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A B S T R A C T

Monitored power output data of photovoltaic (PV) installations is increasingly used for purposes such as fault
detection and performance studies of distributed PV systems. The value of such datasets can increase sig-
nificantly when they are paired with information about local irradiance and shading conditions, especially in
urban environments. However, on-site irradiance measurements are seldom performed for small or medium-
sized rooftop PV installations. This paper proposes a novel method to identify locally shaded periods of PV
installations, using only measured AC power, regional irradiance data and basic information about the sites (i.e.
module tilt, orientation and nominal power) as inputs. The proposed three-step method uses machine learning
techniques and a grey-box PV performance prediction model to classify the visible sky hemisphere of a PV
installation to obstructed and unobstructed areas. Detailed results of a moderately-shaded residential PV site in
the Netherlands are shown to illustrate the working principles of the method. Finally, a successful comparison
with on-site shade measurements is carried out and the ability of the method to detect shade from nearby objects
is illustrated.

1. Introduction

In 2017, almost as much solar was installed in one year (99.1 GW)
as the world had installed in total by 2012 (100.9 GW). This led to a
total global solar power capacity of over 400 GW in 2017 (SolarPower
Europe, 2018). In Europe, more than 44% of the new installations in
2017 were on rooftops where shading effects of the urban environment
are not always avoidable. Whereas in early PV applications sites were
carefully selected to be as shade-free as possible, it is expected that with
the decreasing prices of PV systems and the spread of new Building
Integrated PV (BIPV) applications, PV will increasingly be installed on
surfaces where the effect of shading is of considerable importance
(Zomer et al., 2016; Zomer and Rüther, 2017).

Cloud-based monitoring services are routinely used to record the
power output of distributed PV systems (Solórzano and Egido, 2013). In
addition to providing feedback to the owners of these systems, there is a
substantial potential to exploit such recorded power measurements,
both in research and for quality assurance of commercially installed
systems. The value of this data can be increased by creating a compu-
tational representation of the same PV site, allowing for side-by-side
comparisons between the measured and expected performance of the
system. However, because plane-of-array irradiance measurements at

small or medium-sized PV plants are seldom performed (Nespoli and
Medici, 2017), it is difficult to correlate PV output with actual site-
specific irradiance conditions. Due to this information mismatch in
relation to local shading conditions, causal relationships between
system/site conditions and PV power output are hard to establish,
which diminishes the value of these datasets.

PV monitoring systems usually record output in terms of the in-
stallation’s AC power. This means that the influence of power systems
such as inverters and converters needs to be taken into account in
subsequent analyses. Lack of information about the characteristics of
these power systems can be a significant source of uncertainty in PV
performance analyses. An additional challenge is that, depending on
the architecture of the power systems of a PV installation, the reduction
in output due to (partial) shading is not linearly related to the shaded
fraction. Uncertainty in the knowledge of the shading conditions of a
specific PV site can therefore cause disproportionally large prediction
errors especially if the power system of the PV site is unknown, or not
modeled explicitly. To determine if a PV system is operating as ex-
pected, it is therefore of high importance to have an accurate estimate
of when and to what extent a site is shaded. This need for detecting
locally shaded periods of PV installations has been recognized in three
different areas:

https://doi.org/10.1016/j.solener.2018.10.007
Received 16 July 2018; Received in revised form 2 October 2018; Accepted 3 October 2018

⁎ Corresponding author.
E-mail address: a.bognar@tue.nl (Á. Bognár).

Solar Energy 174 (2018) 1068–1077

0038-092X/ © 2018 Elsevier Ltd. All rights reserved.

T

http://www.sciencedirect.com/science/journal/0038092X
https://www.elsevier.com/locate/solener
https://doi.org/10.1016/j.solener.2018.10.007
https://doi.org/10.1016/j.solener.2018.10.007
mailto:a.bognar@tue.nl
https://doi.org/10.1016/j.solener.2018.10.007
http://crossmark.crossref.org/dialog/?doi=10.1016/j.solener.2018.10.007&domain=pdf


• Researchers commonly face the task of analyzing the performance of
a large number of PV sites (Killinger et al., 2017a, 2017b; Saint-
Drenan et al., 2015) to gain insight into the performance of the
systems in real life conditions. This requires irradiance data for the
investigated period which can come from either satellite measure-
ments, or nearby meteorological stations. In either case, the mea-
sured irradiance is unobstructed, therefore the effect of local
shading is not separable from other factors during the performance
assessment of the system.

