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1. Abstract
A product portfolio can be defined as the set of artifacts marketed by a corporation in order to meet its cus-
tomer’s needs. The proliferation of products in a company’s portfolio can create inefficiencies due to the greater
complexity and the corresponding effort required to design and manufacture the set of products. A method-
ology for efficiently reducing the number of products through the use of an extended commonality strategy is
presented in this article. The proposed design process allows for an efficient merging of the individual product
designs. The result is a portfolio that is reduced in absolute size and has maximum commonality between
the remaining products. Additionally, the methodology may be used to reduce the number of platforms in a
product portfolio. The methodology is applied to the design of automotive engines.
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3. Introduction
A product portfolio can be defined as the collection of artifacts produced by a corporation. At times it
may become necessary to reduce the number of products in a portfolio in order to reduce development and
manufacturing costs. This paper will look at extending and applying methodologies developed for product
family design to the problem of portfolio reduction.

A product family is defined as a the set of artifacts that are based on shared elements. The common
elements are referred to as the product platform. Product platforms themselves are an effective means of
reducing the development and manufacturing costs associated with a portfolio of products, as well as allowing
rapid adjustment to changing market needs. In many cases, designing a product family may lead to family
designs with compromised design goals relative to the products optimized individually (null-platform optima)
because of the interdependence of the designs [1]. The critical decisions when designing a family of products
are first selecting the “optimal” set of elements to make common and then designing the product family
to optimize the family objectives minimizing design deviations from the individual product design targets.
Therefore, components which are particularly costly or have low impact on design metrics are shared.

A variety of methodologies have been presented for selecting what components to share [2,3,4,5]. The ma-
jority of techniques employ genetic algorithms to solve the combinatorial platform selection problems, thereby
limiting the solvable problem size significantly. Methods have been developed over continuous design represen-
tations allowing for larger problem solutions [2,5]. The methods thus far have been developed with the hope of
obtaining “optimal” commonality. Methodologies designed for portfolio or platform-size reduction have been
largely absent from the literature. Developing such a methodology will be the focus of this article.

4. Problem Definition and Methodology
The proposed design methodology is an extension of the commonality decision methodology presented in [2].
The original methodology determines the optimal set of elements to share by solving a relaxed-combinatorial
problem subject to user-controlled allowable performance deviations from the null-platform optima. The for-
mulation is as follows,
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where Lp is a user-defined performance deviation limit. The objective value fp,◦ represents the best design that
can be obtained for each product when designed independently (no sharing). P are the products of interest,
and Spq contains an enumeration of the possible sharing combinations between products. A distance function,
D◦, originally defined by the function
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is replaced by a continuous approximation, D◦, which approaches the binary function as the parameter α
approaches zero:
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The performance deviations are controlled by including performance deviation bounds in the constraint set.
The objective is to maximize commonality among a portfolio of products while satisfying the aforementioned
constraints.

Conceptually we aim to increase commonality until a desired portfolio size is achieved (cf. Figure 1). The
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• Aggregate products through incremental 
increases of commonality

• Increase commonality until desired portfolio 
size is achieved

Figure 1: Portfolio reduction design process: conceptual.

commonality strategy aggregates products through incremental increases of commonality. The commonality
strategy will insure that the reduced product portfolio maintains maximum parts sharing. The user must define
an acceptable rate of deviation, δ, from the original design targets. The user then must set a commonality
target (perhaps specified by upper management) which corresponds to the desired reduced portfolio size, T|P|.

The first modification is to replace the scalar bounds on deviation, Lp, with functional relationships defining
how performance deviations can be tolerated for each product in the portfolio. Conversely this function can be
related to the value of the product. As an example this value function may decrease linearly for one product
while for another product it may decrease exponential. This implies that as the second product moves further
away from the null-platform design its value is reduced more quickly than that of the first product. This
function for each product, p, will be defined as Lp(δ).

The second modification is the addition of a term that holds the desired target size of the reduced portfolio.
In effect we are adding a target on commonality. This is formulated as part of the objective function where we
minimize the term ‖T|P| − |P|‖.

The advantage of the relaxed combinatorial formulation comes from the use of a continuous representation
of the commonality decision. However, the portfolio reduction objective is non-continuous and is not readily
relaxed into a continuous form. Therefore, we decompose the problem into two problems solved as a nested-loop
optimization. The outer-loop problem performs the portfolio reduction:

min
δ

‖T|P| − |P|‖+ δ (4)

subject to δ ≥ 0,

where we also include the term, δ, so that we are finding the most efficient commonality. The inner-level
problem is the modified relaxed-problem formulation,

max
x = [xp1 ,xp2 ,...]

