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Department of Mechanical Engineering, The forming of sheet metal into a desired and functional shape is a process, which
University of New Hampshire, requires an understanding of materials, mechanics, and manufacturing principles. Fur-
Durham, NH 03824 thermore, producing consistent sheet metal components is challenging due to the non-
. linear interactions of various material and process parameters. One of the major causes
Jian Cao for the fabrication of inconsistent sheet metal parts is springback, the elastic strain
Assoc. Mem. recovery in the material after the tooling is removed. In this paper, springback of a steel
Department of Mechanical Engineering, channel forming process is controlled using an artificial neural network and a stepped
Northwestern University, binder force trajectory. Punch trajectory, which reflects variations in material properties,
Evanston, IL 60201 thickness and friction condition, was used as the key control parameter in the neural
network. Consistent springback angles were obtained in experiments using this control
scheme[DOI: 10.1115/1.1555652
Introduction These data were then used in an analytical model to calculate the

. . . punch depth to obtain desired springback angles. The methodol-
The Partnership for a New Generation of VehiclBNGV), a gy, which combined a model-based approach and on-line closed

wing of the United States Council for Automotive Researc . . .

) o . . ; op control, provided good springback control within 0.25 deg.
(USCAR, |dent|f|9d S|xteen.manufactur|ng tgchnolog|es that ne 0\‘/)vever, thispapproacr?is onI>F/) sugthabIe for small volume produ?:-
to be“adqressed in order to Improve automotive manufact{thg tion due to the time and cost associated with measuring the thick-
The “springback challenge,” i.e., finding a way to compensatg. .2 nd material hardness
and control springback, is one of these crucial manufacturing ar- .

dth tral ol inth terial und both elasti . Metal forming examples that have benefited from neural
around the neutral piane in theé material undergoes both elastic ork springback control include a rea®] and an air bend-

plastic defqrmation. When the punch ha§ reached thg fi.nal dr procesq20]. The inputs to the neural network in Inamdar
depth and is removed, the elastic strain in the material is recq¥ | 120] included the ratio of yield strength to Young's modulus
ered, which produces springback in the part due to the nonunifof the strain hardening exponemtThe network provided good
stress distribution in the sheet. Therefore, the final part Conﬁgu@ﬁringback predictions if the mate’rial parameters were accurate.
tion aftgr unloading.is diffgarent than the one in the Ioapled state Rg,, and Kim [21] reduced the number of finite element simula-
shown in the two dimensional channel part view of Fig. 1.~ jnong necessary to design the die geometry for a cylindrical pulley
Efforts have been made to reduce the amount of springbackjRq the initial billet size for an axisymmetric rib-web product
formed parts and to compensate for the amount of the springbagng neural networks. In yet another research project, Manabe
in the tooling desigr{2,3]. From a quality control standpoint, e 41 [22] utilized a neural network to determine the material
consistent springback is critical to the following assembly prgsioperties early in the forming process of a cylindrical part.
cesses. Factors that affect springback include variations in b@ysed-loop control of the binder force was then employed based
material and process parametpfs-15|, such as material proper- on the theoretical wrinkle limit in the initial forming depth stage
ties, sheet thickness, friction condition, binder force, and tooling the process and the theoretical fracture limit in the latter form-
geometry, etc. The relationships that exist between springbggly depth stage. These theoretical limits were based on an analyti-
and these parameters are extremely nonlinear with multipdg) calculation using the material properties computed by the neu-
Interactions. _ o ~ral network and a friction coefficient, which was determined
In order to address the unavoidable variations in material aggroughout the forming process.
process parameters that lead to inconsistent springback, modificaruffini and Cad[23] and Kinsey et al[18] proposed a control
tions to the forming process have been proposed. Sunseri etsgstem using artificial neural networks and a stepped binder force
[16] proposed a closed-loop control process to overcome varigajectory to minimize and control springback in an aluminum
tions in the friction conditions during a channel forming process.
The binder force was adjusted to follow the desired punch force
trajectory obtained from the stepped binder force at the nominal

process conditions. Their work produced consistent springback Lower Binder

ocess.

