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Preface

The International Conference on Applied Mathematics in Engineering (ICAME’18)
was successfully held in the period of 27-29 June 2018 in Burhaniye, Turkey. The
conference provided an ideal academic platform for researchers to present the latest
research and evolving findings of applied mathematics on engineering, physics,
chemistry, biology and statistics. During the conference,

» Three plenary lectures (by Prof. Dr. Albert Luo, Prof. Dr. J. A. Tenreiro Machado
and Prof. Dr. Jordan Hristov under the chairship of Prof. Dr. Dumitru Baleanu)

e Three invited talks (by Prof. Dr. Carla Pinto, Prof. Dr. Mehmet Kemal Leblebi-
cioglu and Prof. Dr. Ekrem Savas)

e A total of 224 oral presentations (in eight parallel sessions)

have been successfully presented by participants from 15 different countries, i.e.
Algeria, Argentina, Bulgaria, Libya, Germany, India, Morocco, Nigeria, Portugal,
Saudi Arabia, South Africa, Turkey, the United Arab Emirates, the United Kingdom
and the United States of America.

The members of the organizing committee were Ramazan Yaman (Turkey), J.
A. Tenreiro Machado (Portugal), Necati Ozdemir (Turkey) and Dumitru Baleanu
(Romania, Turkey).

We would like to thank all the members of the Scientific Committee for their
valuable contribution forming the scientific face of the conference, as well as for
their help in reviewing the contributed papers. We are also grateful to the staff
involved in the local organization.

This work organized in two volumes publishes a selection of extended papers
presented at [ICAME’ 18 after a rigorous peer-reviewing process. The first volume
of the book Numerical Solutions of Realistic Nonlinear Phenomena contains 12
high-quality contributions.

This collection covers new aspects of numerical methods in applied mathematics,
engineering, and health sciences. It provides recent theoretical developments and
new techniques based on optimization theory, partial differential equations (PDEs),
mathematical modelling and fractional calculus that can be used to model and
understand complex behaviour in natural phenomena. Specific topics covered in
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detail include new numerical methods for nonlinear PDEs, global optimization,
unconstrained optimization, detection of HIV-1 protease, modelling with new
fractional operators, analysis of biological models and stochastic modelling.

We thank all the referees and other colleagues who helped in preparing this book
for publication. Finally, our special thanks are due to Albert Luo and Michael Luby
from Springer for their continuous help and work in connection with this book.

Porto, Portugal J. A. Tenreiro Machado
Balikesir, Turkey Necati Ozdemir
Ankara, Turkey Dumitru Baleanu
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Chapter 1 )
Monotone Iterative Technique for Qe
Non-autonomous Semilinear Differential
Equations with Non-instantaneous

Impulses

Arshi Meraj and Dwijendra Narain Pandey

1.1 Introduction

To describe abrupt changes, for example, harvesting, natural disasters and shocks,
the differential equations having instantaneous impulses are used. The theory of
instantaneous impulsive equations has various applications in mechanics, control,
electrical engineering, medical and biological fields. One may see [1, 3, 7, 22, 23]
for more details.

In pharmacotherapy, certain dynamics of evolution process could not be
explained by the models having instantaneous impulses. For example, the
introduction of the drugs in bloodstream and its absorption to the body are
continuous and gradual process, the above situations can be interpreted as impulsive
actions which start abruptly and stay active on a finite time interval. Hernandez [17]
initially considered Cauchy problems of first order non-instantaneous impulsive
evolution equations. Fractional non-instantaneous impulsive differential system is
considered by Kumar et al. [21] to establish the existence and uniqueness of mild
solutions. Chen et al. [10] investigated the mild solutions for first order evolution
equations having non-instantaneous impulses using noncompact semigroup. Kumar
et al. [20] derived a set of sufficient conditions for the existence and uniqueness of
mild solutions to a fractional integro-differential equation with non-instantaneous
impulses.

Monotone iterative technique (in short MIT) is a useful method for the study
of existence and uniqueness of mild solutions. In MIT, we construct monotone
sequences of approximate solutions converging to extremal mild solutions. This
technique is first used by Du [13] to find extremal mild solutions for a differential
equation. The results are extended for nonlocal differential equations by Chen [8].
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Further the technique is used for an impulsive integro-differential equation by Chen
and Mu [9]. Mu [25] first applied the MIT for fractional evolution equations. Mu
and Li [27] generalized the results for impulsive fractional differential equations
by using MIT. Later on, the result has been extended for nonlocal condition by
Mu [26]. Kamaljeet [18] and Renu [6] applied MIT for fractional differential
equations having finite and infinite delay, respectively. Evolution equations having
non-instantaneous impulses are studied by Chen et al. [32] via MIT. In [24], authors
first applied MIT for non-autonomous differential system.

Non-autonomous nonlocal integro-differential equations are studied by Yan [30]
with the help of evolution system, Schauder and Banach fixed point theorems. Non-
autonomous differential system having deviated arguments is considered by Haloi
et al. [15] to study the existence and asymptotic stability via analytic semigroup
and Banach contraction theorem. In [5], authors generalized the results of [15]
for instantaneous impulsive non-autonomous differential equations having iterated
deviated arguments.

In literature, no work yet available for non-autonomous differential system
having non-instantaneous impulses by using MIT. Inspired by this, we consider the
following non-autonomous system having non-instantaneous impulsive condition in
a partially ordered Banach space X:

X'+ A@Mx(@) = F(t,x(0), te€ULy(si,tiy1],
x() = yit,x(0), teUL (t,si],
x(0) = xo, (L.1)

where {A(#r) : t € J = [0,b]} is a family of linear closed operators. The
nonlinear function .% : J x X — X and non-instantaneous impulsive functions

yi  (,si] x X —> X, i = 1,2,...,m are suitable functions,
0 <t <th <...<ty <tyt1 :=0Db,5 :=0ands; € (t,t41) for each
i=1,2,...,mand xo € X.

The article is arranged as follows: Section 1.2 is related with some basic
theory. The existence and uniqueness of extremal mild solutions for the system
(1.1), nonlocal problem and integro-differential system corresponding to (1.1) are
established in Sects. 1.3, 1.4 and 1.5. In last section, we present an example in the
favour of our results.

1.2 Preliminaries

Suppose that (X, || - ||, <) is a partially ordered Banach space, % (J, X) denotes
the space of all continuous maps from J to X, endowed with supremum norm.
Consider € (J,X) = {x : J — X : x is continuous at t # #, x(ty—) =
x(t) and x (tx4) exists for all k = 1,2,....m}, endowed with supremum norm,
P ={y e X : y>0}(0is the zero element of X) denotes the positive cone of X.
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The positive cone is known as normal if we have a real number .4/~ > 0 satisfying
0 <x; <x2= |lx1ll < Axzll, for all x;,x, € X, the least value of .4 is
named as normal constant. For u, w € #%(J, X) with u < w, we will use the
notation [u, w] ;= {y € % (J,X) : u <y < w} for an interval in % (J, X),
while [u(?), w(®)] == {z € X : u@®) <z < w(®)}( € J) for an interval in
X, ZP(J, X)(1 < p < o0) denotes the Banach space with norm || x|l #»; x) =

b 1
(Jo lx@NPdryr.

First, we recall the definition and some basic properties of evolution system. We
refer [14] and [28] for more details.

Definition 1.1 ([28]) Evolution system is a two parameter family of bounded linear
operators . (t1, 1), 0 < tp < t; < b on a Banach space X satisfying:

1. (s, s) = I ( the identity operator).
2. A1, )L (h,13) = S (t1,13) for0 <13 < 1) < t; <b.
3. (t1, ) — L(t1, 1) is strongly continuous for 0 < #p <1, < b.

The following assumptions are imposed on the family of linear operators {A(¢) :
teJ}onX:

(A1) A(z) is closed densely defined operator, the domain of A(z) does not depend
ont.

(A2) For Re(®) <0, t € J, the resolvent of A(r) exists and satisfies | Z(; 1)|| <
Irﬂﬁ’ for some positive constant ¢.

(A3) For some positive constants K and p € (0, 1], we have
A1) — A(@)]A™ (m3)]| < K|ti — 1l for anyT), 7, 73 € J.

Theorem 1.1 ([28]) Suppose that the assumptions (A1)-(A3) hold, then —A(t)
generates a unique evolution system {L(t;,) : 0 < b < t; < b}, which
satisfies:

(i) For some positive constant M, we have | (t, )| < #,0 <ty <t <b.
(ii) For(Q <1ty < t; < b, the derivative W exists in strong operator topology,

is strongly continuous, and belongs to B(X) (set of all bounded linear operators
on X). Moreover,

0.7(t1, )

o1 +A)SL(t1,1) =0, 0<tp <t <b.
1

Proposition 1.1 ([30]) The family of operators {F (t1, t2), ty < t1} is continuous
in t| uniformly for t, with respect to operator norm.

Definition 1.2 The evolution system .7 (¢, s) is named as positive if it maps positive
cone to the positive cone.

Theorem 1.2 ([28]) If .% satisfies uniform Holder continuity on J with exponent
o € (0, 1] and the assumptions (A1)—(A3) hold, then the unique solution for the
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following linear problem

O +ADOx@) = F@), 0<t<b,
x(0)=xpe X (1.2)

is given by

t
x(t) = L(t,0)xp +/0 L, n)Z (n)dn. (1.3)

Definition 1.3 A mild solution to the problem (1.1) is a function x € L% (J, X)
satisfying

L. 0x0+ [o L. F . x(m)dn,  t€[0.1],
x(0) =1 yt.x@). teU . sl (1.4)
S si)yilsi, x(0) + [y S @ mF (,x(m)dn, 1€ UL (s, tig1].

Definition 1.4 A lower mild solution for the system (1.1) is wy € ZP¥€(J, X)
satisfying

L, 00x0+ [y LE T, 00m)dn, 1 e[0,4],
wo®) < 1 vitt,wo (@), 1 eUL (1,5, (1.5)
Z(t, 5i)yi(si, wo(si)) +fst L, mF m, wo(m)dn, t e UL (si,tiy1]

If the inequalities of (1.5) are opposite, solution is named as upper mild solution.

Now, let us recall the definition and some properties of Kuratowski measure of
noncompactness.

Definition 1.5 Let M (Y) be a family of bounded subsets of a Banach space Y, then
the nonnegative function i on M (Y) defined as:

w(D)=1inf{e > 0: D C U.’}=1D1’ diam(D;) <e (j=1,2,...,n € N)},

is called Kuratowski measure of noncompactness.

Lemma 1.1 ([11]) Let X1 and X> be complete norm spaces and G, H C X1 are
bounded, then we have:

(i) G is precompact if and only if u(G) = 0.
(ii) (G U H) = max{u(G), u(H)}.
(iii) w(G + H) < pn(G) + n(H).
(iv) If f : dom(f) C X1 — Xy is Lipschitz continuous with Lipschitz constant C,
then u(f(8S)) < Cu(S), S C dom(f) is bounded.
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Lemma 1.2 ([2]) Let G C % (J,Y), where Y is a complete norm space, and
G@t) ={f@): f € G}t € J). If G is equicontinuous and bounded in € (J,Y),
then (G (1)) is continuous on J and w(G) = majx w(G(1)).

re

Lemma 1.3 ([16]) Let{f,} C € (J, X) is a bounded sequence where X is complete
norm space, then u({ f,,(t)} € LY, X), and

u({ / fn(n)dn} )sz / WU (IS ).
0 n=1 0

Lemma 1.4 ([31]) Let ¢ > 0, B > 0, y(t) and z(t) are locally integrable
nonnegative functions on 0 <t < T < 400, such that

t
20 < y() + ¢ / (t — )P 2(5)ds,
0
then

Tn €T B s ]
Z(I)Sy(t)+f0 [; Tp) (t —s) y(s)|ds, 0<t<T.

1.3 Main Results

In this section, first we will discuss the existence of extremal mild solutions for
(1.1), then the uniqueness will be discussed. Define 2 : 2% (J, X) - PE€(J, X)
in the following way:

L(t.0x0+ [o LT xm)dn, 1 €[0,1],
Dx(t) = { yi(t, x(@)), te Ul (1, ), (1.6)
S, s)yilsi, x(s)) + [o L@ F (, x()dn, 1 € UL, (s, tig1]-

Note that 2 is a well-defined map. We are interested to prove that the operator .2
has a fixed point. Now, we state the assumptions required to prove the existence of
extremal mild solutions:

(HO) X is a partially ordered Banach space with positive normal cone &7, xy € X,
and —A(t) generates a positive evolution system . (¢,s) (0 < s <t < b) on
X.

(H1) The function .# : U7 ;[s;, t;+1] x X — X is continuous, and satisfies

F(t,y1) < F(t, ),

for y1, y2 € X and wo(¢) < y1 < y2 < vo(2).
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(H2) The function y; : Ul’-"=1 (#;, si] x X — X is continuous, and satisfies

vit,y1) < vi(t, y2),

for y1, y2 € X and wo(t) < y1 < y2 < wo(2).
(H3) Forallt € U/L[s;, ti41]1, and {y,} C [wo(?), vo(t)] a monotone increasing or
decreasing sequences, we have

w{F @, y)}) < L)),

for some constant .Z > 0.

(H4) There is a constant .%; > 0 such that for all t € (#,s;],i = 1,2,...,m,
and {y,} C [wo(?), vo(?)] a monotone increasing or decreasing sequences, we
have

w(yi(t, yo)b) < Zipn({yn))-

Theorem 1.3 If the assumptions (A1)—-(A3), (HO0)—(H4) are satisfied, and
wp, Vo € ZE(J, X) withwy < vy are lower and upper mild solutions, respectively,
for system (1.1). Then, there exist extremal mild solutions in the interval [wg, Vo],

.....

Proof Let us denote I = [wq, vo]. Forany x € I and o € [s;,ti+1]; i = 0,1, 2,
...,m, (H1) implies

F (0, w0(0)) < F(0,x(0)) < F(0,v0(0)).
Now, using the normality of &7 we have a constant ¢ > 0, such that
.7, x(@)Il <c, x el (1.7)

For convenience, the proof is divided into following steps:

Step I.  In this step, we will show the continuity of the map 2 on I. Consider a
sequence {x,} in I such that x, — x € I. The continuity of .% implies that
F (0, xn(0)) = F(0,x(0)) for o € [si,ti+1]; i = 0,1,2,...,m, similarly
vi(0, x,(0)) — vi(o,x(0)) foro € (t;,s;]; i =1,2,...,m and from (1.7) we
get that ||.% (0, x,(0)) — Z (0, x(0))|| < 2¢. Combining these with Lebesgue
dominated convergence theorem, we estimate the followings.
Fort € [0, #1],

t
1220 (0) — 2x )| < A /0 1.7 (0, 32(0)) — F (0, x (@) lde

— 0 as n— oo.
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Fort e (t;,si], i =1,2,...,m, we get

| 2x, (1) — 2x@)Il = v, x,(8)) — vi &, x|

— 0 as n— oo
Ifte(si,tiyl; i=12,...,m,
12x, (1) — 2xOI = A Nyi(si, xn(si)) — Vilsi, x(si))
+. 4 /: -7 (0, xn(0)) — F (0. x () lldo
— 0 as ln — 00.

Thus £ is continuous map on /.

Step II. The map 2 : I — [ is monotone increasing. Let x1, x, € I, x; < x».
Using the positivity of .#(¢, s) and the hypotheses (H1), (H2), it is easy to see
that 2x; < Zx;, which means 2 is increasing operator. By Definition 1.4, we
get wg < Qawy. In the same way, we have Qvy < vg. Let u € I, so we have
wy < Qwy < 2u < Qvg < vy, that means Qu € I. Therefore, 2 : I — [ is
monotone increasing.

Step III.  We prove that 2 has a fixed point. Consider the following sequences

w, =2w,_1 and v, =2v,_1, neN, (1.8)
monotonicity of 2 implies
W) =W =Wy S SV S SV S ). (1.9)

Let S = {w,} and So = {w,—1}. Then Sg = S U {wo} and w(So(?)) =

w(S@)), t € J. From (1.9), it is clear that S and Sy are bounded. Observe that

w(&(t, 0)(xp)) = 0, for {xg} is compact set and .¥ (¢, 0) is bounded. Suppose
D(t) := u(S@k), tel. (1.10)

By the definition of measure of noncompactness, we have @(t) > 0. For ¢ €
[0, #1], from Lemma 1.1, Lemma 1.3, assumption (H3), (1.6) and (1.8), we get

D (1) = n(2So(1)

t
= M(Y(t,o)xo +/0 L, n)«?(n,wn_l(n))dn>

t
S,u(y(l,O)XO)+2////O M(f(n,wn—l(n))>dn
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t
<2n% /0 w1 ()Ddn
t t
< 2//13/0 M(So(n))dn=2///$f0 w(S(m)dn
t
D) < 2//{5/ @ (n)dn.
0

The above inequality combined with Lemma 1.4 imply that @ () = 0 on [0, #{].
Fort € (t;,s;]; i = 1,2, ..., m, by using assumption (H4)
D(1) = n(28o(1))

= pn({yi(t, op—1 (1)}

< Li(@n—1(1) = Lip(S@)) = L@ (@).
Since .%; < 1, therefore @(t) =0 forall7 € (t;,s;], i = 1,2,..., m. Observe
that S(s;) = {w,(s;)} which is a monotone bounded sequence in X, therefore
convergent for all i = 1,2, ..., m. Thus u(S(s;)) = O0foralli = 1,2,...,m.

Now, if t € (s;,ti+1); | = 1,2,...,m, from Lemma 1.1, Lemma 1.3 and
assumptions (H3), (H4)

D(1) = u(L2So(1))

= M(y(l, 51)Vi(Si, wq—1(s:)) + /s_t L, mFn, wn—l(ﬁ))dﬂ)
< M ity on D) + 2.4 / Al M(«ﬁz(n, wnl(n))>dn
< M L1 5) + 2M L f wwnr oy
= ML (S) +2ML / "o
D) < ZE///,,Z/AI D (n)dn.

The above inequality combined with Lemma 1.4 imply that @(¢) = 0 on
(si, tiv1]; i = 1,2, ..., m. The above discussion concludes that u({w,(¢)}) =0
for every ¢t € J, this implies that the sequence {w,(¢)} is precompact in X for
eacht € J. Hence, we have a convergent subsequence of {w, ()}, combining this
with (1.9) it is easy to observe that {w, (¢)} itself is convergent in X. We denote
nlingo wp(t) = 0*(t), t € J. By (1.6) and (1.8), we obtain that
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L, 00x0 + [§ LW, )F (. op_1()dn, 1 €[0,1],

vit,wa—1(0),  t €U (1,5,

L, 5)Yi(sis 0n—1(5)) + [§. 7@, )F (1, 0,1 (),
t e U;nzl(si, tiy1l

wn(t) = Qw,_1(t) =

Taking n — oo and applying Lebesgue dominated convergence theorem, we
have

(. 00x0 + [ L. MF @, 0 (m)dn,  t€[0,1],
Yi(t, (1)), t e UL (t,si],
S, 50)vi(si, () + [ 71, m)-F (n, 0* (),

t e UL (si, tip1].

*(t) =

So, w* = Qw* and w* € L€ (J, X). It proves that * is a mild solution for
the system (1.1). Similarly, there is v* € € (J, X) satisfying v* = 2v*,
Now we show w*, v* are extremal mild solutions. Let x € [ and x = Zx,
then w; = Qwy < Zx = x < ZQvg = vy, by induction method, we obtain
w, < x < v, Hence wy < w* < x <v* <yyasn — oo, that means minimal
and maximal mild solutions are w* and v*, respectively, for (1.1) in [wy, vo].

O
To prove uniqueness, we need some more assumptions mentioned as below:
(H5) We have a constant .#| > 0 such that
F(t, y2) — F(t, y1) < A1 (y2 — Y1),
where y1, y2 € X with wo() < y1 < y2 < vo(t),t € UL [si, tir1].
(H6) There exist constants .4/ > 0 such that
it y2) — vi(t, y1) < Ai(y2 = y1),
fort € (t,si];i = 1,2,...,m,and y;, y2 € X with wg(t) < y1 < y» <

l)o(t).
Let us denote A™* = mzax {A71.
=1,2,....m

1

Theorem 1.4 Suppose that the assumptions (H0), (H1), (H2), (H5), (H6), (Al)—
(A3) hold and wy, vo € PE(J, X) with wy < vy are lower and upper mild
solutions, respectively, for the system (1.1). Then, there exists a unique mild solution
for the system (1.1) in [wo, vol, provided that Ay == M N (N* + A 1b) < 1.

Proof Let {y,} C [wo(t),vp(¢)] be increasing monotone sequence. For
t € U;”:O[s,-,tiﬂ] and n,m € N (n > m), the assumptions (H1) and (HS5)
imply
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0=<F, yn) = F(t, ym) < A1 (Y0 = Ym)-
Since the positive cone is normal, therefore
7@, yn) = F(t, y) | = A AN (n = ym) -
Using Lemma 1.1, it yields
n(F @, yp)) < A Ay}

Hence the assumption (H3) holds. Similarly, by (H2), (H6) and Lemma 1.1 we
have

wlyi(t, yo)b) < A Aipu{yn}),
foreach t € (#,s;];i = 1,2, ..., m. This means assumption (H4) satisfies, and
we can apply Theorem 1.3. Therefore, there exist minimal mild solution w* and
maximal mild solutions v* for the system (1.1) in [wq, vo].
For t € [0, 1], by using (1.6), (HS)
0 <v*(@t) — 0*(t) = 2v*(t) — Qw* (1)

t
_ /0 0 n)[ﬁ(n, V*(n))—ﬁz(n,w*(n))}dn

t
5///1/0 Zt, n)<V*(n)—w*(n)>dn~

Therefore, normality of cone implies

t
v — || < JVH//A/O S, n)(V*(n) —w*(n)>d77H
< N M AMD|V" — . (1.11)
Ifr e (4,5, i =1,2,...,m, assumption (H6) and (1.6) yield

0 <v*() — *(t) = 2v*(t) — Qw* ()
=y (t, V(1)) — yi(t, ®* (1))
< A — 0™ (1)).

Therefore, normality of cone implies

[V — &*|| < A AV — "
< N N*|V* = o*. (1.12)
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Similarly, if t € (s;, t;411; i = 1,2,...,m, by (1.6), (H5) and (H6) we obtain
0 <Vv*@) — 0*(t) = 2v*(t) — Q™ (1)

=7, Si)(Vi (si, v (5i)) — vi(sis w*(Si)))

4 / s n)(éz(n, V) — F (1, w*(n)))dn
< J%[Y(t, si) (V¥ (si) — w*(sl-))}

it f S0t o) — o ).

The normality condition yields

v — &*|| < AN (N + A\D) |V — &7
< MN (N + M)V — 0. (1.13)

The inequalities (1.11), (1.12) and (1.13) yield
[V — || < A1V — @™

Since A} < 1, so ||[v* — w*|| = 0, that means v*(r) = w*(¢) on J. Thus, the
uniqueness of the mild solution for (1.1) in [wy, Vo] is proved. O

1.4 Nonlocal Problem

The generalization of classical initial condition is known as nonlocal condition, it
produces better results in the application of physical problems. The nonlocal Cauchy
problem was first studied by Byszewski [4]. The nonlocal condition is used to
describe the diffusion phenomenon of gas in a transparent tube by Deng [12]. In
this section, we will discuss about extremal mild solutions for the non-autonomous
non-instantaneous impulsive differential equations with nonlocal condition given as
below:

xX'()+dOx() = F(t,x(1), teUlLysi,tiv1l,
x(t) =y, x(1), teUL @,sil,
x(0) = xo + Y (x). (1.14)
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Definition 1.6 A function x € H¥(J, X) satisfying the following integral
equation

L, 0)(x0 + 9 @) + [§ L. DF . x(m)dn, 0=t =1,
x(t) = vi(t, x@)), t EU;nzl(li,si],
S s)ViCsi, x(6)) + [ @) F (, x()dn, 1€ UL (s, tig1]s

is named as mild solution of the problem (1.14).
Definition 1.7 wy € 2% (J, X) satisfying the following
S (1,000 + 9 (@) + fo 7 €, MF (0, 0(m)dn, 0=t =1y,

w(t) < 3 vi(t, wo(1)), re Ul (t, sil, (1.15)
St 5i)vi(sis 0o(si) + [5 S @ F (w0, 1€ ULy (i tig1],

is named as lower mild solution for the system (1.14). If the inequalities of (1.15)
are opposite, solution is named as upper mild solution.

