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Models and Algorithms of Production Scheduling in

Tandem Cold Rolling
ZHAO Jun1 LIU Quan-Li1 WANG Wei1

Abstract The complexity of production scheduling problem in cold rolling line is analyzed, which is formulated as two parts,
namely, the coil-merging optimization and the rolling batch planning. The optimization of steel coil merging is constructed as a
multiple container packing problem (MCPP) that is computed by a new proposed algorithm, discrete differential evolution (DDE),
in this paper. A specific double traveling salesman problem (DTSP) is modeled for the rolling batch planning, and a hybrid heuristic
method on the basis of evolutionary mechanism and local search is presented to solve this model. The experimental results with real
production data from Shanghai Baosteel Co. Ltd. show that the production scheduling method suggested in this paper is effective.

Key words Cold rolling production scheduling, multiple container packing problem (MCPP), differential evolution, traveling
salesman problem, heuristic algorithm

Cold rolling is an important production procedure after
continuous casting and hot rolling in steel industry. Re-
cently, with the manufacturers in steel plant giving more
attention to manufacturing executive system (MES) and
because of the increase in diversity of cold rolling prod-
ucts, the production capability of tandem cold rolling mill
makes a close influence on downstream logistic balance and
economic benefits of whole plant. Therefore, production
scheduling in tandem cold rolling mill has become a signif-
icant problem that connects the production management
with the manufacturing process in steel industry.

Currently, research on cold rolling production in the
published work mainly focuses on optimizing parameters
of tandem rolling mill such as roller torque, tension, and
rolling power, which are necessary to improve the produc-
tion capability and reduce the setup costs[1−2]. However,
few papers concentrated on the scheduling problems from
the point of rolling production planning. [3] established
a software framework on a cold rolling manufacturing line
and applied a task distribution method to plan the online
operations. The objective of that paper was to build an
entire logistic model and distribution rules of rolling plant
but without providing details of the cold rolling process.
[4] constructed a just-in-time based model on cold rolling
plant, and adopted a dynamic online algorithm associated
with expert system to solve it. In that paper, the schedul-
ing element was the production order, which did not aim at
the steel coils material. [5] suggested a production distri-
bution method to tandem cold rolling line for satisfying the
customer′s requirement and the inventory limitation. How-
ever, that model only presented an appropriate productiv-
ity distribution based on machine capacity rather than the
designed operational sequence.

In this paper, we formulate the optimized scheduling
problem of tandem cold rolling mill in Shanghai Baosteel
as a two-stage process, which consists of the steel coil merg-
ing and the cold rolling planning. First, for the purpose of
optimizing the coil-merging process that is practically per-
formed in the later period of cold rolling procedure, a mul-
tiple container packing problem (MCPP) model is summed
up. A new rapid algorithm for combinational optimization
called discrete differential evolution (DDE) is proposed to
solve this MCPP under consideration of guaranteeing the
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solution quality. Second, a double traveling salesman prob-
lem (DTSP) to model cold rolling batch planning process
is presented. Because of the width constraints in a batch
plan, the specific DTSP is divided into two solving sections
for reducing the complexity of this model. To the sepa-
rated planning model, a heuristics based on evolutionary
mechanism and local search with tabu list is investigated
to obtain the optimized satisfactory solution in practice.

The rest of this paper is organized as follows. The pro-
duction process in the rolling plant is described and the
two-stage scheduling problems are modeled in Section 1.
A new proposed DDE algorithm for merging optimization
and the approach to the scheduling models in Section 1
are presented in Section 2. Section 3 gives computational
experiments with production data from Baosteel Co. Ltd.
Finally, Section 4 presents some conclusions.

1 Production scheduling model in cold
rolling mill

1.1 Problem description

The cold rolling plant has a very complicated production
flow, which includes picking line, cold rolling mill, anneal-
ing line, etc. Fig. 1 shows a flow instance of a cold rolling
plant in Shanghai Baosteel Co. Ltd. and its corresponding
products.