levels when the friction coefficient was varied. However, the RS
method was not tested for variations in other parameters such as ' — ]
material properties or thickness. Thickness variation was consid- 45.4 I . a—n . ¢, Springback angle
ered in Elkins and Sturgé¢47] where thickness and material hard- 3 -
ness were measured prior to a small radius air bending operation. 4 Rw F 15875 N ¥
Punch
Upper Binder
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350 ) numerical simulations that aided in the determination of experi-
300 | Higher Binder Force ———» —_— mental setups, specifics of neural ne_twork trai_ning, and the experi-
) mental results are presented. Consistent springback angle results
Z 950 | Process | BF(N) | & | & EA}:ETS‘;IB were obtained even when materials not used in the neural network
E Stepped | HBF=247 | o o0 training process were formed.
£ 200 {| BF LBF=80
I 150 | |SBF 247 5| 24% Numerical Simulations
E CBF 80 19.1° | 9% Finite element simulations were used to determine the experi-
100 - mental set up for our physical channel forming process. These
| i analyses were performed on a commercial finite element package,
%0 Lower Binder Force ABAQUS/Standard[24]. The problem was approximated as a
0 . + ‘ plane-strain condition, and the simulation was performed on one
0 10 20 30 40 50 half of the length of the blank to take advantage of the symmetric
Punch displacement (mm) in the geometry. The width of the blank in the simulation was also
scaled down to one sixtieth of the experimental sample. The di-
Fig. 2 A stepped binder force trajectory used in the channel mensions for the tooling were determined based on an existing
forming process and its springback compared to constant pan forming tooling provided by ALCOAsee Fig. 1 The binder,
binder force (CBF) cases die and punch were modelled as three rigid surfaces using four-

node interface element&BAQUS type IRS4, and a Coulomb’s
friction law was assumed. The blank was meshed with two layers
channel forming process. In these works, an artificial neural ngbr a total of 200 eight-node elements with reduced integration
work was trained and implemented using numerical simulatiofisBAQUS type CPESR The material was assumed to be planar
results. A stepped binder force trajectory was known to producésatropic following Hill's 1948 yield criterion and an isotropic
significantly lower amount of springback while keeping the straihardening law was used. Further details can be found in
level in the sheet at a reasonable valsee table in Fig. 2 How-  Viswanathar{25].
ever, the process variables related to a stepped binder force traSimulations were conducted to study the effects of binder force
jectory, the High Binder ForcéHBF) value and the percentage ofand forming depth on springback angle. The springback angle was
Punch DisplacemeriPD%) where the step in binder force occursfound to increase with a deeper forming deffiy. 4) and a lower
needed to be adjusted based on variations in material and prodsiggler force(Fig. 5. The recoverable elastic strain would have a
parameters. A neural network was employed to determine theaere inhomogeneous distribution through the thickness direction
stepped binder force variables based on data from the initial forgvhen a lower binder force is employed, and more sheet area will
ing of channels. A flowchart for the control scheme is shown in
Fig. 3. In Kinsey et al[18], four polynomial coefficients from the
curve fitting of the punch force trajectory were used as inputs to 4o e e steel 1
t

the neural network. Based on these inputs, the neural network 35 11 180 kx| | Thickness: 0.8 mim
calculated the magnitude of the HBF and the PD% for the stepped _. | 4240 k| |Friction: No lubrican
binder force trajectory. Variations in the material properties were § 30 -
simulated by changing the material strength coefficiéhtand
strain hardening exponem, Friction was varied by+65%, and
sheet thickness was varied By25% compared to nominal values.
Despite these large variations in process parameters, the neurz
network and stepped binder force trajectory maintained spring- =
back angles between 0.2 deg to 0.6 deg and the maximum strairg 10 -
values between 8% to 10%. This system provided an extremely
robust control process at a low cost. Although the work was done
using simulations, the results were promising. However, physical  © ‘ ‘ ‘ , ;
implementation of the process needed to be realized to verify the 0 20 40 60 80 100 120
benefits. Draw depth (mm)

In this paper, experimental results based on the method pro- ) . )
posed by Kinsey et a[18] are presented. Here, a steel channdli9- 4 Effect of drawing depth on springback angle at various
forming process is used with a different geometry based on tf&stant binder forces
tooling available. The punch force trajectory was again utilized to
provide information about the material and process parameters for |,
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Fig. 5 Springback angle and maximum strain versus constant
Fig. 3 Flow chart for implementing neural network control binder force
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Table 1 Mechanical Properties * of Test Steels

