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ABSTRACT Welding process is found to be a predominant procedure in most of the processing industries,
especially in the automobile sector for maintenance operation and fabrication. Ultrasonic Polymer Welding
(USW) is used for the joining process because of its flexibility and short needed welding time. In this
article, two different polymer materials PC and ABS are blended in the ratio of 60:40 and molded into
a sheet. Furthermore, molded PC/ABS sheets are joined using USW with different processing parameter
settings. Three major influencing process parameters like pressure (P), amplitude (A) and weld time (Tw)
are considered and other processing parameters are kept at constant. The experiment is carried out for
26 welded samples and from the obtained results it is noticed that the above-mentioned process parameters
directly influence the tensile strength of welded joints. Additionally, the ultrasonically welded samples
tensile strength is analyzed with the help of Artificial Neural Network technique (ANN) and Adaptive
Neuro-Fuzzy Inference System method (ANFIS). From the simulation results, an optimized ANFIS model
provides the superior result as compared to ANN. Moreover, Scanning Electron Microscope analysis is
carried out to visualize the weld interface between the joint. Also, Finite Element Modeling (ANSYS) is
performed to understand the heat dissipation during the welding process.

INDEX TERMS ANN, ANFIS, process parameters, tensile strength, ultrasonic welding.

I. INTRODUCTION
Polymers arewidely used in several industries like packaging,
automotive, and aerospace, among others. In addition, the
polymer usage in industry has been improved by blending a
pair of individual polymer materials together to create a new
blend polymer with the adequate strength for the particular
applications. This blended polymer plays a significant con-
tribution in both interior dashboards and wheel cover parts of
vehicles [1].

Polycarbonate (PC) and Acrylonitrile–Butadiene–Styrene
(ABS) polymers were mixed for analyzing the strength of
the material. PC is a flexible thermoplastic material whereas
ABS provides good impact resistance, heat resistance and
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toughness to the thermoplastic polymer [2]. Most of the
engineering applications are required to meet heavy loads by
having features of high strength along with adaptable nature
material.

The main characteristics of ABS material is to reduce the
ductile nature of PC as it gets blended, thereby adapting to
the intermediate properties of PC and ABS [3] in the resultant
blended material. The blended PC/ABS polymer has reached
significant attention in engineering applications due to its
higher grade of toughness properties as required by the auto-
motive industry. Polymers used in automobile sector undergo
various stages to reach their final shape. Besides, joining of
two individual parts and selection of joining method will also
play a major role in the automotive sector. Among different
available joining methods, USW joining method is highly
preferred. USW joining is one of the most efficient methods
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for joining polymer and its composites [4]. The blended
PC/ABS polymers have been welded by imposing high fre-
quency (20 kHz to 70 kHz) [5] vibrations under different
ranges of holding pressure.

The vibrations have been created perpendicular to the
portions to be welded by utilizing a high-frequency signal.
It produces localized heating to join the materials [6]. The
strength of weld produced by the USW method is essentially
based on material properties and parameters considered for
welding. The key parameters for the welding process are
holding time, holding pressure, welding time, welding pres-
sure, amplitude, etc. Among these parameters, pressure, weld
time and amplitude have the greatest influence on the weld
strength [7]. In addition, the Energy Director (ED) design
including size and shape also contributes towards the strength
of the welding [8], [9].

It is very tedious processes to determine the optimal
parameter since the USW process comprises of more pro-
cess parameters. All are interrelated between them which
leads to an increase in the complexity of parameter setting
while welding the material. The above-said complexity of
the existing mathematical models failed to elucidate the non-
linear behavior in theUSW technique. Hence the involvement
of different soft computing techniques such as ANNs and
ANFIS is required to overcome the drawback.

ANNs provide a high degree of accuracy in process param-
eter modeling, and high speed and stability as compared to
other traditional methods [10]. Thus, some of ANNs such
as Back-Propagation Neural Network (BPNN) and Radial
Basis Functions (RBFs) have been employed in modeling and
weld quality prediction [11]. Back-propagation algorithm is
mainly utilized to train the ANNmodel in order to categorize
the frequency patterns and feedback forces in the friction
stir welding process, which is then used for the detection of
defects in wormholes [10]. Furthermore, the tensile strength
of aluminum alloy used in the FSW procedure has been esti-
mated by developing anANNmodel. From the existing study,
researchers mostly used ANN models to show a relationship
between input and output in various welding procedures [12].

