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Abstract: The paper presents the author’ original modification of the residual method in order to construct an
efficient tool for assessing the condition of photovoltaic cells, in particular – panels made of amorphous cells
which are characterized by significant random operation parameter changes. The solution constructed has been
verified through experiments, which show the usefulness of the proposed methodology as it allows to minimize the
risk of obtaining false diagnostic information in the process of assessing the condition of photovoltaic panels.
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1

Introduction

The problem of determining the reliability and condition of objects is a scientific matter
that is currently and nowadays popular [17, 33]. Examples of objects in the subject matter are
photovoltaic panels. In the usage of photovoltaic panels it is particularly important to
establish the temporal parameters of their equivalent circuit. Such parameters make it possible
to estimate the panel inefficiency and its changes in time. The operation conditions for
photovoltaic panels are random [19, 25, 35].
The article is a continuation of the author's considerations in [30], which concerned the
modeling of photovoltaic cells using measurement data .. Also presented in both works ([30],
and the present) proposals were partly used in the work of joint authorship [10] about the
influence of shading to operate PV installations.
In further considerations, the author used the residual method, which he verified for the
purposes of the presented issue. The residual method is popular in many fields of science. It is
used in research on animals and plants, eg. In the determination and confirmation of
metabolic compounds in animal tissues [5] and in determining the residues of various types of
substances include antibiotics in bovine milk [21], in liquid chromatography - tandem
spectrometry in the detection of dozens of antibiotic residues in milk and meat [13] as well as
validation and quality control processes and feed compositions [12]. In each of these
examples, the residues method was adapted by its appropriate modification, often consisting
in the extension of the base method or the introduction of new mathematical elements. Similar
examples can be found in many other fields of science, e.g. in urban modeling of features of
interesting phenomena on the example of Toronto [2], in analytical calculation of THD (Total
Harmonic Distortion) communication devices, e.g. transmitters or power amplifiers [3], in
risk estimation and assessment for the health of toxic metals and antibiotic residues in meat
served in hospitals in Egypt [8], in the study of decomposition, flow and heat exchange in
channels with flowing water using the Galerkin weighted residual method [1], in mathematics
in the assessment of the finite part algebraically and logarithmically divergent integrals at
infinity [7] or even for the assessment of noise in hyperspectral images [20]. The residual
method is therefore popular in many different thematic areas. This article proposes to use this
method in stochastic modeling of the state of PV cells.
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This makes it necessary to include the parameter randomness in the panel equivalent
models [4, 24, 34]. In the deterministic view, the most popular ideal equivalent model for
photovoltaic panels is the electric circuit presented on Figure 1.
If I0 [A] – stands for the diode field-free, q – for the elementary charge (1,6·10-19 C), kB –
Boltzmann constant (1,38·10-23 J/K), T [ºC] – temperature, the output current has the
following value [15, 16, 25]:

 
 
qU
 − 1
I = I ph − I D = I ph − I 0 exp
  k B (T + 273.15)  

(1)

Fig. 1. Ideal equivalent circuit for a photovoltaic cell model with three parameters [15, 16, 29]: R0 [Ω] – load
resistance, Iph [A] – current in the cell exposed to solar radiation, ID [A] – current in the diode with large surface
area, I [A] – load current, U [V] – voltage decrease in the R0 receiver

When the temperature T grows, the voltage in the open circuit of the photovoltaic cell
decreases, but the value of the short circuit current remains unchanged, which can be
observed in practice as the decrease of the cell power [11, 25].
The equation (1) for a photovoltaic cell with five parameters has the following form
[15, 16, 30, 31]:
  q(U + IRS )   U + IRS
I = I ph − I 0 exp 
 − 1 −
RW
  k B T
 

(2)

The corresponding equivalent circuit is presented on Figure 2.

