





motor is connected to the water pump by a V-belt, which is tensioned by a mechanism.
The experimental cooling system assembly has two cooling circuits (small and large). the
cooling medium flows in a small cooling circuit at a temperature of up to 80 °C. It consists
of a water pump (4) which drives the coolant through the cylinder block (5), the cylinder
head (6) and subsequently into the thermostat body (8). From there, the coolant is driven
to the inlet of the heater. In the heating spiral body (12), the coolant is heated by a heat-
ing spiral (11). In the case of aeration or flooding of the heating element (12), a return
pipe (d) is led from its upper part to the expansion vessel (9). The outlet of the heating
element is connected by a pipe to a water pump. The coolant flows in a small circuit until
the temperature rises above 80 °C. Subsequently, the thermostatic valve housed in the
thermostat body (8) starts to open and the hot refrigerant flows to the inlet of the cooler
(1). In the event that the hot liquid cannot flow under pressure through the cooler (3), a part
of it flows through the return pipe (d) into the expansion vessel. Through the cooler outlet
pipe (2), the cooled medium flows back to the water pump and from there back to a small
circuit until the coolant temperature drops below 80 °C. If the coolant cannot be cooled
by the engine cooler itself, the fan is activated, which more intensively removes heat from
the pipes and fins of the cooler.

The distribution and circulation of the cooling air volume to the heated cooler core was
provided by a Master DF 20 P fan placed in front of the cooler. An axial fan takes in and
blows out air parallel to the axis of the drive (increasing the pressure of the air flowing
through it). This type of fan provides an airflow of 6,600 m*/h and has an ideal outer diameter
(9 500 mm), which is identical in size to the built-up engine cooler from the Skoda Fabia
1.4 (Fig. 2). Outlet airflow can be set in three stages (stage 1: 6 m/s, stage 2: 8 m/s, stage
3: 10 m/s). The fan can be rotated both horizontally and vertically to simulate side airflow.

a) b)
Fig. 2 Skoda Fabia 1.4 cooler used in the research, a) direction of coolant flow, (b) basic dimen-
sions

Obr. 2 Chladi¢ Skoda Fabia 1.4 pouzity pri vyskume, a) smer toku chladiacej kvapaliny,
b) zakladné rozmery
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The arrangement of the tubes in this type of cooler is consecutive, the fluid flow is
transverse, and the tubes are divided by a dividing chamber into an upper and a lower part
(two-way cooler). The radiator from the Skoda Fabia 1.4 engine consists of 44 tubes,
which are arranged in two rows of 22 pieces in each row. The spacing between each g 5mm
diameter pipe is 20 mm and the spacing between the first and second rows is 10 mm. Along
the entire length of the cooler tubes 430 mm, fins are fitted on the tubes for intensive heat
dissipation.

The experimental measurements were carried out while the coolant in the large engine
coolant circuit was cooling down until the thermostat was closed (below 80 °C). Cool-
ing process of the G12 coolant lasted experimentally for 180 seconds after the fans were
started. During heating and cooling, the temperatures of the coolant in the pipes at the inlet
(Fig. 3a) and outlet (Fig. 3b) of the cooler, were recorded by means of two NTC ZA 9040-
FS thermistors (accuracy +0.01 °C). Temperature values from the course of measurements
were recorded by the ALMEMO 2590-4S datalogger. The temperature distribution on the
surface of the cooler was non-contactless recorded by a thermal imaging camera FLIR ES-
XT (accuracy £2% of the recorded value, detector resolution 160%120 points, measured
temperature range from -20 °C to +250 °C, field of view 45°%34°), (Fig. 3c¢).

o |

Fig. 3 Sensors and instruments for recording temperatures, (a) thermistor in the inlet pipe of the
cooler, (b) thermistor in the outlet pipe of the cooler, (¢) thermal imaging camera

Obr. 3 Snimace a pristroje pre zaznam teplot, a) termistor vo vstupnom potrubi chladica,
b) termistor vo vystupnom potrubi chladica, c¢) termovizna kamera

RESULTS AND DISCUSSION

Coolant inlet temperatures (Fig. 4) and coolant outlet temperatures (Fig. 5) were re-
corded while monitoring the cooling process. To determine the difference in cooling effi-
ciency, a measurement was first made using the engine cooler fan. Subsequently, an indus-
trial fan was mounted in front of the cooler and after heating the coolant in the circuit to
the operating temperature (80 °C), the industrial fan was started with an initial air velocity
0f26.6 km/h (6 m/s). This was followed by an increase in air velocity to 28.8 km/h (8 m/s)
and the highest possible velocity that the fan can generate to 36 km/h (10 m/s).

Within the inlet manifold of the cooler, the industrial fan with all tested airflow ve-
locity initially achieved better temperature values by time 0:01:30. This is because the
ram-air does not have to first suck the hot air through the heat exchange surface (causing
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the heat exchange to slow down) and divert it towards the engine compartment, as is the
case with a fan. The ram-air passes directly through the heat exchange surface at ambient
temperature, which is usually a few tens of degrees lower (in this case 20 °C). The rever-
sal occurred at time 0:02:00, when the engine cooler fan achieved better heat dissipation
compared to the intake air by 0.5 °C on average, with this value rising to 1.5 °C at the end
of the measurements (time 0:03:00). This is because the ram-air passing through the heat
exchange surface of the cooler hits the plastic cover of the cooler fan, which prevents the
ram-air from cooling individual hoses or components of the cooling system or engine. The
only possible path of the ram-air passing through the heat exchange surface is between
the individual fan blades, thus the heat dissipation from the components located behind
the cooler is relatively limited. However, this problem does not occur when the cooler fan
is running as it initially draws in hot air from in front of the cooler and discharges it into
the engine compartment, which at the same time lowers the temperature of the engine. In
real engine operation, however, the measured difference in fan and charge air efficiency is
negligible because the temperature drop during the cooling process is usually below the
operating temperature and cooling lasts only a few seconds.

85

-=cooler fan

~ram-air_v = 21.6 km/h

fes]
o

~ram-air_v = 28.8 km/h

~ram-air_v = 36 km/h

~
u

Cooler inlet temperature T;, [°C]
~
o

65 . . . .
0:00:00 0:00:45 0:01:30 0:02:15 0:03:00
Cooling time t [h:min:s]

Fig. 4 Comparison of cooling times at the cooler inlet when using a cooler fan and an
external fan (ram-air)

Obr. 4 Porovnanie ¢asov ochladzovania na vstupe do chladi¢a pri pouziti ventilatora
chladica a externé¢ho ventilatora (napor vzduchu)

For efficient operation of an internal combustion engine, it is essential to maintain its
temperature within the optimum temperature range (coolant 80 + 90 °C, lubricating oil 80
+ 120 °C). If the engine does not achieve it, this leads to increased wear of components
(moving parts), increased exhaust gas pressure, degradation of the operating cartridges,
increased fuel consumption and loss of power.
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Among the most heat-exposed components in an internal combustion engine during
operation are the cylinder head and cylinder block, where high temperatures are generated
because of the combustion process of the mixture in the cylinder. During the experimental
tests, the thermal imaging camera imaged the surface of the cylinder block where, as in the
real engine, the greatest heat accumulation occurred.

From the comparison of the sensed surface temperatures, the temperature drop of the
cylinder block surface during the external fan cooling process (air velocity of 10 m/s) for
30 seconds was 4.2 °C. In the process of cooling by the cooler fan, the surface temperature
of the cylinder block dropped by 11.5 °C in 30 seconds. The three-fold reduction in surface
temperature by the cooler fan is due to its location. The cooler fan is attached to the heat
exchange surface by means of a wreath. This shroud is full except for the cut-out for the
fan mounting and allows the distribution of the ram-air further to the engine only between
the fan blades. In contrast, the airflow generated by the cooler fan blades has no obstacle
in its path, it flows directly onto the individual surfaces of the engine components, thus
cooling them at the same time.