To prove the existence and uniqueness of extremal mild solutions of nonlocal
problem (1.14), we need following conditions on nonlocal function:

(H7) ¢ is X-valued continuous increasing compact function defined on
PE(J, X).
(H8) ¥ satisfies

Y(y)—9(x) < ZLy(y—x), forx,y el withx <y,

for some constant .Z;, > 0.

Let us define the operator 2 on #%(J, X) as following:

L (,0)x0 + G @) + [o L@, m)F o, x(m)dn, 0=t =<1,
Dx(t) = { yi(t, x(1)), re Ul (@, sil, (1.16)
St si)vi(siy x(s;) +ffi S, mF(m, x(m)dn, t€ UL (s, i1l
Theorem 1.5 If the assumptions (A1)—-(A3), (HO0)—(H4) and (H7) are satisfied,
and wy, vo € PE(J, X) with wg < vy are lower and upper mild solutions,

respectively, for the system (1.14). Then, there exist extremal mild solutions for the
problem (1.14) in the interval [wog, Vo, provided that {n2ax (%) < 1.
i=1,2,...m

Proof We can check easily that 2 : I — [ is continuous and increasing. Consider
the following sequences

wp, =Z2w,—1 and v, =2v,_1, n€EN, (1.17)

monotonicity of 2 implies

Wy Swp =@y S-Sy S SV S . (1.18)
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Let S = {w,} and Sy = {wu—1}. Then Sy = S U {wp} and wu(Sp(?)) = w(S(1)),
t € J. From (1.18), it is clear that S and Sy are bounded. Observe that

w(ZL(,0)(xg)) = 0, u(L(t, 009 (w,—1)) = 0 for {xp} is compact set, ¥ is
compact map and .#(¢, 0) is bounded. Suppose

D) :=u(S@), tel. (1.19)

For ¢ € [0, #1], from Lemma 1.1, Lemma 1.3, assumption (H3), (1.16) and (1.17),
we get

D (1) = n(LSo(1)

= M(Y(t, 0)(x0 + ¥ (wp—1)) + /Ot L, mF (0, wn_l(n))dn)

= n(Z(t, 0)x0) + u(F(t, 0F (wn—1)) + 2.4 fot u(ﬂ‘(n, Wp—1 (n)))dn
<207 | on1 DDy

24Z /Ot n(So(m)dn = 2113[; n(S(m)dn

t
(1) < 2//5/ @ (n)dn.
0

Combining the above inequality with Lemma 1.4 imply that @(¢) = 0 on [0, #1].
Proceeding in the same way as the proof of Theorem 1.3, we obtain

@()=0, reUlL 1, sl

@) =0, teUL (s, tip1]lsi,tir]

By the above discussion, we conclude that u({w,(t)}) = 0 for every t € J, this
implies that the sequence {w, ()} is precompact in X for each ¢ € J. Therefore,
it has a convergent subsequence, combining this with (1.18) yield that {w,(¢)} is
convergent in X. Denote nll)rgo wp(t) = 0*(t), t € J. By (1.16) and (1.17), we

obtain that

L (t,0)(x0 + Gon—1) + [y St ))F (1, on—1 ())d,
0<t=<t,
(1) = Dw,—1(t) = | vi(t, 0—1()), te UL, (t, s,
S, 50)Yi (5t 0a1(50)) + [§ &, )).F (0, 001 ())d,
t e Ul (si, tip1].
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Taking n — oo and applying Lebesgue dominated convergence theorem, we have

L(t,0)(xo + Yo*) + fé L, mMF(, w*(n)dn, 0=<tr=1,
yi(t, 0*(1)), te Ul (1, s,

S, 50)vi (si, @ (5) + [ 71, m)-F (n, 0* (),
t e UL (si, tip1].

o*(t) =

So, w* = Qw* and w* € HFE(J, X), which imply that w* is a mild solution
of (1.14). Similarly, we have v* € Y€ (J,X) and v* = 2v*. Now we
show w*, v* are extremal mild solutions. Let x € I and x = 2x, then
w = 2wy < 2x = x < ZQvg = vy, applying the method of induction
wp < x < v, hence wg < w* < x < v* < yy. It means that minimal and
maximal mild solutions are w* and v* for (1.14) in [wy, vo]. O

Theorem 1.6 If the assumptions (H0)-(H2), (H5)—(H8), (A1)-(A3) hold and
wp, vo € PE(J, X) with wy < vy are lower and upper mild solutions, respectively,
to the system (1.14). Then, the system (1.14) has a unique mild solution in [wq, Vo],
provided that

Ay 1= max {///(/V(fg + Mb), MN(N* +//l1b)} < 1.

Proof We can easily see that (H3) and (H4) hold, as it is done in the proof of
Theorem 1.4. Now, applying Theorem 1.5, we get that the system (1.14) has minimal
mild solution w* and maximal mild solutions v* in [wq, vg].
For ¢ € [0, #1], by using (1.16), (H5) and (HS8), we estimate
0 <v*() — *(t) = 2v*(t) — Qw* ()

t
=7, 0(EG V) — G (@) +/0 () [9(77, viEm) — F (. w*(f/))}dn

t
< LS (1, 000" — ") + M / St n)(v*(n) - w*(n))dn~
0
Therefore, normality of cone implies
[v* — ™| SJV///[D?gjL///]b}llv*—w*H. (1.20)

Also, we have
v — ™| < A ANFV =", t e UL 1, sil, (1.21)

and

WV — ™| < AN (N + D)V — 0|, 1€ UL (si, tip1]. (1.22)
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The inequalities (1.20), (1.21) and (1.22) yield
v — o*|| < Azlv* — "

Since Ay < 1, so ||[v* — w*|| = 0, which means v*(t) = @*(¢), on J. Thus, the
uniqueness of mild solution for (1.14) in [wy, vo] is proved. O

1.5 Integro-Differential Equations

This section is concerned with non-autonomous integro-differential equations with
non-instantaneous impulsive conditions:

1
x'(t)+ A ()x(t) = f(t, x(1), / k(t, s)x(s)ds), t e UL (si, tip1],
0

x(0) = yit,x(0), teUL (4, sl
x(o) = X0, (123)

k € €(D, RT) with D := {(t,s) : 0 <s < t < b}. For our convenience we denote
Hx(t) := [y k(t,5)x(s)ds, and K* := sup k(t,s).
(t,5)eD

Definition 1.8 A function x € %€ (J, X) is said to be a mild solution of the
problem (1.23) if it satisfies

L, 00x0 + [y L, m)F (0, x(n), H x(n))dn,
0<t<mn,
x(t) = vt x@®),  teUl (1, s,
Z(t, 5i)yi(si, x(si) + jff,. S, m)F (m, x(n), A x(n)dn,
€ Uil Gsis fig1]-

Definition 1.9 wy € Z%(J, X) satisfying

L(t,0)x0 + [y L, )T (n, wo(n), H wo(n))dn,
t |0, 1],
wo(t) < 1 Yi(t, wo(2)), t e UL (1, sil, (1.24)
St 5)Vi(si, 0(s) + [§ L&, )F (0, w0(), H wo(m)dn,
t e UL (si, tip1],

is named as lower mild solution for the system (1.23). If the inequalities of (1.24)
are opposite, solution is named as upper mild solution.



16 A. Meraj and D. N. Pandey
Let 2 : 6 (J, X) > P€(J, X) as following:

F(t.0)x0 + [y Lt )T (. x(n), H x(n))dn,
te€[0,4],
9x(t) = 1 yi(t, x(1)), te UL (1, s, (1.25)
S, 51)vi(si x(5)) + [ 7 @) F (n, x (), A x()d,
t € UL (i, tit1].

Now, we state some more assumptions required to prove the existence of extremal

mild solutions for the system (1.23):

(B1) The function .# is continuous on U7" g [s;, ;+1] x X x X. For y1, y» € X with
wo(t) < y1 < y2 <o) and H wo(t) < x1 < xp < Hvy(t), we assumed

F(t, y1,x1) < F (1, y2, X2).

(B2) For all t € Ul’-":()[s,-, t;+1] and monotone increasing or decreasing sequences
{yn} Clwo(t), vo(®)], {xn} C [H wo(t), # vo(t)], we have

wW{F (t, yu, x)}) < Z(({yn}) + n{xn}),

for some constant . > 0.

Theorem 1.7 If the assumptions (A1)-(A3) and (B1), (B2), (HO0), (H2), (H4)
are satisfied, and wgy, vo € PE(J, X) with wy < vy are lower and upper mild
solutions, respectively, for (1.23). Then, extremal mild solutions exist for the system
(1.23) in the interval [wo, vol, provided that max {.Z;} < L.

=1,2,....m

i=1,2

Proof Easily, we can check that 2 : I — [ is continuous and increasing. Consider
the following sequences

w, =2w,_1 and v, =2v,_1, neN, (1.26)
monotonicity of 2 implies
WSSy S Sup < Sy <. (127)

Let S = {wy,} and So = {w,—1}. Then Sp = SU{wp} and w(Sp(¢)) = u(S(t)),t € J.
From (1.27), it is clear that S and Sy are bounded. Observe that (. (¢, 0)(xg)) = 0,
for {xo} is compact set and . (, 0) is bounded. Suppose

D(t) = pu(S@)), telJ. (1.28)

With the help of Lemma 1.3, notice that

n
M({%wn—l(n)}) = /L(/O k(n,S)wn—1(S)dS)
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< K*M(/n wn—l(S)dS>
0

<2K* /ﬂ p(wn—1(s))ds
0
n n

< 2K / W(So(s))ds = 2K* f W(S(s)ds
0 0

n
< ZK*/ D (s)ds,
0

therefore
t t
/0 M({Ji/wn—1(n)}>dn < ZbK*/O @ (n)dn. (1.29)

For ¢ € [0, 1], from Lemma 1.1, Lemma 1.3, assumption (B2), (1.25), (1.26) and
(1.29), we get

(1) = (2So(1))

t
= M(y(ts O)XO +‘/(; y(h ’7)«?(71» a)n—l(’?)» ngn—l(’?)ﬂ’l)
t
< u(F (@, 0)xo) + 2////0 M(ﬁ(ﬁv wp—1(1), %/wn—l(ﬁ))>d7’l

t
<on s /0 [u({wm ) + u({%wnl(m})}dn

t

t
sz///f[ / W(S()dn + 26K* / ‘P(n)dn}
0 0

t

t
52///$|:/ @(r})dn+2bK*/ Q)(n)dn]
0 0

t
<241 +2bK*)/ P (n)dn.
0

Combining the above inequality with Lemma 1.4, we conclude that @(t) = 0
for all € [0,#]. Also @(¢) = Oforall ¢t € (1,s;], i = 1,2,...,m, the proof
is same as it is done in Theorem 1.3. Observe that S(s;) = {w,(s;)} which is a
monotone bounded sequence in X, therefore convergent for all i = 1,2,...,m.
Thus w(S(s;)) =0foralli =1,2,...,m.Now, fort € (s;,ti—1]; i =1,2,...,m,
from Lemma 1.1, Lemma 1.3, (B2), (H4) and (1.29), we obtain
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D (1) = n(2So(1)

t
= M(Y(t,Si)Vi(Si,wnl(Si)) + / L, mF M, wp—1(n), %/wn1(n))dn>
t
< Mu{yi(si, oa—1(5)}) + 2.4 f u(?(n, wn—1(n), %wn_1(n)))dn
t
< ML p(wp-1(87)) + 2.4 L / [M({wn—l(n)}) + /L({Ji/wn_l(n)})}dn

t t
=//$M(S(Si))+2%$[/ M(S(n))dn+2bl<*/ cb(n)dn]

i

t t
o(1) < 2///.,%[ f @ (n)dn + 2bK* / @(n)dn}

Si Si

t
<2421 +2bK*)/ @ (n)dn.

Combining the above inequality with Lemma 1.4, we conclude that @(t) = 0
for all t € (s;,ti=1], i = 1,2,...,m. The above discussion concludes that

w{w, (t)}) = Oforevery t € J, this implies that the sequence {w, (¢)} is precompact
in X for all t € J. So, {w,(t)} has a convergent subsequence, combining this with
(1.27) yields that {w, ()} is convergent in X. Denote nll)ngo w, (1) = 0*(1), t € J.

By (1.25) and (1.26), we obtain that

(1, 0x0 + [§ . )T (1, wa—1(0), H wp_1(n))dn,
0<t=<m,
on(t) = Ly 1(t) = { vit, 0,1 (1)), re Ulm=1(ti7 sil,
Lt 51)vi(si, wp—1(si)+
s L@ mF (0, 01 (1), H op_1(M)dn, 1 € UL (s tig1l.

Taking n — oo and applying Lebesgue dominated convergence theorem

L(t,0)x0 + [y Lt ).F (1, w* (), K w* ())dn,
0<t=<t,
o' (1) = { vi(t, 0* (1)), te UL, (s,
S, s)Vi(si, 0 (50) + [ L6, m)F (n, 0* (), H 0 (),
te UL, (si, tiv1].

So, w* € P€(J, X) and w* = Qw*, which yield that a mild solution for (1.23)
is w*. Similarly, we obtain v* € L€ (J, X) and v* = 2v*. Now we show
w™*, v* are extremal mild solutions. Let x € [ and x = Zx, then w1 = Qwy <
9x = x < 2vg = vj, by the method of induction w, < x < v,, hence
wy < w* < x < v* < vy, which means minimal and maximal mild solutions

for (1.23) are w* and v* in [wg, Vo). O
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To prove the uniqueness, we need one more assumption mentioned as following:

(B3) We have a constant .2 > 0 such that, for r € U7 [s;, ;1]

F(t,y2,x2) — F(t, y1,x1) < A[(y2 — y1) + (x2 — x1)],

where y1, y» € X with wp(t) < y1 < y2 < vo(t) and F wp(t) < x1 < xp <
H ().

Theorem 1.8 If the assumptions (HO0), (B1), (H2), (B3), (H6), (A1)-(A3) hold
and wy, vog € PE(J, X) with wg < vy are lower and upper mild solutions,
respectively, for (1.23). Then, the system (1.23) has a unique mild solution in

[wo, vol, provided that Az := ///W[JV* + . #1b(1 + bK*)i| <1.
Proof Let {y,} C [wo(t),vo(t)] and {x,} C [F wo(t), # vo(¢)] be increasing
monotone sequences. For ¢ € U;”=0[sl-, tiv1landn, m € N (n > m), the assumptions
(B1) and (B3) yield
0< .7, Vi, Xn) — F(t, Ym» Xm) < %][(Yn — Ym) + (X — xp)].
Since the positive cone is normal, therefore
IF(t, yn, Xn) — F (&, yms Xm) | < AN AN (Yn — Ym) + (Xn — Xm) |- (1.30)

So, Lemma 1.1 implies

WH{F(t, yn, x0)}) < AN A (W{yn)) + n({xn})).

Hence the assumption (B2) holds. Similarly, by (H2), (H6) and Lemma 1.1 we
have

wlyit, y)) < A Aulyab),

foreachr € (t;, s;];i = 1, 2, ..., m. This means assumption (H4) holds. Therefore,
by Theorem 1.7 there exist minimal and maximal mild solutions @* v* in [wy, vg]
for the problem (1.23).

For ¢ € [0, #1], by using (1.25) and (B3)

0

IA

Vi) — 0*(t) = Qv*(t) — Q0* ()

t
/0 L& mLF (, v (), AV () — F (0, 0™ (), H 0™ (n)]dn

t
< ///1/0 L, n)[(v*(n) — " () + (Fv*(n) — «%’w*(n))}dn.
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Since the positive cone is normal, therefore
[v* —o*| < JV////llb(IIV* — || + AV = wa*ll)
< N MAMb(1+bK*)||v* — 0. (1.31)
Also, we get
[V — || < A AV =™, e UL @, sil (1.32)
Ifte (s, tiv1]; i =1,2,...,m,by (1.25), (B3) and (H6), we obtain
0 < v*(t) — 0*(t) = Qv*(t) — Q0*(t)
= 7(t, Si)(yi(si’ v¥(s;)) — vi(sis w*(Si))>
t
+/ St n) (3“(77, Vi), AV () — . F (n, 0*(n), Ji/w*(n))>dn
si
< «/%[y(t, sV (si) — w*(Si))]
t
+%1/ S, Si)|:(V*(77) — () + (v () — Ji/w*(n))]dn-
Using the normality condition
v — o*|| < /A/V[JV* + A1b(1 + bK*):| v — o*|. (1.33)
The inequalities (1.31), (1.32) and (1.33) yield

V' — o™l < A3]v* — o

Since A3 < 1, so ||[v* — w*|| = 0, that means v*(r) = w*(¢) on J. Thus, the
uniqueness of mild solution for (1.23) is proved in [wy, vo]. O
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1.6 Example
We consider the following partial differential equation to illustrate our results:

X (1, y) +alt, V) Erx(t, ) = ooz, y) + [y de T x (s, )ds,
yel0,m], t e Ui, 11,

x(t,00=0, x(t,7) =0 teJ =][0,1], (1.34)

x(t,y) = Lie " Vx(t,y),  ye©m), el

x(0,y) = 782 + xo(y), vy elo 7],

with X = Z2([0, 7] x [0, 1], R), xo(y) € X,0 < L1 < 1 be aconstant, a(¢, y) is
continuous function and uniform Holder continuous in ¢. Define
32
Ax(t, y) =a(t, y)a—yZX(t, »), (1.35)
on the domain

d 32
DA)={xe X :x, 8—x are absolutely continuous, a_)zc € X, x(0) = x(w) =0}.
y Yy

The conditions (A1)—(A3) are satisfied and —A(#) generates a positive evolution
system . (¢, s) on X (see [28]). Wehaveb =1, =1, tp =50 =0, t; = %, 5] =

z.
Put
x()(y) =x,y),te€[0,1],y € [0, 7],
o~ e—t t 1 s
F O, HO)) = 1o x () + /0 5 (s, s,
t 1 s
(HxON0) = | 55¢7"x(s s,
Yt x(0)(y) = Lie™ " Px(t, y),
lx(t, y)]
=77 1.
@xn0) = 50 s (1.36)

The system (1.34) can be transformed into the abstract form (1.23) with nonlocal
condition. Now, assume that xo(y) > 0 for y € [0, 7], and there exists a function
v(t, y) > 0 satisfying

Vi, y) FA@V(E, y) = F(t o, y), Ko, y), te (0, %] U (%, 1:| , y €10, ],

v(t,0) =v(@,r)=0, telJ,
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——1 11
U(t!y)ZLle (t 3)v(tay)s ye((),ﬂ)’tG(g,E],
v(0,y) = 4w(y) +xo(y), »yel0,mx]

From the above assumptions, we have wg = 0 and vy = v(¢, y) are lower and upper
solutions to the system (1.34), which are also lower and upper mild solutions for
the problem (1.34). By (1.36), easily we can verify that (B1), (H2) and (H7) hold.
Suppose {x,} C [wo(t), vo(¢)] be a monotone increasing sequence. Forn < m

1
T (t, X, K xp) — F(t, X, H xp)|l < %(”xm = Xpll + | xm — X x4ll), hence

1
M({g(t’ Xn, %xn)}) = ?(M({xn}) + M(%xn)>-

Similarly

nwd{yit, x)P < Lip({x,}).

Therefore, assumptions (B2), (H4) are satisfied. So, by Theorem 1.5 and Theo-
rem 1.7, we conclude that the minimal and maximal mild solutions for (1.34) exist
between the lower solution and upper solutions i.e. in [0, v].
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Chapter 2 ®
An Extrapolated Crank Nicholson Qe
VMS-POD Method for Darcy Brinkman

Equations

Fatma G. Eroglu and Songul Kaya Merdan

2.1 Introduction

Double diffusive is of great importance in many applications such as oceanography,
geology, biology and chemical processes. Although tremendous development of
computing power is available, solving Darcy Brinkman equations accurately and
efficiently remains a challenge for the computational fluid dynamics community.
The dimensionless form of governing equations of Darcy Brinkman system
reads: for the velocity u : [0, 7] X 2 — ]Rd, the pressure p : [0, T] X 2 — R, the
temperature 7 : [0, t] x £2 — R and the concentration C : [0, 7] x 2 — R,

u —2vV-Du+ (u- Vyu+ Da lu+ Vp=@BrT + BcC)gin (0, 7] x £2,

V-u=0 in (0, 7] x £2,
u=20 in (0, 7] x 82, (2.1)

Tt +u-VT =y AT in (0, t] x 082,

Ci+u-VC = D AC in (0, 7] x 052.

Here, 2 C RY,d € {2, 3} is a confined porous enclosure domain with polygonal
boundary 952. Let Iy be a regular open subset of the boundary and I'p = 92\ I'y.
In addition, in (2.1), the kinematic viscosity is v > 0, the velocity deformation
tensor is Du = (Vu + VuT) /2 , the Darcy number is Da, the mass diffusivity is

F. G. Eroglu
Department of Mathematics, Middle East Technical University, Ankara, Turkey

Department of Mathematics, Bartin University, Bartin, Turkey
e-mail: fguler@bartin.edu.tr

S. K. Merdan (P<)
Department of Mathematics, Middle East Technical University, Ankara, Turkey
e-mail: smerdan @metu.edu.tr

© Springer Nature Switzerland AG 2020 25
J. A. T. Machado et al. (eds.), Numerical Solutions of Realistic Nonlinear Phenomena,
Nonlinear Systems and Complexity 31, https://doi.org/10.1007/978-3-030-37141-8_2


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-37141-8_2&domain=pdf
mailto:fguler@bartin.edu.tr
mailto:smerdan@metu.edu.tr
https://doi.org/10.1007/978-3-030-37141-8_2

26 F. G. Eroglu and S. K. Merdan

D, > 0, the thermal diffusivity is y > 0, and the gravitational acceleration vector
is g, the end time is 7, the thermal and solutal expansion coefficients are Sr and B¢,
respectively. The system (2.1) is also equipped with the following initial velocity,
temperature, and concentration ug, Co, Tp and suitable boundary conditions.

u(0,x) =ug, T(0,x) =Ty, C(0,x) = Cp in 2,

T.c=¢ onlp, 2.2)
aT aC

— =0, — =0 onI'y.

on on

The dimensionless parameters are given as the Schmidt number Sc, the Prandtl
number Pr, the buoyancy ratio N, the thermal and solutal Grashof numbers Grr
and Grc, respectively.

When heat and mass diffuse at various rates, it leads to a complicated fluid
motion which is known as double diffusive convection. The detailed derivation of
the system (2.1) can be found in [20] and the physical mechanism of double diffusive
effects was studied in several works, e.g., [25, 26]. The double diffusive convection
was also studied numerically in different flow configurations [3, 5, 10, 14, 15, 19].
The simulation of the system (2.1) by direct numerical simulation (DNS) can be
very expensive, and sometimes is not possible due to the wide range of scales.
Furthermore, the use of full order methods leads to large algebraic systems and
high computational time. These difficulties can be reduced with the emergence of
model order reduction method.

The most commonly used reduced order model is the proper orthogonal decom-
position (POD). The basic idea of the POD is to use only the most energetic basis
functions instead of using billions of basis functions to approximate the solution.
This method has been found to be highly efficient for many different types of flow
problems. In particular, recent works of [22, 23] with POD have shown that the
approach can work well on multiphysics flow problems such as the Boussinesq
system for fluids driven by a single potential, and also for magnetohydrodynamics
flow [21]. The extension of POD methodology to flows governed by the system (2.1)
has been considered in [7, 8].

Despite the widespread use of POD, as mentioned in [11], POD can behave
poorly without some stabilization. In particular, the work of [7] reveals that as
Rayleigh number increases, convection cells emerge, then the system (2.1) becomes
unstable. In this report, we treat the numerical instability of a POD Galerkin method
of [7] with the variational multiscale (VMS) method introduced in [13, 16]. Recent
works [11, 12] show the efficiency of the VMS-POD in many multiphysics problems
such as convection—diffusion—reaction equations and Navier—Stokes equations. For
this purpose, we develop the results in [7] by adding a projection-based VMS
method to POD method for the velocity, temperature and concentration. The
finite element method is considered for space variables and Crank Nicholson time
discretization method is considered for time variables. In addition, to obtain a fully
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linear system at each time level, the nonlinear terms are treated with the extrapolated
Crank Nicholson method of Baker’s [2].

This work is organized as follows. The weak formulation of Darcy Brinkman
system is presented in Sect. 2.2. The basic idea of the POD method and the VMS
method is given in Sect. 2.3. The numerical analysis of the VMS-POD method is
presented in Sect. 2.4. Numerical experiments are shown in Sect. 2.5 to verify the
analytical results and conclusions are given in Sect. 2.6.

