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Abstract:

Drilling induced damage often results in a large rejection rate and also affects the long-term
performance of the composite structures with drilled holes. A number of techniques have
been adopted to minimize the damage but still a generic predictive model for estimating the
drilling induced damage eludes the composite’s fraternity. The present study is an attempt to
utilize the evolutionary search concept of particle swarm optimization (PSO) and gradient
based training of artificial neural network (ANN) to optimize inter connecting synaptic
weights, hence to develop a predictive model for estimating the drilling induced damage in
CFRP laminates. Using well balanced search (exploration and exploitation) property of hybrid
PSO-ANN, the developed predictive model shows satisfactory performance. The results of
the model are in good agreement with the training and the testing data. Since the developed
predictive model is found suitable within the range of levels for different variables, the
present model can be made more generic considering more levels for input variables and
corresponding output. With the help of well trained neural model, knowledge of the amount of
delamination before actual drilling commences is useful. An inverse model can also be
developed for selection of optimal drilling parameters to achieve damage free drilling in
composite laminates.
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1. INTRODUCTION

Carbon Fiber Reinforced Plastics (CFRP) have primary application in aerospace and
automotive fields. The improved manufacturing techniques are reducing the cost and time to
manufacture, making them increasingly common in consumer goods as well. The processing
of CFRP can be broadly categorized into primary and secondary processing. The primary
processing technology is usually automated and the products made by this process are
generally to the near-net shape. In many cases, the product has to be processed in parts.
Secondary processing like drilling thus becomes necessary for the assembly operations of
these parts to get the final product. Several hole making processes have been proposed for
a variety of economic and quality reasons, but conventional drilling is still the most widely
used technique in industry [1].

Much research effort has been done in examining drilling induced damages in polymer
matrix composites. V. Tagliaferri et al. [2, 3] carried out an experimental study on woven
glass fiber reinforced plastic (GFRP) composites that correlated the width of the damage
zone to the ratio between the drilling speed and the feed rate. G. Caprino et al. [4] stated that
the type of damage induced in a composite material during drilling is strongly dependent on
the feed rate. Di Paolo et al. [5] identified three significant damage mechanisms that cause
the growth of delamination such as plate bulge, crack opening and fiber tearing/twisting. C.
C. Tsao et al [6] developed further an analytical approach based on the linear elastic fracture
mechanics (LEFM) to predict the onset of delamination in drilling of composite laminates. J.
Mathew et al. [7] studied the crack propagation around the drilled holes and found it to be
more severe when the cutting lips pass through the bottom sub-laminates. R. Piquet et al [8]
identified that it is the geometry of the drill point that significantly influences the damage that
takes place during drilling. E. Capello et al [9, 10] studied the damage in GFRP laminates
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resulting due to the drilling action and concluded that feed rate is the most critical parameter
that influences the damage. Tsao and Hocheng [11] established a relationship between the
process parameters, namely, feed rate, spindle speed and drill diameter to the induced
delamination in a CFRP laminate using a multivariable linear regression analysis. It is clear
that very few predictive models have been developed for the prediction of drilling induced
damage.

ANN has found potential applications in various fields of composites. Stone and
Krishnamurthy [12] developed a thrust force controller to minimize the delamination during
drilling of graphite-epoxy laminate. Altinkok and Koker [13] carried out investigations on
particulate reinforced (Al-Si—-Mg)-aluminium matrix composites to predict the bending
strength and hardening behaviour using a back propagation neural network. Chakraborty [14]
used neural network for predicting the presence of embedded delamination (in terms of size,
shape and location) in FRP composite laminates using natural frequencies as indicative
parameters. Kadi [15] used ANN in modelling the mechanical behaviour of fiber reinforced
polymeric composite materials. Altinkok and Koker [16] proposed the ANN modelling
approach to predict the tensile and density properties in particle reinforced metal matrix
composites.

