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Mechanical Properties Estimation of Multilayer
Friction Stir Plug Welded Aluminium Plates
Using Time-series Neural Network Models

Mohammad Reza Chalak Qazani', Moosa Saj ed?, Siamak Pedrammehr’, Seyed Mohamad Hossein
Seyedkashi*

Abstract—A multilayer friction stir plug welding can be used to fix the thick aluminium plates. Optical
microscopy and tensile tests are utilised to study the microstructural and mechanical characteristics of
the welded aluminium plates. However, finding the relation between the indexes of the process and the
mechanical properties would be challenging. The present work aims to devise a time-series machine
learning model including a recurrent neural network (RNN) and nonlinear autoregressive network with
the external state (NARX) to estimate the mechanical properties of the repaired aluminium plate using
the force-extension plot. The ultimate tensile strength, yield strength, impact energy and elongation of
the repaired aluminium plate can be calculated based on a force-extension plot trained and extracted
using the developed networks. In addition, the Bayesian technique is employed to recalculate the optimal
hyperparameters of RNN and NARX, targeting the lowest root mean square error (RMSE) between the
target and the estimated force during the testing. The investigated methods (RNN and NARX), in
addition to classical estimation methods, including decision tree and support vector regression, are
modelled in MATLAB. The outcomes prove the proposed NARX model efficiency in terms of lower

RMSE than support vector regression, decision tree and RNN.

Index Terms—mechanical properties estimation, recurrent neural network, nonlinear autoregressive,

Bayesian method.
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I. INTRODUCTION

owadays, aluminium and its alloys are getting more and more attention because of their
distinctive properties. Thus, it is necessary to find novel methods for repairing and maintaining
parts made from aluminium alloys, considering the high oxidation rate and low weldability in
high temperatures. Solid-state welding solves the low weldability of aluminium alloys of specific
grades [1]. As a recent solid-state welding method, friction stir welding (FSW) is an effective
process for joining aluminium alloys [2]. FSW can be employed in various operations such as lap,
butt, and spot welding [3]. In addition to the necessity of using aluminium alloys in industry, there
are different types of time-consuming tests on the materials, such as compression tests, tensile tests,
creep tests, etc. As a result, machine learning methods are employed to estimate the material property
information faster than the previous time-consuming traditional methods. Machine learning methods
are applied in material science to predict physical properties, new compound discovery, crack
location prediction, fatigue life, twin nucleation prediction, and automatic microstructure analysis.
Friction hydro-pillar processing (FHPP) and Friction taper plug welding are two solid-state
operations for thick steel plate maintenance. A cylindrical hole is filled via a rotating stud in FHPP
under a load. The load is implemented to produce the continuous plasticised layer. The plasticised
layer develops faster than the stud feed rate. Then, it is left beneath a dynamically recrystallised
deposit material. A further forge load is required at the end of the stage to reach a finer
microstructure. Friction taper plug welding is quite similar to the FHPP. The mentioned operations
have been studied from various aspects of literature. Buzzatti ef al. [4] investigated the material's
toughness that FHPP had welded. They discovered that the higher axial forces increase the friction
hydro pillar processed offshore mooring chain steel toughness properties. Landell ef al. [5] studied
FHPP by reporting a coupled theoretical model with the addition of a three-dimensional X-ray
tomography investigation. They [5] discovered the deformation of the plugin's central portion.
Wukai et al. [6] proposed a numerical study for the temperature field and frictional interface in
FHPP. Xu et al. [7] studied overlap welding using the FHPP method. Sajed and Seyedkashi [§]
developed a variant of FHPP to process the micro-alloying in the depth of thick steel sheets. FHPP
has been considered for steel, and it cannot directly be applied to aluminium because of its high
oxidation rate behaviour and reduced high-temperature strength [9]. A specific heat amount is
needed to fill a void for aluminium softening. The extreme frictional heat of FHPP lowers the

mechanical properties and structure of aluminium alloys. Gadakh and Adepu [10] developed the
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heat generation model in FSW for a taper cylindrical pin via regenerated heat from the pin tip
surface, shoulder surface and taper probe surface. Using the same condition, they discovered that
taper cylindrical pin generates less heat than a straight cylindrical pin. It proves the essential need
to develop the process to repair voids in aluminium alloys. Mahoney et al. [9] proposed an
aluminium alloy voids as a new repair method. They targeted removing the aluminium plate's
keyhole, which remains after FSW. They proposed void machining to prepare a tapered hole with
some sidewall ridges and grooves. However, this approach cannot be considered for deep and big
holes, according to the conducted study by Sajed and Seyedkashi [11]. Sajed [12] proposed a two-
step friction stir spot welding operation to avoid keyholes in spot joint production. Multilayer
friction stir plug welding (FSPW) was introduced by Sajed and Seyedkashi [11] to repair voids and
cracks in thick aluminium plates. Their proposed method is based on FSW to address issues
regarding aluminium alloys FHPP.

Machine learning and deep learning methods have recently been designed and have gained
remarkable interest across different studies, such as manufacturing, economics, energy, and climate
[13-16]. The learning-based model, including machine and deep learning methods, can be used to
calculate the appropriate imitation model of the system using the experimental or finite element
dataset without any need to understand the system's complicated mathematical model or the
procedure's physics. Then, they can yield models with a higher degree of precision than classical
mechanistic models. That is the main motivation for researchers who used learning-based methods
to understand the concept of FSW and the mechanical behaviour of final products. Hwang ez al. [17]
investigated a four-layer multilayer perceptron (MLP) for extraction of the mechanical properties of
the rolled steel bar. Alkayem ef al. [18] used soft computing methods (including MLP and
evolutionary optimisation methods) to calculate the optimal process parameters of friction stir
welding. The process parameters are yield stress, tensile strength, percentage elongation, hardness,
and bending angle. They used the full factorial Taguchi design experiment to extract the dataset for
training and developing their proposed model. The results are validated using the practical
experiment, and a lower margin error proves the efficiency of their proposed research method.
Pilania et al. [19] were able to fasten the materials property predictions via kernel ridge regression.
Rupp et al. [20] used the traditional mathematical model, including Kernel ridge regression and
nonlinear regularised regression, to calculate the quantum mechanical properties of atoms in

