


We often refer to those problems as large-scale or 
complex problems. The usual approach we take is to 
partition the original problem into a collection of 
smaller subproblems, whose solution will yield the 
solution of the original. Such decomposition 
strategies become increasingly necessary in practical 
product design. Their successful implementation 
requires careful construction of the partitioned 
problem and of the coordination strategy required to 
solve all the subproblems in an efficient and 
compatible manner. Here we will discuss such a 
strategy, called analytical target cascading, tailored 
specifically to product development. 

The value of the optimization concept becomes often 
more apparent when facing new product decisions. 
A common product development strategy is to 
design a set of product variants tailored to different 
market segments derived from the same concept and 
sharing common elements, collectively called a 
platform. Commonality acts as a constraint on what 
could be individually optimized variants, so a 
tradeoff exists between maximizing sharing to 
reduce costs and time, and minimizing the effect of 
not achieving the ideal variant optima due to the 
additional constraints. We will look at how design of 
product families can be stated as a formal 
optimization problem and the insights that can be 
gained from its solution. 

Design of engineered products can only be done in 
the context of the producing enterprise and the 
market in which the product must exist. Traditional 
design optimization has been limited to design 
decisions about engineering performance. Product 
success for both producer and user clearly depends 
on other requirements, including production 
requirements, marketing, and investment strategies, 
collectively referred to as enterprise-wide design. In 
an effort to bring design optimization into a more 
central position within the enterprise, and thus 
increase its value and impact, there is increased 
effort in augmenting the engineering physics models 
of performance with models from production, 
economics, investment science and marketing. We 
will present ideas of how this augmentation can be 
accomplished through a product portfolio design 
problem. 

The following sections will provide a limited review 
of the issues raised above, namely, modeling design 
responses, some characteristics of the requisite 
optimization algorithm toolbox, analytical target 
cascading, optimal product family design, and 
enterprise-wide optimal product design. More details 
can be found in cited references. 

1. MODELING DESIGN RESPONSES 

Optimization as a formal method in the design of 
products first gained attention during the 1970’s 
starting primarily in the aerospace and chemical 
industries, followed soon after by the automotive 

industry. The development and increasingly 
extensive use of computer-based analysis methods, 
generally referred to as computer-aided engineering 
(CAE) tools, has changed the way product 
development is practiced today. The use of 
optimization follows closely the availability of CAE 
tools in the practicing engineering community. For 
example, the popularity and increased robustness of 
finite element structural analysis has made structural 
optimization widely used.  

Design optimization use is also more likely to be 
found in high technology areas, where performance 
is pushed to extremes and traditional knowledge is 
either lacking or not codified. For example, 
structural optimization is extensively used in the 
aerospace and automotive industries, but is quite 
limited in the areas of civil and mechanical 
engineering practice where designs are tightly 
governed by conservative codes and standards 
developed over centuries of experience. 

The way the response of a given design is computed 
determines the mathematical and practical nature of 
the optimization problem. Modern applications will 
typically include CAE-based analysis tools to 
compute responses. These tools, often referred to as 
“simulations”, typically involve numerical solution 
of differential or integral equations, assuming the 
design as given and computing its responses, 
namely, the functions f, h and g in Eq. (1).  

Simulation-based optimization addresses design 
problems where the objective and/or constraint 
functions are not expressed with closed-form 
analytical equations, but with “black box” computer 
simulations.  Typically such functions will be noisy 
or discontinuous (i.e., non-smooth) and may require 
long computing time for each function evaluation.  
For example, Figure 1 shows the fuel economy of an 
automobile as a function of the final drive ratio. The 
response is noisy, i.e., there are small perturbations 
about an underlying trend, and has several 
discontinuous jumps, i.e., large changes in the 
response for small changes in the design variable.  
Numerical optimization with such functions poses 
several challenges. 
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Figure 1 :  Example of  simulation-based design  
response 

The usual optimization techniques (e.g., Newton's 
method) employ gradient information from finite 

 



differencing to guide a sequential strategy towards 
the maximum.  The noisy nature of the simulation 
renders finite differencing ineffective at estimating 
gradients and prevents the algorithm from 
successfully progressing towards the optimum.  
Small finite differencing steps will lead the 
algorithm to a local noise optimum, and large steps 
will not capture the underlying slope trend 
accurately.  