• Real-time fault detection has the potential to increase the reliability
of PV systems by reducing losses due to downtime or other defects
(Mallor et al., 2017). To correctly diagnose malfunctioning PV sys-
tems while avoiding false maintenance alerts, reliable detection of
site-specific shading conditions is a necessity (Ghasempourabadi
et al., 2016; Tsafarakis et al., 2018).

• In cases when demand-side energy management is available or on-
site battery storage is utilized, accurate forecasts of PV electricity
production and consumption are essential for devising strategies
that can reduce curtailment losses (Almeida et al., 2015; Litjens
et al., 2018). If the PV site is located in an urban setting, predicting
electric output requires information about the recurring shading
caused by the environment, which can be tied to time or solar po-
sition.

A promising method to identify local shading is using Light
Detection and Ranging (LiDAR) data to create a 3D model of the en-
vironment of the PV site for calculating the shadows cast on active

surfaces (Lingfors et al., 2018). Numerous studies have shown the ap-
plicability of LiDAR data to calculate solar potential and determine the
tilt and orientation of roof surfaces (d’Alessandro et al., 2015; Freitas
et al., 2015; Palmer et al., 2015). A main advantage of the LiDAR ap-
proach is that it does not require measured power data, which makes it
applicable to analyze the shading conditions of not-yet built PV sites, as
well as existing ones. However, up-to-date high resolution LiDAR data
may not always be available, and even though they may have a large
impact on PV performance, short or thin roof-mounted shading ob-
structions (e.g. chimneys or poles) can be difficult to detect (Gooding
et al., 2015).

In recent work, the potential of using calibrated data-driven models
for shading analysis of residential PV systems was successfully de-
monstrated (Killinger et al., 2017a, 2017b; Lingfors et al., 2018).
Considering the growing importance of continuous performance ana-
lysis of PV systems in complex urban environments, there is a need for
continued development of methodologies that can support this task in a
scalable way. In this context, it is of particular relevance to explore and
develop unsupervised approaches that require a minimum amount of
manual intervention. Moreover, to be able to analyze PV shading in a
predictive way, it is worthwhile to explore the possibility of describing
shading obstructions as a function of sun position instead time.

The method presented in this paper aims to identify and predict
local shading by comparing the measured performance of PV sites to the
simulated performance of their computational counterpart and gen-
eralizing the results of the comparison with machine learning. This si-
mulation-assisted approach allows for better utilization of the collected

Nomenclature

Abbreviations

PV photovoltaics
BIPV building integrated photovoltaics
AC alternating current
LiDAR light detection and ranging
SVM support vector machine
RBF radial basis function
RMSE root-mean-square error
STC standard test conditions

Time-dependent parameters

PR performance ratio (–)
PI performance index (–)
GHI global horizontal irradiance (W/m2)
DNI direct normal irradiance (W/m2)
DHI diffuse horizontal irradiance (W/m2)
Gpoa plane of array irradiance (W/m2)
Gpoa dir_ direct component of Gpoa (W/m2)
Gpoa diff_ diffuse component of Gpoa (W/m2)
PAC sim_ simulated AC power (W)
PAC meas_ measured AC power (W)
vs wind speed at 10m height (m/s)
Ta ambient temperature (°C)

angle of incidence (°)

ct loss factor for temperature effect (–)
IAM dir_ incidence angle modifier for direct irradiance (–)

transmittance of glass (–)

Time-independent parameters

Pr rated power (W)
Gr reference irradiance for STC (W/m2)

r rated STC efficiency (–)
sh diff_ loss factor for diffuse shading (–)
IAM diff_ incidence angle modifier for diffuse irradiance (–)
cl combined linear loss factor (–)
T temperature coefficient (%/°C)

Tcell ref_ Reference cell temperature (°C)
dT module-cell temperature difference (empirical constant)

(°C)
a empirical constant for the increase of module temperature

with sunlight (–)
b empirical constant for the effect of wind speed on the

module temperature (s/m)
C parameter for the soft-margin cost function (–)

parameter for the influence-radius of a training point in
the SVM model (–)
glazing extinction coefficient (m−1)

L glazing thickness (m)
n effective index of refraction (–)