molecules. Ma et al. [21] used two-step propagation to evaluate the design properties of mechanical
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products. Karina et al. [22] estimated the tensile strength of corroded steel plates using a simple
feedforward neural network to simplify, accurise and reduce the cost of the process. Feedforward
neural networks can be trained using mathematical or evolutionary algorithms. Evans et al. [23]
employed the gradient boosting regressor to estimate the zeolite frameworks' mechanical properties.
Altarazi et al. [24] predicted and classified the tensile-strength behaviour of the different
compositions' polymer films as a process function using decision tree (DT), k-nearest neighbours
(KNN), support vector machine (SVM), AdaBoost, random forest (RF), feedforward neural
network, stochastic gradient descent and linear regression. Rakshe et al. [25] reviewed the
adhesively bonded spar-wingskin joints for a loaded composite. Gong et al. [26] used MLP, SVM,
multivariate adaptive regression spline, and multivariate linear regression to estimate mechanical
rock properties. Golkarnarenji et al. [27] used MLP and SVM to forecast carbon fibre mechanical
properties. Qi et al. [28] employed DT to calculate the mechanical properties of carbon fibre. Zhang
et al. [29] KNN, SVM DT and MLP for mechanical properties of graphene. Wang et al. [30] RF to
forecast the mechanical properties of tungsten disulphide monolayer. Xu et al. [31] forecasted the
tensile properties of AZ31 magnesium alloys based on alloy compositions and processing
parameters using a feedforward neural network and SVM. Behnood and Golafshani [32] used a
Gradient-boosted tree regression model to estimate the mechanical properties of concretes
containing waste foundry sand. Chaabene et al. [33] used SVM, MLP, and DT with an evolutionary
algorithm to forecast the concrete's mechanical properties. Xiong et al. [34] employed RF, KNN,
MLP, and linear least squares to estimate the mechanical properties of steels using production
process parameters. Fathi ef al. [35] used a group method of data handling to estimate the mechanical
properties prediction of wood. Deng et al. [36] used standard linear regression, MLP, SVM,
sequential minimal optimisation-based SVM and puk kernel to predict the mechanical properties of
Cu-Al alloy based on the production process parameters. Mamun ef al. [37] modelled the rupture
strength of austenitic alloys and iron-based martensitic. They used gaussian process regression, DT
and feedforward neural network methods. Xie et al. [38] used machine learning techniques to design
the mechanical properties online estimation for the hot rolled steel plate. Giigliier et al. [39] used
MLP, SVM, DT and linear regression for concrete compressive strength estimation. Ferrefio et al.
[40] used KNN, DT, RF, MLP, SVM, multilinear regression and gradient boosting to predict the rail
pads' mechanical properties under in-service conditions. Xiong et al. [41] used RF to calculate

mechanical properties in concentrated/complex alloys. Nafees et al. [42] used DT and SVM to
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estimate the mechanical properties of silica fume-based green concrete. Stoll e al. [43] used a linear
regression model and RF to estimate the mechanical properties of different materials. Shah et al.
[44] employed Optimised multi-expression programming based on particle swarm optimisation for
predicting sustainable concrete mechanical properties. Demirci ef al. [45] used an image processing
technique to detect the damage of carbon face sheet nomex sandwich composites. Huang ef al. [46]
used SVM and MLP to predict the mechanical properties of carbon nanotube-reinforced cement
composite. Dabiri ef al. [47] used nonlinear regression, ridge regression and feedforward neural
network to estimate the tensile strength of steel bars which is used in reinforced concrete structures.
Hayashi and Ohsaki [48] used reinforcement learning and graph embedding for the optimal cross-
sections of steel frames. Najjar ef al. [49] employed random vector functional link network and red
fox algorithm for estimating the mechanical properties of Cu—Al,O3 nanocomposites. Liu et al. [50]
used SVM and MLP for prediction of mechanical properties of graphene/aluminium nanocomposite.
Diao et al. [51] used SVM with radial basis function kernel, MLP, KNN, RF, and kernel ridge
regression for mechanical properties prediction of carbon steels. Table I is the reviewed literature in
this study, which used machine learning models to estimate the mechanical properties of materials
in different applications.

In contrast to the literature [17-51], our approach leverages the tensile-extension behaviour of
the final product to estimate mechanical properties, thereby mitigating the reliance on process
parameters. By capturing the force-extension behaviour of repaired aluminium plates through tensile
testing, our method provides a non-destructive means of estimating mechanical properties.
Specifically, we utilise time-series neural network models trained on the complete tensile-extension
plot of the final product. This allows us to predict the material's tensile-extension behaviour during
the plastic deformation stage using elastic deformation data acquired from tensile tests.

Our method offers several advantages over traditional approaches:

1. Independence from process parameters: By focusing on the material's tensile-extension
behaviour, our model reduces the need for extensive experimentation related to process
parameters, streamlining the model development process.

2. Non-destructive testing: Eliminating the need to destroy materials for mechanical property
calculation, our method relies solely on the elastic behaviour observed during tensile testing,

enabling the extraction of the final product's complete tensile extension plot.



3. Applicability across materials: As our model depends on the material's intrinsic behaviour, it
can be applied to materials with similar metrological structures.

In this study, we employ two highly efficient time-series neural networks, recurrent neural
network (RNN) and nonlinear autoregressive with the existence of external states (NARX),
alongside traditional methods, including decision tree (DT) and support vector regression (SVR).
We introduce a novel global optimisation method to determine optimal hyperparameters for RNN
and NARX models, enhancing prediction accuracy. Additionally, we apply the optimisation
algorithm to DT and SVR methods to ensure a fair comparison. Leveraging Bayesian optimisation,
our approach efficiently achieves optimal model performance.

It's imperative to highlight that our dataset, obtained from tensile tests, is divided into 70%
training and 30% testing sets for developing and evaluating our globally optimised RNN (Opt-RNN)
and globally optimised NARX (Opt-NARX) models.

The overview of the multilayer FSPW for aluminium plates is described below. The
methodology of this research, which includes RNN, NARX, and Bayesian optimisation, is explained
in Section III. The proposed techniques are investigated in MATLAB, and the results are shown and

discussed in Section IV. Section V presents the most remarkable results and conclusions.

II. OVERVIEW OF MULTILAYER FRICTION STIR PLUG WELDING

There is no appropriate operation for voids and crack repair at the depth of thick aluminium
plates. Multilayer FSPW is a new method introduced by Sajed and Seyedkashi [11] using stir
welding to present problems relevant to the FHPP of aluminium alloys. A multilayer friction stir
plug welding can be used to fix the thick aluminium plates. This process overcomes the problems
related to the aluminium alloys' friction hydro-pillar process, which consists of a high oxidation rate
and excessive softening at raised temperatures. A cross-section hole is drilled to eliminate the cracks
and voids and filled via multiple plugs with the same base material composition. The plugs are
welded, and the base material is via a non-consumable tool.

