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Abstract
Pultrusion is one of the most cost-effective manufacturing techniques for producing fiber
reinforced composites with constant cross sectional profiles. This obviously makes it more
attractive for both researchers and practitioners to investigate the optimum process parameters,
i.e. pulling speed, power and dimensions of the heating platens, length and width of the heating
die, design of the resin injection chamber, etc., to provide better understanding of the process,
consequently to improve the efficiency of the process as well as the product quality. Using
validated computer simulations is ‘cheap’, therefore attractive and efficient tool for autonomous
(numerical) optimization. Optimization problems in engineering in general comprise multiple
objectives often having conflict with each other. Evolutionary multi-objective optimization
(EMO) algorithms provide an ideal way of solving this type of problems without any biased
treatment of objectives such as weighting constants serving as pre-assumed user preferences.
In this paper, first, a thermo-chemical simulation of the pultrusion process has been presented
considering the steady-state conditions. Following that, it is integrated with a well-known
EMO algorithm, i.e. non-dominated sorting genetic algorithm (NSGA-II), to simultaneously
maximize the pulling speed and minimize ‘total energy consumption’ (TEC) which is defined
as a measure of total heating area(s) and associated temperature(s). Finally, the results of
the evolutionary computation step is used as starting guesses for a serial application of a of
gradient-based classical algorithm to improve the convergence. As a result, a set of optimal
solutions are obtained for different trade-offs between the conflicting objectives. The trade-off
solution, thus obtained, would remain as a valuable source for a multi-criterion decision making
task for eventually choosing a single preferred solution for the pultrusion process.

