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In order to increase productivity, machining times and market competitiveness of machining production system:s, it
is important to continuously develop existing technological solutions. This article describes the usage of the neural
network for the prediction of surface roughness after the roller burnishing. Since the observed problem is multidi-
mensional with several input parameters and one output parameter and since nonlinearity and complexity of pa-
rameter correlation, there was used the backpropagation neural network algorithm. Empirical and experimental
values of input and output parameters were used as initial values for the learning of the neural network. Developed
neural network model with its results can be used for easier implementation of further roller burnishing process
plans.
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Primjena neuronske mreze kod procjene povrsinske hrapavosti nakon zavrsne obrade valjanjem. Ovaj rad
opisuje primjenu umjetne neuronske mreze za predvidanje hrapavosti povrsine obratka nakon zavrsne obrade val-
janjem. S obzirom da se radi o visedimenzionalnom problemu sa nekoliko ulaznih te jednim izlaznim parametrom
te da je njihova medusobna funkcijska povezanost vrlo kompleksna, nelinearna i na kraju i nepoznata, koristena je
viseslojna neuronska mreza sa primjenom algoritma“sirenja unatrag” Naime, iskustvene i eksperimentalne vrijedno-
sti, koristene kao ulazni i izlazni parametar u svrhu ucenja neuronske mreze, posluzile su kao dobra polazisna tocka

sustavu umjetne inteligencije za razradu opcenitog modela koji se kasnije moze koristiti u svrhu izgradnje nekih

visih ekspertnih sustava lako upotrebljivih prilikom izrade tehnologije za zavrsnu obradu povrsine valjanjem.

Kljucne rijeci: neuronska mreza, obrada valjanjem, povrsinska hrapavost

INTRODUCTION

Artificial intelligence offers a new dimension in the
concept of system automatization. Actual modern engi-
neering implies greater autonomy of the production sys-
tems, cars, different machines or robots. Possibility of
independently decision-making is greatly emphasized,
especially for the cases of a real time unorganized envi-
ronment and within the conditions with the lack of in-
formation or restricted computer equipment. Neural
networks are used within engineering activities as pre-
diction tools for different occurrences and parameters,
[1-6]. This paper describes the usage of the backpropa-
gation neural network algorithm for the prediction of
surface roughness values, based on experimental values
of roller burnishing parameters. Roller burnishing of
the ship engine component (Crosshead pin), see Figure
1, was conducted within the machining department of
the ship engine factory 3. Maj Engines and Cranes.
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Four input parameters and one output parameter
were measured for different roller burnishing regimes.

After 32 different measurements, input and output
parameters were processed with the software which de-
veloped model of neural network. Developed neural
network enabled prediction of the mentioned compo-
nent surface roughness values for different input roller
burnishing parameters, which are controlled by a user.
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Figure 1 Component of the ship engine Crosshead pin
207



Figure 2 Roller burnishing tool

DEFINITION OF THE PROBLEM AND
RESEARCH OBJECTIVE

Basic activity of the company 3. Maj Engines &
Cranes is a production of the two-stroke low speed ship
engines and ship cranes. One of the numerous engine
components that are produced inside the factory is the
crosshead pin (see Figure 1). Material of the crosshead
pin is forged steel (DIN Ck60.6). According to existing
process plan, crosshead pins were machined inside fac-
tory and then sent to the final grinding (OD480f8:83mm).
Since subcontracting activities induced additional ex-
penses, it was decided to explore the market for alterna-
tive solutions. After market investigation, there was fo-
und a tool which works on the principle of cold rolling
(roller burnishing method). Name of the tool is burnis-
hing roller and it can achieve surface roughness up to
Ra=0,08 pm. Figure 2 shows purchased roller burnis-
hing tool.

With regard to the fact that roller burnishing toll was
never used before, within the 3. Maj Engines and
Cranes’ machining department, and since the producer
of the tool gave very general working regimes, trial
crosshead pin was used in order to test the roller bur-
nishing tool. Parameters which have the most impact on
the surface roughness parameter are following, [1]:

— Spindle speed,

— Burnishing feed rate,

— Tool movement towards the workpiece,

— Number of tool passes.

