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Abstract: Singular Perturbation Margin (SPM) and Generalized Gain Margin (GGM) are Phase Margin (PM) and
Gain Margin (GM) like stability metrics. In this paper, the problem of SPM and GGM assessment for Linear
Periodically Time-Varying (LPTV) systems is formulated, which provides a necessary step for the development
of the theoretically based and practically efficient SPM and GGM analysis methodology for multivariable
Nonlinear Time-Varying (NLTV) systems. Here, Chang transformation makes it possible to reduce the SPM
analysis for Hill equations, which is essentially a stability problem of higher order LPTV systems due to the SPM
gauge introduced dynamics, to second order LPTV systems. Based upon Floquet Theory, when different types of
LPTV SPM gauges are designed, the SPM and GGM assessment methods for the second order and general order
LPTV systems are established and stated by the corresponding lemmas, theorems and corollaries. The
effectiveness of such methods are illustrated by an examples of a flexible inverted pendulum.

Keywords: Stability margin, Singular perturbation, Regular perturbation, Linear periodically time-varying
systems, Hill equation.

1. Introduction systems in different fields, since the first half of the
20% century, more study effort was put on Meissner

Research on periodically time-varying systems can equation [6], Mathieu equation [7], the solutions [8]

be traced back to M. Faraday [1] in 1830s; the first and the stability behavior of the above equations [9],
detailed theory study for Linear Periodically Time- etc. Through the continuous hard work of scholars for
Varying (LPTV) systems is given by E. Mathieu [2]; the recent 60-70 years, the research methodology of
G. Floquet established Floquet theory [3] in 1883, ~ LPTV systems has been formed a relatively mature
which forms the basis of a great many of the body of knowledge, and can be roughly divided into
descriptions of parametric behaviors [4]; one of the three categories: 1, find the time invariant equivalent

most significant earlier papers on periodically time- system for the periodically time-varying system and
varying systems was G. W. Hill [5], whose name has further discuss the problems of stability and pole
been given to the general class of the second order assignment [10-13]; 2, analyze the controllability and
periodic differential equations, and his research is the observability of LPTV systems based on the state
first investigation of a practical problem in such field. ~ transition matrix of one period [14,15]; 3, Lyapunov

Due to a growing number of applications of LPTV methods [16-19].

http://www.sensorsportal.com/HTML/DIGEST/P_3263.htm 1
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Stability is a key problem in the design of
automatic control systems, and in engineering
applications, not only the question whether the system
is stable is must be known information, but also the
quantitative criteria of stability is pivotally demanded.
Recently, Singular Perturbation Margin (SPM) and
Generalized Gain Margin (GGM) [20] have been
proposed as the classical Phase Margin (PM) and Gain
Margin (GM) like stability metrics for Single Input
Single Output (SISO) Linear Time Invariant (LTI) and
Nonlinear Time Invariant (NLTT) systems [21] from
the view of the singular perturbation and the regular
perturbation. Due to the distinguishing feature of the
exponential stability of the equilibrium point, i.e. the
robustness to the nonvanishing regular perturbations,
the concepts of SPM and GGM have been investigated
towards to the establishment of the quantitative
exponential stability metrics for general Multi Input
Multi Output (MIMO) Nonlinear Time Varying
(NLTV) systems, defined by the maximum singular
perturbation parameter, denoted by & and the

regular perturbation
and Kk that render the

perturbed closed-loop system at onset of instability to
gauge the capability in accommodating singular
perturbations (parasitic dynamics) and regular
perturbations (parametric dispersions). Some basic
results of stability margin are listed in [22].
Furthermore, the long term effort of such research is
the development of the theoretically based and
practically efficient SPM and GGM analysis
methodology to facilitate the nonlinear and time-
varying control system design.

Based upon Floquet Theory, which provides
necessary and sufficient conditions of the exponential
stability (equivalent to the asymptotical stability and
uniformly asymptotical stability for LPTV systems),
the present paper begins the aforementioned research
road map of SPM and GGM analysis for LPTV
systems. The assessment theorems of second order
LPTV systems are individually conceived and special
attention is paid to the most commonly occurring
periodic differential equations, Hill Equations. From
the theoretical point of view, the LPTV SPM and
GGM assessment methods developed in the present
paper could be directly carried out when applied to
nonlinear periodically time varying systems at the null
equilibrium by Jacobian linearization thereof
according to the equilibrium theorems [21], and would
be a necessary step to be further applied to stability
margin analysis of many challenging nonlinear control
problems when more nonlinear properties are
considered, such as domain of attraction. From the
practical point of view, the SPM and GGM have
bijective relationships with the PM and GM [20],
respectively, and the results here are potentially useful
to facilitate the periodic system design due to the large
range of application-oriented LPTV problems [4].

In this paper, the problem of SPM and GGM
analysis for LPTV systems is formulated in Section
Objectives; the main results: decoupling technique of

maximum and minimum
parameters, denoted by k

'min

the singularly perturbed LPTV systems; SPM and
GGM gauge design; SPM and the GGM assessment
methods, examples etc., are listed in Section 3,
Section 4 and Section 5; Section 6 concludes the whole
paper's with some insightful remarks.

The symbols used in this paper are shown in
Table 1.

Table 1. Symbols.

Symbols M eanings
£ Singular Perturbation Parameter
E nax Exact SPM of the Nominal System
N Estimated SPM of the Nominal
e System
k Regular Perturbation Parameter
K i s Ko Exact GGM of the Nominal System
Kmn ’ Kmx Estimated GGM of the Nominal
System
Ggy SISO Linear SPM Gauge
Gaam SISO GGM Gauge
R Field of Real Numbers
A time interval in R which could be a
Q finite interval [to,tf J or an infinite
interval [t,,e)
T System Period
o(T,0) Discrete Transition Matrix (DTM)
0,k (7,0) | DTM of Regularly Perturbed System
@penc(7,0) | DTM of Singularly Perturbed System
W(t) Wronskian Matrix
A Floquet Characteristic Multiplier
p.(t) Parallel Differential Eigenvalue
) System Matrix of pt-order
approximated slow system
An(® System Matrix of the Nominal System
2. Objectives

The SPM and GGM analysis for a closed-loop and
well-designed LPTV control system (also called
Nominal System)

X= A (DX, ()

where Xe R" is the state vector, A, (t)is bounded
and continuously differentiable, satisfying

Aon(®) = Agn(t+T) 2)

with T the system period, is referred as to the
quantitative assessment of the capability of the
exponentially stable null equilibrium (origin) in
accommodating singular perturbations and regular
perturbations:

1) Design the SPM gauge and GGM gauge for the
specific perturbations;
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2) Determine the stability of the perturbed system
using stability criterion when different singular
perturbation parameters and gain parameters are given
respectively;

3) Obtain the SPM and GGM by the marginally
stable situation of the perturbed system;

4) Reveal the relation between the characteristics
of the nominal system (1) and its exact SPM and GGM
or estimated SPM and GGM.

3. Stability Criterion and SPM/GGM
Gauges

We first introduce a necessary and sufficient
exponential stability condition for LPTV systems that
will be used in the sequel.

Lemma 1. [4] The natural response of an LPTV
system is stable, if and only if no eigenvalues of the
Discrete Transition Matrix (DTM) have magnitudes
greater than one and that an eigenvalue with unity
magnitude is not degenerate.

The eigenvalues of the DTM is also called Floquet
characteristic multipliers of the periodic system. The
SPM and GGM analysis is based on the specific gauge
design, i. e. gauge based stability metrics. The SPM
gauge can be designed as either an LTI or a Linear
Time Varying (LTV) system demonstrating the
interested properties of the singular perturbation term,
which is a priori for a specific control design, such as
the simplification assumptions of the high fidelity
mathematical model.

The SSO LTV SPM Gauge Gg,, is given by

ez=A (H)z+B,u,

y=C,z, 3)

where A (t) is a mxmbounded and continuously

differentiable function matrix, B, and C, are

bounded mx1and 1xm, constant matrices, U and y
are the input and output of the SPM gauge. If the
system matrix A, (t) is a periodic function matrix
satisfying A, (t) = A, (t+T) with T the system period,

system (3) is called an SSO LPTV SPM Gauge,
furthermore if the system matrix of the SISO LTV
SPM Gauge satisfies the semi-proper condition (also
known as the functional commutativity)

A DA ()= A (DA () forallt,ze Q, (4)

where € is a time interval in R which could be a
finite interval [to,tf] or an infinite interval [t,,c),
system (3) is called a Semi-Proper SO LPTV SPM
Gauge; if the system matrix A, (t) satisfies the slowly

varying condition [23], system (3) is called a Sowly
Varying S SO LPTV SPM Gauge; if the system matrix
A (t) is a constant matrix, system (3) is called an

SO LTI SPM Gauge, which is a special case of the
SISO LPTV SPM Gauge.

il

The SISO LTV GGM Gauge, denoted by G, . is

a scalar function of time K(t), and the SSO LTI GGM
Gauge is a constant K in the closed-loop system.

4. Perturbed Hill Equation
4.1. System M odel and Perturbations

The transition matrix of a general order LPTV
system is analytically intractable in Lemma 1, but for
the second-order cases, the Floquet characteristic
multipliers can be written as

2
Ay :%i (%j -1 where r =trace{o(T,0)}

and ¢(T,0) is the Discrete Transition Matrix (DTM)

of the second-order LPTV system. For the second-
order cases, the general form

X+o,(HX+ e, (1)=0

can be converted into an expression without a first
derivative, and the classical form is [4]
&)

y+@-2ap)y=0, wO)=y(t+nx),

where function y/(t) has a period of 7 and a,q are

constant parameters, is identified as Hill equation. Hill
equation is not only the model in many applications,
but also has significant meaning for general second-
order equations. When the singular and regular
perturbations are considered in the closed-loop, the
block diagram of Hill equation with corresponding
perturbation sites is shown by Fig. 1.

II—‘M‘—‘- Integrator Block
@—@ @D & @ Perturbation sites

Fig. 1. Block Diagram of Hill Equation with Perturbations.

Design the SISO LTV SPM gauge Gg,, at the

perturbation sites, which is essentially the fast system
in the multi time scale closed loop, and the singularly
perturbed system is given by

X=A,x+A,1)z

. (6)

EL= A&](t)x"' A&z(t)za
where the singular perturbation parameter £ describes
the time-scale separation, A, (t), A,(t), A, (1), A, ()
are function matrices that are dependent on the
perturbation site and the SPM gauge design, and

ze R"is state vector of the fast dynamics. When the
SISO LTI SPM gauges is designed at the perturbation
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sites, which might have the equation forms as [20]
minimum-phase  gauge, zero-error gauge or
approximately-linear phase gauge, etc., the singularly
perturbed system is given by

X=A,(Ox+A, 1)z

. )
ez=A,(H)Xx+A,z

where A, becomes a constant matrix. When € =0,
the systems (6) and (7) are reduced from (n+m)-th to

N -th order nominal system (1).
With the regular perturbation parameter
k € (—o0,00) the regularly perturbed system can be

written as

x= A, k)x (8)

and when the regular perturbation parameter k=1,
the regularly perturbed model (8) becomes the
nominal system, A(t,1)= A, (t).

4.2. Decoupled Slow and Fast Systems

The singularly perturbed system (7) can be totally
decoupled to slow and fast system by Chang
transformation.

Lemma 2. With the SSO LTI SPM Gauge, the
decoupled slow system of the singularly perturbed Hill
equation (7) is «till a Hill equation with the same
period to the nominal system.

Proof. Consider the two perturbation positions,
Site 1 and Site 2, in the loop of Fig. 1.

Site1: With the SISO LTI SPM Gauge, the system
matrices of the singularly perturbed system in form of
(6) are given by

[0 1] 4 gof0 - 0
A=l o A= (-a+2qp®))C, |
A, =B [l 0L.A,=A,

where A,,B,,C, are the parameter matrices of

the SISO SPM gauge. Chang transformation [23] is
given by

&1 [1-eHOL®) —-eHO[X] .. [x
M{ L(t) I MZ}_S(UM’

where function matrices L(t) and H(t) satisfy
Differential Riccati Equation (DRE) and Differential
Sylvester Equation (DSE)
LM =LOA, +- A - LOAOLO - ALD
~H® = AHO+A,O-HOLOA,®

~~ HOA, - A, OLOH(O

For Chang transformation, the iterative solutions of
the DRE and DSE in form of

L(t)= isifj ), H)= igj Am,

where

Ek+1 = '%721 |:Ek + Ek (A] - AZEk ):|,k =0,1,2,...

Fuo =| i+ LA, + (A - AL) A, AL
k=0,1,2,...
and p"-order approximated slow system is given by
Aspt.6) = A, = A, DL, (Le)  (10)
Then, the slow system is given by

Ao = A, = A, (OL(D)

0 1
) [(a—zqw(t))cf L) (a-2ap()C, Lz(t>j’

where L, (1), L, (t) are the column vectors of L(t), and
the second order equation becomes

X+ (20p(t)—a)C, L, (t)x+(2qw(t)-a)C, L (t)x=0
(11)

By transformation

X(t) = exp{—% [ carm-a)c, L2dt} y(t)

Eq. (11) is transformed to
y=—{(2ap(®)-a)C,L, () -ay()C, L, (t)

_%(qu/(t)— a)’(C,L, (t))z} y

which is a Hill equation with the same period to
function w(t).

Site 2: With the SISO LTI SPM Gauge, the system
matrices of the singularly perturbed system become

A, = 0 0 A1) = 0 C o
Pleat2qut) o)™ o L o

A, =By [O 1]"0&2 =A,

By Chang transformation, the slow system is given by

Ason(®) = A, (D)= A,L(D)
_[ C. L) C, LZ(t)j
C~(a-2ap®) 0
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and the second order slow system becomes

Cil,

X-(C/ L +eg)x+(C L -

Ci LG Ly
C' LZ

(12)
+(2qp(H)-a)C,L,)x=0

which can be denoted as X+, (t)X+ o, (t)x=0.
Then, by transformation

1 ¢t
X(t) = exp{—gfo @, (t)dt} y(t)
Eq. (12) is transformed to be

(t) = —{al O30 (t)} y(t)

which is a Hill equation. w

Lemma 2 makes it possible to reduce the stability
problem of higher order LPTV systems (introduced by
the dynamics of SPM gauge) into a second order
LPTV system. With the similar proof, Lemma 2 can
be generalized for Semi-Proper SISO LPTV SPM
Gauge and Slowly Varying SISO LPTV SPM Gauge,
due to the application conditions of the iterative
solutions of Chang transformation (9)[23][24].