1

Introduction

Pultrusion is one of the most cost-effective manufacturing techniques for producing fiber reinforced
composites with constant cross-sectional profiles. A schematic view of the process set-up is shown
in Fig. 1. The reinforcement is most often fiber glass, however carbon fiber, aramid or mixture can
also be used. The reinforcement material is pulled and guided through a resin impregnation system
which can be either open resin bath or resin injection chamber. The fiber reinforcement is fully
wetted out such that all the fibers are saturated by the resin. The reinforcements and the resin
pass through a heated die once the resin impregnates the reinforcement material. Inside the heated
die, the state of the resin gradually changes from liquid to solid because of the exothermic reaction
of the thermosetting resin. The cured and solidified product is pulled via a pulling mechanism and
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at the end of the process is cut to the desired length.
In order to have a better understanding for the thermo-chemical aspects of the process, several
studies have been investigated related to the numerical modeling of the pultrusion process in the
literature ([1]-[21]). In the thermochemical analysis, the evolution of the temperature and the degree of cure inside the heated die has been predicted during the process. The effects of the thermal
contact resistance (TCR) at the die-part interface on the pultrusion process of a composite rod have
been investigated by using the control volume based finite difference (CV/FD) method in [5], and
it was found that the use of a variable TCR is more reliable than the use of a constant TCR for the
simulation of the process. In [6], 3D numerical modeling strategies of a thermosetting pultrusion
process were investigated considering both transient and steady state approaches. For the transient
solution, an unconditionally stable alternating direction implicit Douglas-Gunn (ADI-DG) scheme
was implemented. An experimental and numerical investigation of the pultrusion were conducted
in [7, 8]. The process induced residual stresses and distortions have been predicted in [9]-[11]. It
was found that tension stresses prevail at the end of the process for the inner region of the composite since the curing rate is higher here as compared to the outer regions where compression
stresses are obtained. The separation between the heating die and the part due to shrinkage was
also investigated using a mechanical contact formulation at the die-part interface. The probabilistic
analyses of the pultrusion have been perfomed in [12]-[14] where the effect of the uncertainties in
the material and resin kinetic properties as well as process parameters on the product quality were
investigated.
In addition to the thermo-chemical modeling studies discussed above, process optimization studies in pultrusion have been performed by several researchers [15]-[21]. Optimum process parameters
such as the pulling speed, the heater configuration together with the corresponding temperatures
etc. have been obtained by using different optimization approaches mainly based on a single objective. The quality of the product and the efficiency of the process, i.e. through minimization of the
power consumption in the process or maximization of the pulling speed as well as the exit degree
of cure, have been improved while satisfying specific process constraints [15]-[20]. In [15]-[17], the
mean of the cure degree at the die exit was maximized by using the steepest descend algorithm.
The same model in [4], i.e. the pultrusion of a C-shaped profile, was optimized by the use of a
combination of the genetic algorithm (GA) and the derivative-free simplex method [18]. The GA
was utilized to find a suitable starting point for the simplex method due to the fact that the simplex method highly depends on the starting point and it may find a local minimum rather than
the global minimum. The variation of the degree of cure evaluated at the exit cross section was
minimized by an iterative procedure based on the combination of the above mentioned techniques.
Multi-objective optimization was performed on a pultrusion process model utilizing finite element
and finite difference methods by Chen et al. [19] in which the multi-objective problem was converted to a single objective problem by using predefined weightings between the objectives. In this
scalarized optimization problem, the combination of the artificial neural network (ANN) and the
GA was proposed to find the optimal solution. The goals were reduction of the power consumption
of the die and improvement of the productivity, i.e. increase in the pulling speed, while guaranteeing the quality which can be determined by the degree of cure of the composite product. In [20], the
productivity of the pultrusion process for a composite rod was improved by using a mixed integer
genetic algorithm (MIGA) such that the total number of heaters was minimized while satisfying the
constraints for the maximum composite temperature, the mean of the cure degree at the die exit
and the pulling speed. In [21], the numerical process model for pultrusion was integrated with a
well-known evolutionary multi-objective optimization (EMO) algorithm, i.e. non-dominated sorting genetic algorithm (NSGA-II), to simultaneously maximize the pulling speed and minimize ‘total
energy consumption’ (TEC) which is defined as a measure of total heating area(s) and associated
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temperature(s). However, an ideal treatment of a multi-objective optimization problem based on
the pultrusion process simulation has been missing until now.
As mentioned above, the common way of solving multi-objective problems had been the selection of the most important objective and then treatment of other objectives as constraints or
combining all the objectives with predefined weighting factors to yield a scalar optimization problem [22]. In essence, these approaches convert a true multi-objective optimization problem (MOP)
into a single-objective optimization problem (SOP). This transformation obviously results in only
one optimum solution and it does not support the efforts to get more out of an optimization study
(unless performing a sensitivity analysis), such as relations between variables and objectives or
constraints. In this study, an MOP considering thermo-chemical aspects of the pultrusion process
(e.g. cure degree, temperatures), in which the pulling speed is maximized and the heating power is
minimized simultaneously (without defining any preference between them), has been formulated.
An evolutionary multi objective optimization (EMO) algorithm, non-dominated sorting genetic algorithm (NSGA-II [23]), has been used to solve this MOP in an ideal way where the outcome is
the set of multiple trade-off solutions (i.e. Pareto-optimal solutions) and each solution is theoretically an optimal solution corresponding to a particular trade-off among both objectives. As the
next step, to be sure of how well the convergence occur, a well-known gradient-based mathematical
programming algorithm is applied on each Pareto-optimal solutions by fixing the first objective
and varying the second one. Following the solution process, in other words, obtaining the final
Pareto-optimal front, a further postprocessing study has been performed to unveil some common
principles existing among the variables, objectives and constraints.

2

Numerical Implementation

The temperature and the degree of cure fields are obtained using the CV/FD method [6, 24]
implemented in MATLAB mathematical computing environment [25]. In the numerical scheme,
the steady state approach defined in [6] is used and the corresponding energy equations for the
composite and the die are given in Eq. 1 and Eq. 2, respectively. Here, x3 is the pulling (axial or
longitudinal) direction; x1 and x2 are the transverse directions.
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∂2T
∂2T
∂2T
ρc Cpc u
= kx1 ,c 2 + kx2 ,c 2 + kx3 ,c 2 + q,
(1)
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∂x3

0 = kx1 ,d

∂2T
∂2T
∂2T
+ kx2 ,d 2 + kx3 ,d 2 ,
2
∂x1
∂x2
∂x3

(2)

where T is the temperature, u is the pulling speed, ρ is the density, Cp is the specific heat and
kx1 , kx2 and kx3 are the thermal conductivities along x1 , x2 and x3 directions, respectively. The
subscriptions c and d correspond to composite and die, respectively. Lumped material properties are
used and assumed to be constant through out the process. The volumetric internal heat generation
(q) [W/m3 ] due to the exothermic reaction of the epoxy resin can be expressed as [8, 10]:
q = (1 − Vf )ρr Htr Rr (α, T ),

