The International Journal of Advanced Manufacturing Technology (2023) 128:2885-2897
https://doi.org/10.1007/500170-023-11602-y

ORIGINAL ARTICLE q

Check for
updates

Manufacturing industry based on dynamic soft sensors in integrated
with feature representation and classification using fuzzy logic
and deep learning architecture

Shakir Khan'?® . Tamanna Siddiqui® - Azrour Mourade® - Bayan Ibrahimm Alabduallah® - Saad Abdullah Alajlan’ -
Abrar almjally’ - Bader M. Albahlal’ - Amani Alfaifi’

Received: 1 March 2023 / Accepted: 12 May 2023 / Published online: 6 June 2023
© The Author(s), under exclusive licence to Springer-Verlag London Ltd., part of Springer Nature 2023

Abstract

Soft sensors are data-driven devices that allow for estimates of quantities that are either impossible to measure or prohibitively
expensive to do so. DL (deep learning) is a relatively new feature representation method for data with complex structures
that has a lot of promise for soft sensing of industrial processes. One of the most important aspects of building accurate soft
sensors is feature representation. This research proposed novel technique in automation of manufacturing industry where
dynamic soft sensors are used in feature representation and classification of the data. Here the input will be data collected
from virtual sensors and their automation-based historical data. This data has been pre-processed to recognize the missing
value and usual problems like hardware failures, communication errors, incorrect readings, and process working condi-
tions. After this process, feature representation has been done using fuzzy logic-based stacked data-driven auto-encoder
(FL_SDDAE). Using the fuzzy rules, the features of input data have been identified with general automation problems. Then,
for this represented features, classification process has been carried out using least square error backpropagation neural
network (LSEBPNN) in which the mean square error while classification will be minimized with loss function of the data.
The experimental results have been carried out for various datasets in automation of manufacturing industry in terms of
computational time of 34%, QoS of 64%, RMSE of 41%, MAE of 35%, prediction performance of 94%, and measurement
accuracy of 85% by proposed technique.
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1 Introduction

Soft sensor is a virtual inferential prediction method that
uses easily measured variables to forecast process vari-
ables that are difficult to measure directly due to techno-
logical, economic constraints as well as a complex envi-
ronment. Soft sensor attempts to construct a regression
prediction method between easily measured variables as
well as difficultly measured variables, which is used to
address issue that hinders measurements from being used
as feedback signals in quality control methods [1]. For
at least 10 years, there has been a growing trend in use
of data-driven Al (artificial intelligence) approaches to
enhance machines, processes, and products across several
industrial domains [2]. In recent years, reducing emis-
sions as a result of stronger environmental restrictions
has also been a major motivator [3]. However, gathering
the data required for such approaches is fraught with dif-
ficulties, one of which is the long life of industrial gear.
Official depreciation estimates range from (rarely) 6 to
more than 30 years, depending on the country, type of
machinery, and industrial sector [4]. Experience suggests
that, particularly in small and medium-sized businesses,
resilient equipment can last even longer in regular usage.
Soft sensor approaches are used more widely in industrial
processes, and they have become a key emerging trend in
both academics as well as industry [5]. Early academics
proposed model predictive control like generalized pre-
dictive control, dynamic matrix predictive control and
model control method, in light of model prediction in
industrial production process [6]. However, these soft
sensor prediction approaches have several flaws. ANN
(Artificial neural networks), rough set, SVM (support
vector machine) and hybrid techniques are some Al and
ML methods based on data-driven technologies that
have been proposed to solve issues where it is difficult
to measure key processes as well as quality variables for
soft sensor methods as a result of DL in soft sensor con-
trol method as well as continuous progress in engineering
technology [7].
The contribution of this research is as follows:

e To design novel techniques in automation of manufac-
turing industry where the dynamic soft sensors are used
in feature representation and classification of the data

e To collect the data cloud storage and create the virtual
sensors dataset based on gear fault detection, spindle
fault detection, and bearing fault detection in automa-
tion industry

e To represent the feature using fuzzy logic-based
stacked data driven auto-encoder (FL_SDDAE) where
the features of input data have been identified with gen-
eral automation problems.