Lemma 3. With the Semi-Proper S SO LPTV SPM
Gauge or the Sowly Varying SISO LPTV SPM Gauge
and T=7x , the decoupled dow system of the
singularly perturbed Hill equation (6) is still a Hill
equation with the same period to the nominal system.

4.3. SPM Assessment of Hill Equationswith
SISO LTI SPM Gauge

By Lemma 2, it is known that with an SISO LTI
SPM Gauge, the singularly perturbed Hill equation
can be decoupled to a fast system and a slow system.
The following Theorem 1 is a direct result of the
definition for SPM, Lemma 1 and Lemma 2.
Theorem 1. With S SO LTI SPM Gauge, the SPM of
the LPTV nominal system is equal to the maximum
singular perturbation parameter of the slow system

satisfying
£, =SUp{E €€ (0,8)}

when g€ (0,€) no eigenvalues of the DTM of the
slow system have magnitudes greater than one.

When the perturbation is added in Site 1, design
the LTI SPM gauge as a second order minimum-phase
fast system, which has a transfer function

a)2
0
(€9 +2¢w,(e9)+ @)

L (S) =

Consider a Mathieu equation, which is a special
case of Hill equation.

y+(a—2qcos(2t))y=0

Numerically calculate the DTM for Mathieu equation
and check the eigenvalues of the DTM for the stability
situation (Lemma 1). The stability diagram is shown
by Fig. 2.

10

-10 -8 -6 -4 -2 ] 2 4 & & 10

Fig. 2. Stability diagram for the Mathieu equation. Blank
regions correspond to stable solutions and shaded regions to
unstable solutions. The diagram is symmetrical about a axis.

In the expression of the slow system, matrix L(t)
can be obtained by the iterative expression and the
slow system is given by

Ao = A, = A, (OL(D)

(01 0 0)
_[o oj_ (2qcos(2t)-a)@] 0 ©
Lty =3 e'L,(t)

j=0

E0 = A;;A&lv Ek+1 = Agzl |:Ek +Ek (Al _Asz):|
k=0,1,2,...

The parameters are: a=3,q=1,@, =2,{=0.2.

Numerically calculate the DTM for the slow
system and check the eigenvalues of the DTM for the
stability situation (Lemma 1). The stability situation is
different with different singular perturbation
parameter €, and the results are shown by Table. 2.

Table 2. Stability of the slow system with different
singular perturbation parameters (Site 1).

Max magnitude of
No. £ theeigenvaluesof | Stability
the DTM

1. 0.01 1.0 yes

2. 0.03 1.0 yes

3. 0.04 1.0 yes

4. 0.05 1.05 no

5. 0.06 1.06 no

According to Table. 2, the definition of SPM and
Theorem 1, it is obtained that £ =0.04.
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4.4. SPM Assessment of Hill Equationswith
SISO LTPV SPM Gauge

The following Theorem 2 and Theorem 3 establish
the SPM assessment methods when the Slowly
Varying SISO LPTV SPM gauge and the Semi-Proper
SISO LPTV SPM gauge are designed, respectively.

Theorem 2 (SPM Assessment of Hill Equation
with Semi-proper SISO LPTV SPM Gauge:
Consider the Semi-Proper S SO LPTV SPM Gauge (3)
with system period T=7x, and the Parallel

Differential - Eigenvalues of coefficient matrix A, (t),
Re(p, (1)) <—€<0, k=1,2,..,.m The SPM ¢ of
Hill equation (5) can be estimated by £ which
satisfies

max,p !

& =minfg &}

max, p

2
gl*zsup 5*| %i (%\J -1|<1, VEE[O,E*) (13)

wherer = trace{d,, ,(7.0,6)} , and 4,,, ,(7,0,¢) is

the DTM of pth-order approximated slow system (10),
and for the parameter ¢, , the function matrix L,(t, &)

are the bound and pth-order iterative solution of the
DRE for Chang transformation, with an estimate error
é £,.|— 0, when p — o, for &, > ¢

max, p

The proof of Theorem 2 relies on the following
Lemma 4, which is an important result in its own rights
and applicable to not only the second order LPTV
systems, but also the general order LPTV systems.

Lemma 4 (Continuity of Floquet Characteristic
Multipliers with Respect to Singular Perturbation
Parameter): Consider the Semi-Proper SSO LPTV
SPM Gauge (3) with system period T =z, and the
Parallel Differential - Eigenvalues of coefficient
matrix A, (), Re(p,(t))<-c<0, k=1,2,...,m The
Floquet characteristic multipliers of the pth-order
approximated slow system A (t)- A, ()L, (t,e),
p=12,... are continuous with respect to the singular
perturbation parameter €.

Proof of Lemma 4:

When the semi-proper SISO LPTV SPM Gauge
(3) is designed in the loop of Fig. 1, from the
expressions of singularly perturbed system on Site 1
and Site 2, it can be seen that the system matrix
satisfies A, (t) = A, (t) in the form of the standard

singularly perturbed system (6). According to the
assumptions that the function matrix A, (t) satisfies

the semi-proper condition (4) and the Parallel
Differential-Eigenvalue condition

Re(p, (1)) <—€<0, k=12,...m

Theorem 1 in [23] guarantees that for sufficiently
small singular perturbation parameter £ < ¢, <1, the
iterative form of the DRE in Chang transformation can
be written as (9) and the pth-order approximated
solutions converge to the exact solutions when

p—>eco.

By the continuity of L(t,€) and L, (t,&) with
respect of &, function matrices A, _(t,&) and

Ayoup(t,€)  are
Furthermore, the DTM of pth-order approximated
slow system and the exactly decoupled slow system,
denoted by ¢, ,(7,0,&) and ¢, .(7,0,€), at &

continuous of parameter &

can be written as

¢dow, p (ﬂ-a 07 8) = Wsjuw, p (ﬂ-’ g)W;(:w, p (07 8)

(14)
¢sl0w,oo (ﬂ.v O’ 8) = Wslow,oo (ﬂ" g)Ws;c:w,oo (07 8)

where W, (t,e) and W,

matrices of the pth-order approximated slow system
and the exactly decoupled slow system, generated
from the fundamental solutions of the approximated
and exactly decoupled slow systems. Since the
solutions of the ordinary differential equation are
continuous with respect to the coefficient, Wronskian
matrices in (14) and the DTM ¢, (7,0,¢) and

Pyon.. (7,0,€) are continuous with respect to the

(t,e) are Wronskian

ow,e0

singular perturbation parameter £ . By the definition
of Floquet characteristic multipliers of the LPTV
system and since the characteristic polynomial of a
matrix is a continuous function of the matrix, the
Floquet characteristic multipliers of the pth-order
approximated slow system and the exactly decoupled
slow system are continuous with respect to £. [

Proof of Theorem 2:

In [23], it is proved that for sufficiently small
singular perturbation parameter, the iterative
solutions,

L -L,m] =0, [HbH-H, ®f=0E"")
and then

| Ao (6:6) = Ay (1,6)]| = O(£P™)

Hence, the pth-order approximated slow system
converges to the exactly decoupled slow system
Ay, .. (t,e) when p—>oo.

Then, since the solutions of the ordinary
differential equation are continuous with respect to the
coefficient, by the definitions of Wronskian matrices
and the DTM of pth-order approximated slow system
and the exactly decoupled slow system (14), we have

[P (750, €) = By, .. (7,0,6)| > 0, p— oo
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Since the characteristic polynomial of a matrix is a
continuous function of the matrix, we have

[4(9up (7:0.6)) = (9. (7,0,8))| > 0, p—> oo
Define the functions M (&) and M_(¢) as

M, (&) = max‘/l(;/ﬁs,mp(ﬂ,o,e))‘ -1, p=12,..
M_(£) = max|A(@sg,... (7,0, )| -1

which satisfy
M, (£)-M_(&) >0, whenp e (15)

By the definition of SPM [20] [21] and Lemma 1,
singularly perturbed LPTV system becomes unstable
when € increases to a certain value &, , namely,

max

M_(e)<0, forO<e<eg,,
M_(e)=0, fore=g,

By Lemma 4, function M_(g) is continuous with

respect to €, and there exist a small constant ¢>0
such that

M_(e)<c, for O<e<e,,,
Employing Eq. (15), we have

M (e)<c, forO0<e<eg, ,p—ee

By Lemma I, for 0<e<eg,, , Pp— o, the Floquet
characteristic multipliers of A, ,(t,€) satisfies

2
|/1L2|:%J_r (%) ~1|<1

and the null equilibrium point (origin) of the p™ order
approximated slow system is exponentially stable.
Then, the estimated SPM & which is obtained

max,p
from (13) satisfies

gmax,p 2 8max > When p —>

On the other hand, according to Lemma 4, function
M (&) is continuous with respect to &, it can be

proved

Eomp SE

when p — oo

max ?

For £, > ¢, we have & =g . Then, the estimate

max, p

error of the pth-order estimate £, , is

A

£ — &

max, p max 2

fore, >g, p—oo O

Theorem 3 (SPM Assessment with Sowly
Varying LPTV SPM Gauge): Consider the Sowly
Varying 9SS0 LPTV SPM Gauge (3) with system
period T =7z. The SPM ¢, of Hill equation (5) can
be estimated by & which satisfies (13), with an

estimate error

max, p !

€ raxp —Em| = 0, WheN p — oo, for &, > &/

The proof of Theorem 3 is similar to the one of
Theorem 2, and the slowly varying condition
guarantees the convergence of iterative solutions.
When the SISO LTI SPM Gauge is given, the
following Corollary 1 is a direct result of Theorem 2
and Theorem 3.

Corollary 1 (SPM Assessment with LTI SPM
Gauge): Consider the SISO LTI SPM Gauge (3). The
SPM ¢, of Hill equation (5) can be estimated by

& ux.p » Which satisfies (13), with an estimate error

€| = 0, When p — e

max, p

|£‘

4.4. SPM Assessment of General Order LPTV
Equations

The DTM, denoted by ¢(8,0), is a key point for

the stability margin assessment, and according to
Floquet theory

X(t+ mo) = $(6,0)" x(t)

let t=0and m=0,1,2,....,n in the above equation,

through simulation to know the value of
X(0), X(6),...,X(n@), and then the elements of ¢(6,0)

becomes an N’ algebraic equation.

Due to the numerical methods for DTM, the
algorithms of Section 4.3 and Section 4.4 can be
generalized to any order LPTV system to obtain the
singular perturbation margin.

4.5. GGM Assessment of Hill Equations

The GGM is essentially a measure of regular
perturbations. Due to the explicit DTM expressions of
second order periodic systems, Lemma 1 can be
directly used for the GGM assessment of perturbed
system X= A(t,k)X by the definition of GGM.

Consider Meissner Equation and Hill equation with
impulse coefficient as examples, as shown by Fig. 3.

vt w(r),

e B B

-1 I
l T Fid r
Unit Rectangular Waveform Impulse Waveform

Fig. 3. Meissner Equation and Impulse
Coefficient Hill Equation.
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GGM Assessment of Meissner Equation.

Meissner Equation is a well-known Hill equation,
when the function y/(t) is unit rectangular waveform
in (5), which can be viewed as the pair of constant
coefficient equations.

X+(a-29)x=0, 0<t<r7

X+(a+2q)x=0, 7<t<rz

The DTM of Meissner equation is given by

1
cosd(r—7 —sind(r—-7
(7.0) = (r—7) g (7—7)
—dsind(x—7) cosd(r—71)
cosCr lsinCT
c
—CsinCr  cosCr

where d = \/(a+ 2q),c= \/(a—zq) .
Case 1. With constant regular perturbation parameter
k in the closed loop, either Site 1 or Site 2 in Fig. 1, the

DTM of the regularly perturbed system is given by the
above ¢(x,0) , albeit the parameters Kk dependent.

Denote
d =dvk = /(a+2q)k, T =cvk =/(a-2q)k
The characteristic multiplier can be written as
A, =r/2%4(r/2) -1

and
r= trace{g/}pm,k (m, O)} =2cos a(ﬂ' —T)cosCT

d ©). = .
—| =+= [sind(x —7)sinC7t

c d
By Lemma 1, the stability diagram for Meissner
equation with GGM parameter K is shown by Fig. 4.

40
35

casel ...l

O The stable houndary of
perturbed (a,q) in casel,

A case2 and case3, respectively

A : The nominal (a,q) in case2, where nominal a=20, nominal q==5

x :unstablefa, q)

Blank area: stable(a,q)

Fig. 4. Stability Diagram for Meissner Equation
and GGM Assessment.

In Fig. 4, the blank area represents the stable
solutions of Meissner equation with the parameter
couple (g,a) . When the nominal system with
parameter couple (q,,8,) , is perturbed by regular
perturbation parameter K, then (g,a) will move along
the line a/ =3, until the couple (g, ,a, ) first touches

the boundary of the blank area, i. e. the regularly
perturbed system becomes marginally stable, which is
shown by the legend square. Then, the GGM k. and

Kk

'min

Case 2. When Meissner equation is regularly

are obtained.

perturbed on parameter q. The parameters d and Cin
the DTM of the regularly perturbed system become

d =./a+2qk,C=/a—2qk . InFig. 4, when a=20,

the legend circles show boundaries of stability
solutions, and with q=-1 as the nominal system

parameter (point A), the GGM of Meissner equation is
k..=16,k, =-16.

Case 3. When Meissner equation is regularly
perturbed on parameter @, the parameters d and Tin
the DTM become d = \/ak+ 2q,C= \/ak—Zq. In

Fig. 3, the legend triangle represent the boundaries of
stable solutions.