2.2 Full Order Model for Darcy Brinkman System

In this study, we consider the standard notations for Sobolev spaces W57 (£2) and
Lebesgue spaces L?(82),Vp € [1, 00], k € R c.f. [1]. The norm in (Wk2(2)d =
(H*(£2))? is denoted by | - |[x. The L?(§2) norms, for p # 2 is given by || - ||z».
If p = 2, the L%(£2) space is equipped with the inner product (-, -) and the norm
I - |l, respectively. The discrete norms, for w" € HP(£2),n = 0,1,2, ..., M are
denoted by

M 1/m
[ n . —_— nm
lHwllloo,p = max_ [l [lwllln,p = <Az > lw ||,,> :
n=0
The continuous velocity, pressure space and the divergence free spaces are
X:=Hy2)!, 0:=L5R), V:={veX:(V-v,q)=0, ¥g €0},
and, the continuous temperature and concentration are
W:={SeH' (©Q):S=00onTlp}, ¥:={@®ecH'(2):®=00nTp)

The weak formulation of (2.1) reads: Findu : (0,7] - X, p : (0,7] - O,
T:[0,7] > WandC : [0, 7] — ¥ satistying forall (v, ¢, S, @) € (X, Q, W, ¥).
(uz, v) + 2v(Du, Dv) + b1 (u, u, v) + (Dailu, v)—(p,V-v) = Br(T,v)

+Bc(gC.v), (2.3)
(T, S) + by, T,S) + y(VT,VS) =0, 2.4)

(Ct, D) +b3(u,C, D)+ De(VC, VD) =0, (2.5)

where b; (w1, w2, w3) = 3 (w1 - V)wz, w3) — (wy - VIws, wp)), Vi = 1,2,3
defines the skew-symmetric forms of the convective terms for each variables.
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The following bounds are used in the error analysis.

Lemma 2.1 The trilinear skew-symmetric forms satisfy the following bounds

bi(u,v,v) =0,
bi(u, v, w) < Ky/[|ullIVullIVul[IVw],

bi(u, v, w) < K||Vull[Vv[[|Vwll,

for generic constant K = K ($2).

Proof See, e.g., [9, 17] for a proof.

Lemma 2.2 Let w(t,X) be a function and - "IHTH" Then, for all
w, wy, Wiy, Wiy € CY0, T, L2(2)) and for all t* € (to, 1) , the following
inequalities hold:

HW < Klw: I, (2.6)
|2 o] < . @)
H 3w§zn) B w(t;”) —w®| < KA w, @], 28
HW —wi (") < KA [[w (1)) (2.9)

Here, w(x, t") is denoted by w(t™).
Proof This can be proved by using Taylor series expansion of w(z, X).

Let " be a triangulation of 2 and X, C X, O, C Q, Wy C Wand ¥, C ¥
be conforming finite element spaces. It is assumed that the pair (Xj, Q) provides
the discrete inf-sup condition, see [9]. For simplicity, it is also be assumed that the
finite element spaces X, Wy, ¥, are composed of piecewise polynomials of degree
at most m and Qj, is composed of piecewise polynomials of degree at most m — 1.
In addition, we assume that the spaces satisfy standard interpolation estimates. We
define the discretely divergence free space Vj, for (X, Op):

Vi=1{vh €Xp: (V-vi,qn) =0,Yqy € On}. (2.10)

The inf-sup condition implies that the space Vj, is a closed subspace of X; and
the formulation above involving X, and Qj is equivalent to the following Vj
formulation: Hence, the variational formulation of (2.3) reads as: Find uy, : [0, 7] —
Vi, Ty : [0, ] = Wy, Cp, 2 [0, T] — ¥, satisfying
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Wp,e, Vi) + 20(Duy, D) + by (. wy, vi) + (Da~wy, vy) = Br(8Th, Vi)
+,3C(gch7 Vh) (2 11)
(Th,t» Sp) + ba(ap, Ty, Sp) +y (VT VSy) =0,
(Ch,t» @p) + b3(uy, Cp, @p) + D (VC, VO,) =0,

for all (v, S, @n) € (Vi, Wi, ¥p).

2.3 Reduced Order Modelling with POD

We consider the snapshots {u(-, t,)}l AT, t,)}l 1 1CC, t,-)}fvf1 at different M,
M, M3 instances—for the velocity, temperature and concentration, respectively.
These snapshots come from DNS obtained by finite element spatial discretization.
The main purpose of the POD is to find low dimensional bases for velocity,
temperature, concentration by solving the minimization problems of

M 2

arg min L Z

T
uC 1) = 3 G, 10, i (DY ()
ViVt M1 RS k

i=1

subject to (¥;, ¥ ;) = éij, 2.12)
2
argmin — TCote)— ) (TG 1), i ()i ()
1. <f>gz ~dr, M2 Z_: ‘ ; ‘
subject to (¢;. ¢;) = 8. (2.13)
2

argmin — Z

LARY/PATE 77r|

CC.t) — DC( 1), i ()i ()

i=1
subject to (n;, n;) = 8}, (2.14)

)

forall 1 < i,j < rg such that ry << N, Vs = 1,2, 3. The discretization of
the problem (2.12)—(2.14) leads to large eigenvalue problems. The method of [24]
allows that eigenvalue problems are transformed into much smaller and traceable
problems. When the eigenvalue problem is solved, the POD basis functions are
calculated as

M,
1
¥i() = \/—)L—k E (viiu(-, ), 1<k =<ry, (2.15)
i=1
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M

or(-) = \/% ;(Sk)iT('a i), 1=<k=<nr, (2.16)
1 5

() = ﬁ ;(@k)ic(', ), 1=<k<=<rs, (2.17)

where A, i, & denote the eigenvalues of the snapshots correlation matrices and
(vi)i, (Sx); and (®y); denote the ith components of the eigenvectors vi, Sk, @p.
Since all eigenvalues are sorted in descending order, the basis functions {y k};‘:] s
{¢k}£2=1 and {nk}f:l correspond to the first r1, 7 and r3 largest eigenvalues,
respectively. Let X, W, and ¥, be the POD spaces spanned by POD basis functions:

X, = span{‘!#k}zlzp W, = Spa”{ﬁbk}/:z:]s Y, = Spém{ﬁk}f:r

Then the POD solutions of (2.11) are constructed by writing

Il rn r3
u (LX) =Y aOP®), T,%) =Y bi)g(x), C-(,%) =Y cr(One(x),
k=1

k=1 k=1

where {ay (t)}zlzl, {bk(t)}zzzl, {ck (t)}f:] sought time varying coefficients repre-

senting the POD Galerkin trajectories. The L? projection operators, which we will
use in error analysis, are given as

P, L*—>X,, Pr,:L>—> W, Pc,:L*>— Y,
which are defined by
(ll - Pu,ruy Vr) = Oa (T - PT,rT» Sr) = Oa (C - PC,rCa Cr) = 0, (218)

for all (v, S;,¢) € (X, W, ¥,.). We now state the L? projection (2.18) error
estimations in general. For a detailed derivation of them, the reader is referred to
[6, 12].

Lemma 2.3 Let w € L>(0, k; H"T1(82)) be fulfilled and its L? projection Pyr:
L? - X, where X is the POD space. Let | - |2 be matrix 2-norm. For any

w" € H& (£2) the following inequalities are provided:

M d

1

7 2w = Py | < K(hz"”r2 + ) Aw), (2.19)
n=0 i=ry+1

M

1

Y IV@" = Py w) < K (W S0 1,0 6 ). (220)
n=0
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where (Sy)ij = /V%}UVW;U is the POD stiffness matrices, &, =
2

d
DI ||%)\}“ is the POD contribution, {1//}”};21 are the POD basis functions
i=ry+1

and {A}”};ﬁl are the corresponding eigenvalues.

We now assume that the similar estimations in Lemma 2.3 are held also for the
single term, which is logical and valid.

Assumption 1 We assume that the following estimations are held:

d
lw" = @17 < K(B" 24 37 1), 2.21)
i=ry+1
IV@" = @2 < K (B 4+ 110, 1024 + 6. (2.22)

The POD formulation of the Darcy Brinkman double diffusion system for selected
w € (L2(2)%, Ty, Co € L3(2), g € L>®(0,k; LP(£2)): Find u, : [0, 7] —
X, T,:[0,t] > W,, C,:[0,t] > ¥, satisfying

s, V) +20(Du,, Dv,) + b1 (uy, up, v,) + (Da~ 'y, v,) = Br(gly, vy)
+.BC(gCrv Vr)v (223)
(Tri, Sr) + b2(u,, Tr-, Sp) + Y (VT, VS,) =0,
(Cr,ta @)+ b3, Cr, @)+ D(VC,, VP, ) =0,

for every (v,, Sy, @), € (X;, W,, ¥,). Although POD is a widely used successful
reduced order model, it is not effective enough in case of high Reynolds number
[6, 11, 12]. In such a case, we use the VMS method to eliminate the oscillation
and stabilize the convective terms. In other words, we add artificial diffusions to the
smaller Ry, Ry, R3 velocity, temperature, concentration modes affecting only small
scales. Thus, the following spaces are required for the construction of the VMS
method. For Ry < ry, Ry <rpand R3 < r3

Xg = span{¥ b,
Wg = Spdn{‘ﬁk}lfilv
W = span{ni}i2, -
and
Lru = VXg 1= (V1
Lrr = VWg = (Vo )2,

R
Lgc = V¥ = {Vim},2,.
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where R, Ry and R3 are the VMS modes numbers. According to VMS framework,
the following relation holds:

XrCX, CV,CX

We note that similar relations are also satisfied for the temperature and concentration
spaces. The L? projection operators P, g : L?> — Lgu, Prg : L*> —
Lg.1, Pc.g : L?> — Lg ¢ are defined by

(u - PM,Rua VR) = Oa
(T — Pr rT, Sgr) =0, (2.24)
(C — PcrC,5R) =0,

for all (vg, Sr,¢r) € (Lg.u, Lr.7,Lg c). Thus, the VMS-POD solution of (2.1)
based on the Crank Nicholson time discretization becomes: Find u, : [0, 7] —
X, T,:10,t] = W,, C,:[0,7] > ¥,

't — ) n/2 ny 2
A—tvvr + 2v(Du, ,DV”-{-IH(%(U,),U;- 2 Vr)

o1 (( = Pu)Du?, (1 = Pu)DV,) + Da~ @2, v,)

= Br@T"%.v,) + Bc(gCl? v,). (2.25)

Trn-i_1 — Trn n/2 n n/2
— 5 +V(VTr ,VSr)—i—bz(gbV(llr), 7,7, S)

At
taa((1 = Pro)VT2 (1 = Pr.)vs,) =0, (2.26)
Cn+1 el .
(T gr) + De(VC2 V6 +by(2 ). €7 )
a3 ((1 = Pe)VE!2, (I = Pep)Ve) =0, 2.27)

for all (v,, S, ®,), € X,, W,.,¥,.) where Pyr, Prgp and Pc r are the L?
projections into (Xg, Wg, ¥g) and

u”/2 B u:l—H + uirz w2 Trn+l + Trn

r 2 ’ r 2 )

e _ G+ CF
' 2

3 1
, X)) = Euf ——u!

C
2
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Note that, since linear extrapolations are utilized for each fluid variables in (2.25)—
(2.27), the solution of the system needs one linear system per time.

2.4 Error Estimates

In this section, we perform the numerical analysis for the solutions of (2.25)-(2.27).
We first perform the stability analysis.

Lemma 2.4 The VMS-POD approximation (2.25)—(2.27) is unconditionally stable
in the following sense: for any At > 0, one has

luM| + 4vAr Z IDu/? |2 + 2Da~" At Z /2|2

n=0 n=0
M—1
201 A Y (T = Py, Py g)Du? |2
n=0
< 1% + Kliglise Brv 'y TN + BeDaDICP),  (2.28)
M-1 M-1
2 2
1T +27 A0 Y IVE R + 20040 Y I~ Prpp VTP
n=0 n=0
< IT7I%, (229)
M—1
ICMI? + 2D At Z IVCH2 | + 20388 Y (T = PeR)VCLP
n=0 n=0
g (e (230)

Tn+l "
Proof Setting S, = 7 = Ll

and summing fromn = 0to M — 1 gives

in (2.26), and using the skew symmetry,

n/2

ITM? + 2y Ac M IVTY2)

200t Y MUV (1 = PrR)VT )R < 1 TO)2 (2.31)

In a similar manner, choosing ¢, = C %in (2.27) yields

n/2

ICMI? +2D At M IV E

+2a3 At Y M1 = Peg)VC | < |ICY)2. (2.32)
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Letting v, = u':/2 and utilizing Lemma 2.1 in (2.25), we get

I + 4w Ar D212 + 200 AL (1 = Py ) D2
+2Da”" At} | = |12 + 27 At g7 ui?)
+2pc At (gl u)?). (2.33)

Performing Cauchy—Schwarz and Young’s inequalities, and summing from n = 0
to M — 1, we have

M—1
2 2
o1+ 4000 3 DGR 4 2041 3 10— P Bul?
n=0 n=0
M—1
+2Da~" Ar Y w2 )? < (ud)?
n=0

— 2 2
+Klgl% (ﬁ%v Y; Z IVT?|| + BE DaAt Z Iver?| ) (2.34)

n=0 n=0

Substituting (2.31) and (2.32) in (2.34) produces the stated result (2.28).
Now, we consider the error analysis of VMS-POD.
Theorem 2.1 (Error Estimation) Let regularity assumptions u,T,C € L*(0,
T; H’”“), p € L0, t; H™) hold. Then, for a sufficiently small At, the error
satisfies
l® — w4+ 7™ = TP et - M
< K(l + "+ (A + (L [Surllz + Sk

+UIST 2 + ST, R lI2 + ISC.rll2 + 1S, R IR

d d d
+ Y AT+ Dr+ D Al + D+ Y Uil + D&

i=ri+1 i=ro+1 i=r3+1

d d d
+ >0 i+ DD el + Y ||m||%s,~). (2.35)

i=Ry+1 i=Ry+1 i=R3+1
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Proof At time t"/2, subtracting from (2.3), (2.4), (2.5) to (2.25), (2.26), (2.27) at
time 1"/2, respectively, we get

n/2 u:}—H_u;«l n/2 _ n/2 n/2 n
TR + 2v(D(u ), Dv;) + b1 (u 2, v,)

—b1 (2 W, ), v,) 4+ (Da” W —u) ), v,) — (p" LV )

n/2
-

o (U = Po D@ =), (1 = Po)DV,)

= Br@(T"? = T"%),v,) + Bc(g(C"? = C'%), v,)
o1 (1= Po DU, (1 = Py p)DV, ), (2.36)

Tn+l_ n
(Tt”/z——’ Y ,sr> +y (VAT =17, V8 + b2, T2, 5))
—bo(2 W), T2 5) + (1 = Pro) V(T2 = 177, (1 = Pro)vs,)

= (U = ProVT"2, (1 = Pro)Vs,), (2:37)

Cn+] _(n
(Cf - T¢> + De(V(C"? =€), Vb,) + b2, C"2, @)

—b3 (2 @), %, @) + s (U = Pe)V(C? = €12, (1 = Pe.)Vs;)
= o3(( = PcR)VC"2, (I = Pep)Ver). (2.38)

for all (v, Sy, @) € Xy, W, ¥,). We use the following notations for the
decomposition of the errors.

n .__ n /) n o— n 3/l
ny = u' —u", u,._ur—u,

nho=T" —T", ¢T, =T —T", (2.39)
77% = C"n — én ¢n . Cn
’ ’r r )

where 0", 7~"”, C" are L? projections of u*, 7", C" in X,, W,, ¥, at time ",
respectively. Hence the errors can be denoted by

b =y =Py =B, el ==k, (240)
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We first derive the error estimation for the temperature. To do that, the error equation
for the temperature is rewritten as

(T(tn+1) _ T([”) Trn+l

Tn
v - Sr>+y(V<T(t"/2) 7%, VS,)

n/2

+hy(u(t™?), T(t"?), S,) — ba (2" (), T~ S,)

tar(( = Pro)VT ") = 1%, (1 = Provs,)

T n+1 — T ("
n (T,(t”/z) _ %t(”, Sr)

= a2<(1 — Prp)VT ("), (I — PT,R)VSr). (2.41)

Adding and subtracting terms

T + T Tt 4+ T
y (V (T) : vsr) +a2((1 - PT,R)V<T),

(I = Pr.oVs,)
to (2.41) and utilizing (2.39) and setting S, = qﬁ;/rz in (2.41) gives

n/2”
At

1
('lrfr - ¢n+])
At

n+l n
o ’(V (T(l )At+ T@") T(t,,/z)) V¢n/z)

n+1 —¢
(T’ ¢”+‘> +yIVEY 22 + ol — Pr.p)Ve

< +y (V% Ve

2

n/2

Ho2"), TG), ¢77) = ba(2 (), T2, 97 D)

o |(( = ProVny. (1 = Prove}l?)

T(tn+l) _ T(ln) R n
Jr‘(T ~ T ”)) 8

teoo|(( = Pro)VT"), (- Pra)vs,)

n+l1 n
(¢ = Prav (W - T(r"/z)) = PrLa)vs;)|.

ity (2.42)
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Using the fact that (17""H q§"+1) =0, and (17, ¢"+1) = 0 from the definition of L2
projection in (2.42), we get

SO 14 VISR + el U — PraoVeyEP

Lyt 1 9 (5 (LE2E T o) )|
= 247 1o VI v At

B2, T, ¢ - b2 @, T )

n/2

“+oy ‘((1 — Pr.r)Vny (I - Pr, )V¢n/2)

o |((1 = ProVT@), (1 = Pr.ove)?)

T+ T n
v (1 = Prav 2D ) by vy
t
n+ly _ n
(P nem) o). (243)

Adding and subtracting terms

T n+1 T (t"
by (u(t"/z) + .2 @) + 2 ")), w ¢"/2)

to the nonlinear terms in (2.43) leads to

by (), ("), p3/7) — bo(2 (), T, 72
= b (2 ), "2, ) — b (2 (), 67 D)

Tn+1 + T " "
(¢ )2 (f)¢/2)

w2y, T +Ta0" » ¢n/2)

+by (%(eﬁ,r),

b t
+ 2(u( 3

T + T n/z)
— ¢

Tn+1+Tn "
(¢ )2 (l)¢/2>‘

+by (u(z””) — 2 (u")),
+by (u(z””), T (") —

Note that by (u*/?, ¢?ﬁ1, ¢"+1) = 0. Using Cauchy—Schwarz and Young’s inequal-
ities, we obtain
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n/2,2

2
S B P + VIVORAIR + all( = PraoVey IR < 516, 1P

n+l1 n
AT, Vel 4y ‘( (W‘T“"QO V¢"/2>

n+1 n
by (%(eﬁ,r e AT ); e ¢”/2>‘

2

n/2

+ba(Z (), nT"%, 97 D) +

n+1 n
+ |2 <u(t”/2), e+ re ); rel ¢"/2>’

n+1 n
+ b2 (u(r””) — 2 (u("), w ¢’;{3)‘

T n+1 T (t" 0
@ h + (t)¢/2)‘

+ by (u(r”/2>, T(t"?) — 5

ool (1 = Pr.o Vi, (1 = Prove)?)]

teol (( = ProVT@, (1 - Provey?)|

n+1 n
taz |((1 = Pr.o)V (W - T(t"/z)) (I = Pr.ovey?)
t
n+1y _ n
STEAGR et K By YT PIEN] (2.44)

At

Next, we bound the second and third terms on the right-hand side of (2.44), by using
Lemma 2.2, Cauchy—Schwarz, Young’s and Poincaré’s inequalities:

2
yI(Vnr"2, ey Dl < Ky Vg2 + 2 ||V¢"/ 12, (2.45)

2

n+1 n
y ‘(v (w - T(r"ﬂ)) w"”) < Ky APV T, (%)

At

||V¢"/2|| (2.46)

The first nonlinear term on right-hand side of (2.44) can be rearranged by adding
and subtracting the term by (2 (u(t)), n7"/?, q‘)'T'/rz) as

(2 (W), 0", ¢77) < 1622 ). e B Db (Bu). nr" P, B D))

b2 (2 (™)), e, ¢ D). (2.47)
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To bound the terms on the right-hand side of (2.47), we use Lemma 2.1 and Young’s
inequality:

1b2(2 (). "2, D1 < Ky~ Dy + 1Dy~ 1PV 1
+ L1V IR,

1b2(2 Gur). nr" 2 071 < Ky 0 g, 17 + 19 191 Vg 2
+ LIV IR,

n/2,2

1b2(2 ™), 07", ¢ < Ky 7L Due |2 + 1Du Y12 Va2

2
||V¢"/ I1%.

Using similar techniques for the other red nonlinear terms on the right-hand side of
(2.44), we get

T n+1 T (t" "
by (2 (D), w o)

< Ky '(IDng?

v (T(t"“) + T(t")) g

D 2+ A P + N 2

||V(¢”/2)n

n+1 n
‘ (u(t"/z) T(t )2+T(t) T2, ¢n/2)

n/2

< Ky A ID@E ) 2V T ()2 + L £ IVer 11,

n+1 n
by (%(u(r")) ey, T ’;{3)
T n+1 T n "
< Ky " IV(Z ™)) —u@/?)|? %%)H ||V¢> 212,
n+l1 n
‘ (u(t”/z) T(t )2+T(t) T, ¢n/2>
< Ky ' A Vu@ )P IV T )2 + = ||V¢"/2|| (2.48)
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The ninth, tenth and eleventh terms of (2.44) can be bounded by using the fact that
I = PrR)Vwl* < [Vw|*:

T + 7@

w|(( = Prov < =

- T(r"”)) (I - Provey?)

