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Real-Time Tool Condition Monitoring Using Wavelet
Transforms and Fuzzy Techniques

Xiaoli Li, Shiu Kit Tso, Senior Member, IEEEand Jun WangSenior Member, IEEE

Abstract—In this paper, wavelet transforms and fuzzy tech- sensors do not disturb machining processes, and the cost of the
niques are used to monitor tool breakage and wear conditions sensors is very low [5].
in real time according to the measured spindle and feed motor Signal processing is a very important step for tool condi-

currents, respectively. First, the continuous and discrete wavelet fi itori R " let t f WT) h
transforms are used to decompose the spindle and feed ac servo ion monitoring. Recently, wavelet transforms (WT) has pro-

motor current signals to extract signal features so as to detect vVided a significant new technique in signal processing, because
the breakage of drills successfully. Next, the models of the rela- it offers solutions in the time-frequency domain and is able to
tionships between the current signals and the cutting parameters extract more information in the time domain at different fre-
are established under different tool wear states. Subsequently, quency bands. There have been many research activities in the

fuzzy classification methods are used to detect tool wear states ST . o
based on the above models. Finally, the two methods above areappllcatlons of wavelet transforms for tool condition monitoring

integrated to establish an intelligent tool condition monitoring [6]—[13]. In [6], Li discusses the use of wavelet transforms to
system for drilling operations. The monitoring system can detect decompose acoustic emission signals and the root mean square
tool breakage and tool wear conditions using very simple current (RMS) values of the decomposed signals are taken as tool wear
sensors. Experimental results show that the proposed system canyqnitoring features. Gongt al. [7] proposed to use wavelet
reliably detect tool conditions in drilling operations in real time t f ¢ | tting f . | d let t
and is viable for industrial applications. ransforms to analyze cutting force signals and wavelet trans-
_ ) N ~ form coefficients are taken as recognition parameters of flank
Index Terms—Current signals, fuzzy logic, tool condition moni- - \ye4r states. The experimental and analytical results show that in
toring, wavelet transforms. L . . .
monitoring the flank wear states during turning operations, the
wavelet analysis is more sensitive, more reliable and faster than
|. INTRODUCTION the Fourier analysis. Wat al.[9] introduced a new method of
EAL-TIME tool condition monitoring is one of the most]:eaturfe extrac_:ttlo_n andf assers]_sr_nent using a Wa;ﬁ':; placlk(()a ttrans-
important techniques to be developed in the automatic cu‘?—m:j or molnl ot\rllvngko mzc |n|n|gtptrocr(]as_ses. N al. [10]
ting processes as it can help to prevent damages of machine tJ5] llfneur_:f[l ne oKr S ar;]. wa}[velelfcdnlqu%s do proposlg anew
and workpieces. Researchers and engineers have been |OOE8I9 ] Ifetr‘lm ;rlon.t asas IIT? a .f[ ] S\S/\?_rr' te dar; a[::p 'C?' |
for ways to monitor tool conditions, but very few reliable mon-'o.I otthe flscre gllyvave N r?ns orr_lr_1 (sei )I 0126 ec Ilr'lgd 00
itoring systems exist nowadays in industry [1]. Direct measur@' ur?st ;n a(;e mlt Ing opera 'On?&. a? al. [ I] fT_pp Iel
ment of tool wear using optical methods can only be appli 3ve € ransdorm odf:ompfr;ehss ctuf Ing force sllgn?. icrod ”
when cutting tools are not in contact with the workpiece [2]. | ] p:.opose.thenco Ilngt]to :cus otr_ce s;gne:jsto {‘_mcrof niing
direct methods that rely on the relationship between tool con(?lpeir(;’l lons wi ;/\t/)a\;e c ranslotrmtg |gns Er etection (?rhseve;e
tions and measurable signals (such as force, acoustic emissl%ﬂ, arl;]agejus he. otre cotmpte;]e 'P relat tage c:cccurs. therg f as
vibration, current, etc.) for detecting tool conditions have be rllce g_?_n muc _;n gresl Ir’lh' € wavele ralnst :)rm rfne od for
extensively studied. Among the indirect methods, the meth&P IFodntl 'gntm(t)?r'lort')ng‘ kn IS I?‘Zp.(ﬁr’ wavelet transtorms are
based on sensing motor currentis considered as one of the m& Iet Of tﬁ ec di € trea age Oh " hS. b developed f
methods. Mannaet al.[3] discussed the feasibility of the motor . dos ?t' ein d'.rt?C aplproac ?S | ave i eet_n evc; oped for
power and current sensing for adaptive control and tool con(fj?fft, cu mcgi]'t'con : lons.t fn porla(élt?adlapp 'g"’f‘ 'OSS’ O‘ge“’?rht
tion monitoring. Mannaret al. [4] described the use of current®UtNg an |t|ons at\reln(t) tlxe_ - >pindle a:jn _eethspfeedrslgf;
signals measured from spindle motor and feed motor to esctp_ange hye 0 contro S.r? eciues (e._g., re ucm:g Teh eef elore
mate static torque and thrust for monitoring tool conditions. Tf?eoproact_lngt.cormtar tpom tsh (t) avol tover gu ): ere or?t,_ a
major advantage of using the measurement of motor currentf adr.tt.as imation j rg i%y at operates under varying cutting
monitor tool conditions in cutting processes is that fixed curreffPNAtions 1S neede [14]. ;
In this paper, wavelet transforms and fuzzy technique are
used to monitor tool condition with spindle motor and feed
Manuscript received October 1, 1998; revised October 1, 1999 and Aprilmotor current signals. In Section I, the spindle and feed ac
2000. . iy o o servo motor current signals are decomposed by continuous and
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the tool wear states over a wide range of cutting conditions. tool breakage