@ Springer

e Then, the features have been classified using least square
error backpropagation neural network (LSEBPNN) in
which the mean square error while classification will be
minimized with loss function of the data

e Here the experimental results have been carried out in
terms of QoS, measurement accuracy, RMSE, MAE, pre-
diction performance, and computational time.

Research organization is as follows. In Section 2, related
works are described. Section 3 gives details of proposed
method. proposed method performance, and the results are
present in Section 4. Finally, Section 5 concludes the work.

2 Related works

DL-based techniques are recently exhibited solid representa-
tion competency and success in a variety of computer sci-
ence domains, including image processing, computer vision,
NLP, and more [8]. Stack autoencoder (SAE) [9], DBN
(deep belief network) [10], CNN [11], and LSTM [12] are
some of widely utilized deep network architectures. Greedy
layer-wise unsupervised pre-training, as well as supervised
fine-tuning, are highly important for DL architectures like
SAE. The SAE weights evaluated during unsupervised pre-
training step are used in supervised fine-tuning stage, which
is a more significant method than random weight initiali-
zation [13]. As a result, various industrial applications of
soft sensors based on SAE [14] are presented. Same authors
improved this result significantly by utilizing a TDNN in
[15].Mean error dropped to just 1.14 to 1.32% and 1.65°
to 3.08°, in the same conditions utilized in [16, 17]. As a
result, the type of network used in these two papers had a
significant impact on the algorithms’ performance. In [18],
an RNN is presented that collects information regarding
air—fuel ratio 4, ignition angle, and turbocharger boost pres-
sure in addition to rotational speed signal. Focus was on
neural network design, which had a significant impact on
the algorithm’s performance. To estimate cylinder pressure
curves, [19] uses a NN with RBF (radial basis functions) as
well as consequently no recurrence. Authors of [20] presents
a novel convolutional, BIGRU, and Capsule network-based
deep learning model, HCovBi-Caps, to classify the hate
speech and authors of [21] introduce BiICHAT: a novel BiL-
STM with deep CNN and hierarchical attention-based deep
learning model for tweet representation learning toward hate
speech detection. Authors of [15] do not use raw rotational
speed signal, but instead translate it into frequency domain
as well as process only first 20 harmonics, to earlier research
are used an RBF network. They also employ structure-borne
sound signal’s 21st—50th harmonics. As a result, the prepa-
ration of the given data is the most important aspect of this
project. The typical errors for pMax as well as its position
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in crank angle range are 3.4% and 1.5°, respectively. Using
a multi-layer perceptron, [22] predicts combustion param-
eters directly from crankshaft’s rotational speed as well as
acceleration data, in contrast to the previous studies (MLP).
The mean error lies between 1.38° and 9.1°, with a range
of 4.1 to 8.0%. A deep learning-based R2ZDCNNMC model
is proposed for detection and classification of COVID-19
employed chest X-ray images data [23]. Privacy of data
driven uses on the k-anonymity and 1-diversity supervised
models classifies the healthcare data [24]. Virtualization for
dynamics on cloud for network operation and management
is discussed in [25] and proposed hybrid model on cloud
ensures the maximum benefits from virtualization.

The effective implementations of SAE-based DL listed
above reveal a significant capacity to extract features. Deep
structures exceed typical soft-sensing prediction perfor-
mance thanks to unsupervised layer-wise pre-training as well
as supervised fine-tuning processes. Proposed industrial soft
sensors are static methods based on notion of a static process

as well as steady-state. However, the inherently dynamic
nature of industrial processes cannot be neglected. Chemi-
cal processes, for example, are highly dynamic, with current
state being linked to earlier ones. As a result, time-related
characteristics of time-series recorded data are important.