+ar ’((1 — PrR)Vny?, (I - Pr, R)V¢n/2>‘

tr (1 = ProVT"2, (1 = Pro)Vey)|

n/2,2

< @l Vo 12 + ool — Prp) VT2 + an At*||(1 — Prp)VTy |

—||(1 ~ Pro)Vey IR, (2.49)

For the last term on the right-hand side of (2.44), we apply Cauchy—Schwarz,
Poincaré’s, Young’s inequalities and Lemma 2.2 as

T n+l1 —T " . "
(% T,("%). ¢ /2) < Ky~ At T ()2 + Vg ZI2. (2.50)
Inserting (2.45)—(2.50) in (2.44), multiplying by 2A¢ and summing over the time
steps produces

M—1
2 2
g, 117 +yArZ||V¢”/ P +adAr YU = Pro)Ver IR < 169,17
n=0 n=0
M-1 M—1
—1, = 2
+KAr((y+a2> D TS Ry S (17 Rl 7 B 2
n=0 n=0

p 2 -
‘Z(1+||Dn I+ 1D~ I Iy + ™ (D + 1D~ 12

(19, 12+ 16a;DIP) + At (07 + 7~ ID@E ) DIV T )]
+y TP + el (= Pro)VTH)IP) + el (= PT,R)VT<r"/2)||2). (2.51)
Using Lemma 2.3, Lemma 2.4, Assumption | and regularity assumptions in (2.51)

results in

M—1 M—1

2 2
Iy 1% + v A Y IV 2P+ andt Y I — Prr) VR I
n=0 n=0

< 3,17 + K(h”" + (IST.rlly + IST.RIDA™ 2 + 67, + €7 &
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(L + 22" 4 | Sur B2+ e V™ + (1S 1,12 + €F.,)

+(Ant +y kT ‘Z(H%,H o e D N ) (2.52)

n=0

Similarly, the error estimation for the concentration is given by

M—1

2 2

I 1% + D, Atz Vo212 + asAr Y (1 — Pep) Ve 211
n=0 n=0

< 162,17 + K (" + (ISc.rlly + 1Sc.RIDH™ + 62, + e 4

F(L A+ 22"+ (| Sur k™2 + e (™ + 11Sc.r l,h*™ 2 + 62 )

M—1

+(A0* + D7 Y (19 12+ 195 IOV 1R). (2.53)

n=0

To obtain an estimation for the velocity we use similar arguments as above. Thus,
in a similar manner, for the velocity, we add and subtract terms:

n+l n n+1 n
. (D (u(r )2+ u(z )) ,1D>v,> N <Da_1 (u(r )2+ u(t )) ’Vr)

n+1 n
_ (p(r )2+ pl ),v-vr>

n+1 n
ran (1= P (M) - v,

T + T ch +c@m
—Br (g (—2 ) ,Vr> — Bc (g (—2 ) ,vr)

u(@"t) +u@") v )

by (u(t”/z) + 2 (") + 2 (u@")), 3

to (2.36). Letting v, = ¢ﬁ/ rz in (2.25), and applying the polarization identity gives

7n 2_7 2 7n+1_ 22]1])”/22
2Atllfibu hi 2Atlld)urll +2Atll¢ S I” + 20Dy’

+ay (1 — Py, R)D¢"/2n2 + Da "¢/ F 112

). o1 )|+|/3c(g(n ): bu )|+ BT (8(D7 ). dulr)

T tn+1 4+ T " n
<g (<>2<> _Tn/z), u{g)

n/2 n/2 n/2 n/2 n/2

= |1Br (&g

n/2

+Be (@@, bu! DI+
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C n+1 C " n+l _ n
e (o (LA - o) )]

=+

n+1 n
+20| (D2, D2)] + 20 (D (““’;“‘”) Du("/2), m"”)
n+1 n
Da~ny", a1+ Da”! ((““’;““) u"?). gul?)

| (= PVl (1 = Py oD 7 )|

| (1 = Pa DU, (1 - Py p)DGYT)

n+1 n
(7 - PuD (““’2*“(” — ("), (I = Py DG, 2)

+ag

n/2

b (2 @), a2, pul | +

n+l n
bl((%(ﬂu) w ”/2)

B > Pu,r

o (7@ w,d)ﬁff)‘

(
+’b< n/z u(@ ) +u@™) nj2y n/2

1 (e, T — e, )|
(

n+1 n
+’b1 (Z (™) — u(t"/2),w7¢ﬁ,/rz)’

(P g2

p" ) + p") n/2 L
+‘( 2 Vo) ‘( Ar o) @5y
nn+1 nn )
Note that MA—tu ﬁ/ ,> = 0 due to the definition of the L? projection. Each
of the terms in (2.54) can be bounded in a similar manner. Thus, one gets
1Br ey ), $uD) 1+ 1B @), D1 + 1Br @@y D), $u/D)]
n/2 n/2 TEHY 4T an\ 02
e @@l D D+ |pr(e(———5—— — ") u7)
ceth+c
Hpee ECLECD ey gur2y)

2

— 2 2
= kv~ gl (BF iy 212 4+ 195/ 217 + A1 Ter ¢, DI

+B2 g * 12 + I8¢ 212 + A ICH ) 1D) + TS IDG 1P, (2.55)
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n/2 pgnl? u(" ) +u@") n12) pgnl?
201 @y, DDl + 20| (D(FTE2) - Due /), peF))|
= Ko(IDny 12 + Ar* Duge (. 7)12) + 75 103712, (2:56)
n+1 n
o, a1+ pa ! (LM ); D) uay. 6?)
< KDa™" (1212 + ar o )12) + —||¢”/2||2 2:57)
n+1 n n+l1 n
|(p(t )2+p(t) p("12).V - ¢n/2)|+|(17(t )2+p(t) v ¢n/2
1, 4.4 21 (12 P(fn+1)+17(l‘n)
= kvt | pu ) P+ | B | ) + 5 |peil? | 2s®)
n+1 ut — n/2 -1 * n/2|?
! = S gD = kv A )P+ 5 DT (259)
u(@" ) 4 u@™) 02 n/2
a1|(<1—Pu,R>D(f u(/2), (1 = Py DG )|
il (1 = Pap)Viia > (1 = Po 0D )
1] (( = Po)DUG"?), (1 = Py D )|
= Koy (AU = Py p)Dun ()2 + 19?12 + 1 = Py p)Du/)12)
+ U = Pu D12, (2.60)
The first nonlinear term in (2.61) is organized as
b1 (X (1" nj2 n/2 bi(Z n/2 4n/2
b1 (2 (W), a2, gul D < b1 (2 @), na"', i)
HIb1 (2 (), a2, gulD + b1 (2 @50, P dw Dl (26D)

The terms on the right-hand side of (2.61) are bounded as before:

b1 (2 (™), na"", a5
< Ky (IDuG P + [Due I D" + 15 ||]D)¢"/2||

n/2

b1 (2 (00, ™2, duli)|
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< Kv='(IDn2 )12 + 1D ) D)% + ||]D)¢"/2||2
ACACN P ]
< Kv ' n 7 I 12 + et DD IDne™ 1% + ||D¢"/2||2.

Similarly, the remaining nonlinear terms can be bounded as

b (2. W 22|+ o (2 @i, w 22)

= K= (IDnl i + = 12+ a7 g 1P + 1951 1)) HD(WMV
+5 D9GP,

iy, SO ) g

2

n/2

sKv”Ar“nDu(z"/%HQ||Dun(t*>||2+ 5 Déu S12,

n+1 n
b1 (2 (™) — u("?), w ou2))

(W)Hz TIPSR 262)

= Ko7' ID(2 e - w2 |p

We now insert (2.55)—(2.62) into (2.54) and use regularity assumptions to get

1
n+l1 n 2 n+1 n 2
—2 B = o I 8L — gl
2 2 2
D712 + ||¢”/ 1% + ||(1—Pu R
_ 2 2 2 2
= k(v gk (5T||¢"/ I? +ﬁcll¢"/ 1) + 7217 + Il 12

+lng" 217 + IDg™ 2121+ 1Dyl + 1Dy~ 1)

u(™th +u@")y 12
S ) D 1+ 1)

p" ) + p(t™) 2
— s qnll

v~ ! (1D 21 + | B (
+ai (I — Py p)Du?) 1> + |

+u gz art (B2IT: (. DIP + B1C )1?)

+ + v IDuE"?)?) At Dy (-, H1? + Da~ Ar*|lug, (%))
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v A | pe ) P+ v A g, (7))

+AP Q| = Po o) DUy (9)]2). (2:63)

Dropping the third term on the left-hand side of (2.63) and summing over the time
steps and multiplying by 2At gives

2 — 2 2
4,17 +Ar2 (201D 712 + Da~ 1712 + e = Po, D I?)

< ligy,II” +KA:( g%, Z(ﬁﬂl(ﬁ"/zll + BRI

n=0

2 2
+Z<||n"/ P+ 17212 + a1

M—1
+ ) IDny 2P + Dy + Dy~ %)
n=0
M—1
o u(tn+l)+ll(tn) 2
7Y ([one 20+ (R | ) g 12+ 1 1)

n=0

M—1 M-1 1 n
p@"th + p@") 2
a1 Y0 N0 = PaDu@ AP+ Y | E g
n=0 n=0

M—1
+art (v gl Yo (BT (. DIP + BRICH (1))
n=0
M1 M—1
+ ) v D) PPy ¢ DI+ Da™ Y flug (1))
n=0 n=0

M-1 ) M-1 M-1
A P @)D e ()P NI - Pu,Rmun(z*)nz)).
n=0 n=0 n=0

Using Lemma 2.3, Lemma 2.4 and Assumption 1 in (2.64) and applying regularity
assumptions leads to
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n/2,2 n/2,2

||¢ur||2+AtZ(2V||D¢ 1>+ Da™ " ¢u/ 1)
n=0
M—1
+or Y U = Pur)Dey) |12
n=0

n/2

< ligy, I +K< ’]ﬁTIIgIIOOAtZIW"/ZII +v"ﬁcllgllooAtZIl¢

n=0 n=0

d d
A"+ (LA [ Surlly + 1SurlDh 2+ eg, v e+ D Mt D
i=ri+1 i=ry+1

d
+ Y &+ QDT B+ (ISurlly + ISurIDE + 65 )7
i=r3+1

7 (B S 15272 + e+ 1DUIZ) D (||¢:1,r||2)>. (2.64)

Finally, we add (2.52), (2.53) and (2.64) to get

2 — 2
112 + 10217 + 19,12 + Z (2020 IDge 21> + Da' Arge/?1?)

n=0
+y At Z IVey/71% + De At Z IV + anll(T — P g)Doi/2 I
n=0 n=0
M—1 M—1
2
+o At YU = PrR)VY IR +as At Y U = P ) VoE I
n=0 n=0

_ 2
< u) = @012 + 170 = 012 + | C) — C°) +K( ‘ﬁTIIgIIOOAtZIIQS"/

n=0

B ligl3, At Z |I¢"+1|| +h*" + (| Sur o+ Su g+ 1ST.A L+ ST.R
n=0

HIScr o+ ISc.rIDR™ 2 +el , + ea pter  +eF pteg +ee g + (AD

0+ Sur lh*" 2 eg ) x (RSl STl + 1Sc,r 1)h"
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d d d
+eg, +e7, +eg,) + Z A+ Z Wi + Z &
i=ri+1 i=rp+1 i=r3+1

+<@_L+V_L+D;5Wm4‘FW&uH+H&w”+”&vmhm+l
M—-1

+v—uf4gm,+-y—uf*anr+-D;*h—%cm-+nDuné) §jn¢&AF).
n=0

We remark that the application of the discrete Gronwall inequality requires an
assumption on the time step size. The final error estimation can be obtained by using
the assumption (u(,), T,O, C?) = @ 79, CY), the triangle inequality and (2.21)-
(2.22).

2.5 Numerical Experiments

This section presents the numerical experiments for the linearly extrapolated
schemes described by (2.25)—(2.27). First of all, we aim to illustrate theoretical error
estimate (2.35) numerically and then show that our solution is more accurate than
the POD solution.

2.5.1 Problem Description

In our numerical tests, we use the mathematical model given in [4, 8, 18]. The
following boundary conditions are used in numerical experiments:

u=0o0noas2,
T=0,C=0forx =0,
T=1,C=1forx=1,
VT -n=0,VC-n=0fory=0,y =2.

The parameters are chosen as At = 1.5625¢ — 05, r = 12, N = 0.8, Le = 2,

L p 1. Ra 5 Ra-N 1 D 1

VvV = . = . = —-——, = . = ey, = —, = .
T A o A T PR

Time domain is [0, 1] and the initial conditions are taken zero. In the computations

of the snapshots, we use finite element spatial discretization, Crank Nicholson
temporal discretization with Ra = 10* and Ar = 0.00025 with 30 x 60 uniform
triangulation. Thus, the total degrees of freedom is 59,255 for Taylor-Hood elements
and piecewise quadratics for both temperature and concentration.
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2.5.2 Test 1: Convergence Rates with Respect to At and R

To measure the efficiency of the method, we compute the rates of convergence with
respect to error sources. First, we illustrate error estimate (2.35) in Table 2.1 by
scaling the error with respect to At. For this test, we use

R, =18, Rt = Rc =4, (vr)yet =2, (VT)temp = (vD)eonc = 1,

where Ry, Ry, Rc and (v)vet, (VT)remps (VT)conc denote VMS modes numbers
and artificial viscosities for the velocity, the temperature and the concentration. The
rates in Table 2.1 are approximately 2 which is consistent with the Crank Nicholson
time discretization method. We also scale the error with respect to VMS cutoff R.
We fix the artificial viscosities as @] = 2, oy = é, o3 = %. The VMS contribution
for each variable is given by

d d d
ear= | > IWil3n; err= | D l6ill3nj. ecr= | D Injl3;.
j=R+1 j=R+1 j=R+1

The results of this test are given in Table 2.2. This table shows that the rate of
convergence of [w—u,|| 251y, IT = Tyl 21y, IC — Crll 21y With respect to R
is close to the theoretical value of 0.5 predicted by (2.35).

Table 2.1 Convergence of the VMS-POD for varying At

r R At 1T — Tl 2my Rate IC — Crlip2umy Rate
20 4 0.002 38.2096 - 68.4042 -
20 4 0.0005 4.9725 1.47 9.4995 1.42
20 4 0.000125 0.1680 2.44 0.2502 2.62
r R At lw =l 20p1y Rate

20 18 0.001 1.9257e3 -

20 18 0.0005 1.8132e2 3.40

20 18 0.000125 4.1218 2.72

Table 2.2 Convergence of the VMS-POD for varying R

r R & lu—w 25 Rate |er IT — Tllp2cqry | Rate
12 4 21.8237 0.63196 - 1.5694 0.01427 -

12 6 8.8818 0.22636 1.14 0.4319 0.00823 0.42
12 8 4.4168 0.13008 0.79 0.1842 0.00416 0.80
r R ec IC = Crll2my Rate

12 4 1.5529 0.02991 -

12 6 0.6768 0.01468 0.85

12 8 0.3858 0.00927 0.81
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2.5.3 Test 2: Comparison of POD Solution and VMS-POD

Solution

In this test, we investigate the impact of the VMS method. We choose o] = oy =
o3 = 1073, and R = 5. Figures 2.1, 2.2, 2.3 illustrate the decreasing behaviours
of L? errors for each variable. It is clear from these figures that the VMS method

Fig. 2.1 L? errors for
velocity of stabilized and
unstabilized solution

Fig. 2.2 L? errors for
temperature of stabilized and
unstabilized solution

Fig. 2.3 L? errors for
concentration of stabilized
and unstabilized solution
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improves the behaviour of the POD method. Hence, the VMS-POD model gives
more accurate results than the POD model.

2.6 Conclusion

We propose an extrapolated VMS-POD method for Darcy Brinkman scheme.
The algorithm (2.25)—(2.27) includes projection based VMS stabilization in POD
for each fluid variable and treats the nonlinearity with the Crank Nicholson
extrapolations. The numerical analysis of the proposed algorithm is performed.
In addition, theoretical results are confirmed numerically and the efficiency of the
algorithm (2.25)—(2.27) is presented.
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Chapter 3 ®)
Comparison of Exact and Numerical Qe
Solutions for the Sharma-Tasso-Olver
Equation

Dogan Kaya, Asif Yokus, and Ugur Demiroglu

3.1 Introduction

In this study, we implemented to find the exact solutions of STO equation [1-6] by
using an aBTM [7-10] with the help of computer programming. In this application
we establish the exact solutions of the STO equation

wr +3u? + 3uuy 4 3uttyy + gy =0 (3.1)

where u = u(x, t) is a real function for all x, ¢ € R. In literature, the STO equation
has been studied in many applications by many physicists and mathematicians. Yan
considered Eq. (3.1) by using the transformation of Cole-Hopf method [9]. Lian and
Lou [2] have been implementing to get exact solutions of this equation by using the
symmetry reduction scheme. Several papers of Eq. (3.1) are also published in the
means of treating analytically by the various types of hyperbolic method (such as
tanh and sech) and some ansatz consisting of hyperbolic and exponential functions
in [11-13].

Nonlinear model of the equations for both mathematicians and physicists are
very important to construct explicit and numerical solutions schemes. Because
of the importance, in recent years, remarkable progress has been made in the
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establishment of the solutions for nonlinear either ordinary or partial differential
equations (in short ODE or PDE) [8, 9]. It is very important to say that directly
obtaining the solution of the nonlinear equation is physically meaningful because
these types of solutions are keeping the actual physical characters [14]. There are
many studies to create exact and numerical solutions for nonlinear PDEs [15-17].
To get the exact solution, some transformations are needed, such as Miura, Darboux,
Cole-Hopf, the inverse scattering, and the Bicklund transformation. The other
commonly used methods are given as: tanh method, sine-cosine method, Painleve
method, homogeneous balance method (HB), similarity reduction method, and so
on [8, 9, 13]. On the other hand, some of the numerical methods [18-22] for the
nonlinear PDE have been investigated such as the finite element method, Galerkin
method, collocation methods with quadratic B-splines, an explicit multistep method,
finite difference methods, Fourier Leap-Frog method, and some group of semi-
analytic methods such as HAM, ADM, HPM, and so on [10].

3.2 Analysis of the Exact Solution Method

Now we will briefly give a description of the aBTM [7-10], for a given nonlinear
PDE

Y (U, Uy, Uy, Uxx,...) = 0. 3.2)
We get the homogenous balance (HB) of Eq. (3.1) in the form
u=0%9" f[wl +v, (3.3)

where w = w(x, 1), u = u(x,t), and v = v(x, t) are undetermined functions and
a, B are positive integers determined by balancing the highest derivative term with
the nonlinear terms in Eq. (3.1) (see [7-10] for details). However, we find that the
constants «, B should not be restricted to positive integers. Substituting Eq. (3.3)
into Eq. (3.1) yields a set of algebraic equations for f/, f”, ..., then all coefficients
of these set are equal to zero. After the algebraic equation system is solved, we find
the transformed form of Eq. (3.1); then by the solution of this transformed form we
have the solutions of Eq. (3.1).

3.3 An Application of the Exact Solution Method

Let us consider Eq. (3.1). According to the idea of improved HB [7-10], we seek
for Bicklund transformation of Eq. (3.1). And according to the balancing principle
by using Eq. (3.3) we have « = 1 and 8 = 0. Therefore, we may choose
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u=20oflwl+v=fw, +v, (3.4)

where f = f(w) and w = w(x, f) are undetermined functions, and u = u(x, 1)
and v = v(x, t) are two solutions of Eq. (3.1). Substituting Eq. (3.4) into Eq. (3.1),
we obtain

(127" +3f2 437"+ F D) wi + (37 + 157 £ + 65" ) whs

+ (3vf"/ + 6vf’f”) wi + (fwy + 3v2f”w§ + 6f”vxw§ + 9vf" wywiy

31 wh, 4 4f weweer + 60f Pwewee + 37 wE 4 3 Pwewen + 370 w))  (3.5)
+ (w0 3 f ey + 30w + 60f v, )

+ (U; + 311% + 3U2Ux + 3vvey + vxxx) =0.

Setting the coefficients of wi’ in Eq. (3.5) to zero, we obtain following differential
equation:

3f/2f// + 3f//2 + 3f/f/// + f(4) =0, (3.6)

which have solutions as in the following cases.

3.3.1 Casel

If
f=2hw, (3.7
then by from Eq. (3.7) it holds that

A A ) A (3-8)

By using nonlinear Eq. (3.8), Eq. (3.5) can be rewritten as the sum of some terms
with f', f”, ..., equating the coefficients to zero yields

(=3vw? = 3wlw,,) f" =0,
(wrwy + 3v2w§ — 3VW Wiy — 3w)2(x — 2w, W) f =0, 49)
(6vv.xwx + th + 3wxv.xx + 3v2wx.x + 6U.xw.x.x + 3vwXX.x + w.x.xxx)f/ = 07

(v + 307 + 3070, + 3004y + Vier) = 0.

From the system Eq. (3.9) v can be taken as an arbitrary constant so that some of
the terms are vanished. The coefficient of the derivative of f for the new system of
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Eq. (3.10) will be

_3w;2c(vwx + wyy) =0,
wrwy + 3v2w§ —3vwywyy — 3w2x —2WxWyyy =0, (3.10)

X

Oy (wy + 3U2wx + 3vwyy + wyxx) = 0.

In Eq. (3.9), the first equation vwy + wyy is a linear PDE and so this equation has a
type of solution as

w = ag + a1 exp[b(x — ct)], (3.11)

where ag, aj, b, and c are arbitrary constants (Fig. 3.1). Substituting the excepted
solution Eq. (3.11) into the set of Eq. (3.9), a set of nonlinear algebraic equations is
obtained.

b+v=0,
b* —c+3bv+30v> =0, (3.12)

5b% + ¢ + 3bv — 302 = 0.

From the equation system Eq. (3.12), we obtain

b=—/c,v=4+/cand b = /c,v = —+/c. (3.13)

By means of computer program, substituting b in Eq. (3.13) into Eq. (3.11) and
solution Eq. (3.11) into Eq. (3.7) we can find the wave solutions of Eq. (3.1). This
solution is as following:

ai/c (cosh [¢¥?t — Jex] — sinh [¢3/%t — Jex])

=— .14
u . 1) Vet ap + ay cosh [03/2t — ﬁx] — aj sinh [03/2t — ﬁx] ’ 3.14)
i (. 1) = o - /e (cosh [P — Jex] 4 sinh [P — Jex]) (3.15)

ap + aj cosh [¢3/2t — fex] + ay sinh [¢3/21 — Jex]

3.3.2 Case?2

If

f=hw, (3.16)
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u(x,t)
3.0
25r
201
1.5
1.0
05

L L L L L L L L L L x

-3.0 -25 20 1.5 -1.0 -0.505 0.5 o 15 20 25 3.0
1.4
1510
2.0

251
-3.0

u(x.t)

05 -1.0 -1.5 -2.0 25 -3.0

30 25 20 15 10 05 0
t

Fig. 3.1 Exact solution u{(x, t) of Eq. (3.14) by substituting the values c = 4,a9 = 1, a; = 1,
—3 <x<3,-3<t<3,and¢ = 0.00001 for the 2D graphic for an aBTM application

then by from Eq. (3.16) it holds that

1 //__l " . _ e /3_1 "
==t == =5 (3.17)

Equation (3.5) can be rewritten as the sum of some terms with f’, f”,...equating
the coefficients to zero yields

(wrwy + 3v2w)2C + 3vxw% + 3vwywyy + wywyrx) f =0,
(6vvywy + wyr + 3vxxwy + 3v2wxx + 6vx Wiy + 3vwixx + wxxxx)f/ =0, (3.18)

(v; + 311)% + 3v2vx + 3vvxy + Uxxx) =0.
From the system Eq. (3.18) v can be taken as an arbitrary constant and where the
third equation of the system Eq. (3.18) gives w; + 302wy + 30Wyy + Wypx = O,
which is a linear PDE and so this equation has a solution as

w = ag + a1 exp[b(x — ct)], 3.19)

where ag, a1, b, and ¢ are arbitrary constants (Fig. 3.2). Substituting Eq. (3.19) into
the set of Eq. (3.10), a set of nonlinear algebraic equations yields

b*> — ¢+ 3bv +3v> = 0. (3.20)

From the algebraic Eq. (3.20) we obtain

b= % (—3v + Ve — 3v2) and b = % (—3v — V4e — 3v2). (3.21)

By means of Mathematica, substituting Eq. (3.21) into Eq. (3.19) and Eq. (3.19) into
Eq. (3.4) we have the following kink-type solutions of Eq. (3.10):
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u(x,t)
3.0
25
20
151

101
05 /

L L L L L x
-3.0 -25 -20 1.5 -1.0 -0.505/045 10 15 20 25 3.0

u(x,t)

EVis

S
2.0
251
3.0

05 -1.0 -1.5 20 -25 3.0

30 25 20 15 10 05 0
t

Fig. 3.2 Exact solution u{(x, t) of Eq. (3.22) by substituting the values ¢ = 4,a9 = 1, a; = 1,
v=1,-3<x<3,-3<t<3,and ¢ = 0.00001 for the 2D graphic for an aBTM application

cosh [ ( 3v —+Vdc—3v ) (—ct + x)]

4 (_3U m VA 3v2) { ( 3v— Vac — 3v2) (—ct + x)]
ap + ap cosh (—31} — \/W) (—ct + x)] ’
+ajq sinh [ —3v —+4c — 3v2) (—ct + x)]

~+ sinh

I—|N"_‘

up (x, 1) =v+

(3.22)
5 cosh [ (—31} + vV4c — 3v2) (—ct + x)]
“ (—3v Ve =3 ) ~+ sinh [ (—31} + Vdc — 3v2> (—ct + x)]

ag +ajcosh| 5 ( 3v++v4c—3v )( ct—}—x)]
+ay smh[ —3v++v4c—3v )(—ct—|—x)]

ur (x,t) =v+

(3.23)

3.4 Analysis of Finite Difference Method

The following notations are needed to express some for using numerical FDM:

1. A corresponding choice of the time and spatial steps At and Ax, respectively,

2. The coordinates of mesh points are given as x; = a +iAx and t; = jAt,
i;j=0,1,2,..., N; M where N = At, respectively.

3. The solution of the given function u(x t) can be written their grid points as
u(x;, tj) = u; ;j which are represent the numerical results of the values of u(x, )
at the points of (x;, t;).
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We have the difference operators as [18]

Hiui j = ujjy1 — uij, (3.24)
Hyuij =ujy1,j — ujj, (3.25)
Hyyuij =uip1,j —2uj +ui—1j, (3.26)
Hyxxuij =uiyoj — 21, +2ui-1,j —ui—2 . (3.27)

Therefore corresponding terms of the derivatives of the given equation will be
replaced with the discrete operators for FDM as following:

u H,u

i,J
— = —== 4 0(Ap), 3.28
o, A + O0(Ar) (3.28)
u qui,j
—| = + 0(Ax), (3.29)
ax|; Ax
32 Hyyu;
2 =22 Lo, (3.30)
0x ij (Ax)
83 H ..
_z _ L”’; 1+ 0(AxY), (3.31)
ax ij 2 (Ax)

initial values u; o = uo(x;).

3.4.1 Truncation Error and Stability Analysis

In this part of the section, an investigation of the stability and error analysis of the
FDE will be given. With the classical definition of the stability, if there is a small
change in the initial condition, then this change would not cause a large error in the
final numerical results.

Theorem 3.1 If the truncation of the finite difference formula of error to the STO
equation is E, then lim E = 0.