It has been observed that a number of analytical and statistical models have been
developed for predicting the damage during driling of FRP laminates. The models
incorporate various independent parameters such as spindle speed, feed rate and the drill
diameter. These models have generally been developed for specific drill point geometries
and there is a need to develop a more generic model which could incorporate all the
important drilling parameters such as cutting speed, the feed rate, the drill diameter as well
as the drill point geometry. The objective of the present work is to develop a neural network
model for the prediction of the drilling induced damage, in the form of delamination factor, in
CFRP laminates based on parameters like the drill geometry, drill diameter, spindle speed
and the feed rate.

2. ARTIFICIAL NEURAL NETWORK

Artificial neural network [17] is a network composed of a large number of processing units
(neurons) that are massively inter connected, operate in parallel and learn from experience
(examples). The network (Figure 1) consists of one input layer, one output layer and one or
more hidden layers. The neurons in input layer and in output layer are problem specific.
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Figure 1: ANN Architecture for the present study.
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The input neurons receive the input from the input data set. The number of neurons in the
input layer is decided by the number of input variables taken into account. The input layer
passes the weighted value of the input dataset to the hidden layer. The hidden layer neurons
process the sum of the weighted values of the input data set. An activation function
processes this sum and gives out the output from the hidden layer. The output layer gets the
weighted sum of the hidden layer outputs and processes through the activation function to
give the output value. The neuron (Figure 2) is a mathematical processing unit which takes
sum of its weighted input values and gives the output processing through its activation
function. In the present study, the activation function is the sigmoid function.

I il
O
N = U
fix) T
P P
1 U
U T
_ Fix} : activation function
_

Figure 2: A single Neuron.

The prediction accuracy of a neural network depends upon a number of factors such as the
accuracy of data set used for training and testing of the network, stop criterion of training
network, etc. It is also observed that the training time and the accuracy of the network greatly
depend upon the initially chosen random weight values which connect the input layer
neurons to the hidden layer neurons and the hidden layer neurons to the output layer
neurons. It is often seen that while training the network, it gets stuck in a local minimum
because of initial random weight values. A lot of research work has been done to modify the
original proposed back propagation algorithm so as to avoid this situation. In the present
study, the initial weight values are first optimized by Particle Swarm Optimization and then
neural network training is done with the optimized weight values.

3. PARTICLE SWARM OPTIMIZATION

Particle Swarm Optimization [18] is a non-gradient method unlike ANN, which is a gradient
descent method. It is the most common stochastic techniques for solving global optimization
problems. It is very effective in solving complex optimization problems. Particle Swarm
Optimization (PSO) is based upon swarm intelligence that is based on social-psychological
principles and provides insights into social behaviour. It has a wide application in solving
practical real life engineering applications. PSO is a relatively newer addition to a class of
population based search technique for solving numerical optimization problems. A problem is
given, and way to evaluate a proposed solution to it exists in the form of a fitness function.
Then a population of individuals made by random guesses to the problem solutions is
initialized. These individuals are candidate solutions, also known as the particles, hence the
name particle swarm. An iterative process to improve these candidate solutions is set in
motion. The particles iteratively evaluate the fitness of the candidate solutions and remember
the location where they had their best success. The individual's best solution is called the
particle best or the local best. The global best is the best success among all the particles so
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far. Each particle makes this information available to their neighbors, analogous to social
interaction. They are also able to see where their neighbors have had success. In this way
the global best is known to all the particles. Movements through the search space are guided
by these successes, with the population gradually converging.

The swarm is typically modeled by particles in multidimensional search space that have a
position and a velocity. These particles flying through hyperspace (i.e., R"), where degree is
the number of variables considered for optimization of the problem, have two essential
reasoning capabilities: the memory of their own best position and knowledge of the global or
their neighborhood's best position. In a minimization optimization problem, problems are
formulated so that "best" simply means the position with the smallest objective value.
Members of a swarm communicate good positions to each other and adjust their own
position and velocity based on these good positions. Therefore a particle has the following
information to make a suitable change in its position and velocity.

