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Article Info ABSTRACT
The paper presents the design and implementation of a fuzzy inference system
(FIS) trained with adaptive neural networks for the generation of specification
Received April 3", 2019 references in high frequency current (HFC) hardening processes. The
specification references are then further used for the control of the process in
obtaining the desired outcomes in terms of material hardening and resistance.
The FIS is trained using data obtained from experimentation on an industrial
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1. INTRODUCTION

The control system for HFC process robots (thermal treatments by high-frequency hardening) is based on the
magnetic induction phenomenon and the film effect, according to which the piece to be hardened is introduced
in a magnetic field where an electric current is induced, which is distributed only in the peripheral layers of
the work piece, reaching the temperature level required by the thermal treatment conditions in a very short
time in these superficial layers. The superficial layer, reaching the temperature in a very short time, is
hardened, while there are no structural changes in the core and therefore no change of the initial properties.
The surface hardening offers a distribution of internal stresses on the section, which leads at the increasing of
fatigue resistance, at minimal deformations (because the core remains rigid). Consequently, the productivity
increases as a result of heating in a relatively short amount of time. The process of high-frequency current
guenching is especially popular in serial production, offering besides high productivity and superior quality of
the parts being treated. The process ensures a rigorous reproducibility of heating conditions for the entire
batch of pieces and is suited in the process mechanization and automation (Rapoport et all, 2006; Yogesh et
all, 2002; Rudnev et all, 2002).

The Reference Generation Module is used to specify the desired references for high frequency quenching
variables designed as output variables, depending on the setting of the two input variables. These are the
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movement speed of the piece, the gap between the piece and the inductor and the power emitted by the
inductor during quenching. In most applications, the obvious relationship is desirable to specify that the
hardness and strength of the superficial layer depend on speed, interstitial and power. In this context, the
relationship of dependence is reversed because is desirable to specify some references for the variables
controlled in the HFC process (speed, gap and power), depending on the desired results for hardness and
strength (Dumitrache et al., 2017, Moisescu et al., 2016).
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Figure 1. Reference Generation Module

On the basis of the conclusions reached in the previous activities, referring to the modelling and control of the
high frequency hardening using the VIP platform, in the previous stage was designed a fuzzy decision system
for setting the input parameters of the HFC equipment. This system is based on the conclusions reached in the
previous stage, where the expertise of the academic and industrial specialists has been sampled and
systematized (Vladareanu L. et all, 2009; Barz C. et al. 2016a, 2016b, Vladareanu V. et all 2015).
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Figure 2. Fuzzy Inference System for HFC Figure 3. Learned FIS
Control

The HFC fuzzy decision system serves to identify references for HFC control variables in order to achieve the
desired behaviour. This model eliminates the need to query the human experts, being a completely automated
process. Learning is done using the ANFIS method - a fuzzy inference system optimized using the adaptive
neural networks - that requires the existence of a data field to be run obtained from practical experiments. As a
result of validation and practical demonstration of this model, a fuzzy decision system could be set up to
specify the references of HFC equipment control system directly from the present experimental data loaded
into the platform. The main advantage is the possibility of generating an optimized fuzzy inference system for
situations where the experience and expert expertise is absent or divergent (Boscoianu M. et all, 2018,
Vladareanu L. et all, 2017; Wang HB et all, 2017;). A diagram of the fuzzy decision-making process as a
black-box model is presented in Fig. 2. The two inputs and the three outputs explained above are shown as
fuzzy variables.
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2. HFC ANFIS

ANFIS is trained using a number of examples obtained in practical HFC equipment tests. Figure 3 provides an
example of learning space for the speed variable, consisting in all examples used to train this specific
algorithm. One of the ANFIS advantages is that for points situated between the existing examples, the result
will be approximated using a combination of rules triggered by the closest inputs. Once trained, the resulting
fuzzy inference system can be used in any simulation as a reference table to specify the reference values of the
controlled quantities. The membership functions on the basis of which the fuzzification process is made are
also different (web-1).

Manually tuned FISs mainly contain trapezoidal and triangular membership functions (example in Fig. 4),
while the ANFIS process is typically run using Gauss membership functions, such as the distribution
presented in Fig. 5.

XX e X

Figure 4. Manually tuned FIS with trapezoidal MFs Figure 5. ANFIS with Gaussian MFs

Also, the trained fuzzy inference system is not of Mamdani type, which is most common. Mamdani systems
use common fuzzy membership functions for the output variable, similar to those used for the input variable.
This distribution is inefficient in the case of learning processes, being very computationally intensive. Instead
of the Mamdani inference systems, the Sugeno type is used, where the distribution of the output variable is
composed of constant (Sugeno type 0) or linear (Sugeno type 1) functions.

To adapt to the learning process, the decision system is not a single inference system (FIS) integrated with 2
inputs and 3 outputs, as in the previous case, but 3 inference systems (FIS) with 2 inputs and one output,
constituted in a general system that will call one of the inference systems, depending on the required variable.
The boundaries of the universe of discourse of each variable are described in Table 1.

