafb8ed3a330bb34635ed2b2232a5bb4916d1beadcefJmltdHM9MTc2NTY3MDQwMAptn=3ver=2hsh=4fclid=3cf3faaf-393b-6609-2c98-e9fa38b46726psq=Fronius%2BSymo%2BHybrid%2B4.0u=a1aHR0cHM6Ly93d3cuZnJvbml1cy5jb20vfi9kb3dubG9hZHMvU29sYXIlMjBFbmVyZ3kvRGF0YXNoZWV0cy9TRV9EU19Gcm9uaXVzX1N5bW9fSHlicmlkX0VOLnBkZg
https://www.bing.com/ck/a?!p=852d693a8fbda149a700bafb8ed3a330bb34635ed2b2232a5bb4916d1beadcefJmltdHM9MTc2NTY3MDQwMAptn=3ver=2hsh=4fclid=3cf3faaf-393b-6609-2c98-e9fa38b46726psq=Fronius%2BSymo%2BHybrid%2B4.0u=a1aHR0cHM6Ly93d3cuZnJvbml1cy5jb20vfi9kb3dubG9hZHMvU29sYXIlMjBFbmVyZ3kvRGF0YXNoZWV0cy9TRV9EU19Gcm9uaXVzX1N5bW9fSHlicmlkX0VOLnBkZg
https://www.bing.com/ck/a?!p=852d693a8fbda149a700bafb8ed3a330bb34635ed2b2232a5bb4916d1beadcefJmltdHM9MTc2NTY3MDQwMAptn=3ver=2hsh=4fclid=3cf3faaf-393b-6609-2c98-e9fa38b46726psq=Fronius%2BSymo%2BHybrid%2B4.0u=a1aHR0cHM6Ly93d3cuZnJvbml1cy5jb20vfi9kb3dubG9hZHMvU29sYXIlMjBFbmVyZ3kvRGF0YXNoZWV0cy9TRV9EU19Gcm9uaXVzX1N5bW9fSHlicmlkX0VOLnBkZg
https://st-solarcell.com/wp-content/uploads/2015/06/01_SOLARWATT_BLUE-60P_eng.pdf
https://st-solarcell.com/wp-content/uploads/2015/06/01_SOLARWATT_BLUE-60P_eng.pdf
https://www.scribd.com/document/508530994/poly-250-260-en
https://aeconversion.de/wp-content/uploads/2022/06/INV350-60_EN_Rev1.pdf
https://aeconversion.de/wp-content/uploads/2022/06/INV350-60_EN_Rev1.pdf
https://www.ilmatieteenlaitos.fi/havaintojen-lataus
https://github.com/fmidev/fmi-open-pv-forecast


21Progress in Photovoltaics: Research and Applications, 2026

49. W. F. Holmgren, C. W. Hansen, and M. A. Mikofski, “Pvlib Python: 
A Python Package for Modeling Solar Energy Systems,” Journal of Open 
Source Software 3, no. 29 (2018): 884.

50. D. G. Erbs, S. A. Klein, and J. A. Duffie, “Estimation of the Diffuse 
Radiation Fraction for Hourly, Daily and Monthly-Average Global Radi-
ation,” Solar Energy 28, no. 4 (1982): 293–302.

51. H. Böök, A. Poikonen, A. Aarva, T. Mielonen, M. R. A. Pitkänen, 
and A. V. Lindfors, “Photovoltaic System Modeling: A Validation Study 
at High Latitudes With Implementation of a Novel DNI Quality Control 
Method,” Solar Energy 204 (2020): 316–329.

52. N. Martin and J. M. Ruiz, “Calculation of the PV Modules Angular 
Losses Under Field Conditions by Means of an Analytical Model,” Solar 
Energy Materials and Solar Cells 70, no. 1 (2001): 25–38.

53. M. Lave, W. Hayes, A. Pohl, and C. W. Hansen, “Evaluation of Global 
Horizontal Irradiance to Plane-of-Array Irradiance Models at Locations 
Across the United States,” IEEE Journal of Photovoltaics 5, no. 2 (2015): 
597–606.

54. C. A. Gueymard and J. A. Ruiz-Arias, “Extensive Worldwide Valida-
tion and Climate Sensitivity Analysis of Direct Irradiance Predictions 
From 1-min Global Irradiance,” Solar Energy 128 (2016): 1–30, https://​
www.​scien​cedir​ect.​com/​scien​ce/​artic​le/​pii/​S0038​092X1​5005435.

55. D. L. King, W. E. Boyson, and J. A. Kratochvil, “Photovoltaic Array 
Performance Model,” (2004).

56. J. Varjopuro, A. Kamppinen, A. Poskela, J. A. Karhu, A. V. Lindfors, 
and K. Miettunen, “Computational Simulation of Perovskite and Silicon 
Solar Panel Operating Temperatures in Varying Ambient Conditions,” 
Solar Energy Materials and Solar Cells 290 (2025): 113657.

57. IEC 61724-3. “Photovoltaic System Performance—Part 3: Energy 
Evaluation Method,” Geneva, Switzerland 2016.

58. T. Huld, G. Friesen, A. Skoczek, et al., “A Power-Rating Model for 
Crystalline Silicon PV Modules,” Solar Energy Materials and Solar Cells 
95, no. 12 (2011): 3359–3369.

59. F. Mavromatakis, F. Vignola, and B. Marion, “Low Irradiance 
Losses of Photovoltaic Modules,” Solar Energy 157, no. September 
(2017): 496–506.

