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Economic pressures, particularly related to the quality of manufactured goods and ‘time-to-market’ are 
forcing designers to think not only in terms ofproduct design but also in terms of integrated product and 
process design, and finally in terms of deterministic manufacturing planning and control. As a result of 
these three high level needs, there is now an even greater need for comprehensive simulations that predict 
material behavior during a manufacturing process, the stresses andor temperatures on associated tooling, 
and the final-product integrity. The phrase ‘manufacturing processes’ of course covers a broad scope; it 
includes semiconductor manufacturing, injection molding of polymers, metal machining and precision 
lapping, wood and textile production, and the final assembly of piece-parts into a consumer product. It can 
be seen from this partial listing that the fields of fluid mechanics, solid mechanics, dynamics and tribology 
can all play a role. The introduction to the paper wil l  contain a review of manufacturing processes and 
describe where simulations have been successfully applied, and where simulations are still lacking. The 
best of the simulations are those where the models accurately fit the physical phenomena, where accurate 
constitutive equations are available, and where boundary conditions are realistic. Thus, the body of the 
paper will focus on the results from one of these more successful simulations. It has been used to predict 
the deflections of tooling and the most appropriate operating conditions for the manufacturing process 
under study. A new method for manufacturing planning is described. In this method, closed form, some- 
what simplified, analytical models are used to determine manufacturing planning parameters and then the 
results from these simpler models are rehed by the fuller simulations. A case study in machining param- 
eter selection for peripheral finish milling operations is developed in which constraints on the allowable 
form error, D, and the peripheral surface roughness, %, drive the process parameter selection for a cutting 
operation intended to maximize the material removal rate. In four machining scenarios, achieving agree- 
ment (within a 5% deviation tolerance) between the simulation and constraint equation predictions 
required only three simulation execution cycles, demonstrating promise that simulation tools can be effi- 
ciently incorporated into parameter selection decisions. 
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INTRODUCTION 

How can large scale simulation tools be best exploited and used for manufacturing planning? In this 
paper, we first briefly review how simulation tools have made an impact on the general understanding of 
manufacturing processes such as forming and machining. However, there is “some distance to go” before 
simulations are used on a more regular basis by production personnel in the day-to-day planning of spe- 
cific production pmesses. To address this shortcoming, a novel methodology for production planning is 
therefore presented that can be seen as a workable compromise between the large scale simulation pack- 
ages and simpler, closed form analytical models. Such simpler, analytical models provide a relationship 
between the main inputs and main outputs of a particular manufacturing process. They are usually based 
on “first-order relationships” with some experimentally adjusted parameters. However by starting with 
the results from such simpler analytical models, and then by verifying them with the more complex simu- 
lation tools in the domain of interest, a satisfactory compromise can be reached between expediency and 
accuracy. The example that is presented focuses on obtaining very accurate features, with a good surface 
finish, in a machined component. The overall goal is to enrich a CAD/CAM environment: a) with physi- 
cally accurate visualizations of the manufacturing process, and b) with process planning modules that 
allow the detailed selection of manufacturing parameters (e.g. processing speeds and tooling angles). 
Economically, the aims are to ensure a high quality product, and to reduce “time-to-market” by eliminat- 
ing ambiguities and “re-work” during CAM. 

Over the years, the main reference books in the analysis of the high-strain, plastic flow of materials, of 
course show an increasing emphasis on simulations and numerical methods. For example, each new 
edition of Rowe [1965-19771 or of Kobayashi et al., [1965-19891 shows an interesting trend: Early 
editions focus on closed form analytical solutions, often based on slip line fields backed up by 
experimental observations. By contrast, later editions focus much more on detailed simulations often 
involving the finite element method 0. Understandably, it is now common to see comprehensive volumes 
that devote themselves entirely to numerical approaches [pittman et al., 1982; Shen andDawson, 19951. 
These reference volumes cover a wide variety of processes including: two-dimensional drawing, sheet 
metal forming, forging, extrusion, machining, and casting. In such studies, the stresses, temperatures and 
residual stresses in the formed product are the usual parameters of interest. Constitutive models, material 
properties and boundary conditions are the key, high level issues to be addressed in the search for 
accurate models and simulations. Such simulations allow a more detailed prediction of the effects of 
various parameters on manufacturing processes than do closed-fonn analytical predictions. While purely 
closed-form relations are valid only within a small subset of the feasible operation space, simulations are 
often able to provide accurate predictions over a wider range of parameter values. 

