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ABSTRACT: In this paper we address the problem of planning a temporary storage area in a shampoo making
system. Everyday, the packing service of the company, which gathers several packing lines, transmits plans of
orders to produce (also called batches) to the making service. Each plan corresponds to the work that will be
performed by one packing line for the next production horizon. A batch, which consists of a volume of 12 tons
of the same shampoo juice is produced by the making service and transferred to a tank before being sent to the
corresponding packing line. There are several families of shampoo and a tank must be cleaned when the next
batch to store have a different shampoo family than the last stored batch. In this temporary storage problem the
goal is to minimize the number of tank cleanings and the maximum lateness of batches. Two different cases
of this problem are considered: in the first the lateness is allowed, and in the second no lateness is allowed.
Complexity of these two cases is studied and three solution algorithms are proposed to solve the second case.
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1 Introduction

In this paper we address the problem of planning the
temporary storage in a shampoo making system. This
problem is tackled in the context of a collaboration
with an international company producing healthcare
products. Everyday, the packing service of the com-
pany, which gathers several packing lines, transmits
plans of orders to produce (also called batches) to the
making service which is composed of several making
units. A batch is produced by the making service and
transferred to a storage facility before being packed
in accordance with the packing line plan.

A batch is a fixed and indivisible quantity (12 tons)
of the same shampoo product (Family). Indivisible
means that each batch has to be entirely stored in one
tank, and entirely packed by one packing line. A stor-
age facility contains many tanks with different capac-
ities (12, 20 or 24 tons) and is directly connected to a
subset of packing lines. This implies that a batch can
only be stored by a given set of tanks depending on
the packing line on which it will be processed. There
are several families of shampoo and each family has
its own chemical and physical characteristics. Thus,
even if the tank capacity is sufficient, two batches
with different shampoo families cannot be stored in
it at once. So, a tank must be cleaned when the
next batch to store have a different shampoo family
than the last stored batch. In this temporary storage

problem the goal is to minimize the number of tank
cleanings and the maximum lateness of batches. The
lateness is defined on the basis of due dates which
correspond to the date at which packing lines finish
to use the batches.

In this work, we first provide a model of a tank as a
two machine flowshop with a limited buffer capacity,
which is later on used to establish properties of the
problem. Next, we consider the special case where no
lateness is allowed and provide solution algorithms.
Under this assumption, the problem can be seen a
special case of the fixed interval scheduling problem
which complexity is open.

The problem under consideration is at the crossroad
of three kind of scheduling problems: scheduling with
limited buffer capacities, scheduling with setup times
or costs (see Allahverdi et. al. (2008) for a sur-
vey) and fixed interval scheduling (see Kovalyov et.
al. (2007) and Kolen et. al. (2007) for a presen-
tation of the basic problems and results). Regard-
ing scheduling with limited buffer capacities, we were
more interested on complexity issues for flowshop
problems. Papadimitriou and Kanellakis (1980) show
that the decision problem of the 2-machine prob-
lem with makespan is NP-complete. Gupta (1986)
shows that flowshop problems with sequence depen-
dent setup times or costs are NP-Hard whatever the
number of machines, the criteria and the buffer ca-
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pacity. But no complexity results is known about the
particular problem addressed in this paper.

In the remainder, section 2 presents the problem
statement. Solution algorithms to solve this problem
are outlined in section 3, whilst section 4 is devoted
to the computational evaluation of these algorithms.
Finally, some conclusions are given in section 5.

