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In this paper, an arti…cial neural network based-model (ANNBM) is introduced for partial shading detection losses in photovoltaic (PV) panel.
A Multilayer Perceptron (MLP) is used to estimate the electrical outputs (current and voltage) of the photovoltaic module using the external
meteorological data : solar irradiation G (W/m2) and the module temperature T (µrC). Firstly, a database of the BP150SX photovoltaic module
operating without any defect has been used to train the considered MLP.
Subsequently, in the …rst case of this study, the developed model is used
to estimate the output current and voltage of the PV module considering
the partial shading e¤ect. Results con…rm the good ability of the ANNBM
to detect the partial shading e¤ect in the photovoltaic module with logical accuracy. The proposed strategy could also be used for the online
monitoring and supervision of PV modules.
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1. Introduction
Monitoring systems play a very important role in the …eld of photovoltaic solar energy,
due to the number of failures and losses that can happen during the operation of a given
PV installation (panel/array) such as : bad contact between the photovoltaic modules,
panels or cells [1-4], partial shading on the PV panel/array [2, 5-10], corrosion, as well
as PV cells aging [6]. An application monitoring system alerts the operator when the PV
generator performance thresholds are crossed. Various monitoring solutions have been
proposed to enhance the PV systems performances, and to reduce the time, the cost of
faults diagnosis and maintenance operations [11].
In [1] authors have proposed a method based on the inspection of the series resistance
of photovoltaic panel/array using the measurement of the I-V characteristics of the PV
panel/array, which is compared with the series resistance given by the manufacturer in
the data sheet, the aim of this method is the detection of loose connections between
Email : mekkihamza@yahoo.fr
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the PV modules and/or cells. This method is based on a complex measurement for the
determination of the series resistance ; it is not accurate in the case of large PV installations
due to the very small value of the series resistance of the PV panel/array.
Another method based on the estimation of the PV module’s temperature has been
proposed in [1]. The aim of this method is to detect any abnormal increasing in the
temperature of the PV module/array. This method requires a complex mathematical
relationship, which needs a large calculation time, and it is not accurate in the hot regions,
where it cannot easily distinguish between the normal and the abnormal increasing of the
temperature.
In [5], the authors proposed an expert system for the PV systems monitoring and diagnosis, this method investigates the database of the site where PV systems are installed ;
it detects the loss in the energy generated by the PV systems, caused by failures in the
DC-DC and DC-AC converters. It is based on the comparison of the actual output of
any PV system component, and the stored database in their normal operating state. This
method is always related to the database of the site where PV system is installed, which
must be updated every month, and it requires the use of a computer and cannot be used
in a real time. So, the expert system cannot distinguish between a normal and abnormal
power decreasing in the case of natural shading (for example : passage of clouds,. . . ).
Numerous other methods exploit a satellite data and services for the monitoring and
failure detection in the PV systems [11,12]. In [13], the authors implemented a wireless
remote monitoring and control system of a solar photovoltaic distributed generator for
micro grid applications. [14] presents a prediction approach in monitoring of PV power
systems, This proposed approach is based on the calculation of the residual di¤erence
between the model predicted and the actual measured power parameters .
In this paper, a novel approach based on the neural network is introduced to detect
faults in a PV module, especially in the case of partial shading problem. The developed monitoring system enables the early fault detection to be identi…ed. The designed
approach could be used for a single PV panel as well as for a large PV installation. In
addition, it is also easy to be implemented in a …eld programmable gate array (FPGA)
platform [15,16] for the following tasks :
Real time monitoring of PV systems : in this case, the model will be installed at the
same site of the PV system, and through a Radio Frequency link, the estimated output
power can be transmitted to the control room. In this way the system can generate alarm
for operators when it detects an important error between the produced energy of the PV
system (measured energy), and the estimated energy.
Maintenance of PV systems : in which case the model achieved can be implemented
on a special electronic instrument for the maintenance of PV systems. It can be used by
operators when intervention for maintenance of PV systems.
In this study, we applied this new intelligent approach to monitor the partial shading on
the BP150SX solar panel. Monitoring results are presented and given versus the number
of shaded cells in the PV panel.