Fig. 7 Thermal images during the external fan cooling process
(ram-air: fan located in front of the cooler)

Obr. 7 Termovizne snimky pocas procesu chladenia externym ventilatorom
(naporovy vzduch: ventilator umiestneny pred chladicom)

However, more meaningful than the surface temperature of the components is the tem-
perature inside the engine. Compared to the cooler fan, the external fan provided a higher
coolant temperature drop (from an operating value of 80 °C) at the cooler outlet of 9.1 °C.
In the case of correct operation of the engine and its groups, the ram-air (driving of the
vehicle) reliably ensures intensive dissipation of excess heat and maintenance of the opti-
mum temperature. The cooler fan is started only rarely and for a short period of time (15 + 30
seconds on average) when there is insufficient flow of ambient air at a lower temperature
through the heat exchange surface.
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ABSTRACT: The main objective of this research is to test the adhesion properties of motorcycle
tires and brakes with Nankang Sportiac WF-2 tires using deceleration. Nowadays, the probability of
a traffic accident is increased with the ever-increasing number of vehicles on our roads, while most
accidents can be prevented by improving the condition and driving characteristics of the vehicle
and training the driver in critical situations. It is also necessary to improve the driving characteris-
tics of the motorcycle with the ever-increasing power of motorcycles. Our measured motorcycle is
equipped with a sports exhaust and on the front pair of brakes it is equipped with Brembo brake pads
with a sintered compound. At the time of measurement, the front tire had approximately 3,000 km
and the rear approximately 1,000 km. We used the device XL MeterTM Pro Alfa designed to mea-
sure the acceleration or deceleration of the vehicle needed to calculate tire adhesion while the device
must be positioned such way that its attachment is perpendicular to the road and the axis of the
measuring device is parallel to the axis of the vehicle. Another device was a digital rollmeter used to
measure ground distances and to check the results of the braking distance. Before the measurements
themselves, it was necessary to fix the measuring device and to perform test rides to evaluate the
road quality and warm up the test motorcycle. Measurements on the said motorcycle were carried
out at three different speeds of 50, 70 and 100 km.h"!, while at each speed braking was measured
either with only the front brake, the rear brake or both brakes together. In all measurements with
only the rear brake, the rear wheel skidded, while when braking with the rear brake from speeds of
75 and 98 km.h'! and when braking from speeds of 67 and 102 km.h"!, the rear wheel lifted into the
air. The highest deceleration was achieved at a speed of 79 km.h"! at a value 0of 9.77 m.s when brak-
ing with only the front brake, which corresponds to an adhesion of 0.99, while the lowest adhesion
values were achieved at braking with the rear brake only in the value of 0.34 due to the low load on
the rear wheel and dynamic load transfer. During limit braking with the front brake, the entire gravi-
tational force is dynamically transferred to the front wheel, which makes it possible to use the entire
weight for braking power, thus this phenomenon has a great influence on the resulting deceleration.
The given method of determining the limit adhesion can be considered technically acceptable and
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correct. From the resulting measurement values, it follows that braking with the rear brake is very
difficult due to the rapid occurrence of wheel locking and the subsequent threat of loss of stability.

Key words: motorcycle, tires, deceleration, adhesion,

ABSTRAKT: Hlavnym ciel'om tohto vyskumu je testovanie adhéznych vlastnosti a bizd pomocou
spomalenia na motocykle s pneumatikami Nankang Sportiac WF-2. V dnesnej dobe s neustale sa
zvySujucim poctom vozidiel na nasich cestach je zvysena pravdepodobnost’ dopravnej nehody, pri-
¢om vicsine nehdd sa da predist’ zlepSenim stavu a jazdnych vlastnosti vozidla a skolenim vodica
v kritickych situaciach. S neustale sa zvySujicim vykonom motocyklov je potrebné zlepSovat’ aj
jazdné vlastnosti motocykla. Na§ merany motocykel je vybaveny $portovym vyfukom a na pred-
nom pare brzd je vybaveny brzdovymi dostickami Brembo so sintrovanou zmesou. V ¢ase merania
mala predna pneumatika najazdenych priblizne 3000 km a zadna priblizne 1000 km. Pri meraniach
sme pouzili pristroj XL MeterTM Pro Alfa urceny na meranie zrychlenia alebo spomalenia vozidla
potrebného na vypocet adhézie pneumatik pricom zariadenie musi byt’ umiestnené tak, aby jeho
upevnenie bolo kolmé na vozovku a os meracicho zariadenia bola rovnobezna s osou vozidla. Dalsi
pouzity pristroj bol digitalny rollmeter uréeny na meranie vzdialenosti od zeme a na kontrolu vy-
sledkov brzdnej drahy. Pred samotnymi meraniami bola potrebné upevnenie meracicho zariadenia
a vykonanie testovacich jazd na vyhodnotenie kvality vozovky a zahriatie testovaného motocykla.
Merania na uvedenom motocykli boli realizované pri troch roznych rychlostiach 50, 70 a 100 km.h-
!, priom pri kazdej rychlosti bolo merané brzdenie bud’ len prednou brzdou, zadnou brzdou alebo
oboma brzdami spolu. Pri v§etkych meraniach len so zadnou brzdou doslo k $myku zadného kolesa
pric¢om pri brzdeni zadnou brzdou z rychlosti 75 a 98 km.h™! a pri brzdeni z rychlosti 67 a 102 km.h"!
sa zadné koleso zdvihlo do vzduchu. Najvyssie spomalenie bolo dosiahnuté pri rychlosti 79 km.h-!
pri hodnote 9,77 m.s*? pri brzdeni len prednou brzdou, ¢o zodpoveda adhézii 0,99, pri¢om najnizsie
hodnoty adhézie boli dosiahnuté pri brzdeni so zadnou brzdou len v hodnote 0,34 z dévodu nizke;j
zataze zadného kolesa a dynamického prenosu zataze. Pri limitnom brzdeni prednou brzdou sa cela
gravita¢na sila dynamicky prenasa na predné koleso, ¢o umoznuje vyuzit' celi hmotnost’ na brzdnt
silu, tym padom tento jav ma velky vplyv na vysledné dosiahnuté spomalenie. Dany sposob stano-
venia limitnej adhézie mozno povazovat’ za technicky prijatelny a spravny. Z vyslednych hodnot
merania vyplyva, Ze brzdenie zadnou brzdou je vel'mi naro¢né z dévodu rychleho vzniku zabloko-
vania kolies a naslednej hrozby straty stability.

Kracové slova: motocykel, pneumatiky, spomalenie, adhézia
INTRODUCTION

Nowadays, with the ever-increasing number of vehicles on our roads, there is an in-
creased chance of a traffic accident, while most accidents can be prevented by improving
the condition and driving characteristics of the vehicle and by training the driver in critical
situations. With the ever-increasing performance of motorcycles, it is also necessary to
improve the driving characteristics of the motorcycle. The tire has several important func-
tions, mainly ensuring the transmission of driving forces and braking forces, indicating
the direction of the vehicle and also providing the initial suspension of the vehicle. The
gas in the tire can be filled either directly between the tire and the wheel rim in the case
of tubeless tires or into the tube of the tire, while the gas is mostly air or pure nitrogen
used mainly in sports vehicles. Tires are made of several materials, the main ones being
rubber and steel. The tire is fixed on the rim. Disks can be of different types. The most
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commonly used are metal or light alloy, with older vehicles or motorcycles, spoked wheels
are also used. The main requirements for wheel discs are low weight, mechanical and
chemical resistance, flexibility and strength. In the case of motorcycles as well as in other
vehicles, it is necessary that their brakes are sufficiently dimensioned for the use of the
given vehicle (Hugo, 1994; Dockal et al., 1998). Different types of brake systems are used
in motorcycles. There are drum and disc brakes. Drum brakes were often used in the past
on all types of motorcycles, nowadays they are used on cheap vehicles and exclusively on
the rear wheel. Their main disadvantage is insufficient cooling compared to modern disc
brakes. Disc brakes system is more modern than drum brakes. Its main advantage is better
heat dissipation and smaller size with the same braking effect. Disc brakes consist of three
basic parts namely brake shoes, brake discs and brake segment. Just as cars are equipped
with various auxiliary systems for the protection of the driver and the vehicle‘s crew, so
are motorcycles (Vernanec, 2006; Kolektiv autorov, 2008; Sloboda, 2008). The most used
such device for braking is ABS. Another auxiliary system is traction control, the task of
which is to compare the speed of the wheels, and if the system evaluates a discrepancy,
the power transmitted to the driven axle is reduced. In the case of powerful machines, the
anti-wheelie system prevents the front wheel from lifting during sharp acceleration. In
this work, we will focus on testing the adhesion properties and brake system of the Honda
CB600S motorcycle at different speeds on the selected surface (Kulhanek, 1997; Liscak,
2004; Hudak, Vrabel’, 2010).

MATERIAL AND METHODS

Characteristic of used material

For the measurement, we used a Honda motorcycle with year of manufacture 2003 and
type designation CB600S. The motorcycle is equipped with a sports exhaust pipe and on
the front pair of brakes it is equipped with Brembo brake pads with sintered compound.
The mentioned motorcycle does not contain any auxiliary elements either for braking or
acceleration. The motorcycle was measured with Nankang Sportiac WF-2 tires. At the
time of measurement, the front tire had travelled approximately 3000 km and the rear ap-
proximately 1000 km. Other characteristics and parameters of the motorcycle are shown
in Tab. 1.