Based on the models, tool wear condition can be estimated by 5 ast o
the known cutting parameters and cutting current signals. In 2
Section 1V, tool breakage detection with wavelet transforms and s °
tool wear estimation with fuzzy classification are integrated to 2 asf
£

establish an intelligent tool condition monitoring system for . L ‘
drilling operations, and the validity of the monitoring method B 85 1 15 2 25 3 35 4 45 5

is verified by means of experimental results. F'“; sec
a,
Il. TooL BREAKAGE DETECTION USING WAVELET > >
o tool breakage
TRANSFORMS B 25f
A. Wavelet Transforms < o
Wavelet transformation has become well known as a useful 5 sl
tool for various signal processing applications [15]. Given a 5
time-varying signalf(¢), a wavelet transform consist of com- P85 1 15 2 25 3 35 4 45 5
puting coefficients that are inner products of the signal and a Tine sec
family of wavelets. To consider the continuous wavelet trans- (b)
form, the wavelet corresponding to scalend time locatiorb  Fig. 1. Live tool breakage current signals, cutting speed: 250 r/min, feed
is [16] speed: 30 mm/min, and drill diameter: 2 mm. (a) Spindle current signal and (b)

feed current signal.

Yap = P <¥) a,beR, a#0 (1)

1
Vlal wherez[n] is a discrete-time serieg,;[n — 27k] is called the

. _ discrete wavelets, is equivalent207/2¢(27/ (¢ — 2/k)). The

wherea andb are the dilation and translation parameters, r?érmgj [n — 2k] is called the scaling sequence. At tfth res-

spectively. _ _ olution, ¢; ; andd; , present the approximation and the detail
The continuous wavelet transform is then defined as followg.i'gnmf(t)_ At each resolution > 0, the scaling coefficients

and the wavelet coefficients are
CWI{a(tha ) = [auisdt @
Lk = Y gln — 2k]d;
where “” denotes the complex conjugation. Wher= 27, b = n
k27 ,5,k € Z, (1) can be written as dit1k =Y hln—2kld; & (8)
ik = 273270t — k). 3)

The discrete wavelet transform (DWT) is defined as B. Tool Breakage Detection by Using Wavelet Transforms