ANFIS modeling integrates two optimization techniques
namely ANN and fuzzy systems. ANFIS system is a well
suitable tool for dealing with non-linear based systems.
A neural network has been employed to correlate the
uncertainty condition from the system and output has been
determined using exact fuzzy rules available in the fuzzy
system. Due to the combined operation of neural network
and fuzzy logic control, the controller based an ANFIS gives
very accurate outcome in decision-making and control of the
system [13]–[15].

The primary motivation of this work is to investigate
the weld strength for PC/ABS blend using Artificial Intel-
ligence (AI) techniques. In this work, two different AI tech-
niques namely ANN-BP and ANFIS are proposed to predict
better strength from various trials. More detailed analysis
is conducted to discover the nature and effect of the input
process parameters over the weld strength. The USW process

is carried out on blended PC/ABS material and its experi-
mental results are measured. Further, simulation results are
compared with obtained experimental results. The correlation
between input and output parameters is obtained from a linear
model of ANN to improve the performance of the welding
process. Likewise, the ANFIS model has been developed to
predict the influence of input parameters on weld strength
of the PC/ABS joint and finally, the microstructural images
have been obtained to analyze the nature of the weld. Finite
element analysis (ANSYS) is carried out to examine the
deformation pattern with temperature loading. It is worth to
mention that the available research literatures based on the
FEM modeling is minimum. Therefore, this article utilizes
the proposed FEA model to reveal the approximate forecast-
ing of a PC/ABS blend material behavior post-welding.

The main contribution of this work as follows:
• Blending and welding of two dissimilar polymers of
PC/ABS in the ratio of 60:40 which provides the high
strength to weight ratio.

• Selection of most influencing parameters during the
welding using ANN and ANFIS.

• The weld quality and nature of welding portions are
analyzed by using SEM images.

• Validating the welded samples with FEM modeling
for finding the heat distribution and melting of energy
director.

The remaining section of this article as follows: Section II
deals with material selection, energy director selection, injec-
tion molding, ANN and ANFIS for experimental work,
section III discussed the results and discussion and finally the
conclusion is discussed in section IV.

II. EXPERIMENTATION
A. MATERIAL SELECTION
The selection of process parameters is important to achieve
proper welding. The most influencing parameters are pres-
sure, weld time, EDs design, hold time and amplitude. The
selected materials for this work are PC/ABS. The materials
are blended using an injection molding machine.

PC is an amorphous plastic material, which is widely used
in many engineering applications due to its high impact resis-
tance, transparency nature, high melting temperature and low
scratch resistance [16]. It is synthesized from hydrocarbon
fuels comprising of fewer weight groups termed as ‘‘frac-
tions’’. This fraction catalysis produces PC. The common
properties of PC are listed in Table 1. It is observed that the
PC has a deficient true melting point distinct from crystalline
polymers. However, PC exhibits a property of elevated glass
shift in temperature around 150◦C [17]. This property makes
more complexity in the processing of PC to large melting vis-
cosity, which restricts the fluidity of PC and induces residual
stress-producing fractures. Accordingly, the polymer blends
are produced to overcome the fracture.

ABS is a combination of Styrene (S), Acrylonitrile (A), and
Butadiene (B) polymer. This combination provides improved
hardness, heat resistance and rigidity. The properties
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TABLE 1. PC material properties.

of ABS are listed in Table 2. Based on the composition
of ABS, different grades are available to meet the customer’s
requirements. It is very simple to control three monomers by
introducing fibers into the material for enhancing the stiffness
of ABS.

TABLE 2. ABS material properties.