60. B. Haurwitz, “Insolation in Relation to Cloud Type,” Journal of Me-
teorology 5, no. 3 (1948): 110–113.

61. IEC 61724-1. “Photovoltaic System Performance—Part 1: Monitor-
ing,” Geneva, Switzerland 2021.

62. A. P. Dobos. “PVWatts Version 5 Manual,” September. (2014).

63. C. M. Whitaker, T. U. Townsend, J. D. Newmiller, et al., “Application 
and Validation of a New PV Performance Characterization Method,” 
in Conference Record of the IEEE Photovoltaic Specialists Conference 
(IEEE, 1997).

64. P. Virtanen, R. Gommers, T. E. Oliphant, et al., “SciPy 1.0: Funda-
mental Algorithms for Scientific Computing in Python,” Nature Meth-
ods 17 (2020): 261–272.

65. Bureau International de Pois et Measure Joint Committee for Guides 
in Metrology B. Evaluation of Measurement Data—Guide to the Expres-
sion of Uncertainty in Measurement. International Organization for 
Standardization Geneva ISBN. 2008; 50 (September): 134, http://​www.​
bipm.​org/​en/​publi​catio​ns/​guides/​gum.​html.

66. P. J. Huber, “Robust Estimation of a Location Parameter,” Annals of 
Mathematical Statistics 35, no. 1 (1964): 73–101.

67. S. Seabold and J. Perktold, “Statsmodels: Econometric and Statisti-
cal Modeling With Python,” in 9th Python in Science Conference (SciPy, 
2010).

68. E. Hasselbrink, M. Anderson, Z. Defreitas, et al., “Validation of the 
PVLife Model Using 3 Million Module-Years of Live Site Data,” in In: 
2013 IEEE 39th Photovoltaic Specialists Conference (PVSC) (IEEE, 2013), 
7–12.

69. H. Quest, C. Ballif, and A. Virtuani, “Multi-Annual Year-on-Year: 
Minimising the Uncertainty in Photovoltaic System Performance Loss 
Rates,” Progress in Photovoltaics: Research and Applications 33, no. 3 
(2025): 411–424, https://​doi.​org/​10.​1002/​pip.​3855.

70. M. Dhimish, V. d'Alessandro, R. Vieira, A. Mellit, S. V. Spataru, and 
G. A. Dos Reis Benatto, “Evaluation of the Multi-Year-on-Year Method 
for Degradation Analysis in Photovoltaic Systems,” Renewable Energy 
255 (2025): 123772, https://​www.​scien​cedir​ect.​com/​scien​ce/​artic​le/​pii/​
S0960​14812​501434X.

71. S. Lindig, A. Louwen, D. Moser, and M. Topic, “Outdoor PV Sys-
tem Monitoring-Input Data Quality, Data Imputation and Filtering Ap-
proaches,” Energies 13, no. 19 (2020): 5099.

72. K. Rath, R. H. French, A. Curran, et al., “EDF,” Case Western Re-
serve University (2020).

73. RdTools. “Degradation and Soiling Example 2024,” accessed 
December 8, 2025, https://​rdtoo​ls.​readt​hedocs.​io/​en/​stable/​examp​les/​
degra​dation_​and_​soili​ng_​examp​le.​html.

74. C. S. Ruschel, F. P. Gasparin, E. R. Costa, and A. Krenzinger, “As-
sessment of PV Modules Shunt Resistance Dependence on Solar Irradi-
ance,” Solar Energy 133 (2016): 35–43.

75. A. D. Dhass, E. Natarajan, and L. Ponnusamy, “Influence of Shunt 
Resistance on the Performance of Solar Photovoltaic Cell,” in 2012 Inter-
national Conference on Emerging Trends in Electrical Engineering and 
Energy Management (ICETEEEM) (IEEE, 2012), 382–386.

Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Supporting_Information.pdf. 

 1099159x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/pip.70130 by U

niversity O
f T

urku, W
iley O

nline L
ibrary on [04/08/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://www.sciencedirect.com/science/article/pii/S0038092X15005435
https://www.sciencedirect.com/science/article/pii/S0038092X15005435
http://www.bipm.org/en/publications/guides/gum.html
http://www.bipm.org/en/publications/guides/gum.html
https://doi.org/10.1002/pip.3855
https://www.sciencedirect.com/science/article/pii/S096014812501434X
https://www.sciencedirect.com/science/article/pii/S096014812501434X
https://rdtools.readthedocs.io/en/stable/examples/degradation_and_soiling_example.html
https://rdtools.readthedocs.io/en/stable/examples/degradation_and_soiling_example.html

	Robust Performance Loss Rate Calculation for Photovoltaic Systems in High Latitude Locations
	ABSTRACT
	1   |   Introduction
	2   |   Methodology
	2.1   |   Systems
	2.1.1   |   Helsinki (HEL)
	2.1.2   |   Turku (TKU)
	2.1.3   |   Kuopio (KUO)
	2.1.4   |   Sodankylä-20 (SOT-20)
	2.1.5   |   Sodankylä-90 (SOT-90)

	2.2   |   Data Quality Grading
	2.3   |   Irradiance and Cell Temperature Modelling
	2.3.1   |   Plane-of-Array Irradiance
	2.3.2   |   Cell Temperature

	2.4   |   Filters
	2.5   |   Performance Metrics
	2.6   |   Statistical Models
	2.7   |   System PLR Estimate With Ensemble Approach

	3   |   Results and Discussion
	3.1   |   Quality Grading and Effects of Data Filters
	3.2   |   Performance Time Series
	3.3   |   Validating Ensemble Method
	3.4   |   Estimating Real PLR With Ensemble Method
	3.5   |   Impact of Individual Methods on PLR

	4   |   Recommendations of Best Practices for PLR Calculation in Cold and Snowy Climates
	5   |   Conclusions
	Author Contributions
	Acknowledgements
	Funding
	Conflicts of Interest
	Data Availability Statement
	References


