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APPLICATION OF ARTIFICIAL NEURAL NETWORKS IN MODELING OF MANUFACTURED FRONT METALLIZATION
CONTACT RESISTANCE FOR SILICON SOLAR CELLS

ZASTOSOWANIE SZTUCZNYCH SIECI NEURONOWYCH W MODELOWANIU REZYSTANCJI KONTAKTU
WYTWARZANEJ PRZEDNIEJ METALIZACJI KRZEMOWYCH OGNIW SŁONECZNYCH

This paper presents the application of artificial neural networks for prediction contact resistance of front metallization for
silicon solar cells. The influence of the obtained front electrode features on electrical properties of solar cells was estimated.
The front electrode of photovoltaic cells was deposited using screen printing (SP) method and next to manufactured by two
methods: convectional (1. co-fired in an infrared belt furnace) and unconventional (2. Selective Laser Sintering). Resistance of
front electrodes solar cells was investigated using Transmission Line Model (TLM). Artificial neural networks were obtained
with the use of Statistica Neural Network by Statsoft. Created artificial neural networks makes possible the easy modelling of
contact resistance of manufactured front metallization and allows the better selection of production parameters. The following
technological recommendations for the screen printing connected with co-firing and selective laser sintering technology such
as optimal paste composition, morphology of the silicon substrate, co-firing temperature and the power and scanning speed
of the laser beam to manufacture the front electrode of silicon solar cells were experimentally selected in order to obtain
uniformly melted structure well adhered to substrate, of a small front electrode substrate joint resistance value. The prediction
possibility of contact resistance of manufactured front metallization is valuable for manufacturers and constructors. It allows
preserving the customers’ quality requirements and bringing also measurable financial advantages.
Keywords: Computational material science, Artificial neural networks; Silicon solar cell, Selective laser sintering;
Screen printing, Co-firing in the furnace
Artykuł przedstawia zastosowanie sztucznych sieci neuronowych do predykcji rezystancji przedniej metalizacji
w krzemowych ogniwach słonecznych. Oceniono wpływ tak wytworzonej elektrody przedniej na własności elektryczne
ogniw fotowoltaicznych. Przednią elektrodę ogniw fotowoltaicznych naniesiono metodą sitodruku SP (ang. Screen Printing)
i następnie wytwarzano dwoma metodami: konwencjonalną (1. wypalanie w piecu taśmowym) i niekonwencjonalną
(2. selektywne spiekanie laserowe). Do wyznaczenia rezystancji elektrod przednich zastosowano metodę linii transmisyjnych
TLM (ang. Transmission Line Model). Sztuczne sieci neuronowe zostały opracowane z wykorzystaniem pakietu Statistica
Neural Network firmy Statsoft. Opracowane sztuczne sieci neuronowe umożliwią modelowanie rezystancji wytworzonej
przedniej metalizacji i ułatwią lepszy dobór parametrów produkcji. Następujące zalecenia technologiczne sitodruku
połączonego z wypalaniem w piecu i selektywnym spiekaniem laserowym takie jak optymalny skład pasty, morfologię
podłoża krzemowego, temperaturę wypalania oraz moc i prędkość skanowania wiązki laserowej, do wytworzenia przedniej
elektrody krzemowych ogniw słonecznych dobrano eksperymentalnie celem uzyskania celem uzyskania jednolicie stopionej
struktury dobrze przylegającej do podłoża, małej wartości rezystancji połączenia elektrody przedniej z podłożem. Możliwość
estymacji rezystancji przedniej metalizacji jest wartościowa dla producentów i konstruktorów. Pozwala ona na dotrzymanie
wymagań klienta i przynosi wymierne zyski.