ABS polymer material is short in desired features, par-
ticularly in terms of mechanical property, thereby limit-
ing its employability for several infrastructural applications.
To improve its usability, the PC material was blended with
ABS materials to form new improved properties [18], [19].
The contribution of Acrylonitrile (A) supplements could
increase its heat resistance, chemical resistance and sur-
face hardness whereas the Styrene (S) enhances its strength,
rigidity and process-ability. Similarly, Butadiene (B) helps
to improve toughness and impact resistance [17]. Finally,
the PC/ABS blended polymer gives high tensile strength,
heat resistance, and reduced melting viscosity. In this
work, the PC/ABS blend is utilized, which illustrates the
improvement of mechanical strength property and several
other properties [16]–[18]. Table 3 shows the mixing ratio
of PC/ABS. The blended material properties are given
in Table 4.

TABLE 3. Mixing ratio of PC/ABS polymers.

TABLE 4. Properties of blended PC and ABS.

B. ENERGY DIRECTOR DESIGN
The EDs design imprinted on the die specimens is used in the
injection molding process. EDs design has different shapes
like triangular, rectangular, and semi-circular. In this work,
the triangular-shaped ED has been selected because it gives a
better melting ratio as compared to other EDs. The ED design
basically depends on the part of geometry, material, and
shape of sonotrode etc. During welding, ED is the primary
part to receive maximum ultrasonic energy and starts to melt
quickly [7].

C. INJECTION MOLDING
The injection molding process involves several stages like
plasticity, melting, homogenizing, and injection. Each stage
plays a major role in producing the final mould samples.
The concise working of injection molding is explained below.
Rawmaterials of PC/ABS aremixed and fed into the injection
molding machine. The machine has heating modules and
reciprocating screw. The heating module helps to heat the
material and reciprocating screws that are used to convert
polymer into a molten state as screws start to rotate contin-
uously. Then the molten polymer is fed into die (cavity) via
nozzle at the desired time period. The prepared die setup is
shown in Fig. 1. The die temperature is set up below the melt-
ing point to bring out the final product in the desired shape.
High pressure is applied to reduce the thermal condensation
during cooling time.

D. ULTRASONIC POLYMER WELDING PROCESS
The Dukanei Q Series i220 ultrasonic welding equipment
with an operating frequency around 20 kHz and power
level vary from 1200 to 2400 W [23]. Predefined Dukanei
Q Series i220 fixture and sonotrode equipment are used.
Q series i220 machine has superior features such as process
limits, energy, and distance controllable provisions. The parts
should hold tightly, which are to be welded at high pressure
and then exposed to constant ultrasonic frequency vibrations
of 20 kHz with low amplitude (100–150 µm). The ultrasonic
vibration induces stress at the junction of the weld and also
this process generates friction at the molecular level leading
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FIGURE 1. Mould setup with imprinted energy directors.

to the melting of the parts [24]. Heat development in ultra-
sonic welding is considered as an important parameter in
thermoplastics. The melting of polymer mainly depends on
the selection of processing parameters [20-21] and Energy
Directors. The lap joint design is integrated with the energy
director as shown in Fig. 2.

FIGURE 2. Lap joint design incorporated with energy director.

Amorphous and semi-crystalline materials have different
properties and melting temperature so that the weld param-
eters should be chosen based on the material characteristics.
The process parameters and corresponding weld strength are
presented in Table 5. The strength of weld is measured with
the help of Tensile strength measuring instrument (Hydraulic
universal testing machine). The machine specifications are
Max Load Capacity 2000 kN, Testing Force 2% - 100% of
max load, Accuracy ±1%, Max Tensile Space 800 mm and
Piston speed:100 mm/min. The ultrasonically welded sam-
ples are shown in Fig. 3. The levels of parameters are selected
based on the DOE (Design of Experiment). Total 26 samples
are prepared based on the Taguchi L9 & L16 orthogonal
array. Here, L9 variations are minimum as compared with
L16 and also computation of thermal analysis is easier in L16.
Therefore, both L9 and L16 models are performed in this
work.

