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Abstract

The success of unattended manufacturing depends fely on control mechanisms that monitor the current
machining state and take means in case of disturbaas. Direct methods generally lack on-line capabiyi,
whereas indirect methods are difficult to pursue beause changes in cutting conditions influence such
methods. Knowledge about these changes exists buisi unstructured from the sensor's point of viewlIn the
context of this unstructured knowledge, a hybrid achitecture, featuring fuzzy logic and neural netwoks, is
described that copes with the shortcomings of therdditional methods to monitor and diagnose an
unattended milling machine. Force, spindle currentand acoustic emission data that were stored in pvéus
experiments are used as input to the neural networkfter they undergo some signal processing to calete
the membership functions of fuzzy relations. Aftervards, fuzzy logic principles are used to diagnosehé
system's status with regard to tool wear and chatte It is shown that the system works reliably in awide
range of operations, correctly renders the currentstate, and is a viable alternative to existing motoring
methods.

Introduction

The need of manufacturers to come up with reasgmaided products has resulted in increasing uasaftended
and/or automated manufacturing systems. One probtefar is how to deal with malfunctions and disances of
which tool wear, chatter, and tool breakage arersntbose that occur most frequently. To be on Hfe side,
manufacturers use conservative operating conditomsevent these malfunctions (Rangwala and D&inf989).
However, this results in less efficient, and, tfiere more costly production which stands in costtta the goal
outlined at the beginning.

To cope with that dilemma, manufacturers can camsitle use of sensors to control the system on-These
sensors include temperature sensors (Epstein anghtVrl991), acoustic emission sensors (DornfeleB6),

dynamometers, and current sensors (Agogino, 18BEe each sensor alone cannot render reliablgttte of a
lool in changing cutting conditions, integrating timformation of various sensors became the majatlenge. By
using partly redundant information this sensordnstan provide data for decision making about tteegss that
will yield less uncertainty. Early solutions triemlextract relevant features from those data aed tb infer the tool
status. Others (Agogino, 1988) proposed the usxpért systems and probabilistic influence diagrafmvever,
all approaches still suffer from high sensitivitydhanging cutting conditions.

This is where neural networks help. Their strengihs the ability to filter out noise and their regmess in
changing conditions that were not preprogrammedigRala (1988) introduced a neural network utilizing
information from acoustic sensors and force sengonsonitor tool wear. He proposed the use of festgathered
by a Fast-Fourier Analysis and used a backpropagatgorithm to train his network. Burke (1989) disbe same
data but applied it to a classifying clusteringagithm. More recent developments (Leem 1992) sugdethe use
of Kohonen's Feature map to cluster data and ta gelution by determining into which cluster aadpoint falls.

In other developments, fuzzy logic controllers héeen introduced to cope with a variety of différproblems.
This paper investigates how a hybrid fuzzy-neuyatesm can deal with the problem outlined above hEaethod
has its strengths and weaknesses and often onednatbne does not perform satisfactorily. It therefwould
seem sensible to combine the advantages of eatdnsgsd form a hybrid one.

A milling machine under various operating condifamas selected as the manufacturing environmepadticular,
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tool wear and chatter were investigated in a regole as well as entry cut and exit cut Data sathjg three
different sensors (acoustic emission sensor, dynagter, motor current sensor) were used to deterthmetate of
the machine.

Fuzzy diagnosis has proven to be an intriguing wagleal with problems. However, one of the shoriog® has
been the inability to design the membership fumdia priori or even during test operations. A "hsig tuning is
necessary in most cases to achieve reasonablésreBhils unsatisfactory state can be avoided hintet neural
network learn the membership functions which mayeha much higher complexity than the handtailored
triangular-shaped functions that humans usuallyt stéth. The values generated by the neural netthem
combined with a value from another neural netwbit tesembles the consequent part of the fuzzytouierm the
complete fuzzy value of diagnosis of the state lmaitter and tool wear.

Experimental Setup

Data obtained during earlier experiments (AgogiB8) were used. They were gathered from a numeyicall
controlled upright Bridgeport milling machine.

"Amplified sensor outputs were fed into an analogligital converter as an add-on board. Data wecglieed
from four channels, one each for the AE signal,atyameter X and Y directions, and the current seri3ata
were sampled every 1 millisecond from all four alels, in approximately 750 milliseconds, over thuting
parameters and machining conditions defined bysthidy.

In order to develop a "real time simulation" that dot compete with daily users for time on thelimg machine
the data were uploaded from the INTEL 310 to a DH#iCrovax computer. The simulation reads the actual
sensor data from files on the Microvax as if it @egading them in real time.

