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ABSTRACT

This paper introduces and explains a simulation-assisted approach for determining and ranking the most
influential causes of variations in experimentally obtained solar cell efficiencies, using the example of an
industrially feasible multicrystalline silicon (mc-Si) passivated emitter and rear cell (PERC) process. With
the objectives of being independent of material variations and of analysing process-related impacts only, 51
neighbouring high-performance mc-Si wafers are distributed in an experiment in which more than 800 mc-Si
PERC cells in total are processed, and this sub-group is comprehensively characterized. The elevated data serve
as input for modelling the resulting distribution of cell efficiencies on the basis of numerical 3D simulations,
metamodelling and Monte Carlo runs. In order to understand the most detrimental impacts responsible for
a widening of this distribution, a variance-based sensitivity analysis is conducted, where the parameters are
ranked according to their impact on the total variance of cell efficiencies. In this case, it is possible to explain
over 80% of the measured total variance; moreover, the rear-side passivation and a wrap-around during the
emitter etch-back process can be identified as responsible for 80% of the variance. The approach presented is
especially helpful for ramping up PERC production; however, since it is basically transferable to any solar cell
concept, it can also be applied to optimize established production lines.

Introduction

As of 2014, according to the ITRPV
Roadmap [1], almost 90% of the solar
cells produced are still based on the
conventional concept, namely the solar
cell with an aluminium back-surface
field (Al-BSF) on the entire rear side.
Partly because of the introduction of
the so-called high-performance multi
(HPM) wafers, which allow much higher
bulk lifetimes than conventional mc-Si
wafers, more and more cell producers
are currently switching their production
lines to implement the passivated
emitter and rear cell (PERC) concept
[2], with dielectric passivation layers
and local contacting geometries on the
rear side. Although this, in principle,
permits higher cell efficiencies because
of less recombination on the rear side
and better light-trapping properties,
there are several challenges during the
ramping-up phase that have to be dealt
with. In this phase, not only the absolute
levels of cell efficiencies, which can be
analysed, for instance via a loss analysis
[3], but also variations thereof have
to be considered. An understanding
of the causes can reveal the critical
processes and parameters that need
to be measured more accurately and
better tuned, thus leading to an overall
improvement in the quality and yield of a
production line.

Several works have been published on
this topic and will be briefly mentioned
here. There are publications dealing with
a statistical analysis of wafer process data

and cell data: time series analysis and
data manipulation methods are used to
detect and understand temporal changes
in the final cell characteristics [4,5]. A
recent publication [6] analyses, using
data mining methods, wafer process
data and their correlations with the
finished cell characteristics of hundreds
of thousands of solar cells, and is able
to explain large shares of the measured
variance with the data acquired during
processing.

Alternatively, methods based on
numerical solar cell simulations have
been presented. These first deal with
the modelling and understanding of the
distribution of cell efficiencies of an mc
Al-BSF process [7], which is later refined
by (to the authors’ knowledge) the first
application of metamodelling and Monte
Carlo simulations in PV research [8]. In
the most recent work [9], the approach
is transferred to the PERC process, and
local derivatives of the metamodel are
used as a sensitivity measure to detect
the most relevant impacts.

In this paper the approaches
mentioned above and in a recent
publication [10] are followed and
enhanced by using state-of-the-art
metamodelling. Then, by means
of a variance-based sensitivity
analysis, the impacts on a measured
distribution of cell efficiencies are
globally investigated. The approach
presented consists of an overview of
the models applied for the numerical
3D device simulations using Sentaurus

TCAD [11], the modelling of the
experimentally achieved distribution
of cell efficiencies with Monte Carlo
runs. This is followed by a variance-
based sensitivity analysis, where the
input parameters are ranked according
to their impact on the total variance.
The approach is demonstrated by an
example application to an industrially
feasible mc-Si PERC process with
laser-fired contacts (LFC, [12]).

Approach

The approach taken here for
investigating the impacts of process
variations on the distribution of cell
efficiencies consists of the following
steps:

1. Production and characterization of
solar cells.

2. Determination of the relevant input
parameters for the simulation, and
their distributions.

3. Numerical device simulations and
metamodelling thereof.

4. Modelling of the distributions
of cell efficiencies via the Monte
Carlo method, and validation by
measurements.

5.Investigation of the impact of each

input parameter in a variance-based
sensitivity analysis.
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Figure 1. Overview of the approach for investigating the impacts of process
variations on the distribution of cell efficiencies. In the experiment, the
distributions of the cell efficiencies and of the input parameters for the
simulations are determined. Monte Carlo runs of a metamodel of the numerical

3D device simulations are carried out, in order to model the distribution of
cell efficiencies, which are then validated by the experimentally obtained
efficiencies. The input parameters are ranked according to their influence on
the total variance in a variance-based sensitivity analysis.