(3)

where Vf is the fiber volume fraction, ρr is the resin density, α is the degree of cure, Htr is the
total heat of reaction during the complete cure of the resin sample which is obtained by using
a Differential Scanning Calorimetry (DSC) analysis [7, 8]. Rr (α, T ) is the rate of degree of cure
dα/dt defined by an Arrhenius type of relation and expressed in Eq. 4. Generally, dα/dt is linearly
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correlated with the rate of heat, dH(t)/dt, generated during the curing of the resin sample, as seen
in Eq. 4. dH(t)/dt is also obtained from the DSC analysis [8].


dα
1 dH(t)
E
Rr (α, T ) =
(1 − α)n ,
(4)
=
= Ko exp −
dt
Htr dt
RT
where Ko is the pre-exponential constant, E is the activation energy, R is the universal gas constant
and n is the order of reaction (kinetic exponent). Ko , E, and n can be obtained by a curve fitting
procedure applied to the experimental data evaluated using the DSC [8].
The transient time integration scheme for dα/dt can be derived by using the chainrule. Using
this, the rate of the cure degree (Eq. 4) can be expressed as:
dα
∂α
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∂α
∂α
,
=
+
=
+u
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∂t
∂x3 dt
∂t
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and from Eq. 5, the steady state relation of the resin kinetics equation can be expressed by
discarding the time dependent term as
Rr (α, T ) = u

∂α
,
∂x3

(6)

where it is the expression in Eq. 6 which is used in the steady state numerical model.
In order to obtain stable results and overcome possible oscillatory behaviour in the numerical
implementation, the upwind scheme is used for the discretization of the convective term (u∂T /∂x3 )
in the energy equation and for the term (u∂α/∂x3 ) in the resin kinetics equation. The convergence
limits for reaching the steady state conditions are set to 0.001 ◦ C and 0.0001 for the temperature
and the degree of cure, respectively [6, 10].

3

Thermo-chemical Analysis

In this section, a validation analysis of the present thermo-chemical numerical model is performed
for the pultrusion of a thick flat beam (thickness of 1 in. = 25.4 mm). The material of the pultruded
composite is selected as unidirectional glass/epoxy system provided in [8] and steel is used for the
die block [8]. The material properties of the composite and resin kinetic parameters are given in
Table 1 and Table 2, respectively, and assumed to be constant. Since all the thermal boundary
conditions (BCs) are assumed to be symmetric, a quarter of the pultrusion domain is considered
to be used in the present study and the corresponding schematic view of this 3D model is shown
in Fig. 2. The details of the parameters used in the numerical model, which are total of 14, given
in Fig. 2 are listed in Table 3. The set temperature of the heaters are assumed to be constant
throughout the process [6, 10]. At the symmetry surfaces, adiabatic boundaries are defined across
which no heat is transmitted. The remaining exterior surfaces of the die are exposed to ambient
temperature with a convective heat transfer coefficient of 10 W/m2 K except for those located at
the heating regions. Perfect thermal contact is assumed at the die-part interface as in [3, 8, 10].
The temperature and the degree of cure values of all composite nodes at the die inlet are set to the
resin bath temperature 30◦ C and 0, respectively.
The temperature and degree of cure distributions are calculated at the steady state since pultrusion is a continuous process such that the composite part entering the heating die keeps tracking
these steady state profiles during processing. The predicted evolutions of the temperature and cure
degree profiles, together with the corresponding contour plots at the die exit are depicted in Fig.
3. These profiles obtained by using the steady state approach are also compared with the ones
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calculated using a transient finite element method (FEM) approach in Fig. 3 (lef t) and it is seen
that there is a good agreement between the results. This shows that the proposed numerical scheme
is stable and converged to a reliable solution. It is also seen from Fig. 3 (right) that non-uniform
temperature and cure degree distributions, promoting large through-thickness thermal and cure
gradients, are obtained inside the heating die such that the point B cures faster than the point A.
The cure degree at the die exit is calculated approximately as 0.86 and 0.90 at point A and B,
respectively. The maximum temperature is found to be approximately as 217◦ C at the inner region
of the flat plate (i.e. point A) since the internal heat generation plays more important role at the
inner regions as compared to the outer regions.