Acoustic emission signals were obtained from aneiznd 920A piezoelectric transducer mounted direatiyhe
workpiece. The RMS signal was fed through an A/Dwvester in the INTEL 310 computer for data acqiosit

A Kistler 9257A dynamometer (piezoelectric transgijicwas used to measure force in the workpiece., And
lastly, an American Aerospace Controls series 100BAC current sensor (based on induction measureshen
was used to measure spindle motor current.

Chatter is the self-excited vibration that occuteew a machine tool exceeds its stability limit. Astic emission
can be an important predictive measurement forctiatgchatter. If detected, chatter can usuallgdreected by
reducing the depth of cut or feed rate. When chaiteurs, the AE signal increases dramaticallyrpléude.
Chatter can also be detected by the frequency rbotéhe dynamometer" (Agogino, 88).

Tool wear can be recorded by the change in forc&SRidng both X and Y directions because tool weaults in

an increase in cutting force. The current sensading is also proportional to the cutting force émdhe tool wear.
More importantly, it is a good detector of die stiite because the entry of the tool into the wed@iproduces
very high acoustic emissions and force readingshvin turn could lead to wrong diagnosis.

A minimal amount of signal processing was perforroadhe sensor readings. Instead of feeding thedites into
the neural net, the mean of the acoustic emissonedl as its standard deviation was used for alainof 0.05s.
Also, the mean of the motor current was taken dsasehe standard deviation of the upper parhefamplitude of
the force readings in the x-direction. The forcehia y-direction was not considered because itttates basically
the same information as in the x-direction. Théisye used this data as well, the system would ity learn

more noise than gain new information.

Neural-Fuzzy Reasoning

Reasoning in fuzzy logic is done with IF-THEN rédas. Therefore, after the logic is identified thezzy
membership function has to be established. Irittalition and/or experience and later tuning migatnecessary to
obtain a correct relation. This is where the neaetlvorks come into the game. Their task is tondgae fuzzy
relations by a simple mapping from clustered inpumnembership value. No knowledge about the funatiself is
necessary which gives rise to the hope that thightiie a way to successfully diagnose a systehedtrst try.
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The procedure is divided in several steps (Takbe@91). First, the number of rules is determineddlwding the
training data into different groups using a staddelustering method. A dendrogram established tbsters
utilizing the centroid method. The number of clusteras determined according to their relative distg from
each other. Once a certain threshold was reachedumber was fixed. In the remaining clustersa gaints from
different situations might still overlap. Those stliers undergo a new run through the clusteringrighgo. Thus, all
known diagnosing situations may be sorted out

The system is subsequently trained with a perfeatémbership valuguEl) for the cluster it belongs to and no fit
(u= 0) otherwise. This part resembles the IF portibthe fuzzy rule and can be expressed as:

NNmen{X1, X2, X3, Xa) iS Alis m

where:
NNmer(X1, X2, X3, Xs) iS the neural net into which x x, are fed
A'is a fuzzy number relating to the cluster i that x, belong to
m; is the membership value that is learned by tleip st
X1 - X4 are the four different data gathered from the @enat one time instance

Note that A is a fuzzy number without a specificamiag. It can be thought of as a combination ofngtias of the
inputs, for example: AE mean LARGE and AE stdev SMAand me mean SMALL.

Lastly, the THEN part of the rules is determined #me amount of diagnosing value for each rulengdi This is
done by introducing as many additional neural estthere are rules. Input is the sensor data, ptitpuiagnosis
for a rule. This relation can then be expressed as:

Yi=NNi(X1, Xo, X3, Xa)
where:
y; is the diagnosis value for a rule

NN;(X1, X2, X3, X4) is the neural net for rule i

The overall diagnostic output is obtained by takimg weighted average of membership values witldidgnostic
value of each rule. The relation for the defuzaifion for the diagnosis can be expressed as follows

C_ DYl
775

where:
3 = overall control value, in this case for tool wead chatter
Wi = membership value of rule i

The system is then ready to run. Since we deal avitatwork of neural nets instead of a single beeatchitecture
is as shown in fig. 1.

© ELITE-Foundation 3
Promenade 9, D-52076 Aachen



EUFIT '93 - First European Congress on Fuzzy atelligent Technologies, Aachen, September 7 - 9931

tool
§ cratter wear
Hy= ¥ weighted weighted
ave avera

Fig. 1: Architecture of the neuro-fuzzy syste

For the neural net for the membership function (M) a 4-9-5 net was used. NN NNs used a 4-5-2 net each.
Training data were chosen from different proceswditmns, mixing a variety of conditions with andtimout tool
wear and chatter. Furthermore, the case of enity¢ek was observed. The number of learning data vaied
between 20 and several hundred to check for theetefin the result. A minimum amount of signal pesieg was
conducted over a window of 0.05 s in considerirggahierage and the standard distribution of the stoemission
and the average of the motor current and the uppglitude of the dynamometer. Only three of ther feensors
were used, omitting the reading of force in theinection because it was felt that it containedghme information
as the data from force in the x-direction.

