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Abstract. Locating good design solutions within a sequential process environ-
ment is necessary to improve the quality and overall productivity of the proc-
esses. Multi-objective, multi-stage sequential process design is a complex prob-
lem involving large number of design variables and sequential relationship be-
tween any two stages. The aim of this paper is to propose a novel framework to 
handle real-life sequential process optimisation problems using a Genetic Algo-
rithm (GA) based technique. The research validates the proposed GA based 
framework using a real-life case study of optimising the multi-pass rolling sys-
tem design. The framework identifies a number of near optimal designs of the 
rolling system. 

1   Introduction 

Process optimisation involves the generation of optimal design solutions for 
individual units of the process including both design information such as the 
geometrical size of a unit and the operating conditions for the unit which are used to 
meet the desired reqirements of the overall process. Process optimisation problems 
are complex and can be charateritised as having multiple stages. Individual units of 
the process systems are connected to form multiple stages of the overall process 
problem. The nature of this association could be sequential or non-sequential. 
Sequential nature of the process offers the separate subsystems a dependency link 
where the output relationship of a subsystyem becomes the input relationship of the 
subsequent subsystem in an orderly manner. Non-sequential on the other hand is non-
ordered association. This paper aims to propose a novel optimisation framework for 
handling sequential process optimisation problems. 

Traditional methods of solving the sequential process optimisation problems are 
based on trial and error. This relies on manually adopting existing designs to produce 
the required design where a large set of design variables are changed, one variable at 
a time. Since the human can only deal with up to 5-10 variables at any single time [1], 
the optimisation task becomes slow and often results to sub optimum solutions. 

A review of the literature reveals that there is very little work based on optimisa-
tion approaches reported for dealing with sequential process optimisation problems. 
However, there are some related works reported in metal forming in general. Several 
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authors have adopted the finite element (FE) based method since it provides detailed 
information about the domain being studied. Kobayashi [2] applied a FE based back-
ward tracing technique to design a pre-form in a shell housing. This was also applied 
to plane-strain rolling problems [3] and disk forging. This technique has been shown 
to discover the desired final shape in various forming problems. However, backward 
tracing technique, when used alone, cannot uniquely determine the optimal solutions 
due to the presence of diverse and multiple loading solution paths. It tends to be more 
efficient when the loading path is known, however this can lead to difficulties in 
those problems where the search space is unknown especially when multiple diverse 
loading paths are present. 

Several authors have also used derivative based approaches to solve sequential 
process optimisation problems. Joun and Hwang [4] developed a FE based process 
optimisation technique and applied it to a die profile design extrusion problem. In 
spite of reported successes, the derivative based approaches require an initial guess, 
which can influence the search. They also tend to get stuck in sub-optimal solutions 
and an algorithm that is efficient in solving one optimisation problem may not be 
efficient in solving a different optimisation problem [5]. 

In order to address these limitations, a number of authors [6] are now adopting ge-
netic algorithms (GAs) with embedded FE solver to automate the search for good 
quality solutions. GAs are adaptive methods used to solve search and optimisation 
problems, based on genetic processes of biological organisms [7]. Roy et al. [8] im-
plemented an adaptive Micro Genetic Algorithm for shape optimisation of process 
variables in multi-pass wire drawing processes. Hwang and Chung [9] proposed a 
modified micro genetic algorithm for the optimisation of die shape in extrusion. 
These GA based techniques provide an algorithmic framework to deal with the pa-
rameter optimisation in sequential process optimisation problems. The techniques can 
deliver multiple good solutions, which speed up the design process. However, the GA 
based approach using the FE solver as embedded optimiser incurs severe computa-
tional cost in real-life problems. This problem intensifies since GA techniques require 
large number of solutions for convergence. This inhibits the use of algorithmic ap-
proaches to real-life sequential process optimisation. Therefore, this paper applies the 
proposed framework for the multi-objective design optimisation of a four pass oval-
round rolling pass using mathematical process model developed from rolling theory.   