1. Introduction
One of the methods to acquire solar energy are
photovoltaic cells which allows directly conversion of solar
radiation energy into electrical energy. One of such emerging
production operations of photovoltaic cells is the deposition of

electrical contacts. As it has been found by numerous research
studies, electrode coating should satisfy different requirements
to ensure low resistance between the interface zone of the
electrode with the substrate. Of particular importance is the
proper selection of material (of electrode and substrate),
conditions of its fabrication, shape and size of electrode,
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adhesion of the electrode to the substrate and substrate
morphology. In order to improve electrical properties of
the front electrode, various fabrication techniques are being
analyzed, consisting in different imprint techniques and its
final connection with the substrate surface. On one hand,
basing on available literature studies [1-15] and author’s
own research [1-5] it can be stated that most popular and
currently used method is the conventional screen printing
method combined with co-firing in the furnace for front
electrode production. On the other hand, there are few
examples in literature concerning fabrication of front
metallization by selective laser sintering [16-17], they
induced the authors to take presented approach.
The name “artificial neural networks” describes the
hardware or software simulators, which are realizing semi
parallel data processing. They are built from many mutually
joined neurons and they imitate the work of biological brain
structures [23]. McCulloch and Pitts worked out the scheme
of the neuron in 1943 and it was created as a building
imitation of the biological nervous cell [21,22]. Equation 1
describes the mathematical model, where m is a number of
input signals of a single neuron.


m
y = ϕ  ∑ w i x i 

 i =1

2. Experimental procedure
The investigations were done on the monocrystalline
silicon wafers of p type doped with boron and area 50x50cm2,
as well resistivity ~1÷3 Ω·cm. The wafers with thickness ~330
μm were processed with the SLS method, whereas those of
about ~230 μm were processed with the SP method and cofired in the furnace. The fabrication sequence of solar cells is
presented in Figure 1. Table 1 presents selection of elements
in contact layer of solar cell. Two silver powders were applied
during investigations of the following granulations: 40 µm
and 40 nm in order to both the optimal granulation and powder.
Selection of chemical composition of front contact was carried
out experimentally and mixtures were prepared using the
mechanical mixer.
Chemical etching and texturization
P - N junction formation
Diffusion of phosphorous impurity
and creation of p-n junction
Deposition of passivation layer and
antireflection layer

(1)

The fundamental difference between artificial neural
networks is the ability to generalize the knowledge for new
given data, which were unknown earlier and which were not
presented during the training process. In distinction from
expert systems, which require the permanent access to whole
assembly of knowledge on the subject about which they will
decide, artificial neural networks requiring only single access
to this data set in the process of training. Neural networks
reveal the tolerance on discontinuities, accidental disorders or
lacks of data in the descriptive vectors. This allows application
of artificial neural networks for problems, that cannot be
solved by any other algorithm or their implementation will
not give any satisfactory results [20,22,23].

Screen printing of contacts

Co-firing of contacts in the
infrared belt IR furnace

Fig. 1. Scheme of the technological process of solar cells manufacturing

Two special test electrode systems were prepared by
screen printing method in order to demonstrate usefulness of
silver pastes and to evaluate the contact resistance of the silver
electrode-silicon junction:
• I. sizes of front paths were: 2 x 10 mm (wide x length),
TABLE 1

The paste properties
Paste symbol

Mass concentration of elements, %
Basic powder

A
B

83
88.40

C
D
E
F
PV145*

88.40
85
60.60
83.33
-

Selective laser sintering of
contacts in the device was
equipped with CO2 laser

Organic carrier
Selective laser sintering
15
9.60
Co – firing in the furnace
11.60
15
39.40
16.67
-

Ceramic glaze

Surface morphology of
the solar cell

2
2

1, 2, 3, 4
1, 2, 3, 4

-

1, 2
3, 4
1, 2
3, 4
1, 2, 3, 4

Where: 1. non-textured with deposited TiOx coating, 2. non-textured without deposited TiOx coating, 3. textured with deposited
TiOx coating, 4. textured without deposited TiOx coating, * commercial paste manufactured by Du Pont
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distances between them were: 20 mm, 10 mm, 5 mm, 2.5
mm,
II. sizes of front paths were: 5 x 10 mm (wide x length),
distances between them were: 1 mm, 2 mm, 4 mm, 8 mm.