With reference to Fig. 1(a), when a tool breaks, the amplitude
Cik = /f(t)?/)f,k(t) dt (4) of the spindle motor current drops rapi_dly. Itis a key indicator
to reflect the attenuation using some signal processing method,

wherec; 4 is called the wavelet coefficient. It may be considere8ich as time or frequency domain method. But the usual analysis
as a time frequency map of the original sigrfét). A multi- cannot be applied to detect if a tool breaks. In this paper, the

resolution analysis approach is used in which a discrete scallgriet wavelet function is used to deal with the spindle motor

function current signals, given by
i, (t— 2k W(E) = e F = et 9
¢j,k=2 2¢< 5 ) (5) | Z/() 9)
Its continuous wavelet is
is defined, together with 1 L/tebN2 . [ib
1/)0,7b(t) = me_E(T) e]'w()(T), (10)
a
b= [ £O0 b © .
In this equation, the relation between the parameteasdw,
whered, . is called the scaling coefficient which is the sampletf
version of the original signal. The DWT computes the wavelet wo f
fficientsc;, andd; x ( = 1,...,.J) given b o= (1)
coefficientse; » andd; x ( = 1,...,J) given by 27 fu fo
cix = xnlh;ln — 27k where
” Sw corresponds to the frequency of the wavelet func-
and tion;
djg = Z z[n]g;[n — 2K @) Is sample frequency of the signals;

- fo frequency focused on the energy of the signals.
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. 1 wherel is the RMS current, anly depends on the tool geom-
§ | etry and workpiece material. Taking the logarithmic valud of
e er for the different tool wear values of 0.2, 0.5, and 0.8mm, we ob-
E tain for the spindle motor curret; and feed motor curremt;
g i MJ\/\_AMJ (for ¢ = 1,2, 3) in the following relations:
Ba\\’s’.’;"{\’\l’js R YR R S1=ap1 + a1 Inv+ as;Inf+azlnd wear = 0.2 mm
Time sec (13a)
@) So =apgz+aslnv+axlnf+aszlnd wear = 0.5 mm
2.5
. (13b)
;_E Ss =apz+ azlnv+assln f +aszlnd wear = 0.8 mm
g (13c)
g Fi =bgy + b1 Inv + b2y hlf +b31lnd wear = 0.2 mm
0 (14a)
B85 113 2Tim€iec 3035 4 4505 Fy=bygs+bolnv+bosln f +b3zlnd wear = 0.5mm
(b) (14b)
Fig. 2. WT of current signals, cutting speed: 250 r/min, feed speed: 3063 = boz + b1z lnv + bosln f +bszlnd  wear = 0.8 mm
mm/min, and drill diameter: 2 mm. (a) CWT of the spindle current signal and (140)

(b) DWT of feed current, resolution = 2.

] ] . where subscripts = 1, 2,3 denote the respective wear values.
When a tool is breaking, the feed motor current signalg.cording to previous experiments, the parameters in (13) and
shoyv some spikes [Flg: 1(b)]. At the moment the tool brea 4), a;; andb;; (i,j = 0,1,2,3), can be determined. Thus,
a big spike appears in the current signals, and then g, ing the cutting parametefs, £, ), the values of spindle
following signals are not smooth. Based on the features glf]d feed motor currerjs;, ;] can be estimated for the wear

feed motor current signals, in this paper the DWT is used {0 es of 0.2, 0.5, and 0.8 mm respectively based on the above
analyze the feed motor current signals. The filters used HGuations.

h[-] = [0.125,0.375,0.375,0.125] andg[ - ] = [-2.0, 2.0].
Above method is used to analyze the current signals of tyg: Fuzzy Classification

ical tool breakage. Fig. 1(a)—(b) shows the spindle motor currenLI_h d mot S i defined as th
signals and the feed motor current with tool breakage, respec € measured molor currents n real ime are defined as the

tively. Fig. 2(a)—(b) shows the results of the CWT analysis gpal feature valuegSo, Fyo]. So and Iy are compared with the

the spindle motor current and the results of the DWT analy: gtlmated features;, Fi] for different defined wear stateg (|:e.,'

of the feed motor current at resolutigr= 2, respectively. From -2,0.5,and 0.8 mm) in order to evaluate the d?gfee of similarity
the analysis results, the features of tool breakage can be e fiyveen the real wear state to any of the est|ma_ted wear state.
extracted using a very simple method. In [17], the tool breaka 8 the spindle current, the following membership, values