Fig. 1 Production process in the cold rolling plant

In the whole manufacturing line, most processes produce
the outputs for not only the following units, but also sales
market as ultimate products. Being a crucial upstream
equipment, the cold rolling mill has the largest production
capacity in the plant, over 900 thousand tons per year.
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Therefore, its performance makes an intense influence on
the other manufacturing lines of the plant. Besides, a more
important reason is that the subsequent annealing line is
the bottleneck of the entire production line. Because the
number of coils charged in each annealing furnace is in-
variable, generally not more than 5, for improving the ef-
ficiency of this bottleneck line, we could merely increase
the weight of steel coils charged in the annealing furnace.
From the manufacturing technique aspect, the cold rolling
is the unique unit that can adjust the coil weight in front
of the annealing line. Thus, the production planning and
scheduling of tandem cold rolling mill plays a significant
role in the whole production line. The cold rolling process
can be described as follows. First, a batch of steel coils
is unwrapped by an open-coil machine, and then the coils
are continuously welded and rolled. Second, at the end of
the rolling line, the rolled strips are cut and re-coiled to
generate new coils. In this phase, the previous coils may
be merged to the new coils with appropriate weight for the
annealing line. Thus, the scheduling in tandem cold rolling
consists of two key operations: to schedule the rolling se-
quence of a batch of steel coils in the first stage, and to
optimize the steel coil merging for a better coil weight in
the second stage. The objective of sequence planning is to
smoothen the rolling jumps of width, entrance gauge, and
exit gauge for reducing the abrasion on rollers under many
rolling constraints; whereas, the objective of coil-merging
optimization is to maximize the re-coiled coil weight for the
subsequent line. At present, the planning and scheduling
approach through specialized workers′ experience is widely
used in cold rolling plants, which makes the production
capability of tandem rolling mill rather low.

In this paper, we study a two-stage method to deal with
this production scheduling problem of cold rolling line. In
order to simplify the coupled complex problem, it is con-
versely considered that the coil merging is first handled in
this paper although such process is actually performed at
the end of rolling in manufacturing. Second, on the basis of
these virtual merged coils, the rolling sequence scheduling
is arranged.

1.2 Coil-merging optimization

The coil-merging operation is actually completed at the
end of cold rolling line in manufacturing process, so that
the coils that have identical width and exit gauge in the
batch for maximizing the single coil weight are merged. De-
pending on technical conditions, there are two coil-merging
modes in the rolling plant of Shanghai Baosteel, which are
forming one-coil (FOC) mode and forming two-coil (FTC)
mode, respectively. FOC mode is that the steel coils satis-
fying the technical demands are to be merged into one coil
whose weight is limited in the given restriction, whereas
FTC mode is that the available coils are to be merged into
two equal coils and the weight of each coil meets the given
restriction. In this paper, we summarize this problem as
an MCPP with unknown container number, which belongs
to the family of NP-hard problems and is very unlikely to
devise the polynomial algorithms to exactly solve it[6]. We
regard the set of available coils as the items that need to be
packed into containers; and the weight limitation of a single
coil denotes the container capacity. According to above-
mentioned production conditions, there are two kinds of
containers in this MCPP model. Assuming that the set of
available coils satisfy the merging constraints, the merging
model is defined as follows.

min{K1

C1∑
j=1

(Smax − wnon
j ) + K2

C2∑

k=1

(Smax − wFOC
k )+

K3

C3∑

l=1

(2Smax − wFTC
l )} (1)

s. t.

n∑
i=1

xijwi ≤ Smax, j = 1, 2, · · · , C1 (2)

n∑
i=1

yikwi ≤ Smax, k = 1, 2, · · · , C2 (3)

n∑
i=1

zilwi ≤ 2Smax, l = 1, 2, · · · , C3 (4)

C1∑
j=1

xij +

C2∑

k=1

yik +

C3∑

l=1

zil = 1, i = 1, 2, · · · , n (5)

where

xij =

{
1
0

if the i-th coil is the non-merged coil
otherwise

yik =

{
1
0

if the i-th coil is packed into k-th FOC packet
otherwise

zil =

{
1
0

if the i-th coil is packet into l-th FTC packet
otherwise

and Smax is the maximal allowable coil weight correspond-
ing to the rolling width; wi is the weight of the i-th coil
before merging; C1 is the amount of nonmerged coils; C2 is
the merged amount of FOC mode packets; C3 is the merged
amount of FTC mode packets; wnon

j represents the weight

of the j-th nonmerging coil; wFOC
k represents the weight of

the k-th FOC mode packet; wFTC
l represents the weight of

the l-th FTC mode packet; n is the amount of the batch
of available steel coils; K1, K2, and K3 denote the penalty
coefficients of the nonmerging mode and the two merging
modes, respectively.

(1) is the objective function that is to minimize the total
difference between the packet weight and the maximal al-
lowable weight, i.e., to maximize the number of the merged
coils. (2) is the requirement of coil weight before merging,
which addresses the input restriction of this model. (3)
and (4) are to meet the constraints of the FOC mode and
the FTC mode, respectively. (5) guarantees the disposal
uniqueness of the batch of steel coils.