4
4.1

Optimization
Problem Description

As briefly mentioned in the Introduction section, there is a limited number of studies in numerical
optimization aspects of the pultrusion process. The limitations can in general be related to the
nature of the process simulation or the challenges in the field of numerical optimization. The
difficulties are systematically characterized in [26]. The more physics involved with the use of
integrated models, the more set of parameters and obviously even more objectives and constraints
need to be considered for the optimization procedure. Current common attempts in optimizing
manufacturing processes (based on simulations) with the design of experiments techniques will
eventually be replaced or extended by the automated and/or interactive optimization procedures
due to the need for efficient way of calculation of immense number of parameter combinations.
In the optimization problems specific for the pultrusion process, as common in most engineering
optimization applications, these goals are in general conflicting with each other, which in turn
involve multiple trade-off solutions. Having more than one solution, hence having an overall idea
about the trends of gain and sacrifices in the goals, gives engineers the opportunity to select the
best ”available” solution among those multiple competitive choices ([27], [28]).
In this section, the MOP, briefly described in the first section that is related mainly to the
thermo-chemical aspects of the pultrusion process, is formulated. The 14 design parameters are
the length, width and height of the die (Ldie , w, h, respectively), the initial free length (Linit ),
the number of heaters (nheaters ), length of the heating platens (L1,2,3 ), the spacing between the
heaters (s1,2 ), the set temperatures of the heaters (T1,2,3 ) and the pulling speed (u) as depicted
in Fig. 2. The first objective (f1 ) is to maximize the pulling speed for the purpose of increasing
the production rate. However, the optimization algorithm is implemented to minimize the given
objective, therefore maximization problem is equally converted to the minimization problem by
considering the negative of the original function (i.e. design variable in this particular case). The
second objective (f2 ) is the minimization of a so-called total energy consumption (TEC) criterion.
This is defined as a function of the total heating area (Areai ) and the active heater temperatures
(Ti , i.e. number of heaters are also variable). This MOP is constrained with one geometrical and
two process response related constraints as well as the side constraints for the design variables
giving in total of seventeen constraints. The geometrical constraint makes sure that the length of
the die is bigger than the total length of the initial free space, heater and spacing between the active
heaters. The process related constraints are defined as follows: (i) the maximum temperature in the
composite (Tmax ) should not exceed 240◦ C [16], (ii) the average cure degree of the composite cross
section at the die exit (αavg,exit ) should be higher than 0.9. This constrained MOP is formulated
below,
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M aximize : f1 (x) = u,
M inimize : f2 (x) = T EC =

nheaters
X

Areai Ti =

i=1

subject to : g1 (x) = Ldie > Linit +

nheaters
X

Li +

nheaters
X

(wLi )Ti ,

i=1
nheaters
X −1

i=1

sj ,

j=1

g2 (x) = Tmax < 240◦ C,
g3 (x) = αavg,exit > 0.9,
g4 (x) = 60 ≤ Linit ≤ 240 mm,

(7)

g5−7 (x) = 60 ≤ L1 , L2 , L3 ≤ 360 mm,
g8−9 (x) = 15 ≤ s1 , s2 ≤ 250 mm,
g10−12 (x) = 150 ≤ T1 , T2 , T3 ≤ 250◦ C,
g13 (x) = 1 ≤ nheaters ≤ 3,
g14 (x) = 750 ≤ Ldie ≤ 1500 mm,
g15 (x) = 100 ≤ u ≤ 700 mm/min,
g16−17 (x) = 45.4 ≤ w, h ≤ 200 mm.