E. ARTIFICIAL NEURAL NETWORK MODELLING
Artificial Neural Networks are more noticeable and predom-
inantly utilized for the highly interactive and complex pro-
cess involved in various real-time applications. The primary
reason for implementing the neural network is that it can be

TABLE 5. Process parameter and weld strength.

modeled using real-time data without considering any
assumptions. There are varieties of ANNs exploited in dif-
ferent modeling techniques such as Radial Basis Function
(RBF), MultiLayer Perception (MLP), and Self-Organizing
Map (SOM), among others. In this work, a multilayer
perception-based ANNmodel is adopted due to high fault tol-
erance capacity and generalization and simulation is carried
out using MATLAB R2016a. I7 Core Intel Processor with
8 GB RAM has been used for computing. The large number
of processing values are taken for modeling the weld strength
to predict the accurate value [22]. A data set comprises
of 3 - input layers, 1- output layer and 1- hidden layer. The
input layer consists of 3- input neurons corresponding to three
key parameters such as welding time, pressure and amplitude.
The input data accepted via the input layer and hidden layer
processing of the ANN is indicated in Eq.1 and Eq.2.

a(1)i (x) = net (1)i (1)

b(1)i (x) = f (1)i [net (1)i (x)] = net (1)i (x), i = 1, 2, 3 (2)
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FIGURE 3. Ultrasonically welded PC/ABS blend.

where a(1)i - input layer with node i,
net (1)i - sum of input layers and
b(1)i - hidden layer with node i
The neurons present in the hidden layer are connected

to the neurons present in the output layer by using purelin
transfer function. Levenberg-Marquardt algorithm is applied
for MLP network as a training function. An output neuron
with (Nk) node brings out the top optimized weld strength
value. The output is the sum of the incoming signals as
expressed in Eq.3 and Eq.4.

net (3)k =
∑

j
wjb

(2)
j (x) (3)

N (3)
k (x) = f (3)k net (3)k (x)} = net (3)k (x) (4)

Here, wj represents the weights between the hidden and the
output layers.

The best optimized weld strength value has been calculated
by modifying and adjusting the weights present in between
the layers and learning parameters. In addition to the analysis,
the relationship between tensile shear strength and dynamic
resistance signal is also estimated. The model for parame-
ter optimization in predicting the relationship between weld
strength value and specimen for the proposed network is
depicted in Fig. 4.

FIGURE 4. Architecture of the proposed ANN-based model.

F. ANFIS MODELLING
Artificial intelligence approach such as fuzzy logic con-
troller and neural network techniques are combined to form
a modeling technique known as ANFIS. It has several advan-
tages such as adaption for changing environments inherited
from neural networks and pattern recognition. Due to above
mentioned advantages, ANFIS is widely preferred in practi-
cal case studies especially in studies involving high uncer-
tainty [22].

The set of data chosen for checking and training in the
ANFIS regression model is constructed with the help of
similar checking and data sets used in regression models.
Once initialization is completed, the ANFIS model is trained
using MATLAB with the constructed database. In different
models, the number of clusters defining the membership
function has been estimated to be three experimentally. The
input and output variable relationships are obtained from the
rule-based mechanism. The rules are defined by extracting
knowledge from experience, literature, and statistics. In gen-
eral, the number of rules is fixed to three from the developed
model. A fuzzy proposition or linguistic expression has been
assigned for each membership function [22]. From the avail-
able types of membership function, Gaussian membership
function is chosen because of its concise notation, smooth-
ness and non-zero output at all points. Fig. 5 illustrates the
proposed ANN model with 5- layers. In the first layer, each
input node consists of an adaptive node and parameter trig-
gering function. The output from this node is used to estimate
the membership function that implements the suitable fuzzy
value. Each membership function (MF) presents in the net-
work is represented and tuned using different parameters in
the learning process. The membership function is represented
in Eq.5.

µa(x) =
1

1+
∣∣∣ x−CiAi

∣∣∣2B (5)

where Ai, B, Ci are the parameter set and µa(x) value lies
in the span of 0 to 1. The Normal Distribution (Bell-shaped)
function and membership function will be changed according
to parameter variation.

In second layer, each node is stable and its output is the
product of the input signals. Every node indicates the strength
of the rule as denoted in Eq. 6.