The heat input parameter is essential and must be controlled in operation. Thus, dwell time and
rotation speed are the basic parameters that control the heat during the operation [52]. Also, the
contact pressure between the tool and welded workpieces significantly influences heat generation
[53]. The aluminium plate has drilled a hole to eliminate the void or crack. The mentioned hole has

been filled using non-consumable tools and some plugs. The smallest plug has been utilised at the
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hole bottom. The diameter of the plugs is increased to fill the hole from bottom to top. The plug
should be stirred and welded to the sidewall at every process step. Also, the diameter of the lower
plug should be a bit larger than the hole's local diameter in FSW. In each step, the keyhole is filled
with the material of the upper plug. A simple without-pin shoulder is employed to fill the last keyhole
on the top. Any crack and void could be effectively repaired with any dimension and at any depth

using this process.

A. Materials and Methods

The investigated material in this study is an ASTM E1251 standard. The ASTM E1251 was
investigated via optical emission spectroscopy, and the outcomes are presented in Table II. It should
be noted that the studied aluminium alloy has no heat treatment. The test parts centre drilled a
specific hole with 10 (mm) overall depth. The dimensions for the machined hole are shown in Fig.
la. To drill the hole, end ball mills with 12 and 16 (mm) diameters and 10 and 6 (mm) penetration
depths were used. The hole's spherical form leads to a smooth material flow. The hole dimensions
and form have been considered according to error and trial tests.

According to the operation steps, four shoulders have been produced from the CK45 steel bar
and heat-treated. The shoulder without a pin is just used to cover the step. However, the other three
have been fabricated with different conical pins for the welding operation. According to Fig. 1b, the
tool diameters are 11x15x18 (mm?), and all pins' noses diameter is 4 (mm). The length of the pins
is 4 and 5 (mm) for 2 and 1 tools, respectively. A pin with a length of 5 (mm) has been used to
combine more material from the hole to obtain better bonding and mixing. The shoulder without a
pin is concave with an 18 (mm) diameter and 5° angle for better material flow. The shank edges
have also been machined for better heat transfer.

Multilayer friction stir plug welding (MFSPW) is a newly developed solid-state repair method
that can be applied on thick aluminium plates and is presented step by step in Fig. 2. The common
repair technique for thick steel plates is friction hydro-pillar processing. It cannot be applied to
aluminium alloys due to the significant drop in the strength of aluminium alloys at elevated
temperatures. This phenomenon is explained comprehensively in our previous paper [10]. In this
method, a hole with a predefined geometry is drilled to eliminate the crack or void in the depth of
the aluminium plate, see Fig. 2a. Then, considering the depth of the hole, a number of plugs are
inserted in the hole and welded to the hole wall and base metal one after another using a set of

friction stir welding tools. Each keyhole is refilled when the next plug is welded (Fig. 2b-g). The
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keyhole of the upper layer is refilled using a non-pin tool according to a procedure called two-stage
refilled friction stir spot welding developed by [12] see Fig. 2h.

Three 5 (mm) height plugs with 8, 12, and 14 (mm) diameters have been employed. The plugs'
material is the same as the base. The plug with a diameter of 8 (mm) is placed at the hole bottom.
Afterwards, the 11 (mm) diameter shoulder is utilised to weld the plug inside the hole. It should be
noted that the total tool penetration depth should be more than the hole depth, which is 12 (mm), to
combine the base material with the plug. Then, the hole is filled via the 12 (mm) diameter plug and
welded via the 15 (mm) diameter tool. This plug is welded to both the lower plug and the sidewall
of the hole. Therefore, the previous step's keyhole is filled in this stage.

It should be noted that the total tool penetration depth is 9 (mm). Afterwards, the plug with 14
(mm) diameter was placed and welded by the 18 (mm) diameter tool. In this step, the total tool
penetration is 6 (mm). The keyhole is finally filled using the non-pin shoulder with 3 (mm)
penetration depth. All the dimensions and welding depths are considered according to primitive

experiments. The whole process is shown in Fig. 3.

B. Data Acquisition

The dimensions of specimens are 100x30x30 (mm) to be used in tensile tests. The tools' rotational
speed and dwelling time are two essential parameters in FSW that affect frictional heat generation.
For all the specimens, the rotational speed of the tool is fixed in all steps. The critical point for
calculating the dwell time is satisfying the tool penetration depth in every step. In the full factorial
design of experimental tests, 1000 and 2000 (rpm) rotational speeds and 5 and 10 (seconds) dwell
times have been considered. The FP4M milling machine has been used for the welding operation.
The summary of the experimental tests is listed in Table III.

Three experiments have been carried out for the tensile test in each setting. A typical prepared
tensile test specimen and its dimensions and the cutting line are presented in Fig. 4. The tensile test
is accomplished using Samantha tensile test machine (Zwick controller) under the standard of
ASTM ES8/E8M-08 using 10 (mm/min) for tensile rate. As the main contribution of this study is to
estimate the mechanical properties of the products without destroying them, then the extracted
tensile extension via tensile test is employed as the dataset in a time-series neural network. The time-
series neural networks can predict the material's tensile-extension behaviour based on its behaviour
during the elastic deformation without destroying it.

In this process, four different zones are detectable in the welding zone, including the bonding
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zone (BZ), plug thermomechanical affected zone (PTMAZ), base metal thermomechanical affected
zone (BTMAZ), and heat-affected zone (HAZ), as presented in Fig. 5a-d [10]. PTMAZ consists of
plug material stirred by the tool and experiences a thermomechanical process and dynamic
recrystallisation. Fine microstructure and homogenous distribution of precipitates are the main
characteristics of this zone. The bonding zone also experiences a heavy thermomechanical process.
The rotary friction between the plug and base metal generates heat, facilitating the material flow and
bonding when the pressure is applied through the tool shoulder. Thus, the microstructure in this zone
will be similar to the PTMAZ. However, the grain is larger due to the tool pin not stirring it. BTMAZ
is a zone from the base metal which experiences thermomechanical work. The heat is generated due
to friction between the plug and the hole wall, rotation of the tool shoulder, and plastic deformation.
The resulting temperature rise leads to a material with lower flow stress than the base metal and
plastic deformation in this zone. HAZ is a zone in the base metal that experiences almost no plastic
deformation and, due to the heat conduction, experiences a significant temperature rise. The result
is a coarse microstructure that is evident in Fig. 5d. The different zones of the welding nugget are
presented in Fig. 6 for all four specimens. Based on the outcomes of the tensile strength, the
specimens welded by 3000 (rpm) rotational tool speed and 5 (seconds) dwelling time have the
highest strength. The comparison of welding nuggets in different specimens using Fig. 6 indicates
that the width of the bond zone is bigger in this specimen, which could be the reason for the higher
strength. The HAZ is considered the zone where the crack starts to grow. Thus, the grain size in the
HAZ zone is a critical index in determining the strength of the joint.

