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Abstract: The aim of this study is to develop a reliable monitoring system for cutting toolsin end milling.
In this research, cutting force sensor and a vision system are used to monitor milling operations. The
fundamental challenge to research is to develop a single-sensor monitoring system, reliable as a com-
mercially available system, but much cheaper than the multi-sensor approaches. The cutting forces are
measured with piezoelectric table dynamometer. Optical visual system is used to observe the actual tool
conditions after the machining tests. The force sensor signals are then sent to the neuro-fuzzy algorithm,
which is trained to determine the tool condition and the amount of tool wear. A neuro-fuzzy algorithmis
investigated, to identify the parameters of membership functions, the set of rules and the output weights.
The trained adaptive neuro-inference systemis also used to discriminate different malfunction states from
measured signals. By developed tool condition monitoring system, the machining process can be on-line
monitored and stopped for tool change based on a pre-set tool-wear limit. The developed system is used
to monitor milling operations and provide warnings to operator, to minimize tool breakage. The effec-
tiveness of tool condition monitoring in ball end milling is investigated through several cutting experi-
ments.
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1. INTRODUCTION signal visualisation system and is connected tontlae
chine control.

Many researchers have proposed monitoring systems
for milling processes with various sensors. Hal2éhps
used motor current and power for detecting toolrveeal
breakage.

In high speed end-milling it is very difficult toeas-
ure tool wear and detect tool breakage. Detectibn o
cutting tool condition is essential for faultlesachining
in flexible manufacturing systems (FMS).

The main goal of the development of tool condition Achiche 131 i taated the feasibility of Usi
monitoring system (TCM) is to increase productiatyd chiche .[ ]. investigate ¢ feasibiiily ol Using
acoustic emission (AE) and cutting force signalstfe

hence competitiveness by maximizing tool life, mmiz- )
ing downtime, reducing scrap and preventing damageqeteCt'On of tool breakages. Mulc [4] has used dorc

What was the traditional ability of the operatordieter-  Signals to detect tool failure and breakage iningll

mine the condition of the tool based on his expees Among all these methods, the accurate measurement
and senses is now the expected role of the momitori Of cutting forces provides the most effective mettfior
system. monitoring tool conditions.

The role of the operator is typically supervisddgu- Despite many researches, there are no available

ally, the operator is also responsible for loadimg and  methods for monitoring and controlling the proces$s
unloading parts from several machines in a manufact high-speed milling. In this study, we attempt tdvedhis
ing cell, meaning that his time of reaction to algem  situation by using the Adaptive Neuro-Fuzzy Infeaen
with any machine will not be sufficient for the sgeat  System (ANFIS) to predict the tool condition in end
which machining operations take place on modern mamilling processes.
chine tools. This model offers the ability to estimate tool ditan

Each tool condition monitoring (TCM) system con- as its neural network based counterpart providlag an
sists of sensors, signal conditioners/amplifiersi @n  additional level of transparency that neural neksdail
monitor [1]. The monitor uses a strategy to anal$Ze  to provide. Therefore, a neuro-fuzzy algorithmrigesti-
nals from the sensors and to provide a rellqblecnim_ gated, for the purpose of end-milling processesitosn
of tool and process failures. It can be equippeth \ai ing.

The cutting forces were measured with piezoelectri
table dynamometer. Optical visual system was used t
" Corresponding author: University of Maribor, Fagulbf observe the actual tool conditions during the maaki

Mechanical Engineering, Smetanova 17, 2000 MariBlmyenia tests. The force sensor signals were sent to theone
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Fig. 1. Architecture of tool condition monitoring system.
2. ANFISBASED MONITORING SYSTEM training parameters were selected. The procesablas

are force sensor readingsx( Fy), cutting speedvj, feed
The aim of this study was to develop the accurate a rate ), depth of cutting Ax/Rp), machining time, flank
reliable monitoring of tool condition in end milinoper-  wear (w) and tool condition.

ations. Fig. 1 shows the basic architecture of ghe The domain of definition of these variables is nakm

posed TCM system. ized in the range (0,1), where 1 corresponds tarthg-
An adaptive neuro-fuzzy inference system (ANFIS) imal value of that variable.

was chosen to estimate the state of the tool udidfer- The fuzzy inference system under considerationéhas

ent cutting conditions based on single sensor. inputs and one output.