Tab. 1 Parameters and properties of motorcycle
Tabul’ka 1 Parametre a vlastnosti motocykla Honda CB600S 2003

Motorcycle Honda CB600S 2003
Brand" Honda
Type? motorcycle
Category® L3e
Engine capacity® [cmq] 599
Motor (type)® PC34/4/1
Maximum engine power [kW] / revolutions 70 /12 000
[min-]®
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Maximum torque [Nm] / revolutions [min- 67 /10 000
1]7)

Operational weight® [kg] 197
The size of front tire® 120/70ZR 17 (58W)
The size of rear tire'® 180/55ZR 17 (73W)

DZnacka, ?Typ, YKategoria, YObjem motora, YMotor, “Maximalny vykon /otacky, "Maximalny kr-
atiaci moment / otacky, ®Prevadzkova hmotnost’, ?Rozmer prednej pneumatiky, ”’Rozmer zadnej
pneumatiky

Fig. 1 Tested motorcycle Honda CB600S 2003
Obr. 1 Testovany motocykel Honda CB600S 2003

Characteristic of used devices

The first used device was the XL Meter™ Pro Alfa designed to measure the accelera-
tion or deceleration of the vehicle needed to calculate tire adhesion. The device displays
data such as maximum speed or the deceleration achieved during the measurement, the
length of the braking distance and the braking time. The device must be placed in such a
way that its attachment is perpendicular to the road and the axis of the measuring device
must be parallel to the axis of the vehicle. Next, we used a digital rollmeter to measure
ground distances and to check the results of the braking distance. The measuring range of
this device is in the range from 0 to 9999 meters with an accuracy of 0.10 meters.
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Fig. 2 Digital rollmeter
Obr. 2 Digitalny rollmeter

Characteristics of work procedures

— Production of a handle for attaching the measuring device to the vehicle and fixing the
measuring device to the holder, recording the parameters of the measured vehicle, tires
and measurement conditions

— During the measurement the ambient temperature was 27 °C and the road temperature
30.2 °C.

— Carrying out test rides to evaluate the quality of the road and warm up the tested mo-
torcycle

— Performing measurement nine times at speeds of 50, 80, 100 km.h"'. and using differ-
ent combinations of braking with either the front brake only, the rear brake or both at
the same time

— Recording and evaluation of measured values with the XL MeterTM Pro device and
measuring the length of the braking distance with a rollmeter

— Based on the measured deceleration values, it is possible to calculate the tire adhesion
values.

The adhesion coefficient calculation:
o= a (1)
g

where a is measured deceleration [m.s?],
g is gravitational deceleration [m.s?]
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RESULTS

In all measurements with the rear brake only, the rear wheel skidded, while the rear
wheel lifted into the air when braking from speeds of 75 and 98 km.h"'. Tab. 2 shows the
results of measuring the braking distance when braking with the rear brake only, and Fig.
3 shows the characteristics of the deceleration of the motorcycle using the rear brake only.
When braking from speeds of 67 and 102 km.h"!, the rear wheel rose again into the air.
Tab. 3 shows the results of measuring the braking distance when braking only with the
front brake, and Fig. 4 shows the characteristics of motorcycle deceleration using only the
front brake.

Table 2 Measurement the braking distance when braking with the rear brake only
Tabul'ka 2 Meranie brzdnej drahy pri brzdeni len zadnou brzdou

Measurement 1. 2. 3.
Speed” [km.h] 49 65 79
Values measured by rollmeter
Beginning of the braking track? 575 447 118.5
[m]
End of the braking track® [m] 71,4 77,4 164,5
The length of the braking track® 275 32,7 44
[m]
Values obtained from the XL-meter
Length of braking distance® [m] 27,7 47,52 60,2
Braking time® [s] 4,26 5,34 7,13
Deceleration value” [m.s?] 3,4 32 33

YRychlost, 2Zaciatok brzdnej stopy, *Koniec brzdnej stopy, ¥Dlzka brzdnej stopy,
DiZka brzdnej drahy, ©Cas brzdenia, ?Hodnota spomalenia
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Fig. 3 Characteristics of deceleration of the Honda CB600S using the rear brake, on dry asphalt at

a speed of 49 km.h'!, braking time 4,26 s and braking deceleration 3,44 m.s?
Obr. 3 Charakteristika spomalenia Hondy CB600S zadnou brzdou, na suchom asfalte pri rychlosti
49 km.h'!, brzdny ¢as 4,26 s a brzdné spomalenie 3,44 m.s?

Tab. 3 Measurement of the braking distance when braking with the front brake only
Tabul'ka 3 Meranie brzdnej drahy pri brzdeni len prednou brzdou

6 7 8 9 10 11 12 13 14 15 16 17 18
[kmsh] Thr:

[=] MFDD:

3.44

[mr=2]

Measurement 4. S. 6.
Speed” [km.h] 55,6 79,57 102,2
Values measured by rollmeter
Beginning of the braking track® [m] 36,7 79,0 111,9
End of the braking track® [m] 49,5 104,0 157,1
The length of the braking track® [m] 12,7 25,0 47,1
Values obtained from the XL-meter

Length of braking distance® [m] 19,5 39,68 57,60
Braking time® [s] 2,12 2,96 3,56

Deceleration value” [m.s?] 8,8 9,77 9,2

b Rychlost, 2Zagiatok brzdnej stopy, YKoniec brzdnej stopy, ¥Dizka brzdnej stopy, ¥Dizka brzdnej

dréhy, ©Cas brzdenia, ?Hodnota spomalenia
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Fig. 4 Characteristics of deceleration of the Honda CB600S using the front brake, on dry asphalt at
a speed of 50 km.h'!, braking time 1,93 s and braking deceleration 8,40 m.s?
Obr. 4 Charakteristika spomalenia Hondy CB600S pomocou prednej brzdy, na suchom asfalte pri
rychlosti 50 km.h, brzdny ¢as 1,93 s a brzdné spomalenie 8,40 m.s?

Tab. 4 Measurement of the braking distance when braking with both brakes
Tabul'ka 4 Meranie brzdnej drahy pri brzdeni oboma brzdami

Measurement 7. 8. 9.

Speed [km.h'] 50,6 67,1 102,2
Values measured by rollmeter
Beginning of the braking track [m] 21,0 50,7 122,2
End of the braking track [m] 344 67,7 155,9
The length of the braking track [m] 13,4 17,0 33,7
Values obtained from the XL-meter

Length of braking distance [m] 14,9 28,5 50,8
Braking time [s] 1,93 2,52 3,35

Deceleration value [m.s?] 8,3 9,6 9,4

DRychlost,, 2Zatiatok brzdnej stopy, *Koniec brzdnej stopy, ¥Dizka brzdnej stopy, ¥Dizka brzdnej
dréhy, ©Cas brzdenia, ?Hodnota spomalenia
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Fig. 5 Characteristics of deceleration of the Honda CB600S using the both brakes, on dry asphalt
at a speed of 50,6 km.h"!, braking time 2,13 s and braking deceleration 8,89 m.s?
Obr. 5 Charakteristika spomalenia Hondy CB600S pomocou obidvoch bizd, na suchom asfalte pri
rychlosti 50,6 km.h"!, brzdny ¢as 2,13 s a brzdné spomalenie 8,89 m.s?

In Tab. 4 are shown the results of measuring the braking distance when braking with both brakes,
and Fig. 5 shows the characteristics of motorcycle deceleration using both brakes. For each measure-
ment, we calculated the adhesion coefficient values, which can be seen in Tab. 5 together with the
corresponding deceleration value for the individual speeds and used motorcycle brakes.

Tab. 5 Results of measurements
Tabul'ka 5 Vysledky merani

. Gravitational . Average coef-
Speed [km.h] Brakes Deceleratl(;n acceleration Coeﬁicu.mt of ficient of adhe-
value [m.s?] > adhesion .
[m.s?] sion
49 34 0,35
65 Rear 3,2 0,33 0,34
37 33 0,34
55.6 8.8 981 0.90
79.57 Front 9.77 ’ 0,99 0,94
102,2 9.2 0,94
50,6 8.3 0,85
67.1 Both 9.6 0,98 0,93
102,2 9.4 0.96
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When braking with the front brake only and with both brakes, the detected values are al-
mostthe same, while the highest deceleration wasachieved ataspeed of 79 km.h' ata value of
9.77 m.s?> when braking with the front brake only, which corresponds to an adhesion of
0.99, while the lowest adhesion values were achieved at braking with the rear brake only
in the value of 0.34. This value cannot be considered the maximum, because when brak-
ing with the rear brake only, the weight is transferred to the front wheel and according to
relation (1), the entire weight falling on the rear wheel is not used for deceleration, which
significantly reduces the braking force from the pad. When braking at the limit with the
front brake, the entire gravity force is dynamically transferred to the front wheel, which
makes it possible to use the entire weight for braking force, which means that this phe-
nomenon has a great influence on the resulting deceleration achieved. The given method
of determining limit adhesion can be considered technically acceptable and correct.