Fig. 7 shows the force variation based on the extension of the sample during the tensile test for
four samples (repaired aluminium). The input of the developed time-series networks is the elastic
deformation of the final product. At the same time, the proposed methods try to predict the plastic
deformation part of the tensile-extension plot. The study can be divided into two parts: training and
testing. During the network training process, the stress-strain plot is used to develop the time-series
machine learning models (RNN and NARX). It is possible to use the stress-strain plot as a time-
series signal if we consider the strain as the time interval of the signal. For using the developed time-
series machine learning methods in real-life applications, the stress-strain behaviour of the final
products during the elastic deformation is captured without destroying the final products. Then, this
dataset is used as input for the developed model to calculate the final product's stress during plastic

deformation. The combination of experimentally captured elastic deformation of the material with
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estimated plastic deformation results in the whole stress-strain plot, which can be used to calculate

the final products' mechanical behaviours.

III. METHODOLOGY

This paper aims to estimate the force based on extension data to calculate the mechanical
properties of the repaired aluminium using the multilayer FSPW method. The employed data inside
the neural network model is obtained via tensile test for the four mentioned and non-repaired
samples. The time-series neural network model has not yet been employed in force-extension data.
It is the first time time-series data has been employed for the force-extension dataset. The reason for
using the time-series neural network model for the force-extension dataset is the behaviour of the
data. The current tension or force of the sample (7(t+1)) has a relation with the previous tension or
force sampling data (7(t)) in addition to the previous normal extension or extension of data (x(t)).
The problem is that the extension did not show the behaviour the same way as time because the
difference between them is not constant.

However, we have used the Simulink environment of MATLAB to recalculate tension or force
regarding the equal extension difference. Then, after data-pre-processing, the extension can be
treated as time in our dataset. Fig. 8 represents the schematic proposed technique in this paper as the
main contribution, combining a time-series neural network (including RNN and NARX) and the
Bayesian optimisation method. According to Fig. 8a, the process starts with repairing the crack of
the aluminium plate using the multilayer FSPW.

The repaired aluminium plate is then machined to be prepared for the tensile test (Fig. 4). The
tensile test has proceeded, and the results have been recorded. Fig. 8b shows the implementation of
our newly developed optimised RNN and NARX on force-extension data. The data pre-processing
is used inside the developed algorithm to eliminate the out-of-range data and enhance the algorithm's
accuracy. The normalisation/standardisation is then used to reduce the system's complexity for a
network. It should be noted that the extension is a time to consider the stress-extension plot as a
time-series signal. In other words, the captured stress-extension plot should be extracted as a
constant extension interval to substitute the strain with a time interval. In addition, the purpose of
the developed algorithm is to calculate the final product's stress based on the product's strain interval
during the plastic deformation. In addition, the Bayesian optimisation method selects the

RNN/NARX optimal hyperparameters to reach the lowest root mean square error (RMSE) between
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the actual and predicted data. There is no need for sequencing data as the employed networks in this

paper are time-series networks.

A. Pre-Tuning of Algorithm

Three stages should be applied to the data before applying the dataset and developing the model.
Initially, there were some unrealistic data (negative force), according to Fig. 8. It should be noted
that there were 298, 569, 456, and 357 datasets for samples 1-4, respectively. These data should be
eliminated because they are produced as a result of the malfunction of the system. Because of the
sensor's fault, the out-of-range data should also be removed before employing it inside the model.

Normalisation/standardisation is used in the second step to reduce the complexity of the dataset.
In this research, both techniques are used to enhance the network's input data's complexity and the
system's accuracy. The standardised dataset (input/output) can be calculated as follows:

X — X (l)

where 0, and x; are the ith standardised and raw input data, respectively. o, and X are also the
standard deviation of the data and functions for extracting the average. The following formula is

used to calculate the normalised dataset:

X; —

=

2

i x—x
where x, X and n,; are the minimum and maximum of the dataset and the normalised input dataset.

The dataset is divided to the training (70%) and testing (30%) process of the network as the final
stage of the pre-tuning process. Four models, including DT, SVR, RNN and NARX, have been
employed in this research to estimate the next step force based on the history of the sample extension.
As RNN and NARX have the delay block inside the network, there is no need for a sequencing block

in the algorithm.

B. Recurrent Neural Network

A directed circular connection exists between the neurons in an RNN. Inside the network, the
inner states are made with the ability to reveal model nonlinear dynamic behaviour. Compared to
the non-time series neural network models, RNN can better tackle free input sequences. RNN utilises
the inputs' sequential information to obtain better outcomes, as contrasted to DT and SVM, in which
the outputs and inputs are not dependent. In an RNN, in the previous states, the outputs are

dependent. RNN can obtain past sequences because it has a memory block that records the previous
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states of the system.

Fig. 9a shows an RNN schematic structure including the output, hidden, and input states at time
t, respectively, as o¢, s; and x, [54]. It should be noted that the current input u, is the current tensile
stress of the material at the current time interval (extension interval). In addition, the output is the
tensile stress of the next time-step (extension interval). The network's current memory is calculated
using the current input and previous memory of the network as the following:

s() = f(uye + wse—1) 3)

The Levenberg Marquardt (LM) method is used for RNN training. LM can properly balance
Newton's method and the steepest descent convergence [55].

An LM-trained RNN can be used in electricity usage prediction and electrical information-
optimised control [55]. Although RNN has an acceptable capability for handling time-series data,
gradient vanishing and exploding issues are its disadvantages.