The output of the sensor combined with cutting con-  In step 2, the optimization method, the tolerance e
ditions is sent to fuzzy logic model to provideanf  ror, the maximal number of epoch, the FIS architext
mation to machine tool operator. ANFIS used to jmted the number of membership functions and the member-
the cutting tool condition is shown in Fig. 2. Bshtool-  ship functions types are defined.
breakage detection capability and is based on rpatte  Finding the proper membership function and associ-
recognition. ated parameters is very difficult and time consigmin

The method stores a number of reference force pattask. The ANFIS architecture is explained in deta[b].
terns that are characteristic of tool breakage. W&ol In step 3, the data set is divided into the trajrémd
tooth breaks, the cutting force suddenly risesafovhile  the testing set. 350 data points were used irsthidy.
and then drops to zero. The system continuouslyi-mon  Good tools collected half of these and broken tools
tors the signal for a break pattern. If the patisridenti-  collected the rest.
fied, a break is declared within 10 ms of the baggk All the data were scaled. Neuro fuzzy algorithm
Four steps are required to develop an ANFIS system. needs to be trained with a set of training datagable
step 1, the fuzzy inference system FIS architectm@  to estimate tool condition based on input- out@atad
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Fig. 2. ANFIS tool conditionand wear estimator.

In step 4, the training and testing phase is accom- During training in ANFIS, 350 sets of experimental
plished. Fig. 2 shows the flow chart of tool comdit data are used to conduct 1 000 cycles of learnkigal-
estimation via ANFIS. With the input—output dathet ly, in the last step the trained ANFIS is used tedjct
neuro-fuzzy algorithm is trained, and the unknovenr p tool conditions. After the training, the inferensgstem
rameters are identified. could estimate tool conditions from cutting forceas-

Fig. 2 shows the inputs, membership function, andurement and cutting conditions in real time. Theede
the fuzzy inference system for tool condition moriitg. oped ANFIS model can guide control system or operat
During the training stage, the ANFIS adjusts iteinal in tool change decisions making.
structure to give correct output results accordimghe
input features. Using a given input/output datg #e¢ 3. EXPERIMENTAL DESIGN
ANFIS method constructs a fuzzy inference systel8)(F E ) ; q CNC hini
whose membership function parameters are adjusted b | fxperlmﬁnts vyire performed on a I mar:: ining
using the backpropagation algorithm. This allowszfu pqt orm HE; e(er|t FASOR”_CNC contro er]; The 1n(-)n|
systems to learn from the data they are modelling. tor_lng Vo VZ "’}In er; _ mifling pl)rocTss(;) s;ed:htsar

The FIS structure is a network-type structure, Wwhic using two end mill tools: a normal tool and a t a

. . . . Jaroken tooth.
maps inputs through input membership functions an . . -

. The cutting tool used in the machining test wasla s
associated parameters, and then through output exemb . . .

. . . . id end milling cutter (R216.24.6050 1AK32P) with four
ship functions and associated parameters to outpigs cutting edaes. The tool diameter was 16 mm. ltixhel
2 shows the fuzzy rule architecture of ANFIS whka t g edges. '

. . . . angle was 10°.
triangular membership function is adopted. The itech The corner radius of the cutter was 4 mm. The tnser
tures shown in Fig. 2 consist of 131 fuzzy rules.

. ) ) ) had an outer coated layer of TiN exhibiting lowcfion
ANFIS applies two techniques in updating parame-, 4 welding resistance.
ters. For the premise parameters that define thabree The workpiece material used in the machining test
ship functions, ANFIS employs gradient descentine-f  \ya5 Ck 45 and Ck 45 (XM) with improved machining
tune them. For each consequent parameter thatedefin properties. Workpieces were cut off from a warmeu!
the coefficients of each output equation, ANFISSU®  par. The dimension of the workpiece was 200 mm x
least-squares method to identify parameter. Tipis a 70 mm x 70 mm.
proach is thus called Hybrid Learning method beeatis The workpiece was mounted in a 3 component piezo-
combines the gradient descent method and the leastlectric dynamometer (Kistler 9255) to monitor the-
squares method [5]. ting forces in theX and Y directions. The force
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Fig. 2. ANFIS tool conditionand wear estimator.

dynamometer was mounted on the machining table and Flank wear was observed during the experiments.

connected to a three channel charge amplifier. The cutting tool condition after each cutting tegs
Charge amplifier (Kistler 5001) converts the chargediscontinuously observed with a vision system of

signals into voltage signals. The signals were twoed  0.01 mm accuracy.

by using a fast data acquisition card (Nationalrins A vision system consists of a high speed smart cam-

ments NI 9215 A) and software written with the dagl era NI 1772C which was used to detect flank weain-wi

Instruments CVI programming package. out dismounting the tool from the tool holder.
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Table 1l
Partial results of ANFIStool condition estimation
Tool Input factors
conditions ANFIS ANFIS Pﬁegii’lison
F n f Ap Rp outputs Prediction
N il W
[N] [min™] [mm/rev] | [mm] | [mm] [mm]
Normal 427.2 440 0.17 1.2 8 0.9 Normal 0.11
Broken 777.9 440 0.17 1.2 8 0.02 Broken 0.24
Normal 433.9 440 0.13 1.4 8 0.3 Broken 0.17
Broken 729.6 440 0.13 1.4 8 0 Broken 0.26
Normal 650.5 440 0.20 1.4 8 0.89 Normal 0.13
Broken 925.7 440 0.20 1.4 8 0 Broken 0.27
Normal 614.4 480 0.20 1.4 8 0.88 Normal 0.15
Broken 751.9 480 0.20 1.4 8 0.03 Broken 0.23
Normal 904.3 360 0.22 1.6 8 0.89 Normal 0.14
Broken 991.9 360 0.22 1.6 8 0 Broken 0.31
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Fig. 3. ANFIS output of tool condition.