can be efficiently detected under various kinds of cutting co e es_tabhshed: .
ditions using wavelet transforms. 1) if So < 5; (¢ = 1,2,3) thenus, (So) = 1, s, (S0) = 0,

ps;(So) = 0;
ll. TooL WEARS DETECTION USING Fuzzy 2) if S1 < So <S> thenps, (So) = (S2 — So/S2 — 1),
CLASSIFICATION TECHNIQUES 115, (S0) = (So — S1/S2 — 51), ps,(So) = 0;
3) if Sy < Sp < Sz theps, (So) = 0, ps,(So) = (53 —
A. Tool Wear Model So/S3 — Sa), s, (So) = (So — S2/S5 — S1);

Based on past studies, tool wear, spindle speed, feed rate, and) if So > S; (: = 1, 2,3) thenus, (So) =0, us, (So) =0,
drill diameter all affect the motor current signals in a cutting ps, (So) = 1;
process. Moreover, the spindle and feed motor currents canWigere 115, (So) is the membership function of, associated
selected as the features relevant to tool wear states [18]. In fieh theith grade of tool wear state. The same method may be
studies, the flank wear is taken as a standard for evaluating thed to deal with the case for the feed motor current.
drill wear condition. The tool wear mentioned in the rest of this The composite result is the average of the summation of the
paper refers to the drill flank wear. In this paper, regression ang@leighted membership functions
ysis is used to determine the map to spindle current or feed cur-
rent from spindle speed (m/min), feed ratef (mm/rev), and pi(w) = wips, (So) +wapr, (So) (i=1,2,3)  (15)
drill diameterd (mm) when the tool weaw (mm) is 0.20, 0.50, where the weighting coefficient; (¢ = 1, 2) satisfies the nor-

and 0.80, respectively. The effect of the cutting variahlgs, . o )
X P Y g 5 malized condition:aw; + wo = 1,w,ws reflect the relative

andd on the current signals, for a sharp tool, is hence assumlﬁ uence of the classification result of the spindle motor cur
to be represented by the following formula [19]: P

rent feature and feed motor current feature, respectively. In the
I = Ky f*2d® (12) present system for the given wear conditions, the coefficients
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Tool wear value (mm)
Fig. 3. Fuzzy membership of tool wear states.

arew; = 0.4,wy = 0.6, implying that the feed motor current
feature is more important than the spindle motor current featu
The outputs of the above process are still fuzzy values a
they have to be defuzzified. Basically defuzzification is a ma|
ping from a space of fuzzy values into that of the crispy un
verse. Inthe present system, the centroid defuzzification mett
is selected, which produces the center of area of the possibi
distribution of the inferenced output. Shown in Fig. 3 is th
membership function of the tool wear states. Therefore, the
timated tool wear states can be obtained by using the followi
center-of-gravity (centroid) defuzzification rule:

fw p(w)w dw
[, m(w) dw
wherewearrepresents the numerical value of tool wear state:

To sum up, a flowchart of the tool wear classification is show
in Fig. 4.

(16)

wear =

IV. EXPERIMENTAL RESULTS
A. Experimental Setup

The schematic diagram of the experimental setup is sho\
in Fig. 5. The monitoring system integrates two modules ir
cluding tool breakage detection and tool wear detection, a
is fixed on a Machine Center Makino-FNC74-A20. The fou
axes (spindle, X, Y, and Z) of the machine with recalculatin
ball screw drives are directly driven by permanent-magnet sy
chronous ac servomotors. The ac servo motor current signals

the Machine Center were measured through a Hall-effect-cur-

355

Experiment under the cutting condition defined
by the experimental design

Spindle Current signal modeling
under typical wear states

Feed Current signal modeling
under typical wear states

\/

Real cutting condition (v,f,d)

\d

v

Estimated spindle current under
typical wear states (§1,52,53)

Estimated feed current under
typical wear states (F1,F1,F3)

\

Measured current under the real cutting conditions

A 4

Y

Membership of tool wear
with spindle current

T~

Membership of tool wear
with feed current

/

Equation (15)

A 4

Defuzzification of tool wear

A 4

Tool

wear values

splindle current sersor

Machining
Center

4

Rt

work piece

work table

feed current sersor

| AD converler] | A/D converter |

I low-pass filter | I low-pass filter

Fig. 4. Flowchart of the tool wear estimation.

continue wavelet transforn

tool breakage |

| tool condition |

tool wear

discrete wavelet transforn

fuzzy classification model

fuzzy classification model

rent sensor. The signals were initially passed through low-pasg 5. Schematic diagram of the experimental setup.
filters (with a cutoff frequency of 500Hz), and then sent to a per-

sonal computer via an A/D converter.