1. FIT GREY-BOX PV MODEL 2. TRAIN SVM SHADE MODEL 3. PREDICT LOCAL SHADING

Filter for 
clear sky

Filter for 
undisturbed 
PV operation

Environmental & site input Solar position input

PV

Fig. 1. Simplified flowchart of the three
steps of the shade detection method. The
output of step 1 is a fitted grey box PV
system model that is used to train the SVM in
step 2. The output of step 2 is a trained SVM
shading model that is used to predict local
shading in step 3. This flowchart is unfolded
in more detail in Fig. 6.
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data for monitored PV systems, aiding fault-detection and the pre-
paration of power generation forecasts. The approach is scalable, since
it only requires commonly available information of PV sites with no
further need for human intervention. A step-wise procedure is proposed
(see Fig. 1), as demonstrated in detail in Section 5.1, consisting of:

(1) Grey-box PV system model fitting. To calculate the AC power
output from the measured weather data, a grey-box model of the PV
site is generated, described in Section 3.1. The model is fitted to a
subset of the measured AC power data. The fitting dataset is sam-
pled from the available data with the intention of fitting the model
under undisturbed, high performing operating conditions only. This
is described in Section 3.2. The fitting results in a model that is
accurate under unshaded operating conditions, but does not cope
with direct shading.

(2) Training the Support Vector Machine (SVM) shading model. For
this step, a different subset of data is chosen first, with the intention
of including only data points when the sky is clear. These are the
moments when direct shading might occur. The selection of the
data for training the SVM is described in Section 2.2. The grey-box
model generated in the previous step is used to evaluate whether a
given point represented by the solar azimuth and zenith is shaded
or not, by comparing the output of the grey-box model to the
measured AC power. This provides the labeling of the training data
for the SVM shading model. A description of using SVMs for clas-
sification is provided in Section 4.

(3) Predicting local shading with the trained SVM shading model. The
only input necessary in this step is the measured or calculated solar
azimuth and zenith. The previously trained SVM shading model is
used to classify a given moment based on these two features.

Section 5.1 demonstrates the application of the method in a case
study and Section 5.2 provides an empirical validation study that
compares shaded periods as identified by the model with on-site
shading measurements. Concluding remarks, critical discussion of the
method and a future outlook are presented in Section 6.

2. Pre-processing of the measured input data

The proposed method for identifying locally shaded periods requires
three different types of measured data: AC power, weather data, and
basic information about the site. Measured AC power can be collected
with a monitoring service. The necessary weather input consists of solar
irradiance (GHI, DNI, DHI), ambient temperature and wind speed
measurements, which is gathered from a nearby meteorological station
or satellite observations. The site specific metadata data required is the
tilt, orientation and nominal power of the PV site, which are commonly
measured by the installers. Step 1 and 2 of the method uses different
subsets of the data from the same training period and step 3 uses solar
position input from the prediction period. The prediction period is al-
ways after the training period. In the following subsections it is de-
scribed how the subsets of data points are selected in the training period
for step 1 and 2.

2.1. Selecting dataset for the grey-box PV model fitting

The aim of the data selection for step 1 is to provide a subset of data
for the grey-box PV model fitting, when the PV system is operating
under undisturbed, well defined conditions within the range of ap-
plicability of the model. This means, that the Performance Ratio (PR) is
high and the sky is unambiguously clear or overcast. Furthermore, a
requirement is included for only using time-periods with a power
output in the range in which inverter losses can be approximated lin-
early.

PR is a commonly used metric to evaluate the performance of a PV
site (Dierauf et al., 2013), and can be expressed as follows:

= = =PR
P

G
P

G
.

P
P

G
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AC meas
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G poa

AC meas

r poa

_ _
AC meas

r
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r

r
r

_

(1)

Since the PR normalizes with the plane-of-array irradiance, it com-
pensates for the effect of different irradiance conditions (Marion et al.,
2005). However, we have to keep in mind that plane-of-array irradiance
can decrease due to meteorological causes or due to local shading, and
PR only corrects for the weather-induced changes in irradiance condi-
tions. The effect of local shading, temperature and reflection losses are
visible in the value of PR. Therefore, PR is used as a rough filter for
normal operation of the PV system to select the fitting data for the grey-
box model. Thresholds of < <PR0.75 1.05 were chosen for filtering
normal PV system operation. These thresholds were selected after a trial
and error investigation that aimed at finding a balance between number
of accepted data points for model fitting and validity of the grey-box
model.