Unfortunately, increasingly reliable simulation tools do not directly address the planning issue. While the 
effects of changes in process parameters may be explored, the actual selection of parameters remains an 
independent task. The intent of the present work is to use available sirnulation tools as feedback to the 
parameter selection module. In order to achieve this, an iterative optimization procedure has been 
developed. Figure 1 schematically depicts the iterative relationship between simulation calls and the 
optimization module when such a method is employed. The algorithm outlined in Figure 2 illustrates the 



details of this architecture. 
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Figure 1. Incorporation of Planning and Simulation 

THE ITERATIVE OPTIMIZATION APPROACH 

Closed-form Analytical Solutions Versus Simulations 

The complexity of machining processes has long challenged attempts to develop reliable and robust 
models to relate process parameters and state variables. As the process geometry and modelled physical 
interactions become increasingly complex, it is often no longer possible to maintain a closed-form 
solution. In such cases, simulations are implemented. In a simdation, obtaining a prediction of output or 
state variables requires running a computer program rather than solving an equation or evaluating a 
function. This introduces new challenges for the parameter selection process. While a closed-form 
function can often be inverted to reveal a mapping from outputs to inputs, this is impossible with 
simulations. Additionally, gradient information which is useful in optimization is more computationally 
expensive to obtain. Finally, due to the iterative and computationally demanding nature of simulation 
tools, a significant expense is typically associated with acquiring simulation results. This effect is 
exacerbated when a large number of users relies on a single simulation engine, or when the simulation is 
remotely located, requiring sharing of network bandwidth. 

Multivariable optimization requires extensive calls to an objective and constraint functions before a local 
optimal point can be identified. Depending on the number of variables, constraints, and program 
structure, these functions may be called hundreds or even thousands of times before arriving at a single 
solution. When gradient information is not present, (as is the case when simulation tools are employed) 
the number of function calls is increased further. A significant practical challenge in incorporating 
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simulation results into planning optimization is to make do with a greatly reduced number of calls to the 
simulation from the optimization algorithm. 

Hypothesis 

Analytic models permit eficient application of multivariable optimization techniques, yet rarely possess 
the accuracy and robustness necessary to make reliable planning decisions. By incorporating simulation 
feedback to$ne-tunefunctionally approximately correct constraint equations, local convergence between 
the simulation and constraint predictions may be achieved through a limited number of calls to the 
computationally expensive simulation tools. The resulting process parameters s a w  the design 
constraints within the accuracy of the simulation predictions, while providing an ejjicient balance 
between the free variables arising from the functional fonn of the optimization model. 

The approach below has been motivated by the above hypothesis. Rather than base the optimization 
solely on the simulation, approximate parametric constraint equations are employed with a limited 
number of unknown parameters. The initial call to the op@zation routine uses mean values of these 
parameters from previous runs. Then, at each iteration of the algorithm, the simulation is called, and the 
results are used to update these constraint paraqeters. Through this procedure, the resulting analytic 
model becomes increasingly locally accurate in the neighborhood of the optimal solution, and may be 
expected to posses the correct behavior for local deviations from that point. The optimization routine is 
executed at each stage of the algorithm, using the improved model. The new "quasi-optimal" solution 
vector is then passed to the simulations, and the process repeats. Termination occurs when the model 
predictions agree with the simulation results to within a previously specified tolerance. 

The analytic model must incorporate the effects of changes in the control variables. It is very likely, 
however, that second order effects will exist which are not modelled explicitly. These effects will result in 
deviations between the model and simulation predictions. By updating the parameters incorporated in the 
model, the model and simulation can be brought into agreement, at least within a restricted subspace 
around the optimal point. The role of the models within the optimization is to arrive at a reasonable 
compromise between control variables such that the simulation predictions satisfy the design 
requirements. 