1.3 Cold rolling batch planning

After coil-merging operation, the virtual merged coils
will be arranged for the optimized rolling sequence based on
technical constraints in order to reduce the rollers abrasion
and the setup cost. In rolling process, the roller-changing
operation is a time-consuming work, and it can augment
the setup costs additionally. It is permitted to change the
rollers once in a rolling batch plan because a width jump
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from narrow to wide is necessary; otherwise, the rolling
marks will be transferred on the following steel coils. Fig. 2
shows the rolling width profile of a batch plan in produc-
tion practice, in which the width must be transited from
wide to narrow in a roller-changing period cycle. In man-
ufacturing, smoothening the width jump and the gauges
jumps of adjacent rolled coils is very important to improve
rolling quality because the larger the jumps are, the more
serious rollers abrasion generates. And that might debase
the surface grade of the following steel coils.

Fig. 2 The rolling width profile in a rolling batch plan

In this paper, a model of double traveling salesman prob-
lem (DTSP) without return is proposed to demonstrate
this sequence optimization considering that there are two
width-decreasing parts in a batch plan (see Fig. 2). For
the global optimization, the batch planning needs not only
to optimize the inner rolling sequence within a batch, but
also to take into account the connection with the previous
batch plan for flexible transition. In this paper, the last
coil of the previous batch is regarded as the starting city of
the first salesman, and the widest coil in current batch is
regarded as the starting city of the second salesman. The
jump penalty of the two adjacent coils on width and gauges
is regarded as the distance of two cities. The objective of
this model is to minimize the total distance traveled by the
two salesmen under the constraints. The model is formu-
lated as follows.

min

{∑
i,j

pij · (uij + vij)

}
(6)

s. t.

n∑
j=1

(uij + vij) = 1, i = 0, 1, 2, · · · , n and i 6= j (7)

where

uij =





1,

0,

if coil j is continuously rolled
after coil i, and i, j are in the
first width-decreasing part
otherwise

vij =





1,

0,

if coil j is continuously rolled
after coil i, and i, j are in the
second width-decreasing part
otherwise

and i = 0 denotes the last steel coil in the previous
batch plan; n is the number of virtual merged steel coils;
pij = widthij +egaugeij +ogaugeij , widthij , egaugeij and
ogaugeij represent the penalty of width, gauge in entrance,
and gauge in exit, respectively.

(6) is the objective function of the planning model that
minimizes the jumps penalty of continuous rolling steel
coils. (7) denotes that each planned coils can be dealt with
only once.

2 Solution to the scheduling models

Because the input steel coils used to plan rolling se-
quence are the virtual coil-merged new coils, the two-stage
scheduling of cold rolling line need to be solved in order.
For enhancing the practicability of the presented schedul-
ing system, we add the human-machine coordination into
the software system. The entire scheduling flow is firstly
illustrated in Fig. 3.

Fig. 3 The operation flow of batch scheduling
in cold rolling line

For solving the engineering practice problem, it is crucial
to sustain high running efficiency and simple implementa-
tion except for the system reliability. However, due to the
NP-hard characteristics of this scheduling model, it is diffi-
cult to get a satisfactory solution in acceptable computation
period using general mathematic programming even intel-
ligent optimization[10]. In contrast, the amount of batch
available coils to be scheduled is relative large, might be
more than 100 sometimes. Therefore, to find a high-speed
computational algorithm is necessary for the effective so-
lution. [7− 8] demonstrated that the differential evolu-
tion (DE) had a good computational quality, especially on
speed; and, the comparison with other intelligent search
method (simulated annealing, stochastic search, and so on)
proved its advantages. Although DE is to aim at the con-
tinuous problem, we are enlightened by its search idea and
propose a new high-speed colony based algorithm for the
discrete combinatorial optimization.

2.1 Discrete differential evolution algorithm

The DE calculating continuous optimization generates
new individuals with mutation and recombination, and se-
lects the colony with tournament selection. The detail is
formulated below.

It is assumed that P = {XXX1,XXX2, · · · ,XXXN}, XXXi ∈ Rn

is a colony, where n is the dimension amount in solution
space and N is the scale of this colony. The mutation and
recombination of DE is based on (8) and (9).

uuui = XXXr1 + F · (XXXr2 −XXXr3) (8)

∧
Xj

i =

{
Xj

i ,

uj
i ,

if rand(j) > CR and j 6= Ii

otherwise
(9)

The variables XXXr1, XXXr2, and XXXr3 are three random
picked individuals from current generation except for the
individual XXXi. The parameter F is the differential ampli-
fication ratio. (8) is to create a new coordinative vector,

which produces a new solution
∧

XXXi corresponding to XXXi (see
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(9)). Xj
i is the value of jth dimension of XXXi; rand(j) is the

random number related to the jth dimension, whose range
is [0, 1]; CR is the recombining coefficient that affects the
convergence speed; Ii is a random of selected integer among
1, 2, · · · , n. To decide whether the new vector will become a

member of next generation, the trial vector X̂XXi is compared
tothe target vector XXXi with a greedy criterion.