∑
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∑
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i − xq
j) ∀ p, q ∈ P, (i, j) ∈ Spq, p < q (5)

subject to gp(xp) ≤ 0

hp(xp) = 0

fp(xp) ≥ (1− Lp(δ)) fp,◦.

Sequential Quadratic Programming (SQP) is used to solve the inner loop and a derivative-free global-search
optimizer, Divided Rectanges (DIRECT), is used to solve the outer loop [6]. The form of the outer-loop
objective function is shown in Figure 2. By using a global-search optimizer we can reasonably ensure that the
optimal reduced portfolio will be found. Additionally, if the inner loop obtains occasional suboptimal points,
the optimization can continue with minor consequence to the final results. The proposed design methodology
can be summarized by the following steps.
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• Nested-loop optimization with 
derivative-free global search 
algorithm (DIRECT) at outer loop 
and SQP at inner loop

• Top level problem can always be 
formulated with one design variable

Figure 2: Objective function of portfolio reduction problem.

1. Define the performance deviation (product value) functions, Lp(δ), for each of the products.

2. Define the desired reduced portfolio size (or number of platforms).

3. Solve the portfolio reduction problem by solution of the nested loop of Equations (4) and (5).

4. Based on the results obtained by solving the portfolio reduction problem, make a final selection of re-
maining products and components to be shared.

5. Optimize the product portfolio given the selected components.

The use of the commonality decision formulation ensures that in addition to reducing the portfolio size,
the most efficient realization of the portfolio is achieved through the commonality maximization. The critical
design trade-offs are individual performance deviations versus the implied cost savings gained by reducing the
size of the original portfolio. In the following section we demonstrate the application of the combined strategy
on a portfolio of automotive engines.

5. Case Study
This case study will examine portfolio reduction on a family of engines using the strategy formulated above.
Engine variants are defined based on different functional requirements. GT-Power by Gamma Technologies is
used as the simulation tool [7]. A 24-valve 2.5L V6 engine model, previously validated at various operating
points, is used to model the engine family. Analysis is performed at a specified operating point, specifically at
5000 RPM and wide open throttle (WOT).

The geometry of components from the intake manifold through the exhaust system are modeled in the
simulation. The design variables of particular interest in this study are:

x1: Bore (b) x6: Intake cam-timing angle (icta)
x2: Stroke (s) x7: Intake angle multiplier (iam)
x3: Connecting rod length (l) x8: Exhaust valve diameter (de)
x4: Compression ratio (cr) x9: Exhaust cam-timing angle (ecta)
x5: Intake valve diameter (di) x10: Exhaust angle multiplier (eam)

The theoretical height of the combustion chamber is computed as a function of the stroke and compression
ratio

hc = s/(cr − 1). (6)

The responses from the simulation are:

R1: Brake Power (performance) R4: NOx (emissions)
R2: Brake Torque (performance) R5: dPmx/DCA (NVH,knock)
R3: BSFC (efficiency) R6: Pmax (stress/durability)

The components of interest are the following: exhaust cam(s), intake cam(s), exhaust valve(s), intake
valve(s), cylinder head, piston(s), connecting rod, and engine block. Finally, we map the design variables to
their respective components:



xc1 = [x10] xc5 = [x1, hc]
xc2 = [x7] xc6 = [x1]
xc3 = [x8] xc7 = [x3]
xc4 = [x5] xc8 = [x1, x2, x3]

The first step in the design process is to define the optimal design model. Various engine design rules
of thumb on bore to stroke ratio, connecting rod to stroke ratio, etc. are available in the literature [8]. In
addition to geometric constraints, limits are placed on pressure gradients, in-cylinder pressures, and mean
piston velocities to maintain the reliability of the engine. The following inequality constraints must be satisfied
by all family products:

gp
1 , gp

2 : 0.8 ≤ b/s ≤ 1.2 Bounds on bore-to-stroke ratio
gp
3 , gp

4 : 350 ≤ π b2 s/4× 10−3 ≤ 650 [cm3] Bounds on disp. of cylinder
gp
5 , gp

6 : 1.5 ≤ l/s ≤ 2.5 Bounds on connecting rod length-to-stroke ratio
gp
7 : di ≤ 0.37 b [mm] Upper bound on intake valve diam. wrt. bore

gp
8 : de ≤ 0.45 b [mm] Upper bound on exhaust valve diam. wrt. bore

gp
9 : (2 s Ne)/(60 · 1000) ≤ 15.0 [m/s] Upper bound on mean piston speed

gp
10 : s/(cr − 1) ≥ 5.0 [mm] Upper bound on clearance ht. above piston crown

gp
11 : l + s + s/(cr − 1) + 0.5 b ≤ 350.0 [mm] Upper bound on overall engine height