A successful tool breakage and wear detecting method must
be sensitive to the change of tool conditions, and insensitive to
the variations of cutting conditions. Hence, cutting tests were
conducted at different cutting conditions to evaluate the perfor-

TABLE |

EXPERIMENTAL CONDITION

mance of the proposed method. Table | shows the experimental

cutting conditions.

B. Results and Discussions

In this monitoring system, the tool breakage detection and
tool wear detection are very different. Tool breakage detection
is based on the wavelet transform method whereas tool wear de-

TOOL Material: high-speed steel

CUTTING CONDITIONS  Spindle speed: 250, 300, 450 (rpm)
Feed speed: 25, 30,45 (mm/min)
Drill diameters: 2, 3, 4.5,7.2, 9.6 mm
Flank wear:  0.2,0.5, 0.8 (mm)
Without coolant

WORKPIECE 45# steel

tection is based on the fuzzy classification method. They both

detect the tool conditions by measuring the spindle and fetrek tool breakage detection and the tool wear detection are sep-

motor currents. Taking the difference of schemes into accouatately tested.
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TABLE I 1 " T T
CUTTING CONDITION AND EXPERIMENTAL RESULTS

o
©
&)

DRILL DIAMETER | ROTATIONAL | FEED SPEED FACTUAL TOOL TOOL MONITORING 08
_osf o
(mm) SPEED (rpm) | (mmymin) |BREAKAGE TIMES | SYSTEM REPORT TIMES 3
go 7k o}
20 300 30 50 50 e
2 o ©
3.0 450 45 100 98 >06 ) IS ]
g
45 300 30 50 50 Zost
3 8
8
72 450 25 50 50 304}
] o
9.6 250 25 20 20
£o3 0%/ &
w

o
o
T
L

First, the monitoring system is used to detect tool breakag 9-1f
To detect the tool breakage efficiently in a drilling process, th . . . . ' . . ;
monitoring system should be fit into the kinds of cutting condi- ¢ 01 02 °‘3Actu§|~‘:ool w‘l:r vangf(mm(;J 08 09 1
tions. Cutting tests were conducted under various cutting conai-
tions. The test results are shownin Table Il. From the test resul_{@ 6. Comparison of actual tool wear values with estimated tool wear values.
the successful detection rates all are over 95% under different
cutting conditions. For small-diameter drills, such as 2 and 3
mm, the successful detection rates are also very good. From past V. CONCLUSION
studies, the motor current signals are only fit to detect some big

diameter drills (with diameter over 5 mm). Thus, the extracteéj 'An intelligent tool condition monitoring system is developed

. ?sed on ac servo motor current signals measured using simple
features derived from the wavelet transform of the motor curren o .
. current sensors. The monitoring system possesses the following
are useful. They can be effectively used to detect tool breaka

In addition, these results also showed that the features extrac%g(\j/antages:

were not too sensitive to the change of cutting conditions. In 1) monitoring method is very simple and effective;
brief, the experimental results show that the tool breakage de-2) COSt Of the system is very low; _ _
tection module of the monitoring system can meet the need of3) monitoring system does not interfere with cutting pro-
the drilling applications. cessing.