2 Problem statement

In this temporary storage problem we have to assign
n batches on L tanks. Let us first define the prob-
lem, noted Pε, on a single tank which is modeled as
a two-machine flowshop with a limited buffer capac-
ity. This particular problem is the one to solve for
each tank when the batches have been assigned to
the tanks. The first machine processes the transfer
operations, denoted by oi,1, i = 1..n , from the mak-
ing unit to the tank. The buffer capacity, denoted
by b, is equal to the tank capacity and we consider
that the batch starts to be in the buffer at time ti,1,
which refers to the starting time of the operation oi,1.
Processing times on the first machine are all equal to
p1 (loading time). The second machine processes the
emptying operations, oi,2, which starts at time ti,2
and require a processing time pi,2. According to the
packing plan, this second operation have to starts af-
ter a release date ri, (ti,2 ≥ ri), and should finish
at the due date defined by di = ri + pi,2. Accord-
ing to the industrial problem, a bunch of additional
constraints have to be answered and are listed be-
low. The preemption is not allowed, and a minimal
time lag between the starting times ti,1 and ti,2 of
the two operations must be greater than or equal to
qi, (qi > 0). Notice, that the two operations can
overlap if qi < p1. This time lag may correspond
to the time required to load into the tank a minimal
quantity a product before enabling the packing line
to start processing. Sometimes, it corresponds to the
time required to make product’s foam disappearing
before the corresponding batch can be usable by the
packing line. Let Ci be the completion time of oper-
ation oi,2. A second minimal time lag, noted δ, has
to be answered between two batches i and j if they
are planned on two different packing lines x, y: thus
we have Ci + δ ≤ tj,1. This constraint is imposed
by the making service to ensure that if the packing
line x is late then it will not make the packing line
y late. A cleaning operation between two batches is
modeled by a family dependent setup noted Sf which
is a constant. These setups block the two machines
and the buffer when they are performed, in order to
model the unavailability of the tank.

The sequencing rules of this problem change depend-
ing on the (i) values of the buffer capacity, (ii) the
families of the batches and their (iii) intended pack-
ing lines. Let j be the last batch scheduled on a tank

`, i be the batch preceding j in this schedule, and k
the next batch to schedule; i, j, k = 1..n.
Table 1 shows the rules corresponding to the differ-
ent cases. The value ∆j,2 in the third sequencing rule
correspond to the time needed to have a free capacity
of 12t on the tank ` wich capacity is 20t.

Considered case Sequencing rule

family of j 6= family of k
b` ∈ {12t, 20t, 24t} Cj + Sf + δ ≤ tk,1

family of j = family of k
b`= 12t Cj + δ ≤ tk,1

family of j = family of k
b`= 20t tj,2 + ∆j,2 + δ ≤ tk,1

i, j, k have the same families (Ci ≤ tj,2) ∧ (Cj ≤ tk,2)
b`= 24t and,
δ = 0 max(Ci, tj,1 + p1) ≤ tk,1

family of j = family of k
b`= 24t
δ > 0 Cj + δ ≤ tk,1

Table 1: Sequencing rules

The figure 1 shows a Gantt diagram corresponding
to a sequence, in a tank of 20 tons, of three batches
intended for the same packing line (i.e: δ = 0). In
this example, batches 1 and 2 have the same family
and therefore can share the buffer while its capacity is
sufficient. Loading operation of batch 2 starts at ∆1,2

units of time after the start of the emptying operation
of the batch 1 as specified in the third rule of Table 1.
Batch 2 and 3 have different families, so a setup time
Sf have to be done before the start of batch 3 loading
operation as specified by the first rule of Table 1. As
we can see on the figure, the setup Sf blocks both ma-
chines and the buffer. The batch 3 completes its exe-
cution after its due date, with a lateness L3 = C3−d3.
We have to minimize the number of setups and the
maximum lateness and more precisely we are imposed
to minimize the number of setups under the con-
straint that the maximum lateness is bounded by a
given threshold. According to the notation of mul-
ticriteria scheduling problems introduced by T’kindt
and Billaut (2006), the problem Pε can be referred to
as F2|Sf = S, p1 = p, ri, qi, δ, b|ε(

∑
S/Lmax).

Lemma 2.1.
The F2|Sf = S, p1 = p, ri, qi, δ, b|ε(

∑
S/Lmax)

problem is NP-Hard.

Proof. Let us first start with the 1|Sf = S, ri|Cmax
problem which is strongly NP-Hard (Yuan et. al.
2006). It directly follows that the associated decision
problem 1|Sf = S, ri, d̃i|− is NP-Complete since there
is a pseudo-polynomial number of possible Cmax val-
ues. This result, implies that the 1|Sf = S, ri, d̃i|

∑
S

problem is also NP-Hard.
The last problem is equivalent to the 1|Sf =
S, ri|ε(

∑
S/Lmax) problem, which is a subproblem
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Figure 1: Exemple of a schedule on a tank

of Pε (p1 = 0, δ = 0, qi = 0, b = 12t). Consequently,
problem Pε is NP-Hard.