The approach is shown
schematically in Fig. 1 and will be
explained in detail next. The first
two steps basically serve to compile
the prevailing variations of cell
efficiencies and parameters in a
production line via inline and offline
characterization methods, and can be
assisted by simulations if necessary.
The typical steps are discussed in a
later section, but first the focus will
be on the simulation-based evaluation
(steps 3-5) after the data collection.

The numerical 3D device
simulations, which are conducted
at a device temperature of 25°C, can
be divided into: 1) an optical part, in
which the spectrally and spatially
resolved generation profiles of
charge carriers are calculated; and
2) an electrical part, in which these
generation profiles are used as input,
and the current-voltage (I-V) curve is
computed.

For the optical part, the Monte Carlo
ray tracer of a Synopsis Sentaurus
Device is used. The front side is
modelled on the assumption of thin
SiN, layers of thickness d,pc; these
are described by Fresnel’s equations
using the transfer-matrix formalism
[13], on a textured surface, which is
described in the case of an isotexture
by a characteristic angle @ . yre
[14,15]. For the silicon bulk with a
substrate thickness of dg;, Lambert-
Beer’s law [16] is assumed, and the
rear side is modelled by the Phong
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model with parameters Ry and Wpygy,
[17]. Later, the shading of the front
side metallization is accounted for by
scaling the generation current densities
Jon by a factor of (1-M,,,), where M,
is the optical shading ratio. In this
case, variations in j,; largely depend
on variations in texture strength
@yexrure ONly, and therefore dape, ds;,
R, and @y, are kept constant in
the subsequent electrical part of the
simulation.

In the electrical simulations of
solar cell concepts with structured
rear sides, as in the case of PERC, it
is convenient to assume an effective
front side [18] and to account for the
shading of the front metallization
by scaling j,, and by considering
an external series resistance Ry
which contains the area-weighted
contributions of the emitter, contact
and grid resistances. Furthermore, to
account for non-ideal recombination
at, for instance, the cell edges or the
space charge region, a second diode
with ideality 7, = 2 and dark saturation
current density j, is added analytically
after finishing the numerical Sentaurus
Device simulations. The symmetry
element applied in the Sentaurus
Device usually has a magnitude of dg;
in the direction perpendicular to the
wafer surface (z axis), and of half the
distance between the contacts on the
rear side in the other dimensions (x
and y axes).

The emitter profile is determined by

means of electrochemical capacitance—
voltage (ECV) measurements
and imported into the Sentaurus
Device, leaving an effective surface
recombination velocity S rone
(consisting of a portion S, frone iN
the passivated area and a portion
Smetfront in the metallized area) as a free
parameter. The bulk recombination
is modelled by a mid-band gap
Shockley-Read-Hall (SRH) defect
with defect parameters 7,y and 7,
the recombination at the rear side is
modelled by the surface recombination
velocities S, rear in the passivated area
and S ; reor in the metallized area.

The areas of a local rear contact
are usually defined via a contacted
and a larger recombination-active
region. In the case of the LFC
approach, the model of a point
contact with a recombination-
active area (damaged by the laser
pulse) with radius ry g that is twice
the size of that of the contacted
region ripc cont, is used. The model
is implemented for the surface
recombination velocity S, . .. in the
damaged area, introduced by Schwab
[19] and applied by Wohrle et al.
[20]. With regard to general models
for silicon solar cell simulation, those
summarized by Fell et al. [21] are
used. For adjusting the density-of-
states effective mass of holes for self-
consistency of the band gap, effective
density of states and intrinsic density
at 25°C, the recommendation of
Altermatt [22] is followed.