GGM Assessment of Hill Equation with an
Impulsive Coefficient
When the function w(t) is impulsive waveform in

(5), the DTM is given by

#(7.0) = cosdﬂ—ésindiz ésindiz ’
—(dsindz+cosdr) cosdxw

where d =,/(a+2q).

Case 1. With constant regular perturbation
parameter K in the closed loop, the DTM of the
regularly perturbed system is given by the above
@(,0) , albeit the parameters k dependent. Denote

d =dvk = /(a+2q)k,

The characteristic multiplier can be written as
Ao =r/224(r/2) ~1

where

r= trace{¢pat,k(7r, O)} =2cos aﬂ—%sin dr

By Lemma 1, the stability diagram for Hill
Equation with an impulsive coefficient and the regular
perturbation parameter k is shown from Fig. 5. The
legend square shows the GGM when a/q=2.5.
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O The stable boundary of
O perturbed (a,q) in casel,
A case? and cased, respectively.

x :unstable(a, q)
Blank area: stable(a,q)

A : The nominal (a,q) in case2, where nominal a=7,nominal q=1

Fig. 5. Stability Diagram of Hill Equation
with an Impulsive Coefficient.

Case 2. When parameter ( is perturbed on, the
parameter d in the DTM of the regularly perturbed

system become d =./a+2qgk. Fig. 5 shows when
a="7 (the legend circle shows boundaries of stability),

with g =1 as the nominal system parameter (Point A),
the GGM of Hill equation is

k., =44k, =-18

'max 'min

Case 3. When parameter a is regularly perturbed,
the parameter d in the DTM becomes d = ,/ak +2q.

In Fig. 5, the legend triangle represent the boundaries
of stable solutions.

4.6. GGM Assessment of General Order
Equations

Due to the numerical methods for DTM, the
algorithms of section 4.5 can be generalized to any
order LPTV system to obtain the GGM of the nominal
system (1).

5. Example: Inverted Flexible Beam

This example is to illustrate the correctness of the
SPM and GGM assessment methods. The Inverted
Flexible Beam model, shown by Fig. 6, is deduced
from the original horizontal Flexible Beam model in
[25] by adding a gravity term, and denote motor
angle @, angular tip deflection o =d /I, tip deflection
d, and link length I.

Assume that the interaction moment between hub

and beam can be represented as M, =C_ o .The
differential equations for this setup are
0= Cstiff o +l
In o da
Cr(J, +J I (16)
I stitT( | + m)a_i_ﬂsina__’
J..J 2], N

where T is the torque applied by the motor which is
proportional to the motor voltage. The physical
parameters are given by Table 3 [25].

Consisting
of motor,
camera,
lens

Inverted
flexible
pendulum

Fig. 6. A Flexible Inverted Pendulum.

Table 3. Physical Parameters.

Physical Parameters | Symbol | Numerical Value
Beam Length I 1.21m

Beam Mass m 0.2639 kg
Bending Stiffness E 6.9%10"°N / m?
Beam Section Height h 3.4x107°m

Beam Section Width b 2.54x107m
Beam Stiffness C.n 8.5736 kg’ / &
Hub Inertia J 6.4x107 kgnr
Beam Inertia J, 9.66x107>kgnr

When the trajectory tracking problem is
formulated, let &,8,T be the nominal state, output

and input satisfying Eq. (16). Define the state, output
and input of the error dynamics as

ad=a-a, 0=60-6,T=T-T

and then the linearized tracking error dynamics can be
written as

0 0 0 0
] 0 0 0 0 0
5 . a 3
“1=l o Sar g o||T |4 L |7
2 Jrn 0 ‘JW
C:( Iﬂ _Cstiff(‘JI +‘Jm) 00 d _L
| 2], JJ | L Jn

SPM and GGM Calculation: The eigenvalues of the
closed loop system are designed as

P, = (~0.4240+1.2630)a
D, =(=0.6260+0.4141j)a, a=13

and the system is stabilized. Using a 2nd-order LPTV
SPM Gauge in the & loop expressed by
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4=12

7 =— (@, Sin(ﬂ))2 z - Zgo (@, Sin(}/t))2 z +u
E E

Y= (@,sin(7)’z,

0 0 1

0 0 0

ﬁ Cstiff ﬁ

I I I
Alt) = @_ﬁ _Cstiff(‘]l +‘]m) _ﬁ
2, J, J.J, J,

0 0 0

0 1 0

where k,i=1,2,3,4 are the designed controller

parameters. Through numerical calculation of the
DTM and the Floquet characteristic multipliers, when

56(0,0.0113], the  maximum  characteristic

multiplier modulus is |/1|max =0.9949 <1. According
to Lemma 1, the LPTV system is stable. If
£>0.0113, it is obtained |ﬂ»|max >1. Thus, the SPM
of this closed loop system is ¢, =0.0113. Fig. 7
shows the simulation results when £=0.011,0.015.

—e=0.011 (]
= = = 0015

Acdrad

0 5 10 15 20 25 30
time/sec

Fig. 7. The Simulation Result of &.

With a time-varying periodical GGM Gauge
ksin(yt) in the & feedback loop, the regularly

perturbed system matrix can be derived as

At) =

I 0 0 1 0 ]
0 0 0 1
K Con +hok kK
kN 3. RN

gk Cy(+d) kk koK

123 3, JJ, Jo  dm I

10

When y=05rad/s, o, =1, {,=1, the

matrix of the singularly perturbed system can be
written as

system

0 0 0
1 0 0
k, k(@ sin(n)’ 0
In In
Kk k(@ sin())’ 0 ,
I I
0 0 1
£
0 _a’sin() 26, sin(7)
£ £ _
When ke [-1.4003,1.4003], the maximum

characteristic multiplier modulus is

|4, =0.999<1

Then the GGM is

k. =1.4003,Kk

> “min

=-1.4003

The calculation of the GGM and the simulation
results are shown by Fig. 8.

; i '
] R R r: ) x
PR T
1] - 1
= : LI (L}
3 ode i
. . W
W
- . L Y
— ggme A
o I I : _]:---kggm-ﬁ
-2 -1 1] 1 2 [i] 1 2 3 4
kagam time/sec

Fig. 8. Left: | 4| with different k. Right: The

Simulation Result of & with different k.

6. Conclusions

The problem of SPM and GGM assessment for
LPTV systems is formulated, which provides a
necessary step for the development of the theoretically
based and practically efficient SPM and GGM analysis
methodology for Nonlinear Time-Varying (NLTV)
systems in the near future.

Chang transformation makes it possible to reduce
the SPM analysis for Hill equations, which is
essentially a stability problem of higher order LPTV
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systems due to the SPM gauge introduced dynamics,
to second order LPTV systems.

Based upon Floquet Theory, when different types
of LPTV SPM gauges are designed, the SPM and
GGM assessment methods for the second order and
general order LPTV systems are established and stated
by the corresponding lemmas, theorems and
corollaries. The effectiveness of such methods are
illustrated by an examples of a flexible inverted
pendulum.
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Abstract: Industry 4.0 has established new standards in manufacturing and quality processes, which are mainly
based on the type and efficiency of the different components of an industrial system. Virtual commissioning (VC)
is an approach that allows the user to propose a commissioning solution using computer models of industrial
systems to speed up and improve the traditional processes. This paper presents a VC solution for an industrial
automotive assembly line process using toolchains of standard and off-the-shelf software and hardware
components, including physical PLC and HMI. Thevirtual assembly line environment was devel oped using digital
mock-ups of industrial robots, smart conveyors, controllers, and sensors. The toolchains share most of their
components, virtual and physical, and can be classified as pure software or software and hardware applications.
The connection between the elements of the toolchain is done using industrial protocols like Modbus TCP and
APIs, ensuring complete data transfer. After several tests, the results have shown that by performing the simulated
process with the VC platform, it is possible to verify automation hardware and software, with a representative
digital robotic cell, thanks to the applied simulation technique.

Keywords: Virtual commissioning, Virtual engineering, Automotive industry, Functional modeling, Multi-

software toolchain.

1. Introduction

Nowadays, simulation systems are recommended
for engineering, research, design, and decision-
making tasks. [1] Simulation models from different
fields are combined, using multi-domain simulation
tools, to create a complete model of the system
specifications and behaviors, considering the different
physica interactions and communication protocols.
[2,3] A digital factory, aso known as Smart Factory or
Cyber-Physical Production Systems, is the generic
term for anetwork of digital models. Also, it considers
methods and toolsintegrated in thelife cycle phases of
a production system, characterized by their scalable
and modular structure based on the idea of concurrent
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engineering and computer integrated manufacturing.
[1, 2, 4-7] This approach eases the integration and
replacement of production lines whilst being flexible
to disruptions and failures. This type of simulation
generates model -based copies, known as digital twins,
that can be defined as virtua representations of a
physical assets enabled through data for real-time
prediction, optimization, monitoring, controlling, and
improved decision making. The added vaue of a
digital twin improves the following tasks. real-time
remote monitoring and control, efficiency and safety,
predictive maintenance and scheduling, scenario and
risks assessment, team synergy and collaboration,
efficient decision support system, customization of
product and services, and better documentation. [8, 9]

http://www.sensorsportal.com/HTML/DIGEST/P_3264.htm
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It is worth noting that digital twins can be as detailed
as the wuser desires, considering that some
specifications are fundamental to represent the system.

Virtual Commissioning (VC) focuses on the
optimization and validation of automatic systems,
increasing quality and efficiency in production
engineering whilst decreasing required time, through
using Smart Factories and commission them in a
simulation environment. [4, 10, 11] As mentioned in
[1], VC can be considered as the quality gate of the
mechatronic, robotics and automation engineering
results, and the first step on the development process
that ensures their interoperability.

Increasing the production of complex and/or
customized products with short life cycles, like in the
automotive and electronics industries, requires alot of
engineering and planning effort. [1, 3, 12-15] VC is
the best option for these scenarios, reducing ramp-up
time, resulting in shorter product's time to market.
These intangible costs and benefits have been deeply
studied and evaluated for different scenarios in [16].
The use of this technology alows to verify the
functionality of systems, through thetesting of off-line
programs for specific devices, and avoid unexpected
expenses due to inadequate component selection or
damage during testing. [17] VC can be seen as a part
of the modern approach to Product Lifecycle
Management (PLM), being mostly used for product
design inception through its manufacture. [18]

Research has been done regarding the
standardization and hierarchy categorization of VC to
identify its level of complexity, detailing functions,
with the main goal to ease its implementations and
business model. [19] This standard categorizes VC
into 5 increasing levels, 1 to 5, according to the
functionality and accuracy of the solutions. Level 1
allows emulation and verification of controller codes,
level 2 adds the signal and communication protocoals,
level 3 enables the simulation of sensors, devices, and
actuators, using their behavior models, level 4 includes
the mechanical analysis of mechatronic systems, and
level 5 covers the interconnection of systems and IT
tools. The selection of level for VC implementation is
afundamental step dueto itsinvolved complexity and
implicit costs.

This document is an extended version of the work
presented in Virtual commissioning of an automotive
station for door assembly operation, during the 2nd
IFSA Winter Conference on Automation, Robotics &
Communications for Industry 4.0. [20] The additional
information coversvirtual commissioning and process
design methodologies followed to develop the
solution, a description of the logic for programming
the PLC, and detailed explanation of the 3D
environment.

This article presents the following organization:
first, an introduction of the studied virtual
commissioning methodology; secondly, asummary of
the process design of the analyzed system the
description of a level 5 VC Toolchain and the
automotive use case; thirdly, the simulation and results

are studied; lastly, conclusions and ongoing work are
discussed.

2. Methodology

Assembly lines are the most used method in mass
production environments due to its low level of
required training for generating complex products.
The main objective of assembly systems design is to
increase line efficiency by maximizing the ratio
between throughput and required costs. Assembly line
efficiency can be measured using performance indices
like cycle time and the number of stations involved,
while other factors such as traffic problems, station
congestion, and transportation network are considered
marginal in the design stage of the assembly line. [21]
In traditional industries where the customization and
variability of manufactured products is limited or
inexistent, the optimization in design and production
processes can be achieved by modifying a minimal
number of variables and parameters. However, the
automotive industry is constantly evolving due to its
high competitively environment, always reguesting
more complex and personalized systems. Considering
the quantity of independent systems and subsystems,
it is possible to imply a modular manufacturing
process that can be handled by a flexible
manufacturing cell. This approach will increase the
flexibility of the manufacturing operation in terms of
its range of function, product, and service by
modularizations and its ability to be easly
reconfigured in the face of changing conditions[22].

As commented in the introduction, there are
several approaches to develop a VC implementation,
where the adequate selection depends on the level of
detail required, and involved resources (workforce,
time, budget, among others). In this project, a
functional and behavioral modeling was used for the
process definition. In order to have reliable models of
the jigs & tools from the assembly stations, we follow
a decoupling strategy which consists of separating the
high-level  components, and the low-level
components. Given that the virtual commissioning
simulation platform implies an interaction of several
real and simulated signals between execution and
simulation functions, having a modular modeling
strategy enables the platform to be less prone to have
errors dueto the digital modeling. Let us briefly recall
the modular strategy of station components presented
in [13]. For all station components, as shown in Fig. 1,
we will use the following modeling strategy:

- Each station component will be decomposed

into several macro-components, and the low-level

components of such macro-component, will be
splitted into elementary components

- Each elementary component will be modeled

according to its input and output specifications,

including features such as safety functionaities,
control capabilities, redundancy specificities, etc.

13
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- Once each elementary component is modeled,
such functions will be instantiated as many times
as necessary to build the macro-component

- Finaly, the mapping between the execution
layer and the behavioral models, representing the
simulation platform, will be performed, while
following the defined protocol of communication.
In this study we use toolchains based on API,
and Modbus TCP network communication.

Station subsystems

Macro-component

It isworth noticing that in our case, for this study,
we use the software ControlBuild to perform the
modeling of the different components, which allowsto
develop the models by means of PLCOpen languages
[23]. Nonetheless, any other software alowing to
perform behavioral modeling for validation &
verification of automation software and hardware,
could be used and follow the modeling strategy.