3 System model

This section discusses the proposed design in automation of
manufacturing industry based on dynamic soft sensors. Here
the data has been processed to recognize the missing value
and usual problems like hardware failures, incorrect read-
ings, communication errors, process working conditions.
Then their features have been represented in module 1 and
the represented feature has been classified in module 2 using
deep learning techniques. The overall research architecture
is given in Fig. 1.

Virtual dynamic soft sensor based
automation fault detection system

Spindle
Motor

Gear
System

Bearing
System

Cloud Module
Monitored Data > loT Module
] stored in cloud Data Transmission
module
Input Created dataset for
Data spindle, beanng

gear fault detection

} !

Analyzed and Classified
Fault Data

£

Faull analysis based Deep Learning
foature reprosentation Preprocessing module for fault
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Analysis based on spindle
pearing, gear faults of the|
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Fig. 1 Overall Proposed diagram for virtual sensor-based fault detection in automation industry
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3.1 Feature representation using fuzzy logic based
stacked data driven auto-encoder (FL_SDDAE)

ENotice is replaced Eq. (2) represents overall input—output
transfer function about general autoencoder (AE) structure.
The input (x1 € R¥)is supplied to hidden layer, whose out-

Vi)
put is utilized to reconstruct { x input through output
layer (y) as shown in Eq. (1).

\[‘1]

x =y ) (hory (7)) =2 M

An encoder or recognition model is another name for this
approach. Optimize variational parameters ¢ such that as
shown in Eq. (2):

q4(Z|x) ~ py(z|x) 2

As stated in Eq. (3), inference models are any directed
graphical model.

q¢(z|x)(zl,...,zM|x) = HZlq¢(zj|Pa(zj),x> 3)

In the directed graph, Pa(zj) is set of parent variables of
variable z;.

Po(X,2)
log py(%) = Egy (21 [tog pe(x)] = Eqpzo [log [p:(zlx)”

_E . Po(x,2) 44(Z|X) _E ) Pe(X,2)
= a0 18| ) pe(zlx || T8 g (e

ZE(M}(X)

q¢(z|x>”

E log| ———
+ qg(2]x) [ 0g [PQ(Z|X)

=Dy ( ag(2lx)|[po(2n))
“
The non-negative Kullback-Leibler (KL) divergence
between g,(z|x) and py(z|x) is the second term in Eq. (5):

DKL( q¢(1|x)||p9(ZIx)) >0 5)

The variational lower bound, commonly known as ELBO,
is the first term in Eq. (6):

Loy(X) = E, (4 [l0g Po(x,2) — log g4(z]x)] 6)

Because the KL divergence is non-negative, ELBO shows
a lower bound on data’s log-likelihood, as demonstrated in
Eq. (7).

Loy =1og po®) = D ( 4,21 |po(21%))

@)
< log pe(x)
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Vo Loy(X) = VoE, (s [108 Po(X,2) — log g,(z|%)]
= Ey a1 [ Vo (10g po(x.2) — log g,(z]%))]

~ Ve(log Do(X,Z) — log q¢(z|x)) = Ve(log Do(X, z))
®)
Because the ELBO’s expectation is taken g,(z|x), which is
a function of @by Eq. (9):

VLo p(X) = V¢[Eq¢(z|x) [10gpe(x, z) — logq¢(z|x)]

9
# Eyyapo [V (l0gpo(x. 2) — logg(z]%))] ©)

Apply a reparameterization approach to compute unbiased
estimates of V ¢£€,¢ (x), in case of continuous latent variables.

Replace an expectation w.r.t. ¢,(z|x) with one w.r.t. py via
reparameterization given by Eq. (10).

Lo 4(logx) = [E%(m) [log Po(X,2) — log q¢(z|x)]
(10)
=E,e [log Do(X,2) — log q¢(z|x)]

€~ P(e)z = g(¢’ X, €)£9¢(X) = 1Og pg(X, Z)

—log Q¢(Z|X)[Ep(e) [V9¢¢£0,¢(X§€)

11
= E,) [Vop (102 pe(x, 2) — log g4(z[x))] (1

= V9,¢(|Ep(€) [log Po(X,2) —log 4¢(Z|X)])
= Vg 4Los(X)

A simple factorized vGaussian encoder by Eq. (12)

q(zx) = N(z;p, diag(c?)) : (u, logo)
= EncoderNeuralNet,(x)g,,(z|xX)

= [Laotz® = [] Mz 0?)