gp
12 : dPmx/DCA ≤ 3.0 [bar/deg] Upper bound on pressure rise rate

gp
13 : Pmax ≤ 110 [bar] Upper bound on cylinder pressure

We define three variants by means of three functional requirements. The first engine variant is designed to
maximize power (A), the second to minimize fuel consumption (B), and the third to minimize emissions (C).
The optimal design problems are formulated as

max
xp

fp = Power [kW] (7)

subject to gp
1 , gp

2 , . . . , gp
13

gp
14 : NOx ≤ NOx,max [ppm]

gp
15 : Power · BSFC ≤ 30, 000 [g/h],

min
xp

fp = Power · BSFC [g/h] (8)

subject to gp
1 , gp

2 , . . . , gp
13

gp
14 : NOx ≤ NOx,max [ppm]

gp
15 : Power ≥ 80 [kW],

min
xp

fp = NOx [ppm] (9)

subject to gp
1 , gp

2 , . . . , gp
13

gp
14 : Power ≥ 80 [kW]

gp
15 : Power · BSFC ≤ 30, 000 [g/h].

The value of NOx,max is based on the baseline value of 25, 546 ppm multiplied by 110%, namely, we do not want
to produce more than 10% additional emissions with respect to the baseline model. By optimizing each of the
individual engines the following results are obtained: 114.29 kW (power), 21,265.32 g/h (fuel consumption),
17,853.09 ppm (emissions). Initially there is some “natural” sharing among the engines. Between engines A
and C the connecting rod is shared. Between engines B and C the exhaust valves are shared. Therefore there
are a total of 22 individual components (of interest) that create the portfolio of engines.

The product portfolio reduction methodology is first applied with a target to reduce the portfolio size from
three to two. The results are shown in Table 1. The optimization with T|P| = 2 converges to a δ∗ = 8.6%. The
iteration history of the outer loop can be seen in Figure 3. The optimization consisted of 100 function calls,
where eight points were suboptimal. The results have engines A and C merge and commonality is maximized



Table 1: Commonality results with T|P| = 2

Shared between: A & B A & C B & C
Exhaust Cam 1 1 1
Intake Cam 1 1 1
Exhaust Valve 1 1 1
Intake Valve 1
Cylinder Head 1
Piston 1
Connecting Rod 1 1 1
Engine Block 1
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Figure 3: Iteration history with T|P| = 2.

so that the connecting rod, cams, and exhaust valve are shared among all three engines. Twelve components
now comprise the portfolio of engines. Optimizing the reduced portfolio, we obtain the results shown in Table
2. Note that even though we now physically have two engines, we still have three variants due to being able to

Table 2: Performance deviations with T|P| = 2

Variant A B C
Null platform 114.29 kW 21,265.32 g/h 17,853.09 ppm
Family opt. 105.47 kW 21,887.92 g/h 18,618.76 ppm

Perf. deviation 7.72% 2.93% 4.29%

control valve timing.
We next apply the methodology with a target to reduce the number of platforms from the original 22 to

12. The results are shown in Table 3. The optimization with T|S| = 12 converges to a δ∗ = 6.5%. The cams,
valves and camshafts are shared among all three engines. Between engines A and C the pistons and engine
block are common. Twelve components (platforms) produce the portfolio of engines. Optimizing the reduced
portfolio, we obtain the results shown in Table 4. An interesting side note to these results is that even though
the same number of components make up each of the portfolios, the overall deviation in design is less for the
case of T|S| = 12. This is due to the second example being an inherently less constrained problem, where the
case of T|P| = 2 has the added requirement of merging products.

6. Conclusions
A methodology is proposed for efficiently reducing the number of products or platforms comprising a portfolio.
The method allows the designer to set a target on the desired level of commonality through the desired number
of products (or platforms) in the reduced portfolio. Given a set of products, commonality is increased until the
reduced portfolio is achieved. The technique is successfully applied to automotive engine examples.



Table 3: Commonality results with T|S| = 12

Shared between: A & B A & C B & C
Exhaust Cam 1 1 1
Intake Cam 1 1 1
Exhaust Valve 1 1 1
Intake Valve 1 1 1
Cylinder Head
Piston 1
Connecting Rod 1 1 1
Engine Block 1

Table 4: Performance deviations with T|S| = 12

Variant A B C
Null platform 114.29 kW 21,265.32 g/h 17,853.09 ppm
Family opt. 106.86 kW 22,252.73 g/h 18,752.93 ppm

Perf. deviation 6.50% 4.64% 5.04%
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