During the tool testing, four different spindle speeds
(50 rpm, 90 rpm, 140 rpm and 180 rpm) and four diffe-
rent burnishing feed rates (0,08 mm/rev, 0,12 mm/rev,
0,16 mm/rev and 0,2 mm/rev) were used. Burnishing
force could not be measured since the shortage of mea-
suring tool and due to the unknown tool spring elasticity
coefficient. Figure 2 shows that used tool on its end has
measuring comparator which measures shortening of
the tool spring. It was decided that value which is mea-
sured on the comparator will be used in testing purposes
instead of burnishing force value. As agreed, the two
different tool movements towards the workpiece (0,2
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Table 1 Values of the parameters in the realized

experiment
No. | Spindle | Burnishing | Tool move- | Number | Surface
speed feed rate ment/mm | oftool | roughness
/rpm / mm/rev passes Ra/pm
1 50 0,08 0,2 1 1,03
2 50 0,08 0,2 2 0,42
3 90 0,12 0,2 3 0,28
4 90 0,12 0,2 4 0,12
5 140 0,16 0,2 5 0,08
6 140 0,12 0,4 1 13
7 140 0,12 0,4 2 0,51
8 140 0,16 0,4 3 0,42
9 140 0,16 0,4 4 0,36
10 180 0,2 0,2 5 0,33
11 180 0,2 0,2 6 0,30
12 180 0,16 0,2 7 0,23
13 180 0,16 0,2 8 0,18
14 90 0,2 0,2 1 1,23
15 90 0,16 0,4 2 0,40
16 90 0,16 0,4 3 0,32
17 90 0,16 0,4 4 0,29
18 140 0,08 0,4 5 0,24
19 140 0,08 04 6 0,20
20 140 0,08 0,4 7 0,19
21 140 0,08 0,4 8 0,13
22 180 0,2 0,2 1 1,01
23 180 0,2 0,2 2 0,44
24 180 0,2 0,2 3 0,35
25 180 0,2 0,2 4 0,28
26 180 0,2 0,2 5 0,23
27 180 0,2 0,2 6 0,20
28 180 0,16 0,2 7 0,18
29 180 0,16 0,2 8 0,12
30 50 0,12 0,4 1 1,5
31 50 0,16 0,4 2 0,61
32 50 0,16 0,4 3 0,41

mm and 0,4 mm) were used during the testing. Number
of tool passes varied between 1 and 8 passes.

During the experiment realization with different
working regimes, workpiece surface roughness was
measured after each tool pass. Surface roughness pa-
rameter Ra was measured with measuring device type
TIME Group Inc. TR110. Testing workpiece was ma-
chined on the conventional lathe TOS type SU100. Oil
emulsion was used for the lubrification of the contact
area.

Table 1 shows values of measured parameters. Fig-
ure 3 shows the roller burnishing tool in action. Figure
does not represent tested workpiece.

Experimental parameters shown in Table 1 were
used for the modeling of the backpropagation neural
network for the prediction of surface roughness. Neural
network was built through the usage of the computer
application EasyNN Plus in a trial version. Application
was also used for the presentation of final results.
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[ General
Learning cycles: 3201 Validating error: 0,004637

Training error; ~ 0,000753
Validating results: 100,00 % correct after rounding

r Grid ————— 4 rNetwork ——————
Input columns: 4 | |Input nodes connected: 4
| Output columns: 1 | |Hidden layer 1 nodes: 10
Bxoiuded dohans; 0 | Hidden layer 2 nodes: 0
e Training example rows: 2 Eidenlyed nodes:
B \Validat. example rows: 6 | Output nodes:

0

R A 6 ;

Figure 3 Roller burnishing tool in action, [7] ;guclryci!ns cxamp:c TOWS: (l] Serial input nodes: 0
|Excluded example rows: | H 0

Duplicat. examg]e rows: 0 | ISl:rlal output nodes: 0

DESCRIPTION OF THE NEURAL NETWORK

r Controls — _— ==
SOFTWARE Learning rate: 0,6000 Momentum: 0,8000
Validating 'correct' rate: 100,00 %
Computer application named EasyNN Plus 2010 ITa’ge‘ 0T 0,0100

v.14.0d was used as a trial version. Manufacturer of this
application is Neural Planner Software. EasyNN Plus
grows multi-layer neural networks based on entered in-
put and output parameter values inside of the grid. The
neural network input and output layers are created to
match the grid input and output columns. Hidden layers
connecting to the input and output layers can then be
grown to hold the optimum number of nodes. Each
node contains a neuron and its connection addresses.
The whole process is automatic. The neural networks
learn the training data in the grid and they can use the
validating data in the grid to self validate at the same
time. When training finishes the neural networks can be
tested using the querying data in the grid using the inter-
active query facilities or using querying data in separate
files. The steps that are required to produce neural net-
works are automated in EasyNN-plus, [8].