Enlightened by the conception of DE algorithm, we pro-
pose the discrete differential evolution (DDE) in order to
solve the combinatorial optimization, the MCPP of steel
coil-merging problem. Considering a class of discrete prob-
lems, a feasible solution can be described as an n-bit integer
string, which represents a location of the search space. For
example, an integer string (3, 1, 5, 4, 2, 6) represents a loca-
tion in a 6-dimensional space. Since DE uses the principle
of (8) and (9) to build the new trail vector, we need to rede-
fine new concepts that include the difference between two
vectors, amplifying vector, and recombining two vectors in
DDE.

1) The difference between two n-bit vectors.
To the continuous problem, the difference between two

vectors describes the relative transition between two posi-
tions in solution space. Depending on such thought, we
redefine the difference through a set of ordinal position se-
quence exchanges XXX1 −XXX2, with which vector XXX1 can be
constructed from XXX2. The element in the set is the po-
sition sequence of dimension. Here is an example below,
which denotes that the vector XXX2 can be transferred to the
vector XXX1 with orderly exchanges of the integers between
1st dimension and 6th dimension, 2nd dimension and 3rd
dimension, 3rd dimension and 6th dimension, and 4th di-
mension and 5th dimension.

XXX1: (4, 5, 3, 1, 6, 2)
XXX2: (3, 2, 5, 6, 1, 4)

XXX1 −XXX2: {(1, 6), (2, 3), (3, 6), (4, 5)}
2) The amplifying operation.
On the basis of (8), the difference between two vectors

should be multiplied by a differential amplification ratio.
We redefine the amplification as (10) considering the dis-
crete characteristics of this algorithm, which means that
the amplification is to get a subset of the discrete differ-
ence of two vectors.

F · (XXXr2 −XXXr3) =

int[F×s]⋃

k=1

(pk,qk) (10)

The variable s is the amount of elements in the set of
XXX1 − XXX2, and the operator int[a] is to get the maximal
integer not larger than a. Thus, (10) denotes that the am-
plification takes the preceding int[F ×s] elements of the set
to displace the location of XXXr1.

3) The recombination of the two vectors.
If (9) is directly used to build the new individual in DDE,

then a situation that two identical integers exist in an n-
bit string may appear, which violates the encoding rule.
To avoid the violation and to realize the principle of par-
tial information preservation simultaneously, a crossover on
bit positions of a string is applied to the trail vector and
the original vector for establishing a new individual. The
crossover selects a group of positions in the two strings, and
then exchanges the other genes except the selected ones.
An example is as follows.

Crossover on the basis of bit position:
The selected bit position: 2 5 7

Parent 1: 3 4 1 7 6 2 5 9 8

Parent 2: 5 8 9 1 3 6 2 7 4
————————————————–
Child 1: 8 4 9 1 6 3 5 2 7

Child 2: 4 8 1 7 3 6 2 5 9

A = int[n(1− CR)] (11)

In this operation, (11) is proposed to calculate the
amount of the selected bit positions on the basis of con-
cept of parameter CR. In addition, unlike DE, we suggest
that the presented DDE should produce the new individ-
uals by tournament selection within three vectors, the two
crossover child-vectors, and the original vector, by which
the search scope of DDE can be improved.

2.2 Solution to the coil-merging optimization

This paper applies the DDE algorithm that is proposed
on the basis of engineering practice to the MCPP model.
The conversion of individual code to solution space is to
orderly fill the FOC and FTC containers with the sequen-
tial coils determined by an integer string. In this process,
the next container will be loaded until the previous one
has been packed to the maximal capacity, and the objec-
tive function can be calculated by (1). Because the pa-
rameter F affects the mutation degree, an adaptive value
of this parameter is formulated as (12) for prevention from
premature convergence, where Im is the total number of
iterations; I is the current iteration number.

F = Fmin +
Fmax − Fmin

Im
× I (12)

The solving process is described as follows.
Step 1. Assign the number of the available batch coils

that meet the merging technical requirements. Initialize
the DDE algorithm parameters.

Step 2. Randomly generate N n-bit strings as the ini-
tial colony. Convert each individual of the current colony
into the corresponding solution space using the mentioned
container filling method. Calculate the objective function
value of each solution and get the best-so-far solution and
its function value.

Step 3. Update the parameter F by (12). Use the DDE
to produce a new generation of the colony.

Step 4. Searching each new individual of current gener-
ation for best-so-far solution. Check whether the maximal
iteration is reached. If so, output the best-so-far solution
and the relevant optimized coil-merging solution. Other-
wise, repeat Step 3.