It should be noted that in Fig. 9a, x; is the extension data, and T; is the force of the repaired
aluminium plate at time t. Also, n is the delay number for output. The explained RNN should be
designed and developed parametrically based on the number of layers, neurons, feedback step, and
delay. These parameters are selected via the optimiser as the hyperparameters of the RNN to reach
the highest efficient network for estimation of the mechanical properties of the repaired aluminium

plate.

C. Nonlinear Autoregressive with Existence of External States

Chow and Leung [56] developed the nonlinear autoregressive network to tackle time-series
datasets. Fig. 9b illustrates a NARX using » time-step delays. The structure consists of three layers:
input, hidden and output. The output can be obtained as the following:

T@®)=f (Tt—1: “ Temny X1, 'xt—nu) + €& “)
where x, Tand € are the external variable, output and model noise. n, and n; are respectively the
delay of the external variable and output. Nonlinear function f is utilised to estimate the outputs via
the external variable and past signals. The LM approach is utilised for network training as LM is the
least computationally expensive method to achieve adequate outcomes. The Hessian matrix H can
be obtained using the Jacobian matrix J as the following:

H=]"] (%)

J can be calculated as:
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g=]J"e (6)
in which e is the model's error in each sampling time. The Jacobian matrix is calculated using the
backpropagation method to reduce the training process's computation load as follows:

Xgpr = X — T+ D7 e (7
in which u is related to the network learning rate. The LM method's adjustment parameters have
been selected according to the research by Moré [57] to reach a higher model performance. In Fig.
9b, x; is the extension data, and T7; is the force of the repaired aluminium plate at time ¢. The explained
NARX should be designed and developed parametrically based on the number of layers, neurons,
feedback step, and delay. These parameters are selected via the optimiser as the hyperparameters of
the RNN to reach the highest efficient network for estimation of the mechanical properties of the

repaired aluminium plate.

D. Bayesian Optimisation method

Thomas Bayes is the inventor of Bayes' theorem, which is employed to calculate the probability
of an incident using statistical information from the system [58]. A Bayesian optimisation technique
is a solver with the ability to consider the limitation to extract the optimal state of the system to reach
the minimum cost function [59]. The cost function is typically deterministic or stochastic. Also, the
state can be continuous reals, integers, or categorical. The deep learning technique employs the
Bayesian optimisation technique [60, 61] for extracting the automatic tuning application. The tuning
of the machine learning method is often a black art that needs expert knowledge to reach high
performance. The Bayesian method works through an iterative development of the global statistical
model of the unknown objective function. The optimisation starts with a likelihood and prior over
functions. A posterior distribution is calculated according to each iteration's previous objective
function evaluation. The elements in the Bayesian optimisation method are a Gaussian model of the
cost function, a Bayesian updating procedure, and an acquisition function. An acquisition function
assesses the location of the state using the posterior distribution function.

The Bayesian optimisation technique is employed to recalculate the hyperparameters of the RNN
and NARX, including the number of layers, number of neurons, feedback step and feedback delay.
The search range of the Bayesian method is defined as follows:

1. The number of layers is between 1 and 20.
2. The number of neurons is between 1 and 400.

3. The feedback step is between 1-5.
13



4. The feedback delay is between 1-20.

The proper definition of cost function is essential in calculating the relevant results based on the
system's needs. The modular definition of the sequencing block and MLP model is used inside the
Bayesian optimisation method. Then, the model is trained and assessed using the predefined values
via the optimisation algorithm. The cost function is defined to decrease prediction error. Then, the
mean square error (MSE) between the actual T and predicted value Y during the testing process is
defined as the cost function for the Bayesian optimisation algorithm.

J =MSE(T —Y) ®)

IV. RESULTS AND DISCUSSIONS

Four mentioned models in Section 111, including DT, SVR, RNN and NARX, have been modelled
in MATLAB to show the higher efficiency of our newly proposed Opt-NARX compared to the Opt-
RNN and two other traditional prediction models (DT and SVR). It should be noted that the Bayesian
optimisation method is employed automatically using the MATLAB function

(OptimizeHyperparameters) to extract the optimal DT and SVR model.

A. Verification

DT and SVR are prepared using the previous studies [42]. The Opt-RNN has been prepared
according to the presented mathematical model in Sections III.D and III.F. The Opt-NARX has also
been prepared based on the presented mathematical model in Sections IILLE and IILF. It is worth
mentioning that the required data from the tensile test is divided into training (70%) and testing
(30%) of the proposed methods.

MATLAB software's fitrtree, fitrsvm, layrecnet and narxnet functions are used to design the DT,
SVR, RNN and NARX models. The algorithms mentioned in Section III are designed using
MATLAB software, and all the results are represented via the plot function. Furthermore, the
Bayesian optimisation method is designed using the bayesopt function of MATLAB with the
definition of 14 hours and 200 iteration checks as the boundaries of the method.

The Bayesian optimisation method extracts the optimal sequencing and indexing parameters of
the proposed RNN and NARX. Table V represents the optimised hyperparameters of the proposed
RNN and NARX for five testing samples.

In addition, the different sets of hyperparameters are chosen for the sample 1 model to be
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compared with the selected optimised hyperparameters using the Bayesian optimisation method and
show the influence of different parameters. Table VI shows the RMSE between the actual and
predicted tensile of sample 1 during the network testing process using the tensile test dataset using
the number of layers 1 and 3, a number of neurons 2 and 4, and sequencing 1,4 and 1,2,3,4. The
optimised solution based on Table V is the number of layers=2, number of neurons=2, and
sequencing 1,4. Initially, the represented results prove the efficiency of the Bayesian optimisation
method in extracting the optimal solution in a short period. Also, the higher number of layers has
the most significant influence on the algorithm's accuracy. The mean of RMSEs between the actual
and predicted tensile of sample 1 using the NARX with 1 layer and the different number of neurons
and sequencings is 7.9207x10“ MPa. At the same time, it is 9.62x10"2 MPa using the NARX with
3 layers. Also, the higher number of neurons results in a higher RMSE between the actual and
predicted tensile of repaired aluminium via FSW. The results also show less dependency on the
sequencing strategy of the network.

Fig. 10a presents the fitness function of the RNN for sample 1 data using the Bayesian
optimisation method concerning the four hyperparameters mentioned above (number of layers,
number of neurons, feedback step and feedback delay). Fig. 10b also shows the fitness function for
recalculating the optimal indexing parameters of the NARX. After developing these three models in
MATLAB software, they have been compared together to show the efficiency of our newly proposed

model in predicting 1-day volatility with better accuracy and less error.