Lemma 2.1 also implies that the general problem with
L tanks, referred to as PLε , is also NP-Hard.

Let us now consider the case where lateness is not
allowed: more precisely the making service imposes
that Lmax = 0. Here an emptying operation oi,2 has
to start exactly at time ri and we assume that there
are enough tanks. We denote this problem by PL0 and
distinguish between two cases according to the tank
capacities b`.

If b` is lower than twice the batch size, we can right
timeshift the first operation of each batch. This leads
to define a fixed processing interval for each batch
whatever the tank on which it is scheduled. We obtain
a partially ordered set of time intervals Ik = [rk −
qk; rk + pk,2] such that:

Ii ∩ Ij = ∅ =⇒ (i→ j) ∨ (j → i) ,∀i, j = 1..n,

with i→ j meaning that job i precedes job j. Hence-
forth, by finding a min-cost perfect matching in a
bipartite graph, we can solve the PL0 problem. We
now details how this graph is constructed.
Let O`, ` = 1..L, be the fictitious initial intervals
and F`, ` = 1..L, be fictitious final intervals. These
fictitious intervals are used to model the initial and
terminal states of the tanks. The fictitious initial in-
tervals are also characterized by a shampoo family
which the one of the last stored batch in the previous
planning horizon. We have:

O` < Ii; ∀i = 1..n,∀` = 1..L,
and,

Ii < F`; ∀i = 1..n, ∀` = 1..L.

Besides, all the n intervals related to the batches and
characterized by their family.

LetG = (Vpred, Vsuc, A) be a balanced bipartite graph
with Vpred and Vsuc the two sets of vertices and A
the set of arcs. Vpred contains all the intervals which
can be predecessors of other intervals, so it contains
the L fictitious initial intervals and the n batch in-
tervals. Vsuc contains all the intervals which can
be successors of other intervals and thus the L fic-
titious final intervals and the n batch intervals. So,
|Vsuc|=|Vpred|=L+n.

Let i ∈ Vpred, and j ∈ Vsuc be two vertices. Ac-
cording to the partial order, we connect an arc ai,j
from a vertex i to a vertex j if i → j (this includes
fictitious vertices). Arc ai,j has a cost S if i and j
have different families and 0 otherwise. We will show
that from a min-cost perfect matching on the graph
G we can build an optimal solution for problem PL0 .
From an algorithmic side, under the assumption of
the equivalence between such a matching and an op-
timal solution for PL0 , we can proceed as follows to
compute the latter. Starting from a fictitious initial
interval O` we select the arcs of the matching which
enable to create a path to a fictitious terminal interval
F`′ . Thus, we obtain a set of L paths which corre-
spond to L batch sequences on the tanks, such that
the total cost of these paths is the total setup costs.

Lemma 2.2.
The PL0 problem can be solved in polynomial time
whenever b` ∈ {12t, 20t}, ∀` = 1..L.

Proof. Let us first show that a a min-cost perfect
matching on the bipartite graph G corresponds to a
solution for the PL0 problem. Let M be a min-cost
perfect matching for G, and Sol be the corresponding
solution of PL0 problem built according to the above
procedure.

Since M is a perfect matching, all vertices are satu-
rated and all arcs are independents. This implies that
all the batch intervals are included in the L paths and
that each batch interval is assigned to only one path
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as a tail of an arc (a successor) and as the head of the
next arc (a predecessor).

Suppose now that G has no perfect matching M .
Thus, there are at least two non saturated vertices
(since |Vsuc|=|Vpred|). Let us show that these two
remaining vertices do not correspond to fictitious in-
tervals. According to the definition of the fictitious
intervals we have:

∀x ∈ Vsuc : O` < Ix, and a`,x ∈ A; ` = 1..L.

∀y ∈ Vpred : Iy < F`, and ay,` ∈ A; ` = 1..L.

This means that a fictitious interval cannot be among
these two remaining vertices since there is an inde-
pendent arc between every fictitious interval with all
the other vertices of G. Thus the remaining vertices
are batch intervals and this implies that there is no
feasible solution for the PL0 problem.