2.3 Solution to the cold rolling batch planning

The rolling batch planning is to give an optimized rolling
sequence of the merged steel coils. In this paper, a hy-
brid heuristic method to this planning model is proposed,
in which we firstly arrange the coils whose width are larger
than that of the last coil of the previous batch as the rolling
section 1 because of the width profile in a batch plan and
the connection with the previous batch (see Fig. 4). In this
section, these steel coils will be rolled right after changing
rollers. We summarize the planning of this section as a
symmetrical TSP that is solved by an evolutionary local
search after the initialization of conversely sorting the coils
by width. The detail of the evolutionary local search can
be seen in [9]. The objective function is calculated on the
basis of (6).

In the second step, the rest of these coils are planned
as another rolling section of total batch, in which we con-
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sider the connection with not only the previous batch, but
also the rolling section 1. The width profile is illustrated
in Fig. 5. This model is a typical DTSP without priority,
which emphasizes on reasonable grouping and arrangement
of these coils. In this paper, a speedy strategy based on
evolutionary computation and local search with tabu list is
presented to obtain the optimized result. The solving steps
are as follows.

Fig. 4 Rolling section 1 in a rolling batch planning

Fig. 5 Rolling section 2 in a rolling batch planning

Step 1. Number the rest of the r coils and generate the
p r-bit binary strings, where “0” represents that the ith
coil is distributed into the former rolling section processed
before changing rollers; “1” represents that the ith coil is
distributed into the latter rolling section. Initialize the pa-
rameters of algorithm including the length of tabu list, the
maximal iteration number, the local search iteration num-
ber, etc.

Step 2. With the distributed result in Step 1, there will
be two independent TSPs. A rapid algorithm on the basis
of local search and tabu search is followed. First, conversely
sort the coils in each parts of rolling section 2 respectively
by width. Second, randomly select 3 coils in each part and
permute them in the selected positions again, by which the
local search set is generated. Third, search the local search

set for a better feasible solution and put the selected coils
into the tabu list.

Step 3. Repeat the local search for q times without vi-
olating the length of tabu list. Then obtain and keep in
memory the optimized solution of current grouping. The
objective function is the sum of the two TSPs fitness values.

Step 4. Clean up tabu list. Evolve the p binary strings
with tournament selection and natural crossover for next
generation. Then distribute the new individuals and re-
peat Steps 2 and 3 for a better grouping and its related
rolling sequence.

Step 5. Check whether the maximal evolutionary itera-
tion number is reached. If so, output the current best-so-far
distribution and the corresponding rolling sequence. Oth-
erwise, repeat Step 4.

Until now, the two rolling sections have been optimized,
respectively. We incorporate them to form the ultimate
optimized rolling batch plan.

3 Computational experiments

On the basis of the proposed method, a large number
of computational experiments with real production data
in the cold rolling plant of Shanghai Baosteel Co. Ltd.
were implemented. The scheduling results including merg-
ing and batch planning were given a remarkable evaluation
by the specialized scheduling workers of this plant and are
superior to the results from manual scheduling approach
that widely used before. The constraint relationship be-
tween width and maximal coil weight in practice is given
in Table 1.

3.1 Coil-merging experiments

For indicating the computational efficiency and reliabil-
ity of the new proposed DDE algorithm, we present a com-
parison between man-made coil-merging method (MM),
Partheno-genetic algorithm (PGA), tabu search (TS) and
DDE. The running parameters in TS, and PGA have been
optimized to appropriate values. The reason why we used
PGA instead of GA is that it is inconvenient for GA to
run the crossover operation when encoding individuals with
ordinal strings. Choosing TS is because it is a relatively
speedy algorithm in intelligent optimization. In this paper,
we show 5 batches of coils data, in which the amount of dif-
ferent coils in each batch are involved. The computational
experiments were run on an IBM Server with 3.0 GHz, 4 G
RAM. The comparison results are shown in Table 2. In

Table 1 The constraint between the rolling width and the maximal single weight

Rolling width (mm) Maximal coil weight (t) Rolling width (mm) Maximal coil weight (t)

Less than 730 12.24 856 ∼ 870 14.36

731 ∼ 740 12.41 871 ∼ 890 14.79

741 ∼ 770 12.58 891 ∼ 900 15.13

771 ∼ 800 13.09 901 ∼ 920 15.30

801 ∼ 820 13.60 921 ∼ 950 15.64

821 ∼ 840 13.94 More than 950 16.00

841 ∼ 855 14.28

Table 2 The comparison between 4 kinds of solving methods

Batch Original Merged coil number Real iteration number Computation time

No. coil number MM PGA TS DDE MM PGA TS DDE MM (about) PGA (s) TS (s) DDE (s)