Yield** Ultimate Maximum
Thickness  Strength tensile elongation K _

Steel (mm) (MPa) (MPa) (%) n (MPa) R
CRDSTB 0.7366 155.60 301.6 39.5 0.239 536.47 1.51
EGCR3 0.7493 177.76 302.5 43.0 0.221 517.34 1.75
EGCR3-2 0.8509 165.36 291.5 44.6 0.224 1.901
HDGCR3 0.8001 194.20 354.3 375 0.220 623.50 1.46
HSGHS25S 0.7620 187.60 306.5 40.1 0.225 537.70 1.57
EG250B 0.7542 249.98 360.5 33.2 0.179 574.70 1.64
Generic Steel 0.7014 Unknown Unknown Unknown Unknown Unknown Unkown

*All properties are averaged according te=BX,sgegt Xodegt X ooded/4
**Yield strength at 0.2% offset
** Poisson’s ratio is 0.3.

experience this uneven distribution at a deeper forming depth Bach neuron is linked to adjust, downstream neurons through vari-
this channel forming. Both of these causes result in moable weights. These weights are calculated by an iterative method

springback. during the training process when the network is fed with a large
amount of training data, input and output pairs that represent the
Experimental Setup pattern attempting to be modeled. Neural networks have found

. . . . . . diverse applications, for instance in speech gener§fiéh weld-
Numerical simulations conducted in the previous section prgs PP P g 4aen

vided guidance for the experimental setup, such as draw depth ar_ﬁi‘[zﬂ’ and medical diagnos{es].
' ik I.[29] sh h -| | k
blank width. Blanks of dimensions, 609.6 nxii27 mm, were ornik et al.[29] showed that a two-layer neural network, one

) -~ _made up of an input layer, a hidden layer, and an output layer, was
sheared from sheet metal provided by U.S. Steel Inc., with t§icient to accurately model any continuous function provided a
rolling direction along the length of the blank. The cold-rolled; t;icient number of hidden neurons are used. Therefore, this net-
materials used consisted of an electro-galvanized draw qualifh architecture was chosen for our work. In a fully connected
special killed steel of two different thickne$EGCR3, EGCR3- ook each neuron receives inputs from all of the elements in
2), a hot dipped galvanized draw quality special killed steg

e preceding layer. No connections exist between neurons in the
(HDGCR3, a carbon sheet _Chrysler Spec l\_/IS-stéMS-G?) same layer. Figure 6 shows the connection paths to and from one
(CRDSTB), an electro-galvanized-annealed high strength st

h . . ] &fdden layer neuron. The total input to the hidden layer nejiron
(HSGS253 fully stabilized with a minimum yield strength of U, , is the summation of the weight multiplied by the input value,
172.4 MPa. Two additional steels used for verification, i.e. N’ for each connection path.

seen by the neural network during training, are EG250B and &

generic carbon steel. Material properties and thickness data are N
given in Table 1 for these materials. The value differences be- Uj=WjO+E Wi X Xi 1)
tween these steels are 20% in K, 27%njrand 14% in thickness; =1

thus representing a significant range in material properties. . . . .
These blanks were then circle gridded using electrochemié’?ﬁ‘ere'\l is the number of inputs, anw, is the bias of the

etching to allow for strain measurements. Three different lubrfcuron: which is simply another weight in the network. The bias

cants widely employed in the metal forming industry, a minerat oS th(tahne_uront to tha\t/e alnt_extra_detgrebe olf free%om to a‘thLI’St

oil, a pre lubricant and a synthetic coating, were used to gener%{%:‘?ivr\]”n?rain?n Input-output refationship o be learned accurately

various friction conditions. Typical coefficients of friction values Thg t t%‘r m the hidden laver neuro: . is given by:

for these lubricants vary from 0.05 to 0.15. This represents a € outputfro € hidden fayer neuror,, IS given by.

200% variation in the lubricating conditions. To produce the de- Vi=f(U)) )

sired friction condition, 10 ml. of the appropriate lubricant was ! :

sprayed on the blank and distributed evenly on the surface. Blankberef is the activation function. Hornik et gl29] also showed

were also formed in the dry conditiciapproximatelyu=0.20), for the hidden neurons that a sigmoidal activation function, or any

which provides a total of four different lubrication conditions. other continuous, monotonically increasing, and bounded activa-
Experiments were performed on a 150-ton HPM hydrauli¢ion function, is necessary to model the continuous output func-

double action stamping press. The pressures in four hydraulic cyl-

inders, one in each corner of the binder plate, generate the binder

force in the process and are controlled by proportional valves. A

Temposonics displacement sensor monitors the punch position tOiuput iayer () hidden layer (j) output layer (k)

determine the location to apply the stepped binder force trajectory.