Let us now show that the solution Sol built from the
min-cost perfect matching M is optimal. Suppose
that Sol is not optimal and let permu(i, j) be the
permutation of two batches i, j which reduces the to-
tal number of setups. Let pr(x), sc(x) and fm(x) be,
respectively, the predecessor, successor and the fam-
ily of a batch x, x = 1..n, in Sol. We also denote by
c(ax,y) the cost on the arc ax,y, ∀x ∈ Vpred, y ∈ Vsuc.
If fm(i) = fm(j) no improvement is possible. So we
consider the case where fm(i) 6= fm(j). In this case,
an improvement can appear at least if :

(fm(pr(j)) = fm(i)) or (fm(i) = fm(sc(j)) (1)

or

fm(pr(j)) = fm(sc(j) = fm(i) (2)

Let us consider the second case in which permu(i, j)
improves the solution Sol by 2 × S. Here, if we
consider the sequences on the tanks as paths, arcs
ai,sc(j), apr(j),i, apr(i),j , ai,sc(j) are added whilst arcs
ai,sc(i), apr(i),i, apr(j),j , aj,sc(j) are removed.

Let M
′

be a set of arcs such that :
M

′
= M − {ai,sc(i), apr(i),i, apr(j),j , aj,sc(j)} +

{ai,sc(j), apr(j),i, apr(i),j , ai,sc(j)}

It is obvious that M
′

is a perfect matching since the
added arcs are independents and saturate only ver-
tices which were not saturated after the removal of
arcs ai,sc(i), apr(i),i, apr(j),j , aj,sc(j) from M . So, ac-
cording to the equation (2) we have:
c(ai,sc(j)) + c(apr(j),i) < c(ai,sc(i)) + c(apr(i),i).
⇒ c(ai,sc(j)) + c(apr(j),i) + c(apr(i),j) + c(ai,sc(j)) <
c(ai,sc(i)) + c(apr(i),i) + c(apr(j),j) + c(apr(j),j).
⇒ c(M)+c(ai,sc(j))+c(apr(j),i)+c(apr(i),j)+c(ai,sc(j)) <
c(M) + c(ai,sc(i)) + c(apr(i),i) + c(apr(j),j) + c(apr(j),j).
⇒ c(M)+c(ai,sc(j))+c(apr(j),i)+c(apr(i),j)+c(ai,sc(j))−
c(ai,sc(i)) + c(apr(i),i) + c(apr(j),j) + c(apr(j),j) < c(M).

⇒ c(M
′
) < c(M).

⇒ M is not a min-cost perfect matching of G which is a
contradiction.
Henceforth, the PL

0 problem can be solved by solving a
min-cost perfect matching in O(n3) time (or equivalently
by solving an assignment problem).

The PL0 problem for which there exists at least one
tank ` with b` = 24t, can be modeled as a multi-index
assignment problem which is NP-Hard (Burkard et.
al. 2009). However, we can prove the following
straightforward result which can be applied when the
assignment of batches to tanks is known.

Lemma 2.3.
The F2|Sf = S, p1 = p, ti,2 = ri, qi, δ, b|ε(

∑
S/Lmax)

problem can be solved in polynomial time by using the
Earliest Release Time (ERT) rule. If the ERT rule
fails to find a feasible solution, then the problem is
infeasible.

3 Solution algorithms

We present in this section the solution algorithms de-
veloped to tackle the particular case of PL0 when the
tank capacities are equal to 24 tons.

The first algorithm is a greedy algorithm coupled with
a local search based on the 2-opt neighborhood oper-
ator. The main lines of this algorithm, which exploits
Lemma 2.3, are as follows: A list Li of batches, sorted
by increasing order of release dates ri, is built and
each batch in this list is assigned to the first avail-
able tank that does not require cleaning, if it exists.
Otherwise, the batch is assigned to the first available
tank that will inevitably be cleaned given the fami-
lies of the L next batches in the list: a tank will be
cleaned if the lastly assigned batch is of a family that
does not appear in the next L batches in the list. If
the two above situations do not happen, then the cur-
rent batch is assigned to the first available tank. The
calculated solution is repaired, if it is infeasible, and
finally the local search is applied on it.