Elementary Components

Rotational Buffers

Elementary
components
— g

¥

Revolute 4z ‘r'-'-'-
Control motor Rotational
g

Fig. 1. Decomposition of station components.

3. Virtual Commissioning Toolchain

As it was previoudly introduced, VC consists in
modeling functional and 3D kinematized modelsto do
Verification and Validation (V&V) of automation
hardware and software. The advantage of doing such
virtual engineering techniques, is that the V&V of
automation solutions can be done offline by
connecting the smulation platforms to the operational
technologies, e.g., PLCs. Leading to not impact the
production in the assembly lines, since the production
process does not require to be interrupted. Depending
on the phases within the workflow from engineering
until real commissioning, one might need to
implement different simulation technologies. Because
of the previous, we show an implementation of three
simulation approaches permitting to validate
requirements during different project phases. The
targeted architecture can be shown in Fig. 2. The
modeling and simulation tools are based on:

- ControlBuild: For functional and behaviora

modeling of the mechatronic components of the

automotive assembly station

- Delmia: For modeling 3D kinematized

components.

The operational technol ogies are based on Siemens
and Schneider editors, with their appropriated
programming environments, respectively TIA Portal,
and Control Expert. To apply such global architecture
into the automotive use case, in the next section we
show the application of the simulation platform for a
door assembly process of an automotive use case,
extensively described in [10]. Additionally, the three
types of simulation approaches, i.e., Model-in-the-
Loop (MiL), Software-in-the-Loop (SiL), and
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Hardware-in-the-Loop (HiL), are shown, thus
validating high and low-level automation and robotics
reguirements.

|m§ IEMENS

APl
OPC-UA
uppP

5 CONTROLBUILD [¢——x—s |
OPC-UA
Maodbus TCP
uop

FMu

®

Fig. 2. Targeted Virtual Commissioning toolchains.

4. Simulation and Testing Specification

The automotive assembly cell consists of a smart
conveyor (used to carry the car body through the cell),
a couple of robots (LRo and RRo), buffers (LB and
RB), positioning sensors (WA 1 and WA?2), safety gate
sensors (LSG and RSG), and safety barrier sensors
(SLBX). All those components are arranged in a
mirror manner, as shown in Fig. 3. Control and power
electronic components, like PLC, drives, relies, robot
controllers, industrial cabinets, etc., physical models



Sensors & Transducers, Vol. 257, Issue 3, May 2022, pp. 12-19

are omitted in the 3D environment as their location in
the rea world is expected to be in the control
components area of the shopfloor.

SLBS SLB6 SLB1 sLB2
FEfwa2
LSG @ @ RSG
LRo RRo
WAL
-
3
[=2]
i
SLB4 S SLB3

Fig. 3. Automotive cell 2-D layout.

The main process of the proposed use case was
broken down into a series of interconnected tasks; a
brief description of them is shown in Fig. 4 and listed
below:

- Sart cyclee Absences of faults are
acknowledged in the station, afterwards, asignal is
sent to start the production process.

- Production mode: The production sequence is
launched. Signals are sent in parallel to the
different devices in the cell to begin their
processes.

- Switching car: The conveyor brings the car
body into the assembly area. The conveyor linear
velocity and position are controlled using position
sensors and a motor drive unit.

- Check buffer: Right and left buffers rotate to
bring the body sides to the position where the two
pick-and-place robots can perform the assembly.
The angular positions of the buffers are measured
by absolute encoders.

- Sde car positioning: The robots assemble the
body sidesto the chassis. When thetask isfinished,
the car continues along the conveyor to the
following process, outside of the current robotic
cell.

- Safety flag system: Safety sensors, emergency
buttons, and circuit breaker systems are monitored
during the entire process. This task possesses the
highest priority of the whole operation, whenever
asingle alarm and/or fault is detected, the process
enters in safety mode and stops the production.

'—{ Sﬁfety Iight.barriers | Move buffers
I ight Move_CV
eft/rig Robots left/right
—l Safety gates |
‘ Sensor ‘ Sensors WAL &
__ E-stop button WA2

Ieftjlri_ght

—{ Circuit breaker |

Fig. 4. Door assembly operation functional diagram for a single cycle. Logical functions are blue blocks, component models
are yellow blocks, orange arrows represent dependency links, and black arrows are logical links.

Each one of the tasks was designed using the
standardized finite-state-machine approach called
Graphe Fonctionnel de Commande Etape Transition
(GRAFCET), alowing to sequentialy establish the
process through the definition of events and steps. The
eventsare actionstriggered by simulated sensors, HMI
inputs, or process internal conditions, while the steps
are system states, an example of this approach is
shown in Fig. 5, where the switching car process is
described.

To V&V the automation process, we focused on
the use of two validation environments: Siemens and
Schneider automation software. According to Fig. 5,
there are two toolchains permitting to perform both

SiL, and HiL techniques. On the upper right of the
toolchain in Fig. 5, the system to be commissioned is
aSiemensvirtua PLC 1515F-2 PN, and avirtual HMI
KTP700F. These automation components are
connected to the simulation platform via shared
memory, permitting to exchange data bidirectionaly,
to V&V the programs and routines computed in the
virtual PLC and HMI through SiL. On the bottom right
of the Fig. 6, a physical HMI is connected to the
simulation platform. In this case a virtual PLC
Modicon 580 and a physical HMI Harmony STU855
from Schneider Electric are used. The communication
between the simulation platform and the execution
layer based on Schneider automation software is done
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via Modbus TCP. From the system setup, it has been
accomplished the end-to-end communication and
digital continuity from the simulation to the execution
layer, permitting thus to improve the commissioning
process for an automotive scenario.

Interms of network and infrastructure architecture,
Fig. 7, and Fig. 8, respectively for the Siemens and the
Schneider toolchain, show a schematic of the
communication protocols among the severa
components. According to Fig. 6, it can be seen that
the network exchange performed between
ControlBuild and the simulated PLC is done via the
PLCSimAdvanced AP, allowing thusto exchange the
different operative and safety 1/O’s. It is worth
noticing that to instantiate the PLC, the PLCSIim
softbusis used. On the other hand, according to Fig. 7,
for the commissioning of the Schneider components
(PLC, and HMI), the communication between the
simulation PC and the physical HMI is done via a
physica connection to the local network of both
components establishing an exchange through
Modbus TCP. The virtual PLC runsin the smulation

PC, which is virtually connected to ControlBuild via
Modbus TCP. Finally, the communication between
ControlBuild, and Delmia, for the visualization of the
3D kinematized componentsis done via FMU.

1

Step O

Start process signal

| Step 1 H Check conveyor

system

Reset signal WAL (position sensor)

| Step 2 H Move conveyor |

WA?2 (position sensor)

| Step 3 H Stop conveyor |

I

Fig. 5. GRAFCET diagram for Switching car task.

PLC_1_UC3Auto
CPU 1515F-2 PN
-

SIEMENS

FSCONTROLBUILD

FMU

Virtual PLC
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Schneider &

[Schneider

Virtual PLC

Physical HMI

Fig. 6. System to be commissioned through MiL, SiL, and HiL.

Simulation
computer

5 CONTROLBUILD

[

API

Operational technologies

PLOSimAdvanced . o

TIA Portal

Fig. 7. Network setup for SiL with Siemens virtual PLC and virtual HMI.
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Modbus TCP

Simulation
computer

= TCP
25 CONTROLBUILD

Modbus !

—

Modbus TCP

= _Ng —
[+ o = = |
| a=| - {

Schneider -

{|_SfNaceric 2 Physical HMI

Control Expert

Vijeo Designer|

Operational technologies

Network Flow

------» Load to
HMI

Fig. 8. Network setup for HiL with physical HMI.

Fig. 9 permits to visualize the mechanism of
variable exchange performed between the PLC's
(From TIA Portal and ControlExpert) and
ControlBuild. It is worth noticing that the
communication is done via a coupling driver
respectively, using the PLCSimAdv API of Siemens,
for TIA Portal, and Modbus TCP for Control Expert.
Additionally, to associate the variables between the
PLC and ControlBuild, output and input mapping

CONTROLBUILD

Coupling Driver

tables are created to properly match the variables,
ensuring thus, a bidirectional communication. It is
worth noticing that safety and control signas, as well
as the information generated by simulated sensors in
Delmiaand Controlbuild provide the required data for
closing the control loop with the PLCs (physical or
simulated), meaning that the proper mapping of these
variables aong thetoolchainisin high regard and data
loss must be minimized.

= |

e

A js
‘. ekl

Hr

Fig. 9. Communication and mapping.

5. Conclusions

VC implementations allow the user to design,
develop, simulate, test, and optimize different
industrial scenarios and processes. These simulations
can be as complex and detailed as the developer
requires, to provide sufficient information for the
V&YV process. The use case studied in thisresearch has
the goal to represent welding and pick and place tasks

in industrial automotive shopfloors. It was tested with
MiL, SiL, and HiL toolchains, demonstrating the
feasibility to simulate operationswith different control
components without losing any of its features and
reliability. It is worth noticing that the 3D simulation
environment requires a computer with enough
graphical and processing resources to perform a
smooth simulation, being thisthe biggest bottleneck of
the toolchain. The previous comes from the fact that
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the robotic and motor applications require kinematic
and dynamic constraints, resulting in the need of
enough computational resources for their controllers.

Regarding the proposed control devices and
software, since the process was well analyzed,
designed, and interpreted, thelogic behind the solution
was implemented in an optimal manner, allowing the
virtual PLCsto run it without any setback.

The current and future work involves the use of
open communication protocols, like Open Platform
Communications Unified Architecture (OPC UA), to
create a network of different vendor agnostic devices.
The openness that is being proposed, will allow the
developer to fulfill requirements and functionalities
that might not be available in some specific software,
like advanced computer vision agorithms, complex
sensor simulations, handheld devices communication,
[loT  applications, and robotics hardware
implementations. Respecting processes to be
simulated, a series of flexible manufacturing cells is
being developed to complement the full chassis
assembly shop floor.
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Abstract: In this work, several factors to increase the sensitivity of a high precision resistive type sensor able to
detect from (10 to 15) ppm de H»S (g) in air, are considered. It is accepted that the doping of the material sensor
(Sn0,) increases the dispositive sensibility. Several dopants were proved, concluding that the CuO was the most
convenient. Several papers are found in the bibliography presenting different techniques to dope the material
sensor but, in this work, an own developed at DEINSO technique was employed, in which the dopant is
homogeneously distributed in the SnO, crystalline lattice. At first, it was proposed to dope the nanocrystalline
SnO, with different CuO concentrations (1 %wt. 5 %wt. and 6 %wt.) to choose the most convenient one, which
resulted 5 % wt. CuO. Under these conditions, a more sensible sensor was built and other factors were studied to
increase even more the sensitivity. The 5 %wt CuO-SnO, was deposited on thin films (or layers) forming a
multilayers system (which employed from three to six layers or superimposed thin films). The sensor material
was characterized with different techniques, such as: DRX, SEM-EDS and GISAXS, which enabled to determine
the mean crystallite size, the multilayer system thickness, the crystallinity, the chemical composition and the layers
porosity. With the built sensor, (10 to 15) ppm of H,S (g) in air concentration was measured at an operation
temperature (T,) of 140 °C. This finding enabled to solve the request of an ambiance security sensor for the oil
cracking plant of an important Argentine oil company.

The following subject is not included in this paper but, it is interesting to inform that higher sensitivity of the
same described sensor it was possible to detect concentrations from (4 - 5) ppm of H,S (g) in air at T,=~ 30 °C,
which makes possible to build a medical use sensor to detect H,S (g) very low concentrations (minor than Sppm)
which are found in halitosis of hepatic maladies.

Keywords: High sensitivity sensor to detect sulphide gas, Nanocrystalline SnO,, CuO doped SnO,, Thin films
multilayered system, Sensing mechanisms.

1. Introduction Hydrogen Sulphide (H2S) is an extremely toxic
gas, even in very low concentrations mainly if they are

SnO, is an n semiconductor which is frequently aspired for a long time. H,S (g) may be produced in
employed to build resistive type sensors to detect low natural processes, among others: from volcanic gases,

concentrations of toxic or explosive gases, among  hatural gas, stagnant water and by organic materials
them: CO, VOCs, H,, NOy and H>S. decomposition or by an artificial way being produced
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in chemical industries, research laboratories,
industrials plants, among others. In every case, the
early monitoring and detection of the H>S (g) in air
results of the highest importance to guarantee the
human security and sensors constitute the main way of
identifying and to monitoring the detection levels.

In the oil industry, the oil extraction, refinement
and cracking activities are affected by the exposition
to H,S (g), since this gas is found in the oil crudes in
their own oil fields [1, 2]. The control international
organisms the Occupational Safety and Health
Administration (OSHA) EE.UU., The National
Institute for Occupational Safety and Health (NIOSH)
de EE.UU., the American Conference for
Governmental Industrial Hygienists (ACGIH), among
others, have established for their laboratories and
plants, where the H,S (g) is produced, an exposition
limit to the gas in an 8 hours-working day of: (10-15)
ppm of HoS (g) in air. The Argentine Legislation
(Resolution 295/03) also stablished as a permission of
maximal measured in time concentration (CMP) and a
maximal permissible concentration in short time
periods (CMP-CPT) a value of (10-15) ppm of H»S (g)
in air, respectively [3, 4, 5]. Consequently, the authors’
interest is focused in developing high sensitivity
sensors to detect (10-15) ppm of H,S (g) in air, which
is in accord with the required conditions for the
requested sensor by the oil cracking plant.

DEINSO-UNIDEF-CITEDEF research group is
devoted from more of two decades to the study and
development of resistive gas sensors using SnO; as the
sensor material of toxic and explosive gases built with
thick and thin films. The DEINSO previous
experience enabled to demonstrate that sensors built
with nanocrystalline materials reached a higher
sensibility (33-37%) in comparison with sensors
which were built with the same material though
microcrystalline. Otherwise, the optimal operation
temperature (T,) range decreased from (360-450) °C
to (180-200) °C and even to minor temperature ranges
according with the work conditions, for example: in
case of employing nanocrystalline SnO, instead of
polycrystalline SnO, [6, 7].