Ax—0
At—0

Proof Substituting Egs. (3.28)—(3.31) into Eq. (3.1) gives

Ht"‘ij Hx"‘ij 2 5 Hx”ij
: O (At 31—+ 0@ 3us . : oA
(At+()>+(Ax+(x) PR T oA (3.32)

xxUij,j Hyyxxu; j

+3u;i (H + 0(Ax2)> + +0(Ax%) =0.
Y\ (Ax)? 2 (Ax)3
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We could rewrite Eq. (3.32) in a suitable way; final formulation could be arranged
in the following form:

Hyu; Hyui i\? Hyu; ; Hyxu; j Hyxxu; j
thij +3 X%, +3u2~ X%, +3uij xxWi,j + xXxxHi, j
At Ax LI\ Ax T\ (4ax)? 2(Ax)3

2 2, Hxuij 2
+ O(Ax7) + O(At) + 3 (0(Ax)) +67A 0(Ax)+3uij0(Ax)
. :

+3u; jO(Ax?) = 0.
(3.33)

If we expand the truncation error, we get below equation
2 2, Hxlti 2 2
E = 0(Ax")+0(AD+3 (0(A0)+6— -4 0(Ax) +3u; ;0(A) +3u; jO(AxY),  (3.34)
after the expanding and separating Eq. (3.32) will get the indexed of Eq. (3.1),
Hiu; j Hyu;, j 2 o ( Hxuij o Hixuij Hyxxuij
( At ) +3 ( Ax ) 3\ Ty ) T3 (Ax)? + 2(Ax)? 0. 339

If we substitute the equalities Egs. (3.24)—(3.27) into Eq. (3.35) and then do some
algebraic manipulations, the following equality will be constructed:

«/E(l — 3Axui,j (—2 + Axui’j))

At + 6AtAxu;_p j — 124t Axu;— (1 + 3Axu,~’j)
22AtAxul-2j +3At (Ax)3 u?j
F3Ax | +4ui (At T (A3 — 3AtAxui’j+1>

) (2 (A3 ui jo1 + Am,-+2,j)

1
u; = —
T T A AL

(3.36)
By using Eq. (3.36), we can write numerical solution UasU = ujy1,j. Moreover,

E transaction error could be written £ = ‘U -U ‘, where U is found exact and U

is a corresponding numerical solution. Obviously, using Eq. (3.33) we can conclude
that if Ax and Ar are taking as small as necessary E error will be very small. As
result of this, limit of E would be written

lim E = 0. (3.37)
Ax—0
At—0

Now, if At and Ax are taken as small as close to zero ¢ > 0, then above equality
will be written |E| < €. From this expression, we could say that FDM is stable.

Theorem 3.2 The FDM for the STO equation is linear stable.

Proof We consider the von Neumann’s stability of the FDM for the STO equation
[22]. Let

wij = u(idx, jAt) = u(p,q) = e1e'* P, & € [-m, 7], (3.38)
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where p = iAx, g = jAt,and I = /—1. Here, we examine the stability of the
numerical scheme with STO equation with strong nonlinearity by using the Fourier—
von Neumann stability analysis. To carry out this analysis, we linearize the nonlinear
terms 3u§, 3uu,, and 3uu, by taking it = 3u,, it> = 3u® and 13 = 3u as local
constants. Therefore, the nonlinear terms 3u§, 3u2ux, and 3uu,, in the equation
were changed to it u,, ipu,, and i3u,,, respectively,

Up + Uiy + Wiy + W3Uxx + iy = 0. (3.39)
Inserting Eqgs. (3.28)—(3.31) into Eq. (3.39) yields
E=X-1iY, (3.40)
where

1 (Ax)? + (AX) (AN + (Ax)(ADiD + 2(A1) i3

X = m — (Ax)(Ab)i] cos(gp) — (Ax)(At)its cos(¢) (3.41)
— (An)i3 cos(¢)
and
_ @nsin) ~ ) o
= AT T G ( 24 (A0 + (AX)2D — (AN +2cos(¢)>. (3.42)

By the Fourier stability, for a given numerical scheme to be stable, |£] < 1 and
€] = X2 + Y2 must be satisfied. The stability of the numerical scheme depends
on choosing the values of (Ax) and (Af) to be very small.

3.4.2 Ljand L., Error Norms

For the considered model Eq. (3.1) of the approximate numerical solutions is also
calculated with the help of the Mathematica programming environments. In order to
conclude that how the explicit and corresponding approximate results are how much
close to each, we use error norms similarly defined in reference [18] as

N
L2 ‘ uexact _ unumerlc h uqxact _ Mﬂumertc
2 Z J J
j=0
and
Loo — ‘ uexact _ unumertc — Max ue_xact _ Mnymerlc
o i J J
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Table 3.1 Exact and corresponding numerical solutions of Eq. (3.1) and its absolute errors with
Ax =0.0000l and 0 <x <1

X tj NumericalSolution | ExactSolution Error

0.00000| 0.00001| —0.9999899998369807 —1.0000399999999785| 0.000050000162997831940
0.00001| 0.00001| —0.9999799998295793| —1.0000299999999909 0.000050000170411568234
0.00002| 0.00001| —0.9999699998295847 —1.0000199999999975 0.000050000170412789480
0.00003| 0.00001| —0.9999599998406973| —1.0000099999999996, 0.000050000159302343580
0.00004| 0.00001| —0.9999499998296136/ —1.0000000000000000, 0.000050000170386366170
0.00005| 0.00001| —0.9999399998333433| —0.9999900000000002 0.000050000166656904990
0.00006| 0.00001| —0.9999299998333838 —0.9999800000000028 0.000050000166618935360

3.5 Implementation of the FDEs

Here, the presentation of the numerical results have been obtained by using the
following data: c = 4,a9 = 1,a1 = 1,0 <x < 1l,and 0 < ¢t < 1 for Eq. (3.14),
the initial conditions are

2 (cosh[2x] + sinh [2x])

= s 0) = -2 =
uo(x) = u1(x, 0) F T+ cosh [2x] + sinh [2x]

—1 + tanh [x] (3.43)

and using the above suppositions, the explicit solution of Eq. (3.1) will be written as

2cosh [8f — 2x]
+ 1 + cosh [8f — 2x] — sinh [8f — 2x]
2 sinh [8f — 2x]
1+ cosh[8f — 2x] — sinh [87 — 2x]
2
1+ cosh [8f — 2x] — sinh [8f — 2x]’

up(x,t) =—

(3.44)

According to the finite forward difference method, inserting the values
(Ax) = (Ar) = 0.0000001 into Eq. (3.14), yields the following:

3.999 x 10'% +2.4 x 10Mu; ; — 1.2 x 106ul%j

1

[5.333 x 10%0 +3.1999 x 10%0u; 3 -1
26, . . 26

wipr,j = 4166 x 10712 —6.399 x 10%0u;_y j + 6.4 x 10%u; ;
- 1732 —192x 1022Mi—1.jui,j +3.52 x 1022”12,1‘

+4.8x 10w} — 6.4 x 10",

L — 1.92 x 10%u; ju; j11 —3.199 x 10%u;45 ;|

We compare exact and numerical solutions in Tables 3.1 and 3.2.
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Table 3.2 L) and L error norm when0 < Ax < land0 < Ar <1

63

Ax = At L, Leo
0.05000 0.2033790000 0.2531790000
0.01000 0.0395503000 0.0501589000
0.00500 0.0196868000 0.0250407000
0.00100 0.0039227400 0.0050016600
0.00010 0.0001574410 0.0005000170
0.00001 0.0000157575 0.0000500002
-0.9990 T T T T
=== Exact Solution
-0.9992 - 7
-0.9994 - ]
g -0.9996 1
F]

-0.9998 - J

-1.0000 1

_1.0002 Il Il Il Il Il Il Il Il Il
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

X

Fig. 3.3 A comparison for exact and corresponding numerical solutions of Eq. (3.1)

The L, and L error norm is shown in Table 3.2.

We could conclude that explicit and corresponding approximate solutions are in
good agreement which are illustrated above numerical results are Tables 3.1 and
3.2.

Figures 3.3, 3.4 shows that the exact and corresponding numerical solutions
of Eq. (3.1) are very close results which desired result. Because, our considered
numerical method is stable and truncation error due to very much the choice of
the Ax and Atz. This conclusion of the behavior of the exact and corresponding
approximate solutions can be seen in the following depicted graph for the special
value of Ax = 0.00001.
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5
5.000018 *10°

5.000017 - J

5.000016 - 1

5.000015 - J

5.000014 - 4

Absolute Error

5.000013 - J

5.000012 - g

5.000011 Il Il Il Il Il Il Il Il Il
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

X

Fig. 3.4 The behavior of the exact and corresponding approximate solutions for absolute error of
Eq.(3.1)

3.6 Conclusions

In this paper, we present aBT method which is applied to integrable STO equation.
Using this transformation method it is easy to see that the nonlinear PDE such as
STO equations transforming to linear PDEs. Thus we can obtain two traveling wave
solutions of this equation. We present the plotting 2D and 3D surfaces to these
obtained solutions. This method of application is also easy to build programming
based on algebraic programming. Here important to point out that if the taken
equation is not integrable (e.g., Painleve integrable, C-integrable, S-integrable, Lax
integrable, and Liouville integrable, etc.) this algorithm of method is not working.

Acknowledgements The authors of the article would like to thank Istanbul Commerce University
and Firat University for supporting this work.
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Chapter 4 )
A Linear B-Spline Approximation for a oo
Class of Nonlinear Time and Space

Fractional Partial Differential Equations

Behrouz Parsa Moghaddam, José Antonio Tenreiro Machado,
and Arman Dabiri

4.1 Introduction

Recent studies have shown that fractional partial differential equations (FPDEs) are
superior to model anomalous diffusion processes [2, 3, 12, 16, 26, 33]. Following
these ideas, the fractional Kolmogorov—Petrovskii—Piskunov, Newell-Whitehead—
Segel, FitzHugh—Nagumo, and Fisher equations were proposed for the diffusion
equation with a nonlinear source term. FPDEs emerge in a wide variety of appli-
cations like electromagnetic, acoustics, electrochemistry, cosmology, and material
science [18, 23, 25, 27, 29]. Numerical solution algorithms for solving FPDEs are
still at their early stage of development. Nonetheless, FPDEs received considerable
attention during the past years and we can find the approximated solution of space-
fractional diffusion equations using finite difference methods [15, 17, 21, 32, 33],
finite element methods [7, 8, 24, 28, 30, 31], and spectral [1] methods.

In this chapter, FPDEs are solved using different numerical methods. As for
any numerical algorithm, it is crucial to study the effects of the round-off error
on the sensitivity of the algorithms. Spline functions overcome this issue, as they
are commonly used to construct stable numerical methods. For this purpose, we
employ a linear B-spline interpolation for the spatial discretization and an upwind
finite difference method for the time discretization.
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The outline of this chapter is as follows. In Sect.4.2, the space-fractional
integral and time-fractional derivative operators are discretized. In Sect. 4.3, two
unconditionally stable methods for solving a class of space- and time-FPDEs
with one space variable are presented. The error analysis and the stability of the
numerical methods are also discussed. In Sect.4.4, the efficiency and accuracy
of the present approaches are examined for several special cases of the fractional
KPP equation with the initial-boundary value conditions. Finally, Sect.4.5 draws
the main conclusions.

4.2 Discretization of the Fractional Operators

In this section, a brief review on the fractional-order operators is given. Moreover,
a technique for the discretization of the space-fractional integral and time-fractional
derivative operators is also presented.

Several types of fractional-order integral and derivative operators have been
proposed based on different concepts [14].

Definition 4.2.1 The fractional-order integration operator in the sense of Riemann—
Liouville is defined by

t
Sgulx, 1) = ﬁfo (t — O lux, 0)de, a >0, 4.1)

where ¢ is an auxiliary variable belonging to the interval (0, ¢) and I'(-) is the
gamma function. Moreover, for a smooth function u(x, ¢), we have [4]

n—1 ;
t/ .
S8 (1) = ”(X’I)Jr;ﬁ“rm(x,o), 4.2)
J:

wheren — 1 <o <n,n € N.

Definition 4.2.2 Let us considern — 1 < « < n, n € N, a function u(x, t) that
is n — 1 times continuously differentiable with respect to ¢ and uE")(x, t) that is at
least once integrable. Then, the fractional-order derivative operator in the sense of
Caputo is defined by

Cu(x, o)

(o) -
D= T Jy - e

de. 4.3)

Proposition 4.2.1 Suppose that u(x,t)eC?(£2), 2 = (0, L) x (0, T) € R?, and
let us define the space and time grid points by

xi=ihy, i=0,1,...,N, (4.4a)
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th=khy, k=0,1,..., M, (4.4b)

where hy = % and h; = % Then, an approximation of the a-order spatial integral
of u(x, t) at the space point x = x, is

m a

h
I, (X, 1) = l;) Fore jr a)am,ku(xk, 1) + & X 1), (4.5)
so that
m% (e +1—m) + (m — 1)*+!, k=0
amg =3 (m—k — D+ (m —k+ D —2(m — k)T 1 <k <m -1,
1, k=m
(4.6)
and the {x.-norm of the approximation error & (xp, t,) is bounded as
op2+a
161 Gon ) lloo < o2y w2 o )| 4.7)

Proof We build the piecewise linear interpolant of u(x, ) in the spatial space x
upon the interpolate of the given function on each sub-interval [xg, , xx41] with the
first-degree polynomial:

m—1
MO ETHOES Y (muuk,r) o, r)). (4.8)

Xk — X X
o \ Xk~ Xk+1 k1

Then, the substitution of the piecewise linear interpolant (4.8) into (4.1) yields

X

f(;)fxm”(xatn) /&xmsm(xstn)

Xk+1
{/ Com = O s (&, tn)dc}
Xk

L (/ H'(xm—c)“—lﬂd;)u(xk,m

—

m—

1
()

=~

=0

3
-

I'(a) pard . Xk — Xk+1
m—1
1 Xk+1 —x
t T </ (xm—é“)“_lg—kdé) U(Xt1,tn). (4.9)
(a) k=0 Xk Xk+1—Xk

Finally, the integral in the summation of (4.9) can be calculated explicitly knowing
that x; = k h,. This obtains the coefficients (4.6) and completes the proof.
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Proposition 4.2.2 Let u(x,t) € C2(2) and 0 < « < 1. Then, the a-order
temporal derivative of u(x, t) at x = x, is approximated by

n -«

o 1) = mbk,nau(xm, 1) + E (X, 1), (4.10)
k=0

and the corresponding error & (xp, t,) at t, is bounded by

163G e = 2[4 (1) @i
2Xm, In OO_F(Z—()[) uy  (Xm, In o’ .
where Su(x, t) is the central differential operator and
n—1D>%—pl"%(n -2 +a), k=0
bin=3—k+D** -2 —k)?> 4+ m—k—-1D>% 1<k<n-—1L
1, k=n
4.12)

Proof The proof is similar to that of Proposition 4.2.1 by using the central finite
difference approximation for the time-fractional derivative.

4.3 Numerical Approach for the FPDE

In this section, we consider a class of the space- and time-FPDEs.

4.3.1 Space-FPDE

Consider the following space-FPDE with the solution u(x,n)eC?(2), 2 =
(0, L) x (0, T) € R?,

w0 =u e, 1)+ F(x u(x, 1), (4.13)

subject to the initial and boundary conditions

u(x,0) =qx), (4.14a)
W0, 0 =pi),  j=01,...,n—1, (4.14b)

wheren — 1 <o <n,n e N.
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We assume that p;(t) and g(x) are smooth functions, and the nonlinear source
term f (¢, x, u) satisfies the Lipschitz condition with the Lipschitz constant [y > 0:

[ f, x,u) — f&x, w<lflu—w|. 4.15)

In addition, let u};, denote the numerical solution of (4.13) at the grid point (x,,, #;)
with the mesh step sizes h, and A;.

According to Definition 4.2.1, the integral form of the initial boundary value
problem (4.13) is

n—1

i
e, =Y ’;_'uﬁ”(o, N+ 78 (uf”(x, N+ Ft,x, ulx, z))) , (4.16)

j=0""
with solution at the point (x,,, #,) given by

n—1 _j
N
U, 1) = Y T"]u&”(o, )+ 75, (10 t) + f s % uCx 1))
j=0 7
4.17)

The fractional integral is approximated using Proposition 4.2.1 and the
formula (4.5):

n—1 _j
e
U, 1) ~ 1y =y T”;ui’)(o, )
Jj=0
hs

m
* L T (1 G )+ £ o ) 0 (H2), 4.18)

where the coefficients ay,  are given in (4.12).
The temporal derivative uﬁl)(xk, t,) can be obtained by the upwind finite

difference approximation in the #-direction:

n n—1

u u
ulD (e, 1) = % + O(hy). (4.19)
t

Therefore, it yields

n—1 _j
X, D)
i), =27",’u5/ (0. )
j=0 7

m

he ul —
+ Z F(a:_z)amyk ( & k +f(tn7xk’ MZ)) +ﬁ (hght+h)26+a) (420)
k=0
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The explicit spline finite difference algorithm is obtained by neglecting
O (h%h; + h2+e):

-1

n— 1 j o n n
n (]) hx Uy — Uy
= E 0,1

U, = ] ( n)+F(O[ + 2) (

+ f(tns Xm,s uﬁ»)

m—1 he uz _uz—l
. — _ t . 421
+,§> F(Hz)am,k( h, +f(n,xk,uk>) (4.21)

We often employ an iteration procedure to obtain unknown variable u?, in (4.21)
as the function f is usually nonlinear and u! exists in the both sides of the
equation (4.21). Moreover, we substitute a predicted value u/, into the right-hand
side of (4.21) to achieve a better approximation. For this purpose, let Pu!) be the
predicted solution obtained by the Adams—Bashforth method [5] as

n—1 _j
X (j)
puﬁ/l: ZOTMX (O,Irl)
j=

X_j G ), @422)
r(a+1) h, I s i uge) ) :
where

Cmp = (m — k) — (m — k — D)% (4.23)

Replacing Pul;, in the right-hand side of (4.21) by (4.22) gives

[a]—=1 _j o n n—1
X i h Pu —u
u:":l = Z ]_r:luffj)(()? tl’l)+ I_,(a :_ 2) ( 2 ht L + f(tna Xm pu;l’l))

m—1 he u — un—l
+ Y g | A+ f i 1) ). (4.24)
k=0

Theorem 4.3.1 Suppose that Re(«) > 0 and consider the functions u(x,t) and
u)(ca) (x, )eC2(£2). If the function f(t,x,u) holds the Lipschitz condition with
respect to the second variable, then the error of the scheme (4.22)—(4.24) satisfies

s, 1) = W lloe < C (HShy +B37), (4.25)

where C is a constant independent of h; and hy.
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Proof The inequality (4.25) holds for j = i = 0 as the initial and boundary
conditions are given. Now, we shall prove that the inequality (4.25) also holds for
j=mandi =n,whenitisheldfor j =0,1,...,m —1landi =0,1,...,n— 1.

Firstly, we observe the error of predicted value Puj,. Subtracting (4.22)
from (4.17) yields

|u(xm, th) —Puy,| = ‘[foo‘x (uil)(x, 1)+ f(¢t, x,u(x, t)))]

(Xm»tn)
m—1 o

Z ]ﬂ(a—:-l)cm’k (ut(l)(-xks tn) + f(tl’l’ Xks ”b) ‘

Using (4.13), we have

‘u(xma tn) — pu:’z’ =

[ At )]

m—1 @

_ X (@)
lg F(a+1)cm,k[ux X, D, tn)

(Xm s tn)

m—1

"2 T e o) = |
n )’

and by applying the Lipschitz condition (4.15) and ZZZOI cmk = m%, we get

+ | f (s Xk, s 1)) — f (s X,

’u(xm, tn)—pum < clm“h§+0‘+czhth§+03lf|u(xk, t,,)—uZ|§C <h§+0‘+h,hg) .

Then, we obtain the error of the corrected value.
From (4.17) and (4.24), we finally have

0o 1) — | = ‘[/(;’fx (w00 + £x uee ) |

Xim>tn)
ho Pyt _un—l
_r(aiz) ( T +f(t"’x’”’p”n’")>
t
- ul — ul !
k k n
t 9 b
kZ (a+2) ( I + ftn, xk “k))'

m—1 «

h
[/0 X (a) ('x t) (Xmtn) Z I"(a—:_Z)amsk[u)(Ca) ('x’ t)](xm;tn)
=0
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m—1

_ | 1
’ kZ AC +2) .k [|”r( (ks ta) = (uf )|

+|f(tnvxks u(-xk1 tn)) - f(tnvxkv MZ)H
M
I'a+2)
_f(tn’xm’pury;l)u

cam®h2 4 eshih® + com®l ph2™ 4 c7hh® + cgm®1 2T

* [ o ) = P+ 1 s s 0 12))

IA

IA

C (W2 4 h,h%).

Theorem 4.3.2 Let u)}, and w), be the numerical solutions of (4.21) at the point

(Xm, tn) and that the boundary conditions are given by u)(cj )(0, t,) and w(J )(tn)
respectively. In addition, assume that

lu'; — wh| < kcflug — wolloo (4.26)

forj=0,1,....m—1landi =0,1,...,n— 1.
If there exists positive k, independent of h; and h, such that

[ — wiylloe < K llto — wolloo, (4.27)

for any m and n, then the new scheme (4.22)—(4.24) is unconditionally stable.

Proof We prove the inequality also holds for j = m and i = n.
According to the expression of (4.20), we get

n n | ra-‘ ] 7]‘{" (k) (t ) + hi Pu% — u;:l'l_l + f(t p n)
u —wh| = E CXm, Pu
m m Far k' n Ta+2) I, ns Xm m
m—1 —1
h¢ u —ul
+) *_q Ak f(tn xiuf
L Tar2) m,k< » Sty xpe, uy)
f[al=1 o Pyt n—1
Xm (k) h Wy, — Wy, D0
- — [/ — J s Xm,
o ! W (ty) + Ta+2) < h, Ftn, xm w,,

m—1 —1
he wi —wy
+ Z = am,k < x x + f(tl’ls Xk s w]’:)) ‘

0 I'l(x+2) h;
|—Ot-| 1 k .
=< kn'z )(tn) - w( )(tn)
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m—1 n n—1 n n—1
Up — uy wy —wk n
+) - + | f (tn, Xk,
= F<a+z> <| hy RS

= f (tns Xk, U)Z)D

he pyn unfl Pyt — wnfl
s (| i - R | 0 )

hy hy
_f(tna xm’ pw:’l1)|)

= Kllluo—wolloo+lcz< max |up — wy|
O<k<m—1

-1 n—1 n n
4+ max |ulT —w +1r max |uf —w
O<k<m—1 | k k l) f0<k<m—1| k k|

—1 n—1
43| max |Puf —Pwl|+ max |u}T —w! )|
O<k<m—1 k k O<k<m—1 k k
+ly max |[Pup —P wy|
O<k<m—1
and, therefore, using (4.26), we obtain

|3y, — wiy | < kclluo — wolloo.

This expression means that proposed scheme is unconditionally stable with respect
to the initial conditions.

4.3.2 Time-FPDE

Consider the following time-FPDE with the solution u(x, t)eC 2(2), 2 = (0, L) x
(0, T) € R?,

w0y =uP 0,0+ f@,x,ulx, 1), 0<a<l, (4.28)
subject to the initial condition
u(x,0) =gx), x € (0,L), 4.29)
and boundary conditions

u(0,t) = h(), u(L,t) =q(1), te(0,7), (4.30)
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where g(x), h(t), and g (¢) are assumed to be smooth functions and the nonlinear
source term f(x, #, u) satisfies the Lipschitz condition (4.15).

Using the finite difference approximation, the second-order derivative uy )(x 1)
is approximated at (xy,, t,) as

UXmg1, tn) — 20X, 1) +uXm—_1, tn)
h3

u? (o, 1) ~ + o). (4.31)

The approximate solution of (4.28)—(4.30) is obtained by discretizing the time-
fractional derivative using Proposition 4.2.2 as

on n U1, tn) — 20X, 1) + U1, 1)
Z—b k,nUs (xmvtn)

— 2
P rG—ow) hZ
2,12 %
+f G tny u G, t2))+0 | by +hi+ ) ) (4.32)
X
Following the idea of the Du Fort-Frankel scheme [6], u];, is replaced by its average
n+1 +u n 1
in time f resulting in

n 1—oay k—1 k+1 n _ n+l _ o n—1 n
th bi.n (um — uy, )_um+1 Uy, up Fun

e, ny
STG-a0\ 2 e S Gons s

X

(4.33)

Rearranging the terms in (4.33), the three-level explicit spline finite difference
method is obtained as

29 — 20
+1 _ 1
Un' =y (et Tt Dty n+2ﬁ o
— Wk k 1 k+1
ZO — 5y D+ n+2ﬂf<xm,tn,u ). (434)
hl—o[b hl—oz
where wi , = ! k’",w,,: d and U = —.
' 'G—ow) 'G—ow) h2
This scheme is conditionally consistent, because the truncation error term
2
2 h
2 (Z—;) in the local truncation error & (htz +h2 4+ <h_t> ) of (4.32) leads to the
X x
consistency condition when Ax — 0, i.e., ﬁ—; — 0.