Fig. 2. Equivalent circuit for a photovoltaic cell model with five parameters [15, 27]: IW [A] – shunt resistance
current

The series resistance RS includes the values of contact resistance of the base as well as other
cell layers. Shunt resistance Rw represents the current leak along the cell edge. While
designing photovoltaic cells, it is important to minimize the RS value and to achieve the
highest possible value of Rw.
After assuming RW=∞ and RS=0, the ideal three-parameter model is obtained.
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The operation of the equivalent circuit in random conditions can be illustrated by putting
random values of the parameters of a single photovoltaic cell where the resultant current and
voltage for the photovoltaic modules are respectively the sums of the current (for the parallel
circuit) and voltage (for the series circuit) values of individual cells.
Using the „constant randomization” method for equation (1) or (2), one can obtain the
probabilistic characteristics of the photovoltaic cell. For example, if the temperature changes
randomly, the relation obtained for equation (1) is

I = I ph − I D (t )

(3)

where:

I D (t ) = I D T (t )

(4)

and T(t) is a stochastic process.
Due to the “hidden” dependencies described and captured in the equations above, the
equations obtained are not very accurate. That is why, according to the author, a better model
of the photovoltaic cell inefficiency series is the model obtained through the rolling
comparison with the averaged model obtained by means of earlier measurements performed,
for example, for a non-defective module. One of the analysis methods is the proposed method
based on the definition of the processed residual.

2

Materials and Methods

2.1

Modification of the Residual Method

There are many residual definitions, including those of pseudo-residual. In the simplest
residual assessment method, the result of measurements designated as y is compared with the
signal ŷ generated by the model, generating the residual r (ordinary residuals) [31]:

r = yˆ − y

(5)

In the ideal case when the object operates correctly, the residual value should be zero, and it
should be different from zero as soon as a failure or inefficiency appears (Figure 3).

Fig. 3. Ideal scheme for the residual assessment method [23]: x(t) – enforcements in a given moment in time

Residual values different from zero can also be observed in practice when the following occur
[28]:
- model inaccuracies (showing linearity, for example in the sectional function of the output
signal),
- interferences in the actual random measurement values.
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As a result of those, it becomes necessary to establish a certain area of model uncertainty for
residual values round 0 [18].
A more objective mapping of the current residual value onto the state of the non-linear object
under examination can be obtained through the conversion of the residual absolute value to
the relative value δr [%]:

r =

yˆ − y
 100
yˆ

(6)

or more accurately:

rm =

yˆ − y
 100
yˆ

(7)

Relative residual values guarantee a more accurate assessment of the current state, both in
terms of quality and in terms of quantity. What is more, it can be assumed that residuals are
variables randomly subject to the Gauss normal distribution P(X) [24, 26]. This is confirmed
by the curve obtained from measurements and calculations (Figure 4), determined on the
basis of experimental data from the cell load range of 0-200 Ω and its final model. The
modeling error is here represented as the displacement of the bell curve peak to the left of the
ideal value δr=0.

Fig. 4. Gauss curve for relative residual distribution δr during modeling [31]

That is why a modification of the residual method through the introduction of the dynamic
determination of alarm limits by appropriate transformation of the measured values has been
proposed. Temporal values are transformed into discrete values, residual signals δrj (j –
measurement number) are transformed by means of the following equation [9]:
2

 r j  
 

−
 
R j = 1 − e  z    r j







(8)

where: Rj – residual value after the modification, σz – standard deviation estimate for
historical data describing correct object operation from the δrj values, whose absolute value
(7) was higher than the standard deviation estimate σw calculated for all the δrj data.