2   Proposed Optimisation Framework 

This section proposes a novel optimisation framework for handling real-life sequen-
tial optimisation problems. The solution strategy adopted by the optimisation frame-
work is based on the GA. The dependency link between stages is modelled based on 
informing the subsequent stage (i) of the move made by the (i-1)th  stage such that 
the solution alternatives considered for the ith stage take into account the move made 
by the previous stage.   

The GA based approach was selected because they have been used extensively as 
search and optimisation tools in various problem domains and the primary reasons for 
their success are applicability, ease of use and global perspectives. NSGA II was 



selected as the most popular multi-objective GA algorithm for the optimisation [5]. 
The following section presents the optimisation framework for real-life sequential 
optimisation problems. Figure 1 shows a flow chart of the solution technique. The 
solution algorithm consists of three main parts: the NSGA-II algorithm, the multi-
stage model and the multi-objective fitness assignment. A brief description of the 
model and the coding scheme adopted is given below.  

 

 

Fig. 1.  NSGA-II for Sequential Optimisation Problems 

The model is used in two steps to evaluate individual members of the population. 
The first step is a local evaluation of a sub-set of strings in the chromosomes. This 
represents the objective function values for each stage of the sequential process opti-
misation problem while the second part is a global evaluation. This aggregates the 
objective function values of all the stages using a suitable aggregation operator. The 
objective function value of the global evaluation represents the fitness of the chromo-
some. The dependency relationship is modelled by incorporating design variables 
(stock variables) from a previous pass k=j-1 into the objective function of pass j. This 
relationship is peculiar to those sequential processes, where the output stock of one 
stage serves as input stock into the deforming tool of the other stage (e.g. metal form-
ing). This is expressed for a given stage j by Equation 1, and the global evaluation is 
given by Equation 2 to illustrate this evaluation concept. 
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where i is the ith objective, p is the number of objectives, m is the number of de-
sign variables at stage j, k is the design variable from stage j-1,  r is the number of 
design variables from stage j-1 that is considered at stage j, and n is the number of 
passes. 

2.1   Genetic String Representation Printing Area  

Figure 2 illustrates the string structure adopted for the sequential process optimisation 
problem. This coding procedure expresses all the design variables in binary code and 
combines them into a set of genetic strings that simulate the initial version of the 
design solution before conducting the evolutionary search. A genetic string is made 
up of sub-strings representing the number of stages, where the number of stages is 
assumed fixed. Since there is only one finishing stage, the genetic string has n-1 
string segments for roughing and one segment for the finishing pass. Each of the sub-
strings consists of product and process variables. Only controllable variables are 
represented in the genetic string and random values are chosen for these variables 
within the allowable range for each of the passes.  

 

Fig. 2. String Structure of a Chromosome 

3   Case Study: Multi-pass Rolling System Optimisation  

The multi-pass rolling system is a high-speed continuous metal forming process 
where the metal from the reheating furnace (referred to as stock) is continuously 
deformed into the desired product geometry by passing through a series of rotating 
cylindrical rolls. The multi-pass rolling system design (RSD) optimisation attempts to 
locate optimal design solutions for individual passes of the rolling process including 
both design information such as the geometrical size of a roll and the operating 
conditions for the mills.  

3.1  Development of Multi-Pass Rolling Model  

A process model is required to evaluate the quality of each solution over the design 
space in order to conduct optimisation. Therefore, this section presents the develop-
ment of a multi-pass rolling model. Figure 3 shows the process geometry addressed in 
this section. The overall breakdown sequence consists of a number of cascaded 
passes. The ith pass is denoted by Pi. Each pass is physically separated from its 
neighbours, and the output from the Pi-1 is provided to the Pi as input. The breakdown 



sequence shows the oval stock turned through 90o with its major axis in-line with the 
vertical axis of the round pass. This is repeated for all the subsequent passes. The 
model development is detailed as follows. A detailed description of the model is 
available in [10]. 
 