If a cruiser type vehicle or a touring motorcycle were measured, it can be assumed that
the adhesion values would be greater on the rear wheel. From the resulting measurement
values, it follows that braking with the rear brake is very difficult due to the rapid occur-
rence of wheel locking and the subsequent threat of loss of stability. Therefore, braking
with the rear brake requires greater experience and better dosing of the braking force by
the rider himself.

DISCUSSION

Similar measurements and results were achieved by the author Kotek (2017), who also
dealt with the evaluation of the adhesion properties of tires they noticed that the braking
distance increases with increasing speed and also brake deceleration results increased with
increasing speed. They found a braking distance of 31 m at an initial speed of 100 km.h!
with a braking deceleration of 9.8 m.s™. In his work, the author Novosad (2017) similarly
focused on the adhesion properties of road vehicle tires and after evaluating the results he
came to similar conclusions. The author found that at an initial speed of 100 km.h"!, the
braking distance was 46.3 m with a braking deceleration of 8.9 m.s? and coefficient of an
adhesion 0,907. An author which confirmed the claim of the manufacturers and experts,
which speaks of better adhesion properties of summer tires at a temperature higher than
7 °C. Author Oc¢ovay (2013) carried out a similar measurement where he observed and
tested selected tires on different surfaces and found that winter tires have higher braking
deceleration values than summer tires, which is due to the softer winter tire compound
used. This was also reflected in the shorter braking distance. The measured braking decel-
eration values were different, which was caused by different road characteristics and dif-
ferent temperature in each measurement. The author measured the highest value at a speed
of 46 km.h'! and found out that the braking deceleration increases with increasing speed
due to the greater effect of the ABS system. Similar research was carried out by author
Zalesak (2016) who dealt with the issue of investigating summer and winter properties of
tires. When measuring summer tires, an author found that at an initial speed of 94.53 km.h-
!, the braking distance was 39 m with a braking deceleration 0of 9.26 m.s and an adhesion
coefficient of 0.94.
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CONCLUSION

This research was focused on measuring the adhesion properties of tires on a test mo-
torcycle of the brand and type Honda CB600S. Within the motorcycle, we used Nankang
tires of the Sportiac WF-2 type with size 120/60 R17 on the front wheel and size 180/55
R17 on the rear wheel. We achieved the highest deceleration when braking with the front
brake only in the value of 9.77 m.s at a speed of 79 km.h™! and with an achieved adhesion
0f 0.99, on the contrary, we achieved the lowest deceleration values when braking with the
rear brake only due to the low load on the rear wheel and dynamic load transfer. From the
resulting measurement values, it follows that braking with the rear brake is very difficult
due to the rapid occurrence of wheel locking and the subsequent threat of loss of stability.
Therefore, braking with the rear brake requires greater experience and better dosing of the
braking force by the rider himself. After comparing the results with other authors, we can
conclude that our measurement was correct and we fulfilled the research objective and the
given method of determining limit adhesion can be considered technically acceptable and
correct.
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ABSTRACT: The use of artificial intelligence algorithms and their properties makes it easier to
analyse data and then, based on it, find out the factors that affect it the most. This paper summarizes
basics of the algorithm, inner principes of algorithms with examples and usage in terms of problem
solving. In this overview several algorithms are mentioned such as: genetic algorithm, decision tree,
artificial neural network etc. Each algorithm is suitable for a different type of problem, the article
briefly presents their uses for manufacturing and automation. In the conclusion, general recommen-
dations for choosing a suitable algorithm are summarized.

Artificial neural network algorithms and their modifications are used in the modelling of production
and machining processes based on the amount of real measured data of these processes. Such models
then enable the prediction and trend of monitored variables in real time, e.g. prediction of tool wear
and the related quality of the created surface.

Optimization algorithms such as particle swarm or ant colony optimisation, and other genetic algo-
rithms are used in the search for the optimal solution as the shortest sizes (distances) between manu-
facturing systems. This optimization does not have to be only in terms of time, but e.g. also the costs
necessary for the implementation of material flows, energy consumption. When choosing a specific
algorithm, the type of measured quantity (e.g. acoustic emission, vibration, power consumption,
cutting force) and thus the nature of the output signal of a specific sensor must be considered. It is
also necessary to consider the computational complexity and accuracy of the algorithm within the
requirements of a specific application, where e.g. algorithms such as decision trees are relatively
fast, but not as accurate as algorithms using artificial neural networks.

Key words: artificial intelligence, machine learning, manufacturing technology

ABSTRAKT: Vyuzivanie algoritmov umelej inteligencie a ich vlastnosti zjednodusuje ana-
lyzovanie dat a potom na zaklade nich zistenie faktorov, ktoré ich najviac ovplyviuja. Tento ¢lanok
sumarizuje zakladné algoritmy umelej inteligencie, ich vnutorné principy s prikladmi na ich vyuzZzitie
v oblasti vyrobnej techniky a obrabania. V tomto prehlade je spomenutych niekol'ko algoritmov

ACTA FACULTATIS TECHNICAE, XXIX, 2024 (2): 65-83 65



ako: geneticky algoritmus, rozhodovaci strom, umela neurénova siet’ a d’alsie. Kazdy algoritmus je
vhodny pre iny typ problému, v ¢lanku su struéne uvadzané ich pouzitia pre vyrobu a automatizaciu.
V zéavere su sumarizované vSeobecné odportcania pre vyber vhodného algoritmu.

Algoritmy na principe umelej neurénovej siete a ich modifikacie sa vyuzivaju pri modelovani
vyrobnych a obrabacich procesov na zaklade mnozstva realnych nameranych udajov tychto pro-
cesov. Takéto modely potom umoziuji predikciu a trend sledovanych premennych v realnom case,
napr. predikcia opotrebovania nastroja a s tym stvisiacej kvality vytvoreného povrchu.

Pri hl'adani optimalneho riesenia ako najkratsie vel’kosti (vzdialenosti) medzi vyrobnymi systémami
sa vyuzivaju optimaliza¢né algoritmy ako optimalizacie zhlukom ¢astic alebo koloniou mravcov
a dalSie genetické algoritmy. Tato optimalizacia nemusi byt len z ¢asového hl'adiska, ale napr.
aj naklady potrebné na realizaciu materialovych tokov, spotrebu energie. Pri vybere konkrétne-
ho algoritmu treba brat’ do uvahy typ meranej veliiny (napr. akusticka emisia, vibracie, prikon,
rezna sila) a tym aj charakter vystupného signalu konkrétneho snimaca. Taktiez je potrebné zvazit
vypoctovu naro¢nost’ a presnost’ algoritmu v ramci poziadaviek konkrétnej aplikacie, kde napr. al-
goritmy ako rozhodovacie stromy su relativne rychle, ale nie také presné ako algoritmy vyuzivajice
umelt neurénovu siet’.

KPiacové slova: umeld inteligencia, strojové ucenie, vyrobna technika
INTRODUCTION

Finding suitable solution to a problem arising in technical practice is not always an
easy task. In order to find a solution to a problem is imperative that we know all factors
that relate to and affect it. After rigorous analysis we can determine the appropriate solu-
tion. Not always we have resources necessary to analyse and solve the issue, while using
algorithms can save time and resources. Machine learning and algorithms of machine
learning are tools that are most suitable for finding optimal solution not only for manu-
facturing process. This article describes some algorithms used to solve problems aimed at
technical practice, with a particular focus on manufacturing technology. Coming forth are
indirect methods of measuring machining parameters. Measured data can be used to create
models. These algorithmic models offer subsequent advantage in adaptive and predictive
control.

The purpose of this article is to describe the basic principles and method of artificial
intelligence algorithms used for purpose in manufacturing sector. Selection of algorithms
is made on the basis of their spread especially for machining and related control and au-
tomation.

Article is divided into two main sections Machine learning and Neural network. In the
conclusion section, recommendations for choosing a suitable algorithm are summarized.

MACHINE LEARNING

Machine learning (ML) is a branch of artificial intelligence (Al) that focuses on the
using data and algorithms to enable Al to imitate the way that humans learn without being
programmed explicitly (Pimenov et al. 2023), gradually improving its overall accuracy.
Machine learning can be divided into three main parts such as decision process, an error
function and model optimization process.
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Decision Process: Overall machine learning algorithms are used to make a prediction
or classification. Based on some of input data, algorithm will produce an estimate
about a pattern in the data.

Error Function: Function that evaluates the prediction of the model. If there are known
examples, an error function can make a comparison to assess the accuracy of the mo-
del.

Model Optimization Process: In case that model can fit better to the data points in the
training set, then weights are adjusted to reduce the discrepancy between the known
examples and the model estimates. The algorithm will repeat this iterative “evaluate
and optimize” process, updating weights autonomously until a threshold of set accura-
cy has been met (IBM 2021).