Let the round-off error be

E =U" —ul, (4.35)
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where U]} is an approximate solution of (4.34) forn = 0,1,...,N and m =
0,1,..., M. Then, the round-off error satisfies the following equation using the
discretized (4.34):
29 n—1
éan+] &n gn 1 éak 1 (§k+]
m wn+20( m1 1)+ +219 m ;wn+219( )
2h; n n
+m(f(-xm: tnv U ) f(xm, tnv Mm)), (436)
such that
by =&y =0, n=0,1,...,N. 4.37)

Theorem 4.3.3 The explicit approximation (4.34) with the initial and boundary
conditions

uf), = g(mhy), m=01,....M
" " (4.38)
uy = h(nhy), uy =qmh),n=0,1,...,N
is unconditionally stable and
16 oo < BIIE oo, (4.39)
forn = 0,1,..., N, where |8"|co = 0max |&nl, and B is a positive number

independent of n, hy, and h;.

Proof The inequality (4.39) holds for n = 0 as the initial and boundary conditions
are feasible. We shall prove that the inequality (4.39) holds forn = r + 1 as it
is assumed to be held forn = 0, 1,...,r. Using (4.36) forn = 0,1,...,r and
m=20,1,..., M, we can write

2 e 1+ =2
r+229 m+1 —1 r+2l9

r—1

2l+h
gkl gk+l S &r
+Z—,+w(' |+ 165D + —L— 14|

IA

1 1
&t 1&n !

P w, + 29
29 Wy
< =7 & e < 1
< wr—|—2z9” lloo + r+219|| lloo
r—1
2wk r k—1 2l fhy
r 1 St ALV 4.40
+E wr+2l‘/‘(” ||oo)+wr+219” lloo (4.40)
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r—1
where [ is the Lipschitz constant. Considering Z wi,» < 1[19], it results
k=0

16" oo + B 116 oo

Iéﬁ“ls( 49 w, =20 2k )

+
w20 wr+20 | wy +20

2lrh i
< (14 L) 16 N + BillE% oo < (A +1ADIE Nloo + BillE N0, (441)
wy + 20

or

r+1
1™ oo < <1 + thz> 16 00 + Bil1E oo < "V o + B1116 100

IA

e 16 oo + B1116 oo < €T 16000 + B11160 NI0o
B1 + B oo = BIE oo,

where § = B1 + B2. Therefore, for any arbitrary initial rounding error & 0. we have
a positive B independent from n, k;, and &, such that

1™ oo < BIIE lloo- (4.42)

This completes the proof and shows that the proposed scheme is stable.

4.4 Applications

In this section, the stability and efficiency of the proposed method are illustrated
in four special cases of the nonlinear space and time-fractional KPPE including
the Newell-Whitehead, FitzZHugh—Nagumo, Burgers—Huxley, and Chafee—Infante
equations. The algorithms are encoded in Maple. The fractional KPPE is defined as

u@ ) = w0 +aud 0 + b, Feue, ) g, (443)
where | <o <2,0 < 8 <1landa,b, c € R are constants.

We analyze the computational accuracy in the perspective of the maximum of the
absolute error (MAE). If the exact solution is available, then the MAE is defined as

N
lEm N lloo = max | U, t) — pytiom |, (4.44)
l1<n<N-1,1<m<M-1
else it is defined as
2N N
IEm NIk = max | Shpun — Nunl, (4.45)

1<n<N-1,1<m<M-1
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where 11;[/1”?" is the approximate solution of u(x, ) at (x,,, t,) with N and M numbers
of interior time and space mesh points, respectively. Furthermore, the experimental
convergence order (ECO) is estimated by

- 1611100
1¢ )
10 162l

pPoH = Io (446)

where ||&; || 0o denotes the MAE for the step #;(+), i = {1, 2}.

Example 4.4.1 The space-fractional Newell-Whitehead—Segel equation has been
applied to different problems such as Rayleigh—Benard convection, Faraday insta-
bility, nonlinear optics, chemical reactions, and biological systems [13]. It is given
by (4.43)when g =1,a=1,b=0,c = —1, and

1

g1 == (2x2*°‘ F 3P TG —a) (1 — x)3). (4.47)

G-

Let us choose the initial and boundary conditions as

u(x,0) :xz—x, 0<x<l1
u(0,1) =0, 0<r<l1. (4.48)
ui”(o, H=—¢, 0<t<l1

The exact solution is u(x, 1) = e’ (x* — x).

Figure 4.1a and b shows the numerical solution of Example 4.4.1 obtained by the
proposed method when o = 1.75and h, = h; = 3% Figure 4.1a shows the obtained
solution in the temporal and spatial domains. Figure 4.1b shows the exact solution
along the approximated solution for different values of + = {0.25,0.5,0.75, 1}.
Table 4.1 shows the MAEs and ECOs for different values of « and step sizes in order
to analyze the performance of the proposed scheme. The results show that increasing
« increases both the MAEs and ECOs, but they are reduced when increasing the
step sizes.

Example 4.4.2 The space-fractional FitzHugh—Nagumo equation is a reaction—
diffusion equation describing the propagation of electrical signals in nerve axons
and other biological tissues [10, 11, 22]. It is given by (4.43) when 8 = 1,a = 1,
b=-3,¢c=2,and

g(x,1) = & (er F(rDE? — 2 43—y 2). (4.49)
Let us choose the initial and boundary conditions as
ux,00=1, 0<x<l

u@,0)=1, 0<t<1, (4.50)
PO, =1,0<r<1
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ulx, 1

(a) (b)

Fig. 4.1 The numerical solution of Example 4.4.1 with step size hy = h; = 3—12 and ¢ = 1.75.
(a) The numerical solution of u(x, t). (b) The exact (blue line) and approximated (black circle)
solutions of u(x, t) when t = {0.25, 0.5, 0.75, 1}

Table 4.1 Comparison of the MAEs and ECOs of Example 4.4.1 for different values of o and
step sizes i, and h;

a=125 a =150 a=175
=h |I€loo Px =Dt | €]l Px =Dt | €]l Px = Dt
9.05x 107% | — 3.57x 1073 | — 1.09 x 1072 | —

276 x 107* | 1.713 1.26 x 1073 | 1.503 450 x 1073 |1.276
8.46 x 1073 | 1.706 4.48 x 107* | 1.491 1.88 x 1073 | 1.259

= a«‘_w‘_ ol
m‘—.as R =

and hence the exact solution is u(x, t) = e*' fora = %

Figure 4.2 depicts the exact and approximate solutions of Example (4.4.2) for
various values of r = {0.25,0.5,0.75, 1} when h, = h, = 3i2 and o = % Similar to
the previous example, Table 4.2 shows that increasing « increases both the MAEs
and ECOs, but they are reduced by increasing the step sizes. It is also shown that
the obtained numerical approximations are in a good agreement with the analytical
solutions.

Example 4.4.3 Consider a time-fractional diffusion equation as (4.43) when o = 2,

a=b=c=0and g(x,t) = —%t”_ﬂx“(x — 1). The analytical solution

is nonsmooth at + = 0 and is given by u(x, t) = x4(x — l)tl'5 when the initial and
boundary conditions are [9, 20].

{u(x,O)zO, 0<x<1 4.51)

u@0,))=u(l,)=0,0<t<1"

Let the convergence orders in time and space be denoted by p; and p,,
respectively, so that we have p, = 2p, for h; = h)% The numerical solution
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uix,t)

(a) (b)

Fig. 4.2 The approximate solution of Example 4.4.2 when h, = h; = % and o = % (a) The
plot of u(x, t) versus (x, t). (b) The exact (blue line) and approximated (black circle) solutions of
u(x,t) fort = {0.25,0.5,0.75, 1}

Table 4.2 Comparison of the MAEs and ECOs of Example 4.4.2 for different values of «, A,
and h;

a =125 a =150 a =175
he=hi | 1615 px=p 1€l pe=p | 16115 pe=pi
o 142x107° | — 281x 1072 | — 678 x 107+ | —
= 449 x 1074 | 1.661 9.86 x 107 | 1.512 3.44 x 10~* 0.979
o5 143 x107* | 1.650 348 x 107 | 1.501 1.76 x 107+ | 0.966

of Example 4.4.3 is obtained for different values of B and step sizes. Figure 4.3a
shows the approximation solution of Example 4.4.3 when 8 = 0.75 and h, = %.
Figure 4.3b shows the exact and numerical solutions for different values of t =
{0.25, 0.5, 0.75, 1}. In addition, Table 4.3 lists the MAEs and ECOs for different
values of « and step sizes, revealing that the obtained approximations are in a good
agreement with the analytical solutions.

Example 4.4.4 The FitzZHugh—-Nagumo equation is a reaction—diffusion equation
describing the propagation of electrical signals in nerve axons and other biological
tissues [10, 11, 20, 22]. This equation is given by (4.43) wheno = 2,a = 1,b =

-1
. A /2 /2
—%,c = %, and g(x, t) = 0. The exact solution is u(x, t) = <1 +e 22(x+322’)>

when 8 = 1 and the initial and boundary conditions are
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o
——

~0.01-]
-0.02-
~(.'|.[]3‘j

=0.014
-0.021
=034
ulx,t) -0.04
-0.05+
-0.06
-0.07
-0.08

uix,t) -0.04

~0.054

=0.061

-0.07q

=008 3 . : - 7
0 0.2 0.4 0.6 0.8 1
x

(a) (b)

Fig. 4.3 Solution of example 4.4.3 with h, = % and h; = h% and B = 0.75. (a) Plot of the
approximate solution. (b) Exact solution (line) and approximate solution (points)

Table 4.3 Comparison of MAEs and ECOs of Example 4.4.3 for different values of g and time
step sizes i, when p, = 2p;

B =025 B =0.50 B=0.75
hy 16,2l | o 162l | s 12l | ps
3.59 x 1073 — 3.44 x 1073 - 3.40 x 1073 -

|— ot

8.82 x 1074 2.025 8.74 x 1074 1.977 8.62 x 1074 1.980
223 x 1074 1.984 2.19 x 1074 1.997 2.16 x 1074 1.997

o

(]
Rl

-1
u(x,0) = (1 +e0'5ﬁx) , 0<x<1
-1
u(0, 1) = (1 +e%f) , 0<r<1 (4.52)
-1
NG

u(l, 1) = (1 +e22L+éf) 0<r<1
Figure 4.4a illustrates the numerical solution by means of the proposed method
when 8 = 0.75, and Fig. 4.4b shows the numerical solution for different values of

t ={0.25,0.5,0.75, 1} when h, = %. Similar to the previous examples, Table 4.4
includes the MAEs and ECOs of Example 4.4.4.

4.5 Conclusion

In this chapter, two stable numerical methods were introduced to solve nonlinear
space and time-fractional partial differential equations. The discretization of the
time-fractional integral and the space-fractional derivative were accomplished using
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0.481
0.5 0.464
b 0.44
0.457
] 0.42
1 0.40
u(x,t) 0-407 ulx,t)
] 0.38
1 A
0.357 /2 0.36+
] 0.34
0.30
0 2 %) 032
2/ 0.304
' 08 0 02 04 0.6 08 1
x
(a) (b)

Fig. 4.4 The solution of Example 4.4.4 when h, = 1‘—6 hy = h2, and B = 0.75. (a) Plot of the
approximate solution. (b) The approximate solution for ¢ = {0.25, 0.5, 0.75, 1}

Table 4.4 Comparison of the MAEs and ECOs of Example 4.4.4 for different values of 8 and

hy when py = 2p;
B =0.25 B =0.50 B =0.75
hy 16,2l | px 1,2l | P Iy, llle | px
x 829x 1073 | — 241 x 1074 — L13x 107 |-
= 1.87 x 1073 |2.148 523 x 1075 2204 |2.65x 107 2,092
= 039x 1073 2261 |739x10® 2823 6.05x1077 |2.130

a linear B-spline approximation. It was shown that the proposed methods are uncon-
ditionally stable. The advantages of the proposed algorithms were shown in four
practical examples. It was shown that the suggested schemes are computationally
efficient and the obtained solutions converge to the analytic solution.
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Chapter 5 )
Escaping from Current Minimizer by Qe
Using an Auxiliary Function Smoothed

by Bezier Curves

Ahmet Sahiner, Idris A. Masoud Abdulhamid, and Nurullah Yilmaz

5.1 Introduction

The resolution of decision-making problems requires in the scientific field a
quantification that directs the decision-making process to the optimal outcome.
Numerous decisional problems that are encountered in the physical, chemical, eco-
nomic, engineering, and other fields are often modeled as problems of optimization
of a real function, which may, for example, represent the performance or cost of a
system under certain conditions [1, 2]. This function is called as objective function
which is generally non-linear and often subject to constraints which guarantee the
acceptability of the solution being identified. The global optimization, in particular,
has the following objectives:

* the analysis of non-linear decision models with multiple optimal solutions,
 the design and study of efficient resolution algorithms being able to identify the
best overall solution.

From a mathematical perspective, the general problem of global optimization
consists of identifying the global minimizer of a function f : A — R with
A C R" [3]. The global optimization problem is indicated as follows:

f(x™) =min{f(x) : x € A}. (5.1)
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Solving the global optimization problem means identifying the best of all solutions,
and avoiding remaining trapped in a non-global local minimizer. The classes of
problems to be solved in the context of optimization, both local and global, are
varied and very different from each other [4]. These range from the problems of
combinatorial optimization to quadratic programming, from concave minimization
to convex differential programming and, from min-max problems to Lipschitz opti-
mization. As a consequence, the proposed approaches for solving these problems
are very varied. A very general strategy could be suitable in all cases, on the other
hand, strictly specialized methods are applicable only for the class of problems for
which they were designed.

Efficient algorithms that solve local optimization problems have been proposed
for a long time ago: the steepest descent method, for example, dates back to
Cauchy. However, these methods are not able to identify the global optimum of
f, therefore, it becomes necessary to introduce appropriate global strategies that
provide guarantees of convergence to the solution and perhaps exploit the efficiency
of local strategies. The first algorithm for the resolution of the global optimization
problem date back to the first half of the twentieth century [5, 6]. In the seventies,
the first heuristic strategies were proposed, attempting, albeit with little success, to
extend convergent algorithms in the one-dimensional case to higher dimensions.
The first works on global optimization are attributable to Dixon and Szego [7].
Since then, there have been dozens of books and hundreds of articles on the subject
published in numerous scientific journals. It should be noted that the proposed
optimization methods, as numerical procedures, are generally not able to identify
the exact solution of the problem, but only a numerical approximation of the global
minimizer points, as well as the global minimizer itself. Depending on whether they
use probabilistic elements, the methods developed for the resolution of the global
optimization problem can be broadly divided into two large classes [8]:

¢ deterministic methods,
¢ stochastic methods.

Typically, all methods of the Branch and Bound [9], covering methods [10], space
filling curves based methods [11, 12] belong to the class of deterministic methods,
the same class also includes some methods that use perturbations of the objective
function, such as the tunneling method and the filled function method (see, e.g., [13—
41]). These methods provide an absolute guarantee of success but require restrictive
assumptions about the function.

Stochastic methods generally require weaker hypotheses than the former and
ensure probabilistic convergence to the global optimum. This class includes,
for example, the two-phase methods, the random search methods, the simulated
annealing methods, and the random direction methods [42—45]. There are in the
literature methods based on stochastic procedures that, under particular conditions,
are competitive from an empirical perspective but that do not provide guarantees of
convergence. These methods, called heuristics, include all those approaches that
simulate the processes of the biological evolution of a system, such as natural
selection and apply them to populations of points which are recombined sequentially
until the optimal solution is generated. Among these, we mention the evolutionary
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methods and genetic algorithms [46, 47]. The main difficulties in solving the global
optimization problem are linked to the fact that the structure of the function to be
minimized is often not known, so the number and distribution of the minimizer are
not known. Moreover, as the size increases, the number of local minimizers also
generally increases, with a consequent reduction in the attraction region of every
minimizer and therefore the probability of identifying the global optimum decreases
[48, 49]. The problems to be overcome in the application of stochastic methods
based on local searches are as the following:

¢ avoid finding the same minimizers,
* have an efficient stopping criterion.

Our attention will focus exclusively on solving the global optimization problem in
case the objective function f is continuous and the set A is a compact on R”.

The remainder of this article is prepared as follows: Sect. 5.2 introduces the
important basic concepts and assumptions. Section 5.3 is devoted to describing
the proposed new auxiliary function in detail with a literature review of the filled
function method. The experiments on the performance of the offered algorithm are
shown in Sect. 5.4. Finally, the conclusion of this article is outlined in Sect. 5.5.

5.2 Basic Concepts and Assumptions

Throughout the chapter, the symbol k represents the number of local minimizers,
x; represents the current local minimizer, and x* represents the global minimizer
of f(x). Moreover, B} represents the basin of f(x) at the local minimizer x;.

Let f : R — R be a real-valued function defined on some set A C R. A
point x; € A is a local minimizer of f over A if there exists € > 0 such that
fx) = f(xp)forallx € Aand || x—x[|| < €. Apointx* € A is a global minimizer
of fif f(x) > f(x*) for all x € A. If we replace “>" with “>" at above, then we
define a strict local minimizer and a strict global minimizer, respectively.

Definition 5.1 ([17]) A basin of f(x) at an isolated minimizer x; is a connected
domain B(x;) which contains x; and in which starting from any point the steepest
descent trajectory of f(x) converges to x;. but outside which the steepest descent
trajectory of f(x) does not converge to x;°. A hill of f(x) at x; is the basin of — f (x)
at its minimizer x;/, if x; is a maximizer of f (x).

Definition 5.2 ([17]) The direction d € R”" is said to be a descent direction for
f:R" - Ratx € R”, if there exists € > 0 such that for all « € (0, €]

fx 4+ ady) < f(x).

The definition of the filled function was first presented by Ge in [17]. The definition
of the filled function is designed for various varieties. In this paper, we bring the
following definition forward:



90 A. Sahiner et al.

Definition 5.3 ([17]) A continuously differentiable function H (x) is said to be a
filled function of f(x) at x; , if it satisfies the following properties:

(i) xj is a strict local maximum point of H (x, x;),
(i) H(x, x,f) has no stationary point in the set Ay,
(iii) If x; is not a global minimizer of f (x), then there exists a point x” such that it
is a local minimizer of H (x, x;:) on Aj.

In order to facilitate discussions, we assume that the following assumptions hold at
the rest of this paper:

Assumption 1. The function f is Lipschitz continuous;

Assumption 2. The function f : R" — R provides f(x) — 400 as ||x| —
+o00; and

Assumption 3. The number of minimizers can be infinite, but the number of
different function values at the minimizers is finite.

5.2.1 Bezier Curves

Bezier curve was developed by the French engineer Pierre Bezier (1910-1999) in
1962 for use in the design of Renault automobile bodies. Pierre Bezier then went on
to develop the UNISURF CAD/CAM system. The Bezier curve is defined in terms
of the locations of n 4 1 points. These points are called data or control points. They
form the vertices of what is called the control or Bezier characteristic polygon.

In general, a Bezier curve section can be fitted to any number of control points.
The number of control points to be approximated determines the degree of the
Bezier curve. For n + 1 control points, the Bezier curve is defined by the following
polynomial of degree n:

Pu) =) Qjaw)P;,
j=0

where 0 < ¢ < 1 and P(u) is any point on the curve and P; is a control point,
Qjn(u) are the Bernstein polynomials. The Bernstein polynomial serves as the
blending or basis function for the Bezier curve and is given by

Qjn() = Cn, pu! (1 —uy",
where C(n, j) is the binomial coefficient

n!

Cn,j)=—.
D= =
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A very useful property of a Bezier curve is that it always passes through the first and
last control points. If we substitute # = 0 and 1, the boundary conditions at the two
end points are

P(0) = Py, P(1) = P;3.

The curve is tangent to the first and last segments of the characteristic polygon, the
first derivatives when there are 4 control points (n = 3) are given by

P'(w) = —=3(1—u)>Po+ (31 —u)? —6u(1 —u)) P + (6u(1 — u) — 3u>) P, + 3u’ Ps.
Therefore the tangent vectors at the starting and ending points are

P'(0) = 3(P1 — Py),

P'(1) = 3(P; — Po).
Similarly, it can be shown that the second derivative at Py is determined by Py,

P; and P, or in general, the r-th derivative at an endpoint is determined by its r
neighboring vertices.

5.3 The Auxiliary Function Method

5.3.1 Literature Review of the Filled Function

In 1983, Ren Pu Ge conferred the concept of the filled function method [4]. His
idea was to construct an auxiliary function at the current minimizer point x;° so that
it would become a strict maximizer of that auxiliary function and its basin B be a
part of a hill of the auxiliary function [5].

Ge particularly purposed the filled function of f at a local minimizer x;; on A as
follows:

— 1 llx — xFl?
(x,x;, B, 1) = ,3+—f(x)eXp _, 5.2)

2

where B and t must be chosen properly. In 1987, Ge [17] developed the filled
function (5.2) such that rewritten as:

o I I — ¥
()C,.Xk,,B, T) = mexp —_— . (53)

2
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In the same period of time, Qin and Ge [17] introduced a series of filled functions
that led to a great leap in the optimization field:

FF(x, x5, B,7) = —t*In[B + f(x)] — Ilx — x} 1%, (5.4)

FFy(x,x}, 8, 7) = =22 In[B + f(x)] — llx — x}1I, (5.5)

Q1 (x,x},a) = [f(xf) — f()]exp (allx — xF11%), (5.6)

Q2(x, x5, a) = [f(x{) — f(x)]lexp (allx — x{|D. (5.7)

Ei(x,xf,a) = 2al f(xF) — fOI(x — x§) — Vf(x), (5.8)
* * (x — x;:)

Ex(x,xf,a) = al f(x}) — f(x)]—2= — Vf(x). (5.9)
llx — x|

In 1999, Wu [41] postulated that the filled functions (5.8) and (5.9) failed to exist
for the general objective function f(x) and for x € R?. Moreover, it is obvious
that (5.6) and (5.7), nevertheless, result from the related numerical problem, Wu
proposed the following filled functions:

Ux, xg, p) = [f () — fFOIUx — xF17+ 17, (5.10)
Ux, xi, p) = —[f(x) = fOIlx — x ] + DP, (5.11)

where p > 0 is a sufficiently large natural number. In 1992, Sheng and Wang [24]
proposed the following filled function:

K(x,x* B,7) =In <;+1) exp <—M> (5.12)
e B+ fx) z

This was another variant of (5.2). In fact, the majority of filled functions proposed
in 2000 were simply varied or generalizations of (5.2) and (5.6). In 1994, Zuang [6]
generalized (5.2) and proposed the following filled function:

. b — 7|
Di(x.xf, B.1) = H(+ f()exp (———= ). (5.13)

where H is a twice continuously differentiable, strictly decreasing function which
satisfies [H'(1)]?> < H(A\)H")(1), for all A > 0. In 2001, Xu et al. [20] developed
the filled function at (5.11) and produced the next two filled functions:

Dy (x, xi, B,a) = ¢(B+ f(x)) explan(llx — xg )], (5.14)

D3(x, xi,a) = =Y ([f (x) — f)D exp (an(llx — xg19)), (5.15)
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where « > 0 and a satisfy some conditions and the functions ¢, n and ¥ as well as
the parameter 8.

Lately, Xu et al. [20] qualified their filled function (5.15) and suggested the
following filled function:

Dy(x, x,a) = —¢(f(x) — f(xp) —agp(lx —x(1%), a(=0)€Z,  (5.16)

where the function ¢ and ¢ satisfy some conditions. Another modification of (5.6)
was inferred via Kong [19] in 2000, thus

P(x,x{,a) = —In[f(x) — f(x{) + Llexp (alx —x,f||2), 5.17)

where a > 0 is sufficiently large.