In Figure 2, the machining parameter selection algorithm is outlined. The procedure is detailed below for 
the generic case. In the following section, particular constraints and models for the parameter selection in 
finish periphery milling are developed and used as a case study of the approach. The generic algorithm 
and notation are detailed below: 

Let X be a vector of process variables that must be selected. k is a vector of model parameters. y is an 
output or state variable that is constrained by the design requirements, such as maximum form error or 
surface roughness. A series of analytic closed-form expressions estimate the output characteristics, yi, 
given both the process variables and model parameters. The subscript i refers to the iteration stage of the 
algorithm. Each of the vectors X, k, and y may be expected to change at each iteration. 

pi = f ( x ,  ki) (1) 

Recognizing the greater range of feasible process space that can be accurately covered using the 
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Given: 
yj - desired state variables 
% - initial guess at solution 

- initial model parameters 

Desire: 
xj - parameter values such that 

yi = f(+,) = SIM(Xj)  

LS Update of ki+1 I i,;,, ’ 1 

+ Yes 

Figure 2, Algorithm for Machlnlng Parameter Selection 

simulation tools, jii is taken to be the “trueyy value of the output parameter, given the input vector X. (Note 
that the model parameters are not passed to the simulations. The simulation itself may possess a number 
of empirical parameters, but these are not visible to the planning algorithm.) 

yi = SIM ( X i )  

The optimization module generates a vector of process variables that are estimated to satisfy the design 
criteria. When these same process variables are fed into the available simulation tools, a discrepancy is 
found between the estimated and simulated values. This discrepancy is used to update the model 
parameters by performing a non-linear least squares fit to the model parameters using the available 
simulation points. The algorithm terminates when the deviation between the constraint equation and 
simulation predictions is less than or equal to the termination tolerance, E. 

In the first few iterations of the algorithm, there will be more free model parameters than simulation data 
points, making a least squares fit ambiguous. To avoid this situation, only a single additional model 
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Form Error 

Surface Roughness 

Figure 3. Planning Constraints. 

parameter is permitted to be updated with each iteration of the algorithm. Thus, for the first several 
iterations, the number of parameters is equal to the number of data points, the exactly determined case. In 
subsequent iterations, the number of points exceeds the number of parameters, as is typical in least 
squares applications. 

PROBLEM FORMULATION IN MACHINING 

To illustrate the above approach, a case study will now be presented in parameter selection for finish 
milling operations. Two design constraints are considered: a maximum peripheralfom error, and a 
maximum peripheral surface roughness. In the case of finish milling operations, these tolerance-based 
constraints tend to drive parameter selection. For  roughing operations, constraints related to spindle 
power and tool wear/failure drive parameter selection, while tolerance and surface finish concerns are 
typically neglected.] Figure 3 shows the configuration of the milling operation and the planning 
constraints. 

In the parameter selection problem, it is assumed that the cutting tool has already been chosen. Four 
independent process parameters remain: spindle speed, feed rate, radial depth of cut and axial depth of 
cut, In this model, the cutting speed has been chosen based on values recommended in the Machining 
Data Handbook [1980], as tool wear models have not been incorporated into the simulations. The axial 
depth of cut has been restricted by the cut geometry, leaving two parameters, the radial depth of cut, and 
the feed rate. These constitute the free optimization variables. 

The objective of the optimization is to maximize material removal rate by manipulating the free variables 
subject to the two primary design constraints: form error and surface roughness. Additional optimization 
constraints include the non-negativity of the process variables, as well as an upper bound on the spindle 
speed. 

W o  simulation tools have been employed which provide estimations of the resultant form error and 
surface roughness that may be expected in a peripheral milling operation. The EMSM simulation [http:// 
mtamri.me.uiuc.edu/software. testbed.html] is based on a mechanistic model of the end-milling process 
[DeVor et al., 1980; Kline et al., 1982a, 1982b, and 1983; Sutherland and DeVor, 19861, and was used to 
provide the estimates of the form error. The SURF simulation welkote, 1993; Melkote and Thangaraj, 



1994; Stark and Thangaraj, 199sJ has been used to predict the peripheral surface roughness. 