Once the input parameters
(e.g. wafer thickness, base doping
concentration, texture strength
@ exurer €Mmitter doping profile and
saturation current density), as well
as their minimum and maximum
attainable values are known, the
next step consists of selecting an
adequate experiment design for the
numerical simulations, in order to
achieve the lowest computation
times and the best interpolation
properties later. To this end, a space-
filling design of experiments (DOE)
is chosen, and the design creator
available online [23] is utilized for the
generation of 300 equidistant sample
points in the n-dimensional input
space. The results for the four-cell
performance characteristics — short-
circuit current density j,., open-
circuit voltage V,,, fill factor FF and
energy conversion efficiency # — of
the numerical device simulations are
used for these sample points to train
so-called Gaussian process models,
which are widely used in computer
experiments for interpolation
purposes [24]. The advantage of this
method compared with, for example,
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Figure 2. Example of a measured probability density function and the
corresponding fitted skew normal model. A good agreement can be seen,
despite the use of only three distinct percentiles of the measured distribution
for fitting the skew normal model. (Data here taken from a larger experiment.)

polynomial regression is the ability to
fit any analytic relationship, including
asymptotic trends.

The probability density function of
each input parameter is then modelled
by fitting the three parameters of a

skew normal distribution (Section
A.8 in Hosking & Wallis [25]) to the
10th, 50th and 90th percentile of the
measured distribution, an example of
which is given in Fig. 2. This has the
advantage of accounting for the actual

inevitable deviations from a strictly
symmetric normal distribution. The
three distinct percentiles — later
referred to as low, medium and high —
provide a good estimate of the range
of a parameter without being affected
by outliers, as would be the case by
using, for example, the mean and
the variance. Random numbers with
values of the order of 10° are then
drawn from these probability density
functions for each input parameter,
and the aforementioned Monte Carlo
runs (step 4) are performed using the
Gaussian process model regression.
This lowers the computation time
for one simulation of # from 1.5
hours for the numerical simulation
to 0.3ms for one Gaussian process
model prediction, using one core of a
standard CPU.

The resulting modelled distribution
of cell efficiencies is then compared
with the one obtained experimentally;
if necessary, it is adjusted so that all
three characteristics j ., V,. and FF
simultaneously match the measured
ones. If good agreement is achieved,
the model is validated and ready for
the most interesting part, the final
step — 5.
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Figure 3. Process flows employed for the cells (left), and for the samples used to measure the bulk lifetime 7, ; (middle) and
the emitter dark saturation current density j, (right).

Figure 4. (a) One of the several inline characterization tools available at Fraunhofer ISE’s PV-TEC for different stages of the
solar cell manufacturing process. (b) Wafer-tracking system based on data matrix codes. (c) State-of-the-art inline automat
with a flexible contacting unit, for characterizing the finished cells (which is also suitable for use with back-contact solar

cells).

“The variance-based
approach takes into account
nonlinear responses and
considers the interactions

between input variables.”

Step 5 ultimately features the
investigation of the impact of each
input parameter on the variations of
cell efficiencies in a sensitivity analysis.
Variance is a well-established measure
of the variation of a random variable;
a variance-based approach [26] is
therefore chosen for the sensitivity
analysis. An advantage of the variance-
based approach is its global character, as
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it takes into account nonlinear responses
and considers the interactions between
input variables. The principal measure of
sensitivity of the total variance V(y) of a
random variable y on the input variable
x; is known as the main-effect index S;
and is defined as:

VO -E(VOI) _ . E(VOIx))
t V() - V(y)

(1)

where V(...) is the variance and E(...)

is the mean of a distribution. The term
E(V(y|x;)) is the variance of y when the
iy, input variable x; is given (not varied);
it is averaged over all possible values
of x;. Thus, §; is basically a measure of
the decrease in total variance V(y) of y

when x; could be fixed and normalized
to this total variance. The sum of all
the S; indices is always less than or
equal to unity, where a value of unity
would indicate an additive model with
no interactions between the input
variables. Since for the calculation
of the S; one would have to consider
distributions of distributions, the
short-cut proposed in Saltelli et al. [26]
is used, which drastically reduces the
computational cost compared with the
brute-force method.

Example application

Experimental
The discussed investigation is carried
out using an example of an industrially



feasible mc-Si PERC process with LFCs, but basically it
could be performed on any solar cell concept. In order to
be independent of material variations and to gather just
the process-related impacts, 51 neighbouring HPM mc-Si
wafers are distributed homogeneously among the batches
in a larger experiment, so that approximately every 20th
cell is processed on this material. It is assumed that the
variation in material properties is insignificant over these
51 wafers. An equivalent approach for the production of
PERC cells on monocrystalline Czochralski (Cz) grown
wafers could be the distribution of high-quality magnetic-
cast Cz-Si wafers in the production line.