Labview, a graphical programming language, and data acquisition * o O

hy O

O
boards from National Instruments were used to output voltages to o O
the proportional valves to control the binder force and to monitor -
the punch displacement, punch force, and binder force in the pro- : W
cess. The channel was drawn to a depth of 44.5 mm, and the low

binder force was a constant for all experiments, 80 kN. The * OW\*

Yk

springback angle was measured using a Coordinate Measuring /I
Machine(CMM) after the process was completed. " O W N O v
Control System ’ L
. . W, > w2,
Neural Networks. Neural networks are non-linear analysis i g \ !
tools that form a highly interconnected, parallel computation
structure with several simple processing elements, or neurons. Fig. 6 Structure of neural network
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Table 2 HBF and PD% values used to train the network

High Binder Force(kN)
Friction Conditions

Material No lubricant Mineral Oil Prelubricant Synthetic
CRDSTB 231 280 264 263
EGCR3 (290) 316 312 295
EGCR3-2 163 224 167 (210)
HDGCR3 254 279.5 (268.5) 258
HSGS25S 323 (333.5) 326 326

PD% of total punch displalcement
Friction Conditions

Material No lubricant Mineral Oil Prelubricant Synthetic
CRDSTB 62.35 62.975 61.125 67.5

EGCRS3 (61.5) 63.0 61.5 66.0
EGCR3-2 64.0 64.0 67.075 (65.75)
HDGCR3 62.25 63.75 (63.0) 62.75
HSGS25S 61.3 (60.5) 64.0 60.825

*Numbers in parenthesis are those sets used for validation.

tion. However, a simple linear activation function with a slope ofvhere is the learning rate which controls the stability and rate of
one is sufficient for the output neurons. With these two activatia@onvergence of the weights. Details for the derivation of this
functions, a given outputy,, based on the inputs;, and the equation are given in Widrow and Lef81].

connection weights is given by: - ) .
9 9 y Training Data. The first step to implement a neural network

N is to generate the training data. For our research, experiments
WJ,O+E Wjixi) } (3) Wwere conducted_ with s.tepped binder force trajectories imple-
=1 mented. The desired springback angle range was set to between 10
and 12 deg. This range was chosen based on the capacity of our
whereJ is the total number of hidden neurons. hydraulic press, i.e., a higher binder force value would be required
As was stated above, neural networks must first be trained igorder to reduce the springback angle further. The channel form-
they are able to generalize; i.e., to extract, the correct relationshigy was done on a particular steel blank using a calculated guess
from a finite number of corresponding input-output pairs. Duringbr the HBF and PD% based on simulation results to produce an
training, a number of input-output pair®, are given to the net- acceptable springback level. After the stamping operation was
work and the weights of the connection paths are adjusted. Téémpleted, the part was removed from the die, and the springback
goal of this “learning” is to get the outputy, , that are calculated \as measured using a Coordinate Measuring MachGidM).
using the weights of the neural network as close as possible to tge strain levels were determined by measuring the deformation
desired output patternd,, for the training examples. A measureof the circle grids on the channel. The process was repeated and
of how well the neural network achieves this goal is the Meaferated by adjusting the HBF and PD% through a trial and error
Square Error of the process given by: process to obtain acceptable levels of springback angle and strain.
When a lubricant was used, care was taken to wipe the punch and

J
V=2, {Wko"'wkjf

Q K . .
1 5 binder plate of excess fluid to ensure that each part was formed
MSE= OxK X 21 kzl [di(a) —yi(a)] (4)  under the desired friction condition. Once the springback objec-
e tive was achieved, the experiment was repeated four times in or-
whereK is the total number of outputs. der to ensure reproducibility of the springback angle, strain val-