Zz=u+o0e (12)

The log determinant of the Jacobian is given by Eq. (13):

oz
det<$>‘ = Zilog o; (13)

and the posterior density is given by Eq. (14):

log dy(x, €) = log

log gq,(z|x) = log p(€) — log d,(x,€) = Z[ log N(ei;O,l)

— log o;when z = g(€, ¢,X)

(14)

From Eq. (15)

T = E|(z - E[z|)(z - E[z]])'] = E[Le(Le)’| = LE[ee”|L" = LL"
(15)
Let Gx be defined: X C Rn— R, that is, a function on com-

pactset X=al,1 X ... X [an,pr] and analytic formula of Gx be
unknown.
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DefineN,(j = 1,2, ..., )fuzzyses A, A%, ... A" € [}, B}
which are normal, consistent, and complete with triangular MFs

/IA](.X :al b1 J),...,yA (/’ i bANf CN/ and

A<1<A.2 -~<A; with a! = b! = «, and bN’—cN g

j j j T T j )

which,

. ei—al, —ﬂl,ande’ b’iforj=23 N,—l
el =y, e —ﬂz,ande’ b, for j=2,3,...,N, -1

el =a, ey = pande, = b for j=2,3,...,N, - .
e Construct/ = N; X N, X -+ X N, fuzzy if-then rules in fol-
lowing form:

o RY":IFx, is A and x, is A} and
and x, is A’ Then y is Bi7, where
=12 Ny = 1,2, e Ny oo sjy = 1,2, N,

1"/n

and center of the fuzzy set Bii--/n, denoted by ; . , 18
chosen as Eq. (16):

jj.../n . ,
° yl :G(e’ll,...,ei;’)

191 = T(MA:—/'—M,[ (xl ), [,{A;—jn.i (xz), ey MAJ;II—/'/L[ (xn)) (16)

Therefore, from pz(y) = 1(9;, ug (), Vy € R, fuzzy infer-
ence produces fuzzy set of output by: My s ) =
t(s[’”ﬂl' (}))Vy ER. ME/I / = ﬂg/lfjn,(y))

fi(xq, %9, o, xp) = alxl + abx, + o+ abx, +abyg o
where ajf are parameters, and are evaluated by LSM.

‘Y(”B/l—ln.l O Hgj1—jn2 O, -

(#g,, (x.y) = min [MA1 (), /’[Az(y)], O EXXY)

pp (¥) = maxy, [squexmin<ﬂA’ =), My (x, ), oo Har (xn), Hpi ()’))]

[;i

1 ifx=x* | XYW
My (X) = . y =

0 otherwice B m
17
Since the fuzzy sets A}, ,A;.V’ are complete at every
x€X, then exist  ji,jp,...»j, such
that: min(yAl/ (xl),ﬂA;z(xz), e Hp (xn)S # 0.Let f(x)be

fuzzy system in (13) and G(x) be unknown function in (18). If

there

G(x) 1is continuously differentiable on X = [al,ﬁl]x
[az,ﬁz] [a ] then:
G 0G 0G
S - I TR
18)
16w sl <|| S| Jerrt =i+ [| S| e -]+ -+ |5 |_fei -

Sincel d(0)] |, = sup [dCOlthenIG ~ 11, = sup |G =1, we get:

a9G .