The availability of a tank can be defined as follows:
let i be the last batch scheduled on a tank `, and k
be the batch preceding i in this schedule; i, k = 1..n.
The availability of the tank ` for the next batch to
schedule j is determined according to the followings
rules:
If i and j have different families Then:
• ` is available ⇔ Ci + S + δ ≤ rj − qj .
Else (i and j have the same family):
If b` = 12 t :
• ` is available ⇔ Ci + δ ≤ rj − qj .
If b` = 20 t :
• ` is available ⇔ ti,2 + ∆i,2 + δ ≤ rj − qj .
where ∆i,2 is the time needed to have a free capacity
of 12t on the tank `.
If (b` = 24 t) and (δ = 0) :
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• ` is available ⇔ max(Ck, ti,1 + p1) ≤ rj − qj .
If (b` = 24 t) and (δ > 0) :
• ` is available ⇔ Ci + δ ≤ rj − qj .

The framework of this greedy algorithm is given in
Algorithm 1.

Algorithm 1: Greedy algorithm

Li: list of batches;
T`: first available tank ;
T f` : first available tank which does not require a
cleaning;
T list` : first available tank which does not require a
cleaning taking account of the L next batches in the
list;
n: Number of batches;
L: Number of tanks;
B: Current batch;
sol: Solution;
repar(): Repairing method;
locals(): Local search method;
begin

while Li 6= ∅ do
B = Li[0];
Li = Li −B;
if T f` exists then

assign B on T f` ;
else

if (T list` exists) then
assign B on T list` ;

else
assign B on T`;

end

end

end
if (sol is infeasible ) then

repar(sol);
end
sol = locals(sol);
return(sol);

end

The second proposed solution algorithm is based on
an Ant Colony Optimization (ACO) approach which
uses features of the simulated annealing search as
initially proposed by T’kindt et. al. (2002) and
which gave very good results on a 2-machine flow-
shop scheduling problem. As in classical ACO heuris-
tics (see Dorigo and Stutzle (2004) for a comprehen-
sive survey of this metaheuristic), ants try to build
solutions with a constructive procedure and com-
municate by means of a shared memory called the
pheromone matrix and noted τ . Here an element τi,j ,
τi,j ∈ [τmin, τmax], is the probability of having batch
j as a successor of a batch i on the same tank in a
good solution. The assignment of a batch to a tank

at each step of the constructive procedure is done ac-
cording to either an intensification mode or a diver-
sification mode. In the intensification mode, an ant
chooses among all batches j which can be assigned to
a tank `, the batch with highest value of τi,j with i
the batch lastly scheduled on tank `. In the diver-
sification mode, the choice of the assignable batch is
made by using a classic wheel process. Notice that we
apply the principles of simulated annealing to select
between these two modes: this leads to enforce diver-
sification at the first iterations and intensification at
the last iterations. For each global iteration of the
ACO heuristic, if no feasible solution is built yet, we
apply a best fit rule repairing method on ρ% of the
best incomplete solutions. After that, a local search
is applied on the best solution built by ants or later
on repaired. Finally, the pheromone matrix is up-
dated with the classic evaporation and enforcement
processes of ACO heuristics.

The stopping criterion of this heuristic is the max-
imum number of iterations. The framework of this
ACO algorithm is given in Algorithm 2.

The third proposed algorithm exploits the result
stated in Lemma 2.2 and is based on the observation
that in the industrial instances the general problem
can be decomposed into subproblems, some of them
involving a subset of batches to be assigned on set of
12t or 20t tanks. First, for all batches we compute
the time intervals Ii and solve the assignment prob-
lem described in Lemma 2.2. Consequently, for some
24t tanks this may results into infeasible assignments:
some batches i, called infeasible batches, are assigned
to a tank but are not available at there release date
ri. These infeasible assignments are next repaired.
The repairing method is based on a dynamic prior-
ity rule. We remove all infeasible batches from the
solution found by the assignment algorithm, and we
assign a priority to each of them. after that we try to
assign each infeasible batch to tank in order to meet
the problem constraints. To do so, we define two in-
sertion operators. The first one, denoted by 1-mov,
inserts directly an infeasible batch i in the sequence
of a tank ` if possible. The second one, denoted by 2-
mov, inserts an infeasible batch i into the sequence of
a tank ` after removal of an already scheduled batch
j. The latter must be necessarily inserted into the se-
quence of another tank before the insertion of batch i
is realized. Clearly, before removal of batch j on tank
` the insertion of batch i was not possible due to the
overlap of time intervals Ii and Ij .
The priority of an infeasible batch i reflects the facil-
ity to insert it into a sequence of tank. It is defined as
the number of possible insertions using the two oper-
ators defined above. So, the batch which has the less
chance of being inserted (the lowest priority value)
will be inserted first by the repairing method. If mul-
tiple insertions are possible, the algorithm chooses the
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Algorithm 2: S.A.C.O

