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C.P. 6079, succ. Centre-ville
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Abstract

An assemble to order policy considers a trade-off be-
tween the size of product portfolio and assembly lead time.
The concept of modular design is often used to implement
the assemble to order policy. Modular design impacts as-
sembly of products and the supply chain. In particular
storage, transportation and production are affected by the
selected modular structure.

For a fixed number of modules, a stock composition that
minimizes the mean final assembly time is difficult to estab-
lish. This problem is highly combinatorial; it is not achiev-
able to look for an optimal solution. A first step leads to
the elaboration of heuristics. This article proposes to com-
bine the results operated with this heuristics to the use of
a simulated annealing algorithm. Computational results
showed that this method could be efficient.

1 Introduction

Assemble to order is a production policy that enables to
offer a large diversity of final products from a limited num-
ber of semi-finished elements, often called modules [1].
Those modules may be manufactured by anticipation (in
a pre-assembly operation) and stocked. The final assem-
bly of the product (from the modules) is operated when an
order is received.

Lean production has induced major changes in the
supplier-retailer relationship. Nowadays the lead time is
a major issue of contracts [2]. For a supplier, to satisfy
an order within respect of the delay is essential. Delays
are indeed costly both for the retailer (through the penalty
costs, charged for non-respect of due dates) and the sup-
plier (through production re-scheduling costs, induced by
delayed components).

The composition of the modules’ stock (number of
different modules stocked and constitution of each mod-

ule) impacts the delivery time (through the final assembly
time). This article exploits the performance of simulated
annealing to design such a composition.

The problem of interest is described in section 2. The
formalization is proposed in section 3. The use of simu-
lated annealing is discussed in section 4. Computational
results are exposed in section 5.

2 Problem presentation

When commercial competition is strong the customers
have opportunities to choose between different products.
Each customer may select the product that is the closest to
her/his individual needs.

For a company, it necessitates to design and manufac-
ture diversified products. This enlarges the possibilities
to be closer to the requirements of each customer. In the
same time, this apparent large diversity must be manage
with the lowest technical diversity to guaranty small costs.
That may be accomplished using product families [3].

The automotive industry is a leader considering the im-
portance of the diversity that is offered to the market. This
important diversity also impacts the automotive suppliers.
For example, the functional diversity offered on the cars,
has repercussions on the electrical wire harnesses. The
diversity of a ”middle range” electrical wire harness (for a
middle range car like ”Peugeot 306”) supports 15 functions
that may be available up to 9 versions. It follows a poten-
tiality of 7 million different wire harnesses for a unique
car model. This has to be compared with the annual sales
volume which reaches 350 000 vehicles.

In such a context of large diversity, a make to stock strat-
egy may not be a relevant alternative. It will necessitate
stocking many items that would never be ordered. On the
contrary a make to order strategy necessitates a longer lead
time, it may not be acceptable for the customers.
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An assemble to order strategy may take advantage of a
multi site organization. This enables a relocated produc-
tion of modules on sites where the production costs are the
smallest. Reactivity and synchronization is supported with
the sites that are close to the contractor, where the final as-
sembly operations are done. This reactivity may be guar-
anteed by a pertinent definition of the modules and their
selection.

This issue is present in different industrial sectors.
When product diversity is large, groupings of basic com-
ponents are often necessary. It may be operated with data-
mining techniques [4]. In the computer business, for ex-
ample, peripheral equipments as well as motherboards are
pre-assembled whereas software are also pre-grouped [5].

A packaging to stock policy allows a better inventory
management and maintains the capacity to answer spe-
cific demands by grouping of packages. Picking in relative
small selections of door styles, finishes, functional stor-
age solutions and decorative enhancements, permits to cus-
tomize quasi-immediately large sets of different kitchens
[6].

The question addressed in this paper considers the se-
lection of a modules’ composition that minimizes the final
assembly time.

Several points of view may be considered for this prob-
lem: geometrical (the design of the modules takes into
account the components’ physical constraints [7]), er-
gonomic (the modules are adapted to the assembly tasks).
Functional approaches are also of interest in [8], [9].

Modular design also includes strategic thoughts, such as
the choice between an intern and an extern production [10].
The criticality of the technologies concerned or the firm’s
core competencies are then important criterions [11].

Different points of view may be combined; the design
becomes then even more complex. Simulated annealing
has been used to design modules taking into account both
physical and functional relations among components [12].

This study focuses on a design that considers the min-
imization of the mean assembly time. This approach is
pertinent for industries with short lead time constraints.

3 Formalization

3.1 Notations

Consider the following notations: ai is a component,
i ∈ [0, n], n is the number of components.

Suppose there are no exclusive or inclusive relation-
ships between components: from n components it is then
possible to have 2n − 1 different products Pi (the product
without options is not considered). Let P be the set of final
products.

Call p(Pi) the probability that a demand is for product
Pi ∈ P. The final demand can then be summarized by the
scalar D = (p(P1)p(P2) . . . p(P2n−1)).

A stock composition C is a selection of products that
are used as modules, C ⊂ P. Let C[k] = 1 when product
Pk belongs to the composition, C[k] = 0 otherwise. Note
|C| the number of modules in stock (|C| =

∑2n−1
k=1 C[k]).

