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Abstract: An application for the scheduling coils of a Hot-Dip Galvanizing Line is presented. In this
case, a multi-dimensional scaling is used for the creation of a bidimensional coil map from the most
significant parameters of the coils: chemical composition, dimensions, process’s parameters, etc. This
map shows the group degree and the existing distances between the coils so that the human expert can
interact with the software to decide which are the more suitable groups of classification and to detect
those coils that could be problematic within the industrial process. After that, a hierarchical clustering is
utilized to find local clusters with similar dissimilarities to introduce them into the scheduling list. These
combined methods can help in the generation of more effective sequences as well as in the prevention
and reduction of the number of contingencies that habitually take place in the plant.
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1 Introduction
The constant effort to increase product quality and re-
duce the expenses caused by failures in the manufac-
turing process is ongoing with Hot-Dip Galvanizing
Lines, which are always trying to optimize their oper-
ative costs.

1.1 Hot Dip Galvanizing Line
Broadly speaking, the process within a Hot-Dip Gal-
vanizing Lines (HDGL) (Figure 1) can be described in
the following manner: The first stage in the line con-
sists of the formation of a continuous strip using steel
coils that come from a mill process. Next, the strip
passes through a preliminary cleaning section at the
entrance of the annealing furnace, where it receives a
heat treatment; the stage prior to its immersion in the
liquid zinc bath. This treatment is essential in order to
improve the properties of the strip and its coating. Af-
ter the bath, the strip exits vertically, passing through
blade-like currents of air which regulate the thickness
of the cover.
Finally, the steel is run through a molten-zinc coat-

ing bath, followed by an air stream wipe that controls
the thickness of the zinc finish (see Fig. 1).

Fig. 1: Basic scheme of a HDGL

1.2 The Quality of the Galvanized Product
The quality of the galvanized product, according to
several authors [1, 14], can be divided into two funda-
mental aspects: the anti-corrosive characteristics and
the properties of the steel.
By examining previously exposed coils, one de-

duces that the control of the heat treatment in a HDGL
is fundamental for the process of coating and for the
improvement of the properties of the steel. One of the
key aspects concerning temperature control consists
in assuring that the suitable thermal cycle is reached
for each coil while considering the limitations of the
HDGL furnace inertia. This is fundamental for the
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process of coating and for the improvement of the
properties of the steel and can only be accomplished
when the flow of the steel mass for unit of time is rela-
tively constant and the changes therein are carried out
gradually. The need to limit changes in the mass flow
rate from one coil to the next is a fundamental coil
sequence constraint, but we must also consider other
inconveniences: coils within each group have to be
sequenced based largely on decreasing sort by width,
coils have to be selected with similar steel properties
and thermal requirements, etc.
Also, it must be borne in mind that defective coils

can appear, or coils with characteristics that differ
greatly from the others, and therefore, must be sep-
arated from the rest. For these reasons, it is crucial to
order the coils that form the strip in such a way that
the varying thickness, widths and types of steel do not
differ too greatly [16, 22].
We see, therefore, that one of the most important

tasks in the process in an HDGL is centered on ob-
taining sequences of coils that do not contain abrupt
changes in the dimensions and types of steel in the
consecutively treated coils.

1.3 Present Scheduling Techniques in the
Steel Industry

There are few publications that deal with the problem
of scheduling in an HDGL. The majority of the pub-
lications that address applications and techniques for
scheduling in the steel industry are based on contin-
uous casting machines. The systems presently em-
ployed in these processes are generally based on ei-
ther heuristic scheduling strategies and/or are imple-
mented using knowledge software technology [16,
18].
Tang et al. [22] offer a review of the more com-

monly used methods and scheduling systems in the
steel industry. In this work, different methods of
optimization are described according to many plan-
ning systems (actually integrated in several industrial
plants in the steel industry).
As has been mentioned above, one of the primary

aims of the HDGL is to determine the best sequence
of coils, after which it conforms to the changes in the
new dimensions and types of steel. This is essential
in assuring that the quality of the coating of each coil
and the production are optimal.
The present systems of planning in the HDGL di-

vide the process into two general phases:
◦ The coils are grouped according to the type of steel
(depending on its chemical composition) and its
specifications (specifications of production, date of
delivery of the product, specifications of quality,
etc.).