The SnO, functionality as gas sensor is due to its
composition and microstructure and to the surface
catalytic activity. The SnO, doping with metallic
atoms or metallic oxides, both aggregated in low
concentrations, constitute a theme to be considered,
which not only modify the electrical response of the
sensor layer but also is able to modify its
microstructure. Bibliography points out that the H,S
(g) sensitivity and selectivity increase of a built with
SnO; sensor was got doping the SnO, with a basic
oxide, particularly CuO. The authors consulted several
papers proving that in the CuO-SnO; system, the CuO
particles are dispersed in SnO2 acting as the only
receiver  of H,S (g), enabling to increase the sensor
selectivity to the gas but, in that stage, it was never
possible to detect (10 - 15) ppm of HsS (g) in air as
requested for the high sensibility sensor [8, 9, 10]. In
the mentioned papers it is informed that systems were
built in which the dopant is not homogeneously

distributed in the whole SnO, nanocrystalline matrix
because they were built from oxide powders mixtures
or from CuO coating on the SnO; or by diffusion
putting Cu layers on the SnO; [8, 9, 10]. In these cases,
it results very difficult to arrive to a homogeneous
dopant distribution.

In this work, a doping different method is
informed, as based in a sol-gel synthesis, through
which it is possible to obtain doped with CuO,
nanocrystalline SnO, with the included CuO in the
SnO; crystalline lattice. With this material, the thin
film sensor was built and the multilayers system was
obtained with the superimposed thin layers. The
sensor was characterized with different techniques and
the system high sensibility to H,S (g) was proved as
well as the built sensor low operation temperature (To).

2. Experimental
2.1. Doping and Synthesis

High purity chemical reagents were necessary to
synthesize and to dope the sensible material. For the
coating of the superimposed thin films a dip-coating
equipment, which was built in our laboratory:
DEINSO-UNIDEF-CITEDEF was employed [11].

As a synthesis method, the sol-gel technique was
employed. Sol-gel is a chemical synthesis way able to
get complex materials departing from chemical
precursors which are simpler in their structure.
Departing from the alcoholic solution of a salt (which
contains the metallic cation of interest, Sn* in this
case, it is possible to obtain coatings with a reticular
structure. The process consists in preparing a
precursor solution of SnCl,.2H,0 in absolute ethanol
and in introducing it in a hot bath with constant
agitation. During heating, hydrolysis reactions occur,
enabling to form a colloidal suspension of solid
particles in a liquid medium (sol). Simultaneously, a
polycondensation occurs, long molecular chains are
formed, which are surrounded by solvent, generating
a reticular structure and constituting the gel.
Afterwards, through an adequate thermal treatment,
the corresponding metallic oxide is formed
maintaining the reticular structure of precursor [12].
Then, a doping proceeding by sol-gel was developed.
This doping way shows advantages in comparison to
classical doping techniques, by example: the
impregnation doping, by powders mixture or by CuO
diffusion in the SnO,. The material is formed from a
Cu™? /Sn*? solution enabling the thin layers where the
CuO and the SnO, are forming part of the same
homogenous lattice which is doped with a determined
proportion (5 wt% CuO).

The laboratory work enabled to find the optimal
experimental conditions which, with the performed
characterisations enabled in two technical methods to
discard one of them. The experimental variants were
identified as MCul and MCull techniques:
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I. MCul technique: consists in preparing a 0.5M
SnCl,.2H,0 solution in absolute ethanol, aggregating
a weight percent solution of CuCl,.2H,O (dopant)
which is placed in a thermostated bath at (80-100) °C
with constant agitation till obtaining a transparent
solution.

II. MCull technique: it is prepared a 0.5M
SnCl,.2H,0 solution in absolute ethanol. The solution
is agitated till a whole dissolution, obtaining a
transparent and crystalline liquid. It is placed in a
thermostated bath at (80-100) °C with agitation. It is
aggregated to the solution a corresponding a weight
percentage of CuCl,.2H,O. It is important to slowly
aggregate the salt at T.m, With constant agitation till
obtaining a colourless and transparent solution.

Both, obtained MCul and MCull solutions were
deposited by dip-coating, on a glass substrate, building
a multilayers system (with three superimposed layers),
the thermal treatment of each layer (or thin film) was
slowly performed with a slow heating, from Tamb
till 400 °C maintaining the temperature to reach the
molecular precursor, causing the SnO, doping.

2.2. Characterization Techniques

To study the properties of the obtained layers, they
were characterized using the X Rays Diffraction
(XRD) technique, in a Pananalytical, difractometer,

Empyrean model with a PIXCEL3D
detector, belonging to the Physics Department-
belonging to the National Atomic Energy

Commission-CNEA; Scanning Electron Microscopy
(SEM) together with X Rays Energy Dispersion
(EDS) performed 1) with a Philips SEM, 505
model, belonging to National Institute of Industrial
Technology-INTI and 2) with a SEM Carl Zeiss,
NTSupra 40, belonging to Centre of Advanced
Microscopies-CAM,FACEN- Buenos Aires
University-UBA; Low Angle X Rays Difraction with
Grazing Incidence-GISAXS, with a Xenocs 2.0 Xeuss
equipment, with a Pilatus detector to get images,
Applied Crystallography Laboratory, belonging to the
San Martin National University-UNSAM.

Materials crystallinity was studied by XRD and
crystallites mean size was calculated applying the
Scherrer equation. With SEM, it was observed in
layers, the surface state and homogeneity and the
multilayers system mean thickness, as formed by three
superimposed ~ layers, was measured. The
semiquantitative chemical analysis of layers was
performed with EDS with the Electronic Microsonde
included in the SEM. GISAXS enabled to evaluate the
sensitivity and the sensor optimal operation
temperature, measurements of sensor electrical
resistance were performed as the sensor was exposed
to H,S (g) in air low concentrations. Employing the
GISAXS technique, it was also possible to study the
surface aspect proving if the surface was completely
smooth or presenting porosity which is produced by
physisorption [13]. It was then possible, to determine
the thin layers porosity and to measure the mean pores
size and their dispersion.
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In gas sensors, which are built with SnO, as base
material, usually being resistive type sensors,
adsorption reactions occur between the air oxygen
adsorbates (O, Oy, O%) and the grains surface of
SnO,. When this state is reached, an increase of
potential barrier in the grain boundaries (GB) due to
the electronic exchange between SnO, and the
absorbates is produced. When the sensor is in contact
with a reducing gas, it reacts with absorbates liberating
them from the SnO, surface, restoring the electrons to
the material volume and producing, in consequence, a
decrease of the potential barrier, decreasing the
materials electrical resistance. This change of
electrical resistance is proportional to the reducing gas
quantity and it is the sensor measuring parameter.
Sensitivity (S) is defined as (1):

S = Rair/Rair+gas 5 )

where R,;, is the material electrical resistance which
is exposed to pure air and Rgyjrigqs i the electrical
resistance if the material is exposed to a gas/air
mixture.

3. Results

To study the different proposed concentrations of
dopant it was found a higher sensitivity in doped with
5 wt% CuO sensors (Fig. 1). The specimens were
treated by the techniques: MCul or MCull. The SEM
images show a smooth and homogeneous surface for
MCul type specimen (Fig. 2a). The EDS analysis
confirms that copper is homogeneously distributed in
the whole surface (Fig. 2b). But, in MCull type
specimen, crystalline clusters are observed (Fig. 3).
With EDS it was confirmed that the agglomerated

crystals in clusters contained Cu, which was not
homogeneously distributed in the crystalline SnO;
lattice (Fig. 4). The substrate corresponding to MCul
type specimen were cut to observe the profile to
determine the thickness of the multilayer system
(Fig. 5). The average thickness value of several
multilayers systems, all them composed of three
superimposed layers, resulted of (230 = 1.0) nm.

14 pure SnO,;
1 wt % CuO doped SnO,
5 wt % CuO doped SnO,

6 wt % CuO doped SnO,

124
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Sensitivity (S)
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1 P S TR T T
T T LI N I B RSN B R R B
60 100 140 200 240 300 340
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Fig. 1. Sensitivity (S) vs operation temperature (To) for
different CuO concentrations (1 %wt, 5 %wt and 6 %wt).
The highest sensitivity corresponds to SnO2 doped
with 5 %wt CuO.
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630 1.0 510 keV

4 250KV x4000 Zpm —

Fig. 2. a) SEM (4000x). Surface image of a MCul specimen; b) EDS analysis showing the presence
of Sn and Cu in the layer.

Fig. 3. SEM images, micrographies of MCull specimen. a) A non-homogeneous surface is observed with clusters of crystals;
b) Magnification of a crystals cluster. ¢c) Magnification of a zone free of crystalline agglomerations.

a)

o Lo e 160 450 S.40 630 T “n 'l

(L1} 1em i 160 s 540 &30 T (81} ke

Fig. 4. a) EDS analysis of agglomerated crystals corresponding to a very low CuO concentration (1 %wt). It is observed a
mayor Sn presence, while Cu is in very low proportion; b) EDS analysis of the free of crystalline clusters zone,
where not Cu was detected.
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Lo EHT = 300KV WO= 53mm

Fig. 5. SEM (100.000x). Micrography in which a mean
thickness (230+1.0) nm is measured in a multilayer system.
The multilayers system is formed by three superimposed
layers deposited by dip-coating, the whole thickness is
shown in the graph with a white arrow.

With the X Rays diagram (DRX) it was recognized
the tetragonal rutile phase of pure SnO, (Fig. 6) in the
MCul specimen. The CuO was not detected because
of its low concentration (Swt%) which is under the
method detection limit.

The crystallite mean size was calculated by the
Scherrer equation (2):

KA
Dsen = 5os5 2

where k is the constant (usually taken as 0.94), A is the
wave length of the X rays beam, 3 is the whole width

Mag= 10000KX  SignalA=intens [ |

taken in half of the maximal high (FWHM) of a given
peak (after the elimination of the instrumental
widening as measured in radians) and 0 is the peak
diffracted angle (in radians).

In Table 1 the obtained results are presented.

" SnO,standard
Sn0,-5% wt.CuO

1,0E3

8,0E2

6,0E2

4,0E2

Intensity (u.a.)

2,0E2

0,0

20 80

260 (degrees)

Fig. 6. DRX results of a MCul specimen corresponding
to a doped 5 wt%CuO-SnO2 multilayers system.

By GISAXS the layers porosity was studied. Three
different MCul type specimens were analyzed and the
number of deposited layers was varied. The MCul type
specimens were obtained by sol-gel and dip-coating in
2,4 and 6 superimposed layers (multilayers) on a glass
substrate (Table 2).

Table 1. FWHM (°) obtained values, (°) is: each peak position and Dsch is the thin layers calculated value

for doped 5 wt% CuO SnOa.

Peaks o o
Ner k A (nm) 20 () B Dsch (nm)
1 0.94 0.15418 26.59491 0.97647 8.26949 + 0.14231
2 0.94 0.15418 33.8907 1.13307 7.004972 + 0.23334
3 0.94 0.15418 37.20549 1.44423 5.445017 £ 0.07394
4 0.4 015418 51.93453 1.02631 7.268469 + 0.39724
Dsen of doped SnO2 = (6.99 £ 0.21) nm
Table 2. Characteristics of the analysed by GISAXS Specimens.
Specimen Synthesis Coating Layers Substrate
Type Technique Technique Number Type
M4 sol-gel dip-coating 4 glass
M5 sol-gel dip-coating 2 glass
M6 sol-gel dip-coating 6 glass

A mean radius pore value resulted between 1.5 nm
and 2.5 nm. It is not considered significative the effect
of the deposited layers number on their porosity. It was
found that the pores exhibited a revolution ellipsoid
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form and their relation aspect was calculated: 2.34,
1.98 and 2.74 for M4, M5 y M6, types of samples,
respectively. The dispersion in pores radius was also
calculated, obtaining the values: 1.77 nm; 1.79 nm and
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1.98 nm for the samples of M4, M5 and M6 types, (dotted line) contrasted with the carried out fitting as

respectively. performed with the IsGisaxs program (full line). Each
Figs. 7, 8 and 9, a) corresponds to the analysed colour line corresponds to the gathered data in a

specimens on which information was got from horizontal line of GISAXS diagrams.

GISAXS diagrams, and b) the experimental dates

b)

Q,(nm™)

=t 0,992 .,

- M 0,932 L.

0,811

0,750
0,690

0,629

Intensity (u.a.)

0,568

0,508

Q,(m*

Fig. 7. a) GISAXS diagram. b) Graph in which the experimental data are represented and the fitting line was got by the
software for an M4 type specimen.

b)

Sample: M5

a)

Intensity (u.a.)

Qe[ipm]

Qnm?)

Fig. 8. a) GISAXS diagram. b) Graph in which the experimental data are represented and the fitting line is got by the
software for an M5 type specimen.

b)

Sample: M6

a)

Intensity (u.a.)

e tien]

Qnm?)

Fig. 9. a) GISAXS diagram b) Graph in which the experimental data are represented and the fitting line was got by the
software for a M6 type specimen.
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The statistics to calculate the pores mean radios
and their dispersion, was made with the logNormal
method (Fig. 10). In Table 3, the obtained results are
presented.

0,6

—— Sample: M4
—— Sample: M5
—— Sample: M6

0,5

0,4

03

Statistical frequency

0,2

01

0,0
00 05 10 15 20 25 30 35 40 45 50 55 60

Pore size (nm)
Fig. 10. Graph in which the correspondence between the

pores mean radius and statistic frequency are represented
for the M4, M5 and M6 type specimens.