The network and its fuzzy logic components werggmammed in the standard programming language &loeed
on a general purpose workstation using a standaedating system (UNIX) to allow for integration asdpport of
an Open-Architecture Machine Tool.

The clustering algorithm identified five differealusters and its corresponding diagnoses valuesn Tie NNem
was trained. Each data point was assumed to malkefect fit within its clustersy(= 1). The other values were 0
for no fit, accordingly. The only thing left is etermine the amount of diagnosis due to each Tilat is, data
from each cluster had to be matched with a cediiration, i.e. chatter or no chatter, tool weanortool wear. In
this manner, the nets for the THEN parts of thesyNN - NNs) were trained. In this project, three differenses
were considered:

* no tool wear, no chatter

« tool wear, no chatter

* no tool wear with chatter
Each of the cases considered was also observdtk ierttry/exit cut condition. Therefore, actually different
cases were dealt with because of the very diffematire of the entry cut compared to the normaldstecut. It is
clear that there are actually many more cases, Vet get a first impression as to whether orthis system is
feasible, this amount of data is sufficient. Whiea system is run, it reads in four sensor readavgsy millisecond
and outputs the result in real-time. The outptihe diagnosis for chatter and for tool wearshill be shown that
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multiple states can be derived from one networlabee the sensor readings have significance fomteat as well
as for chatter.

Results

The system worked well. Fig. 2 shows the type ¢&dehich were dealt with; here, the acoustic eraisor an
entry cut is displayed. As mentioned before, thesseinformation was filtered, then fed into theura network.

acoustic
emission
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Fig. 2: acoustic emission for worn tool, nahatter, during entry
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Fig. 3: Diagnosis for new tool and chatter for entry cut

Fig. 3: Diagnosis for new tool and chatter for emy cut

Fig. 3 shows the diagnosis for chatter and a neldoring entry cut. The diagnosis is very good.si@markably
is the fact that the diagnosis is corrects fromvitiy beginning. This implies that a tool can baraged even before
serious damage has been done to a workpiece betteuselfunction is detected right away.
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The diagnosis works well with a very small numbgtraining data as well. Taking altogether onlyfints from
all different cutting situations, the system sgiles reasonable answers. Fig 4. shows a new mabha chatter for
an entry cut. Clearly, the diagnosis is not optin@br do we expect it to be) but it still lingensthe correct region.

Further tests were conducted which showed simil@msing results for cases with tool wear withooaiter.

Discussion and Conclusion

The hybrid fuzzy-neural system performs very wedipecially given the nonlinear behavior at entgm8 peaks
show that certain regions were not fully coveredrhining data. More learning data would improve tasults.

Further investigations looked at the problem ofri@sy noise. A backward elimination method was utieat

considered only three out of four sensor readimgsciecked the error after a given number of epotihis is done
in turn for all sensors and the error is compa8shsor inputs that just contribute noise to theltegould thus be
eliminated. However, in this case no superfluoussses were found apart from the one sensor thatruked out at
the beginning.

Different algorithms using a pure neural net anshgis pure fuzzy logic system were developed tockhbe
performance of the neural-fuzzy system. The resldtsonstrate that the method introduced here eeidduperior.
However, if the system were less complex, a nenebhlone would do the job as well. The fuzzy-nkned is only
justified for a relatively complex system.

The interpretation of fuzzy logic applied to tookar is the amount of wear at the tool. This is dvaatage over
other approaches because this method enables predict a wear limit if we monitor the tool constign As a

consequence, an exchange tool can be providee &iotinect point of time with no loss in time andmayp due to
failure, poor surface finish, or exchange of a tthat was still functional. However, this intergon is not so
feasible for chatter. Introducing a threshold mightumvent it if we demand control action from ttiagnosis.

The choice of binary values as diagnosis valigesNN; - NNs is not very satisfactory. More rules shoie
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introduced to allow for a gradual diagnosis to yudxhaust the potential of fuzzy logic. Also, thieoice of
membership values 1 and 0 for the training datdNg.em Seems to defeat the spirit of fuzzy logic. A némaathat
could cluster the data itself would be a more eiégalution.

Future work should investigate in the role of ogarhing and overfilling as well as the size of tieairal net to
determine to which extent they influence the re@tdtkagi, 1991).

Also, data that is not preprocessed should be tseteck whether satisfying results can be obtaiAdttioughiD
this particular project the amount of signal praeteg was held to a minimum, there is always thegdarthat
features are chosen that have no relevance irieadtit setting.

Different neural net types should be tried. Requrrets are one possibility especially in viewla# general pattern
of entry/exit cuts which might be more easily regiagd by this type of neural net than the one used.
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