This difficulty can be dealt with in several ways. A 
non-gradient optimization algorithm may be used, 
such as genetic algorithms, but if the function 
computation cost is too high this approach will not 
work, since a very large number of function 
evaluations is needed to achieve reasonable certainty 
about locating the optimum. Another approach is to 
adjust empirically both the analysis integration step 
(which is usually the culprit in noise generation but 
also determines the analysis solution accuracy) and 
the differentiation step of the gradient approximation 
until an acceptable compromise between gradient 
approximation accuracy and simulation cost is 
achieved.  

Yet another approach is the use of approximations.  
An approximate model can provide a smooth 
functional relationship of acceptable fidelity to the 
true function with the added benefit of small 
computational cost.  The approximate model can be 
used in conjunction with a gradient-based algorithm 
or in entirely different ways.  How to build and 
exploit approximations effectively in simulation-
based optimization is a thriving research area. 

Of particular current interest is the kriging 
approximation. Kriging is a data interpolation 
scheme with roots in geostatistics, adapted for data 
coming from deterministic computer simulations.  
This form of data collection and approximation is 
known as Design and Analysis of Computer 
Experiments (DACE). Kriging models can be used 
directly with other standard algorithms, or become 
the basis for a type of non-gradient global 
optimization algorithm, as we will discuss in the 
next section. 

2. THE OPTIMIZATION TOOLKIT 

An often-asked question is “Which is the best 
optimization algorithm?” The answer comes from 
the maxim that “The best algorithm is the one you 
know best!” The truth of this answer derives from 
the facts that there is really no algorithm that can 
solve all problems reliably and efficiently, and that 
any good algorithm will always need some 
adjustment or “tuning” to achieve solution 
robustness for any given problem. Experience with a 
given algorithm and with the specific code 
implementation is a sine qua non for success.  

Having said that, we can still provide some basic 
guidelines for a good optimization toolbox. The 

workhorse of the toolbox should be a standard 
sequential quadratic programming (SQP) code with 
line search options for both exact and inexact line 
search. When function cost is high and gradients 
relatively inaccurate, the line search can become 
very expensive so inexact searches (using only a 
“sufficient descent” criterion) are better. For the 
same reason, it is also good to have an SQP variant 
that handles quadratic subproblem infeasibility with 
a trust region instead of line search.  The SQP 
algorithm has also the advantage that requires really 
no tuning. However, its successful use does depend 
strongly on the scaling of the problem functions, so 
one should not use SQP without some scaling 
experimentation. There are many and good code 
implementations of SQP to choose from. 

If one wishes some more options for gradient-based 
algorithms, good choices would be the generalized 
reduced gradient (GRG) and Augmented Lagrangian 
(AL) algorithms. In GRG we get feasibility 
assurance at the end of every iteration, at a cost of 
extra computational effort. Handling inequalities 
relies on an active set strategy that tends to be 
heuristic. The actual code is conceptually simple but 
lengthy to implement. Tuning program parameters is 
often necessary to get reliable performance for large 
problems. There are some good code 
implementations and GRG has generally been 
popular among engineers. AL algorithms have 
probably not been as extensively used and developed 
as they may deserve. They can be robust and work 
well in problems with large numbers of equality 
constraints. 

A second important tool in the box should be a non-
gradient-based global search algorithm employing 
some heuristic search strategy, which will not get 
hang up on noise, local minima and discreteness. A 
genetic algorithm (GA) or a Lipschitzian algorithm 
[2] is a good choice. The simple structure of GAs is 
very attractive to the non-mathematically minded 
but computational cost is high and tuning can be 
excessive. Nevertheless, if one can afford it, when 
faced with a likely troublesome problem running a 
GA “just to see what you get” is a good idea. 