The irradiation measurement and the PV site in question can be
located several kilometers from each other. Plainly clear and overcast
periods are therefore used for the model fitting, because it reduces the
noise in the fitting data due to fast moving clouds solely casting sha-
dows on either the PV site or the irradiance sensor. Selecting the clear
sky sample is done using the method developed by Reno and Hansen
(2016), which is implemented in the PV_LIB Python library of Sandia
National Laboratories (Andrews et al., 2014). The iterative algorithm
uses the following tunable criteria to classify a time period as clear:
mean and maximum value of GHI, line length of irradiance time-series
curve, standard deviation in rate of change of GHI, and maximum dif-
ference between changes in measured and modeled clear sky time-
series. For the shade detection method described here, the used values
are shown in Table 1. Fig. 2 shows an example of measured GHI of three
consecutive days, with the clear periods marked.

Selecting the plainly overcast periods is done by using the
>G G/ 0.99poa diff poa_ criteria. In case of the overcast sky sample, local

shading does not occur due to the absence of direct light, making it safe
to use for fitting the grey-box model. On the other hand, overcast
periods often result in low power output, therefore the >P P 0.1AC meas r_
filtering is applied because the grey-box model is not valid for very low
power outputs, due to the nonlinearity of inverter efficiencies typically
under 10% of their nominal power (King et al., 2004). If the efficiency
curve of the inverter that is used at the site in question is known, then
the constraint for low power can be omitted. Fig. 3 shows the clear and
overcast sky samples selected with the criteria described above.

2.2. Selecting dataset for the SVM shade model training

The motivation for filtering the input in step 2 is to provide a subset
of data for training the SVM shade model, when local shading can
occur. Clear sky periods are selected in the same way as it is described
in Section 2.1, with two key differences: Firstly, in this case there is no
filtering for PR, since we would like to include the shade-affected clear
sky moments as well in the training dataset for the shade model.

Table 1
Parameters used in this investigation for the
pvlib.clearsky detect_clearsky function. See the
parameter descriptions in the (PVLIB-Python API
reference, 2018) and (Reno and Hansen, 2016).

window_length 10
mean_diff 75
max_diff 75
lower_line_length -20
upper_line_length 50
var_diff 0.01
slope_dev 10
max_iterations 20
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Secondly, PAC sim_ is used instead of PAC meas_ to exclude the periods when
the model is not valid due to the nonlinear efficiency of the inverter in
the low power operating range.

3. Grey-box PV system model

3.1. Model description

The direct shading-free grey-box model for the generated power can
be expressed as:

=
+

P P
G G

G
,AC sim r

poa dir IAM dir poa diff sh diff IAM diff

r
ct cl_

_ _ _ _ _

(2)

where Pr is the rated power, known from the site metadata and
=G 1000 W/mr

2 is the irradiance at Standard Test Conditions (STC).
Gpoa dir_ andGpoa diff_ are the direct and diffuse components of the plane of
array solar irradiance. The diffuse component is the sum of the sky-
diffuse and ground-reflected irradiance transposed from the
GHI DHI DNI, , input, where the plane of array sky diffuse compo-
nent is calculated with the Perez model (Perez et al., 1990) and the
ground diffuse component is calculated using the model in Ineichen
et al. (1987) with an albedo value of 0.22. IAM dir_ and IAM diff_ are the
incidence angle modifiers for the direct and diffuse components, cal-
culated with the model described in De Soto et al. (2006):
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=K 4 m 1 is the glazing extinction coefficient, =L 0.002 m is the
glazing thickness. = nsin (1/ sin( )),r

1 where =n 1.526 is the effec-
tive index of refraction. The constants used above are acceptable for
most PV installations according to De Soto et al. (2006). is the angle of
incidence, which is calculated from the solar position and site metadata
in every timestep, to calculate IAM dir_ . for calculating IAM diff_ is the
effective angle of incidence for diffuse irradiance, obtainable from the
corresponding figure in Brandemuehl and Beckman (1980). ct is the
loss factor for temperature, calculated as:

= + ++T G e T
G

dT1
100 1000

,ct
T

cell ref poa
a b vs

a
poa

_
(5)

based on the Sandia module temperature model (King et al., 2004).
sh diff_ and cl are the unknown diffuse shading and combined linear loss
factors, respectively. sh diff_ accounts for the losses due to the obstructed
diffuse sky hemisphere, affecting Gpoa diff_ , and cl accounts for losses
such as: inverter efficiency, degradation, soiling, spectral effects, which
affect the performance of the PV system globally. Both of these loss
factors are modeled as calibrated constant multipliers. We obtain their
values by fitting the model to the measured AC power data.

3.2. Model fitting

For the execution of the grey-box model fitting, the clear and
overcast samples of measured AC power are used (see Section 2.1), with
the Sequential Least Squares Programming method of the scipy.opti-
mize.minimize function in Python. The objective function to be mini-
mized is the sum of the Root-Mean-Square Error (RMSE) of PAC calcu-
lated for the clear and the overcast sample. The calibrated constants are

sh diff_ and cl, with the bounds of [0; 1].