It was calibrated using a 10 pm resolution. levels of feed ratef{= 0.05,f,= 0.25,f;= 0.35,f;= 0.45
The main cutting edge and wear land depth was usedchm/tooth), four levels of cutting speed, & 200, v, =
to monitor the tool condition. 360,v;= 340 andv,= 480 mir'll) and three levels of radi-
The flank wear was measured by counting pixelsal/axial depth of cutRp; = 1d, Ry, = 0.5, Rys = 0.25;
from the vision system and comparing the numbeh wit Ap;= 2, Ap,= 4, Apz= 8 mm;d = 16 mm-cutting parame-
the measuring scale. ter). The parameters such as tool diameter, ragéean

The output was assigned a-0025 for good tool, etc. were kept constant.
0.4-0.8 for worn tool and 0.9 for broken tool, based on
amount of flank wear.

Cutter with more flutes has different wear on eimch

sert. Therefore only one flute is selected for te@ar  meters of membership functions, the optimal raies
measurements. This insert is marked. the output weights were determined.

Trapezoidal membership functions were used to con-  The pest results were obtained when triangular mem-
vert the output of ANFIS algorithm from numbers 10 pership functions were chosen for the neuro-fuzpg-m
linguistic values. This will result in greater acacy and  ¢|. By using trapezoidal membership functions bigh
robustness of tool condition estimations. error was reached. When the ANFIS model was trained

The 3-axis machine tool with ball-end mills wasdise testing data were used for verification. The tragnivas
for executing cutting experiments to collect tookaw  very fast, and the error reached a constant vafiez a
data. about 30 epochs. In this case, there were 131 nuld®

The experiments were carried out for all combina-fuzzy inference system. After the training, thetites
tions of the chosen cutting parameters and toorwea data was applied to the algorithm to determinevatsdi-
the experiments the cutting parameters were sdbas: ty.

4. RESULTSAND DISCUSSION

During training of the neuro-fuzzy algorithm the-pa
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The system was capable of detecting tool conditions The time of training increases with the increasthef
accurately in real time. The accuracy of the trajniata number of inputs. This is not a problem since thaing
was 98.1%, and the accuracy of the testing data was is done off-line.

A

Monitoring force
Monitoring force

94.9%. The results of the ANFIS testing are shawn i After the off-line training, the neuro-fuzzy algimn
Table 1 and in Fig.3. is able to predict tool wear on-line.
The output node value of ANFIS algorithm was  Tool wear measurements were very sensitive to the
mapped as 0.1 for the normal cutting state anddd.the  lighting of the vision system.

tool breakage. When the outputs are over 0.9 (bal, t
the ANFIS system sends the signal “Bad tool” toRi@ 5. CONCLUSIONS
V‘}/hen OUtpl,{t is below 0.8, the ANFIS sends the sig- In this research, cutting force sensor and a visiom
nal “Tool worn™. The reason why values over 0.9 &er (o \ere used to monitor milling operations. A noRi
recognized as the _abnormal state is that the c_wuter. ing system using a neuro-fuzzy algorithm is ablelés-
severe flank wear increases power at frequencigigehi iy various cutting states, such as tool breakaggtool
than tooth-passing frequency, so that the ANFIS mayyear.
decide about the states incorrectly. Tool wear was monitored after each cutting teshwit
The developed monitoring system incorporates sim-a vision system that measured the flank wear otdbe
ple fixed limits for the tool breakage detectiomeTlim-  The cutting force signals signals and the meastoet
its are: L1 (collision), L2 (tool fracture), L3 (wo tool) wear were analyzed off-line and applied to a nduray
and L4 (missing tool limit). method to determine the membership functions ates$.ru
In our current study, we are trying to replace dixe Once the neuro-fuzzy algorithm was trained, theiroyt
limits (Fig. 4) with self-adjusting limits. The tadynam-  Signals could be interpreted to determine the teear
ic limits above and below the monitoring signalldet  through on-line analysis.

the monitor signal continuously, for every loaddeat a ~ Comparison between the actual tool wear and the
limited adoption speed. simulated results from the neuro-fuzzy method shlibwe

In the case of an extremely fast crossing of ontaef ~900d agreement. The trained model can be used > mo
two dynamic limits, the limits are frozen and tavabak- tor 'T”'“'”g operations and provide warnings to gre@-
age is distinguished via the fuzzy decision system. tor, in order to minimize tool breakage.
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