The most common method to adjust the weights of the connd¢€S, and input parameters calculated by curve fitting the punch
tion paths is through the back-propagation algoritf80]. The force trajectory, which will be discussed in the following para-
weights are given a quasi-random, intelligently chosen initi@f@Ph. The springback angle and strain values varied by 0.5 deg
value. Then, the training examples are presented to the ne@afl 2% respectively, during the successive process runs. Averaged
network one at a time. First, an input patteXy,, is feedforward values o_f t_hese four tests were regarded as one training set. A?otal
through the network using the current weights associated Wgﬂf! 20 training sets were ggnerated, a combination of five materials
each connection to obtain the output pattefg, The capitalized, W|t_h _four lubricant conditions. See Ta_ble 2 fo_r a list of all the
bold letters represent a vector of input or output values for tfEaining data, and Table 3 for the obtained springback angles.
current example. From the desired outpuds,, of the training As in Kinsey et al[18], curve fitting of the punch force trajec-
example, errors are computed. Next, the effects of the errors are
swept backwards through the neural network to obtain a “square
error derivative,” o, for each computational neuron. A gradient is
then calculated for all of the square error derivatives allowing for taple 3 Resultant springback angles for the training data
the weights to be updated. The negative of this gradient represents
the direction in which the weights should be adjusted to minimize Springback angle&degrees
the MSE of the computations. This process is repeated for all of;;cial
the training examples and for the specified number of iterations

No lubricant ~ Mineral Oil ~ Prelubricant ~ Synthetic

The number of iterations refers to the number of times that thi§RDSTB 10.513 10.347 10.679 10.875
adjusting procedure is replicated on all of the training example%%CR%?z (1111'2035? 111'(?%889 1%'8%3 (1317'8%3
The equation for calculating the updated weights is: HDGCR3 11.3 10.989 (11.351) 11.483
HSGS25S 10.681 (11.504) 12.907 11.339
WH =W 276X (5)
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140 Network Establishment. The neural network programming
was achieved using the MATLAB Neural Network toolbox. A
1201 two-layer neural network was used with a sigmoidal activation
100 | function between the input and hidden layers and a linear activa-
g tion function between the hidden and output layers, as suggested
% 80 | by Hornik et al.[29]. To determine the optimal number of hidden
E neurons to use in the neural network, a validation study was con-
5 60 - ducted. First, the training data was separated into two groups of
::_s o CRDSTB data, a set of sixteen input-output pairs for initially training the
40 1 EGCR3 neural network and a set of four examples for validation of the
20 . training process. These four training input-output pairs are shown
No lubricant in parenthesis and itialized in Tables 2 and 3. The validation study
0 , ‘ ‘ ‘ procedure is as follows: First, neural networks with varying num-
0 5 10 15 20 25 bers of hidden neurons are trained with the sixteen input-output
Punch displacement (mm) pairs. Then, the inputs from the four validation examples are
“feedforward,” i.e., the trained neural network is exposed to the
Fig. 7 Punch force trajectories before 20 mm for different input values, to obtained outputs. Mean square errors are then
materials calculated based on the difference in the output values calculated

by the network and the known output data for the four validation
examples. With too few hidden layer neurons, the input-output

relationship would not be learned adequately leading to a high

:jory of the initial f_ormlr;]g depthlstage oli tlhe process was use;:i ean square error. With too many hidden layer neurons, the neu-
etermine inputs into the neural network. In post processing of thg anyork would be oversensitive and not adapt well to new

punch trajectory, it was observed that a third degree polynomigl, ;i not seen during training, also leading to high mean square
curve fit was able to differentiate between the different materi ror. For our network. three hidden neurons were determined to

(s?e Fig.f7, thic'ljnde_ss:as and fricftion c(())nditzig(see F'II'% Sfolr thef e optimal to balance these two conflicting constraints. For more
values of punch displacement from 0 to 20 mm. The value of ZLails refer to Viswanathai25].

mm was determined as the cut off value to calculate the iNputyo, that the structure for our neural network was established,
parameters, because the punch force trajectory reached a con§taniyee inputs, three hidden layers, and two outputs, our neural
value at this point. The third degree polynomial curve fitting ofetyork was retrained with all twenty input and output pairs. The
the punch force trajectory yielded four coefficients; however, t”hﬁeights and biases were then extracted from the MATLAB neural

intercept term was ignored since it was nearly the same for all thgy ;o software and reconstructed using algebraic equations in
cases. Thus, three coefficient terms were used as input parameters| Jpview process control program

to the neural network. During the reproducibility tests, the input
parameters varied by a maximum of 6.25%, 7.3%, and 6.9% with )
respect to the coefficients b, andc reported in Table 4. Experimental Results

With our neural network calculations now embedded in our
Labview process control program, experiments utilizing the con-
trol scheme of Fig. 3 were implemented. Various materials with