2.2

Assessing Photovoltaic Cell Wear / Defects
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Residual values greater than zero after the modification can indicate a defect in the object
under examination, but they can also signal something else.
In the next stage, the processed Rj residuals are subject to averaging through the determination
of moving average values gj with the dynamically calculated time horizon Nj for every
discrete time instant j:
j

 Ri

gj =

i= j −N j

(9)

Nj

After empirical verification, a 2-stage range of the Nj horizon regulation was assumed. The
default Nj value is 5, but when the condition (10) is satisfied, the value is 10. Condition (10)
means that if the value for a single relative residual δr (6) is higher than the standard
deviation value σw determined for all the relative residuals given during normal operation
(during modeling) then the time horizon in step j is 10; otherwise it is 5.
(10)
The decisive component (10) effectively limits the consequences of temporary changes in
residual values caused by random factors, which has been empirically confirmed.
It is assumed that the limit lj is proportional to the model inaccuracy in a given discrete time
instance j:

l j =  hj − R j

(11)

h
where: j - standard deviation estimate in the given time horizon Nj for the original
residuals δrj.

Finally, the defect, wear, or other inefficiency detection condition can be obtained:
Rj > lj

(12)

where: Rj – estimate of the residual standard deviation that can be caused, for example, by a
defect of the monitored object, lj – estimate of the standard deviation for residuals caused by
model inaccuracy.
Satisfying the condition (12) does not constitute the full diagnosis of the damage of the
examined panel. It is, however, a premise for further assessment verification in order to
determine the seriousness of the inefficiency.
It is suggested to perform a verification of the initial assessment through establishing whether
the value fits within the power range assumed for the panel operation.
According to the different works already published on the subject [6, 9, 15, 22], the approach
is to use panels mostly in the generated power range (Pmax-10%·
Pmax÷Pmax), and more rarely in
(Pmax-20%·
Pmax÷Pmax). What is more, it appears that during the panel operation in the range of
high declining steepness of the I=f(U) characteristics below (Pmax-10%·
Pmax÷Pmax) even a
small change in the load and in the random environmental conditions (e.g. temporary shading)
can generate false high value residuals. That is why the final assessment of the panel
inefficiency state should be confirmed after it is verified in the broader range of power
fluctuations (Pmax-10%·
Pmax÷Pmax). Whether a given measurement series falls into that range is
determined by checking whether the condition is satisfied after being calculated with the use
of the mathematical model of the P power sample for the range specified above, which is also
determined with the use of the model.
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The modifications introduced „smoothen” the photovoltaic cell condition assessment. Thus,
they can help prevent temporary false alarms. Unfortunately, they also introduce an additional
time delay in the process of detecting the wear or defect state. Considering, however, long
exploitation periods for photovoltaic panels when they reach 90% of the rated power specified
by the manufacturer, delaying diagnostic decisions should not lead to the increase of
economical losses.
In the course of the research, it turned out that the inefficiency (wear) state of a photovoltaic
panel S% is directly proportional to the percentage average of the relative residual value:

(

rsr

 20%  rsr

)

n =10

 (N j = const.)n=10  R j  l j ⎯YES
⎯→
⎯ S % = (rsr )n=10 (13)

where: n=10 means satisfaction of all the conditions and performing calculations in the 10 last
discrete steps.
On the basis of empirical dependencies (on the basis of histograms), it is assumed that the
average relative residual value is calculated from the n=10 last steps providing that the time
horizon Nj does not change in those consecutive steps. What is more, the average value δrsr

(14) obtained must be characterized with the standard deviation rsr that is not higher than
20% of the average value module and condition (12) must be satisfied for the given set of
samples measured [32].
j

rsr =

r

i = j − n+1

(14)

n

Satisfying the detection condition (13) makes it possible to minimize the influence of
individual serious errors resulting from local inaccuracies of the model or from random faults
in the measurement samples. The value of the S% parameter that is greater than zero can
indicate that the cell is wearing out. The value of the parameter that is smaller than zero can
be caused by inaccuracies in the measurements or in the model itself.