2

H. MEKKI et al./ MJMS 03 (2015) 001-009

2. Presentation of the proposed monitoring approach
In this section, the new monitoring approach is presented ; the block diagram of the
developed system is shown in Figure 1. As can be seen, the developed monitoring system
enables early system faults to be detected via the calculation and the analysis of the
residual error in the power generation between the predicted PV performances (ANNBM
predictor) and the measured PV performances. The ANNBM must be located at the same
conditions with the PV module.

Fig. 1. PV generator monitoring using arti…cial neural network.
2.1. Network architecture
The proposed method is based on the utilization of an MLP. As shown in the Figure 2
, the network architecture is a three layers, it consist of an input layer, one hidden layer,
and one output layer. In this application, the MLP is used as a PV panel modulator
[16], it predicts the performances of the photovoltaic module/panel (IPV and VPV). For
this, external meteorological data are used as inputs : solar irradiation G(W=m2 ), and
temperature T ( C).

Fig. 2. Multilayer perceptron neural network.
2.2. Network training and validation
The MLP network was trained using a large experimental database of the BP150SX
PV module under normal operating state and variables externals conditions. As shown in
Figure 3 ; the used database has two inputs namely : G and T , and two targets represented
by Ipv and Vpv .
The MLP was trained using MATLAB’s Resilient back propagation training algorithm
(RPROP), input and target vectors were linearly scaled between -1 and +1 to simplify
training process . The best structure of the MLP that gave best performances is presented
in Table 1. The training performance is achieved after 10000 iterations using the mean
3
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square error (MSE) as training criteria. The network has been evaluated using a separate
database collected during a period of 10 days with 60 data per day (data was recorded
during the operation of the PV generator every 15 minutes). In Figure 4, we show the
validation results using data collected during one day of operation. From Figure 4, it is
clear that the trained MLP can easily follow the targets and generalize well, it predict
correctly the output performances of the PV panel (current and voltage) under variables
external meteorological data (G and T ). So, we can conclude that the proposed MLP is
well designed and trained.

Fig. 3. Training data base.
Table 1. Selected architecture of the neural network.
Number of the hidden layers 02
Number of neurons
22 , [10-10- 2]
Training algorithm
RPROP
Performance (MSE)
0.00139
at 10000 Iterations

Fig. 4. Training and validation results.
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2.3. Partial shading monitoring
In this study, the MLP designed is used to predict and estimate the PV output power
in the presence of partial shading of the PV panel (BP150SX). The main goal of this
proposed system is to warn the operator if any losses caused by partial shading occur,
various tests are considered under a …x resistive load (R = 20 ), and variable number of
shaded cells (the number of shaded cells is varied between 05 and 50, see Figure 5). The
direct irradiation G of a shaded cell is considered as 0W=m2 .

Fig. 5. Application of the partial shading on the BP150SX PV panel.
In the …rst step of the proposed monitoring approach, the ANNBM estimate the electrical output performances of the PV panel under variable conditions. In the second step,
the system of monitoring evaluates the error between the measured output named yi ,
and the estimated output named Yi .
Two errors are considered for the evaluation, the …rst is the simple error (absolute value
of the simple error), as given in the Equation (1).
Ei = jyi

yi j

(1)

Where, E is the error between the measured and the estimated PV panel output.
yi is the measured output of the PV panel, Yi is the estimated output of PV panel.
The second is the accumulated error (error accumulated during 1 day for example), the
mean of squared errors MSE is considered in our study, and is given by the mathematical
relationship (2) as follow :

M SE (n) =

Pi=n
i=1

(yi
n

yi )2

(2)

Where, n is the number of data samples.
The proposed system warns the operator when the error (Ei ) or (MSE) exceeds a certain
value of threshold (the threshold is …xed by the operator).
In the case of the output current monitoring, the MSE is computed as follows :