Recently, several researchers have persisted in introducing a number of auxiliary
functions, some of which can be classified as filled functions. In 2012, Sahiner A.,
and Gokkaya, H. constructed a filled function for non-smooth global optimiza-
tion [21]. In 2017, Sahiner et al. introduced a new methodology for modeling the
given data and finding the global optimum value of the model function [22]. In 2018,
Sahiner, A., and Shehab, S. introduced a new global optimization technique based
on the directional search for unconstrained optimization problem [23].

5.3.2 A New Auxiliary Function and Its Properties

In order to find a global minimizer of the objective function f, the main subject
of the auxiliary function method is to obtain the lowest minimizer of f or verify
whether the concerned local minimizer is a global minimizer of f. This gradually
relies on the execution of the auxiliary function.

In this section, we introduce a new auxiliary function for the problem (5.1) at the
current local minimizer x;/, for that, we first suggest the function:

H (x, xp) = min{f (x), f(x;)}.

The function H (x, x;) is eliminating the local minimizers which are worse than the
best one obtained so far. By using this function, we can decrease the number of local
minimizers, which will be extremely essential to the optimization algorithms. It is
evident that for Vx € A, the function H (x, x,’: ) has the two properties:

Lo H(x,xp) = fO)if f(x) = f(xp),
2. Hx,x) = f(x) if f(x) < f(xp).

The function H(x, x;) can be rewritten by using a multiplication with a piecewise
function Yy, (t) as the following:

H(x, xp) = f) + (f () = f()) Dy (1), (5.18)
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where %, = {x e R" : f(x) < f(x})} and D, (t) : R" — R can be defined as:

1, >0

5.19
1132, t < 0. -19)

Doy, (1) = {

To make the function H (x, x;’) smooth, it is sufficient to make %y, () smooth, for
this, the continuously differentiable functions 7 (¢, 8) and n» (¢, 8) were created by
omitting the parameter u from the Bernstein basis polynomials as follows:

2(35-9)°
k) 2p-4 =3 4 ’
ni, B) = T+2y1+ﬁ+l — +5tn-1),
10 10
and
_ 3 41 ? 3 9 2
m(t, B) = (y4 Iy, + 7 24 ya+2),
where
%
G- 9’ ' ! Gp- 93 2,
y1= - + - +»n y3 =2
27(ﬁ—%)3 2,3—% <2,3—% 27(5_1)3 ) 3

1
56 5t 5\2 27 5t 58 5\°
y4_(\/<2+2+8) +64_2_2_8>'

Figure 5.1 shows the behavior of the functions 11 (¢, 8) and n2(¢, B).
The function H (x, x;:) after smoothed %y, (t) becomes

Hx,x{) = &) + (f &) = F&) Doy 8, B), (5.20)

where .@a;/k (t) is a smooth function that can be defined as the following form based
on 11 and n;:



5 Escaping from Current Minimizer by Using an Auxiliary Function 95
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Fig. 5.1 Curves with blue color represent the behavior of the functions n; (¢, 8) and n,(z, B).
Together they offer the smooth version of 24, () (with the red color) after being smoothed using
Bezier curves

1, t >0,

7’1([7.3), OZt> _ﬂv

7)2(% ﬂ)’ _/3 2 t > _05 _/35
1, t <-0.5-58,

Do (t, B) = (5.21)

where t = f(x) — f(x}) and B > 0.

Lemma 5.1 Suppose that x; is a local minimizer of f(x), we have
lim H (x, x}, B) = H(x, x}).
B—0

During the elimination process by the function H (x, x}), there will be a lot of lost
information that because of the flatland as a result of eliminating the local minimizer
higher than the best one obtained so far. This causes the inability to move from
the current local minimizer to a better one which requires appending an additional

function ¥ (p) to the auxiliary function H (x, x5, B). Examples of the function v/ (p)

in the literature, ¥ (p) = pim, (m > 1); ¥(p) = m; v(p) = arctalnw); and

—lx—x; 12 5 x
——*k— ] as a term of H(x, X B).

T

Y (p) = exp(p). Therefore, we added exp (

Thus, H (x, x,f, B) in its final form become as follows:

_ %2
A xp Bor) = FO) + (F) — FGD) Tt B) + exp ( i

(5.22)

Based on what has been explained above, the auxiliary function H (x, x,f, B, T) can
be redefined as follows:
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Definition 5.4 H (x, x;:, B, 7) is called a filled function if it achieves
1. H(x, x;, B, 7) has at least one local minimizer x;,
2. H (x, x,’:, B, 7) has no stationary point in the set

A=l fGf) < fQ).x € A/,

3. H(x, x;, B, T) has a minimizer in the set:

Ay ={x: f(x) > f(x), x € A},

if x;* is not a global minimizer of f(x).
Theorem 5.1 Suppose that xj/ is the current local minimizer of f (x), then x; is the
local maximizer ofI:I(x, x,f, B, 7).

Proof Since x} is the current local minimizer of f (x), then there exists a neighbor-
hood § = Q(x{,0) of x; and o > 0 such that f(x) > f(x;) forall x € & and
x # xj/, then

" —[lx—x} 2
A xf . 1) _f("k”e"p( & )

_ = < 1.
H(xi, xi, B, ©) fp) +1

Therefore, we have
H(x, x}, B, t) < Hix}, x}, B, 7).

Thus, x; is a local maximizer of H(x, x5, B, 7).

Theorem 5.2 Suppose that f is continuously differentiable function. If x}| is a local
minimizer of f, then H (x, xi, B, T) has no stationary point for x € Ay.

Proof In the case of t = f(x) — f(x};) > B, we have

e —llx — P
Hx,xi, B, 1) = f ) +exp | ———— |,

For any x satisfying f(x) > f(x}), and x # x; we have

- X —x; —llx — x*|?
VHy(x,x,f,ﬂ,t):—Z( k)exp< | Al )
T

T

Therefore, VH (x, x5, B, 1) # 0. Consequently, H (x,x;, B, ) cannot have a
stationary point for x € Aj.
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Theorem 5.3 Suppose that x; is a local minimizer of f(x), but not a global
minimizer. Then there exists a point X € Ay, such that X is a local minimizer of
H(x,x;, B, 1).

Proof First of all, we will prove that the function H (x, x,f, B, T) contains a local
minimizer point. For this, assume that f has a local minimizer point x;, ; lower
than x;". Then, we achieve that the subset I" = {x : f(x}) > f(x),x € A} is not
empty, and because of the continuity and boundedness of f, the subset I is closed.
Then H (x, x,f, B, T) has a local minimizer on I".

Now, suppose that x; ; is a local minimizer point of f lower than x}, and ¥ is

the local minimizer of H (x, x;, B, 7), then the gradient of H(x, x}, B, 7) is equal

to zero. Therefore,
—llx — x|1? .
exp — + f(x)=0

—[lx—x;?
1_.2

o —~flx — xf|?
X =x)Vf(x) =& —x;) | —exp - > 0.

Since both vectors (x;, | — x;) and (X — x}) are almost equal for a small value for
the real parameter a and [|x, ; — x|l < [[¥ — x} ||, we can understand that they are

accordingly, — exp ( ) = f(x). Thus, we can write

—llx— xk I

in the same direction. This confirms that (x — xk)( exp (——*—)) >

Algorithm

Step0. Letk =0,7 =0.5,8=0.5,¢ =0.001 and select an initial point xg € A.
Step 1. Let M be the number of directions di fork =1,2,3,....., M.

Step 2. Construct the one-dimensional function Y (6) = f(xo + 0dy).
Step 3. 1. From any starting point 6y, find a local minimizer 9,{ for Y (0) and select
A=-—1.
. Construct the auxiliary function Hg (CR 9 , B, 1) at GJ
. Beginning from 6y = 9’ + A€, find the minimizer 6y of Hg 0, Oj B, 1).
If6y € A, goto(5.5); 0therw1se go to (5.7).
. Beginning from 6, minimize Y (0) to find 9,{ 1 lower than 9,{ and go to (5.6).
166/ € A, put6] =6/ and go to (5.2).
7. If A = 1, stop and put 9,;* = 9,{ ; otherwise, take A = 1 and go to (5.3).
Step 4. Using X; = xo + 6, dy, calculate ;.

(< Y I VSR )



98 A. Sahiner et al.

Step 5. Using X as the initial point, find x* of the function f(x).

Step 6. If k < M, let k = k + 1; create a new search direction di1, and go back
to Step 2; otherwise, go to Step 7.

Step 7. Select the global minimizer of f(x) which is determined by

Fx*) = min{f ()L,

5.4 Numerical Experiments

In this section, we present some examples to test the numerical experiments to
illustrate the efficiency of the algorithm. MATLAB was used to code the algorithm,
and the directional method was used to find the local minimum points for the test
problems. From the experimental results, it appears that the algorithm works well
and did not prove any important performance variations. The stopping criterion for
the algorithm was ||V f|| < 10™*. The test functions for the numerical experiments
were obtained from [35, 8, 22-24] as presented below:

Problem 1 (Two-Dimensional Function) This two-dimensional function appears
in article [5]. It is defined as

min f (x) = (1 = 2x + csin(d7x2) — x1)% + (x2 + 0.5sin(27x1))?,
xeR”?

the problem has several local minimizer and many global minima with f(x*) = 0
in the domain [0, 10] x [—10, 0]. We began from the initial point xo = (1.5, 1.5)
forc =0.2,x9 = (2.4,2.4) for c = 0.05, and from xp = (—1.3, —1.3) forc = 0.5
and we used a directional search method to minimize the objective function f. The
problem has three local minimizer, one of which is the global minimizer at x* =
(0, 0) with f(x*) = 0. The proposed filled function method achieved recognizing
the global minimizer. The time to reach the global minimizer was 0.763825 seconds.
The problem was tested for ¢ = 0.2, 0.05, and 0.5, respectively. The detailed results
are listed in Tables 5.1, 5.2, and 5.3.

Problem 2 (Three-Hump Camel Function)
6
: 2 4, % 2
min f(x) = 2x7 — 1.05x] + — + x1x2 + x5,
xeRn 6

the global minimizer is x* = (0, 0) with f(x*) = 0. Table 5.4 lists the numerical
results obtained for Problem 2.
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Table 5.1 Results obtained for Problem 1 with ¢ = 0.2

k X S Gxx) xi &)

1 1.5000 14.5000 —1.6756 0.6688
1.5000 0.9180

2 1.1000 5.1010 10175 2.4568 x 10714
1.1000 0.0548

3 0.7000 2.3471 0.4091 6.7978 x 1014
0.7000 0.2703

4 0.3000 0.0311 0.4091 1.3487 x 10715
0.3000 0.2703

Table 5.2 Results obtained for Problem 1 with ¢ = 0.05

k Xk f ) x @i

1 —1.3000 24.9786 —0.7300 0.1022
—1.3000 0.7934

2 —1.4000 28.7603 0.1487 1.332 x 10713
—1.4000 0.4021

Table 5.3 Results obtained for Problem 1 with¢ = 0.5

k X S () xy fGp)

1 2.4000 48.9984 —2.7229 1.0019
2.4000 1.3765

2 19000 31.5993 1.0568 2.6366 x 1013
1.9000 0.1746

3 1.4000 14.7330 —2.7229 1.0019
1.4000 1.3765

4 0.9000 6.1583 1.0000 1.9637 x 10714
0.9000 0.0000

5 0.4000 0.4676 0.1026 2.7425 x 10~15
0.4000 0.3005

Problem 3 (Six-Hump Back Camel Function)
1
min f(x) = 4x% — 2.1xi‘ + —)cl6 — X1x2 — 4x§ + 4x§,
xeR” 3

the global minimizer is one of the points (0.089842,0.71266) or (—0.089842,
—0.71266) with f(x*) = —1.031628 in the domain [—3, 3] x [—3, 3]. Table 5.5
lists the numerical results obtained for Problem 3.
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Table 5.4 Results obtained for Problem 2

k Xk f () xf
| —0.3000 0.1716 —0.1190
—0.3000 —0.5363
) —0.5000 04370 —0.0279
—0.5000 —0.5301
3 —0.7000 07475 0.2619
—0.7000 —0.0793
4 —0.9000 10197 —0.0139
—0.9000 —0.2612
Table 5.5 Results obtained for Problem 3
k Xk S (k) xy
1 —05000 -0.1260 h
—0.5000 —
Table 5.6 Results obtained for Problem 4
k Xk f(xr) xf
| —0.9000 12970 0.0579
—0.9000 —0.2486

2.1901

» —1.1000
—1.1000

Problem 4 (Treccani Function)

min f(x) _xl +4x1 +4x1 +x2,

xeR”

007
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fxf
2.5215 x 10713

2.6774 x 10715

1.2266 x 10715

6.4964 x 10714

fOxf
—1.0316

fG)
7.5233 x 10716

9.6088 x 1015

it is clear that the global minimizers are (—2,0) and (0, 0) with f(x*) = 0 in
the domain [—3, 3] x [—3, 3]. Table 5.6 lists the numerical results obtained for

Problem 4.

Problem 5 (Goldstein and Price Function)

min f(x) = g(x)h(x),
xeR"

where

g(x) =14 (x1 + x2 + 1)2(19 — 14x; + 3x7 — 14xp + 6x12x2 4 3x39),
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Table 5.7 Results obtained for Problem 5

k Xge S () xy fGh)
1 —1.5000 1.1186 x 10% 0.0000 3.0000
—1.5000 —1.0000
Table 5.8 Results obtained for Problem 6
k Xk S () xf fGh)
1 —4.3000 716.4200 10000 1.4771 x 10713
—4.3000 3.0000
Table 5.9 Results obtained for Problem 7
k X S ) Xt fah)
—34.2000 6.0000
—34.2000 10.0000
| —34.2000 1.5860 x 1003 12.0000 50,000
—34.2000 12.0000
—34.2000 10.0000
—34.2000 6.0000
and

h(x) = 30 4 (2x1 — 3x2)*(18 — 32x1 + 12x] — 48x; — 36x1x2 + 27x3).

The global minimizer is (0, —1) with f(x*) = 3 in the domain [—3, 3] x [—3, 3].
Table 5.7 lists the numerical results obtained for Problem 5.

Problem 6 (Booth Function)

min f(x) = (x1 +2x2 — 7% 4+ (2x1 +x2 — 5)%,
xe n

the global minimizer is (1, 3) with f(x*) = 0 in the domain [—10, 10] x [—10, 10].
Table 5.8 lists the numerical results obtained for Problem 6.

Problem 7 (Trid Function)

n

n
min f(0) =) (i — 17 - gxixifla
i

i=1

the global minimizer is at f(x*) = —50 in the domain [—n?, n?]". Table 5.9 lists
the numerical results obtained for Problem 7.
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Table 5.10 Results obtained for Problem 8

k Xie S () X fG&])
~2.2000 —0.0316
~2.2000 0.0032
—2.2000 —0.0127
—2.2000 -0.0127
1 —2-2000 1.2181 —0.0316 3.8940 x 1076
~2.2000 0.0032
—2.2000 —0.0127
—2.2000 —0.0127
—2.2000 —2.2000
—2.2000 —2.2000
~2.4000 —0.0242
~2.4000 0.0024
—2.4000 —0.0075
—2.4000 —0.0075
2 —2-4000 1.4603 —0.0242 1.7654 x 1070
—2.4000 0.0024
~2.4000 —0.0075
—2.4000 —0.0075
—2.4000 —2.4000
—2.4000 —2.4000

Problem 8 (Powell Function)
. 4
min cge Z:il [(xai—3 + 10x4i—2)* + 5(xgi—1 — X41)* + (x4i—2 — 2x4-1)*
+10(x4i—3 — x41)%],

the global minimizer is (0,...,0) with f(x*) = 0 in the domain [—4, 5]".
Table 5.10 lists the numerical results obtained for Problem 8.

Problem 9 (Rastrigin Function)
n
;{2}1151 f(x)=10n + IXI:(x,-Z — 10cos(2m x;)),
1=

the global minimizer is (0, .., 0) with f(x*) = 0 in the domain [—5.12, 5.12].
Table 5.11 lists the numerical results obtained for Problem 9.
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Table 5.11 Results obtained for Problem 9

k Xie S () xi fxf
—0.5200 —0.9950
—0.5200 —0.9950
—0.5200 —0.9950
—0.5200 —0.9950
1 —0.5200 201.9155 —0.9950 9.9496
—0.5200 —0.9950
—0.5200 —0.9950
—0.5200 —0.9950
—0.5200 —0.9950
—0.5200 —0.9950
—0.0200 —0.6942
—0.0200 —0.6942
—0.0200 —0.6906
—0.0200 —0.6942
2 ~0.0200 0.7925 —0.69421 158 1.2790 x 10713
—0.0200 —0.6942
—0.0200 —0.6942
—0.0200 —0.6942
—0.0200 —0.6942
—0.0200 —0.6942

5.5 Conclusion

In this paper, we introduced a new algorithm which has the ability to convert
the objective function into a one-dimensional function using an auxiliary function
smoothed with the assistance of Bezier curves, followed by finding the global
minimizer of the given objective function. MATLAB program has been used to
obtain the numerical results to verify the effectiveness and efficiency of the proposed
method. Since the functions obtained by using the Bernstein polynomial are often
extremely long and complicated especially in the case of higher numbers of control
points, we applied the MUPAD program to improve and simplify those equations.
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Chapter 6 )
A Modified Laguerre Matrix Approach oo
for Burgers—Fisher Type Nonlinear

Equations

Burcu Giirbiiz and Mehmet Sezer

6.1 Introduction

Nonlinear partial differential equations play an important role in the study of
nonlinear physical phenomena [5-15, 17-22, 24-29]. Especially, Burgers-Fisher
and related equations play a major role in various field of science such as
biology, chemistry, economics, applied mathematics, physics, engineering, and so
on. Burgers—Fisher equation is an important model of fluid dynamics which is of
high importance for describing different mechanisms such as convection effect,
diffusion transport or interaction between the reaction mechanisms [9].
Specifically, Burgers—Fisher equation considers the effects of nonlinear advec-
tion, linear diffusion and nonlinear logistic reaction which describes a nonlinear
parabolic mathematical model of various phenomena [23, 41]. This type of equation
is a highly nonlinear equation which describes the combination of reaction,
convection and diffusion mechanisms [34]. This equation is called as Burgers—
Fisher since it combines the properties of convective phenomenon from Burgers
equation and diffusion transport as well as reactions related to the characteristics
from Fisher equation [2]. In this regard Burgers equation is useful since it models
the convective and diffusive terms in the physical applications such as a fluid
flow nature in which either shocks or viscous dissipation. It can be used as a
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model for any nonlinear wave propagation problem subject to dissipation [15, 17—
22, 24-30]. It was particularly stressed by Burgers (1948) as being the simplest
one to combine typical nonlinearity with typical heat diffusion. Accordingly, it is
usually referred to as Burgers equation [7]. Burgers equation is used to demonstrate
various computational algorithms for convection-dominated flows [40]. Fisher
equation was proposed by Fisher in 1937 which is another very important nonlinear
diffusion equation [36]. The Fisher equation is evolution equation that describes the
propagation of a virile mutant in an infinitely long habitat [14]. It also represents a
model equation for the evolution of a neutron population in a nuclear reactor [8] and
a prototype model for a spreading flame [26-33, 35-37].

The study of Burgers—Fisher type nonlinear equations have been considered by
many authors for conceptual understanding of physical flows and testing various
numerical methods [9]. Mickens gave a nonstandard finite difference scheme for
the Burgers—Fisher equation [28], A. Van Niekerk and F. D. Van Niekerk applied
Galerkin methods to the nonlinear Burgers equation and obtained implicit and
explicit algorithms using different higher order rational basis functions [35], Zhu
and Kang introduced the cubic B-spline quasi-interpolation for the generalized
Burgers—Fisher equation [46], Al-Rozbayani and Al-Hayalie investigated numerical
solution of Burgers—Fisher equation in one dimension using finite differences
methods [2], Ismail, Raslan and Rabboh gave Adomian decomposition method
for Burgers—Huxley and Burgers—Fisher equations [25]. Also, Ismail and Rabboh
presented a restrictive Padé approximation for the solution of the generalized Fisher
and Burgers—Fisher equations [24], Babolian and Saeidian [4], Wazwaz gave the
analytic approaches for Burgers, Fisher and Huxley equations [39], Chen presented
a finite difference method for Burgers—Fisher equation [10], Kheiri introduced an

application of the %—expansion method for the Burgers, Fisher and Burgers—Fisher
equations [26], Zhang presented exact finite difference scheme and nonstandard
finite difference scheme for Burgers and Burgers—Fisher equations [45]. Further,
Rashidi gave explicit analytical solutions of the generalized Burgers and Burgers—
Fisher equations by homotopy perturbation method [31].

In this work, we introduce a numerical scheme to solve Burgers—Fisher type
nonlinear equations using the modified Laguerre matrix method. Firstly, equations
and given conditions with respect to the collocation points are reduced to a system
of algebraic equations with Laguerre coefficients by putting them in the matrix
forms. To obtain the modified Laguerre polynomial solution of Burgers—Fisher
equations, we use the truncated Laguerre series. After considering the approximate
solutions we have the error analysis in order to show the accuracy and to have better
approximation, then the results are demonstrated by tables and figures.

The present study proceeds as follows: in Sect. 6.2, model description is
presented with details. In Sect. 6.3, we introduce the novel method used to solve the
Burgers—Fisher type nonlinear equations in one dimension. Error analysis is given
in Sect. 6.4. In the next Sect. 6.5, we apply a computerized approach for finding the
numerical solutions of the Burgers, Fisher and Burgers—Fisher equations. Finally,
some discussions and conclusions are given in Sect. 6.6.
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6.2 The Model

In this section, we introduce the model description of the Burgers—Fisher type
nonlinear equations. We deal with the different versions of the Burgers—Fisher
type nonlinear equations: singular perturbed generalized Burgers—Fisher equation,
Burgers—Fisher equation, Burgers equation and Fisher equation, respectively.

6.2.1 Singular Perturbed Generalized Burgers—Fisher
Equation

Singular perturbed problems occur frequently in various branches of applied science
and engineering; for example, fluid dynamics, aero dynamics, oceanography,
quantum mechanics, chemical reactor theory, reaction-diffusion processes, radiating
flows, etc. [33].

Here, we consider the time dependent singularly perturbed generalized Burgers—
Fisher initial-boundary value problem given by

ur +ouluy = eugy + pu(l —u’), 0<a<x<b, t>0, (6.1)
with initial condition
ux,0)=¢x), xe2=0=<x<Db) (6.2)
and boundary conditions as
u©,t)= f(), t >0
ul,t) =g@), t=0

(6.3)

overadomain D = 2 x7T = (0 <x <b)xt > 0, where «, B and § are parameters
such that«, 8 > 0, 6 > 0 and ¢ is the singular perturbation parameter (0 < ¢ < 1).

6.2.2 Burgers—Fisher Equation

The Burgers—Fisher equation has a wide range of applications in plasma physics,
fluid dynamics, capillary-gravity waves, nonlinear optics and chemical physics [11].
The Burgers—Fisher equation can be described by Eq. (6.1) for § = 1. In this case,
u represents travelling wave phenomena, u,, corresponds to diffusion term, ¢ is
the diffusion coefficient, @, B and ¢ are parameters satisfying o, 8 > 0, ¢ > 0
and 0 < ¢ < 1. Keeping other parameters fixed, when ¢ — 0, Eq. (6.1) becomes
singularly perturbed problem [33]. Here, in particular, we consider Eq. (6.1) for
6 = 1 and ¢ = 1. Then Eq. (6.1) reduces to the Burgers—Fisher equation:

ur +ouy =uyx +Pu(l —u), 0<a<x<b,t>0. (6.4)
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6.2.3 Burgers Equation

Burger, in 1948, placed Burgers equation as significant model of one-dimensional
turbulence which defines nonlinear acoustics waves in gases. Moreover, it describes
the spread of sound wave and heat exchange in the medium with viscidity. Besides,
Burgers equation with variable coefficient describes the cylinder and spherical wave
in these questions such as overfall, traffic flow model and so on [11, 12, 14, 15, 17—
22, 24-33]. The Burgers equation is a particular case of Eq. (6.1) for§ =1, ¢ =1
and 8 =0, 1i.e.,

U +auy =uyy, 0<a<x<b, t>0. (6.5)

6.2.4 Fisher Equation

Fisher, in 1937, proposed in his paper the Fisher equation which describes spatial
spread of an advantageous allele [33]. Besides having 6 = 1 and ¢ = 1 in Eq. (6.1),
we also have o = 0. Then we reduce Eq. (6.1) to the Fisher equation, i.e.,

up =uxy +pu(l—u), 0<a<x=<b,t>0. (6.6)

6.3 The Method

In this work, the modified Laguerre matrix-collocation method is presented and
applied on singular perturbed generalized Burgers—Fisher equation, Burgers—Fisher
equation, Burgers equation and Fisher equation, respectively. The method is based
on truncated Laguerre series

N N
w(e, 1) =YY" anmLnm(x, 0, (6.7)

n=0m=0
Lym(x,t) = L,(x)Ly (1), 0<a=<x,t<b<oo

where a,,n = 0, 1,..., N are unknown coefficients to be found and L,(x) and
L, (t) are the Laguerre polynomials [1-5, 7-12]. We define Laguerre polynomi-
als as

n

-1 k m -1 k
Ly(x) = Z%(Z);ck Loty =31 k!) (Z)r". (6.8)

k=0 k=0
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and the collocation points are defined by

. T, ..
xi:ﬁl’ tjzﬁj, i,j=0,1,2,...,N. (6.9)

Now, let us define the matrix form of Eq. (6.1) by using the matrix form of the
solution function (6.7)

[u(x,1)] = L(x)L(H)A, (6.10)
where

L(x) =[Lo(x) Li(x) --- Ly(x)],

L#) 0 -~ 0
_ 0 L&)--- 0
L) = . .o ) ,

0 0 - L@

T
A = [ago ao1 -+~ aon -+ ano an1 -+~ ann | -

Then we use the relation (6.8) and we define matrix forms of L(x) and L(z) as
[19-21].