Machine learning can be also divided to fall to categories according to supervision of

learning.

Supervised machine learning — defined by its use of labelled datasets to train algorithms
to classify data or predict outcomes accurately. As input data is put into the model, the
model adjusts its weights until it has been fitted appropriately. This occurs as part of
the cross-validation process to ensure that the model avoids overfitting (resulting in
a model that cannot make accurate predictions or conclusions) or underfitting (unable
to capture the relationship between the input and output variables accurately) Supervi-
sed learning helps organizations solve a variety of real-world problems at scale.
Unsupervised machine learning uses machine learning algorithms to analyse and clus-
ter unlabelled datasets (subsets called clusters). These algorithms discover hidden pa-
tterns or data groupings without the need for human intervention. This method’s ability
to discover similarities and differences in information make it ideal for exploratory
data analysis, cross-selling strategies, customer segmentation, and image and pattern
recognition. Two common approaches for this are principal component analysis (PCA)
and singular value decomposition (SVD).

Semi-supervised learning offers a medium between supervised and unsupervised lear-
ning. During training, it uses a smaller labelled data set to guide classification and fe-
ature extraction from a larger, unlabelled data set. Semi-supervised learning can solve
the problem of not having enough labelled data for a supervised learning algorithm
(Zhang et al. 2010).

In order to utilize algorithms for problem solving we need to know about all availa-

ble information about data in order to predict adequate solution as written by Hastie et
al. (2011). Machine learning offers advantages in manufacturing sector. From predictive
maintenance, quality control, customer personalization, supply and demand gives compe-
titive advantage to company. Implementation purpose of machine learning and its advan-
tages are shown in Fig 1.
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Fig. 1 Advantage of machine learning in manufacturing (Sanapala 2023)
Obr. 1 Vyhody strojového ucenia vo vyrobe
Yprediktivna Gidrzba, ?Kontrola kvality, ¥?Optimalizicia dodavatelov, ¥Predpoved’ poziadaviek,
Prispdsobenie

Practical examples of machine learning can already be found in our daily life whene-
ver it’s a facial recognition of security systems, product recommendation or automated
filtering of spam. As machine learning gets better so does its incorporation in everyday
life. Same thing can be said about manufacturing sector. For every manufacturing process
that can be automated, shortened or improved leads to increase in productivity or quality.

DEEP LEARNING

The way in which deep learning and machine learning differ is in how each algorithm
learns. “Deep” machine learning can use labelled datasets, also known as supervised lear-
ning, to inform its algorithm, but it does not necessarily require a labelled dataset. The
deep learning process can ingest unstructured data in its raw form, and it can automatically
determine the set of features which distinguish various categories of data from one another
(IBM, 2024). Figure 2 shows scope of deep learning.

Artificial
Intelligence

Machine
Learning

Data
Science

Deep
Learning

Fig. 2 Scope of Deep learning (Introduction to Deep learning, 2024)
Obr. 2 Obsah hlbokého ucenia
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Modern monitoring, diagnostic and prediction procedures are based on the collection
of a large amount of data from various sensors. Their processing uses the methods of deep
learning, especially in the form of artificial neural networks, also due to the penetration of
Industry 4.0 into all production sectors (Serin et al. 2020).

As mentioned by Hosain at al. deep learning has led to notable progress in enhancing
the interpretability of Al systems enabling users to understand the decision-making proce-
sses of complex models (Hosain af al. 2024).

Deep learning can practically learn everything given time and data. Range of learning
is enormous it can generate translation of language in real time to complex decision ma-
king in manufacturing processes. As working with machines precision on two machines of
same product can be achieved with slightly different manufacturing parameters. In order
to utilize machine to its fullest potential its needed to learn about every machine indivi-
dually, time required to boost production of these machine is not worth the investment
with parameters changing over time. With integration of deep learning into manufacturing
we can let machine to decide production parameters. It cost little in terms of time which
would person investigating issue take.

REINFORCEMENT MACHINE LEARNING

Reinforcement machine learning is a machine learning model that is like supervised
learning, but the algorithm isn’t trained using sample data. This model learns as it goes
by using trial and error. A sequence of successful outcomes will be reinforced to develop
the best recommendation or policy for a given problem. Simplified example can be seen
in the fig. 3 where robot is trying to find diamond and avoid fires while finding shortest
route. If the robot finds a path, the value of the fields through which the path leads to the
destination is increased. Otherwise, this value is reduced. The result is a sequence of fields
with the highest values.

Fig. 3 Graphical explanation of reinforcement machine learning (Reinforcement learning, 2023)
Obr. 3 Grafické vysvetlenie spatnovidzobného strojového ucenia
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Reinforcement learning can optimize production scheduling, predictive maintenance,
defect detection, inventory levels, quality forecasting, and automated process control - all
leading to improved manufacturing efficiency.

Reinforcement learning systems learn optimal policies over time by analysing produc-
tion data. They adapt dynamically to minimize bottlenecks, downtime, waste, and costs
while maximizing throughput and quality. The key benefit is continuous self-improve-
ment. As reinforcement learning experience more data, they get smarter at boosting effici-
ency across the whole manufacturing system.

Mentioned by Mahesh (2020) reinforcement learning is one of three basic machine
learning paradigms and best choice is determined by amount of data in dataset. The rein-
forcement learning method is modelled as a Markov decision process, what means that the
most important feature is to work with a reward and penalty system (Sutton et al. 2018).
Trial and error is sometime one of the best ways to achieve results. As humans the more
we fail more we learn same thing can be said about algorithms. Practical examples are in
automotive industry. Driving assistants interacts with an environment, receives feedback
and, based on that, adjusts its decision-making strategy. Sensor on parking camera detects
something in back and driver is trying to back up, computer makes decision, so it does not
allow car backup.

GLOBAL MACHINING PREDICTION AND OPTIMIZATION

Finding solutions that maximize or decrease certain criteria is called optimalization.
Important in optimalization is decreasing expenses with production of a thing or a servi-
ce, while maximizing profits and decreasing number of materials needed to create goods
or services. Optimization is today commonly used in many various fields ranging from
engineering applications such as program optimalization, coding, software to manage-
ment in stores used for logistics. In short optimalization is making processes or part of
process more efficiently or consume less resources. There are many ways to make manu-
facturing processes more efficient. Use of algorithms to analyse process is fundamental.
Most used algorithms nowadays are artificial neural network (ANN), adaptive neuro-fuz-
zy logic (ANFL), genetic algorithms (GA), whale optimization algorithm (WAO), ant
lion optimization algorithm (ALOA), grasshopper optimization algorithm (GOA). Global
optimalization techniques are applied to optimize manufacturing process of mechanical
components by optimalization of production parameters. Current trend in optimization is
hybrid formulation and application. (Okokpujie 2023)

ARTIFICIAL NEURAL NETWORKS (ANN) AS GLOBAL PREDIC-
TION TECHNIQUE

Artificial neural network is a biological inspired nonlinear algorithm-based model that
compresses artificial neurons linked to brain cells. This neural system can be taught and
learn to execute tasks such as classification, decision making and prediction. In short, an
artificial neuron network is a computational model that mimics the way nerve cells work
in the human brain. In principle neural network is given input information and output in-
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formation than network tries to establish connection between input and output parameters.
Neural network has three layers: input layer, hidden layer and output layer (Fig. 4). Input
layer receives input data from outside and sends it to hidden layer. This data is at hidden
layer where it interacts with assigned weight of each hidden layer. After computing in
neural network data is transferred to output layer.

There are several types of neural networks used for prediction analysis they are as
follows:
Radiant basis function Neural Network,
Recurrent Neural Network (RNN),
Convolutional Neural Network,
Kohonen Self Organizing Neural Network,
Long/Short term Memory,
Modular Neural Network,
Feedforward Neural Network- Artificial neuron.
Seven steps to train model using Artificial Neural Network according to (Aravindpai 2024):
Model approximate solution,
Set up data,
Decide on network architecture,
Neural network training,
Boost generalization abilities of neural network,
Test outcome of neural network,
Create functional model.
Models of neural network depends on number of factors, including training proce-
dures, network architecture and activation function. Performance of neural network also
depends on these factors. Image bellows shows factors and training process of neural
networks.
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1y}

output values

weighted
connections

optional neurodes3) |
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Fig. 4 Sample artificial neural network architecture (Jinia ez al. 2021)
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ARTIFICIAL NEURAL NETWORKS

Artificial neural network can be used for data analysis in applications such as pa-
ttern recognition, prediction, system identification and control as written by Dongare et
al. (2012).