τ : Pheromone matrix;
F : Number of ants;
L: Number of tanks;
n: Number of batches;
ITERMAX : Maximum iteration number;
bestit: Best solution found at the current iteration;
bestsol: Best solution;
funproba(): Function returning the construction
mode probability;
reparρ(): Repairing method;
locals(): Local search;
evap(τ): Evaporation function with quantity τ ;
enfor(bestit): Enforcement function on bestit;
begin

for (iter from 1 to ITERMAX) do
σ=funproba(iter);
for (f from 1 to F ) do

for (i from 1 to n) do
Generate random number 0 ≤ P ≤ 1;
if (σ > P ) then

Schedule an unscheduled batch
using the diversification mode;

else
Schedule an unscheduled batch
using the intensification mode;

end

end

end
if (No feasible solution is built) then

reparρ();
end
bestit = locals(bestit);
evap(τ);
enfor(bestit);
if (bestit < bestsol) then

bestsol = bestit
end

end
return(bestsol);

end

one that less deteriorates the objective function. The
priorities of the remaining batches is updated after an
insertion is realized and the algorithm stops when all
the infeasible batches are inserted or if a batch can-
not be inserted. In this last case, we consider that the
algorithm cannot solve this instance. The framework
of this third solution algorithm is given in Algorithm
3.

4 Computational evaluations

In this section, we present the computational exper-
iments carried out to evaluate the efficiency of the
proposed heuristics. Let us denote by HGRE the
greedy algorithm coupled with the local search (Al-

Algorithm 3: ASSIGN

n : Number of batches;
L : Number of tanks;
Li: List of the batch to insert, sorted in increasing
order of priorities;
sol: Solution;
B : Selected batch;
Assign(): Classical Assignment Algorithm;
Check inf batch(sol): create Li with removing the
infeasible batches from the solution;
Update(Li): Computes the priorities;
Insert(B): inserts the batch B;
begin

sol = Assign();
Li = Check inf batch(sol);
Update(Li);
while (Li 6= ∅) do

if (Li[0] = 0) then
return(Infeasible);

else
B = Li[0];
Li = Li −B;
Insert(B);
Update(Li);

end

end
return(sol);

end

gorithm 1), HSACO the ACO heuristic (Algorithm
2) and HASSI the heuristic based on the assignment
problem coupled with the repairing method (Algo-
rithm 3).

Preliminary experiments were conducted to optimize
the behavior of the HSACO algorithm for which
several versions have been compared. These versions
differ depending on (i) the probability function used
in the construction process done by an ant to build a
solution, (ii) the type of evaporation and enforcement
processes applied, (iii) the impact of the repairing
method, (iv) the value of other parameters as the
maximum number of iterations and the number of
ants.
The probability function, denoted by funproba() in
Algorithm 2, influences the global search strategy
applied by the ants. In a classic ACO heuristic, this
function returns a constant value which is a parame-
ter of the algorithm. In HSACO we apply the same
principle than in Simulated Annealing algorithm, i.e.
we make varying this probability among the search.
The idea is to enforce diversification at the beginning
of the search and intensification at the end. We
tested the three followings functions:
f1(iter) = log(iter)

log(ITERMAX )
;

f2(iter) = iter
ITERMAX

;

f3(iter) = log(ITERMAX−iter+1)
log(ITERMAX )