O2,i = ω = µa(x).µb(x) (6)

where O2,i corresponds to the output layer 2.
In third layer, the nodes are fixed which compute the

ratio of the ith rules strength. Eq.7 represents the output as
normalized firing strength.

O3,i = (ω1 ×$ )
/
(ω1 + ω2) (7)

In fourth layer, all nodes are adaptive nodes. The corre-
lation derived from the input and output layers are given
in Eq. 8.

O4,i = $ifi = $i(Pix + Qiy+ Ri) (8)
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FIGURE 5. Architecture of the proposed ANFIS model.

In fifth layer, the nodes are fixed and output is the sum of
all input signals as specified in Eq. 9.

O5,i =
∑

$ifi =

∑
i ωifi∑
i ωi

(9)

The ANFIS identifies the rule automatically and adjusts
its membership function parameters accordingly. The goal of
this training algorithm is to regulate these parameters to build
the ANFIS model and the output should be aligned with the
trained data as depicted in Fig. 5.

III. RESULT AND DISCUSSIONS
A. THE INFLUENCE OF INPUT PARAMETER ON
THE WELD STRENGTH
Thematerials weld strength are primarily determined through
USW parameters and mode of material preparation. More-
over, the blending combination of two different materials
also plays a major role in material weld strength. Many
parameters get varied during the welding process, but not all
of these parameters influence the weld strength directly. The
Pressure is the most influencing parameter that affects the
joint strength. If the pressure is low, the static force applied to
the material via horn will lessen the force ensuring reduced
melt flow. This insufficient melting will reduce the material
bonding and in turn affect the weld strength. As the weld
strength becomes low, thematerial bonding also gets reduced.
Thus, voids and cavity are created between joints resulting in
joint failure. Fig.6 (a) shows the influence of pressure on the
weld strength with different pressure values.

The weld time also influences the weld strength. Due to the
higher volume of melting, the connection between horn and
parts remains for a longer period, hence increasing the weld
strength at a particular range. The boding between materials
is comparatively low if improper melting in the material
happens, thus decreasing the weld strength. Fig. 6 (b) shows
welding time over weld strength influencing all parameter
values. Hence, it can be concluded that all selected weld time
values contribute to the weld strength effectively.

Another major influencing parameter is amplitude and the
contribution of individual value to the weld strength; see
Fig.6 (c). The heating rate of the material mainly depends on

FIGURE 6. (a) Applied pressure Vs weld strength. (b) Weld time vs Weld
strength. (c). Amplitude vs Weld strength.

the amplitude applied to the material. The average heating
rate (Qavg) is calculated using Eq. (10). Qavg depends on the

frequency (ω), complex loss modulus of the material (E′′),
and the applied strain (εo):

Qavg = ωε2oE
′′

/2 (10)

The E′′ of the material strongly depends on the tempera-
ture. As E′′ increases, the conversion of applied amplitude
to thermal energy also increases. The temperature increases
rapidly when heating is initiated on the energy director. Here,
εo is directly proportional to the horn amplitude. The heating
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produced in the energy director can be streamlined by con-
trolling the amplitude. If the amplitude value is high, then the
heating rate of the weld interface will also be high. The rise
in temperature will increase the molten material flow, which
in turns fastens the molecular alignment. The high amplitude
value is necessary to initiate the energy director melting due
to semi-crystalline materials.

B. ANN PREDICTION
It is very important to design a model that predicts weld
strength with high accuracy. There exist several analysis
methods in the various platforms, but ANN is found to be a
very effective method to find the weld strength. The relation-
ship between the tensile strength and input process parame-
ters are predicted usingmultiple layer perceptron-based ANN
mode and the simulation is carried out using MATLAB [22].
Here, all the 26 samples are used for training, testing ANN
and ANFIS models.

During training process, a set of input training sample (ai)
is taken and forwarded to the input layer of the ANN. The
output NK are obtained from the corresponding input sets
consequently. Later, the predicted values are acquired from
the neural network model which is compared against the
experimentally evaluated weld strength (Yd). The mean sum
of the squared error (MSE) is calculated using Eq. 11.