Below, expressions for the two primary constraint equations are formulated. In the fist case, a closed- 
form equation for the form error is developed. Although based on the same model as underlies the 
simulation, the desire to construct a closed-form expression required that a number of simplifying 
approximations be introduced, such that the constraint equation and simulation will not provide identical 
results. The constraint equation parameters are used to fit the constraint equation to the simulation data in 
a local region of the parameter space. The surface roughness constraint equation adopts a much simpler 
form, which is strikingly different from the geometric model of the surface roughness simulation. The 
success of the parameter selection algorithm requires only that the models preservefunctionaZEy 
approximately correct relationships between input and output variables. Then, through updates to the 
model parameters, these models can be tuned in-process for local agreement with the simulation results. 

Maximum Form Error 

The formulation of a constraint equation related to maximum form error, was derived from the physical 
models of the end milling process, as cited above. 

Using the ideal approximation of the chip thickness derived by Martelotti [1941,1945], tc = fsina , a 
power-law expression for the specific cutting force, rt = C,{ and Sabberwal’s approximation [1961/2] 
that (s ina)  p +  G sina for common values of P (i.e. P E -0.3), the elemental force components on a “slice” 
are: 

dF, = C f p + ’ )  sin (a) dz (3) 

The power-law variation of cutting force with chip thichess is included explicitly in the constraint 
formulation in an attempt to reduce the variability of the remaining empirical constraint parameters. The 
following simplified form for an infinitesimal axial element shows the elemental force component: 

For the case of finish milling with shallow radial widths of cut, only a single flute of the cutter is engaged 
With the workpiece. To predict F,, in this orientation, the elemental force components may be integrated 
along the cutting edge. Using a change of variables, 

Equation 5 can be integrated along the length of the engaged flute. Note that the new constant term 
introduced by the change of variables has been absorbed within the Ct constant. 



The limits of the integration are the orientation angle, a, at the top and the bottom of the cut. To predict 
surface error at the bottom of the cut, we have %t = 0. At the top of the cut, 

atop = min(D0Ctun (k) /R,ae,)  

where q,, is a function of the radial *&dth of cut and tool radius. 

In the climb milling process, tangential forces act to separate the tool and the workpiece regardless of cut 
geometry. The surface form error is predicted by assuming that the tool deflects as a cantilever beam with 
a concentrated force applied at the “force center,’, CFr For the purposes of the constraint equation, CFy is 
taken to be the midpoint of the cut in the axial direction. The form error is generated by applying this 
deflection position at the point of contact between the tool and the final surface, termed the surface 
generation point. As we are interested in the maximum form error, the surface generation point is taken to 
be the bottom of the cut, which is obtained when %t = 0. As a constraint inequality this results in: 

FyCF;(3CFy-L) 
A =  6EI Amax (9) 

where L is the effective length of the cutter, as we are interested in deflection at the bottom of the cut. The 
moment of inertia of the tool is taken to be that of a solid cylinder with an equivalent diameter 0.80 of the 
tool diameter Eops and Vo, 19901. 

When Equation 9 is expanded through substitution of Equations 7 and 8, there remain three empirical 
coefficients in the find expression, C,, KIP and, P. 

Peripheral Surface Roughness 

In contrast to the rather involved expression for the maximum form error, a very simple parametric 
expression has been used for the peripheral surface roughness constraint. Boothroyd and Knight[1989], 
and others [Shaw, 1984; DeVries, 19921, have derived expressions relating the feed per tooth and the tool 
radius to the center-line average roughness, R,. From purely geometric considerations, the ideal surface 
roughness is given by: 

R ,  = O.O321@/R) 

In the case of practical machining operations, this geometric ideal will not be met. Nevertheless, the form 
of the variable relationships should remain valid. For the purposes of the optimization constraint, then, 
two parameters are used in place of the above constants. 

R, = K$/R 5 R,,, 



These added parameters should provide the flexibility necessary for the model to locally conform to the 
simulation predictions. For example, in certain run-out situations, only one of the four flutes may be 
cutting. This is equivalent to an increase in the feed per tooth of a factor of four, or equivalently, 
assuming b to be close to 2, an increase in Ka by a factor of 16. 