Variable Inferior limit Upper limit Unit
Hardness 150 200 HV
Resistance 520 730 N/mm?2
Speed (rate) 0 10 mm/s
Gap (interstice) 0 10 Mm
Power 0 50 kw

Table 1. Variable boundaries

The ANFIS algorithm will therefore run for learning of each output variable (velocity, gap, power) separately
on a data structure containing 3 columns, the first two being the input variables (hardness and strength), and
the third the learning output variable as Data = [DR Target].

The optimization consists in the successive improvement of the inference system that models the interaction
between the independent input variables and respectively the dependent output variables in the context of the
available data set. This implies the existence of an initial inference system, which is obtained by automatic
generation based on the data set. The algorithm implicitly calls a generating function, but this behaviour can
be changed by the user. The fuzzy inference system generated by genfisl always requires a subsequent
optimization by ANFIS, while the system generated by genfis2 can have a sufficient behaviour for less
complex cases. The experimental model uses both generating options for the initial fuzzy inference system.
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Figure 6. FIS space for speed Figure 7. FIS space for gap Figure 8. FIS space for power

After running the optimization algorithm, three inference systems are automatically obtained and tested, one
for each output variable shown in figures 6-8. Each figure shows the inference space for an output variable
relative to the input variables. It can be seen from Figures 6-8 the modelling for each variable of a strongly
non-linear behaviour, based on optimized inference rules. Using the specification of the fuzzy rules and the
inference space it can deduce the action of the HFC fuzzy decision system in the case of different input data
sets. This value will serve as a reference for each of the three HFC process sizes controlled by us, namely the
output variables of the current application: speed, interstitial, and power.
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Figure 9. FIS reference generation module
The elaboration of the experimental module of the fuzzy-HFC decision system is one of the reference
specification methods for the controlled HFC intelligent process sizes. The scheme of this concept is
presented in Figure 9.

3. EXPERIMENTAL RESULTS

The application is tested varying their input sizes between their limits. In the case of the input variables, the
limits are: d = 150 ... 200, r = 520 ... 720. Also, the output variables have their own limits modelled in the
system frame which is to be tested. These are:v=0...10,i=0..10,p=0... 50.

The experimenting of the ANFIS HFC functional model is done in parallel with the HFC fuzzy inference
system obtained in the previous stage with the experts consensus. For this purpose, a random data set for input
values is generated, which is evaluated using the HFC fuzzy inference system, resulting a data field for the
output variables. It is learned through the ANFIS process, so resulting in an alternative fuzzy inference
system.

Figure 10 shows a diagram of the test method for the two inferential processes. The HFC fuzzy system has
three outputs, which will be demultiplexed to obtain each variable, while ANFIS HFC requires the learning of
three separate inference systems, one for each output variable. Differences between the two systems are
viewed, individually per variable, and gathered in absolute value to obtain a quantification norm.
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Figure 10. Diagram of testing

To experience the ANFIS HFC module and explain the differences towards the HFC fuzzy module, three sets
of input data were generated and used for both systems. The test kits have 10 points per input variable,
resulting in 100 test points formed from all possible combinations of them. These sets were developed
according to laws similar to those used for the initial experimentation of the HFC fuzzy module and chosen to
pass through the entire input space of the inference system to observe the responses.
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Figure 11. Results of testing ANFIS and manually tuned FIS
The results of the test are shown in Figure 11. The output values of the HFC fuzzy inference system are

marked with the colour specific to the output variable, speed, gap (interstice) or power. The values proposed
by the ANFIS HFC inference system are marked in red to highlight the contrast between the two systems.

It can be noticed that although they do not have the same behaviour, the two inference systems offer similar
values for the output variables throughout the workspace run. This conclusion is also supported by the values

of the absolute mean difference per variable, namely:
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Experiment Absolute average difference
Speed 102116
Gap (interstice) ‘ 0.1119
Power | 1.2865

Table 2. Experiment results
Following the tests, it can be concluded that the two inferential systems successfully model the same
application, providing HFC control references for three output variables, based on the desired specifications,
modelled by the input variables. The HFC fuzzy system is based on accumulated human experience, while the
ANFIS HFC system is learned from the experimental data, obtained and generated.

4. RESULTS AND CONCLUSIONS

HFC Hardening is an important part of industrial processing in construction applications. Its automation
requires a complex control system, an important part of which is the reference generation module. An earlier
version based on experimental data and expert queries was improved based on the automated learning of a
fuzzy inference system (FIS) using adaptive neural networks.

The advantages of the second system consist in the repeatability and flexibility of the process, as well as in the
non-linear behaviour of output data generated within the same class, due to the way in which the inference
system was obtained. These features have also been seen and described in this experimental work, which will
be further used to demonstrate the utility and functionality of the model and for implementation in the VIP
smart platform, which controls the HFC process.

The results obtained outline the development of the ICI modules using advanced control strategies adapted to
the induction hardening process, applying ICT techniques with fast processing and real-time communications,
which led to improvement of the material’s mechanical characteristics.
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