For tool wear detection, a total of 70 cutting tests were cdkrom the experimental results, the following conclusions can be
lected under various cutting conditions. Fifty samples were ramade.

domly picked as the learning samples for calculating the param-1y The continuous and discrete wavelet transforms are useful

eters of (13) and (14)4 = [a;;] and B = [b;;]. Twenty sam- to decompose the spindle and feed motor current signals,
ples were used as the test samples in the classification phase. respectively. The features of tool breakage can be easily
According to the experimental results, the parameteasd B extracted from the decomposed signals so as to effectively

can be calculated by using the least-squares method as follows:  getect the tool breakage in drilling.
2) The tool wear models of the relationships between the

2.6405 0.1502  0.0931 0.1807 current signals and the cutting parameters under different

A= 126884 01679 01185 0.3111 | and tool wear states (i.e., wear 0.2, 0.5, 0.8 mm) are estab-

[ 2.7658 0.1826  0.1536  0.3549 | lished based on partial experimental design and regres-
[2.7058 0.0953 0.0659 0.2084 ] sion analysis. The fuzzy classification method is useful
B=|27418 0.1828 0.1156 0.3136 | . to calculate the membership degree of tool wear by using
| 2.8641 0.1933 0.1692 0.3435 | the measured motor currents. Finally, the tool wear value

can be estimated based on the above method.
The correlation coefficient was always over 0.97, close to unity. 3) The monitoring system includes tool breakage detection
It is indicated that the relationship between the current signals  and tool wear detection. The experimental results show
and the cutting parameters is well represented by the proposed that the success rate of tool breakage detection is over
models. Twenty additional tests were conducted to examine the  95%, and the error of tool wear detection is below 15%.
feasibility of using the above models to estimate the tool wear ~ These results strongly show that the monitoring system
states. In order to make clear the reliability of the above method,  may be employed in practical drilling applications.
the comparison of actual tool wear values with estimated tool
wear values is shown in Fig. 6. In the test samples, the error
rates are up to 15%. The success rate of tool wear monitoring ACKNOWLEDGMENT
is thus as high as 85%. The results are acceptable and the pro-
posed method can be applied in practical cutting processing, thihe authors would like to express their appreciation for the
reason is that the relative error of actual measurement of tasleful suggestions put forward by the anomymous referees and
wear is close to 90%. an Associate Editor.



LI et al. REAL-TIME TOOL CONDITION MONITORING 357

(1]

(2

(3]

(4]

(5]

(6]

(71

(8]

9]

(20]

(11]

(12]

(13]

[14]

[15]
[16]

(17]

REFERENCES [18] X. Liand S. K. Tso, “Drill wear monitoring based on current signals,”
Wear, vol. 231, pp. 172-178, 1999.

[19] X. Li, “Identification of tool wear states with fuzzy classificationit.
J. Comput. Integr. Manufagtvol. 12, no. 6, pp. 503-509, 1999.

D. Li and J. Mathew, “Tool wear and failure monitoring techniques for
turning—A review,” Int. J. Mach. Tools Manufagtvol. 30, no. 4, pp.
579-598, 1990.

X. Li and Z. Yuan, “Tool wear monitoring with wavelet packet trans-
form-fuzzy clustering method,Wear, vol. 219, no. 2, pp. 145-154,
1998.

M. A. Mannan, S. Broms, and B. Lindustrom, “Monitoring and adaptive
control of cutting process by means of motor power and current meXioli Li was born in Jiangxi, China, in 1970. He received the B.E. and M.E.
surements,Ann. CIRR vol. 38, no. 1, pp. 347-350, 1989. degrees in mechanical engineering from Kunming University of Science and
M. A. Mannan and N. Tomas, “The behavior of static torque and thrutechnology, Kunming, China, in 1992 and 1995, respectively, and the Ph.D.
due to tool wear in drilling,” Tech. Rep., North Amer. Manufact. Resdegree in mechanical engineering from Harbin Institute of Technology, Harbin,
Inst. SME, 1997. China, in 1998.

G. Byrne, D. Dornfeld, I. Inasaki, G. Ketteler, W. Konig, and R. Teti, He s currently a Research Fellow with the Department of Manufacturing En-
“Tool condition monitoring (TCM)—The status of research and indusgineering and Engineering Management, City University of Hong Kong, Hong
trial application,”Ann. CIRR vol. 44, no. 2, pp. 541-567, 1995. Kong. His main areas of research are manufacturing process monitoring, ma-
X. Li, Y. Yao, and Z. Yuan, “On-line tool condition monitoring system chining error compensation, fuzzy systems, neural networks, and wavelet trans-
with wavelet fuzzy neural networkJ. Intell. Manufact. vol. 8, pp. form and its applications.