MODEL IMPLEMENTATION 

The algorithm was implemented using the non-linear optimization routines provided in the optimization 
toolbox available with MATLAB [Grove, 19901. For the constrained optimization problem, a sequential 
quadratic programming (SQP) method was employed, using the BFGS update for the estimate of the 
Hessian at each iteration. The QP subproblem is solved using an active set method. For the non-linear 
least squares fit, the Levenberg-Marquardt method was used Luenberger, 19891. 

The EMSIM simulation is presently available on the World Wide Web [http://mtamri.me.uiuc.edu/ 
software.testbed.html]. For the results presented here, EMSIM was run manually using the results of the 
optimization algorithm. The output of the simulation was- then manually re-entered into the program 
before the algorithm could proceed. EMSIM has recently been enabled to provide an automated means of 
accessing, through the Data Transfer Mechanism @TM) protocol developed at NCSA [http:// 
slice.me.uiuc.edu/~venkat/emserv/e~merv.html]. The SURF simulation was imported from Michigan 
Technological University and run in house. During the course of the work presented in this paper, a 
surface roughness prediction capability was added to the EMSIM software. The two simulations are 
based on very similar models, and results between the two are nearly identical. 

RESULTS AND DISCUSSION 

Four planning scenarios for finish periphery milling were explored using the iterative parameter selection 
algorithm presented above. ' N o  different cutting tools were selected, and each was considered in both an 
ideal and runout situation. Scenarios A and B represent the cases for the 1/2" tool, while a 3/4" tool was 
used in scenarios C and D. Cases A and C were ideal in the sense of no runout, while B and D included 
rather severe runout conditions. The maximum form error constraint for all four was prescribed to be 
0.001", while the surface roughness constraint was 2pin for the 1/2" tool scenario and 8pin for the 3/4" 
tool scenario. Table 1 summarizes the fixed parameters, design tolerances, the final variable selections, 
and the number of simulation iterations and calls to the constraint model during optimization. 

Figures 4 and 5, following, present the variable trajectories during the execution of the algorithm. The 
termination criteria was a 5% maximum deviation between the model and simulation predictions. Of 
particular note is the very few number of calls that were necessary to the simulation in order to bring the 
optimization results in line with the simulation results. In all four cases, within three iterations of the 
algorithm, the termination criteria was satisfied. Also of interest is the final values of the process 
variables that were selected. The results reveal the significant impact of effects which are often neglected, 
such as cutter run-out, when making planning decisions. Also revealed through the optimization is a 
preference for large feeds over large radial widths of cut when planning. The objective of maximum 
material removal rate always resulted in the feed rate being increased to the bound limited by the surface 
roughness constraint. Both the surface roughness and form error constraints were active in all  of the final 
outcomes. 

http://mtamri.me.uiuc.edu
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The variable space trajectories, as presented in Figures 4 and 5, provide a visual mean of interpreting the 
behavior of the algorithm. The two horizontal axes represent the two free process variables which are to 
be selected by the algorithm. The vertical axis represents the percentage deviation between the constraint 
predictions and the simulation predictions at each stage of the algorithm. Termination is achieved when 
the trajectory arrives within 5% of the horizontal (z=O) plane. The deviation from the arbitrary initial 
starting point is provided for reference. As may be noted from the plots, the deviation will in many cases 
increase in the first optimization iteration. The simulation is run for the first time at the second point of 
the trajectory. With the addition of the simulation feedback, the trajectory rapidly converges towards the 
termination criteria in subsequent iterations. 

Table 1. Planning Scenarios and Results 

Scenario A B C D 

Tool 

params 

Tool Diameter 112’ 112’ 314’ 314” 

Free Length 1.3” 1.3” 2.25” 2.25” 

Num Flutes 2 2 4 4 

PAOR, e O.Oo0” 0.005” O.Oo0” 0.002’ 

ATR, z o.oo 0.0” 0.0” 0.015O 

Y Amax 0.001” 0.001’’ 0.001’’ 0.00197 

values Ramax 2pin %pin Spin spin 

X 

values 

DOC 0.4’ 0.4” 0.4” 0.4’ 

WOC 0.046” 0.047” 0.024’ 0.023” 

f 0.0039” 0.0019” 0.01W’ 0.0024’ 