1 68 45 42 42 42 – 100 100 100 30 min 39.8 29.6 31.1

2 75 52 46 46 46 – 150 150 100 30 min 56.7 41.0 34.3

3 83 57 51 52 51 – 200 200 100 40 min 87.6 69.4 39.2

4 102 76 68 70 68 – 300 300 200 1 h 111.5 98.7 70.6

5 105 79 70 71 70 – 300 300 200 1 h 113.1 99.4 71.3
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Table 3 The result of batch coil-merging optimization with manual method (52 merged coils)

No. Coil No. Width Gauge in Gauge in Merged Allowable di

(mm) entrance (mm) exit (mm) weight (t) maximum (t) (Maximum - merged)

1 C60055900 732 2.0 0.23 10.71 12.41 1.70

2 C56535200 732 2.0 0.23 10.56 12.41 1.85

3 C60055300 732 2.0 0.23 9.31 12.41 3.10

4 C56460610 732 1.8 0.23 7.70 12.41 4.71

5 C56460600 732 1.8 0.23 7.10 12.41 5.31

6 C56463400 780 2.0 0.25 12.29 13.09 0.80

7 C56475100 780 2.3 0.28 12.08 13.09 1.01

8 C56697710 830 2.0 0.25 12.58 13.94 1.36

9 C56459700 830 2.0 0.25 12.41 13.94 1.53

10 C56700900 840 1.8 0.20 13.50 13.94 0.44

11 C56697700 840 2.0 0.25 12.51 13.94 1.43

12 C56458200 840 2.0 0.25 11.26 13.94 2.68

13 C56458100 840 2.0 0.25 11.06 13.94 2.88

14 C56565400 840 2.0 0.25 9.96 13.94 3.98

15 C56565500 840 2.0 0.25 7.54 13.94 6.40

16 C56658800 847 2.0 0.22 12.68 14.28 1.60

17 C56698200 880 2.0 0.28 12.21 14.79 2.58

18 C56697600 880 2.0 0.28 11.59 14.79 3.20

19 C56698300 900 1.8 0.20 14.75 15.13 0.38

20 C56465920 920 2.0 0.23 13.16 15.30 2.14

21 C56466000 920 2.0 0.23 11.58 15.30 3.72

22 C56466100 920 2.0 0.23 10.19 15.30 5.11

23 C56463120 920 2.0 0.23 9.80 15.30 5.50

24 C56463130 920 2.0 0.23 7.58 15.30 7.72

25 C56465320 925 2.0 0.28 14.62 15.64 1.02

26 C56717900 925 2.0 0.28 14.54 15.64 1.10

27 C56656700 950 2.5 0.35 13.36 15.64 2.28

28 C56657700 950 2.5 0.35 12.15 15.64 3.49

29 C55649630 950 2.5 0.35 12.07 15.64 3.57

30 C56462000 950 2.5 0.35 8.25 15.64 7.39

31 C56462110 950 2.0 0.35 6.79 15.64 8.85

32 C60053900 1 000 2.3 0.33 14.60 16.00 1.40

33 C56702100 1 000 2.3 0.33 13.36 16.00 2.64

34 C56734800 1 000 2.3 0.33 13.79 16.00 2.21

35 C56734900 1 000 2.3 0.33 13.58 16.00 2.42

36 C56735600 1 002 3.0 0.57 15.41 16.00 0.59

37 C56459910 1 002 3.0 0.57 14.99 16.00 1.01

38 C56338100 1 020 2.5 0.35 14.21 16.00 1.79

39 C56328500 1 020 2.5 0.35 14.05 16.00 1.95

40 C56317700 1 020 2.5 0.35 12.82 16.00 3.18

41 C56319200 1 020 2.5 0.35 12.64 16.00 3.36

42 C56337300 1 020 2.5 0.35 10.16 16.00 5.84

43 C56315410 1 020 2.5 0.35 9.35 16.00 6.65

44 C56312560 1 020 2.5 0.35 8.40 16.00 7.60

45 C56338500 1 020 2.75 0.45 15.31 16.00 0.69

46 C56337140 1 020 2.75 0.45 15.19 16.00 0.81

47 C60014500 1 020 3.0 0.70 13.12 16.00 2.88

48 C55621780 1 020 3.0 0.70 12.01 16.00 3.99

49 C55659000 1 020 3.0 0.70 11.53 16.00 4.47

50 C55659120 1 020 3.0 0.70 9.35 16.00 6.65

51 C60054890 1 020 3.0 0.70 13.35 16.00 2.65

52 C56698900 1 020 3.0 0.50 14.79 16.00 1.21

The average difference between the maximal allowable weight and the merged weight: di = 1
52