1+ +1 n

G =flle < H H z nax_ |c/ c/ |+ -+ o m1 _”r<nIax] |e’ e’n|
G G G

G - <l|=—I| m+||=—|| ha+-+ h

lIG=7lle 0x; |l ! ox, mlz ox, [l "

where infinite norm [|.||, is given as: [Jdw)l|,, = sup.exld)| and
h = maxlskg\,j‘e;‘“ -, G=12,....n

LetX''.../ = [e’i',e’i‘“] X [e’;e’;“] x
h=12...,N—1j,=12,....N,—1,..., j,=12,...,N,—1. Since
N—-1 N, . .
o081 = [¢-¢] [0 ¢ = 12, Froma. (19

Z;cll:, Z/n”tl] ykl'k" <m<ﬂA§1 (xl), 'uA,;Z (xz), N (X,,) ))

X [ef;’,e{,”“] , where

f(X) vi+1 v, +1
v im0y () ()
(19)
From (20), (21), (22), we obtain:
. ika! Jatl
f(x) = Zkl_Jl Z k=
m(pe () (5,))
TETR— . (20)
S T w1 (5)
* G(e/;‘, ,eﬁ")
(g () ) -
ki =i =iy h
B2 T m (s () (5))
21

m(w1 (51 oot (XH))
1

i DD i m(ﬂ i (61t 1 (-v,.)) } (22)
Gx) — ( b e‘)

G -l < Zp 0 2

max
ky=j,+1

G(x) — (e];' Y en ,eﬁ”)

From the Mean Value %=/ *1
From the Mean Value model is given (23) as:

|G(x) —f(x)| <A max

=1,j,+1

26
ox,

oG
ox,

26

+
0%, |l

ki
X, —e,

xz—e§3‘+~~+

Jet]) 23)

Since x€Xi7», means that x, € [41’31‘11“],
X € [eéz,eéZH] c X, € [d?,df“], have by Eq. (24),

‘xl | —e“sz_e | )e““ e’2|,,,,
and )x —e ‘eln*'l eJ,f for ky =j,,j; + 1,k (24)
=jojo+1,...;and k, =j,,j, +1

Then, (25) becomes:

(25)
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From (26), conclude that fuzzy systems in form.

G 0G oG .
| —= —= ., | — are finite numbers for any
0x, 0x,

oo, | 0x,
iiven e>0, select hl,hz,

., h, small enough such that
G hy+ |

oG
ox,

2 bt

(27):
sup,ex |G —f1 = |G —fllo <& 27

‘We can see from (28) that we need to know the boundaries
of the derivatives of G(x) about x|, x,, ..., X, to represent a
fuzzy system with a pre-specified accuracy.

oo 0x, )

Select a fuzzy method with a MIS, an SF, a CADand a
Triangular MF, which then derive using Eq. (29).

T v (minv_i”A, (%) )
Zi:l (minvij,r () )

T ) xj=dj C,i_"'] (29)
i1y |miny;( max( min,,; il BY
_ J J 7 J
! . ) x]—aﬁ c‘,—x]
Y-y |min,; ( max| miny, W ,0

The more rules you have, the more parameters you will have

fx) =

G G G and the more computation you will have to do, but you will get
ox; || 11 0xy ox, o 8 better accuracy. When initial parameters yi (0), aji (0), bji (0), ¢ji
(0) are specified, the fuzzy system becomes by Eq. (30).
N, N, J1=Jn [ . dkl !n CII !n(o)__xﬂ
) Zj1=1 Zjn y O _m <m <m 0 < ;/“m (0)- a’”’” © &7 0)-1 "0 -0 (30)
X) =

a/] —in 0)

Ny i GO,
21‘1:] Zjn [m<m< n<b,1,/,,(0) a/l—ln(o)’ /k'l—/'n(o)_b;‘l-fn(o) ’0

for a sigmoid activation function, it gives by Eq. (31):

A0 _ 1 !

lm_(zu’lw;ulgguﬁbgﬂ(n) "
= Z Z}gﬂ P lyu
YL(lt> = Y(r), Zf IZp 123 1K{’q Zzu)hgy “ (31)
1=a<zjf] w4 ol ‘”)1
€ {l,....s)yl =W (AWM, D) ke (1,...,r)
h[”‘:(f(z;l Wil 4 bg’”),ze{ r}
Thus, if consider X = ©,....0), 6" =ovr € {1,...,T),

the Taylor series expansion of h[”(” is given by Eq. (32)
PO 10 <§> + VA0
1 1 1

oo <X> (32)
(1)