Figure 4 Grown neural network information data

RESULTS

After inserted values, computer application grown
neural network with characteristics shown in Figure 4.
Figure 4 contains all important information about grown
neural network. Neural network was created after 3201
learning cycles. Training error was 0,000753, and valida-
tion error was 0,004637. Network had four types of the
input parameters and one output parameter. For the train-
ing purposes, 26 rows were used from the grid and for the
validating purposes six rows. Learning rate was 0,6 and
momentum 0,8. Maximum target error was 0,01.

Figure 5 shows graphical presentation of grown ne-

Figure 5 Grown neural network configuration

ural network. Tllln&;mg Bréce Maximum Average Minimum Validating ermr_I
Figure 6 shows the curve of the training error propa- 090\

gation. Red line represents maximum training error 0,80 !

which in the last cycle had value 0,00509, green line 0,701\ -

represents average training error which in the last cycle g’:g:

had value 0,000753, and the blue curve represents min- 040

imal training error which in the last cycle had value 0. 0,30

Average validation error is marked with orange curve 9301

and in the last cycle had value 0,004637. L :
Deviation of the real surface roughness parameter 0 64 129194 262 392 540 865 IJLEEE;%dIg 'cm

value (black line) and the one predicted by the grown S

neural network (red dots) is shown in Figure 7. Figure 6 Training error propagation graph
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Figure 7 Difference between true and predicted values of
surface roughness

Easy NN has the possibility to query predicted values.
Query row is inserted in the cells and through the user
variation of input parameters, new value of the surface
roughness can be calculated. This was the goal of this
paper. Query procedure is shown in Figures 8 and 9.

Furthermore, Easy NN can calculate which of the
multiple input parameters has the greatest impact on the

[ Query rk |
Example Types to Select
0 querying  Query FOrvrrT <« < » 5
Input
B2 g e  Show Real
Increase| Decreasl Min | Max Seck High | - Stop/Stan Cycle]
[Set ] [:0000 Seck Low | Sct Seck Targews| | | EXiend Range
Locks Names  Values Names ~ Values
\Spindle speed | 180,0000 Ra 0,0971
Burnishing feed|0,0800 dd Query
Tool movement |0,2000
(Number of tool |8,0000 Exclude Query
Close

Figure 8 Predicted value of surface roughness on the right
side for shown input parameters values on the left

side
—L'l_ulsr';
Example Types to Select
0 querying  Query FQrvrT @ <
Inputs Outputs
Increase| Decrease]  Min | Max Seck High |~ Stop/Start Cycle]
140 Seck Low | Set Seck Targets
Locks Names  Values Names _ Values
\Spindle speed | 140,0000 Ra 1,1277

Burnishing feed|0,0800
Tool movement |0,2000
Number of tool |1,0000

E3)

> 2

I~ Show Real
I™ Extend Range

Add Query

Exclude Guery

Close

Figure 9 Increased value of surface roughness due to
decreased spindle speed and decreased number of

tool passes
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Column Input Name Importance Relative Importance

3 Number of tool passes 40,6619
1 Burnishing feed rate 11,2645
2 Tool movement towards... 10,7518 El
0 Spindle speed 7,0222

Figure 10 Impact of input parameters on the output surface
roughness value

output parameter. Figure 10 shows that the greatest im-
pact on the surface roughness value has the number of
tool passes parameter.

CONCLUSION

Usage of the backpropagation neural network for the
modeling of the real machining procedure, showed very
interesting and valuable results. In fact, computer mo-
deling of the actual roller burnishing procedure through
the usage of the neural network, enabled to a user possi-
bility to determine the values of the roller burnishing
parameters for wanted surface roughness. Developed
computer model can give quick and cheap answers nee-
ded for construction of the process plan. It is shown that
developed model can predict values of machining para-
meters with the average mistake lower than 1 %. This
mistake confirms the value of the developed neural
network model and justifies the usage of such a model
in practical work. Grown neural network can be used as
described in this paper, or it can be integrated inside the
ERP system.
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