Practical examples of neural network can be seen in autonomous cars detecting traffic
sighs and lanes and driving within the lanes with adequate speed limit with safe breaking
distance. Many works in the field of manufacturing are focused on the prediction of tool
wear with various ANN modifications (Sun et al. 2020, Cai et al. 2020). Huang et al.
(2019) used convolutional neural network to process the vibration and cutting force data
for tool prediction during milling.

NEURAL NETWORK

Neural network is revolutionizing computing with their ability to “think”. Capability
of interpreting data and accounting are some of smart solutions. Four steps that neural
network uses to operate effectively are:

e Associating or training enables neural networks to ‘remember’ patterns. If the compu-
ter is shown an unfamiliar pattern, it will associate the pattern with the closest match
present in its memory.

Classification or organizing data or patterns into predefined classes.

Clustering or the identification of a unique aspect of each data instance to classify it

even without any other context present.

e Prediction, or the production of expected results using a relevant input, even when all
context is not provided upfront.

Neural networks require high throughput to carry out these functions accurately in near
real-time. This is achieved by deploying numerous processors to operate parallel to each
other, which are arranged in tiers.

The neural networking process begins with the first tier receiving the raw input data.
After that, each consecutive tier gets the results from the preceding one. This goes on until
the final tier has processed the information and produced the output. Every individual
processing node contains its database, including all its past learnings and the rules that it
was either programmed with originally or developed over time. These nodes and tiers are
all highly interconnected.

Neural network application areas are quite wide as written by Abiodun Oludare et
al.(2018). Al but undoubtedly will be extremely important in the future. Benardos and
Vosniakos (2002) proposed a NN modelling approach for face milling operations to pre-
dict surface roughness (Ra) (Benardos, Vosniakos, 2002). Shrivastava and Singh (2018)
used the ANN model for cutting zone prediction in CNC machining.

ADAPTIVE NEURO-FUZZY INTERFERENCE SYSTEM
Adaptive neuro-fuzzy interference system (ANFIS) is framework that combines bene-

fits of fuzzy logic (FL) and artificial neural networks (ANNs). Fuzzy logic is a heuristic
approach that allows for more advanced decision-tree processing and better integration
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with rules-based programming. Models ANFIS offer rapid learning capacity and adaptive
interpretation skills in order to fulfil needs of complicated patterns and comprehend non-
linear interactions. Adaptive neuro-fuzzy interference system was created in 1993 by J. S.
Roger Jang and is commonly recognized as universal estimator. In system final output is
weighted average of the output of all logic rules, and rule outputs are linear combination
of input variables and constants.(Jang 1993)

As mentioned by Salleh ef al. (2017) various structural and parameters optimization
techniques have been proposed, however, there is enough room of improvement in ANFIS
architecture. ANFIS can easily handle nonlinear functions and predict with great accuracy
(Jang, 1993). Many researchers specially in machining field reported the application of
ANFIS.

Veluchamy et al. (2021) predict the surface roughness values with ANFIS model du-
ring turning A17075. Sharma et al. (2020) studied wet turning of AISI D3 steel and measu-
red and influence of machining parameters. Mohd ef al. (2017) stated that to reduce com-
putational complexity by architectural modifications as well as effizrning ofcient training
procedures need improvement.

GENETIC ALGORITHM

Principe of genetic algorithm (GA) is based on natural selection, meaning that the
mechanism propel biological evolution is adapt to environment. Search technique known
as GA is used to address optimalization issues in machine learning. Methods of algori-
thms are crucial because it resolves challenging issues that would otherwise take lot of
time. These algorithms have lot of real-world application such as data centres, electronic
circuits design, code breaking picture processing and artificial creativity. As mentioned by
Gill and Kaur fuzzy genetic approach in which the system log files are analysed to detect
the user behaviour of the system. (Gill & Kaur 2013). The generational genetic algorithm
(GGA), steady state genetic algorithm (SSGA), steady-generational genetic algorithm
(SGGA) are different forms of GA . GA belongs to the larger class of evolutionary algori-
thms (EA) (Albadr et al. 2020).

Manufacturing processes show the capabilities of GA to work on different kind of
neural networks. Kumar ef al. (2020) applied the GA during hard turning of EN 24 steel .
They studied various parameters like as material removal rate, surface roughness, tempe-
rature and forces. Finally, they performed optimized using GA. Durairaj and Gowri (2013)
optimized the tool life and surface roughness with the application of genetic algorithm.

Genetic algorithms can be used in production scheduling to optimize the allocation of
resources and minimize production costs. Genetic algorithms choose current best popula-
tion and uses them as parents for next generation this process is looping till adequate so-
lution is found. Graphical example of principle of genetic algorithm can be seen in Fig. 5.
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Obr. 5 Princip genetického algoritmu

PARTICLE SWARM OPTIMIZATION

Particle Swarm Optimization (PSO) was proposed by Kennedy and Eberhart in 1995.
Sociobiologists believe a school of fish or a flock of birds that moves in a group “can profit
from the experience of all other members”.

Suppose there is a swarm (a group of birds). Now, all the birds are hungry and are
searching for food. These hungry birds can be correlated with the tasks in a computation
system which are hungry for resources. Now, in the locality of these birds, there is only
one food particle. This food particle can be correlated with a resource. As we know, tasks
are many, resources are limited. So this has become a similar condition as in a certain
computation environment. Now, the birds don’t know where the food particle is hidden or
located. In such a scenario, how the algorithm to find the food particle should be designed.
If every bird will try to find the food on its own, it may cause havoc and may consume
a large amount of time. Thus on careful observation of this swarm, it was realized that
though the birds don’t know where the food particle is located, they do know their distance
from it. Thus the best approach to finding that food particle is to follow the birds which are
nearest to the food particle.

In other words, while a bird flying and searching randomly for food, for instance, all
birds in the flock can share their discovery and help the entire flock get the best food.
While we can simulate the movement of a flock of birds, we can also imagine each bird
is to help us find the optimal solution in a high-dimensional solution space and the best
solution found by the flock is the best solution in the space. Particle swarm optimalization
is bio-inspired algorithm; its purpose is search for best solution in problem area. It differs
from other optimization techniques. Its difference is that it does not have dependence on
gradient or any differential form of objective it simply requires objective to function. This
is a heuristic solution because proving that optimal overall position is in some cases impo-
ssible to reach. However, solution found by Particle Swarm Optimization is quite close to
the optimal parameters. Another property of Particle Swarm Optimization is that it can be
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parallelized easily. As manipulating multiple parameters to find the optimal solution, each
parameter can be updated in parallel (Liu et al. 2022).

Lim and Isa (2015) put forward a hybrid PSO algorithm which introduced the fuzzy
reasoning and a weighted particle to construct a new search behavior model to increase the
search ability of the conventional PSO algorithm. Besides the information of the global
best and individual best particles, Shin and Kita (2014) took advantage of the information
of the second global best and second individual best particles to promote the search per-
formance of the original PSO.

The PSO algorithm is often used as an improved or in combination with other algori-
thms. Xu et al. (2020) proposed a reasoning system for milling process, where they also
used the vibration particle swarm optimization algorithm, where input parameters were
tool wear and cutting condition and output power consumption and cutting vibration.

WHALE OPTIMIZATION ALGORITHM

The Whale Optimization Algorithm (WOA) is a novel intelligent optimization algo-
rithm proposed by Australian researchers in 2016. It is inspired by the collective hunting
behaviour of whales in the natural world (Nadimi-Shahraki ez al. 2023).

This algorithm offers advantages such as simplicity in principles, fewer parameters,
and ease of implementation. It has successfully been applied to solve a variety of problems
in fields such as image retrieval, image segmentation, medicine, energy, neural networks,
feature selection, wind speed prediction, key recognition, and sentiment analysis, among
others. However, WOA still faces challenges when applied to nonlinear, high-dimensi-
onal, and complex optimization problems, including issues related to low optimization
precision, slow convergence, and susceptibility to local convergence. To address these
challenges, researchers have proposed various strategies to enhance WOA. Improvements
to WOA primarily fall into two categories: enhancing WOA through improvements in ini-
tialization, parameter settings, and algorithm structure; and leveraging the complementary
strengths of WOA with other algorithms. Chart of whale optimization algorithm can be
seen in Fig. 6. It shows steps by step of algorithm from start to finish.
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Obr. 6 Graf algoritmu optimalizacie velryb

Direct inspiration for a Whale Optimisation Algorithm was special hunting method
of humpback whales which is called bubble-net feeding method. It is a hunting method
unique for this species written by Mirjalili and Lewis (2016). An extensive study was
conducted on 29 mathematical benchmark functions to analyse exploration, exploitation,
local optima avoidance, and convergence behaviour of the algorithm. WOA is most com-
monly used with allocation of resources.
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ANT COLONY OPTIMIZATION ALGORITHM

Ant colony optimization (ACO) is inspired by the foraging behaviour of ants. At core
is communication between parameters to find shortest path. ACO algorithm has strong
robustness as well as good dispersed calculative mechanism. ACO can be combined easi-
ly with other methods, it shows well performance in resolving the complex optimization
problem. ACO optimizes a problem by having an updated pheromone trail and moving
these ants around in the search space according to simple mathematical formulae over the
transition probability and total pheromone in the region. At each iteration, ACO generates
global ants and calculates their fitness. Update pheromone and edge of weak regions. If
fitness is improved, then move local ants to better regions, otherwise select new random
search direction. Update ant pheromone and evaporate ant pheromone. The continuous
ACO is based on both local and global search. Local ants have the capability to move
toward latent region with best solution with respect to transition probability of region
(Dorigo 2004). Graphical explanation of Ant colony optimization can be seen in Fig. 7.
ACO searched for best available parameters in manufacturing in order to find suitable
parameters for production.