_1 o
+2 a0 ew =37 Z WX gt
u=1 rp(u) u=1

N =

'

with w1 u, given by Eq. (33), and X® = < (’zl), ,xf;id‘)>

being a column vector of the input at time t. Let
H= (h[”(”, ,h[V](T)) ,forX = X then:

@ Springer

- o e T
H=n(x)=1{3}..{5} 33

(=)L o
where s is number of hidden neurons. Taylor series expan-
sion of Wk T isgiven by Eq. (34):

~ T (13) <H - 13) — (1})

")y,
21 1214 1 gplr® ( 0= E)

By replacing A" of Eq. (35) with /"""’ of Eq. (36):

()
w x(f)

ah[}’]m l Vie)
(35

y =Y (H)

TZ(H) ~ lP17;(}—_[) Zt— Zu 12\// 1
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Finally, by substituting

R0
ol _ | N 1 o7 s d I
h™ =0 Zm Wil P <H ) t7 Zm ZF] 2. Wi [+

v=1 ah[u}’](t)
(36)
0¥ (H)
[l _ r [PlgyT Fo el (D -
h _G<Zk=l Wik T <H> Zk— (Zv lZu 1 ah(Y)(l) val,kxw(w +

wh

/v

VY, <H>
s NG

y
N/ [p]
+Zv=l Zu:l BN lewlkxw(t)+bl
u

. v
2'g

(D
W,

aw< )

// (t) f [r1, lol

Zu 12 Zp 1241 1 ah[}’](l) 0 K gLy Lk
(37

derived features Wz through summations on indexes f, p,

and q combine features < ( "V and w[” ! ) extracted from both

Fuzzy based SAEs and gives compact representation of input
over time.

3.2 Least square error back propagation neural
network (LSEBPNN)

Let, training set in a C-class issue contains vector pairs

{(x\l’yl)’ (xzsyz),

input pattern and y,, €

(xP,yP) }Where x, € R refers to pth
{t |, e=1,2,. C;tce[Rc}refersto

target output of ¢ network correspondlng to this input.

All weights and bias terms are included in LSEBPNN’s
adaptive parameters. The training phase’s main aim is to
establish the best weights and bias terms for minimizing
difference between network output as well as target output.
The difference is referred regarded as the network’s train-
ing error. MSE for pth input patterg in the traditional BP
technique is £, = %Zf:] (tpk
pattern’s target value could be several. To put it another
way, any input pattern can have any target value with any
membership value. To put it another way, the training prob-
lem can be thought of as a fuzzy constraint fulfillment
problem.Suggested network modifies parameters through-
out training phase to ensure that these limitations are over-
come as efficiently as possible. The constraints for pth

-0° ) . It shows that an input
pk

input pattern are stated mathematically as fuzzy MSE term,
which is given by Eq. (38)

‘= %Zlil Zf:lﬂg(xp) (tck - 0;k>2 (38)

The learning laws for networks are derived using same
approach as traditional BP technique. Suppose that the weight
update, Dw, happens after each input pattern has been pre-
sented. Assuming that all weight changes in network are made
with same learning-rate parameter h, weight changes applied
to weights w and w are k j ji determined according to the
gradient-descent rules by Eq. (39), (40):

o

0

Awkj = _UWZ, and Ale. = —ﬂm (39)
G i

awg, = nuf(x,) = L, il (x,)05)
X0 (1_0 >0h (40)

pk
= n8° o
pk Pl

where by Eq. (41)
Y c
60 = [l (5,) = D i)y os(1-05) @
Again, from Eq. (42),

Aw;.‘l. = qf/ <net ) X,; 2111
ACAED N CALA A ST 42)
_ ',lfh (neth ) - ch B = n&ifjxp,-,

@ Springer



2892

The International Journal of Advanced Manufacturing Technology (2023) 128:2885-2897

where by Eq. (43)

c
h _ rh h 0.0
5171' _j;' <netpj ) Zk:l 5pkwkj'

In many circumstances, the traditional BP technique may
not converge quickly, when classes overlap. Because ambig-
uous vectors are assigned full weightage in one class, this
is case. In suggested version, error to be back propagated is
given more weight in the case of nodes with higher member-
ship values.