M SEIpv (n) =

Pi=n
i=1

Ipv:i
n

Ipv:i

2

(3)
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where Ipv is the measured current of the PV panel. Ipv is the estimated output current
of the PV panel.
n is the number of data (n = 60 for the case of our study).
In the case of voltage monitoring, the MSE is computed as follows :

M SEVpv (n) =

Pi=n
i=1

Vpv:i Vpv :i
n

2

(4)

where Vpv is the measured output voltage of the PV panel. Vpv is the estimated output
voltage of the PV panel.
This new strategy of monitoring is applied on the BP150SX PV panel, the main characteristics of this panel are cited in the Table 2.
Table 2. Electrical characteristics of the BP150SX
Maximum power (Pmax)
Voltage at Pmax (Vmp)
Current at Pmax (Imp)
Short-circuit current (Isc)
Open-circuit voltage (Voc)
Number of series cells Ns

150W
34.5V
4.35A
4.75A
43.5V
72

3. Results analysis and discussion
In this section, we present the results of the proposed approach of monitoring using the
experimental data.
Table 3 present the results of the shading monitoring using the proposed new approach,
during 02 days ;
3.1. First day results :
In the case of PV current monitoring, the value of the MSE value is 0.0071 A2 if only
05 cells are shaded and increases to 1.04 A2 when 50 cells are shaded.
In the case of the PV voltage monitoring, the MSE vary between 4.55V2 when only 05
cells are shaded (Figure 6-b) and 501.74V2 when 50 cells are under shade (Figures 7-b).
3.2. Second day results :
In the case of PV current monitoring, the MSE has the value of 0.0066 A2 when 05
cells only are shaded, and increases to 0.9419 A2 when 50 cells are shaded in the case of
current output.
In the case of the voltage monitoring, the MSE vary between 3.43 V2 when only 05
cells are shaded and 458.74V2 when 50 cells were shaded.
From the presented results, we can con…rm that the value of the MSE increases when
the number of the shaded PV cells increase.
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Table 3. PV panel monitoring results.
1st Day
2nd day
Number of MSE(Ipv ) MSE(Vpv ) MSE(Ipv ) MSE(Vpv )
shaded cells
(A2)
(V2)
(A2)
(V2)
05
0.0071
4.5538
0.0066
3.4375
08
0.0224
11.6810
0.0177
9.4067
10
0.0368
18.3047
0.0292
15.0639
15
0.0862
41.6926
0.0701
35.5704
18
0.1258
60.5937
0.1054
52.1684
25
0.2337
118.7836
0.2118
104.3087
30
0.3570
173.0143
0.3161
153.2597
40
0.6309
314.3900
0.5710
283.3562
50
1.0433
501.7445
0.9419
458.0874
Figures 6, and 7 shows the same results, we can clearly see the remarkable variation of
the error (MSE) between the two presented cases ;
Figures (6-a and 6-b) shows respectively the variations of the error MSE between the
measured and the estimated current (Ipv ) and voltage (Vpv ) during 1 day, the case of 05
shaded cells is token.
Figures (7-a and 7-b) shows respectively the variations of the error MSE between the
measured and the estimated current (Ipv ) and voltage (Vpv ) during 1 day, the case of 50
shaded cells is presented.

Fig. 6. PV panel performances with 05 PV cells under shading.