◦ Each group of coils is ordered such that the changes
in width and thickness are minimalized. Normally,
the process of coil scheduling begins by selecting
those coils of greater width, and gradually mov-
ing towards those that are more narrow. Also, the
HDGL looks for variances which are minimal, so as
to create a smooth transition.
For each kind of problem, multiple mathematical

approaches and heuristic algorithms of optimization
are selected [13, 20]. Other authors [5] focus the res-
olution towards problems of the type Traveling Sales-
man Problem (TSP) using the dimensions of each coil
and other parameters. This methodology is based on
the calculation of a triangular matrix of distances be-
tween all the coils to determine the best possible se-
quence. The most critical point of this consists in find-
ing a trustworthy formulation that indicates the degree
of existing similarity between two coils according to
their physical and chemical properties, as well as re-
strictions in the process.
Other works, however, are based on the use of

graphical methods for scheduling. For example,
Tamura et al. [19] looks for optimal ways in distri-
bution maps where each coil is represented according
to two coordinates: thickness and width.
At the moment, these techniques are complemented

with new techniques [2]: Prize Colleting VRPmodels,
IA, multi-agents, methods of man-machine iteration,
or combinations of all of the above. In the following
sections, another experience is described, results ob-
tained are discussed and final conclusions are drawn.

2 Proposed Technique
The present work makes use of the Sammon non-
linear projector [17] to visualize the equivalent Eu-
clidean distances of the coils to be treated within a
"2 space. This algorithm employs non-linear trans-
formations in order to map the original space, from
the significant n weighted parameters so that they
can influence the classification process, onto a low-
dimensional visual space ("2 or "3), attempting to
preserve the Euclidean distances between coordinates
of patterns (logically, other linear or non-linear multi-
dimensional scaling methods (MDS) can be used [4].
The first step consists in developing a data base with
the n weighted parameters of each coil (considered
important within the classification process). These
parameters can be: the chemical composition of the
steel, width and thickness of the coil, objective tem-
perature, design quality parameters, etc.
Once defined, the coils like points within a space

"n are projected by means of Sammon or another
linear or non-linear projector in a bidimensional
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Fig. 2: Defined groups visually using a map

space. The bidimensional map generated represents
the equivalent Euclidean distances between all the
coils to organize. In this way, the degree of similar-
ity between the coils and the obtaining of the stan-
dardized distance of its projections can be determined
visually.
This map of points allows one to visualize in an

objective manner the equivalent distances between
all the coils, and to classify them according to all
the considered parameters properly weighted. Logi-
cally, the coils with very close parameters will appear
tightly-packed, whereas those coils whose values vary
greatly amongst themselves will appear more loosely-
grouped.
Once all the coils in a two-dimensional graph have

been projected, the system allows for iteration with a
human expert for the selection of main groups of coils
with similar characteristics.
From the map of coils created, the groups of coils

with similar characteristics are defined visually with a
contour of lines that can be adapted by the user (see
Fig. 3) and those different coils that do not correspond
to any defined group are detected (Fig. 2).
When the main groups of coils are all selected, the

coils of each group are locally grouped according to
hierarchical clustering (see Fig. 4). This algorithm
[9, 3] uses a set of dissimilarities for the n objects
being clustered. Initially, each object is assigned to
its own cluster and then the algorithm proceeds itera-
tively, at each stage joining the two most similar clus-
ters, continuing until there is just one single cluster.

Fig. 3: Contour that defines the group B coils

Figure 4 shows a classification tree (dendrogram)
where each node beneath the tree represents a coil
from group B and each straight line represents the
grouping of two clusters positioned by a Euclidean
distance equal to the “height” of that straight line. The
main advantage in using this type of graph is that the
search for subgroups can be automated such that each
individual coil does not exceed a determined distance.