271-276, Aug. 1997.

W. Gong, T. Obikawa, and T. Shirakashi, “Monitoring of tool wear states

in turning based on wavelet analysigSME Int. J. Ser. llI-Vibr. Contr.

Eng. Ind, vol. 40, pp. 447-453, Sept. 1997.

G. S. Hong, M. Rahman, and Q. Zhou, *Using neural network for toc%hiu Kit Tso (SM'81) joined the City University of Hong Kong as Professor

'T'ggﬂt;\(/)lgnrﬂé T:?/%nggazzd S%nlzvsagg Ii;:;iggg ositidnt: J. Mach. of r_nech_atronics and automation in 19_95 after a period_of long servic_e with _the
Ya Wu and R bu .“Fe’atur.e extractié)n and asséssment using wavetﬁ've.rs'ty of ang Kong. He ha_s carried out research in the broad field of in-
packets for rﬁonitbring of machining processeblech. Syst. Signal strl_al electronics and automation and c_ontrol and supervised numerous_Ph._D.,
Process, vol. 10, pp. 29-53, Jan. 1996 ’ ’ M.Phil., and M.Sc. students. He_has pu_bllshed more than 250 refer_eed scientific
0 Zhou. G 'S Hoﬁg and M Ra{hman"‘NeW tool life criterion for tooP2PerS: He has worked in the industrial electronics anc_i contrql |ndu'stry and
cdnditior’1 m'on.itoring ’using a.neural ne’tworlE,hg Applicat. Artif. In- served as consultant for a number of government and industrial projects. He
tell., vol. 8, pp. 579-588, Oct. 1995 ’ ' ' has held visiting professorshlpsm many universities m(_:ludlng _the Unlversny_of
N .kasa'sh’ima. K. Mori G H. Ruiz 'and N. Taniguchi, “Online fa”ureToronto, University of Waterloo, and National University of Singapore. He is

P NTESL T T T 2 ) R currently Director of the Centre for Intelligent Design, Automation, and Manu-
detection in face milling using discrete wavelet transforAnh. CIRR f h - . -

acturing, City University of Hong Kong.

vol. 44, no. 1, pp. 483-487, 1995. Dr. Tso is a Fellow of IEE and HKIE
I. N. Tansel, C. Mekdeci, and C. McLaughlin, “Detection of tool failure ’ '
in end milling with wavelet transformations and neural networks (WT-
NN),” Int. J. Mach. Tools Manufactvol. 35, pp. 1137-1147, Aug. 1995.
I. N. Tanasel, C. Mekdeci, C. Rodriguez, and O. Uragun, “Monitoring
drill conditions with wavelet based encoding and neural netwotks,”
J. Mach. Tools Manufactvol. 33, pp. 559-575, Aug. 1993. Jun Wang (S’89-M'90-SM’93) received the B.S. degree in electrical engi-
Y. Koren, T. Ko, and A. Galip, “Flank wear estimation under varyingheering and the M.S. degree in systems engineering from Dalian University
cutting conditions,’J. Dyn. Syst., Meas., Contvol. 113, pp. 300-307, of Technology, China, and the Ph.D. degree in systems engineering from Case

1991. Western Reserve University, Cleveland, OH.

G. Strang and T. NguyenNavelets and Filter Banks Cambridge, He is an Associate Professor and the Director of Computational Intelligence
U.K.: Wellesley-Cambridge Press, 1996. Laboratory, Department of Automation and Computer-Aided Engineering, Chi-
Y. Meyer, Wavelets: Algorthms and ApplicatiansPhiadelphia, PA: nese University of Hong Kong. Prior to this, he was an Associate Professor with
SIAM, 1993. the University of North Dakota, Grand Forks. His current research interests in-
X. Li, “On-line detection of the breakage of small diameter drills usinglude neural networks and their engineering applications.

current signature wavelet transfornmt. J. Mach. Tools Manufactvol. Dr. Wang is an Associate Editor of the IEEERANSACTIONS ON NEURAL

39, no. 9, pp. 157-164, 1999. NETWORKS