The learning algorithm’s purpose is to reduce the squared
error cost function, which is given by Eq. (44)

o _ 1 (e 2
li T3 Zq:l (d’?q v,-(s))

Equation (45), where m is total number of vectors in train-
ing data set given by

2
© _ 1™ (9 -1
i =3 E ol (di,q - wi(s)t.xOLd.q>

Partial derivative about w i (s) and equate it to zero to
determine weight vector that minimizes cost function given
by Eq. (46).

43)

(44)

(45)

aj(s) m
i (5) —
ow-(s) - Zq:l (_d,',qxout.q(f‘” + xout‘q(“‘)xout‘q“‘”ti(s)) =0
l
(46)
() _ m ) _ (s)
C,’ = 2q:lxout.q(“‘]>xout.q(“‘)tpib = dl‘quout.q("” (47)
In vector matrix form, Eq. (48) are rearranged as
(), (5) (5)
OWD = ¢ (48)

w® is weight vector to ith linear combiner in sth layer,

i

Eq. (49) is given as deterministic normal equation
1 ¢«
Wi = [C(s)] pgs) (49)

By equating partial derivative of performance index
ng) (n) and setting it equal to zero, the performance index is
minimised (50)

w @)
aJ(n) —&2 2" % ZNL D) (95,._R ® +eD) aej.l ®
Jwik)(n) =1 j=1| iR z)w?k)(n) 2 wav(ﬂ)
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=&=2 21:1 A Z,-:l [gf,k (Z)gf,k ® + C” (t)éf,l ® dw(vk)(n) -
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Fig.2 The flow chart for
LSEBPNN
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Table 1 comparative analysis for various fault situation for proposed and existing technique

Virtual sensor-based datasets ~ Techniques Computa- QoS RMSE MAE Prediction Measure-
of automation industry tional rate performance ment
accuracy
Spindle-based dataset CNN 41 59 47 43 91 76
RBF 36 61 45 40 93 79
FL_SDDAE-LSEBPNN 34 64 41 35 94 85
Gear-based dataset CNN 50 62 51 51 73 79
RBF 46 63 48 45 76 81
FL_SDDAE-LSEBPNN 43 67 43 39 79 85
Bearing-based dataset CNN 59 63 53 49 79 73
RBF 53 65 49 45 83 71
FL_SDDAE-LSEBPNN 49 68 45 41 86 84

Equation (51), (52) is set to the following

Z pe ,[{ (“(z) (k)(t)} (k)(t)f ( (k)(t))

51
+&{ %) o ke ar ($Hm)] xx® @ =o. eb
rm) = R mw® () (52)
where by Eq. (53)
(k)(n) Zt—l An—l
x| owiar (shom)
e o or (shm))|
xx® (1)
R(k)(n) — Z”l /ln_tX(k)*(l‘) (53)

[C(")(t)y"‘)(t)f (sh0)
oo (450
xs® (Dx® (1),

Now, define a matrix operation for simplicity
A ©B =ALBy +jA;B,. The flow chart for LSEBPNN is
represented in Fig. 2.

4 Performance analysis

Proposed method is implemented into a prototype software
system utilizing Python 3.7 to evaluate and assess potential
contribution of proposed strategy for future real-world appli-
cations. Resources utilized to combine proposed method
were an Intel 17 processor (Intel(R) Core(TM) 17-3770 CPU
@3.40 GHz 3.80 Ghz) and an eight (8) gigabyte RAM (Intel,
Santa Clara, CA, USA) (Samsung, Seoul, Korea). Microsoft

Windows 10 was the operating system on which the sug-
gested system was hosted and tested.