 

Fig. 3. Round-Oval-Round Breaking-Down Sequence 

Determination of Objective Function 

Throughput 
Throughput (Tp) is an important roll design objective that expresses the effect of mill 
productivity. It is expressed in terms of exit speed (w) and final stock area (A2): 

Tp = A2w (3) 

 
Calculation of Pass Dimensions 
The pass variables for each oval pass are: bj and hj; and round pass diameter, D. This 
assumes that the oval section is composed of two equal arcs of circle, its area is 
approximately [11]:  
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The suffix ‘j’ = (1,2) is for inlet and outlet variables respectively. 
 
Calculation of Roll Force 
One of the most important objectives in the scheduling is to provide an optimum 
rolling load (PT) required for deformation at each stand. Excessive loading in various 
passes can affect the productivity of the rolling process. The total deformation load 
cost function for total Np number of passes is defined as follows: 
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Roll force formulation involves a complex interaction between the projected 
contact area between roll and stock and the mean resistance to deformation for which 



several authors have provided different expressions. Shinokura and Takai [12] 
proposed a simple equation for calculating effective roll radius, the projected contact 
area, the non-dimensional roll force and the torque arm coefficient expressed as a 
function of the geometry of the deformation zone. The formulation is adopted in this 
study since it is suitable for oval-to-oval passes. The equation is: 

Pi = QsAp(2k) (6) 

where Qs is a multiplier, Ap is the projected contact area and 2k is the mean flow 
strength in the pass. 

Constraints for Validity Checks 

The industrial application imposes the introduction of some constraints related to the 
quality of the product, technical function and organisational considerations. These 
factors can be classified into mechanical design constraints and variable constraints. 
The variable constraints are the upper and lower limits of the variables.  

 
Roll Load  
The total roll force is limited to the mechanical design limits of the rolling mills 
imposed by the roll manufactures. Excessive roll load can cause roll breakage that can 
be detrimental to production efficiency. This constraint can be formulated as follows:   

max1 )( PPg i ≤≡x  (7) 

 
Related Process Functions 
λT and λk are the total elongation and elongation at stage k, therefore:  
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The following constraint is required to ensure the breakdown sequence is achieved 
with reduction taking place from pass to pass. For every pass i;  

Inter-pass reduction        1)(3 >≡ ig λx  (9) 

 
Rod Size 
The overall rod size is a measure of product quality. This is allowed to vary within a 
given tolerance limit K. This is treated as a soft constraint to allow the possibility to 
explore designs within the specified boundaries. This is specified as: 

( ) max
2

min4 )( KDDKg Np ≤−≤≡x                  (10) 

The breakdown sequence shows the oval stock turned through 90o with its major 
axis in the vertical diagonal of the square pass. The square stock is provided as flat 
into the oval pass and the oval stock is turned through 90o with its major axis in-line 
with the vertical axis of the round pass. Constraints on inter-pass sections can be 
shown as: 
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3.2   Multi-Pass Rolling System Optimisation 

This section presents an application of the novel framework (Section 2) for optimal 
shape design of a pass schedule in long product hot rolling of sections. The aim is to 
determine the geometry of each pass that would ensure the reduction of an ingot from 
a given section to a prescribed final section with respect to some cost objectives, 
while satisfying some constraints. The problem is solved using the proposed frame-
work and the results are compared with work reported in the literature. GA computes 
the objective function for each string of the solution space so that the individual with 
the better fitness value is determined. Equation 13 gives a formal definition of the 
multi-objective RSD optimisation problem. It aims to minimise deformation load and 
maximise rolling throughput, subject to given constraints for a four pass oval to round 
design. The deformation load is a cost objective while throughput is a function of mill 
productivity. Excessive deformation load results in excessive roll wear and hence 
overall production cost. Both objectives are assumed conflicting in nature since metal 
compression by the cylindrical rolls encourages metal flow in the direction of rolling, 
increasing the metal deformation load, also increasing the metal flow. 