B. Validation

Five parameters have been used to validate our proposed method compared with the traditional
methods, including correlation coefficient (CC), MSE, RMSE, normalised root mean square error
(NRMSE), and R-square.

These validation parameters are calculated as follows:

oo TG -D @ - 9)

\/z?zl(xi 22 (T, — T)?

n
(10)
MSE = %Z(Ti -7)°
i=1

N (11)
RMSE = ’—?zl(Ti 1)
n
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NRMSE = 2MSEg (12)

T
Roo g 2T (13)
~lTI@ Ty

where n, x;, %, T;, T, and T; are the number of samples, the i input, the mean of inputs, the i output,
the mean of outputs, and the i” predicted value.

Table VII shows the outcomes of the four techniques investigated during the training/testing
processes. Based on the shown results, SVR is the weakest algorithm during the training and testing
stage of the data, with the lowest CC and R-square and highest MSE, RMSE, and NRMSE. NARX
can reach the highest accuracy during the network training and testing process. For samples 1, 2, 3
and 4, the highest CC during the testing process was achieved via Opt-NARX with 0.99924,
0.99925, 0.98698, and 0.9978, the perfect shape similarity between the two signals.

The CC of another 2 traditional prediction methods is not satisfactory for all samples during the
testing process of the models. The lowest MSE for samples 1-4 are required via Opt-NARX with
1.0927x104, 1.319x10°%, 5.4335x107 and 8.338x10°° Newton, based on the represented results in
Table VII. In the same way, Opt-NARX can beat the DT, SVR and RNN with the lowest RMSE and
NRMSE values for all samples. Opt-NARX is also able to increase the R-square from -4.6443,
0.15326, 0.028548, and 0.28824 to 0.99866, 0.99845, 0.97853 and 0.99986 compared with RNN for
sample 1-4, respectively.

Fig. 11 shows the results of the proposed Opt-NARX during the training stage in a visualised
format. The actual and estimated force of Opt-NARX during the training stage of sample 1 has been
illustrated in Fig. 11a. It shows that the CC is 0.99989 between these two signals. Fig. 11b shows
the actual and estimated force of Opt-NARX during the training stage of sample 2, which reached
0.99971 for the CC between these two signals. Fig. 11c represents the actual and estimated force of
Opt-NARX during the training stage of sample 3, which reached 0.99992 for the CC between these
two signals. Also, the CC between the actual and estimated force of Opt-NARX during the training
stage of sample 4 is 0.99998.

Fig. 12 shows the force's actual and predicted one-step estimation using Opt-NARX for 4 samples
during the testing process. According to Table VII, the prediction power of Opt-NARX is much
higher than that of the other three methods (RNN, SVM, and DT). Then, the estimated force of
repaired aluminium using RNN, SVM and DT is not mentioned in Fig. 12. Opt-RNN cannot reach
satisfactory results for sample 3 regarding the represented results in Table VII. In contrast, the results
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of Opt-NARX for sample 3 are pretty convincing, according to Fig. 12c. The RMSE between the
actual and estimated force for samples 1 to 4 using Opt-NARX decreased 97.91%, 98.23%, 92.09%
and 98.84% compared with Opt-RNN, respectively. It is possible because of the higher capability
of the Opt-NARX model in handling complex signals.

Fig. 13 shows the regression of the proposed Opt-NARX during the training and testing stages.
The vertical and horizontal axes in Fig. 13 represent the actual and predicted one-step-ahead force
based on the previous extension of the specimens. The R-square of Opt-NARX during all datasets
(training and testing) stage of 4 samples are 0.99929, 0.99998, 0.99998 and 0.99996.

To fairly evaluate the effectiveness of the proposed Opt-NARX, the completely unseen dataset
should be implemented in the network. Then, the new sample, known as sample 5, is produced and
tested based on the explained method in Section II. Then, the specimens from sample 5 are extracted,
and a destructive tensile test is implemented to extract the force-extension behaviour of the new
sample, as shown in Fig. 14 a. The network has not been developed using this dataset, and it is an
entirely new dataset for the proposed Opt-NARX. In the next step, the elastic part of the dataset,
shown as the training dataset in Fig. 14 b, is provided to the Opt-NARX to start calculating the
behaviour of the specimens during the plastic deformation. Fig. 14 b shows that during the testing
process (plastic deformation part of the specimens), the MSE, RMSE, CC, and R-square between
the experimentally generated and predicted by Opt-NARX are 4.8327x107, 6.9517x1072, 0.95845,
and 0.75953, respectively. The extracted accuracy should be below the training and development
process of the network in the previous part of this Section. However, the accuracy of the network in
calculating the plastic deformation behaviour of the sample is still high when calculating the
different mechanical properties of the final product.

To fairly evaluate the effectiveness of the proposed Opt-NARX, the completely unseen dataset
should be implemented in the network. Then, the new sample, known as sample 5, is produced and
tested based on the explained method in Section II. Then, the specimens from sample 5 are extracted,
and a destructive tensile test is implemented to extract the force-extension behaviour of the new
sample, as shown in Fig. 14 a. The network has not been developed using this dataset, and it is an
entirely new dataset for the proposed Opt-NARX. In the next step, the elastic part of the dataset,
shown as the training dataset in Fig. 14 b, is provided to the Opt-NARX to start calculating the
behaviour of the specimens during the plastic deformation. Fig. 14 b shows that during the testing

process (plastic deformation part of the specimens), the MSE, RMSE, CC, and R-square between
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the experimentally generated and predicted by Opt-NARX are 4.8327x107, 6.9517x1072, 0.95845,
and 0.75953, respectively. The extracted accuracy should be below the training and development
process of the network in the previous part of this Section. However, the accuracy of the network in
calculating the plastic deformation behaviour of the sample is still high when calculating the
different mechanical properties of the final product.

The represented results in this Section prove the efficiency of our newly proposed Opt-NARX
compared with traditional prediction methods (DT and SVR) and Opt-RNN in terms of higher CC

and R-square and lower MSE, RMSE, and NRMSE.