For a N-dimensional search space [19] the position of the i" particle is represented as

Xi = (X1, Xi2, ..., Xin). Each particle maintains a memory of its previous best position

Poesii = (Piz» Pi2--- Pin)- The best one among all the particles in the population is represented as
Pgbest = (P g1, P g2--- P gn)- The velocity of each particle is represented as V; = (i, Viz, ... Vin).
For every iteration, the P vector of the particle with best fitness in the local neighborhood, is
designated g, and the P vector of the current particle are combined to adjust the velocity
along each dimension and a new paosition of the particle is determined using that velocity.
The two basic equations which govern the working of PSO are that of velocity vector and
position vector given by:

VinN =WV N + € ¥ *(P i — Xin) + C2* 2% (9 in— X in) (1)
Xin=Xin+Vin (2)

The first part of equation (1) is the inertia of the previous velocity, the second part is the
cognition part and it tells us about the personal thinking of the particle, the third part
represents the cooperation among particles and is therefore named as the social component.
Acceleration constants c;, ¢, and inertia weight factor w are predefined by the user. The
values of r; and r, are uniformly generated random numbers in the range of (0, 1), c,, C, are
also known as learning constants and usually assigned equal values. In most cases, ¢; = C, =
2, r; and r, are also known as exploitation and exploration coefficients, respectively. While r;
results in exploitation of a particle’s position in the neighborhood, r; results in exploration of
the whole search space. Equation (2) shows how the position of a particle is updated.

4. PSO - ANN MODEL

The PSO and ANN have different approaches for solving the problem depending on their
inherent properties. Both the methods have different approaches to a minimization problem
having one global minimum and a number of local minima in the performance surface (Figure
3). It is an inherent property of ANN to search in the local region whereas PSO explores the
entire search space for the optimization of the concerned variable. It is often seen that while
training, the network gets stuck in a local minimum of the network error but PSO finds a
global minimum and does not stop at it.
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Figure 3: Search space in neural network.

Conventional gradient based training method of neural network is more prone to fall and
search in the vicinity of a minimum, so there is more probability for convergence at a local
minimum, which may give poor predictive accuracy. PSO has a good ability to explore the
whole search space for the minimization of the cost function in a minimization problem. But
the problem with PSO is that all the particles may not rest at the global minimum and may fall
short of target. Therefore, a hybrid PSO-ANN model having a well balanced search
(exploration and exploitation) property of both ANN and PSO can be used for a minimization
problem. The hybrid model possesses well-balanced search ability for the global minimum in
the search space. PSO searches for all the minima in the search space i.e. network error,
then ANN does a fine search around them to get global minimum.

5. DRILLING INDUCED DAMAGE IN CFRP LAMINATES

The drilling induced damage is dependent upon a number of parameters such as the spindle
speed, the feed rate, the drill diameter and the drill point geometry. An extensive literature
survey was carried out to collect the relevant data to be used in the development of ANN and
PSO-ANN models using MATLAB. The published data was then classified into various input
parameters as shown in Table I. A total of 125 data points were obtained.

The drill types and the ranges of different input variables in the dataset are as follows in
Table I.
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Table I: Drill types and the ranges of different input variables in drilling of CFRP laminates.

Drill types Drill diameter | Spindle speed | Feed rate levels (mm/rev)
(mm) levels (m/min)
HSS twist drill[20, 21] 6, 8, 10 25, 30, 37 0.003, 0.005, 0.008,

0.0088, 0.009, 0.01, 0.011,
0.0111, 0.012, 0.0122,
0.0133, 0.02, 0.03

HSS candlestick drill[20, 6, 8, 10 25, 30, 37 0.003, 0.005, 0.008,
21] 0.0088, 0.009, 0.01, 0.011,
0.0111, 0.012, 0.0122,
0.0133, 0.02, 0.03
HSS saw drill[20, 21] 6, 8, 10 25, 30, 37 0.003, 0.005, 0.008,
0.0088, 0.009, 0.01, 0.011,
0.0111, 0.012, 0.0122,
0.0133, 0.02, 0.03

Helical flute HSS drill[22] 5 16, 24, 32 0.04, 0.08, 0.15

Helical flute cemented 5 16, 24, 30, 32, | 0.04, 0.05, 0.075, 0.08,

carbide drill [22, 23] 34, 38, 40, 42, | 0.1, 0.125, 0.15, 0.175, 0.2
44, 46, 48, 50
Four-flute cemented 5 16, 24, 32 0.04, 0.08, 0.15
carbide drill[22]

Helical flute straight 5 30, 40, 50 0.05,0.1,0.2
shank K10 drill[24]

Brad & spur cemented 5 30, 40, 50 0.05,0.1, 0.2

carbide drill[24]

The raw data was then transferred to a suitable form depending upon the activation function
of the neuron, which in the present case is the sigmoid function (Figure 4). The input and
target values were linearly normalized in order to train the network in the non-linear region of
the activation function avoiding the saturation region.