An essential requirement for this type of study is the
possibility of tracking wafers along the entire value chain as
far as the finished solar cell, with the use of, for instance, a
wafer-tracking system based on data matrix codes [27,28],
which has been implemented on Fraunhofer ISE’s PV-TEC
research manufacturing line.

A flow diagram of the chosen cell process is given in Fig.
3 (left). After the acidic texturing process, the mc-Si base
material is subjected to a phosphorus emitter diffusion,
using the process developed by Werner et al. [29]. The
phosphosilicate glass (PSG) layer on the front side and the
emitter on the rear side are then wet-chemically etched
back. After a cleaning step, the rear side is passivated by
a stack of plasma-enhanced chemical vapour deposited
(PECVD) aluminium oxide and silicon nitride, and the
front side is passivated by just silicon nitride. Metallization
is applied via screen printing, front-contact formation is
then achieved with a firing step in a fast-firing conveyor-
belt furnace, and the rear side is contacted using the LFC
process. After a forming gas annealing step, the cells are
characterized inline on a h.a.l.m. cell tester.

In addition to these cells, three of the 51 HPM mc-Si
wafers were processed into samples, with the goal of
measuring the bulk lifetime 7y, (process flux depicted in
Fig. 3, middle); highly resistive n-type Cz-Si wafers were
also processed into samples, to measure the emitter dark
saturation current density j,. (Fig. 3, right). For measuring
Tpue it is important that these samples take part in the
same emitter diffusion as the cells in order to account for
the impacts of gettering and high-temperature steps on the
silicon material; the samples also need to be passivated in
the best possible manner. Furthermore, every fifth wafer of
the HPM cell material is withdrawn after the deposition of
the passivation layers and is subjected to a firing step in a
fast-firing oven in order to activate the passivation. These
samples for measuring the implied open-circuit voltage
iV, contain valuable information about the front end of
the cell process, since they include all recombination effects
without any influences due to the metallization.

Data acquisition
During the value chain, the versatile inline and offline
characterization methods available at the Photovoltaic
Technology Evaluation Center (PV-TEC) at Fraunhofer ISE
(see also Fig. 4) are utilized.
The inline methods of the front end prior to
metallization consist of the following measurements:
« Wafer thickness dg;, via capacitance.
+ Specific resistance p of the silicon wafer, via induction.
+ Reflectance Rgjo,m at @ wavelength of 600nm on a trace of
the wafer after texturing, via a spectrometer.
+ Imaging of the thickness d,pc of the anti-reflection
coating layer, via a hyperspectral imaging sensor.

The base doping concentration Ny,, is determined by
measuring the resistance in the as-cut state; this value is
then compared with the one after the emitter etch-back
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process in order to determine the
emitter sheet resistance R,. In this
particular case of an isotexture,
the texture strength @ . ure i8S
determined by fitting the simulated
Rioonm to the measurement after
the texturing process, as done by
Greulich et al. [15]. The finished
cells are then characterized using
an inline automat. This allows an
inspection of the front and rear side
metallization, and the measurement
of the metal grid resistance and the
current-voltage characteristics under
illumination, yielding the performance
characteristics j,., V,., FF and 7, the
current—voltage characteristics in the
dark, and the suns-V,_ characteristics.
It also offers the opportunity to record
electroluminescence images under
forward bias and thermography images
under reverse bias. Furthermore, the
parallel and series resistances R, and
R,, as well as the parameters j,; and
joo by fitting the two-diode model to
the suns-V,. pseudo I-V curve, are
obtained at the cell level.