3
3.1

Results and Discussion
Verification of the inefficiency detection method

The detection method described above has been verified empirically on random
measurement samples in real panel operation conditions. Parameters y (real value) and ŷ
(model value) in equation (6) have been substituted with analogous current values of I and Î.
Figure 5 shows the influence of shading random areas of the panel working surface on the
current-voltage characteristics of its operation in the load range from 0 to 200 Ω.
Differences between the model curves (red and dark blue) result mainly from small
differences in the temperature during the two measurement series. The measurements done
with 60% shading of the panel working surface were performed when the temperature was
about 2ºC higher, although the lighting conditions were very similar and amounted to about
200-240 W/m2.
Some interferences were modeled with the use of blinds. Shading a part of the panel surface
simulates a failure of the part of the cell which can be caused by different external factors as
well as wear [34]. Repeating the measurements multiple times for randomly selected panel
areas has shown that the placement of the blind on a correctly working photovoltaic panel
does not play any role in the results obtained.
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Fig. 5. Sample I=f(U) characteristics of a photovoltaic panel, curves: red, dark blue – model values for a fully
operational panel, orange – real values with the blind covering 30% of the panel surface, light blue – real values
with the blind covering 60% of the panel surface [31]

For the case presented on Figure 5, the following measurement results were obtained:
- average malfunction S% levels calculated for samples from the whole power fluctuation
range P, without satisfying the condition (13) in their selection, the results obtained
amounted to respectively: 2,716% with no blind, 34,897% with the 30% blind and 62,806
with the 60% blind,
- analogously to the above, the average values obtained when the condition (13) was
satisfied were as follows: 0% with no blind, 32,627% with the 30% blind and 57,497%
with the 60% blind.
The results obtained confirm the usefulness of the condition (13) in more precise
determination of the malfunction state as using this criterion reduces the scatter band for the
malfunction state around the expected values.
Table 1 shows analogous values of the malfunction state S% obtained for other levels of the
radiation power density Dr.
Table 1
Sample malfunction state values S% for different irradiance values Dr for the full range of power variations

Dr [W/m2]

120-150

200-210

370-400

490-560

Condition (13)
satisfied

S% [%]
No blind

30% blind

60% blind

NO

-0,432

31,328

58,291

YES

0

30,872

54,794

NO

2,036

41,351

68,012

YES

0

37,831

63,810

NO

13,605

56,021

71,470

YES

2,790

42,364

65,871

NO

18,302

56,017

76,713

YES

7,740

45,350

70,180
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Table 2
Sample values of the malfunction state S% for different irradiance values Dr for (Pmax-10%·
Pmax÷Pmax)

Dr [W/m2]

Condition (13)
satisfied

S% [%]
No blind

30% blind

60% blind

NO

2,098

32,163

60,443

YES

0

28,382

58,909

NO

0,652

40,005

70,706

YES

0

33,504

65,836

NO

1,799

33,382

65,304

YES

0

29,467

61,084

NO

1,528

43,787

70,008

YES

0

34,124

62,318

NO

0,558

42,911

74,291

YES

0

35,126

70,922

120-150

200-210

200-240

370-400

490-560

The analysis of the results, such as those presented in Table 1, made it possible to achieve a
considerable improvement of the malfunction state assessment considering the detection
condition (13). It was also discovered that the malfunction state values decrease in the
direction of the actual percentage value of the blind used. The results presented above pertain
to the whole range of variations for the examined characteristics and table 2 shows analogous
results for the power range of Pmax-10%·
Pmax÷Pmax.
The sample data sets presented in Table 2 show that for the power range of (Pmax10%·
Pmax÷Pmax) the errors in malfunction state assessment have decreased in number and that
they amount to zero for panel operation without blinds considering the detection condition
(13).

4 Conclusions
The argumentation and verification results presented above (as shown in Tables 1 and 2)
confirm the usefulness of the method of malfunction state assessment developed by the
author. It is particularly important while assessing the condition (malfunction state) of
amorphous panels which are characterized by the highest random changes of operation
parameters. That is why the method has been developed and confirmed by means of tests with
the usage of the Shell ST20 amorphous panel. What is more, the method usefulness has been
confirmed particularly during the verification of the mathematical model obtained. The
methodology of the procedure can be successfully used for various applications of
photovoltaic cells, including off-grid systems cooperating with energy storage.
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