V. CONCLUSION

This paper studied a new time-series neural network model to estimate the force of repaired
aluminium plates via a multilayer FSPW process. The global optimisation technique (Bayesian
method) extracted the optimal hyperparameters of the time-series neural network model. The RNN
and NARX were the best methods because they could handle complex time-series nonlinear data.
Two traditional prediction models, SVR and DT, were studied to validate our proposed method. The
investigated methods are trained using 70% of the tensile test gathered data and have been tested
using the rest 30% of the dataset. The proposed models were validated using the force-extension
plot of the samples calculated via tensile test. The forecasting power of the proposed models (Opt-
RNN and Opt-NARX) was specified using different validation indexes, including MSE, RMSE,
NRMSE, R-square, and CC. The four investigated techniques were modelled in MATLAB, and the
outcomes were then calculated using the division of data for training (70%) and testing (30%). The
extracted results prove that the Opt-NARX can achieve better results during training and testing.
The proposed method can benefit the operator in setting the exact control indexes on the aluminium
plate's multilayer friction stir plug welding process. Therefore, the quality of repaired aluminium
plates can be improved, and plate production will be economical. For future works, an ensemble
method and evolutionary optimisation can be considered to increase the accuracy of the prediction

model [62, 63].
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(b)

Fig. 1. Dimensions of the (a): hole; (b): welding tools.
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Fig. 2. The schematic explanation of steps of the multilayer friction stir plug welding (MFSPW)
(a): predrilling the hole; (b): injecting the bottom plug; (c): welding the bottom plug; (d): inserting
the middle plug; (e): welding the middle plug; (f): injecting the top plug; (g): welding the top plug;

(h): refilling the keyhole of the top layer.
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Fig. 3. Multilayer friction stir plug welding process (a) the hole; (b) the 8 (mm) diameter plug

inserted into the hole; (c) welding the hole with the 11 (mm) diameter shoulder; (d) the first step
welded sample; (e) the 12 (mm) diameter plug inserted to the hole; (f) welding the sample with the
15 (mm) diameter shoulder; (g) the second step welded sample; (h) the 14 (mm) diameter plug
inserted to the hole; (i) welding the sample with the 18 (mm) diameter shoulder; (j) the final welded

sample; (k) covering the keyhole with the non-pin tool; (1) the final product.
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(b)

Fig. 4. A schematic sample of the tensile test: (a) the top view of the cutting line; (b) its position

and dimensions inside view.
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Fig. 5. (a): Different zones of the samples that are welded with the 1000 (rpm) rotational speed and

10 (seconds) dwelling time, including (b): the affected zone of a plug, thermomechanically; (c): the
thermomechanical affected zone between the bonding zone and base metal; (d): the zone which is

affected by heat.
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Fig. 6. Different Zones in the welding nugget of the upper plug, including bonding zone (BZ), plug
thermomechanical affected zone (PTMAZ), heat-affected zone (HAZ) and base metal
thermomechanical affected zone (BTMAZ) (a): the specimen welded with a 1000 (rpm) tool
rotational speed, and 5 (seconds) dwelling time; (b): the specimen welded with a 1000 (rpm) tool
rotational speed, and 10 (seconds) dwelling time; (c): the specimen welded with a 3000 (rpm) tool
rotational speed, and 5 (seconds) dwelling time; (d): the specimen welded with a 3000 (rpm) tool

rotational speed, and 10 (seconds) dwelling time.
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Fig. 7. The obtained dataset from the tensile test is to be used in the investigated machine learning

method.
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Fig. 8. The obtained dataset from the tensile test is to be used in the investigated machine learning

method.
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Fig. 9. The structure of (a) RNN; (b) NARX.
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Fig. 10. The obtained dataset from the tensile test is to be used in the investigated machine learning

method.
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Fig. 11. The target and estimated data during the training process of Opt-NARX for (a) sample 1;

(b) sample 2; (c) sample 3; (d) sample 4.
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Fig. 12. The target and estimated data during the testing process of Opt-RNN and Opt-NARX for

(a): sample 1; (b): sample 2; (¢): sample 3; (d): sample 4.
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Fig. 13. The regression of the data during the Opt-NARX training and testing process (a) sample 1;

(b) sample 2; (c) sample 3; (d) sample 4.
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Fig. 14. The extracted force extension data for testing sample 5 using (a) actual destructive

experiment;

(b) The proposed Opt-NARX.
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TABLEI

The literature reviews in the field of mechanical properties prediction using different machine

learning methods.

Authors Year Machine Learning Methods Applications
Rupp et al. 2015 Kernel ridge regression and | Quantum mechanical properties
[20] nonlinear regularised regression prediction of atoms in molecules
Evans et al. ) ) mechanical properties
2017 | Gradient boosting regressor o )
[23] prediction of zeolite frameworks
Multilayer ~ perceptron,  support
Gong et al. 2019 vector machine, multivariate linear | Estimating rock mechanical
[26] regression and multivariate adaptive | properties
regression spline
Golkarnarenji 2019 Support  vector machine and | Prediction of carbon fibre
et al. [27] multilayer perceptron. mechanical properties
) . Prediction ~ of  mechanical
Qietal. [28] | 2019 | Decision Tree )
properties of carbon fiber
k-nearest neighbours, support vector ) )
Zhang et al. ) . ] Mechanical properties
2019 | machine, decision tree and multilayer o
[29] prediction of graphene
perceptron.
Prediction = of  mechanical
Wang et al. ) ) )
0307 2019 | Random forest. properties of tungsten disulphide
monolayer
Behnood and ) ) mechanical properties
) Gradient-boosted tree regression o
Golafshani 2020 prediction of concretes
model o
[32] containing waste foundry sand
Multilayer  perceptron,  support
vector machine, decision tree for o )
Chaabene et o ) ) Prediction =~ of  mechanical
2020 | prediction. Evolutionary algorithms )
al. [33] o ) properties of concrete
for optimised value selection of
operation
) Random forest, k-nearest . .
Xiong et al. ) ) Mechanical properties
2020 | neighbours, multilayer perceptron o
[34] ) prediction of steel
and linear least-square.
Fathi et al. ) Mechanical properties
2020 | Group method of data handling o
[35] prediction of wood
standard linear regression, multilayer
perceptron, sequential  minimal o )
Deng et al. o ) Prediction of the mechanical
2020 | optimisation algorithm for support )
[36] properties of Cu-Al alloy

vector regression, puk kernel and

support vector machine
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Gicliier et al.