•

The most beneficial conditions of laser micro-treatment
were selected based on both the initial tests and metallographic
observations. Table 2 presents the selected laser microtreatment conditions for the test electrodes system I, II. The
investigations were performed using the Eosint M 250 Xtended
device was equipped with CO2 laser.
TABLE 2
Conditions of laser micro-treatment testing of the silicon solar cells
electrodes made from paste A
Series

Solar
cell
surface

Thickness of
front electrode,
µm

1

1,2,3,4

15, 35

37.8, 40.5, 43.2

50

2

1,2,3,4

15, 35

48.5, 51.3, 54

100

3

1,2,3,4

60

21.6

50

Laser beam feed Laser beam
rate (ν), mm/s
(P), W

24.3

27

Where: 1. non-textured with deposited TiOx coating, 2. nontextured without deposited TiOx coating, 3. textured with
deposited TiOx coating, 4. textured without deposited TiOx
coating
TABLE 3
Conditions of co-firing process of the silicon solar cells testing
electrodes (the thickness of front electrode: 15, 40, 60 µm)
Series Paste symbol

Zone I

Temperature, °C
Zone II

530

570

Zone III
830
860

1

C, D, E, F

890
920
945
830

2

PV 145

530

570

860
890
920

In a case of co-firing in the conveyor belt IR furnace were
prepared some solar cells with the test electrodes system I, II
(Tab. 3). The belt IR furnace was equipped with fitted tungsten
filament lamps, heating both the top and bottom of the belt (the
belt feed rate was 200 cm/min).
The kind of the problem was determined as the standard,
in which every vector is independent from another vector. The

assignment of vectors to training, validation or testing set was
random. The search for the optimal network was restricted to
architectures such as [18,19,20,24,25]:
• radial basis function network (RBF), l
• linear networks,
• generalized regression neural network (GRNN),
• multi-layer perceptron (MLP).
Input values were :
paste symbol,
sample symbol,
surface morphology of the solar cell,
number of test electrode system,
current [10, 30 and 50 mA],
thickness of screen printed front electrode,
co-fired temperature (convectional method),
laser beam feed rate and laser beam (unconventional
method).

•
•
•
•
•
•
•
•

3. Methodology
The investigations of contact resistance Rc, of front
contact solar cell using the Transmission Line Model
(TLM) method onto measuring position was determined
in the Institute of Engineering Materials and Biomaterials.
TLM consists in direct current (I) measurement and voltage
(U) measurement between any two separate contacts.
The set of all descriptive vectors were divided into
three subsets in the relation 2-1-1. The first set contains
the half of all vectors and was used for the modification of
the neuron weights (training set). One fourth of the vectors
were used for valuation of prediction errors by training
process (validation set). Remaining vectors were used for
the independent determination of prediction correctness,
when the training process is finished. Networks were
trained with use of the back propagation and conjugate
gradient methods. [20,22,23]. For verification of networks
usability for the aims of parameters prediction the following
parameters of the quality valuation were used:
• average absolute error – difference between measured
and predicted output values of the output variable,
• standard deviation ratio – a measure of the dispersion
of the numbers from their expected (mean) value. It
is the most common measure of statistical dispersion,
measuring how widely the values in a data set are
spread,
• Pearson correlation – the standard Pearson-R
correlation coefficient between measured and predicted
output values of the output variable.
All computations were made by the use of Statistica
Neural Network by Statsoft, the most technologically
advanced and best performing neural networks application
on the market. It offers numerous selections of network
types and training algorithms and is useful not only for
neural network experts [27].
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b)

a)

c)

Fig. 3. Comparative graph of measured and predicted values of contact resistance of solar cells obtained by method 1: a) training set,
b) validation set, c) testing set

a)

b)

c)