MSE = (Yd − NK )2 (11)

where, NK is the predicted value and Yd is the experimental
value of weld strength.

From the obtained results, it is deduced that the weld
strength can be predicted more accurately using ANN model
and best fit line is measured from the regression coefficients
as shown in Fig. 7.

It is clear that the performance, testing error, and RMS
training error of the model should be based on the number
of training data sets available in it. As the number of data
sets is limited, it affects the efficiency of the model gradually.
The factors like training data, quantity of layers and iteration
counts decide the model to prevent from under fit or over
fit. Moreover, the neural network model can be predicted
easily with least value of RMS testing error. From the exper-
imental and prediction results, it is proven that the designed
model gives better performance within the particular limits
of training data samples. The comparison of predicted values
versus experimentally measured values of weld strength is
depicted in Fig. 8. From this comparison graph, the best
matching between measured and simulated ANN values are
analyzed. However, obtained ANN results matches with most
experimental values, but it is not an accurate prediction for all
the parameters. Few variations are observed from the ANN
results and these variations can change the material melting
behavior and influence the phase change (amorphous to semi-
crystalline) of the material. The predicted values must be
more accurate to find the melting rate of energy director as
well as with melt flow direction.

FIGURE 7. Regression analysis.

FIGURE 8. Comparison of Weld strength between measured and
predicted values.

C. ADAPTIVE NEURO-FUZZY INFERENCE SYSTEM
The ANFIS simulation and experimental results are com-
pared and illustrated in Fig. 9. ANFIS technique presents
a precise prediction technique between the simulation and
experimentally measured values. Generally, the designed
ANFIS model is found to be more sensitive than regression-
based models [25]. The minute change occurs any parameters
are easily revealed in ANFIS model.

It is clear from the analysis that the designed model
is found to be more reliable than the conventional ANN
model [26]. In conventional approach, the codes yielded are
scattered highly because of difference in sample construction
process and experimental setup.Whereas, ANFIS brings out a

VOLUME 9, 2021 33855



T. Chinnadurai et al.: Prediction of Process Parameters of Ultrasonically Welded PC/ABS Material

FIGURE 9. Comparison graph between the measured and predicted
variables.

better performance [27] than ANN since it yields a better con-
formance to the current data sets due to high learning capacity
(better performance indicators for checking data set). The
structure of model is constructed using given data sets and it
does not utilize the predefined mathematical equation, which
is expressed in terms of input and output variables [28].
The accuracy of ANFIS model prediction depends on data
coverage distribution used by database and limited range.

FIGURE 10. Strength comparison for measured value along with ANN
and ANFIS.

Furthermore, ANFIS model can be trained and better
results are obtained by providing new training samples once
a new database becomes available [29], [30]. Fig. 10 shows
the comparison of all three (measured, ANN and ANFIS)
values for better understanding between the measured and
AI techniques. It is proved that the best prediction of tensile
strength is obtained by ANFIS prediction. The computation
error between ANN and ANFIS is 0.02. (ANN – 0.08 and
ANFIS 0.06). The computation time taken for the ANN is
approximately 2 mins and ANFIS is approximately 1.8 mins.

D. SCANNING ELECTRON MICROSCOPE ANALYSIS
It is important to analyze the deformed polymer morphology
to determine the shape of welded joints [23]. The presence of

FIGURE 11. SEM analysis: Non-welded and welded region of sample
no. 1,3,5,13 &16 (Samples are considered for analysis based on the
tensile strength interval of 20 values) (a) Sample 1 (b) Sample 3 c)
Sample 5 d) Sample 13 e) Sample 16.

deformed ridges is one of the most important features in the
welded sample. The depth and number of deformed ridges
indicate temperature, welding time, and weld pressure con-
tent. During the short duration of welding time, the intensity
of interpenetration remains small. Likewise, the energy and
strength also get reduced at the junction of the welding [31].
Fig. 11 demonstrates the images obtained from SEM for a
variety of samples with several blend ratios of PC/ABS. The
white particles present in the figure are known as peaks.
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FIGURE 12. Basic model of energy director and mesh.

FIGURE 13. Heat initiation at energy director.