4.2

Methodology

As mentioned above, NSGA-II, which is an EMO algorithm [23] enables finding well-spread multiple
Pareto-optimal solutions for an MOP by incorporating three substantial features, i.e. elitism,
non-dominated sorting, and diversity preserving mechanism (crowding distance), is used for the
proposed constrained problem. First, NSGA-II is run five times with different seed numbers for the
random number generators to be sure of the convergence to the true Pareto front. The population
size is 120 and the number of generations is 100 for each analysis. The simulation time for each set
of design (i.e. function evaluation) is approximately 10 to 15 seconds on a PC having quad-core
CPU (eight threads), 2.7 GHz, 16 GB of RAM. Due to the inherent parallelism of evolutionary
algorithms and the available parallel computing hardware, eight simulations are run independently
at the same time, therefore the population size is selected as a multiple of available threads. Real
parameter coding is used for the design variables except for the one representing the number of
the heaters. Therefore the simulated binary crossover (SBX [27]) and the polynomial mutation
[27] operators, with a distribution indices of 5 and 10, respectively, are used as a crossover and
mutation operators. Second, five different Pareto fronts for each consecutive NSGA-II runs are
combined (grey circles in Fig. 4) and domination check is applied to obtain a global Pareto-optimal
set (black circles in Fig. 4). Finally, in order to improve the accuracy and the convergence of
the solutions, -constraint method [22] is applied using Sequential Quadratic Programming (SQP,
i.e. fmincon function in MATLAB [29]) which is a gradient-based mathematical programming
algorithm. In this method, the first objective (i.e. pulling speed) is fixed and the second objective
(i.e. TEC) is kept as the only objective to be minimized. Moreover, the variable of the number of
heaters is also kept constant (i.e., 1, 2 or 3) since it is a discrete variable which cannot be handled
by gradient-based algorithms. However, a change of this variable would cause a big jump in the
Pareto-optimal front which is not possible and not expected in a well-converged front. With these
adjustments, the number of variables are reduced from 14 to 12 for the three-heater design (i.e.,
Linit , L1,2,3 , s1,2 , T1,2,3 , Ldie , w, h), from 11 to 9 for the two-heater design (i.e., Linit , L1,2 , s1 ,
T1,2 , Ldie , w, h) and from 8 to 6 for the one-heater design (i.e., Linit , L1 , T1 , Ldie , w, h). These
Pareto-optimal solutions are used as the starting guesses for the consecutive parallel SQP runs. In
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order to use the computing resources as efficient as possible, solutions were grouped into three sets
according to their number of heaters. Therefore the number of derivative calculations will be in
similar order of magnitude, thus the waiting time for any processor having finished its own assigned
optimization problem will be minimum.