4. SVM shading model

The output of step 1 is a fitted grey-box PV system model, that is
used to generate labeled training data for the SVM shade model in the
second step. The Performance Index (PI ) is used to facilitate this ana-
lysis. PI is defined as the ratio of measured and simulated AC power of
the site (Townsend and Whitaker, 1994). One can think of the PI as a
variant of PR, calculated with a more detailed model of the power
output:

=PI
P
P

.AC meas

AC sim

_

_ (6)

The grey-box model does not include direct shading, therefore it
only predicts the shade-free performance of the PV site in question. The
simulated power of the shade-free grey-box model under clear sky
conditions is compared against the measured power of the PV site on
the basis of PI . Periods with low PI indicate invalidity of the grey-box
model, which is interpreted as detection of a local shading event.

By calculating the PI and comparing it to a threshold, clear sky
moments can retrospectively be labeled as locally shaded or unshaded.
However, if we want to predict the occurrence of local shading, it
should be identified at all possible sun positions on the sky hemisphere,
regardless of the unpredictable clearness of the sky at any given future
moment. This is a classification problem and in this paper SVMs (Cortes
and Vapnik, 1995) are used to tackle it. We can train an SVM model to
recognize if the site is shaded based on the sun position, using clear sky
data. After training we can predict the occurrence of local shading for
all possible solar positions.

Supervised learning requires a labeled training dataset, as illu-
strated in Fig. 4a. In this schematic example, each training point is

Fig. 2. Measured GHI and detected clear sky periods in Eindhoven.

Fig. 3. Clear and overcast sky sample for model fitting.
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characterized by two features (Feature 1 and 2) and a label (+) or (−).
These points are used to train the SVM, and, as a result, a hyperplane is
identified that divides the points into two classes, following the widest
street approach, that is, the dividing line is as far from the divided
clusters as possible. Since the training data is not linearly separable, the
decision surface has to be nonlinear. This can be achieved by trans-
forming the training data to a different n-dimensional feature space
with a kernel function, where the points are linearly separable with an
n-1 dimension hyperplane. For the investigation in this paper, the Ra-
dial Basis Function (RBF) was used, implemented in Python, using the
Scikit-learn package (Pedregosa et al., 2012). The RBF kernel allows for
a non-linear soft-margin classification, where C is a parameter for the
soft-margin cost function that allows for adjusting the trade-off between
misclassifying a training point and having an overfitted decision-sur-
face, and determines the radius of a training point, in which it has
influence on the SVM model. A small allows for more isolated “is-
lands” of classes in the feature space.

After training the SVM, new data points can be classified to the (+)
or (−) class based on their features. This is indicated in Fig. 4b. In the
concrete case of the shade detection application, Feature 1 is the solar
azimuth, Feature 2 is the solar zenith. These features characterize the
solar position. The label given to the training points is shaded=0 or
unshaded= 1, based on whether the PI is smaller than the PI
threshold. While it cannot be stated with absolute certainty, that a low
PI training observation is a result of direct shading (e.g. temporary
difference in irradiance conditions, due to fast moving clouds at the
location of the irradiance measurement and the PV site can cause low or
high PI ), due to the soft-margin nature of the used SVM classification
method, the prediction is not sensitive to individual, erroneously in-
troduced training points. It is expected, that faulty training points occur
in a randomly scattered way on the sun chart, therefore with correctly
tuned C and parameters, they don’t influence the shade prediction.
Only multiple occurrences of low PI training points with close proxi-
mity to each other on the sun chart cause the SVM to classify a given
sky-area as shaded.

5. Case study and validation with on-site measurements

The selected site for the case study is located in Eindhoven, the
Netherlands. The details of the site, an aerial and a wide-angle photo-
graph are shown in Fig. 5. The AC power data was collected with the
SolarEdge monitoring API, with the maximum available time resolution
of 15min. Systematic error in the reported values can be up to±3%
(SolarEdge, 2018). Temperature and wind measurements were

Feature 1

Fe
at

ur
e 

2

Feature 1

Fe
at

ur
e 

2

b

Fig. 4. (a) Overfitted (gray) and correct (red) decision surface with the training
data points for non-linear soft-margin classification, (b) Classified new data
points. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

Fig. 5. Installation details, an aerial and a wide-angle photograph of the test site in Eindhoven.
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obtained from the database of KNMI (KNMI, 2018) for Eindhoven in
hourly resolution. The irradiance data was obtained in 15min resolu-
tion from the SolarBEAT measurement station (Valckenborg et al.,
2015) located at the campus of Eindhoven University of Technology.
For investigations far from a location with detailed solar irradiance
measurements, the MSG-CPP service of EUMETSAT/KNMI can be used,
which uses empirically adjusted physical models to calculate the GHI
and DHI in 15min temporal resolution from the optical properties of
the atmosphere (Deneke et al., 2008; Greuell et al., 2013).