52∑
i=1

di = 3.13 t.
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Table 4 The result of batch coil-merging optimization with DDE (46 merged coils)

No. Coil No. Width Gauge in Gauge in Merged Allowable di

(mm) entrance (mm) exit (mm) weight (t) maximum (t) (Maximum-merged)

1 C60055900 732 2.0 0.23 12.22 12.41 0.19

2 C56535200 732 2.0 0.23 12.17 12.41 0.24

3 C60055300 732 2.0 0.23 11.91 12.41 0.50

4 C56460600 732 1.8 0.23 9.08 12.41 3.33

5 C56463400 780 2.0 0.23 12.29 13.09 0.80

6 C56475100 780 2.3 0.28 12.08 13.09 1.01

7 C56697710 830 2.0 0.25 13.41 13.94 0.53

8 C56459700 830 2.0 0.25 11.58 13.94 2.36

9 C56700900 840 1.8 0.20 13.50 13.94 0.44

10 C56697700 840 2.0 0.25 13.50 13.94 0.44

11 C56458200 840 2.0 0.25 13.11 13.94 0.83

12 C56458100 840 2.0 0.25 12.96 13.94 0.98

13 C56565400 840 2.0 0.25 10.76 13.94 3.18

14 C56658800 847 2.0 0.22 12.68 14.28 1.60

15 C56698200 880 2.0 0.28 14.41 14.79 0.38

16 C56697600 880 2.0 0.28 9.39 14.79 5.40

17 C56698300 900 1.8 0.20 14.75 15.13 0.38

18 C56465920 920 2.0 0.23 15.02 15.30 0.28

19 C56466000 920 2.0 0.23 13.78 15.30 1.52

20 C56466100 920 2.0 0.23 13.69 15.30 1.61

21 C56463120 920 2.0 0.23 9.82 15.30 5.48

22 C56465320 925 2.0 0.28 15.13 15.64 0.51

23 C56717900 925 2.0 0.28 14.04 15.64 1.60

24 C56656700 950 2.5 0.35 15.40 15.64 0.24

25 C56657700 950 2.5 0.35 15.29 15.64 0.35

26 C55649630 950 2.5 0.35 14.11 15.64 1.53

27 C56462000 950 2.5 0.35 7.82 15.64 7.82

28 C60053900 1 000 2.3 0.33 15.61 16.00 0.39

29 C56702100 1 000 2.3 0.33 15.35 16.00 0.65

30 C56734800 1 000 2.3 0.33 14.69 16.00 1.31

31 C56734900 1 000 2.3 0.33 9.68 16.00 6.32

32 C56735600 1 002 3.0 0.57 15.68 16.00 0.32

33 C56459910 1 002 3.0 0.57 14.72 16.00 1.28

34 C56338100 1 020 2.5 0.35 15.71 16.00 0.29

35 C56328500 1 020 2.5 0.35 15.45 16.00 0.55

36 C56317700 1 020 2.5 0.35 14.92 16.00 1.08

37 C56337300 1 020 2.5 0.35 14.24 16.00 1.76

38 C56315410 1 020 2.5 0.35 12.16 16.00 3.84

39 C56312560 1 020 2.5 0.35 9.15 16.00 6.85

40 C56338500 1 020 2.75 0.45 15.52 16.00 0.48

41 C56337140 1 020 2.75 0.45 14.98 16.00 1.02

42 C60014500 1 020 3.0 0.70 15.92 16.00 0.08

43 C55621780 1 020 3.0 0.70 15.46 16.00 0.54

44 C55659000 1 020 3.0 0.70 14.63 16.00 1.37

45 C60054890 1 020 3.0 0.70 13.35 16.00 2.65

46 C56698900 1 020 3.0 0.50 14.79 16.00 1.21

The average difference between the maximal allowable weight and the merged weight: di = 1
46

46∑
i=1

di = 1.64 t.

order to obtain basically equal optimized effectiveness
(merged coil number), these 4 kinds of methods perform
numbers of different iterations. We can see that although
TS has a higher speed than DDE when iterating the same

number (see Batch 1), TS needs more iteration numbers
when the coil number in the batch is large (see Batchs
2∼5), which means that the computational time of DDE is
less than that of TS. The PGA is the most time-consuming
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method in these search algorithms, and all of them are
speedier than manual method. From search effectiveness
aspect, DDE has the same quality with PGA, and both of
them are better than TS method (see Batchs 3∼5). All in
all, DDE algorithm is the relatively best search method in
coil-merging optimization.