140 different friction conditions were formed. Curve fitting of the
120 4 punch force trajectory was performed after 20 nm of forming, and
three inputs from this curve fitting were then used as inputs in the
_100 | neural network equations to determine the HBF and PD% for
4 controlling the springback angle. The neural network was able to
g 80 determine the stepped binder force trajectory to keep springback
- 60 within a reasonable range when faced with the same material and
g o No lubricant friction conditions used to train the netwofkee Table b This
& 40 verifies that the neural network learned the relationship of the
= Mineral Oil training data well. However, in order to show that the generalized
20 1 relationship between springback angle and material and process
CR DSTB parameters is captured in the neural network, types of steel and
Y ‘ ‘ ‘ ‘ ' friction condition not seen by the neural network during training
0 5 Puncg%isplaceme}f(mm) 20 25 were also formed. When a generic steel was formed with no lu-
bricant, a EG250B steel with a synthetic lubrication and EGCR3
Fig. 8 Punch force trajectories before 20 mm for different fric- and HDGCR3 with excessive mineral oil applied, 20 ml., the neu-
tion conditions ral network predicted reasonable values of HBF and PD% to
Table 4 Curve fitting coefficients of punch force trajectory for training the network
Curve fitting coefficients
ax®+bx?+cs+d, a, b& ¢
No lubricant Mineral Oil Prelubricant Synthetic
Material a b c a b c a b c a b
CRDSTB —-4.1 9.1 10.5 -33 7.8 7.5 -34 7.2 10.1 -3.2 7.02 8.53
EGCR3 -35 8.22 839  -3.1 6.79 8.46  —2.9 5.74 102  -2.8 5.94 8.68
EGCR3-2 —-5.5 10.7 17.0 -39 6.86 16 —-4.9 9.00 17.3 —4.6 11.5 9.75
HDGCR3 —-4.1 8.50 11.8 —-3.8 8.25 10.9 —-3.8 8.36 10.4 —-3.7 8.72 9.26
HSGS25S -3.6 8.17 11.6 —4.2 9.32 10.4 —-3.6 9.20 10.5 -3.7 8.56 7.80
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Table 5 Results of experiments with neural network control implemented 1

Predicted Predicted Springback Strain
Material Friction HBF (kN) PD% angle(deg (%)

Combinations seen by the network during training

CRDSTB No lubricant 247 64.0 10.523 13
EGCR3 No lubricant 290 63.0 11.019 15
EGCR3-2 No lubricant 181 69.1 10.578 14
HDGCR3 No lubricant 256 61.0 11.531 13
HSGS25S No lubricant 309 59.8 10.809 17
CRDSTB Mineral Oil 291 65.1 11.179 11
EGCR3 Mineral Oil 311 68.9 10.468 13
HSGS25S Synthetic 312 61.6 10.259 145

Combinations not seen by the network

HDGCR3 Excess Mineral Oil 304 58.9 10.163 10.5
EGCR3-2 Excess Mineral Oil 248 63.8 10.103 11

EG250B Synthetic 329 58.9 13.670 10.5
Generic Steel No lubricant 246 65.2 12.53 9.5

INotice that the target springback angle is between 10 to 12 deg.

produce springback only slightly outside the desired rafsge tions in other sheet metal forming processes. For a complex part

Table 5. If these materials and friction conditions were used iforming, punch force alone may not be sufficient in identifying

the training process as well, better results would have been aolarious variations. In these cases, more sophisticate sensors are

tained. needed, for example, local draw-in measurement or local tangen-
Without the neural network, the springback for the various maial force measurement. With these sensors, neural network con-

terial and friction conditions in our experiments varied from 4 detgol combined with real-time closed loop control can dramatically

to 30 deg for the same range of binder forces, 160 kN to 330 kikicrease the robustness of forming processes.

The CPU was able to perform the neural network calculations fast

enough to change to the HBF at the specified PD%. The time

required to calculate the outputs of the neural network was/Acknowledgments

milli-seconds on our 233 Hz Pentium microprocessor. The net-Thijs research was funded by NSF Grant DMI-9703249 and the
work also provided good results, when the tooling was disagngineering Research Program at the Department of Energy. Ma-
sembled and reassembled. This was done to demonstrate thaiéi@| and tooling support from U.S. Steel Inc. and ALCOA is
network could be used in industry where there are frequent tooliggeply appreciated.

changeovers.
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