The offline methods comprise
taking measurements of the spectrally
resolved reflectance curves and, using
the transfer length method (TLM,
[30]), of the metal-semiconductor
contact resistance £, of the finished
cells. The reflectance curves are used
to measure the finger widths and
therefore the optical shading ratio
M., by repeated subtraction of the
reflectance spectrum of the silver
fingers until the expected minimum
reflectance of the unmetallized part

alone is reached. The parameters
R, and @py,,, of the Phong model
are adjusted to match the measured
reflectance of the finished solar cells
over the 900-1,200nm wavelength
range. The emitter dark saturation
current density j,, is determined via a
refinement [31] of the Kane-Swanson
method [32] applied to quasi-steady-
state photoconductance (QSSPC, [33])
measurements of the j,, samples.
Perhaps the most valuable
characterization tool s

photoluminescence (PL) imaging,
the particular use of which here will
be described next. PL images at 1 sun
are acquired before and after the LFC
formation process, and the difference
in PL intensities is calibrated to a
voltage drop AV, rc because of the
additional recombination at the rear
contacts. The LFC radius r ¢ in the
electrical cell simulations is then
adjusted to match this voltage drop
in the open-circuit voltage V. [10].
QSSPC lifetime calibrated PL images
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Figure 5. Simulation-assisted estimation of the rear-surface recombination

velocity in the passivated area S

pass,rear
values for the implied open-circuit voltage iV, with the simulated values.

by comparing the measured range of

Parameter Description Determination Low Medium High
gj [um]* Bulk thickness Measurement 183.7 185.4 186.2
Ndop [cm'3] Bulk doping concentration Measurement = 9x101° =
Tno |7 [S] Bulk SRH lifetime -calibrated PL of i, samples = 451910 =
Dteyiure [°] Characteristic texture angle Adjustments to measured Rggg,m, after texturization  56.5 57.8 61.0
Joe [FA/Cm?] | Spags front [CMV/s] Emitter dark saturation current density Kane-Swanson method of jo, samples - 92125x10° =
Smet front [CMV/S] Recombination velocity at front metallization Neglected = Spass, front =
Oppe [NM]* ARC layer thickness Measurement 77.5 79.6 822
Mgt [%] Shading ratio front metallization Measurement 5.04 5.36 5.63
Spass,rear [CM/S] Recombination velocity at rear passivation Adjustments to measured iV, 70 130 300
Set rear [CTVS] Recombination velocity at rear metallization Model Spet(Ngop) [19,20] = 2,400 =
ILFe = 21iFc,cont, (MM Radius of damaged LFC area Adjustments to measured A Ve | F¢ 37 44 51
O pg [um] Distance of LFC contacts LFC target - 350 -
RlHlwl] Phong model of reflectance at rear side Adjustments to measured R.gggnm of cell = 093512

Jop [NA/cm?] Dark saturation current density of second diode Adjusted two-diode model to pseudo /-V/ curve 16.5 23.0 345
Ry [Qcm?] Ry contribution front Contributions of Ayy, o and Agrig 0.523 0.547 0.596
* These parameters are only varied in the optical part of the simulations.

Table 1. Overview of the input parameters, along with their measured ranges and the chosen way of determination.

Where just the medium value is given, the parameter variations are neglected in the electrical simulations.
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[34] are applied to the samples to
measure the implied open-circuit
voltage iV,. and the bulk lifetime
Tpuk- 1N the case of the iV, samples,
the lifetime images acquired at 1 sun
are converted to images of the local
voltage and averaged over the wafer
region. As regards the ry,, samples,
an additional image is recorded at
0.04 suns, and the harmonic mean in
the diffusion length over the wafer
region of the two images is taken;
the SRH defect parameters 7,, and
Ty required as simulation input
to fit the lifetime values at the two
different injection conditions, are
then adjusted. Along with the use of
the measured j,. and 71,5, the surface
recombination velocity S, icor Of the
passivated area where the damaged
LFC area is absent is varied in cell
simulations, in order to match the
measured range of iV, as depicted in
Fig. 5, and to determine Sy, rear-

In order to reproduce in the
model the measured dark saturation
current densities jy, , derived from
the measured /-V curves with
the simulations, the difference
Jo2 = Joafit — Joz,Sent.Devicer Where
Jo2,sent.Device 18 Obtained by fitting
the two-diode model to an example
Sentaurus Device -V curve, is used
as the saturation current density of
the external second diode. Finally,
the series contribution R, of the
front is calculated by area weighting
the single contributions of emitter
sheet resistance R, specific contact
resistance O, and grid resistance Rq4.

An overview of the input
parameters, along with their

measured ranges and the chosen
method of determination, is given in
Table 1. Compared with a previous
study, the absolute values of 7,5, M,
and j,, are slightly different, but the
absolute ranges of these variables
remain the same. This is acceptable,
since it is primarily the variations in
cell efficiencies that are of interest.