Table 1 shows comparative analysis for various fault situ-
ations for proposed and existing techniques. Here the fault
situation has been detected by virtual sensor-based datasets
of automation industry. The parametric analysis has been
carried out in terms of QoS, measurement accuracy, RMSE,
MAE, prediction performance, and computational time.

Figures 3, 4, and 5 show comparative analysis for vari-
ous virtual sensor-based datasets from automation industry.
The dataset collected from cloud is based on spindle fault
detection-based data, gear fault detection-based data, and
bearing fault detection-based data. For spindle fault detec-
tion data, the proposed technique obtained computational
time of 34%, QoS of 64%, RMSE of 41%, MAE of 35%,
prediction performance of 94%, measurement accuracy of
85%.The proposed technique obtained computational time of
43%, QoS of 67%, RMSE of 43%, MAE of 39%, prediction
performance of 79%, and measurement accuracy of 85% by
gear-based fault detection dataset. For bearing fault detection
data, the proposed technique obtained computational time of
49%, QoS of 68%, RMSE of 45%, MAE of 41%, prediction
performance of 86%, and measurement accuracy of 84%.
From the above analysis, proposed technique obtained opti-
mal results for all the fault detection based on automation
industry data.

The fundamental challenge in dealing with soft sensor
principles is a lack of understanding due to their novelty
and, as a result, a lack of typical mathematical descriptions
or structure. On the other hand, it allows for more creative
expression. In general, vast arrays of statistics for calcula-
tions are required when working with soft sensors. It is vital
to have a thorough understanding of the controlled process’s
principles, physical characteristics, and the parameters’
relationships.
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Fig.3 Comparative analysis of spindle-based dataset in terms of a computational time, b QoS, ¢ RMSE, d MAE, e prediction performance, f

measurement accuracy

5 Conclusion

This research propose novel technique in virtual soft sen-
sor-based fault detection in automation industry using deep
learning technique integrated with cloud module. Here
the aim is to design novel techniques in automation of

@ Springer

manufacturing industry where the dynamic soft sensors are
used in feature representation and classification of the data.
The data has been collected from cloud storage and cre-
ated the virtual sensors dataset based on gear fault detection,
spindle fault detection, and bearing fault detection in auto-
mation industry. Then to represent the feature using fuzzy
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Fig.4 Comparative analysis of gear-based dataset in terms of a computational time, b QoS, ¢ RMSE, d MAE, e prediction performance, f meas-

urement accuracy

logic-based stacked data-driven auto- encoder (FL_SDDAE)
where the features of input data have been identified with
general automation problems. Then the features have been
classified using least square error back propagation neu-
ral network (LSEBPNN) in which the mean square error

while classification will be minimized with loss function
of the data. Here the experimental results have been carried
out in terms of computational time of 34%, QoS of 64%,
RMSE of 41%, MAE of 35%, prediction performance of
94%, and measurement accuracy of 85% has been obtained
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Fig.5 Comparative analysis of bearing-based dataset in terms of a computational time, b QoS, ¢ RMSE, d MAE, e prediction performance, f

measurement accur acy

by proposed technique. One is that nonlinear systems’ pre-
dictive control cannot be solved successfully. Another issue
is that stability as well as resilience of multivariable pre-
dictive control algorithms must be addressed, and accurate
principle models for complex systems are extremely dif-
ficult to construct. Despite the contributions made so far,

@ Springer

there are still areas where future work might be improved.
On the loss function, targeted-output regularizes would
extract even better features, improving the suggested work.
Another future intervention would be to use approaches on
the unsupervised pre-training to identify dynamic-related
aspects. In addition, industrial research scenarios were used
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to apply the proposed method, however developing a soft
sensor proposal for a real-world industrial scenario could
be challenging. Non-linearities, abnormalities, and highly
complex ecosystems must all be taken into account. The
industrial study cases have shown to be suitable and widely
used in the implementation and evaluation of models, and
they serve as the foundation for many contributions in this
field of research.
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