Fig. 7. PV panel performances with 50 PV cells under shading.
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From all this results, we can easily conclude that the proposed monitoring system can
e¤ectively detects any power losses caused by the partial shading.
4. Conclusion
In this paper, a new intelligent method for fault detection in PV module is introduced.
The case of partial shading e¤ect is studied. The main advantage of the developed ANNBM
is that doesn’t require a complex system for the estimation of the photovoltaic module
output power, neither a mathematical model, it can also detect any power decreasing
carried out by a large types of failures that can be happened in the PV panel. This new
strategy can be easily implemented in a numeric calculator using FPGA, and could also
be integrated as a function for PV applications in a numeric instrument that will be our
subject in the future works.
REFERENCES
[1] D. Sera, P. Rodriguez, Photovoltaic Module Diagnostics by Series Resistance Monitoring and Temperature and Rated Power Estimation. IEEE, 978-1-4244-1766-7, pp.
2195-2199, 2008.
[2] N. Okada, S. Yamanaka, H. Kawamura, H. Ohno, H. Kawamura, Diagnostic method
of performance of a PV modulewith estimated power output in considering four loss
factors. IEEE, 0-7803-8707-4, pp. 1643-1646, 2009.
[3] T. Takashima, J. Yamaguchi, K. Otani, T. Oozeki, K.Kato, M. Ishida, Experimental
studies of fault location in pv module strings. Solar Energy Materials& Solar Cells
93(6) , pp.1079-1082, 2009.
[4] W. R. Anis, N. M. Abdulsadek, Energy losses photovoltaic systems, Journal of Power
Sources, 51(3), pp. 367-374, 1994.
[5] Y. Yasuhiro, K. Hitoshi, H. Ryuzou, T. Toshiya, K. Shinichi, I. Takeo, W.Masahiro, T.
Makoto, K. Seiichi, Diagnostic technology and expert system for photovoltaic systems
using the learning method, Solar Energy Materials & Solar cells, 75(3-4), pp. 655-663,
2003.
[6] N. D. Kaushika, K. R. Anil, An investigation of mismatch losses in solar photovoltaic
cell networks, Energy, 32(5), pp. 755-759, 2007.
[7] H. Patel, V. Agarwal, Matlab-based Modeling to study the E¤ects of Partial Shading
on Pv Array Characteristics, IEEE Transactions on Energy conversion, 23(1), pp.
302-310, 2008.
[8] D. SERA, B. YAHIA. On the Impact of Partial Shading on PV Output Power, wseas
2nd SEAS/IASME International Conference on RENEWABLE ENERGY SOURCES
(RES’08) Corfu, Greece, October 26-28, 2008.
[9] R. Ramaprabha, D. B. L. Mathur, Impact of Partial shading on solar PV module
containing series connected cells, International journal of recent trends in Engineering
ACEEE, 2(7), pp. 56-60, 2009.
[10] D. Radianto, D. A. Asfani, T. Hiyama, S. Faruddin, Partial shading detection and
MPPT Controller for Total Cross Tied Photovoltaic using ANFIS, ACEE International Journal on electrical and power Engineering, 03(2), 2012.
[11] A. Drews,A. C. D Keizer, H. G. Beyer, E. Lorenz, J. Betcke, W. G. J .H .M. Van Sark,
8

H. MEKKI et al./ MJMS 03 (2015) 001-009

W. Heydenreich, E. Wiemken, S. Stettler, P. Toggweiler, S. Bo…nger, M. Schneider, G.
Heilscher, D. Heinemann, Monitoring and remote failure detection of grid-connected
PV systems based on satellite observations, Solar Energy, 81(4), pp. 548-564, 2007.
[12] S. Krauter, T. Depping, Monitoring of remote PV-systems via satellite, Photovoltaic
Energy Conversion, 4-9901816-0-3, pp . 2202–2205, 2003.
[13] L. M. E. Andreoni, M. F. J. Galdeano, M. G. Molina, Implementation of Wireless
Remote Monitoring and Control of Solar Photovoltaic (PV) System, Transmission
and Distribution : Latin America Conference and Exposition (T&D-LA), 2012 Sixth
IEEE/PES, 978-1-4673-2672-8, pp. 1-6, 2012.
[14] E. M. Natsheh, E. J. Blackhurs, A. Albarbar, Pv system monitoring and performance
of a grid connected pv power station located in manchester-uk, Renewable Power Generation, pp. 1-6, 2011.
[15] H. Mekki, A. Mellit, H. Salhi, K. Belhout, FPGA Implementation of Multilayer Perceptron for Modeling of Photovoltaic panel, AIP Conference Proceedings, 1019, pp.
211-215, 2008.
[16] H. Mekki, A. Mellit, S. A Kalogirou, A. Messai, G. Furlan, FPGA-based implementation of a real time photovoltaic module simulator, Wiley : Progress in Photovoltaics :
Research and Applications, 18(2), pp. 115–127, 2010.

9