As study of combination effective strategies, a multi-strategy adaptable ant colony
optimization algorithm was proposed to improve the deficiencies of Ant colony optimiza-
tion by Cui at al. (2024). Zhang et al. (2020) proposed multi-role adaptive collaborative
mechanism with two communication strategies: elite attribute learning strategy and phero-
mone balancing strategy. ACOs are applied to many combinatorial optimization problems
for finding the shortest distances of configurable elements. Maniraj et al. (2017) used this
algorithm for minimizing the capital cost of the reconfigurable manufacturing systems.
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DECISION TREE

Decision tree has a hierarchical tree structure consisting of a root node, branches, inter-
nal nodes, and leaf nodes. Decision trees are used for classification and regression tasks,
providing easy-to-understand models. A decision tree is one of the most powerful tools of
supervised learning algorithms. It builds a flowchart-like tree structure where each internal
node denotes a test on a factor of criteria, each branch represents an outcome of the test,
and each leaf node (terminal node) holds a class label. It is constructed by recursively
splitting the training data into subsets based on the values of the attributes until a stopping
criterion is met, such as the maximum depth of the tree or the minimum number of samp-
les required to split a node (Saini 2024).
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During training, the Decision Tree algorithm selects the best criteria to split the data
based on a metric such as entropy or “Gini impurity”, which measures the level of impu-
rity or randomness in the subsets. The goal is to find the criteria that maximizes the infor-
mation gain or the reduction in impurity after the split. Graphical illustration of nodes is
shown in figure bellow. Fig. 8 shows each node as parent that has to choose between nodes
bellow them. Child is selected based on criteria defined in parent node.
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! }
lTerm'maI Node] lTerminaI Node]
| |

[Terminal Node] [Terminal Node]

Fig. 8 Nodes in Decision tree (Decision Tree 2024)
Obr. 8 Uzly v rozhodovacom strome

As parameters for splitting decision trees are crucial it’s important to choose most
optimal parameters as mentioned by Rokach and Maimon (2005).

Both categorical and numerical data can be handled easily by Decision trees. Sofuoglu
et al. (2019) optimized the different turning processes using ANN, classification and re-
gression tree (CART) and SVM. They optimized surface roughness depth of cut and tool
temperature with these methods. The results depicted that the CART method gave better
results as compared with other methods.

Decision trees are highly flexible and suitable for a wide array of problems such as de-
cision making, quality control or predicting customer behaviour. According to Kuncheva
random forest and boosting trees are the most common ensemble models applied to tool’s
monitoring. Random Forest makes use of variation of Decision Trees called Random Tree,
whereas Boosting allows the use of an extensive sort of base models (Kuncheva, 2014).

CONCLUSION

Choice of most suitable algorithms depends on the initial inputs and overall accuracy
of the objective. Each algorithm suited for different conditions and manufacturing proce-
sses Elements of Al are mainly used in the prediction, modeling and monitoring of various
machining processes, especially milling, turning, grinding, and to a lesser extent others.

However, there are few available works that would be devoted to the machining of
wood-based materials in this way and scope.

ANN algorithms and their modifications are used in the modelling of production and
machining processes based on the amount of real measured data of these processes. Such
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models then enable the prediction and trend of monitored variables in real time, e.g. pre-
diction of tool wear and the related quality of the created surface.

Optimization algorithms such as PSO or ACO and other genetic algorithms are used in
the search for the optimal solution as the shortest sizes (distances) between manufacturing
systems. This optimization does not have to be only in terms of time, but e.g. also the costs
necessary for the implementation of material flows, energy consumption. When choos-
ing a specific algorithm, the type of measured quantity (e.g. acoustic emission, vibration,
power consumption, cutting force) and thus the nature of the output signal of a specific
sensor must be taken into account. It is also necessary to consider the computational com-
plexity and accuracy of the algorithm within the requirements of a specific application,
where e.g. Algorithms such as decision trees are relatively fast, but not as accurate as
algorithms using ANNS.

ACKNOWLEDGMENT

This research was funded by APVV-20-0403 ,, FMA analysis of potential signals suit-
able for adaptive control of nesting strategies for milling wood-based agglomerates “ and
the EU NextGenerationEU through the Recovery and Resilience Plan for Slovakia under
the project No. 09103-03-V05-00016

REFERENCES

ABIODUN O. I, JANTAN A., OMOLARA A. E.,. DADA K. V, ABD N., MOHAMED E., AR-
SHAD H., 2018 State-of-the-art in artificial neural network applications: A survey.

ALBADR, M. TIUN S., AYOB M.,AL-DHIEF F., 2020, Genetic Algorithm Based on Natural Se-
lection Theory for Optimization Problems. Symmetry. Available on: http://dx.doi.org/10.3390/
sym12111758

ARAVINDPAI P.,2024, Analyzing types of neural network in deep learning , Available on: https://
www.analyticsvidhya.com/blog/2020/02/cnn-vs-rnn-vs-mlp-analyzing-3-types-of-neural-ne-
tworks-in-deep-learning/

BENARDOS P., VOSNIAKOS, G.C., 2002. Prediction of surface roughness in CNC face milling
using neural networks and Taguchi‘s design of experiments. Robotics and and Computer-Inte-
grated Manufacturing.

CAIL W., ZHANG, W., HU, X, LIU, Y. 2020. A hybrid information model based on long short-
-term memory network for tool condition monitoring. Journal of Intelligent Manufacturing, 31,
1497-1510.

CUILJ., WU L., HUANG X., XU D., LIU C., XIAO W., 2024, Multi-strategy Adaptable Ant Colony
Optimization Algorithm and Its Application in Robot Path Planning, Volume 288, ISSN 0950-
7051, Available on: https://www.sciencedirect.com/science/article/pii/S0950705124000947

Decision Tree, 2024. [online] [cit. 2024-04-23]. Available on https://www.geeksforgeeks.org/deci-
sion-tree/

DONGARE A.D., KHARDE R.R., KACHARE A. D., 2012 Introduction to Artificial Neural Ne-
twork, vol 2, issue lavailable on: https://citeseerx.ist.psu.edu/document?repid=rep1&type=pd-
f&doi=04d0b6952a4{0c7203577afc9476c2fcab2cba06

DORIGO M., STUTZLE T., 2004, Ant Colony Optimization, MIT Press. ISBN 0-262-04219-3

DURAIRAIJ, M., GOWRI, S., 2013, Parametric optimization for improved tool life and surface fi-
nish in micro turning using genetic algorithm. Procedia Engineering, 64, 878-87. Available on:

R0 ACTA FACULTATIS TECHNICAE, XXIX, 2024 (2): 65-83



https://doi.org/10.1016/j.proeng.2013.09.164

GILL N., KAUR H., 2013, Host based Anomaly Detection using Fuzzy Genetic Approach (FGA)
available on: https://www.researchgate.net/publication/260973150 Host based Anomaly De-
tection_using Fuzzy Genetic_ Approach FGA

HASTIE T., TIBSHIRANI R., FRIEDMAN J., 2011, The Elements of Statistical Learning: Data
Mining, Inference, and Prediction (Springer, New York, 2011).

HOSAIN MD.T., JIM J. R., MRIDHA M.F., KABIR MD. M., 2024, Explainable Al approaches
in deep learning: Advancements, applications and challenges, Computers and Electrical Engi-
neering, Volume 117, ISSN 0045-7906, available on: https://www.sciencedirect.com/science/
article/pii/S0045790624001745

HUANG, Z., ZHU, J., LEL J., L1, X., TIAN, F. 2019. Tool wear predicting based on multi-domain
feature fusion by deep convolutional neural network in milling operations. Journal of Intelli-
gent Manufacturing, 31, 953-966.

