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a b s t r a c t

This paper proposes an improved statistical failure detection technique for enhanced monitoring capa-
bilities of PV systems. The proposed technique offers reduced false alarm and missed detection rates
compared to the generalized likelihood ratio test (GLRT) by taking into consideration the nature variance
of the GLRT statistics and applying a multiscale representation. The multiscale nature of the data pro-
vides better robustness to noises and better monitoring quality. The effectiveness of the proposed
multiscale weighted GLRT (MS-WGLRT) method in detecting failures is evaluated using a set of synthetic
and simulated PV data where the developed chart is used for detecting single and multiple failures (e.g.,
Bypass, Mix and Shading failures). Moreover, a set of real-data was used in order to prove the effec-
tiveness of the proposed technique in detecting partial shading faults. All results show that the MS-
WGLRT method offers better fault detection performances compared to the classical WGLRT and con-
ventional GLRT charts.

© 2018 Elsevier Ltd. All rights reserved.

1. Introduction

The deployment of PV systems has been notably increasing from
less than 9 GW of connected capability in 2007 to more than
290 GW in 2016 [1]. The produced PV power depends on various
factors such as the nominal characteristics of the components,
power conditioning unit, weather conditions, and failures that may
occur during the operation leading to a loss of power in the PV
plant. Some losses are related to the PV array (module parameters
mismatch, partial shading, bypass diode fault, aging, etc.), while
others losses could be caused by inverter and/or grid failures.

In the last decade, many failure detection techniques have been
proposed for PV systems. Two main categories could be identified:

Multivariate and Univariate statistical approaches. Multivariate
techniques, such as partial least squares (PLS) and principal
component analysis (PCA) [2e5], have been widely applied for in-
dustrial monitoring, where PCA is considered as the standard fail-
ure detection method due to its simplicity [2] and effectiveness.
Univariate methods, mainly Shewhart chart [6], exponentially
weighted moving average chart (EWMA) chart [7], cumulative sum
(CUSUM) chart [8], and generalized likelihood ratio test (GLRT)
chart [9], have been also used to improve the failure detection ca-
pabilities. In Refs. [9e13], PCA-based GLRT, PLS-based GLRT, kernel
PCA-based GLRT, kernel PLS-based GLRT techniques have been
applied for failure detection in different applications. In Ref. [14], a
failure diagnosis strategy is realized using parameter based PV
model obtained by combining energy balance equation and elec-
trical model. In Ref. [15], authors used an EWMA chart for moni-
toring PV systems based on the residuals obtained from the one-
diode model. [16] proposed an automatic technique for detecting
PV failures. Additionally, in Ref. [17], artificial Neural Networks
(ANN) were adopted for failure detection and isolation of eight
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different type of failures. The wavelet transformwas also proposed
using standard deviations of the wavelet coefficient of the grid
voltage for failure detection [18]. A quantum probability model
theory based series arc-failure detection algorithm was investi-
gated in Ref. [19]. The proposed technique allows the arc-failure
detection without any requirement of recorded information. In
Ref. [20], the authors proposed a new detection technique based on
EWMA chart and multiscale wavelet representation. The failure
detection scheme developed in Ref. [21] is based on a pattern
recognition strategy that uses a multi-resolution signal decompo-
sition approach to extract the important features. A recent
comprehensive review on numerous monitoring and failures
detection methods for PV systems can be found in Ref. [22]. The
review provides an up-to-date knowledge with identifying the
major challenges in selecting the most effective technique for small
and medium scale PV systems. In Refs. [9e12,23,24], the authors
have proved that the classical GLRT chart based equal variances
presents a better detection efficiency against the EWMA and She-
whart statistics, which is due to the ability of the GLRT to minimize
the false alarm rate.

However, the detection capability of the classical GLRT chart
decreases noticeably when the residual variances are considerably
different. Thus, weighted GLRT could be considered as a good
alternative to effectively detect faults taking into account the var-
iances mismatch between the evaluated residuals. However, the
effectiveness of any failure detection strategy relies on the quality
of the available data. Practical measurements are usually degraded
with noise that affects the relevant changes in the data and reduces
the effectiveness of the applied monitoring technique. The multi-
scale decomposition is an efficient data analysis tool that is suc-
cessfully used in filtering, modeling, state estimation, failure
detection, etc. In this paper, a multiscale WGLRT (MS-WGLRT) is
proposed to improve the effectiveness of the classical GLRT chart.
The effectiveness of the proposed strategy is compared to the
classical technique in terms of missed detection rate (MDR) and
false alarm rate (FAR). The monitoring capability is assessed using
two sets of data (synthetic and simulated PV data). When the
simulated PV data are used, the developed chart is aimed to detect
single and multiple failures (e.g., Bypass, Mix and Shading failures)
through monitoring the key variables (power, current and voltage).