Fig. 4. Comparative graph of measured and predicted values of contact resistance of solar cells obtained by method 2: a) training set,
b) validation set, c) testing set

4. Modeling results
The best results were obtained for the multi-layer
perceptron architecture with two hidden layers (Fig.2). Type of
this network for individual properties along with the numbers
of used neurons and the quality valuation parameters for all
three sets are introduced in the Table 4.
a)

b)

Fig. 2. Architectures of neural net used to predict the contact resistance,
a) method 1, four-layer perceptron 6:13-13-7-1:1, b) method 2, fourlayer perceptron 7:12-8-4-1:1

For all trained networks the Pearson correlation coefficient
has reached the value above 90 % and comparatively low values
of the standard deviation ratio. This is very good representation
of estimated properties. For every estimated parameter the
vectors distribution is comparable for all three subsets. This
indicates the correctness of the prediction process. Significant
differences in vectors distribution among groups would mark
the possibility of excessive matching to training vectors, and
the bad quality of the network.
Correlation charts between measured and predicted
values of solar cells contact resistance for training, validation
and testing sets are presented in figure 3 for method 1 and in
figure 4 for method 2.
After the development of artificial neural networks
a sensitivity analysis was performed to estimate how big is the
influence factor of production conditions on silicon solar cells
contact resistance. It was found, that in case of method 1 the
biggest influence has co-fired temperature and the smallest –
current. In case of method 2 the biggest influence on contact
resistance value has laser beam feed rate, the smallest – current.
Detailed results are shown in table 5 for method 1 and in table
6 for method 2. quotients of all production conditions from
both methods of production exceeded the threshold limit set
at 1.05, which means that their impact on contact resistance is
significant.
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TABLE 4

Parameters of computed artificial neural networks used to predict the contact resistance
Net

Training set

Validation set

Testing Set

-work type

Network architecture

1

MLP 4

6:13-13-7-1:1

1.02

0.23

0.971

1.45

0.28

0.961

1.17

0.23

0.973

2

MLP 4

7:12-8-4-1:1

0.01

0.24

0.972

0.05

0.27

0.961

0.06

0.30

0.971

Met-hod

AAE

SDR

PC

AAE

SDR

PC

AAE

SDR

PC

AAE – average absolute error, SDR – standard deviation ratio, PC - Pearson correlation

TABLE 5
Sensivity analysis of production conditions of solar cells on contact
resistance obtained by method 1
Range

Error

Quotient

co-fired temperature

1

30.89

4.36

paste symbol

2

20.77

2.93

surface morphology of the solar cell

3

20.66

2.91

number of test electrode system

4

16.36

2.31

thickness of screen printed front
electrode

5

10.05

1.41

current

6

7.89

1.11

TABLE 6
Sensivity analysis of production conditions of solar cells on contact
resistance obtained by method 2
Range

Error

Quotient

laser beam feed rate

1

3.68

11.86

paste symbol

2

1.49

4.81

thickness of screen printed front
electrode

3

1.38

4.45

surface morphology of the solar cell

4

1.34

4.33

laser beam

5

1.28

4.14

number of test electrode system

6

0.40

1.30

current

7

0.34

1.12

5. Conclusions
Results obtained from the given ranges of input data show
very good ability of artificial neural networks to predict the
contact resistance of the silver electrode-silicon junction. The
Pearson correlation coefficient over 90 % and low deviation
ratio inform about the correct execution of the training process.
The uniform distribution of vectors in every set indicates good
ability of the networks to results generalization.
Obtained results have confirmed the correctness of the
artificial neural networks usage as the simulating tool. It
makes possible to apply this networks in the area of material
engineering for the prediction of the contact resistance of
manufactured front metallization.

The results of new research will be supporting and
complementing the research undertaken in the present
project. In effect they can develop the existing knowledge and
experience in this paper.
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