Sigmoid function: f(x) = 1/1+exp (-X) 3)
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Figure 4: Sigmoid function.

Thereafter, the transformed data set was divided into two parts, first part containing 95 data
points was used for training the network and the other part containing 30 data points was
used for testing the robustness of the network in predicting with input values which were not
used in training.

The ANN model consisted of four input neurons (drill point geometry, drill diameter,
spindle speed and feed rate), one output neuron (delamination factor) and the number of
neurons in the hidden layer was set to 28. Initial learning rate was set to 0.9 and was
gradually decremented by a factor of 0.1, if it got stuck in a local minimum. The stopping
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criterion was set as 0.025 (mean absolute error). It was achieved after 8327 iterations. The
high value of initial learning rate was chosen to make the network learn faster when the error
is more. The learning rate was decremented gradually to have a smooth training, avoiding
local minima.

The PSO-ANN model was initialized with 20 swarms. The number of hidden layer
neurons in the neural network was set to 28. The ¢4, ¢, values were taken as 2 each. The ry,
r, values were taken as 0.45 and 0.55 respectively. The initial inertia value for previous
velocity (w) was taken as 0.9. The final value of inertia of previous velocity was set to 0.4.
The value for inertia of previous velocity updated according to the mathematical equation:

W current = (W iniiar— W ina)*(Maximum iterations -iterations))/maximum iterations + W sna (4)

6. RESULTS AND DISCUSSION

For training the ANN model, the stopping criterion (0.025 mean absolute error) was achieved
in 8327 iterations (Figure 5.).
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Figure 5: Mean absolute error vs. iteration for ANN.

For the PSO-ANN model, the stopping criterion was set as 200 iterations (Figure 6) and it
was seen that comparable result was obtained.
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Figure 6: Global fitness vs. iteration for ANN-PSO.

The plots of target and predicted output values (hormalized) for testing data for ANN model
(Figure 7) and the PSO-ANN model (Figure 8) were obtained. The results were quite
satisfactory with less than 10% error in 70% cases for ANN model and 73% cases for PSO-

ANN model.
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Figure 7: Plot of ANN output (normalized) against testing data.
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Figure 8: Plot of ANN-PSO output (normalized) against testing data.

Neural networks can be used as an effective tool for controlling the drilling induced damage
in composite materials. Controlling the delamination factor by adequate selection of the
various input parameters will result in damage free drilling of CFRP composites. The PSO-
ANN model developed hereby can be used as a tool to give the feedback for adjusting the
input variables in order to get the minimum value of the drilling induced damage. Also, the
model is based on a large number of data points as compared to individual models
developed by researchers. The number and levels of input parameters is much more and
therefore, the model is more generic in nature as compared to other models. There is a great
opportunity for the researchers working worldwide to put concerted efforts in order to develop
a “generic damage criterion” which would result in damage free drilling of polymer matrix
composites.

7. CONCLUSION

PSO-ANN model has been developed using experimental data to predict delamination factor
for drilling in CFRP laminates. The predicted output values and the corresponding
experimental values were found satisfactory and errors were within allowable limits.

The neural networks are well-suited for efficient modelling of non-linear systems of higher
order complexity such as prediction of the drilling induced damage (delamination factor) in
polymer matrix composites.

The model developed hereby incorporates more number of input variables at large
number of levels, therefore is more generic in nature. Still more input variables with a greater
number of level (possibly continuous state) is always desired for better modelling.

There is a need to develop a “generic damage criterion” for assessing damage in drilling
of polymer matrix composites and the present study is an attempt in this direction.
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