IMB, 2024, What is Machine Learning (ML)? [online] [cit. 2024-04-23]. Available on: <https://
www.ibm.com/topics/machine-learning>

Introduction to Deep Learning, 2024 [online] [cit. 2024-04-23]. Available on: https://www.geeks-
forgeeks.org/introduction-deep-learning/

JANG, J.S. 1993. ANFIS: Adaptive-network-based fuzzy inference system. IEEE Transactions on
Systems, Man, and Cybernetics, 23, 665-685

JINIA, A. J., MAURER, T. E., MEERT, Ch. A., HUA, M. Y. CLARKE, S. D., KIM, H., WEN-
TZLOFF, D. D., POZI, S. A., 2021. An Artificial Neural Network System for Photon-Based
Active Interrogation Applications. In IEEE Access, vol. 9, pp. 119871-119880, doi: 10.1109/
ACCESS.2021.3108406.

KENNEDY J. EBERHART R., 1995 “Particle swarm optimization,” Proceedings of ICNN’95 In-
ternational Conference on Neural Networks, Perth, WA, Australia, , pp. 1942-1948 vol.4, doi:
10.1109/ICNN.1995.4889638.

KUNCHEVA, L. 1. 2014. Combining pattern classifiers: methods and algorithms. John Wiley &
Sons. 350 p. ISBN:9780471210788

KUMAR, A., PRADHAN, S. K., JAIN, V., 2020, Experimental investigation and optimization using
regression genetic algorithm of hard turning operation with wiper geometry inserts. Materials
Today Proceedings, 27, 2724-2730. Available on: https://doi.org/10.1016/j.matpr.2019.12.191

LIM H.W,, ISAN.A.M., 2015, Adaptive division of labor particle swarm optimization. Expert Sys-
tems with Applications Volume 42, Issue 14, 15 August 2015, Pages 5887-5903 available on:
https://doi.org/10.1016/j.eswa.2015.03.025

LIU Z.,, SUN Y., XING C., LIU J., HE Y., ZHOU Y., ZHANG G., 2022, Artificial intelligence po-
wered large-scale renewable integrations in multi-energy systems for carbon neutrality transiti-
on: Challenges and future perspectives, Energy and Al, Volume 10, ISSN 2666-5468, Available
on: https://doi.org/10.1016/j.egyai.2022.100195

MAHESH B:, 2020, Machine Learning Algorithms - A Review Available on: https://www.research-
gate.net/publication/344717762 Machine Learning_ Algorithms -A Review

MANIRAJ, M., PAKKIRISAMY, V., JEYAPAUL, R. 2017. An ant colony optimization—based
approach for a single-product flow-line reconfigurable manufacturing systems. Proceedings
of the Institution of Mechanical Engineers, Part B: Journal of Engineering Manufacture. Vol.
231, no. 7, pp. 1229-1236. doi:10.1177/0954405415585260

Mathworks Help Center, 2024. What Is the Genetic Algorithm? [online] [cit. 2024-04-23]. Availa-
ble on: https://uk.mathworks.com/help/gads/what-is-the-genetic-algorithm.html

MIRJALILI S., LEWIS A., 2016,The Whale Optimization Algorithm, Pages 51-67, ISSN 0965-
9978, Available on: https://www.sciencedirect.com/science/article/pii/S0965997816300163

MOHD N., TALPUR N., HUSSA K. ,2017, Adaptive Neuro-Fuzzy Inference System: Overview,
Strengths, Limitations, and Solutions, 527-534

ACTA FACULTATIS TECHNICAE, XXIX, 2024 (2): 65-83 81



https://link.springer.com/chapter/10.1007/978-3-319-61845-6 52

NADIMI-SHAHRAKI, M., ZAMANI, H., ASGHARI VARZANEH, Z.,2023, A Systematic Review
of the Whale Optimization Algorithm: Theoretical Foundation, Improvements, and Hybridizati-
ons. Available on: https://doi.org/10.1007/s11831-023-09928-7

OKOKPUIJIE, I.P., TARTIBU, L.K. (2023). Global Machining Prediction and Optimization. In:
Modern Optimization Techniques for Advanced Machining. Studies in Systems, Decision and
Control, vol 485. Springer, Cham. https://doi.org/10.1007/978-3-031-35455-7 4

PIMENOV, D. Y, BUSTILLO, A., WOJCIECHOWSKI, S., SHARMA, V. S., GUPTA, M. K. 2023.
Artificial intelligence systems for tool condition monitoring in machining: analysis and critical
review. In Journal of Intelligent Manufacturing, no. 34, pp. 2079-2121. https://doi.org/10.1007/
$10845-022-01923-2

Reinforcement learning, 2023 [online] [cit. 2024-04-23]. Available on https://www.geeksforgeeks.
org/what-is-reinforcement-learning/

ROKACH L., MAIMON 0., 2005, Top-down induction of decision trees classifiers-a survey, IEEE
Transactions on Systems Man and Cybernetics Part C: Applications and Reviews, vol. 35, no.
4, pp. 476-487,

SAINI A., 2024, What is Decision Tree? Available on: https:/www.analyticsvidhya.com/
blog/2021/08/decision-tree-algorithm/

SALLEH, M.N.M., TALPUR, N., HUSSAIN, K., 2017, Adaptive Neuro-Fuzzy Inference System:
Overview, Strengths, Limitations, and Solutions. In: Tan, Y., Takagi, H., Shi, Y. (eds) Data Mi-
ning and Big Data. DMBD 2017. Lecture Notes in Computer Science(), vol 10387. Springer,
Cham. https://doi.org/10.1007/978-3-319-61845-6 52

SANAPALA, P., 2023. AI/ML Advantage in Manufacturing. Linkedin.com. Available on https://
www.linkedin.com/pulse/aiml-advantage-manufacturing-padma-sanapala-vrqtc

SERIN, B., SENER, B., OZBAYOGLU, A. M., UNVER, H. O. 2020. Review of tool conditon
monitoring in machining and opportunities for deep learning. In The International Journal of
Advanced Manufacturing Technology, no. 109, pp. 953-974. https://doi.org/10.1007/s00170-
020-05449-w

SHRIVASTAVA, Y., SINGH, B. POSSIBLE, 2018, Way to Diminish the Effect of Chatter in CNC
Turning Based on EMD and ANN Approaches. Arab J Sci Eng 43, 4571-4591. https://doi.
org/10.1007/s13369-017-2993-1

SHARMA, V., KUMAR, P., PRAKASH MISRA J., 2020, Cutting force predictive modelling of
hard turning operation using fuzzy logic. Materials Today Proceedings, 26, 740—740. Available
on: https://doi.org/10.1016/j.matpr.2020.01.018.

SHIN Y., KITA E., 2014, Search performance improvement of particle swarm optimization by se-
cond best particle information. Applied Mathematics and Computation Volume 246, 1 Novem-
ber 2014, Pages 346-354 available on: https://doi.org/10.1016/j.amc.2014.08.013

SOFUOGLU, M. A., CAKIR, F. H., KUSHAN, M. C., ORAK, S., 2019, Optimization of different
non-traditional turning processes using soft computing methods. Soft Computing, 23, 5213—
5231. Available on: https://doi.org/10.1007/s00500-018-3471-8

SUN, H., ZHANG, J., MO, R., ZHANG, X. 2020. In-process tool condition forecasting based on
a deep learning method. Robotics and Computer-Integrated Manufacturing, 64, p. 101924.
Available on: https://doi.org/10.1016/j.rcim.2019.101924

SUTTON, R. S., BARTO A. G., BACH, F. 2018. Reinforcement learning and introduction. The
MIT Press. 552 p. ISBN 9780262039246

VELUCHAMY B., KARTHIKEYAN N., RADHA KRISHNAN B., MATHALAI SUNDARAM C.,
2021, Surface roughness accuracy prediction in turning of A17075 by adaptive neuro-fuzzy infe-
rence system, Materials Today: Proceedings, Volume 37, Part 2, Pages 1356-1358, ISSN 2214-
7853, Available on: https://www.sciencedirect.com/science/article/pii/S2214785320350410

ZHANG D., YOU X., LIU S., PAN H., 2020,Dynamic Multi-Role Adaptive Collaborative Ant Co-

82 ACTA FACULTATIS TECHNICAE, XXIX, 2024 (2): 65-83



lony Optimization for Robot Path Planning , IEEE Access, vol. 8, pp. 129958-129974, Available
on: https://ieeexplore.ieee.org/document/9141250

ZHANG Y.,2010, New Advances in Machine Learning. InTech. Available on: http://dx.doi.
org/10.5772/225.

XU, L., HUANG, C,, LI, C., WANG, J., LIU, H., WANG, X. 2020. Estimation of tool wear and
optimization of cutting parameters based on novel ANFIS-PSO method toward intelligent
machining. In Journal of Intelligent Manufacturing, no. 32, pp. 77-90.

Corresponding author:
Tomas Cuchor, xcuchor@is.tuzvo.sk

ACTA FACULTATIS TECHNICAE, XXIX, 2024 (2): 65-83 83