A large number of peaks denotes energy directors with
good melting points. For SEM analysis, the non-welded and
welded region of sample no. 1, 3, 5, 13 & 16 has been taken.
Samples are considered for analysis based on the tensile
strength interval of 20 values.

E. FINITE ELEMENT ANALYSIS
The finite element modeling (FEM) is used to validate the
experimental values. To predict the ultrasonic frequency heat
generation during the welding process FEM model is devel-
oped. From this model, the changes in temperature distribu-
tion, heat flux and strain in polymers can be evaluated. Finite
element analysis (FEA) is used after employing the welding
process of polymers to understand the heat flex distribu-
tion. There are two major platforms such as mechanical and
thermal fields are coupled together in an ultrasonic welding
process.

Thermal field influences the mechanical field because
most of the mechanical properties are sensitive to the tem-
perature. Also, the heat generated from the mechanical field
influences the thermal field. When the performance is carried
out in FEM analysis, the material property and quantity may
be varied based on the simulation run time. If run time is
higher, the material property will be reduced and leads to
loose the material nature. Fig. 12 to Fig. 16 provide the
numerical results of thermal stress data for the welded sam-
ples. Fig. 12 shows the initial modeling of energy director
and mesh creation in FEM. Fig. 13 shows the initial heat gen-
eration due to ultrasonic vibration. Fig. 14 shows the initial
melting region (in energy director) and heat flex generation.
Fig. 15 gives the total heat flex generation during welding and
material melting. Fig. 16 shows the clamping force influence
on the material during welding.

FIGURE 14. Total heat flux generation the starting of the welding at the
energy director (initial melting happening at energy director).

FIGURE 15. Total heat flux generated at energy director side.

FIGURE 16. Clamping the PC/ABS sample in fixture which generate heat
during the welding process.

The plastic strain is relatively small on a certain axis. It is
observed that the edge of contact surface at near point of
loading has the highest plastic strain. A very few locations
particularly at the energy directors, it is observed that the
plastic strain in the center of the contact surface exceeds the
level of plastic strain at the edge. The value and distribution of
plastic deformation reaches the steady state level after a cer-
tain number of vibration cycles. Here, the triangular energy
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FIGURE 17. Trend analysis of experimental value and predicted value
(Minitab).

director experiences the maximum plastic strain which is
located at the vertex and the plastic strain distribution has
done due to the cyclic vibrations.

F. TREND ANALYSIS FOR WELD STRENGTH
The linear trend model is examined using the Minitab soft-
ware in order to estimate the strength fit values. Fig. 17 shows
the trend analysis of actual (experimental values) versus fit
line. From this graph, it is clearly evident that the maxi-
mum actual points are fitted with the fit line. The maximum
strength for various peak levels is also obtainedwhen theweld
pressure and weld time is maximum.

IV. CONCLUSION
PC/ABS material has been joined together using ultrasonic
polymer welding with different weld parameter ranges. Total
26 samples are prepared and welded with different input
parameters such as weld time, amplitude and pressure. Sam-
ples are tested in the tensile machine. From the experimen-
tal result, the minimum and maximum values of tensile is
770.29 N to 906.29 N. The tensile value of each sample
is analyzed using ANN and ANFIS in order to predict the
best input parameter value. Thus, the best prediction has
been obtained from the ANFIS with less error. The SEM
images have been analysed to identify the direction of molten
material during welding and to realize the nature of melting.
SEM analysis discloses that the higher vibration causes more
melting in the material and also taking longer curing time
which will reduce the strength of the weld. Likewise, the weld
strength of the material has appeared to be more with higher
input amplitude. On the other hand, lesser input amplitude
may produce the voids leads to reduce the weld strength of
the material. For better understanding the melting and weld
strength of the material, the ANSYS heat flow simulation
has been performed. From the ANSYS results, it is clearly
understood that the melting is started from the energy director
and its moving towards to the other parts. So, the even heat
distribution has been done in the material which leads to
increase the weld strength. Trend analysis is performed in
order to find the best fit value. The mid-range value from this
analysis is the optimal for the fit value.
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