5.1. Demonstration of method with a case study

The detailed flowchart of the method presented in this paper is
shown on Fig. 6, and the step-by-step application on the case study is
demonstrated below.

(1) The first step is fitting the grey-box model to the measured training
period data. The objective of this step is to learn about the system
characteristics of the PV site in question. For the training period,
collecting the measured input (Site specifications, Irradiance and
AC power) and preparing the calculated inputs (Solar position), the
minimal required time interval is 6 months, in case the measure-
ment starts at the winter or summer solstice. The background of this
requirement is that the sun should pass through all possible solar
positions during the measurement period. The necessary length of
the data collection period can be up to 1 year, in case the data re-
cording starts at one of the solar equinoxes. The recommended time
resolution for the irradiance and AC power measurements is
15min. For the model fitting, the clear sky and overcast sky sam-
ples (see Section 2.1) are used to fit the grey-box model described in
Section 3.1, resulting in = 1sh diff_ and = 0.93comb lin_ values for the
fitted parameters. This means that according to the fitted model,
the diffuse light that is blocked by obstructions is negligible and the
overall power loss due to spectral effects, soiling, degradation,

power system efficiency and other miscellaneous causes is 7%.
Fig. 7 shows the residual analysis for the clear and overcast sam-
ples, with the outliers removed, and for the whole dataset.

(2) The second step is to train the SVM shading model. The objective of
this step is to learn about the local shading environment of the PV
site in question. The fitted grey-box model, generated in the pre-
vious step is used, to calculate the PI of the PV system. In Fig. 8, the
PR and PI calculations and the measured and simulated power is
shown for three consecutive days, with clear, overcast and semi-
overcast sky conditions in March and May of 2016 for a residential
PV site in Eindhoven, the Netherlands. If the simulation model and
the input data were perfect, in a shade-free case, the Ideal Perfor-
mance Index (PI id_ ) would be 1 when the sun is over the horizon.
Deviations from PI id_ can occur due to imperfect input data e.g.
due to the fact that the location of the irradiance measurement is
1.3 km from the PV site in this case. On days when the irradiance
conditions are changing rapidly such as 16th of March and 9th of
May (see Fig. 8), the irradiance and power measurements are not in
sync perfectly, causing noise in the calculated PI . Moreover, days
with very low irradiance, such as 18th of March, are excluded from
the investigation, since PI deviates from 1 due to the nonlinear
efficiency-curve of the inverter, when the power output is below
10% of the nominal power. Local shading events can be observed
on clear days, such as 17th of March and 8th of May. Drop in the
value of PI indicates shading on both days in the afternoon. Higher
sun zenith angles cause more severe shading in March, than in
April. This effect can clearly be observed in Fig. 9c, as the sun
passes over the shading obstruction in May, while passes behind in
March.

Using PI instead of PR with a threshold is more suitable for de-
tecting local shading for the following reasons: (i) PI is not influenced
by angle of incidence losses and temperature effects (see Fig. 8, where
PR drops midday on 8th of May due to increased module temperature,
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but PI does not). This ensures, that when the PI decreases under the
threshold, it is due to shading, and not due to other causes. (ii) When PI
is calculated with the fitted grey-box model, the baseline PI value for
normal operation is 1 as a result of the model fitting. This makes it
straightforward to specify a threshold under which we consider the site
to be shaded. On the other hand, with PR, the typical value for normal
operation is a range around 0.75–0.9. This would make it harder to

specify a uniform threshold for locally shaded operation of the system.
The calculated PI for all occurring solar positions in the training

period is plotted in Fig. 9a on a sun chart. Each point represents a solar
position on the sky hemisphere and the color indicates the PI . The
training dataset is produced by labeling the data points of the clear sky
sample as shaded or unshaded based on a =PI 0.8threshold. It is as-
sumed, that deviation from the normal operation larger than 20% is
caused by shading, because other significant performance decreasing
effects are taken into consideration with the model fitting. The result of
the binarization is shown on a sun chart in 9b. The binarized training
data is used to train the SVM shading model.