W M  4584 4584 3056 3056 
Iterations 2 3 2 3 

Function 
Evaluations 

54 55 39 64 

E Max. Deviation 0.7% 1.9% 2.7% 0.6% 

The number of function calls required by the SQP routine for each of the scenarios is reported in the 
second to last row of Table 1. This provides some indication of the benefits provided by a hybrid analytic/ 
simulation driven procedure. Although the simulation was called only once or twice in each scenario, 
obtaining the optimal solutions required a vastly larger number of calls to the model constraint functions. 
Each of the jogs in the parameter trajectories represents a search direction within the non-linear 
optimization routine. Each search stage requires an evaluation of the objective function and constraint 
equations. As is typical in non-linear optimization, the optimal search direction is not known, and a 
certain amount of exploration takes place en route to a solution. The practical efficiency of the algorithm 
presented stems from the fact that simulation calls are not required’at each intermediate search stage. 
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Figure 4. Process Parameter Trajectories for 1/2” Tool Scenario 

0.06 

WOC (in) fpt (in) 0 0  

Figure 5. Process Parameter Trajectories for 3/4” Tool Scenario 
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CONCLUSIONS 

The results presented above provide encouraging support for the initial hypothesis - that process 
simulation tools may be efficiently incorporated into a multivariable optimization approach to machining 
parameter selection. Specifically, we note the following: 

1. The objective of this work was to provide a methodology for incorporating increasingly 
accurate simulation tools into machining operation planning decisions. Conventional 
approaches to machining operation planning typically rely on extensive empirical results or 
rule-bases generated by human experts. Rarely do such approaches posses the granularity over a 
broad parameter subspace that simulations are able to provide. In the present approach, the 
operation planning problem was fonnulated as a constraint-based optimization problem. 

2. By updating the constraint models from simulation feedback, the model was tuned to fit 
simulation results. With only two or three calls to the relatively expensive simulation, results 
were obtained which were optimal to within close agreement with the simulation predictions, 
verifying the stated hypothesis. The efficiency of this approach lay in the use of the optimization 
model to guide the search through the simulation subspace. Each new simulation point was used 
to tune an additional model parameter, resulting in rapid local convergence between the 
simulation and the model. 

3. The specific case study involved the selection of process parameters when constrained by form 
error and surface finish requirements on the final surface of a peripheral millingoperation. 
Results from the iterative planning algorithm were presented for four machining scenarios, 
which included two tools and two runout cases. In all four scenarios, the algorithm arrived at an 
optimal solution, (within a 5% agreement of the simulation results) in two or three iterations. 
This provides encouragement that simulations may be efficiently used in parameter selection 
decisions. 

4. The success of this approach is clearly dependent on both the simulation tools used and the 
formulation of the constraint models. In the case studies presented here, the models seemed 
adequately robust to conform to the simulation results in local regions of the parameter space. 
Nevertheless, the form error model was quite involved and more complex than is typically 
desirable. A methodology using simpler constraint models is currently being investigated.. 
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APPENDIX - NOMENCLATURE 

vector of process variables 
vector of output or state variables 
vector of constraint equation 
parameters 
simulation prediction 
estimated value 
algorithm termination tolerance 
feed per tooth 
angular position of flute element 
entry angle of flute 
exit angle of flute 
angular position of flute at top of cut 
angular position of flute at bottom of 
cut 
tangential force element 
radial force element 
specific cutting force 
cutting force coefficient 
cutting force exponent 
axial disk thickness 
radial cutting force coefficient 
true chip thickness 
tangential cutting force 
tangential force center 
effective length of cutter 

E Young's Modulus of cutter 
I moment of inertia of end mill 
A formerror 
A- form error planning tolerance 
R, arithmetic average surface roughness 
R,, surface roughness planning tolerance 
R cutterradius 
DOC axial depth of cut 
WOC radial width of cut 
K, surface roughness constraint 

coefficient 
b surface roughness constraint exponent 
h cutter helix angle 
y angular spacing between flutes 
8 angular orientation of cutter 
SG surface generation point 
e parallel axis offset magnitude 
p parallel axis offset orientation 

z tilt runout magnitude 
p tilt runout orientation direction 

direction 