Table 3. Got results of pore mean radius, the dispersion
and pores aspect relation corresponding to the analysed

specimens.
Specimen ﬂloel:l? _Radi“.s Aspe'ct
Type Radius D'Sgﬁ;s)lo“ (heinlltz;tlo(;l‘
(nm) ght/radius)
M4 1.52 1.77 234
M5 2.29 1.79 1.98
M6 2.35 1.98 274

With the got results it was possible to conclude that
the pores mean radius in all the specimens, was found
between 1.5 nm and 2.5 nm. It was not found an
important change in the pores radium in pure and

doped (with low dopant concentrations, i.e.: doping
with 5 wt% CuO). This doping is considered the ideal
one to produce a mayor sensor sensitivity.

The system to measure the sensors sensitivity was
designed in our laboratory and it is constituted by a
precision current Keithley 220 source and a Keithley
model 6517B electrometer to measure the electrical
resistance in function of the gas in air concentration.

The gases dosage is performed with an Atmega328
microcontroller which operates the gas commutation
electrovalves to commute: aire/airet+gas and the
caudal mass regulators with which the gaseous
mixture is controlled. The same microcontroller
realizes the temporization of the electrometer data
capture.

The air/airtgas fluxes and the sensor are
thermostated in the measurement zone by a heating
sheet and is feed with a PID regulator which is based
in another Atmega328 microcontroller.

The obtained data are stored in a PC to be
processed. The software was developed in our
laboratory and it is continuously updated to adapt it to
the needs and changes which could be produced in the
system.

The specimen electrical contacts are made with
low temperature silver painting, with a thermal
treatment at 120 °C for 15 min, in order to evaporate
the whole painting and not enabling the evaporation of
the whole painting solvent in order to avoid its
interference in measurements.

To observe in a graphic way the changes in the
electrical resistance, cycles were assembled in which
the synthetic air circulation and the H,S gas (diluted in
synthetic air at different concentrations) are
commuted. Once the specimen is at the desired
operation temperature, synthetic air is circulated to
clean the circuit and then, the gases commutation
cycles begin while the tension fall is measured
between the contacts.

The electrical measurements in thin (5wt% CuO
Sn0O») layers prepared with the MCul technique and
with the MCull technique (Table 4).

Table 4. Specimens details in which the electrical resistance changes when they are in HaS (g) in air presence.

Sensor Sensor Doping - . Substrate
Specimen | Material Concentration | Technique Thin Film Coating Type

MCul 5 wt% CuO SnO2 Cul dip-coating 3 layers glass

MCull 5 wt% CuO SnO2 Cull dip-coating 3 layers glass

The optimal operation temperature (T,) was 140 °C
for both, MCul and MCull specimens (Fig. 11). The
relative sensitivity (Sr) of MCul specimens resulted
considerably mayor than that of the MCull specimens
(Fig. 12). These results point out that MCul is a better
material as sensor for HoS (g) in air in very low
concentrations.
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It was studied the electrical resistance variation of
MCul specimens when they were exposed to 10 ppm
of H,S (g) in air at T, = 140 °C (Fig. 13) confirming
that it was the optimal sensor.

Fig. 14 Graph of electrical resistance in function
of time for two sensors, exposed to air/gas cycles
at 140 °C: a) a sensor built with pure SnO, (without
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doping) and b) a sensor built with doped SnO, (with
5 wt% CuO).
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Fig. 11. Sensitivity graphs of a MCul and a MCull
specimens vs the operation temperature.
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Fig. 12. Relative sensitivity (Sr) vs the operation
temperature for the MCul y MCull specimens.
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Fig. 13. Electrical resistance change of MCul sensor which
was exposed to 10 ppm of HzS (g) in air, at To= 140 °C.

Doped sensor (5% wt. CuO)

1,2E9 Undoped sensor

1,0E9
S 80E8
[}
(8]
o
< 6,0E8
[%2]
»
[}
o 4,0E8

2,0E8

00 L
0 1000 2000 3000 4000 5000 6000 7000
Time (s)

Fig. 14. Graph of electrical resistance vs time for air/gas
cycles at 140 °C, of two sensors to measure HaS (g) in air.
a) Sensor built with pure SnO2 (without doping);

b) A sensor built with doped 5wt%CuO SnOs.

4. Discussion

With respect to the functioning of a sensor
detecting low concentrations (ppm) of H,S (g) in air,
it is necessary to previously consider the dispositive
building. The sensor material (SnO,) presents a
crystalline and homogeneously doped structure with a
considerably low percentage of CuO. In this case, it
was concluded that the most convenient CuO
proportion, as homogeneously contained in the SnO,
structure was 5 wt% CuO. After doping no changes in
the doped SnO, could be observed and the initial
tetragonal crystallographic rutile structure
was conserved.

Bibliography gathers several common processes to
dope SnO, [8, 9, 10] as performed by diffusion
(consisting in CuO or pure Cu layers intercalation)
leaving them to diffuse in the SnO, layers, taking
always into account the conservation of CuO
proportion. Mixtures of both oxides were also
deposited. In many of these processes, a CuO in SnO,
lattice inhomogeneous distribution was observed. In
case of material for sensors built in this way, the
proposed mechanism still accepted is described in
[14]. The authors propose that the non stoichiometric
CuOx (p type semiconductor) and the SnO, (n type
semi-conductor) exhibit a strong electronic interaction
due to the numerous p-n joints causing a very high
resistance of films in air. In contact with the reducing
H,S (g) gas, the CuO is sulfurized according with the
equation (3), breaking the p-n joints and decreasing the
sensor electrical resistance. That electrical resistance
is the sensor measuring parameter:

CuO + H,S > CuS + H,0 3)

After the exposition to O, CuS is oxidized once
again according to the equation (4):

CuS + 3/2 O, = CuO + SO» 4)
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Several papers consider this theme in the
bibliography, among them [16-18]. It is interesting the
A. Khana et al” paper [16] in which the thin layers
were prepared by a simultaneous thermal evaporation
of Sn and Cu, also assuring the homogeneous
distribution of dopant.

Experimental conditions in this work, resulted
quite different from those which were as cited in every
previous paper, since in this case, the two oxides are
mixed forming a homogeneous system as it was before
informed.

With regards to the gas diffusion model in the
multilayers system (built at DEINSO-UNIDEF-
CITEDEF) is simple and geometric and it employs (as
before informed) from three to six superimposed CuO-
SnOs, layers as observed in the model of Fig. 15. The
H,S (g) diffuses on the doped SnO, surface and
through short circuits like grain boundaries,
dislocations, vacancies clusters or holes. During
diffusion, in the thermally activated processes, the gas
is in contact with the external surface and easily
distributed on it, migrating to the inner of system
through the short circuits (pores, dislocations or grain
boundaries [17].

The gas finds interfaces which separate two layers
or two adjacent thin layers. The interfaces show
dislocations which were caused by non-epitaxial
contacts between contacting layers. In another partial
contacts between deformed neighbouring layers (for
example by tensions), holes could be found which,
sometimes, are clustered facilitating the gas diffusion.
This type of defects, may act as vacancies clusters in
diffusion. In Fig. 15, the different types of defects are
gathered in a simple model which was described in a
previous work [7]. Besides, if the coating technique
such as dip-coating is employed to deposit the thin
layers also tensions may be generated and the defects
density may also increase. In order to understand the
defects density in a normal or augmented
concentrations, in these fundamental situations it is
necessary to simulate the diffusion-reaction processes
and the system sensing mechanism.

Non epitaxial
interface

Grain
Surface \!/ boundary [l
i e
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£ @@ e
R S T
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clusters

Fig. 15: Simple model of the multilayers system with the
found different defects.

Define abbreviations and acronyms the first time
they are used in the text, even after they have been
defined in the abstract. Abbreviations such as IEEE,
IFSA, ac, dc, ms, etc. do not have to be defined. Do
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not use abbreviations in the title or heads unless they
are unavoidable.

5. Conclusions

It was demonstrated as based on the got sensitivity
results that in the built sensor, several factors exist
which contribute to reach a high sensitivity, one of
them 1is the wuse nanocrystalline materials.
Nanomaterials show a mayor surface/volume relation
that the one of microcrystalline materials. This fact
enables a mayor contact surface between the sensitive
material and the gas, then increasing the sensor
sensitivity. Otherwise, according to Yamazoe  model
[8], an inversely proportional relation between the
sensitivity and crystallite size appears. Using the
synthesis techniques by sol-gel and dip-coating, under
the specified work conditions, a material with a very
low crystallite size was got resulting in an optimal size
of: (6.99 +0.21) nm.

An important factor in the sensitivity augment and
these sensors selectivity is the doping method. The
authors have reported the doping technique as based in
sol-gel and dip-coating. It was demonstrated that, this
material shows a mayor sensitivity in comparison with
different doping techniques [8-10], this fact is due to
the obtained nanocrystalline homogeneous material, in
which the dopant is included in the SnO, crystalline
lattice.

As it was mentioned in the discussion, the sensor
design in multilayers together the thin layers tensions,
appearing in thin layers during the coating and thermal
treatments generate tensions and defects which are
able to accelerate the gas diffusion through the
material, augmenting the dispositive sensitivity.

With all the mentioned factors as the crystallite
size, the doping method (to-day with a patent in
process) and the diffusion which is accelerated
through the defects and multilayers tensions is
possible to explain the obtained sensor high sensitivity
being able to detect (10-15) ppm of H»S (g) in air, at
an operation temperature (T,) of 140 °C and with the
possibility of decreasing even more the detection limit
and the and the operation (T,) temperature, as it was
previously informed in this work.
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Abstract: The purpose of this research is to be able to fully control a robot’s movement from a user’s thought and
movement. The OpenBCI (OpenlISource Brain Computing Interface) is applied that allow for electronic
communication from different parts of the human body. In the case of this implementation, the source will be the
brain. The acquisition comes in the form of an electroencephalogram or EEG which will output an electric signal
from specific nodes touching the brain. These signals come in numeric form which will be used to train a neural
network which will be able to distinguish between a user’s thoughts and hand movements.

Keywords: Brain-robot interface, EEG, Artificial intelligence.

1. Introduction

Brain-Computer Interface has been extensively
used in various aspects of industry, healthcare, and
social life [1-7]. In the area of Brain-Robot Interface,
scholars also conducted explorations in theory and
practices [8-12]. In the area of brain-interface design,
scholars explored the applications in telepresence,
care of spinal cord injury, and remote robot arm
[13-15]. For this research, the goal is to be able to
control a light-weight legged robot with thought by
using electroencephalogram (EEG) signal pulses).
Specific directional thoughts and arm movements will
be the main measurement and deliverable of the data
extraction.

There will be a variety of software and hardware
used to compile and interpret the data. In terms of
hardware, the OpenBCI Ultracortex Mark IV Helmet
fits onto a user's head and comes attached with 8 nodes
to extract the EEG signals from the brain. On top of
this, the OpenBCI Cyton Board is attached to the
helmet and all the nodes are routed to the pins on the
board. The artificial intelligence algorithms that will
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applied to interpret the data from the Cyton board. A
graphic user interface will be developed that can
control the robot and will be equipped with the
algorithm to make predictions. Ideally, the user will
think of a direction and the robot will direct itself to it
by turning its motors forward and backward.

2. System Design

2.1. Original Design

The hands-free human-to-machine interface using
EEG signals and a small-scale mobile robot are
developed in this research. The objective was to prove
and test the performance and reliability of EEG signals
as a method of hands-free machine operation.

The project is a bold step into uncharted territory.
It is data intensive and relies heavily on
approximations of brain activity gathered through an
8-channel EEG signal headset. The research entails a
real-time, practical application of data processing,
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translation, and machine actuation. Video information
will be sent to the user so that they may effectively
steer the robot without having the robot in their line of
sight. Using the video input from a camera some
ambiguity around control will be clarified as the user
will only have to worry about left, right, forward, and
backward from the vehicle’s front perspective.

The headset has 8 nodes which are the components
used to collect EEG data for our models. The Cyton
board is also capable of collecting data acceleration
data which refers to the position of the headset in
regard to the X, y and z planes. The GUI is what we
use to ensure that all the nodes of the headset are
working correctly before we collect our data samples.

The data collection has some inconsistencies as the
connection between the dongle and Cyton board can
have some issues. This leads to a differing number of
rows for the total amount of data collected within the
same time range. A 5 second data sample can range
between anywhere from 900 to 1200 rows of EEG
signals. To call the program, we must pass through 2
parameters which are the board ID and serial port. The
board id indicates which OpenBCI board we are using
and, in our case, the Cyton board with 8 channels is ID
0 and the serial port just depends on the computer.

We collected a total of 104 data samples for each
thought category with a total of 312 samples collected
in total. The data collection is stored in NumPy arrays
and is based on time connections with the board which
leads to some inconsistencies which is why we
collected data for 5 seconds but sliced the data to
ensure all the data samples are the same size with the
8 channels of EEG signals and 700 rows of signal data.
One thing to keep in mind is that the samples for the
left thought were collected all in one session and the
right and other thoughts were collected all in another
session. This could cause the data to be less accurate
as each session the headset tends to perform
differently.

All the collected data is appended into a single
NumPy array and separated by a label that indicates
which action it is associated with. The left thought is
labeled with a [1,0,0], none is labeled with [0,1,0] and
right is labeled with [0,0,1]. This NumPy is shuffled to
help the model learn better later and the features -
NumPy array of sample and labels - the action
thoughts are stored in their own separate variables X
and y. The data is reshaped just in case, however they
were already reshaped before during the collection
process and saved so it can be passed into the
convolutional neural networks model later.

Our initial design consisted of us collecting data
samples for 3 thought intentions and trying to train a
convolutional neural network to test if it was possible
to have a model predict our intentions.

2.2. Evolved Design

Our original idea was to use a RC car to
demonstrate our machine learning model’s predicted
outcome but have now moved to using a more

complicated robot. We are currently on our improved
design that works well. The bot uses 8 servos in total,
4 for legs and 4 for hips. Using a HC-06 Bluetooth
module, it could receive data from python and takes
those commands to perform a corresponding action
matching to one of the five thought actions we are
trying to predict. Fig. 1 shows the prototype of the
light-weight legged robot.
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Fig. 1. Light-weight legged robot.