The rest of the paper is organized as follows: In Section 2, the
developed MS-WGLRT based failure detection technique is pre-
sented. Then, Section 3 details the failure detection performance
using the MS-WGLRT chart. Finally, Section 4 concludes the paper.

2. Multiscale weighted generalized likelihood ratio test chart

Let xðkÞ2ℛm denote a sample measurement of a vector of m
sensors at time k. Assuming that there are N samples for each

sensor, a data matrix X ¼ ½xð1Þ xð2Þ … xðNÞ�T2ℛN�m is composed

with each row representing a sample xðkÞT . In this work, principal
component analysis (PCA) will be applied to evaluate the residual
for failure detection purposes [25e27]. PCA can be performed
through the eigenvalue decomposition of the covariance matrix of
X. First standardize matrix X to zero mean and unit variance, then
perform the eigenvalue decomposition of the covariance matrix,

S ¼ PLPT (1)

where S is the covariance matrix of X, L ¼ diagðl1; l2;…; lmÞ is the
diagonal eigenvalue matrix (l1 � l2 � … � lm are the eigen-
values), P ¼ ðp1; p2;…; pmÞ is the eigenvector matrix (pi, i ¼ 1;2;…;

m, represent the normalized and mutually orthogonal eigenvectors
associated to the eigenvalues). Eigenvalues, eigenvectors and

principal components matrices can be partitioned as:

L ¼
� bL[ 0

0 ~Lm�[

�
(2)

P ¼ ½ P[ Pm�[ �; T ¼ ½ T[ Tm�[ � (3)

where [ represents the number of retained principal components to
be kept in the PCA model. Then the matrix X is transformed into
independent variables T through:

T ¼ XP (4)

where T ¼ ½tð1Þ;…; tðNÞ� contains the principals components,
which are orthogonal to each other.

By taking into account only the first [ highest eigenvalues and
their corresponding eigenvectors, the matrix X is decomposed as:

X ¼ T[P[ þ E (5)

where T[ ¼ XP[ and E is the residual matrix.
A sample vector xðkÞ2ℛm can be projected on the principal and

residual sub-spaces, respectively,

bxðkÞ ¼ P[t[ðkÞ
¼ C[xðkÞ (6)

where bxðkÞ is the estimation vector of xðkÞ, C[ ¼ P[PT[ and,

t[ðkÞ ¼ PT[ xðkÞ 2ℛ[ (7)

is the vector of the scores of [ latent variables. The residual vector e
is given by:

eðkÞ ¼ xðkÞ � bxðkÞ
¼ ðI � C[ÞxðkÞ (8)

The computed PCA residual e will be used for detection pur-
poses, which is performed using multiscale weighted Generalized
likelihood ratio test (MS-WGLRT).

Let Y2ℛm be an observation vector following a Gaussian dis-
tribution N ð0; s2ImÞ or N ðqs0;s2ImÞ, where q is the mean vector
and s2 >0 is the known variance. The hypothesis testing problem
can be formulated as follows,

(
H 0 ¼

n
Y � N

�
0; s2Im

�o
; ðnull hypothesisÞ;

H 1 ¼
n
Y � N

�
q; s2Im

�o
; ðalternative hypothesisÞ:

(9)

The likelihood estimate of q (this parameter can represent the
value of the failure in study) is computed by maximizing the GLRT;
TðYÞ as follows,

TðYÞ ¼ 2 log
sup

q2ℛm
fqðYÞ

fq¼0ðYÞ

¼ 2 log

 
sup
q
exp

 
� Y � q22

2s2

!,
exp

 
� jjY jj22

2s2

!!

¼ 1

s2

�
min
q

jjY � qjj22 þ jjYjj22
�

¼ 1

s2

�
Y � bq22 þ Y2

2

�
¼ 1

s2
jjY jj22

(10)

where bq ¼ argmin
q

jjY � qjj22 ¼ Y is the maximum likelihood
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