Equation 13:  

Minimise Total Deformation Load (5)   )()(1 xPf T≡x   

Maximise Throughput (3)                      )()(2 xTf p≡x                   
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Experimental Details 

The NSGA-II based algorithm solves a multi-pass roll design problem to minimise 
deformation load while maximising the mill throughput. Experiments were carried 
out using the proposed framework for the two objectives to illustrate how the 
algorithm deals with the multi-objective multi-pass search space problem. The 
following additional parameters were set for the experiment. Pmax = 750KN per stand, 
final rod diameter (D) = 20.1±0.25 mm, where kmin is set as 19.85 mm and kmax is set 
as 20.35 mm, and the tolerance range was estimated based on design experience.  

Results were obtained using the process model developed in Section 3.1. The 
performances of the solution algorithm for different values of crossover and mutation 
probabilities were first investigated. Ten independent GA runs were performed in 
each case using a different random initial population. The crowded tournament 
selector operator was used to select new offspring. Tests were carried out with the 
following parameters: population of size 500 for 2000 generation with a 3-point 
crossover probability of 0.8 and a mutation probability of 0.03, and tournament 
selection with size 3. The 3-point crossover was chosen to ensure more effective 
transfer of genetic material during reproduction since the total chromosome length is 
225. These results form the typical set obtained from 10 runs with different random 
number seeds. Six out of ten runs obtained similar results. A random search of 10000 
points is also conducted in order to get an indication of the search space. This will be 
used to identify the likely presence of a Pareto front in the design problem. Details of 
results are discussed as follows. 

Discussion of Results 

The results obtained from the NSGA-II algorithm are compared to empirical results 
published in the literature [11]. Results shown in Figure 4 were obtained for the 
NSGA-II parameters outlined above. Comparison of the random search space and the 
results achieved from the algorithm confirms that the solution algorithm has been able 
to converge to the Pareto front. Since the search space is not known in absolute terms, 
the results reported in Figure 4 have converged to the near optimal Pareto front locat-
ing a reasonable spread of multiple optimal solutions. The presence of a Pareto front 
also confirms the conflicting relationship between deformation load and throughput. 
The empirical design point obtained from the literature was superimposed in the 
search space and compared with the near optimal solutions. Since this point does not 
lie on the identified near optimal Pareto front, it is clear that the solutions obtained are 
superior to the empirical based solution.  

 



 
Fig. 4.  Pareto Front for Four Pass Rolling Process 
 

SP1 (see insert in Figure 4) demonstrates a classic example of how this algo-
rithmic-based approach can locate better solutions compared to the single point meth-
ods. Since the deformation load is lower and the throughput is higher than the empiri-
cal solution, the NSGA-II based solution is better than the empirical based solution 
for both objectives. This implies that the proposed approach is capable of identifying 
solutions with higher outputs at lower deformation loads than the empirical based 
solution. Two solution points SP1 and SP2 are selected (see insert in Figure 4) and 
compared with the empirical solution in terms of throughput, deformation load, elon-
gation coefficient and the deformed sections. Results obtained from the proposed 
approach not only identify good solutions, but also provide insight into the complex 
behaviour of the design problem.  

The optimisation framework is limited to process optimisation problems with 
sequential relationships between consecutive stages. Also, the case study only 
considers a four pass rolling design, in practice there can be many more passes 
required for rod rolling (usually up to 25 passes). The scalability of the framework is 
not tested in this research. It is also observed that aggregation of the contributions 
from different passes may even out fluctuations caused by many of the underlying 
unknown factors, this can lead to deception problem for the GA. In future it would be 
useful to study the nature of behaviour between the different stages during the GA 
search. Such information could be valuable in understanding the convergence 
behaviour of the search space, which could result in improved GA based optimisation 
algorithms. 
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4. Conclusion 

This paper has proposed a novel GA-based optimisation framework for dealing with 
real-life sequential process optimisation problems. The proposed framework has been 
validated using a real-life case study involving the multi-objective optimisation of a 
multi-pass rolling system design. The near optimal results obtained prove the effec-
tiveness of the proposed framework.  
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