Additionally, for showing the coil-merging effects of the
DDE and the manual method, we randomly selected Batch
2 in Table 2 as a comparison example, in which 75 origi-
nal coils are involved. Because of the priority of the two
merging modes and the average coil weight in FTC mode,
the penalty coefficients of (1) were specified as K1 = 0.5,
K2 = 0.3, and K3 = 0.2. The parameters of DDE are as
follows: The colony scale is 100, CR = 0.2, Fmax = 1, and
Fmin = 0.4. Table 3 shows the result of manual method,
which yields 52 merged coils and Table 4 shows the result
of the DDE, which yields 46 merged coils. In each of the
two tables, the last column gives the difference between
the maximal allowable weight and the new merged weight
(di). On comparing the results between Tables 3 and 4,
obviously, we can conclude that the amount of new coils by
DDE is smaller than that by manual method, which means
the weight of new coil by DDE is larger. In addition, we can
also calculate that the average difference between maximal
allowable value and new merged weight by manual method
is 3.13 tons, whereas the average difference by the DDE
is 1.64 tons. It is indicated that for the same batch, the
average merged weight by DDE is obviously closer to the
allowable weight limitation than that by manual method.
Therefore, the DDE optimization effect is much better than
that of the manual method.

3.2 Rolling planning experiments

Following the merging optimization, the merged coils are
arranged for batch planning. Table 5 gives the empirical

settings of jumps penalty coefficients about width, gauge in
entrance, and gauge in exit. The number of binary strings
used for distribution is 50; the length of tabu list is 5.

For maintaining the continuity of whole scheduling pro-
cess, we still take the Batch 2 as the rolling planning ex-
ample. The result of merging optimization in Table 4 is as
the input of batch rolling planning. The size of last coil in
previous batch is that the width is 930mm; the gauges in
entrance and in exit are 2.0 mm and 0.33mm, respectively.
Fig. 6 shows the width-changing diagram of Batch 2 with
manual scheduling and the proposed method. With the
proposed method, the first rolling part has 8 merged coils
whose widths are decreased from 920mm to 780mm. Af-
ter the rollers are changed, the second part starts from the
coil whose rolling sequence number is 9, and the width is
decreased from 1 020 mm to 732 mm once again. Similarly,
there are also two width-decreasing parts formed by manual
method in Fig. 6, which meet the rolling technical require-
ment. However, for the jumps of gauges (entrance gauge
and exit gauge) aspect, the proposed method performs bet-
ter than manual method because it is obvious in Figs. 7 and
8 that the gauge changes with the proposed method are
smoother than those with the man-made scheduling (see
Figs. 7 and 8). It is indicated that the proposed models
and algorithms have simultaneously considered the jumps
of width, entrance gauge, and exit gauge under technical
constraints to reduce the rollers abrasion. Therefore, the
proposed method in this paper is feasible and effective.

In this paper, the merging optimization and the
batch planning can separately complete the corresponding
scheduling assignment in practical manufacturing process
(illustrated in Fig. 3). In system application, the appro-
priate human-machine coordination can increase the inten-
sity of human decision and improve the flexibility of this
scheduling software system.

Table 5 Penalty structure of the width and gauge jumps

Width Penalty Entrance gauge Penalty Exit gauge Penalty

jumps (mm) jumps (mm) jumps (mm)

0 ∼ 5 1 0 ∼ 0.10 5 0 ∼ 0.02 5

6 ∼ 10 5 0.11 ∼ 0.20 10 0.03 ∼ 0.05 10

11 ∼ 30 10 0.21 ∼ 0.30 20 0.06 ∼ 0.10 30

31 ∼ 50 30 0.31 ∼ 0.40 30 0.11 ∼ 0.15 50

50 ∼ 100 50 0.41 ∼ 0.50 50 0.16 ∼ 0.20 100

100 ∼ 200 100 more than 0.50 100 more than 0.20 200

more than 200 200

Fig. 6 The width changing in Batch 2 Fig. 7 The entrance gauge changing in Batch 2
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Fig. 8 The exit gauge changing in Batch 2

4 Conclusion

Because the requirements of increasing the efficiency and
decreasing the setup cost are ceaselessly heightened in steel
manufacturing industry, the key technologies in MES are
regarded as one of the most important aspect to enhance
the economic benefits of enterprises. In this study, two
correlative programming problems in tandem cold rolling
mill are modeled. A new combinatorial algorithm is estab-
lished to solve the coil-merging optimization model, and
the heuristic method on the basis of intelligent computa-
tion is proposed to plan cold rolling sequence. A great
number of computational experiments with real data pro-
vided by Shanghai Baosteel have shown that the proposed
scheduling approach are feasible and can be applied to the
practical production.
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