Another choice for a global search tool is an 
algorithm that looks for the optimum by creating 
increasingly better global approximations of the 
original problem functions, in the vicinity of likely 
optima. Such algorithms utilize statistical models of 
the functions to define an infill sampling criterion 
(ISC).  The criterion determines which design points 
to sample next (the so-called infill samples).  The 
infill samples are then evaluated on the true 
functions and the models updated.  This is a 
completely different method than algorithms 
following a search path because the sampling 
criterion could place the next iterate anywhere in the 
design space. Eventually, with enough sampling, the 
approximate model is close enough to the true model 
so that their corresponding optima will closely 
match. 

 



 Looking at a one-dimensional multimodal example 
in Figure 3 gives an idea of how this works.  The w-
shaped dashed line is the true objective function we 
wish to minimize, while the solid line is the kriging 
approximation conditional to the sample points 
shown as circles.  The plot at the bottom is the 
sampling criterion, normalized to facilitate 
comparisons between iterations. The infill sampling 
criterion is indeed the expected improvement 
function and it determines where EGO will evaluate 
the functions.  It tends to choose the design points 
most likely to improve the accuracy of the model 
and/or have a better function value than the current 
best point.  After the initial sample of four points, 
the resulting kriging model is a poor fit to the true 
function.  However, the expected improvement 
function leads the algorithm to sample points where 
the uncertainty in the model is highest.  After two 
iterations, the model has improved in the region of 
the local optimum on the right, and the expected 
improvement function leads EGO to sample another 
few points in that region where there is a high 
probability that a better point can be found.  By the 
fourth iteration, the region on the right has been 
explored, but the uncertainty in the model on the left 
portion of the model drives EGO to sample points in 
that region.  After six iterations, both local optima 
have been discovered and the true solution has been 
found quite accurately. 
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Figure 2:  Flowchart of the EGO algorithm 

These algorithms have become increasingly 
attractive for simulation-based optimization and 
deserve some more discussion here. They are known 
as Bayesian analysis algorithms [3] because they use 
statistical models to predict future outcomes. 

One particular Bayesian analysis optimization 
algorithm is known as Efficient Global Optimization 
(EGO) [4, 5, 6], and employs kriging models as the 
approximation method. The basic steps in EGO 
follow (see also Figure 2). 

Because the process of fitting the kriging models 
and locating the maximum of the infill sampling 
criterion are optimization problems themselves, the 
overhead associated with EGO can be significant.  
Other methods such as genetic algorithms or 
gradient-based algorithms on the other hand require 
very little computational effort in determining where 
to evaluate the functions next.  However, they 
require a large number of function evaluations to 
converge on a good solution.  The benefit of the 
overhead of Bayesian analysis algorithms is that 
each iteration uses as much information as possible 
in determining where to evaluate the functions next, 
enabling them to locate good solutions with fewer 
iterations.  This makes the Bayesian analysis 
algorithms best suited to situations where the 
functions are really expensive.  

1. Use a space-filling design of experiments to 
obtain an initial sample of the true functions. 

2. Fit a kriging model to each function. 
3. Numerically maximize a sampling criterion 

known as the expected improvement function to 
determine where to sample next. 

4. Sample the point(s) of interest on the true 
functions and update the kriging models. 

5. Stop if the expected improvement function has 
become sufficiently small, otherwise return to 2 

 

Finally, the toolbox should have some ability to 
handle discrete variables. A GA would be quite 
suitable if the model is purely discrete. Many 
practical problems are mixed-discrete with unknown 
(typically nonlinear) mathematical form for the 
functions. These are truly difficulty problems that 
can be handled on a case-by-case basis through 
some type of branch-and-bound or random search 
strategy, taking any advantage possible from what 
you know about the physics of the problem and from 
any possible modeling simplifications. There are no 
real “standard” toolkit methods for these problems 
yet. 

(a) Initialization (b) Iteration 2

(c) Iteration 4 (d) Iteration 6

Figure 3:  Demonstration of the search strategy of 
the EGO algorithm. 
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