5

Results and Discussion

An overview of the procedure for obtaining the Pareto optimal set is given in the previous section
referring to Fig. 4. After executing five consecutive NSGA-II analyses with different distributions,
615 Pareto solutions are merged. Following this, another domination check is performed to have a
global optimal set of 328 solutions. Finally, these solutions are provided as starting guesses for the
gardient-based search which is applied for improving the convergence. A significant improvement
is achived for high pulling speed (i.e. difference between NSGA-II and SQP solutions in the second
objective at the right side of the fronts). The dashed lines shown in Fig. 4 indicate the regions
for the number of heaters used in the optimal die designs. The designs to the left of the first
dashed line (i.e. u ≤ 198 mm/min) have only one heater, whereas the ones to the right have two
heaters. The second dashed line separates the two and three-heater die configurations (i.e. u ≥ 337
mm/min). The distribution of the number of heaters used in the optimal designs is shown in Fig.
5. These aforementioned dashed lines are kept in the following figures to make it easier to identify
the die designs and the particular design variable drawn in each figure. Fig. 5 points out a very
important design concept: The number of heaters can be selected according to the pulling speed for
the optimal process set-up. Moreover, at the end of the optimization procedure, the total energy
consumption is decreased significantly as compared with the one in the original set-up provided in
Section 3. This comparison can easily be seen from Fig. 4 in which the total energy consumption
of the original set-up is indicated with a diamond marker. It should be noted that all the final
Pareto solutions (i.e. 100≤ u ≤580 mm/min) have a lower energy consumption as compared to the
original case.
Fig. 6 shows both the maximum composite temperature and the average cure degree (at the die
exit) constraint values (i.e. Tmax < 240 ◦ C and αaverage > 0.9, respectively). Maximum temperature
curve shows a clear pattern that in all regions, i.e. different heater configurations, values are initially
almost linearly rising up to the limit value of 240◦ C and dropping down for a very short period
(approximately 5◦ C in 50 mm/min). For low pulling speed, since there is enough time for the curing
of the composite, heater temperatures and therefore maximum composite temperatures need not
be as high as those at higher speeds such as in the third region (e.g. 400-600 mm/min). Such a
drop down in the maximum temperature is not observed in the third region where all the heaters
are at their maximum temperature set values (see Fig. 8. The constraint values related to the
average composite cure at the die exit are also given in Fig. 6 and it can be seen that the designs
are mostly satisfying the lower limit (all of them are less than 0.909).
The distribution of the ‘active’ heater lengths is drawn in three dimensions in Fig. 7 for visibility
and compactness concerns (to be able to easily compare the patterns in one figure). The dashed
lines drawn on xy-surface (pulling speed versus number of heaters) and xz-surface (pulling speed
versus heater lengths) indicate the boundaries for the three different heater configurations (see Fig.
5) as in previous figures. The first heater length, which is an active variable in all die configurations,
shows a more complex pattern as compared to other heater lengths. There are discontinuties at
the end of first two zones where the heater set temperatures are increasing and stabilizing up to
the end of these zones (see Fig. 8). The third heater length varies between 60 and 70 mm showing
a constant trend in over all scale. The second heater shows a similar trend up to approximately
460 mm/min of pulling speed, then an exponential increase is observed having a maximum value
of 300 mm which is lower than the upper bound 360 mm set for the optimization. The heater set
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temperatures at this range all have 250◦ C which is the upper limit (see Fig. 8) due to the relatively
higher pulling speeds. It can also be seen from Fig. 7 that the first two heaters play more important
role for the curing of the composite part by having a longer heater length than the third heater for
relatively high pulling speeds (approximately u ≥350 mm/min). This observation coincides with
the one investigated in [20] where the second heater (i.e. total of 5 placed in equidistance along the
die) close to the die inlet was found to be the optimal heater location after the optimization study
(MIGA).
The ratio of the total heater length to the die length as a function of the pulling speed is
obtained from the Pareto solutions and depicted in Fig. 9. This ratio has a similar pattern with
the Pareto set where the optimal designs are grouped in three heater configuration regions. In
the first region (100 ≤ u ≤ 200 mm/min) the ratio of the total heater length to the die length is
approximately 0.05; in the second region (200 ≤ u ≤ 340 mm/min) it is approximately 0.08 and in
the third region it increases gradually as the pulling speed increases.
The comparison of the temperature and the degree of cure evolution together with the heater
configurations before (i.e. the original case given in section 3) and after the optimization procedure
for a pulling speed of 200 mm/min are shown in Fig. 10. It is seen that the total length of the
heaters after the optimization is much less than the one in the original set-up which indicates that
the energy consumption is decreased significantly in the optimized set-up even though a longer
die has been obtained after the optimization. It should be noted that the composite temperature
decreases after the 2nd heater (Fig. 10 (lef t)) owing to the existing natural convective cooling at
the die surfaces exept those at the heater locations. In the optimized set-up, the curing takes place
almost at the same time as compared to the original set-up (see Fig. 10 (right)). For the optimized
set-up, the degree of cure at the die exit for point B is calculated as close as possible to the orignal
set-up. On the other hand, for point A (inner region), relatively higher degree of cure values is
obtained at the die exit for the optimized case as compared to the original case since the composite
temperature after the 2nd heater at point A is high enough to generate internal heat.
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Conclusions