“The rear-surface
recombination velocity
in the passivated area is
the dominant origin of

efficiency variations.”

Results

The experimentally obtained
distribution of cell efficiencies and
the modelled one are given in Fig.
6(a): excellent agreement in both
the absolute level and the shape is
seen. Note that the solar cells with
severe series and parallel resistance
issues, represented by the leftmost
bar on the chart, were removed prior
to determining the mean and the
standard deviation. The total standard
deviation of the conversion efficiency #
in the experiment amounts to 0.23%, ,
and more than 80% of the closely
related variance in the simulations
can be explained. The results of the
variance-based sensitivity analysis
are given in Fig. 6(b), which shows a
breakdown of the various influences.
The sum of the aforementioned
main-effect indices S;, which serve as

sensitivity measures, turns out to be
equal to unity within the uncertainties
that are due to statistical computation,
clearly indicating an additive model
7(xy,...,X,). It is therefore possible
to assign a relative share of the
total variance to each of the input
parameters x;, revealing that the
rear-surface recombination velocity
in the passivated area S, is the
dominant origin of variations. Further
technological work should focus on
improving the stability and the overall
quality of the rear-surface treatment
and cleaning, and the PECVD of the
passivation.

The large process-induced j,
contribution is the second-largest
source and is responsible for more
than a third of the variation in #.
This contribution can be attributed
to power losses at the wafer edges,
which is underlined by the dark lock-in
thermography (DLIT) image at +0.5V
for a cell with severe pseudo fill factor
problems, shown in Fig. 7. At these
distinct edges, a wrap-around of liquid
during the emitter etch-back process
was visible, even to the naked eye.
Subsequent finger printing and firing
most likely resulted in the formation
of recombination-active defects in
the depletion region between the
partially etched emitter and the base.
For the PERC process utilized, after
an optimization of the rear-surface
passivation and chemical edge isolation
processes (which are responsible
for over 80% of the process-
induced variations), the next steps
to be recommended would include
improvements to the optics of the
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Figure 6. (a) Experimentally obtained (green) and modelled (orange) distributions of cell efficiencies. Prior to determining
the mean and the standard deviation in the experiment, the cells with severe series and parallel resistance problems
(leftmost bar on the chart) were excluded and a skew normal distribution fitted to the remaining data. (b) Pie chart of the

ranked relative impacts of each input parameter on the total variance of cell efficiencies. The variation in rear-surface
recombination is the dominant source of variations in energy conversion efficiency 7.
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high

Figure 7. Dark lock-in thermography (DLIT) image at +0.5V of a cell with severe
pseudo fill factor problems (pFF = 77.7%, j, = 65nA/cm? R, = 5,162Qcm?).
The power loss which is clearly visible at the bottom and right cell edges was

found to be caused by a wrap-around of liquid during the emitter etch-back
process. Subsequent finger printing and firing most likely led to the formation
of recombination-active defects in the depletion region between the partially
etched emitter and the base.

front side, namely the texture strength
@, exrure and the front metallization
shading ratio M.

“The parameters that lead
to the largest variations are
often the same ones that
offer the greatest potential
for optimizing the absolute

level of cell efficiencies.”

Conclusions

A simulation-based approach
for modelling the experimentally
obtained distribution of solar cell
efficiencies has been introduced. It
was shown how to rank the input
parameters according to their
influence on the total variance of this
distribution, thus giving an indication
of which processes and parameters
need to be measured and better
tuned. This approach was illustrated
and verified using an example of
an industrially feasible mc-Si PERC
process with LFC contacts, for which
it was possible to explain over 80%
of the measured efficiency variation
of 0.23%,p,. In this case, the rear-

surface passivation and a wrap-around
during the emitter etch-back process
were identified to be responsible for
80% of the efficiency variation. These
two processes should therefore be
the first to be optimized in the PERC
manufacturing process utilized.

This sensitivity analysis can be
transferred to other production lines
and cell concepts. It is especially
helpful for ramping up, for example,
PERC production, but can also
be used for improving a currently
operating production line, since the
parameters that lead to the largest
variations are often the same ones
that offer the greatest potential for
optimizing the absolute level of cell
efficiencies. Not only is the presented
approach basically applicable to every
type of solar cell concept, but it can
also contribute valuable information
towards improving the quality and
the yield of any production line,
and consequently help in increasing
the cost-effectiveness of solar cell
manufacturing.
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