Formerly, only three directional intentions were
sampled for about 5 seconds. Then the instances were
trimmed and packaged so that the data would be more
uniformed, and they were approximately about
3 seconds worth per instance; each instance represents
a single data collection run for a particular directional
intention stored in a 2-dimensional NumPy array
(700 rows by 8 columns). The adapted data collection
method sampled directional intentions  for
5 commands: Forward, Right, Backward, Left, and
Other — the do-nothing command.

During data collection, the subject remained
completely still. This was to minimize noise and
artifacts in the samples as much as possible. No
arbitrary tasks were performed, and the subject was
seated through each sampling period. During the
sampling runs, the subject chanted the directional
intention in their minds (Left, Left, ... etc.), while
picturing a left directional icon, through the duration
of the sampling period.

In retrospect, this was not the most verifiable
method of data collection but at the time minimizing
noise and staying true to the objective — not relying on
any other signal except EEG — was paramount. Any
hand movement, or eye movement that was not filtered
out would have contaminated our samples and
disrupted our goals.

3. Implementation of Al Approaches

From our initial design to test our concepts, we had
collected data for 3 thoughts (left, right and other) to
train a convolutional neural network to predict our
thoughts. We have now changed from 3 thoughts to 5
(backwards, forward, left, right and other), each with
150 samples of collected data. In addition to changing
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the number of thought samples, we have also changed
our approach to how the samples were collected. This
time around, the samples were collected over
15 different sessions and in each session, 10 samples
of each thought were taken. This should give us a
better dataset to train and validate our models. We
have also branched out to explore more models in
addition to the convolutional neural network such as
random forest, support vector machine, extreme
gradient boost (XGBoost), backpropagation, Naive
Bayes and k-nearest neighbor. The training and testing
datasets we have setup are the same for all the models
except for the convolutional neural network.
Convolutional neural networks do feature learning
first on the data before it is flattened into a 1D array
while other models will only need the data in its
flattened form to train and test. For these models, we
are still tuning parameters and adjusting our data to
further optimize our model accuracies. We will also
try to branch out into exploring unsupervised learning
methods such as k-means clustering.

Fig. 2 shows the normalized confusion matrix of
the convolutional neural network. The diagonal shows
evidence of fair-good generalization on ‘unseen’ data.
The worst performing class is Left, hinted at from the
low ratio in confirmation with the prediction. A
significant amount of the time left is misclassified as
right. This is more evident in the absolute confusion
matrix where those mistakes are emphasized.

Normalized Confusion Matrix
ConvNet

-0.8

Backward

-0.7

Forward

Expected Labels
Other Left

Right

Backward  Forward Left Other Right

Predicted Labels

Fig. 2. Conv-net normalized confusion matrix.

Fig. 3 is the absolute confusion matrix which
emphasizes the misclassifications by blanking out the
diagonal (representing recall). This allows the scale to
adjust and provide more emphasis to the discrepant
misclassifications. Notice that both Left is
misclassified as Right, and Backward is misclassified
as Forward almost a fifth of the time.
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Absolute Confusion Matrix
ConvNet

-0.175

Backward

- 0.150

- 0.125

Forward

- 0.100

Expected Labels

0.075

Other

- 0.050

0.025

Right

- 0.000

Backward Forward Left Other Right

Predicted Labels

Fig. 3. Conv-net absolute confusion matrix.

The normalized confusion matrix for the support
vector machine algorithm is attached below (Fig. 4). It
performs slightly better in comparison to
convolutional neural networks. The diagonal is clear,
this is evidence of confident recall.

Similar analysis of the absolute matrix below
(Fig. 5), highlights Forward - Backward and Left —
Right misclassifications. These are the mistakes this
particular SVM algorithm is likely to make in
a live run.

XGBoost was evolved from decision tree. The
XGBoost confusion matrix shows fair recall (see
Fig. 6). This is represented by the fuzzy valued
diagonal bordering on the percentages 78-90 %.

Normalized Confusion Matrix
Support Vector Machine

0.8

Backward

-0.7

- 0.6

Forward

Left

Expected Labels

0.067

Other

Right

Backward Forward Left Other Right

Predicted Labels

Fig. 4. SVM classifier: normalized confusion matrix.
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The XGBoost algorithm is likely to make Forward
- Right misclassification mistakes during live runs.
There are also other common misclassifications this
algorithm would be prone to, as shown in Fig. 7.

The Normalized confusion matrix for the
K-Nearest Neighbour (KNN) algorithm is attached
below (as shown in Fig. 8). Notice that the diagonals
are sharp. This model performs very similarly to
the SVM.

The absolute confusion matrix blanks out the
diagonal to emphasize the models’ common mistakes.
This model’s most common is misclassifying
Backward as Forward, as shown in Fig. 9.

Absolute Confusion Matrix
Support Vector Machine

Backward

- 0.10

Expected Labels
Other Left Forward

Right

Backward  Forward Left Other Right

Predicted Labels

Fig. 5. SVM classifier: absolute confusion matrix.

Absolute Confusion Matrix
XGBoost

-0.200

Backward

-0.175

Expected Labels
Other Left Forward

Right

Backward Forward Left Cther Right

Predicted Labels

Fig. 7. XGBoost: Absolute Confusion Matrix.

The random forest algorithm, our best performing
algorithm thus far, boasts the clearest diagonal. It is
close to zero values for misclassifications, as shown
in Fig. 10.

In the absolute confusion matrix, by blocking out
the diagonal, and resetting the color scale the common
mistakes are emphasized. This model is prone to
misclassifying Forward as Backward, and Right as
Other. Those are the most common mistakes to expect
using the model live (see Fig. 11). From the
classification report as shown in Fig. 12, it is found
that the overall performance of Random Forest
is great.

Normalized Confusion Matrix
XGBoost

-0.9

-0.8

Backward

-0.7

Expected Labels
Left Forward

Other

Right

Backward l'orv\.'ard Le.rt Lxﬁer Right

Predicted Labels

Fig. 6. XGBoost: normalized confusion matrix.

Normalized Confusion Matrix

-0.8

Backward

- 0.6

Expected Labels
Left Forward

Other

Right

Backward Forward Left Ot};\er Right

Predicted Labels

Fig. 8. KNN: normalized confusion matrix.
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Absolute Confusion Matrix

Forward Backward

Expected Labels
Left

0.04

Other

0.02

Right

0.00

Backward Forward Left Other

Predicted Labels

Fig. 9. KNN: absolute normalized confusion matrix.

Normalized Confusion Matrix
Random Forest

Backward

0.8

Forward

0.6

Left

Other

0.2

Right

0.0

Backward Forward Left Other Right

Predicted Labels

Fig. 10. Random Forest: normalized confusion matrix.

Absolute Confusion Matrix
Random Forest

Expected Labels
Other ft Forward Backward

Right

Backward Forward

Left

- 0.04

Right

Other

Predicted Labels

Fig. 11. Random Forest: absolute normalized confusion matrix.

precision recall fl-score support

] 0.92 0.98 0.95 60

1 9.98 0.92 0.95 60

2 0.95 9.97 9.96 60

3 0.92 0.95 0.93 60

4 0.93 0.88 0.91 60

accuracy 0.94 300
macro avg 0.94 0.94 0.94 300
weighted avg 0.94 0.94 0.94 300

Fig. 12. Random Forest: classification report.

Fig. 13 below shows the confusion matrix of the
naive Bayes algorithm. Notice, unlike the other
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models tested it does not show a clear diagonal. This
means that the recall is poor. It also makes a mess of
classifying the test set appropriately; significant
rations of the set are badly mistaken for each other.
More staggering is evidence of anti-Right behaviour,
the model seems to avoid predicting any of the
instances as Right. Right is the last label, the team
suspects this has something to do with this oddity.

Fig. 14 below shows the absolute confusion matrix
of the Gaussian Naive Bayes algorithm. This model
makes by far the most mistakes in misclassification.
Notice that the model misclassified Backward as
Forward more than half of the time. Right as Other just
less than half of the time.
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Normalized Confusion Matrix
Naive Bayes

-0.6

Backward

- 0.5

Expected Labels
Left Forward

Other

Right

0.0

Backward Forward Left Other Right

Predicted Labels

Fi

g. 13. Naive Bayes: normalized confusion matrix.

Absolute Confusion Matrix

Maive Bayes
-0.6

Backward

- 0.5

Forward

- 0.4

0.3

Expected Labels
Left

0.2

Other

0.1

Right

0.0

Backward Forward Left Other Right

Predicted Labels

Fig. 14. Naive Bayes: Absolute Normalized
Confusion Matrix.

4. Discussion of Al Implementations

Fig. 15 shows the F1 scores of all the models
evaluated thus far. The best performing is the Random
Forest algorithm, in theory it performs very well on
‘unseen’ data and has a very impressive confusion
matrix. The support vector machine and k-nearest
neighbor algorithms perform similar well, both tied at
approximately 84 % in theory. The convolutional
neural network and XGBoost are fairly good.

However, notice how the Naive Bayes
significantly underperformed relative to the pack. This
is not to say that it is a horrible algorithm or model,
rather it goes to show it is simply not suitable for our

application. The model just does not lend itself to
situations where features intercorrelate significantly.

B F1 Sco
& , # & V.
o g F P
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o Rl £ # o
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Fig. 15. F1 score comparison plot.

As these models mentioned above provided results
in terms of their F1 scores, they did not perform well
when it came to using them to predict actions in a live
setting. This could be attributed to many factors such
as the models being overfit, the time gap between
taking values and testing, and absence of data filtering.
From this, we looked at more research conducted with
processing EEG data and found examples of using a
low-pass filter such as a rolling average filter to
smooth out the data as well as subsampling to help
process the data first. So, we implemented a rolling
average and subsampling, both individually and in
combination with each other and then used that new
data in our models.

With the Data being filtered, we used the new
datasets (including datasets where only rolling average
was used, only subsample, and a combination of both)
to train our models and did not get any good results
from it. Since we were looking more for a proof of
concept that applying this would help, we conducted
the testing on the KNN model as the validation check
was faster than other models. We tried various number
of values for the rolling average on the KNN model
for faster results and were able to see that if the rolling
average was greater than 5, the model tended to
perform poorly as shown in Fig. 16.

However, even with the rolling average of 5
performing well on its own and with subsampling,
when it came to testing with live data, the model was
overfitting and unable to predict the thoughts, as
shown in Fig. 17. This again could be affected by the
time gap between the data collection period and the
testing period, or it just was not enough to significantly
help clean the data.

Training the Convolutional Neural Network with
our new dataset gave us mediocre but better than
random validation values. The validation accuracy
peaked at about 40% and our validation AUC score
peaked at about 67%. If we look at these values with a
fresh point of view, these values show good potential
for the model to predict the different thought actions
at a decent rate. From Fig. 18, we can see the training
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and test sets of data start to separate roughly around
10 epochs which is generally when you’d want to stop
training the model, but we based our model on the
validation AUC score and stopped training once it
reached a peak score and the next five scores all are
less than the peak. The confusion matrix shows us that
the model performed relatively well when it came to
predicting backward, forward, and right but struggled
with the left action thought. With more tuning, it could
be improved but this shows a lot of potential in
performing well.
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Fig. 16. KNN Search with various parameters
for preprocessing.
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Fig. 17. KNN model search with rolling average of 5
and subsampling of 10 on the data.
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Fig. 18. On the left we have the CNN accuracy vs epoch
and on the right, is the validation AUC score vs epoch.

5. Conclusions

The objective of this research was to develop a
brain computer interface that would translate EEG
signals into directional commands to action a mobile
robot in real time. Although the model can distinguish
directional commands based on incoming EEG signals
it is far from perfect and quite inconsistent, for that
reason a GUI which supported both handsfree and
remote-controlled modes was developed in parallel.
For practical applications of brain computer
interfacing, although the project is at its end, there is
still room for improvement. It is important to keep in
mind that it may be better to test and train the models
within the same headset streaming session rather than
having to restart the headset streaming which can
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interfere with some of the early sections of the data.
Either that or, to train and test a model within a shorter
time span as gaps between these two events have
proved to be a major factor in the overall accuracy of
the models.
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Abstract: Convolutional neural network (CNN) models are widely applied in various areas including image
classification, machine translation, autonomous driving, natural language processing, face recognition,
recommendation systems, among others. This work investigated and compared different deep convolutional
neural network models for image classification on a custom dataset. The models were trained on a dataset
composed of seven image classes. The images were collected from various sources and a dataset for training the
CNN models was created. The images included fruits, vegetables, and chocolates, which are considered poisonous
to dogs for which Labrador Retrievers are used as a case study. Among the trained models, the Xception model
showed the best performance, with a testing accuracy of 95%. Other notable models with high performance
included InceptionV3, InceptionResNetV2, MobileNetV2 and VGG-16 with testing accuracy of 93.5%, 94.4%,
92.0% and 91.5% respectively. The trained models were able to easily recognize the food classes that are
considered poisons for Labrador Retrievers on independent user images, with very high accuracy.

Keywords: CNN, Image processing, Machine learning, Classification.

1. Introduction

Despite constant efforts for raising awareness
about pet poisons, pet poison hotlines still show an
alarming number of yearly pet poisoning cases. In
2021, the Animal Poison Control Center (APCC)
reported that the poisoning calls they received from
the US increased by over 22 %. Poisoning cases were
attributed to variety of factors including gardening
products and toxicity of essential oils [1]. One of the
most common and dangerous poisoning causes are
foods that are safe for humans, but toxic for pets. This
is because such foods would not seem intuitively
poisonous. According to the APCC, food products
where in the third position, accounting for more than
12% of the cases [1].

To limit the scope of this project, only foods that
are poisonous to Labrador Retrievers and safe to
human beings are tackled and detected via Artificial
Intelligence (Al) algorithms. Specifically, we chose to
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detect chocolate, fresh mushroom, grapes, leeks,
unripe tomatoes, and avocados.