;
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Where iter is the current iteration number, and
ITERMAX is the maximum iteration number.
The second parameter studied is the type of evap-
oration and enforcement processes. We compared
two modes with several values. The first mode
uses a percentage of pheromone while the second
mode uses a fixed quantity of pheromone to add
in the enforcement process and to remove in the
evaporation process.
We also studied the impact of the repairing
method on the solution quality and the compu-
tational time. We tested these followings values:
ρ = 0, ρ = 1, ρ = 30%, ρ = 60%. The last studied
parameters are the number of ants and the number
of iterations. For the first one, we tested three values
(10, 15 and 20 ants) whilst for the second one we
tested four values (50, 100, 150 and 200 iterations).
The experimental results show that the choice of a
probability selection function is related to the type
of evaporation and enforcement processes. The best
results are obtained with the function f2, a fixed
quantity evaporation τ defined by τ = τmax−τmin

ITERMAX
and

an enforcement with (2 × τ). The repairing method
with ρ = 60% provides better results, without
deteriorating the required CPU time since infeasible
solutions are mainly built during the first iterations
of HSACO. Besides, the suitable number of ants is 20
and the maximum iteration number which provides
the best results is equal to 150.

After having calibrated the HSACO heuristic, we eval-
uate the quality of the three heuristics. We com-
pare these algorithms on industrial-like instances, i.e.
instances as close as possible to the industrial pro-
cess (for confidential reasons, real industrial instances
were not available for extensive testing purposes). In
such instances, the number of batches is about 80:
we generated instances with 75, 80, 85 and 90 batches.
For each batch size, 500 instances have been randomly
generated trying to follow as close as possible the fea-
tures of the industrial instances. For this purpose, the
R1 =(number of batches/number of tanks) ratio and
R2 =(number of batches/number of families) ratio re-
main equal to that of the industrial instances. The
details of the generation process are the following: ra-
tio R1 is drawn at random using an uniform law in the
set { 83 ; 9

3 ; 10
3 ; 11

3 } and ratio R2 is set to 3. This implies
that the number of tanks depends on the number of
batches and takes integer values within the interval
[20.45; 33.75]. The number of families takes values in
the set {25; 26; 28; 30}. The processing times p1 (tank
loading time) and pi,2 (batch emptying time) are gen-
erated as fractions of the considered planning horizon
which is of 4320 minutes (72 hours). This is done in
order to generate data close to the real-life instances:
p1 = 756

3×R1
and pi,2 is drawn at random using an uni-

form law in the interval [ 2116
3×R1

; 3931
3×R1

]. The time lags

qi are drawn at random in the interval [pi,2; 2pi,2] and
the time lag δ is set to 240. The family depend setup
time S is set to 120. To generate the release dates
ri we randomly generate sequences of batches on the
packing lines in order to have on the average 3× R1

batches per line. If two batches of the same family
are sequenced consecutively on the same line, no idle
time is inserted between these two batches. Other-
wise an idle time equal to 60 minutes is inserted (this
model the duration required to clean the packing line
as we change the family). From these schedules we
deduce the values of the ri’s.
Besides, on the result tables in which the heuristic
HASSI is concerned, for a given batch size we sep-
arate the instances depending on the number of in-
feasible batches pinf obtained after the assignment
problem has been solved. By the way, we obtained
two intervals of values, given as a percentage of the
total number of batches: ]0%, 10%] and ∈]10%, 20%].

To evaluate the efficiency of the heuristics, we use the
relative deviation RELA (in percentage) and the ab-
solute deviation ABS. We have: RELA = (OBJH −
OBJbest)/OBJbest and ABS = OBJH − OBJbest
with OBJbest the best objective function value among
the compared heuristics, and OBJH the objective
function value calculated by a given heuristic H.
We provide the average and maximum deviations.
Clearly, these deviations are only calculated on in-
stances on which the compared algorithms succeeded
in finding a feasible solution. We also compute the
percentage, denoted by BEST , of instances for which
a heuristic is the only one to provide the best solu-
tion. All the tests have been done on a Pentium Core
2 Duo 2.4Ghz with 2Go of RAM.

Table 2 provides the results of the comparison be-
tween HGRE and HSACO. The first column contains
the number of batches. The two next columns pro-
vide the percentage of best solutions found by the
heuristics. As the value of column BEST for the
HGRE heuristic is always equal to 0 (which means
that there is no instance for which it performs bet-
ter than HSACO), we only focus in the remaining
columns on the relative and absolute deviation of
HGRE from HSACO. It appears that, on the 2000
tested instances, HGRE never outperforms HSACO.