(3) In the last step, local shading is predicted using the trained SVM
shade model, and the time series of solar positions over the pre-
diction period as input. For demonstration purposes, in this case a
grid of the zenith and azimuth of solar positions is classified as
shaded or unshaded with the previously trained SVM. Note, that the
classification was executed on a grid for azimuth [0–360] and ze-
nith [0–90], that contains solar positions that never occur in
Eindhoven. This is shown in Fig. 9c. The red and blue dots show the
clear sky training points and the colored areas show the classified
sky hemisphere. In Fig. 9d, the classified sky hemisphere is shown
with the colored dots indicating the calculated PI . Non-occurring
solar positions were removed from the graph.

5.2. Description of measurements used for validation

The case study shown above was used to compare the result of the
classification to on-site shade measurements. The Solometric SunEye
210 (Solmetric Corporation, 2011) shade tool was used to measure the
shading horizon of the environment of the site. The tool uses a fish-eye
camera to identify shaded areas on the sky hemisphere. The measure-
ment was conducted close to the middle of the PV array. Fig. 10a shows
the image of the device with the solar paths and obstructions indicated.
The shading data recorded with the SunEye 210 was used to prepare
Fig. 11a, which indicates the measured local shading on a sun chart.
Fig. 11b shows the result of the shade prediction with the method
presented in this paper. The shading caused by trees on the west side of
the site is correctly classified by the shade detection method as shaded.
On the east side of the sky hemisphere there is an area classified by the
algorithm as shaded, while it is measured as mostly unobstructed sky
area by the SunEye tool. Here it is important to note, that the individual
modules in the PV array perceive the shadow of a very close (within a

Fig. 7. Residual analysis of the calculated AC power for the training datasets
and all data points.

Fig. 8. Ideal and calculated PI, PR, measured and calculated power in three consecutive days in March and May of 2016 for a test site in Eindhoven. Sun paths for
17th of March and 8th of May are indicated on Fig. 9c.
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few meters) obstruction differently. A module closer to the nearby
obstruction sees it under a larger angle than a module that is several
meters away from it. Similarly, depending on the exact position of the
SunEye tool in the array when conducting shade measurements, objects
close to the PV array appear at very different locations on the fish-eye
image of the device.

On this site, there are two small chimneys on both sides of the solar
array within 0.5m to the nearest module, causing partial shading in the
morning hours. This effect is visible in the shade predictions, because it
causes a drop in the performance of the PV system, but would be only
visible in the shade measurement with the SunEye shade tool, if it was
conducted several times, at the location of each module (see Fig. 10b).
The shade detection method detected local shading from near objects,
causing a performance drop in the morning hours of the summer, which
is overlooked by a single-point shade measurement with the SunEye
tool. It also detected the shading from trees near the test site, which

shows a good match with the validation measurements conducted with
the SunEye tool.

6. Concluding remarks

In this paper, a new method is proposed to identify local shading of
PV sites, based on AC power and regional irradiance measurement. The
method consists of three steps: (1) Grey-box PV system model fitting;
(2) Training the SVM shading model; (3) Predicting local shading based
on the solar position. The method only relies on data that is commonly
available for most PV sites. AC power data is monitored in more and
more cases and detailed irradiance is freely available via the EUMET-
SAT/KNMI database across Europe. The process of detecting local
shading does not require human intervention, thus allowing to be used
on a large number of sites in an automated way. After a maximum of
one year of operation, the shade detection can be conducted to aid

Fig. 9. (a) PI for all solar positions, (b) Binarized training data points, (c) Sky hemisphere classified as shaded or unshaded marked with grey and yellow background,
and the binarized training data points with red-blue dot markers. Cyan and black dotted lines indicate the sun path on 8th of March and 17th of May respectively. (d)
Sky hemisphere classified as shaded or unshaded marked with grey and yellow background (only the valid area shown), and PI with colored dot markers. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 10. (a) Fish-eye image of the PV site used for validation, (b) Visualization of a scenario, when a prominent shadow of a close obstruction (chimney marked with
red) is not detected by a single-point shade measurement with a shade tool (marked with green). Single-point on-site measurements are not well-suited to detect the
shadows cast by obstructions close to the solar array. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of
this article.)
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efforts such as, forecasting the power generation and evaluating the
performance of the PV site. The method was validated with on-site
shade measurements.