Fig. 4: Dendrogram of Group B formed from hierar-
chical clustering with six clusters

In Figure 5 are shown 6 subgroups whose Euclidean
distance between coils does not exceed 0.15 and are
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Fig. 5: Different subclusters into group B

distributed within a bidimensional space. The fi-
nal scheduling is made automatically for each one of
the defined subcluters according to one or several of
the parameters employed: width, thickness, chemical
components of the steel, target temperature, etc.
Once the local scheduling is made, it is necessary to

verify the number of times that it surpasses a defined
distance (number of gaps), as well as the maximum
distances obtained between ordered coils.
If the number of gaps is big or the distances be-

tween consecutive coils great, the human expert can
take different courses of action until the results of each
local scheduling are optimal: i.e. modify the contours
that define the groups, divide or fuse groups, choose
another distance of clustering, etc.
Finally, once all of the groups are ordered, those

coils that could not be classified in any group can be
eliminated, ordered separately, or included in some of
the already existing groups.

3 Results and Discussion
3.1 Analysis of a previous historical data us-

ing non-linear Multi-Dimensional Scal-
ing Methods

The first interesting results arose when analyzing the
projection of the 14 chemical components of the coils
(C, Mn, Si, S, P, Al, Cu, Ni, Cr, Nb, V, Ti, B, N) for
each one of the coils from previous scheduling and
upon comparing them with the results obtained after
the galvanizing process.
The use of the created map allowed, with a sin-

Fig. 6: Sammon coils projection according to chemi-
cal composition

gle look and an objective form, the groups of exist-
ing coils to be determined as well as to detect those
coils whose chemical compositions were completely
different. Figure 6 presents the Sammon projection
and outliers coils that clearly appeared projected sep-
arately from the others. In addition, by extending the
right part of the map, two main groups (cluster A and
B) and three secondary ones (clusters C, D and E) are
defined (see Fig. 7). This map can easily be used to
classify new coils in one group or another.
However, the main advantage when using the MDS

is observed when we compare the distances between
consecutive coils within the scheduling, since it can
be used to help in the prediction of potential problems
in the process.
Some of the possible causes that can be attributed

to problems in an HDGL are produced when one of
the welded coils that forms a strip consists of a steel
with mechanical characteristics different from the oth-
ers, has a cross-section that differs substantially from
the coils that precede and follow it, or has a defec-
tive weld. In Figure ?? is shown a case of potential,
problematic events due to the inclusion of a coil with
a steel different from the others within scheduling.

3.2 Results of the Experience
As has been mentioned, this methodology takes into
account not only the chemical parameters of the steel
coils, but also the dimensional parameters (thickness
and width), target temperature, and other parameters
of the process.
In the tests, the following parameters of each coil
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Fig. 7: Groups of coils according to the chemical
composition of the steel

were included: width and thickness, chemical compo-
sition of the steel and desired final temperature; all of
them properly weighted.
Introducing the database composed of 2,436 differ-

ent coils, a nonlinear Sammon projection was made
by obtaining a map similar to the one of Figure 2.
The handling of the map of projected coils was very

user-friendly due to the following reasons:
◦ The selection of the different groups from coils was
extremely simple.

◦ It allowed the expert to detect those coils with pa-
rameters which differed greatly from the others.

◦ It helped to classify new coils easily within the pro-
cess.
Once the groups of coils were selected, the schedul-

ing for each one was generated semi-automatically
according to hierarchical clustering. The number of
gaps between coils was considerably reduced, as well
as maximum distances between them. Even in the
presence of a great number of gaps or distance be-
tween coils, this methodology proved highly effec-
tive in generating smaller groups to accommodate the
gaps, and in adapting to the contours of greater dis-
tances.

4 Conclusions
This article presents a successful experience in the
use of an MDS to generate bidimensional maps from

Fig. 8: A dangerous hypothetical event due to
the presence of a coil from another steel family in
scheduling

the multitude of parameters that factor into the pro-
cess of the creation of scheduling within an HDGL.
The use of these bidimensional maps and the dendro-
grams allows one to graphically group the coils with
the least distance between one another, thus ensuring
that their scheduling presents no significant problems.
An iterative process consisting of the following steps
was proposed: projecting the coils according to the
parameters selected in a bidimensional map, defining
the groups of coils with the closest distances between
them, selecting subclusters using hierarchical cluster-
ing and separately ordering them . In this way, lists
of safer coil combinations are obtained, abrupt jumps
between consecutive coils are reduced and potential
problems spotted before occurring.
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