Multilayer ~ perceptron,  support

concrete compressive strength

2021 | vector machine, decision tree and o
[39] . . estimation
linear regression
Multilinear regression, K nearest
neighbours, regression tree, random | Prediction = of  mechanical
Ferrefio et al. ) ) ) ) ) )
(40] 2021 | forest, gradient boosting, Multilayer | properties of rail pads under in-
perceptron and support vector | service conditions
machine
Prediction  of  mechanical
Xie et al. [38] | 2021 | Multilayer perceptron properties of hot rolled steel
plate
) Mechanical properties
Xionget al. ) .. .
41] 2021 | Random forest regression prediction in complex
concentrated alloys
Nafees et al. 001 Decision tree and support vector | Mechanical Properties of Silica
[42] machine Fume-Based Green Concrete
Stoll et al. 2001 Linear regression model and random | Predicting mechanical
[43] forest properties of different materials
Optimised multi-expression | Predicting mechanical
Shah et al. ) ) ) )
[44] 2021 | programming based on particle | properties of  sustainable
swarm optimisation concrete
) mechanical properties
Huang et al. Support  vector machine and o
2021 ) prediction of carbon nanotube-
[46] multilayer perceptron ) )
reinforced cement composite
. ) ) Predicting  the = mechanical
Najjar et al. random vector functional link )
2022 ) properties of  Cu-Al203
[49] network and red fox algorithm )
nanocomposites
Prediction = of  mechanical
) Support  vector machine and | properties of
Liu et al. [50] | 2022 ) o
multilayer perceptron graphene/aluminium
nanocomposite
support vector regression with radial
) basis function kernel, multilayer ) )
Diao et al. ) Mechanical properties
2022 | perceptron, k-nearest neighbour, o
[51] prediction of carbon steels

kernel ridge regression, and random

forest.
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Chemical composition of the welded Aluminium alloy (WT. %)

TABLE I

Al

Cr

Sb

Pb

Ti

/n

Mg

Mn

Cu

Si

Fe

Balance

0.0247

0.0403

0.0209

0.291

0.0235

2.9

1.55

0.593

1.17

0.683

2.01
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TABLEIII

The experiment setup.

Tool rotational speed

Dwell time (seconds)

Average Joint

No.
(rpm) strength (MPa)
First 1000 5 94
Second 1000 10 67
Third 3000 5 124
Fourth 3000 10 114
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TABLE IV

The tensile test setup for 4 samples.

Gage Length Test Speed
No. Thickness (mm) Width (mm)
(mm) (mm/min)
1 6.1 6.3 50 10
2 6.1 7.4 50 10
3 6.2 7.15 50 10
4 5.8 7.93 50 10
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TABLEV

The extracted hyperparameters of RNN and NARX using the Bayesian optimisation method for 4

samples.
Number of Number of Feedback Feedback
Method and No.
Layers neurons Step Delay
1 2 1 4 20
2 2 3 2 10
RNN
3 1 1 5 11
4 1 3 5 14
1 1 2 3 4
2 1 4 1 20
NARX
3 3 8 2 2
4 1 1 3 6
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TABLE VI

Using different sets of hyperparameters, the RMSE between the predicted and actual tensile of the

repaired products via FSW for sample 1.

Number of Layers | Number of Neurons Sequencing RMSE
1 2 1-4 2.0229%x10
1 4 1-4 4.9901x10°°
1 2 1-2-3-4 1.3261x10°5
1 4 1-2-3-4 3.0849x10°3
3 2 1-4 2.5087x10°!
3 4 1-4 5.202x1072
3 2 1-2-3-4 5.9179x1072
3 4 1-2-3-4 2.2637x1072
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TABLE VII

The extracted results of Opt-RNN and Opt-NARX using the Bayesian optimisation method for 4

samples.
Sample
Method Process MSE RMSE NRMSE CC R?
No

1 Training 8.3956x10* 2.8975%10? 6.1982x10" 0.99759 0.97169

1 Testing 0.1237 0.3517 0.93668 0.5 -2.5005%10*"!

2 Training 3.0907x10* 1.758%1072 1.9103x10 0.98478 0.99823

2 Testing 1.1147x10° 3.3387x10% 8.8224x10% 0.5 -9.4752x10%
. 3 Training 2.2855%10* 1.5118x%107 1.9619x10 0.99506 0.99677

3 Testing 1.8907x10° 4.3482x10° 2.0412x1072 0.5 -5.1524x10%

4 Training 3.358x10* 1.8325x10 3.2431x10% 0.99424 0.99351

4 Testing 0.15289 0.39102 1.3802 0.5 -5.9561x10%

1 Training 370752.6585 608.8946 0.21116 0.50593 -6.9638

1 Testing 2145698.115 1464.8202 0.58317 -0.97292 -40.11331

2 Training 1545645.6304 1243.24 0.77687 0.30014 -0.094995

2 Testing 1677868.4299 1295.3256 9.9856 0.97848 0.65177
YR 3 Training | 3790037.4917 1946.8019 0.64558 0.51343 0.13954

3 Testing 10133085.4295 3183.2508 15.6874 0.41782 0.09323

4 Training | 3553396.4984 1885.0455 0.52753 -0.38889 -11.6135

4 Testing 5677840.9437 2382.8221 1.3596 0.96869 -13.6676

1 Training 2.0568%10* 1.4341x107 2.8657x10% 0.95829 0.98453

1 Testing 0.24897 0.49897 1.4965 -0.79747 -4.6443

2 Training 5.9574x10° 7.7184x10° 8.2863x10° 0.99181 0.99965

2 Testing 4.1927x10° 6.4751x107 0.17152 0.97664 0.15326
RNN

3 Training 5.8541x10° 7.6512x107 9.76x1072 0.77761 0.90261

3 Testing 8.6848x107 9.3192x107 0.43776 0.85822 0.028548

4 Training 1.378x10 3.7121x10° 6.375%1073 0.99936 0.99968

4 Testing 6.149x107 0.24797 0.95661 0.96031 0.28824

1 Training 1.8925%10°¢ 1.3757x10° 2.9459x10° 0.99989 0.99994

1 Testing 1.0927x10* 1.0453x107? 2.8345x107 0.99924 0.99866

2 Training 3.6956x10° 1.9224x10° 2.083x1073 0.99971 0.99998

2 Testing 1.319x10°¢ 1.1485x1073 3.0367x10 0.99925 0.99845

NARX

3 Training 2.4414x10° 1.5625%10° 2.0231x10° 0.99992 0.99997

3 Testing 5.4335x107 7.3712x10° 3.4608x10 0.98698 0.97853

4 Training 9.4275%107 9.7095x10* 1.7181x10° 0.99998 0.99998

4 Testing 8.338x10°¢ 2.8876x10° 1.0378x107? 0.9978 0.99986
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