6.1. Critical discussion of the method

In order to facilitate the successful application of the proposed
shade detection technique, we would like to draw the attention to the
following limitations and recommendations regarding the method:

(i) The uncertainty in the performance prediction increases, as the
generated power decreases. While a 200W difference between the
predicted and measured power in case of a typical residential
rooftop system of about 3 kWp causes the PI to drop to around
0.93 (still classified as unshaded) in a clear sky afternoon in June,
the same power difference can cause PI to drop to 0.67 in the early
morning. Fig. 12 shows that such time periods are likely to occur,
when the sun zenith or the angle of incidence of direct light is close
to 90°. This is due to the fact that some sources of error in the
prediction, such as error in the irradiance data due to the distance
between the location of the PV site and the irradiance measure-
ment, are not scaling with the generated power linearly. The

=PI 0.8 threshold to label a training point as shaded was de-
termined by trial and error taking these uncertainties into con-
sideration.

(ii) It is required, that during the training period of the shade detection
algorithm, the site operates with only brief downtime periods and
is well maintained. Circumstances that are not included in the
grey-box model of the PV site, such as lengthy site operation with a
faulty module decreasing the overall power output, should not
occur to ensure that the model is fitted to the normal operation of
the site.

(iii) It is recommended to obtain the tilt and orientation data of the site
with a 5° accuracy. Since the plane of array irradiance on the PV
site is calculated from the irradiance components measured at a
nearby meteorological station, substantial error in the tilt and or-
ientation data of the site causes an error in the calculated irra-
diance. The method is more sensitive to this when the direct light
incidence angle is close to 90° because incorrect assumptions of
whether there is direct light on the modules would cause large
differences between the simulated and measured AC power of the
PV site.

(iv) The coefficients (C and ) used for the SVM shade model determine
the quality of the generalization of the training observations to the
sky hemisphere. Their values ( =C 5; = 5) were determined by
qualitative evaluation of the classification results when experi-
menting with different combinations of C and for 15 PV sites
similar to the one presented in the paper. The optimal values for C
and are sensitive to the density of the training observations on
the sun chart, therefore re-evaluation of the optimal values of these
parameters might be necessary in case of using data with a time
resolution other than 15min.

(v) The method proposed in this paper requires a minimum 6,

maximum 12months training period, with the examined PV site in
operation. As an alternative method, LiDAR-based approaches
would be well-suited for predicting the shading conditions from
the installation date. Therefore, as also indicated by Lingfors et al.
(2018), there is high potential in the complementary application of
the two approaches. During the training period, while the pro-
posed method cannot, LiDAR-based methods can provide shading
information. In the prediction period, using the proposed method
to detect changes in the urban environment, and by identifying
obstructions that are small, but affecting the PV performance, such
as chimneys, wires and antennae, the confidence in the shade
predictions can be increased.

(vi) When the method is used for continuous monitoring of PV systems,
it is beneficial to repeat the first two steps of the method on a
yearly basis. This ensures, that the fitted parameters ( sh diff_ and cl)
in the grey-box model represent the current state of the installa-
tion, as cl accounts for slowly changing characteristics of the
system as well, such as soiling and degradation. In a one year
timeframe, we assume, that with adequate maintenance and ty-
pical degradation rates, such as 0.5%/year (Jordan et al., 2010) cl
can be modeled as a time-invariant. Moreover, changes in the
urban landscape, such as new buildings or cut trees can be ac-
counted for with the yearly repetition of the training process.

6.2. Future outlook

In the future, this method will be used to aid the performance
evaluation of a large number of sites in the Netherlands. By providing
reliable insight into the shading conditions of each individual site,
comparing the real-world performance of different PV technologies is
not biased by local shading. Furthermore conducting shade detection
on a large number of sites provides valuable statistical information on
the real-world shading conditions of PV applications in the urban en-
vironment.

Based on the investigation of the case study, the proposed method
has high potential in detecting roof-mounted obstructions, which are

Fig. 11. (a) Measured shading with the SunEye 210, (b) Predicted shading with the proposed method.

Fig. 12. Calculated clear sky plane of array (tilt: 32°; orientation: 241°) irra-
diance as a function of solar position in Eindhoven.
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small in size, but cast shadows causing significant losses. Nevertheless,
we have to note here that the shadow of the chimney discussed in
Section 5.2 is close to the edge of the classified part of the sky hemi-
sphere, where uncertainties are higher due to the low plane of array
irradiance. Further investigation on a site, with a more prominent,
small obstruction might be beneficial, to demonstrate such capabilities
of the method.
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