Note TAD(C) the mean assembly time to assemble a
demand D from the stock composition C.

A standardization of the products Pi is not accepted.
No product could have any extra components. Also the
products can not have any doublet (only different options
are assembled).

3.2 Objective function

A stock composition C is evaluated with 2 criteria:

1. The number of modules, |C|
2. The mean assembly time, TAD(C).

If the number of modules |C| is fixed equal to TS, opti-
mization concerns the minimization of the mean assembly
time TAD(C). Information about products demand de-
fines a stochastic environment.

Mean assembly time minimization makes sense if there
are many products. In a stochastic environment, mean time
corresponds to the expected value of the assembly time.

The problem is, for a demand D, to select the stock
composition of size TS that minimizes the mean assem-
bly time. Assembly time is supposed to be proportional to
the number of assembly operations. Mean assembly time
is then assimilated to the expected value of the number of
assembly operations.

It is thus necessary to evaluate the performance of
a stock composition according to this criterion. Note
NA(Pi, C) the number of assembly operations necessary
to the realization of the product Pi starting from a stock
composition C. Equation 1 shows the relation between the
number of assembly operations and the mean time.

TAD(C) =
∑

i

p(Pi) × NA(Pi, C) (1)

The determination of NA(Pi, C) is explained in sec-
tion 4.1.

The problem is formalized as follows:

min
C

TAD(C) (2)

S.T.{
TS modules in stock ⇔ |C| = TS
all the products are made without standardization



4 Simulated annealing

The objective function can’t be expressed in terms of
elementary functions. Indeed the mean assembly time is
the result of combined effects of the stocked modules (Cf.
section 4.1). A gradient research was therefore not to be
considered. Since its introduction in the 80’s [13], simu-
lated annealing proved to be a good solution for a broad
range of problems [14].

To describe the application of the simulated annealing
method: the state space (§ 4.2), the move set (§ 4.3) and
the score function (§ 4.1) are explicated. The uphill moves
occurrence (the schedule) is also given (§ 4.4).

4.1 Evaluation function

In order to evaluate the objective function, the term
NA(Pi, C) has to be evaluated.

To determine the number of assembly operations
needed to obtain Pi from C, an assembly route-sheet has
to be found. Indeed for each final product a set of modules
of the stock which, by assembly, make it possible to obtain
this given product has to be given.

This problem is known in the literature as Set Cover
(SC). This problem is NP-hard [15]. Furthermore a re-
sult of 1995 showed that the best approximation factor is
O(log n) ([16], chap. 10).

The constraint of assembling only different options
(Cf. §3.1) inducts a particular case also called Set parti-
tion, this problem is also NP-hard [15].

Here a greedy algorithm was chosen to evaluate the
route-sheet. This approximation is quite efficient and en-
able to have rapidly a solution. Note the number of mod-
ules used to obtain the Pi from C, �modules(Pi, C). The
solution given is at most H(maxcompo) time the opti-
mal, where maxcompo is the number of components of
the most complex module in the composition C and
H(n) =

∑n
i=1

1
i [17],[18].

NA(Pi, C) = �modules(Pi, C) − 1 (3)

4.2 Search space

The search space consists in the compositions guaran-
teeing the creation of all the final products without stan-
dardization. Note C the set of the acceptable compositions.

The obligation to be able to assemble the 2n − 1 fi-
nal products without standardization enables a character-
ization of the acceptable compositions:

C ∈ C ⇔ (ai ∈ C i = 1, . . . , n and |C| = TS) (4)

Equation 4 translates the fact that every single final
product can be assembled from the basic components.

The problem is then:

min
C∈C

TAD(C) (5)

4.3 Move set

The proposed generation of neighbours only produces
acceptable configurations.

Call neighbour of a composition C each composition C ′

such as:

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

∃i, j ∈ [[1, 2n − 1]]
∀k ∈ [[1, 2n − 1]] \ {i, j} C ′[k] = C[k]
C ′[i] = (1 − C[i])
C ′[j] = (1 − C[j])
al ∈ C ′ l = 1, . . . , n

This definition guarantees that a neighbour does belong to
the search space.

ALGORITHM neighbour
INPUTS composition C
OUTPUTS composition C ′

For k := 1 to 2n − 1
C ′[k] = C[k]

End For
newcomposition← FALSE
While newcomposition = FALSE

// choose 2 different integers in [[1; 2n − 1]]
i ← Uniform{1, .., 2n − 1}
j ← Uniform{1, .., 2n − 1} \ i
C ′[i] = (1 − C[i])
C ′[j] = (1 − C[j])
If al ∈ C ′ l = 1, . . . , n

newcomposition← TRUE

Else
C ′[i] = C[i]
C ′[j] = C[j]

End If

End While
Return C ′

End

The following algorithm (accepted) gives the ”move
pattern”. It express how a neighbour becomes the actual
solution.