In the present work, a steady-state thermo-chemical simulation of the pultrusion of a thick flat
beam has been implemented and validated with the transient solution given in [10]. The optimization problem has included both the maximization of the pulling speed (i.e. maximization of
production rate) and the minimization of ‘Total Energy Consumption’ response parameter defined
in this study. To simultaneously achieve these goals, an evolutionary multi-objective optimization
algorithm, NSGA-II, has been coupled with the simulation code in order to perform the function
evaluations as part of the optimization procedure. Following the evolutionary computation step,
which involves five consecutive computational experiments with different distributions, a gradientbased mathematical programming algorithm has been applied on those results obtained in the
previous step to be sure of their convergence. As a result, a set of optimal solutions have been
obtained for different trade-offs between these conflicting objectives. Having this set of trade-off
solutions makes the decision-making much easier at the end. It has been found that the total
energy consumption has been decreased significantly for all the pulling speed regions (i.e. 100-580
mm/min) as compared to the original design. After the optimization study, a relation between
the number of heaters and the pulling speed has been obtained, thereby allowing the designer to
select the number of heaters according to the specific pulling speed range (Fig. 5) for the optimal
process set-up. Moreover, the corresponding optimum locations, lengths and temperatures of the
heaters as well as the ratio of the total heater length to the die length have also been obtained for
different pulling speeds giving the minimum energy consumption. These innovized principles are
summarized as follows:
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1. Only one heater is chosen for the heating die upto the pulling speed of 198 mm/min, whereas
two heaters are configured upto the pulling speed of 337 mm/min and the rest of the designs
at higher pulling speeds have three heaters.
2. In each die design concept (i.e. depending on the number of heaters), the maximum temperature is initially below the critical value of 240 ◦ C and gradually increasing, meanwhile mostly
the minimum value of the average cure degree (i.e. αaverage > 0.9) is satisfied.
3. The optimum length of different heater designs has a complex, but a structured pattern.
The first and second heaters have discontinuities at the end of each zone. Moreover, in each
particular heater configuration zone, the heaters initially have a constant length (lower limit
value, i.e. 60 mm), but then they have a linearly or exponentially increasing pattern towards
the end of each zone except the third heater which has a constant value (i.e. varying between
60 mm and 70 mm).
4. Such a structured pattern is also observed for the heater temperatures, however the discontinuities are less pronounced for the first heater. The heater temperatures are set to their
upper limit value of 250 ◦ C towards the end of each heater configuration zone. The third
heater similarly has a constant set temperature at this upper limit.
5. The ratio of the total heater length to the die length as a function of the pulling speed is
derived for each Pareto-optimal solution and interestingly a similar pattern to the Paretooptimal front is observed where the optimal designs are grouped in three heater configuration
regions. This ratio is approximately constant at 0.05 and 0.08 in the first and the second
regions, respectively, whereas it is gradually increasing in the third region.
The proposed multi-objective optimization approach is an efficient way of unveiling not only
important design parameters but also essential design patterns or characteristics. This obviously
gives some opportunities for manufacturers or die designers and producers. Since some of the
properties are not changing or at least changing with a known pattern as a function of the pulling
speed, it would be easy to order those parts of the die in large quantities in very early stages
of the production (i.e. parts with same dimensions can be used for different production rates or
the same die configuration, such as the distance or the location of different heaters or even the
number of heaters can be kept fixed). Only bottleneck in getting this useful information is the
computational cost which is still much ‘cheaper’ as compared to the fully experimental or trialand-error approach. However this cost can be reduced with the use of efficient surrogate models,
which are simply statistical or analytical models, enabling user to replace the process simulations
as much as possible.
The obtained common principles can also be used to speed up the optimization process by
directly using the obtained principles as constraints [30]. In addition to using using surrogate
models, the above strategy should be able to make a quicker search. Although, we shall investigate
these aspects next, the current study makes a significant contribution in applying a multi-objective
optimization method in revealing important relationships among variables and objectives that are
common to high-performing solutions of a practical manufacturing problem.
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Figure 1: Schematic view of the pultrusion process.

Figure 2: Schematic view of the quarter pultrusion domain
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Table 1: Thermal properties used in the process simulation [8, 10].
Composite Vf = 0.639
Steel die

ρ [kg/m3 ]

Cp [J/kg K)

kx3 [W/m K]

kx1 , kx2 [W/m K]

2090.7
7833

797.27
460

0.9053
40

0.5592
40

Table 2: Epoxy resin kinetic parameters [8, 10].
Htr [kJ/kg]

Ko [1/s]

E[kJ/mol]

n

324

192,000

60

1.69

Table 3: The details of the parameters (see Fig. 2) used in the thermo-chemical analysis [8].
#

Parameter

Description

Value

1

Lini

Initial free length

60 mm

2

L1

Length of the 1st heater

270 mm

3

L2

Length of the 2nd heater

270 mm

4

L3

Length of the 3rd heater

270 mm

5

s1

Spacing between the 1st and 2nd heaters

15 mm

6

s2

Spacing between the 2nd and 3rd heaters

15 mm

7

T1

Set temperature of the 1st heater

270◦ C

8

T2

Set temperature of the 2nd heater

270◦ C

9

T3

Set temperature of the 3rd heater

270◦ C

10

nh

Number of heaters

3

11

Ldie

Length of the die

915 mm

12

u

Pulling speed

200 mm/min

13

2w

Width of the die

76.2 mm

14

2h

Height of the die

76.2 mm
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