Neural networks in general have been used to study
a variety of applications [2-7]. With the evolution of
this field, deep convolutional neural networks have
gained significant attention in recent years for their
outstanding image recognition and classification
performance. Deep learning is a form of machine
learning where a deep neural network, made up of
many different layers with many different nodes, is
used. With automatic feature extraction, deep
convolutional neural network can classify new images
based on the trained network. However, such training
requires large labeled datasets. In this project, we
collected images from four different web search
engines: Google, Yahoo, DuckDuckGo and Bing. The
images were then selected, compiled and labeled.
Since some food ingredients are difficult to detect
visually without any chemical test, only images which
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have foods that can be visually detected were selected
for training our neural network models.

The current work presents the performance of an
architected model trained on the dataset collected, and
compared to some reputable selected convolution
neural network models. The models compared include
LeNet, Resnet, VGG-16 and AlexNet. The goal of
these models is to identify if the food in the input
image has one of the seven poisonous foods and alert
the user if it does. The dataset collected was split into
three parts and were used for training, validation and
testing, respectively. Each food class was represented
by about 500 images in the training data and
100 images in the validation and testing data.

2. Methods

The study focused on applying a custom
convolutional network model alongside state of-the-
art deep convolutional neural network models to
classify images of selected food and fruits, which were
collected from numerous online sources. The models
investigated included models inspired by AlexNet,
LeNet, VGGnet and Residual network models. The
models were realized using the Keras API in Python
and run on Google Colab. A brief description of each
individual method is discussed in the following
sections.

2.1. Customized CNN

The customized convolutional neural network
applied in this work, consisted of two convolutional
layers, two maxpooling layers, a flattened layer, a
dense layer and a softmax output layer. The first
convolutional layer had an input size of 224 x 224 x
3, 32 filters, kernel size of 6 X 6 and a ReLLU activation
unit and this was followed by a maxpooling layer of
size 2x2. The second convolutional layer consisted of
64 filters, a kernel size of 3 x 3 and a ReLU activation
unit followed by a 2 maxpooling layer. Then a
flattened layer was added, which was followed by a
dense layer of 128 units and a softmax output layer.

2.2. LeNet

Originally presented in Ref. [8] for the purposes of
handwritten digit recognition, LeNet-5 also serves as
a valid but relatively poor image recognition neural
network architecture. The architecture is structured as
follows. First, the images are resized to 32 x 32 and
re-scaled. Traditionally, the images are to be
normalized such that a white pixel has a value of -0.1
and a black pixel that of 1.175. These images are
convolved with six 5 x 5 filters with a stride of 1 to
produce six 28 x 28 feature maps. These feature maps
are sub-sampled with a 2 x 2 window and a stride of
2 that takes the average of the pixel values in a

window. The resulting 14 feature maps are convolved
with 16 5 x 5 filters with a stride of 1. The feature maps
are again sub-sampled using average pooling filters of
the same size, as previously done. The 5 x 5 feature
maps of the previous layer are flattened and
individually connected to a dense layer of 120 neurons
and passed on an 84-neuron layer before being sent to
the classifying output layer, which in this case has
seven neurons. The tanh function served as the
activation function for all layers except the last which
uses the sigmoid function. An implementation of
LeNet-5 was developed in Google Colab and trained
to identify seven classes of food that are poisonous to
Labradors.

2.3. ResNet

Residual neural network (ResNet) models were
developed for realizing neural network models with
considerable depth, that provide a reasonable model
complexity, and that are easy to train. Moreover, deep
and complex neural network architectures are notably
difficult to train [9]. Deeper networks have been
reported to yield better performance than their shallow
counterparts due to their ability to extract high level
features from the input data, enabling them to
significant improvement in the model accuracy.
However, it must be noted that far too many additional
layers have also been noted to degrade model
performance [9]. Nevertheless, the residual networks
have been developed and proposed as powerful models
for image classification [10].

There are various ResNet model formulations, and
their general architecture is characterized by internal
residual blocks, that are key to creating deeper neural
network architectures with lower complexity. In this
study, two state-of-the-art residual networks,
ResNet50 and ResNet50V from Keras API were
applied. The input image data was pre-processed as
required in each case. Pre-trained models were
employed, and the architecture of each model was
maintained. For instance, the ReLU activation
function originally applied in the model was retained.
The only modifications were in the input layer, which
was set to a target image size of 224 x 224 x 3 and the
output layer modified to generate seven outputs and
using a softmax activation function. All trainable
parameters were re-trained. The Adam optimizer, with
a learning rate of 0.0001 was applied. The categorical
cross entropy loss was selected as the loss function
during model training.

2.4.VGGNet

VGGNet is another convolutional neural network
architecture which was proposed in 2014 [9]. The
authors of VGGNet demonstrated the improvement of
model accuracy with the use of deeper convolutional
neural networks for image recognition [9]. To achieve
this, a 3x3 convolution filter was utilized in the
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model’s  architecture. ~ With  this  technique,
convolutional neural networks with a depth of 16 and
19 layers, were developed. These models are
commonly referred to as VGG-16 and VGG-19. Like
many other models, VGG-16 and VGG-19 are
reported to have excelled on ImageNet data back in
2014 competitions. In the present work, pre-trained
models from the Keras API were utilized. Again, all
trainable parameters were re-trained. Moreover, the
models were modified to accommodate input image
size of 224 x 224 x 3 and seven outputs. Furthermore,
the input images were pre-processed to match the pre-
trained model image input requirement. During
training, the Adam optimizer and categorical cross
entropy loss function were applied.

2.5. AlexNet

AlexNet is a convolutional neural network that was
first presented by Krizhevsky, et al. [11]. It was first
utilized in the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC) 2012, where it
successfully proved that deep CNN can be used for
image classification problems.

Implementing the AlexNet is relatively simple
compared to other modern CNN architectures. It
consists of eight layers; it has five convolutional
layers, of which the first, second and the fifth are
followed by max-pooling layers. The convolutional
window shape starts with a size of 11 x 11, and reduces
gradually to 5 x 5 and 3 x 3. As for the maxpooling
layers, they have a pooling window of size 3 x 3 and a
stride of 2 steps. AlexNet also has two fully connected
hidden layers, and one fully connected output layer.

Additionally, the model applies the ReLU
activation function. It also applies data augmentation
and dropout to reduce overfitting. The dropout
technique is applied in the two first fully connected
layers with a dropping ratio of 50%. In summary, the
model has a total of about 6.84 million trainable
parameters.

For this work, AlexNet was implemented on the
Keras platform using the Google Colab environment.
The image target size of 224x224 was also used.
Finally, like in the other models, to facilitate the
comparison of the models, the same training,
validation, and testing datasets were used with this
model.

2.6. Inception

The Inception network architecture was developed
with a purpose of increasing the computation
efficiency within the network during model training
and to achieve better accuracy [12, 13]. The Inception
neural network architecture utilizes Inception blocks
or factorized convolutions, and it is characterized by
aggressive regularization. The model architecture
allows for the creation of highly deep and wide
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convolutional neural networks while maintaining
relatively less computational requirements than in
many similar networks. The combination of Inception
and residual networks was also noted to improve the
overall performance and the accuracy of the deep
convolutional neural network model by enabling faster
training times than with Inception only models [14].
Therefore, in this study, pre-trained InceptionV3 and
InceptionResNetV2 models from the Keras API were
employed. The models were modified to allow a
custom image input size of 224 x 224 x 3, adding a
flattened layer and an output layer of seven outputs.
All trainable parameters were retrained. The Adam
optimizer, a learning rate of 0.0001, and a categorical
cross entropy loss function were employed.

2.7. Xception

The Xception architecture was inspired by the
Inception architecture. In the Xception model, the
Inception blocks are replaced with depth-wise
separable convolutions [15]. This deep neural network
architecture model was found to perform better than
Inception V3 on a large image classification dataset.
The pre-trained Xception model in Keras APl was
modified as in the case of the pre-trained Inception
models in 2.6 by adding flattened layer and output
layer of seven output classes. Again, all trainable
parameters were re-trained.

2.8. MobileNet

MobileNets architecture is a streamlined version of
Xception architecture. This type of deep convolutional
network architecture can be used to create a
lightweight model, which can be utilized in mobile
applications and in embedded systems. The model also
aims to achieve a trade-off between latency and
accuracy [16]. In this work, the performance of pre-
trained MobileNetV2 model from the Keras API was
compared with the other convolutional neural
networks. The model was also modified as described
in 2.7 by adding a flattened layer and an output layer.
The image input size was the same as in previous
models and the optimizer, learning rate, and loss
function are the same as in 2.6.

3. Results and Discussions
3.1. Model Evaluation

The performance of each model was determined
using the accuracy metric. Since, the classes were
balanced in the dataset, accuracy was considered a
good measure of model performance on this data. This
was monitored during model training and validation.
Fig. 1 shows the behaviour of the loss and accuracy for
each epoch. On the other hand, Table 1 presents the
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overall results obtained after fine tuning the models’
hyperparameters such as the learning rates, number of
epochs and batch sizes. The trained models were
evaluated on a test dataset, and the outcome is
summarized in Table 1. As shown in Fig. 1, in all
cases, the training and validation losses were quite far
apart, which is indicative of an over-fitting problem.
This is evident form the fact that in most cases, the
validation error continued to increase or significantly
fluctuate as the number of epochs increased, whereas

the error in the corresponding training data was
continuously decreasing. Further, this behaviour
persisted even after tuning the hyperparameters of
several models. The overfitting problem observed in
this present work can be attributed to the limited
training examples for different food classes. Therefore,
in future, it would be important to consider collecting
more images or apply other available techniques such
as data augmentation in order to improve the
generalization of the model.
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Fig. 1. Training and validation loss and accuracy results.
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Table 1. Model accuracy.

Accuracy

Model Training Validation Testing
Customized-CNN 0.813 0.590 0.716
LeNet 0.672 0.496 -
ResNet50 0.989 0.795 0.885
ResNet50V 0.979 0.777 0.874
VGG-16 0.960 0.849 0915
VGG-19 0.959 0.813 0.864
AlexNet 0.813 0.637 0.757
InceptionV3 0.985 0.895 0.935
InceptionResNetV2 0.993 0.883 0.944
Xception 0.993 0923 0.954
MobileNetV2 0.985 0.884 0.920

train
281 validation

accuracy
loss

epochs epachs

train
validation

accuracy

train 201
validation

o 2 4 6 B ] 2 4 [ 1

The custom CCN model showed relatively low
classification accuracy. In this model, the observed
accuracy after several model tuning was 0.716 on the
test data (c.f. Table 1). Moreover, overfitting in this
case was highly pronounced as shown in Fig. (1i). The
performance of this model could be improved by
further tuning the hyperparameters of the model, as
well as training it on a much larger dataset.

An informal hyperparameter exercise was
conducted to improve the performance of the LeNet
model. For instance, changes were made to the
optimizer, input color scale, activation function, and
sub-sampling style, to improve the model’s
performance. A validation accuracy of 49.6% was
achieved when color images were considered, ReLU
replaced tanh as the main activation function, softmax
was used instead of the sigmoid function, and the input
images were free of imposed distortion such as shear
or flip. The top three results from this hyperparameter
tuning exercise are shown in Fig. 2, with plots
displaying the change in loss function value and
accuracy over time in epochs. Specifically, the training
and validation loss and accuracy for the top three
modified networks are shown in this figure.

The performance of the pre-trained models, from
the Keras API, showed better performance than the
other models like customized CNN, LeNet and
AlexNet. Apart from their utilization of pre-trained
parameters, these models presented a much deeper
convolutional neural network architecture, which, for
example, the customized CNN lacked. This means that
the models with deeper networks were able to extract
more relevant features during model training than
those with relatively shallow architectures such as the
customized CNN model. Besides the noticeable
overfitting problem, the ImageNet pre-trained models,
especially the Xception model, showed good results.
The Xception showed a high accuracy on the
validation and testing image data, with an accuracy of
0.923 and 0.954, respectively (c.f. Table 1).
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Fig. 2. LeNet hyperparameter tuning: (a) Adam optimizer,
softmax output activation, relu over tanh activation,
distortion allowed in training dataset; (b) RMSProp
optimizer, softmax output activation, relu over tanh
activation, no distortion allowed in training dataset of color
images, and (c) Adam optimizer, softmax output activation,
relu over tanh activation, no distortion allowed in training
dataset of color images.

3.2. Performance of Trained M odels

In addition to the validation and testing datasets,
the performance of models on an independent set of
images was assessed. This was done to further
evaluate the practical viability of the trained models in
predicting whether the food represented in a particular
image was a potential poison for the Labrador
Retriever. Moreover, this was done to further compare
the robustness of the trained deep convolutional neural
network models. Fig. 3 demonstrates the observed
prediction performance of select trained models on a
smaller independent dataset. The results showed that
among the 7 images, the customized CNN could
correctly classify only the image of grapes. On the
other hand, VGG-16, InceptionV3 as well as Xception
were able to classify the images as shown in Fig. 3.
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4. Conclusions

This study examined the performance of different
CNN models to classify images of poisonous pet food.
Overall, the Xception model consistently produced the
best results. With this model, a user can apply the
trained model to check if food is edible for their
Labradors with an estimated accuracy of nearly 95
percent, established by the test results. Similarly, the
lightweight model, MobileNetV2 also showed quite
good performance. Thus, implementing this trained
chocolate candy s o . model in mobile applications would allow flexibility
.7 for users to perform basic image recognition tasks to
check if a particular food is edible for their Labradors.

Additionally, the benefit of transfer learning was
observed in this work. ImageNet pretrained models,
such as VGG-16, InceptionV3 and Xception,
outperformed all other models (AlexNet, Customized
CNN and LeNet) that were trained from scratch using
the collected images.

Furthermore, it is also important to note that the
dataset used in this study was relatively small and did
not cover all the possible poisonous foods for the
Labradors. Therefore, it can be said that for the
identified models, even though some performed
notably well on the current dataset, more data is
needed to further train and develop the models before
they can be considered practically useful. The need for
more training data is also supported by the fact that all
the models showed an overfitting problem, evident
from the significant discrepancy between the training
error and the validation error. Future work, would
focus on collecting more image data, further
optimizing the best models, and exploring the practical
implementation of the findings of this work.
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