ALGORITHM accepted
INPUTS increase δTAD, temperature T
OUTPUTS boolean

If δTAD < 0
Return TRUE

Else

A ← e−
δT AD

T // the degree of uphill movement
d ← U [0, 1]
If d < A

Return TRUE
Else

Return FALSE
End If

End If

End

4.4 Schedule

The schedule must be controlled in such a way that
the process converges to an optimum. Here an exponen-
tial cooling scheme was used. The parameter α does then
belong to [0,1[. The initial temperature T0 is problem
specific, it is estimated by conducting an initial search in
which all increases are accepted. The average objective
increase observed Δ+TAD is calculated. T0 is given by:

T0 = −Δ+TAD

ln(x0)

with x0 the initial average increase acceptance probability
[13].

ALGORITHM newtemperature
INPUTS actual temperature T
OUTPUTS new temperature newT

newT ← T × α
Return newT

End

4.5 Implementation

Let’s now present the implementation of the simulated
annealing algorithm.

ALGORITHM simulated annealing
INPUTS initial solution C0, �iterations
OUTPUTS best solution TA∗

D

C ← C0

T ← T0

TA∗
D ← TAD(C)

m ← 0
While m < �iterations

C1 ← neighbour (C)
δTAD ← TAD(C1) − TAD(C)
If accepted (δTAD, T )

C ← C1

End If
T ← newtemperature(T )
m ← m + 1
If TAD(C) < TA∗

D

TA∗
D ← TAD(C)

End If

End While
Return C

End

4.6 Initial composition

Consider a 2 stages approach: the first stage being the
research of a ”better than random” initial configuration, the
second a simulated annealing beginning from this configu-
ration.

The first step to find the optimal solution was to look for
the ”better solution” characteristics. Our bias was to sup-
pose that good solutions were composed of small and fre-
quently used modules. Therefore several heuristics based
on those 2 ideas were implemented. Those heuristics were
tested and proved to perform well [19].

5 Computational results

To test the proposed methods, numerous tests were lead.
The instances were constituted of 5 components (n=5) i.e.
31 different final products.

5.1 Simulated annealing evolution

Figure 1 presents, for a given demand, the evolution of
the solution TA∗

D (Y axis) in function of the number of
iterations (X axis). It is then possible to compare the evo-
lution pattern for the 3 initial points (random, frequency,
and size). The curves represent 2 values of TS: TS = 12
and TS = 20. The tests were lead with α = 0.5 and an
initial average increase acceptance probability x0 of 33%.

The initial mean assembly times obtained with the
heuristics are better than the ones obtained by random.
The curves show that the obtained compositions are bet-
ter (smaller mean assembly time) when the number of it-
erations enlarges. After an important number of iterations,
the random initial composition may lead to a better solu-
tion than the ones having an heuristical initial composition.



Figure 1: Evolution of TAD(C) for α = 0.5.

5.2 Performances

In this section, the aggregated results of 100 instances
are presented. The performance of the simulated annealing
algorithm is studied, considering the nature of the initial
point.

The performance of a modules’ composition is evalu-
ated with consideration for the mean assembly time ex-
tremes. It is defined as follows:

performance(C) =
TAmax − TA(C)
TAmax − TAmin

where TAmax and TAmin are respectively the worst and
the better solution found.

This indicator was chosen for its synthetic characteris-
tics. The composition (TAmin) has then a performance of
1 while the less performing composition (TAmax) has a
performance of 0. The performance of a method is eval-
uated trough the mean (on the TS) of the compositions it
determines.

Figure 2 gives the mean performance of the simulated
annealing algorithm for the 3 different initial values in
function of the numbers of iterations.

The results, summarized in table 1, show that the per-
formances of the obtained compositions are better when
the number of iterations enlarges.

Surprisingly, when the number of iterations is larger
than 50, the performance achieved with a random initial
point is better than the ones obtained with the 2 stages ap-
proach. This may be explicated by the fact that solutions
given by the heuristics based on size or frequency are in a
local ”valley” from which it is difficult to escape.

If the time at disposal for the simulated annealing com-
plexion is sufficient to allow a important number of iter-
ations, priority should then be given to a random initial

Figure 2: Mean performances in function of number of it-
erations.

random frequency size
initial value 0.55 0.7 0.7

final value
after 10 iterations 0.76 0.79 0.78

final value
after 20 iterations 0.84 0.85 0.85

final value
after 50 iterations 0.94 0.93 0.93

final value
after 100 iterations 0.99 0.97 0.97

Table 1: Mean performances, α = 0.5.

point. In the opposite case, the 2 stages approach should
be prefered.

6 Conclusion

This article proposed to use a simulated annealing algo-
rithm to address the problem of module design focusing on
minimizing the mean assembly time. This method proved
to perform well on the numerous instances tested. The im-
portance of the initial population was also stressed. Indeed,
computational results stress that when the number of itera-
tions allowed is important, a random initial value performs
better. Nevertheless, when iterations are limited a ”better
than random” initial configuration should be used.

Further research may concern the evaluation of the costs
generated by this design. Different costs may be inte-
grated: transportation cost, inventory costs, production
costs. Also different production costs may be considered
depending on the design of the supply chain (relocated pro-



duction for the modules).
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