Tables 3 and 4 present the computational results of
the comparison of HSACO and HASSI . Table 3 gives
the results for the relative deviation while Table 4
presents the results for the absolute deviation. The
first column of these two tables contains the num-
ber of batches. For each algorithm we next pro-
vide the average and maximum (columns AVG and
MAX) deviations. For algorithm HASSI we also
present INFEASI, the average percentage of infea-
sible batches pinf . These results are calculated on
instances for which both algorithms have found a fea-
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#BATCHES HSACO HGRE RELA DEV of HGRE (%) ABS DEV of HGRE

BEST (%) BEST (%) AVG MAX AVG MAX

75 89.00 0.00 9.74 29.03 3.00 9
80 81.80 0.00 7.66 26.67 2.51 8
85 84.60 0.00 8.40 30.00 2.97 10
90 81.20 0.00 6.70 30.56 2.56 11

Table 2: Comparison of HGRE and HSACO

sible solution. Remind that for each batch size, two
lines appear as we separate the instances between the
value intervals of pinf as explained above.
These two tables highlight the fact that HASSI out-
performs the HSACO heuristic both in terms of abso-
lute and relative deviations. For only approximately,
on the average, 10% of the instances, HSACO provides
better solutions. However, the efficiency of HASSI

is seriously affected by the percentage of infeasible
batches pinf : when it increases the global perfor-
mances of the heuristic decreases, even it remains
better on the tested instances than HSACO.

The percentages of instances for which a heuristic
was not able to find a feasible solution are presented
in Table 5. The HSACO heuristic provides the best
results since it always computes a feasible solution
whilst HGRE and HASSI failed to solve some in-
stances. Comparing HGRE and HASSI , we observe
that HASSI gives better results.

#BATCHES HSACO HGRE HASSI

75 0.00 8.00 7.80
80 0.00 6.40 3.60
85 0.00 8.20 5.40
90 0.00 7.00 6.60

Table 5: Percentage of infeasible solutions

Table 6 presents the average computational time, in
seconds, of the three proposed heuristics. As we can
see, the average computational time of HGRE and
HASSI never exceed 1 second while HSACO exceed
100 second for the largest instances. However, in
practice even this computational time is acceptable
for the shampoo production company.

#BATCHES HSACO HGRE HASSI

75 61.36 0.10 0.5400
80 77.60 0.13 0.7609
85 88.19 0.15 0.8583
90 102.33 0.18 0.9578

Table 6: Average computational time (in seconds)

From the above computational results, we can deduce
that heuristic HGRE even if simple is strongly out-
performed by HASSI both in terms of computational
time, deviations and number of calculated feasible so-
lutions. Notice that, often, scheduling and planning
software make extensive uses of greedy rules to pro-

vide solutions, which is shown here to be irrelevant.
The comparison of HASSI and HSACO does not yield
such a strong conclusion: even if HASSI is faster and,
on the feasible instances, more efficient than HSACO,
the latter requires a computational time acceptable
by the industrials and provides more often a feasi-
ble solutions (which is, in a sense, more important
in pratice). Our conclusion is that, on industrial in-
stances, we should consider both heuristics.

5 Conclusions

In this paper we have tackled a scheduling problem
arising the industrial context of producing shampoo
products. This problem consists in assigning batches
to tanks before they enter the packing system of the
company. This assignment is done in order to an-
swer dedicated constraints and to minimize the to-
tal number of tank cleanings (family setup times).
We have provided a bicriteria model of this problem
and proved that under special condition on the tank
capacities, the problem can be solved in polynomial
time by solution of an assignment problem. For the
general problem, as it occurs in practice, we prove its
NP-Hardness and provide three different heuristics: a
greedy heuristic, an ACO heuristic and a dedicated
heuristic based on the solution of an assignment prob-
lem. Computational experiments show that the best
heuristic, in terms of efficiency and computational
time, is the third one. However, as the second one
provides more often feasible solutions it is also con-
sidered for solving industrial instances.
The efficient solution of this storage problem enables
us to start with the solution of the more general
scheduling problem arising at the making service.
This problem consists in scheduling the whole mak-
ing phase, from the batch production to its storage in
the tanks before sending them to the packing service.
Clearly, the heuristics presented in this paper will be
useful in this context.
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