L(x) = X(x)H
L) = X(n)H, 6.11)
where

X(x)z[lxl ...xN], X(l‘):[ltl "~IN],

[0 (0 0 (1) =0 (2) e (N

0! 0 0! 0 0! 0 0! 0

o e} e (2 ! (N

1! 1 1! 1 1! 1

H= (=1? N
0 0 2! ( 2! 2
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X(t) = diag [X(t) X(t) --- X(1) ],
ﬁ:diag[HH-~-H].
We also show the relation between the matrix X(x) and its derivatives as

X'(x) = X(x)B,
X" (x) = X(x)B?,

where
010---0
002---0
B=|: @t
000---N
000---0

Also, by using the matrix relations

L(x) = X(x)H = X(x) = L(x)H™!

L'(x) = X'(x)H = X(x)BH, (6.12)
we have
L'(x) = L(x)C
L' () =L#)C, (6.13)
where
0—-1-1---—1
00 —1---—1
C=H'BH= F
00 0 ---—1
00 0 -0

C = diag[CC...C].

We also have the following equations by using (6.11)—(6.13):

L’(x) = L'(x)C = L(x)C?

') =L ()C=L1)C. (6.14)
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Therefore, from the relations (6.10)—(6.14):

[u(x, )] = L(x)L(HA
[uy(x,)] = L'(x)L(1)A = L(x)CL(H)A
[ty (x, )] = L”(x)L({#H)A = L(x)C?L(H)A

[u; (x, )] = L)L (1)A = L(x)L(t)CA.

On the other hand, we also have

[12(x. 1)] = L)L) L)LOA

W3 (x. 0] = LeOLOLWLOLEOLOA,

where
T
Ai:[a,oall a,N] ,i=0,1,...,N,
T
A=[AgA - Ay]
T
:[aoo...a()Nalo...alN...aNo...aNN] .
Kl' = [aioAai1A~-~aiNA]T, i=0,1,...,N,
— — — — a7
A=[ OAI AN] )
Ki = [a,oK a,ﬁ a,-NK] ,1=0,1, , N,
- = = = T
A= [Ao A - AN]
Furthermore,

[y (x, Du(x, t)] = L(x) mathbf CL(t)L(x)

=11

(HA

[, (. D2 (r. 1)] = L) CL(OLOOL() L)L) A,

Now, we organize Eq. (6.1) as

u,—l—auxu‘s—euxx—ﬁu—i—ﬁu‘sﬂ:O, O0<a<x<b,t>0.
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(6.15)

(6.16)

(6.17)

(6.18)

(6.19)

(6.20)

(6.21)

(6.22)
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Then we replace the matrix relations (6.10), (6.16) and (6.17)—(6.21) into
Eq. (6.22) for § = 2 and we have

{L(x)L(#)C—¢L(x)C’L(t) — BL(x)L()}A

+{aL(x)CE(t)f(x)E(t)f(x)f(t) (6.23)

+ALOLOLWLOLM)L@))A = [0].
For § = 1, we obtain

{L(x)L(1)C—¢L(x)C*L(t) — BL(x)L(1)}A

= = (6.24)
+{oL(x)CL(#)L(x)L(t) + BL(x)L(1)L(x)L(t)}A = [0].
From (6.23) and (6.24), concisely, we have
W(x, DA + W*(x, A = [0], (6.25)
W(x, )A + W (x, 1)A = [0]. (6.26)

Similarly, we use the procedure for initial and boundary conditions in (6.2)—(6.3)
fori,j=0,1,...,N:

[u(x, 0)] = L)L(0)A = [¢(x)] = A
[4(0, )] = LOLMOA = [f(1)] = n (6.27)

[u(d, )] = LOL®A = [g()] = .

Now, we consider the collocation points in Eq. (6.9) and replace in Eq. (6.25)
and in Eq. (6.26):

W(x;, tj)A + W*(x;, l‘j)K =0,
W(xi, 1)A + W™ (x;, 1;)A = 0.
Briefly, the fundamental matrix equations can be defined as

WA + WA =0 = [W; W* . 0], (6.28)

WA + WA = 0 = [W; W™ : 0]. (6.29)

Also, we use the collocation points in Eq. (6.9) and replace in Eq. (6.27):
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[u(x;, 0)] = L(x))LO)A = [¢(x)] = 1;
[1(0,1))] = LOOL()A = [f(t)] = 1 (6.30)
[u(l, ;)] = LOLE)A = [g(t)] = y;

or in the short form:

UA =[A]; [U:2],
VA = [u]; [V:pul,
ZA =1y} [Z:y].
Then we organize the augmented matrix in the new form by removing the last
rows of (6.28) and (6.29). So, we get
[ W; W : 6],
[ W; W 6].
Lately, the augmented matrix form systems are solved by Gaussian elimination.
Then the unknown Laguerre coefficients are computed [22]. Thus, the approximate
solutions, u(x,1), 0 <a <x < b, t > 0, for the singular perturbed generalized

Burgers—Fisher and Burgers—Fisher equations are found in the truncated Laguerre
series form as following:

N N
W, ) Zun (e, 1) =Y > apmLnm(x,1). (6.31)
n=0m=0
In a similar way, we can generalize the method by having § = 1,2, ..., n. Also,

in order to find the approximate solution of Burgers equation for 6 = 1, ¢ = 1 and
B =0, Eq. (6.5), we repeat the process. Correspondingly, the approximate solution
of the Fisher equation, Eq. (6.6), can be found by following the same procedure for
d=1lande =1.

6.4 Error Analysis

In this section, the error estimation for the Laguerre polynomial solution (6.7) is
given which shows the accuracy of the method. We define error function x = x, t =
ty €[,01x[0,T], £&,n=0,1,...
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EN(xps tq) = | u(xp, tq) - (MN)t(xps tq) - a(uN)a(xpv tq)(uN)x(xpv tq)
+eUN) ox (Xps 1g) + BUN) (Xp, 1) (1 = (un)’ (xp, 1g)) |20,
where Ey (xp, ;) < 10k = 105, (k is a positive integer) is prescribed, then
the truncation limit N increased until difference Ey (x,, #;) at each of the points

becomes smaller than the prescribed 10X, Furthermore, we measure errors with
respect to different type of error norms which are defined as follows:

1. For Ly; En(xp, 1) = (X{_(e)®)'/?
2. For Loo; EN(xp,1q) = Max(e;), 0<i <n

Yt e?

3. For RMS; En(xp, ty) = PR

where RM S is the Root-Mean-Square of errors and ¢; = u(x;, t) — uu(x;, T); also
u is the exact and u is the approximate solutions of the problem. Also, t and ¢ are
arbitrary time variables in [0, T'] [1].

6.4.1 Residual Error Estimation

Here, we consider the Burgers—Fisher equation to show its residual error estimation
technique based on modified Laguerre collocation method [18]. We consider
Eq. (6.1) related to operator L and we have

Llu(x,t)] = uy; +au‘3ux — euxy — Bu(l —u‘s) =0, 0<a<x<b,t>0.

Then, we define the residual function of the modified Laguerre collocation
method as

Ry(x,t) = Lluy(x,1)],

where u (x, t) is the approximate solution obtained by modified Laguerre colloca-
tion method with conditions (6.2)—(6.3). Hence, this satisfies the problem

Wn)r +ouy)’ uy)y — en)rx — Bun)(1—wn)’) = Ry(x, 1),
O0<a<x<b, t=>0,
with the conditions
un(x,0) =¢(x), x e 2 =(0<x <b)
un(0.1) = f(t), t >0
un(.1) = g(), t = 0.
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We have defined the error function as ey = wu(x,t) — upn(x,t) with the
homogenous conditions

Lley(x,0)] = Llu(x, )] — Llun(x, )] = —Ry(x, 1)

then the error problem can be defined as

(en)r +alen)’(en)s — e(en)x — Blen)(1— (en)?) = =Ry (x, 1),

0< a<x<b,t>0.

en(x,00=0, x e 2=0=<x<b)
en(0,1)=0,t>0
en(l,t) =0, t > 0.

By solving this problem with the introduced technique, we find the approxima-
tion to ey (x, 1) by

N N

en m(x, 1) = Z Z an wLnm(x,t), M > N.

n=0m=0

Also, we have the improved Laguerre polynomial solution as

uy p(x, 1) =un(x, 1) +enmx,1).

Thereby, the corrected error function is

enu@, ) =en(x, 1) —enp(x, 1) =u(x,t) —uy p(x,1)
where en a(x, t) is the estimated error function [43].
Algorithm

¢ Step 0. Input data: 8(¢) and (). Determine the initial and boundary conditions.

e Step 1. Set N where N.

¢ Step 2. Construct the indicated matrices.

¢ Step 3. Define the collocation points x; = %i, tj = %j, i,j=0,1,2,...,N.

* Step 4. Compute [W; W* : 0].

e Step 5. Compute UA = [A]; [U: 7], VA= [u]; [V:ul, ZA =1[y]; [Z: y].

¢ Step 6. Construct the augmented matrix [W: W : 0]

¢ Step 7. Solve the system by Gaussian elimination method. Print A.

» Step 8. Replace the elements a,, , from Step 7 in the truncated Laguerre series
form.

¢ Step 9. Output data: the approximate solution uy (x, ).

¢ Step 10. Construct u(x, t) is the exact solution of (1).

« Step 11. Stop when |¢;| < 107% where k € Z*. Otherwise, increase N and return
to Step 1 [16, 21].



118 B. Giirbiiz and M. Sezer
6.5 Numerical Results

In this section, we introduce numerical examples to show the accuracy of the
method.

Example 6.1 Firstly, we consider the generalized singularly perturbed Burgers—
Fisher equation in Eq. (6.1) for § = 1 and also for the specific parameter values
of ¢ = 0.01, B = 0.01 together with the initial condition [33]

1 1
u(x,0) = 3 + Etanh(Ol,x), 0<x<l1
and boundary conditions
1 1
u(0,1) = 5 + Etanh(O —601621), t >0

1 1
u(l,t) = 3 + Etanh(el —60162t), t >0

and the analytic solution is given by

11
u(x. 1) = 3 + 5 tanh(6rx — 61620).

where 6; = —% and 6, = % + % [45]. Also, ¢ = 1 has been chosen and we may

see the difference between exact and approximate solutions for N =4 and N = 6in
Figs. 6.1, 6.2 and 6.3, respectively. In Table 6.1. the maximum absolute errors of the
present method and the other methods such as variational iteration method (VIM),
lattice Boltzmann method (LBM) and Adomian decomposition method (ADM) have
been shown fora = 8 =0.01,e =1, =1and x = 0.1, 0.5 and 0.9.

Example 6.2 Now, we consider the Burgers—Fisher equation in Eq. (6.4) for the
specific parameter values of « = —1, B = —1 together with the initial condition

( O)_———I——ltanh(—) 0< r<1
b 2 2 I 9 —_— K —_—
u(x X
is given. Also, the exact solution of the problem is u(x,t) = —21 + —21 tanh (—1 + —fgt)

[32, 33,35-38]. In Table 6.2, the comparison has been given between absolute error
functions E; and E4 and the estimated absolute errors for E 4 and E4 6.

Example 6.3 We simulate Burgers Equation in Eq. (6.5) with the initial-boundary
value problem [45], fora =1, B =1
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Exact Solution

0.503 -,
0.502
20.501 4
S
0.5.

0.499 |

0.498 |

Fig. 6.1 Exact solution for Example 6.1

N=4

x 10
5.0006 -,

5.0004 4

5.0002

u(x,t)

54

0.49998 -

0.49996 -
1

Fig. 6.2 Approximate solution of N = 4 for Example 6.1

1
50 = T x> 0<
u(x, 0) 1+ exp()

1
0,))=—, 0<t
u(0.1) 1 +exp(Fh)
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Fig. 6.3 Approximate solution of N = 6 for Example 6.1

x 107

5.0003

5.0002 -

u(x,t)

4.49999

4.49998

5.0001 -

5.

1

N=6

B. Giirbiiz and M. Sezer

Table 6.1 Comparison of the maximum absolute errors of Example 1 [33]

t

X
0.1
0.5
0.9

Present scheme

2.007 x 1076
5.180 x 10~°
4.999 x 10~8

LBM

1.080 x 10~*
0.325 x 1074
1.730 x 10~*

VIM

1.780 x 1078
5.290 x 1079
7.280 x 1077

ADM
1.780 x 1078
5.290 x 10~°
7.280 x 10~°

Table 6.2 Comparison of the actual and estimated absolute errors for N =2 and 4 and M = 4

and 6 of Example 6.2

X t E>

0.0 0.0 1.027 x 1073
0.1 0.1 1.865 x 1073
0.2 0.2 3.095 x 1073
0.3 0.3 6.208 x 10~*
0.4 0.4 3.644 x 1074
0.5 0.5 1.159 x 10~
0.6 0.6 4380 x 1074
0.7 0.7 4.653 x 1072
0.8 0.8 6.849 x 1072
0.9 0.9 7.605 x 1074
1.0 1.0 3.032 x 1074

Ejq

1.001 x 1073
2352 x 1074
7.697 x 1074
5.862 x 1074
3.732 x 1074
1.029 x 10~
5.905 x 1074
5.050 x 1073
3.037 x 1073
8.402 x 1077
1.130 x 1073

Ey

4501 x 1073
4.602 x 1073
9.493 x 1070
7.288 x 1076
5.162 x 1076
5.200 x 1076
4.338 x 107°
3.451 x 1077
7.050 x 1077
6.009 x 1076
4.011 x 1076

E46

1.030 x 107©
1.905 x 10~6
3.662 x 1070
4335 x 1076
3.702 x 10~¢
2.906 x 107°
2.025 x 107°
2.771 x 1077
1.906 x 10~7
5.082 x 1077
6.005 x 1077
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Table 6.3 L), Lo, and RMS L, Lo RMS

errors for N =3 andr = 0.2 a = - 3
of Example 6.3 1 10.7560 x 10 0.5247 x 10 0.1000 x 10
2 10.1164 x 107> 0.3791 x 107* | 0.1502 x 103
3 10.1550 x 10™* |0.5467 x 1073 | 0.6855 x 10~*
4 10.8259 x 1073 | 0.7795 x 1073 |0.1752 x 1073
5 10.4643 x 10~* | 0.5467 x 1072 | 0.2916 x 107
']I\‘]able26.4d ;PU Zimfs for Wall clock time (s)
= Z an =40
Example 6.3 N=2 |N=4

195.288 | 353.98

u(l,f) = ————————
1+exp(3 — 5

In Table 6.3, error comparison between the norms L,, Lo and Root-Mean-
Square RM S have been demonstrated for N = 3 and t = 0.2. Moreover, a central
processing unit (CPU) has been shown on the Table 6.4.

6.6 Concluding Remarks

In this study, a modified Laguerre matrix-collocation method has been introduced
to solve Burgers—Fisher type nonlinear equations under the initial and boundary
conditions. An error estimation has been implemented by using the residual function
to improve the numerical solutions. This improvement has been shown on tables.
Approximate solutions have been obtained with different truncation limits, N and
M values. The implementations of the results can be seen from figures and tables.
As we can see the execution on tables and figures, the errors decrease when N and
M are increased.

Furthermore, comparison of the numerical results between the present tech-
nique and existed methods has been done. Meanwhile, applicability, efficiency
and reliability of the present method have been proved by illustrative examples.
A remarkable advantage of the method is that the approximate solutions are
computed very comfortably by using a well-known symbolic software such as
Matlab, Maple and Mathematica. Additionally, the calculation has been explained
by the algorithm and a table has been given to show CPU running time for the
computer programmes [17-22, 24-33, 35-44].

Consequently, in this study, such easily convenient and improved technique has
been analysed. The method can also be applied on many other real-world problems,
though some modifications are required [47].

Acknowledgements The authors would like to thank the referees for the helpful suggestions.
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Chapter 7 )
Increasing the Effects of Auxiliary Qe
Function by Multiple Extrema in Global
Optimization

Ahmet Sahiner, Shehab A. Ibrahem, and Nurullah Yilmaz

7.1 Introduction

Many real-life problems have been formulated as optimization problems. They have
been applied in many branches of real-life such as finance, portfolio selection,
medical science, data mining, etc. [1-4]. Global optimization constitutes one
important part of the theory of optimization. It has many application areas in
engineering such as electrical power distribution and design of space trajectories
[5, 6]. Global optimization is a very active research area because of the problems
becoming more and more complicated from year to year due to increasing number
of variables and structure of the problems (non-smoothness). Up to now, many new
theories and algorithms have been presented to solve global optimization problems
[7, 8]. There exist two different type of methods which are based on local searches
(Monotonic Basin Hopping, Hill Climbing Methods, etc. [9, 10]) and not based on
local searches (Branch and Bound, DIRECT, etc. [11, 12]). We consider the methods
based on local searches. For local search based methods the major difficulties for
global optimization are listed below:

a. When finding any local minimizer by using a local solver, how to escape from
this current local minimizer.

b. How to ignore the local minimizers of which their values are greater than the
value of current minimizer and find a lower minimizer of the objective function.

c. How to evaluate the convergence to the global minimizer, and determine the
stopping criteria.
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In different point of view, global optimization approaches can be classified
into three main classes: stochastic methods, heuristic methods, and deterministic
methods.

Stochastic methods are quite simple, very efficient in black box problems and
robust with respect to the increment of dimension of the problem but some of the
stochastic methods can find only a local solution instead of the global one. The
very well-known stochastic approaches are Random Search and Adaptive Search,
Markovian Algorithms, etc. [13, 14]. The population algorithms are included in
stochastic methods but we handle them in the heuristic methods.

The heuristic methods are based on the simulation of the biological, physical,
or chemical processes. These methods are easy applicable and they converge the
solution rapidly. However, they can give different results if they are run again. The
very well-known methods are Genetic Algorithm [15], Simulated Annealing Algo-
rithm [16-18], Particle Swarm Optimization [19, 20], and Artificial Bee Colony
Algorithm [21, 22]. In recent years, the hybridizations of the heuristic global
optimization algorithms have come into prominence [23-27].

The convergence to the solution is guaranteed in deterministic approaches. This
is the outstanding property of the deterministic approaches. However, these methods
converge the solution quite slowly [28]. There exist important methods such as
Branch and Bound algorithms [11], Covering methods [12], Space Filling Curve
methods [29, 30], and other methods [31, 32].

Auxiliary function approach is one of the most important one among the methods
on global optimization. These methods are developed according to deterministic
search strategies by constructing an auxiliary function to escape from the current
local minimizer to a better one, among such methods are Tunneling Method [33],
Filled Function Method (FFM) [34-36], and Global Descent Method [37].

The first auxiliary function method was introduced by Levy and Montalvo
[33]. Cetin et al. developed the tunneling algorithm to resolve constrained global
optimization problems [38]. However, many important studies related to tunneling
algorithms have been published in [39—41].

Among other methods, FFM can be considered an effective approach to solve
different global optimization problems, so it seems to have several features over
others, for example, it is more simple to find a better local minimizer sequentially
compared to other methods. The FFM was presented for the first time by Ge [34, 35]
and improved in [42—44]. Many valuable studies have been presented in order to
make filled function applicable for different type of problems such as non-smooth
problems [45, 46], constrained optimization problems [47], system of nonlinear
equations [48], etc. [49, 50]. Recently, the next generation of filled function or
auxiliary function approaches have been developed [51-55].

The FFM presents a good idea for solving global optimization problems. In
general, the filled function mechanism is described as follows:

1. Choose any random point for starting and use a convenient local optimization
method to find a local minimizer of the objective function.
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2. Construct a filled function based on the current minimizer of the objective
function, and use any point in the proximity of this current minimizer to minimize
the filled function. Finally, a local minimizer of the filled function is obtained.
This minimizer is in a basin of better solution of objective function.

3. The minimizer of filled function which obtained in step 2 is used as a starting
point to find the minimizer of the objective function.

Surely the number of minimizers is reduced by repeating Step 2 and 3. Finally, the
global minimizer of objective function is found.

Some of the existing filled functions have been constructed to have a surface
somewhat like a surface of the objective function in the lower basin (when f(x) >
f(x]), x{ is a current minimizer of the objective function) of the better solution,
this situation has drawbacks; it needs more time and function evaluations.

In this study, in order to eliminate the drawbacks in some of previous filled
functions we proposed a new filled function. This new proposal is based on putting
many stationary points in lower basins, in fact, the filled function does not need to
go down in the lower basin, it only needs to obtain any stationary point in the lower
basin which can be used as a starting point for minimizing the objective function to
get a lower minimizer. This idea helps to reduce the time and function evaluations
which are very important for such methods.

This study is organized as follows: In Sect. 7.2, we give some preliminary
information. In Sect. 7.3, we propose a new filled function with its properties.
In Sect. 7.4, we introduce the filled function algorithm. In Sect. 7.5, we perform
a numerical test and present the results obtained from the new method. Finally,
Sect. 7.6 consists of conclusions.

7.2 Preliminaries

We consider a class of unconstrained global optimization problems as the following:

(P) min f(x), (7.1)

xeR"

where f(x) : R" — R is continuously differentiable function.

We assume that the function f(x) is globally convex, which means f(x) — 400
as ||x]| = +oo. It means that there exist a closed, bounded, and box-shaped domain
2 = [lp,up]l = {x : Ip < x < up, lp,up € R"} that contains all the local
minimizers of f(x). Moreover, the number of different values of local minimizers
of the function f(x) is finite.

Additionally, basic concepts and symbols used in this study are given as
follows:

k : the number of local minimizers of f(x),
x; : the current local minimizer of f(x),
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x* : the global minimizer of f(x),

B} : the basin of f(x) at the local minimizer x;/.
We indicate the following definitions:

Definition 7.1 ([34]) Let 2 C R". A point x* € £ is a global minimizer of
objective function f(x) if f(x*) < f(x) forall x € £,

Definition 7.2 ([34]) Let x;’ is a local minimizer of the objective function f(x).
The set of points B} C $2 is called a basin of f(x) at the point x;’ if any local solver
starting from any point in B’ finds the local minimizer x;.

Definition 7.3 ([34]) The auxiliary function F(x, x;) is called a filled function of
the objective function f(x) at a local minimizer x,f if the function F'(x, x,f) has the
following properties:

* xj is a local maximizer of the function F(x, x;),

* F(x, x{) has no stationary points in A} = {x € £2[f(x) > f(x{), x # x[},

* if x; is not a global minimizer of the function f(x), then the function F(x, x})
has a stationary point in the region A> = {x|f(x) < f(x}),x € £2}.

7.2.1 Overview of the Filled Functions

In 1987 Ge and Qin proposed a first filled function (we call it as G-function) [34]
with two parameters to solve the problem (P) at an isolated local minimizer x,’{‘ that
is defined by

Gx, x5, 1, p) = —(p*In[r + f(O)] + lx — x{ 1), (7.2)

and, in 1990 Ge introduced another filled function (P-function) [35] which has the
following form:
PGoxfrp) = — ~|—exp(——”x_x;:”2> (7.3)
s Mo Iy r + f(x) p2 ) .

where r and p are parameters which need to be chosen conveniently. Generally, the
G-function and P-function of the objective function f(x) at the current minimizer
x; must satisfy the Definition 3.

Many important studies are developed the FFM to solve multi-modal global opti-
mization problems. These studies can be classified into two categories depending on
the number of adjustable parameters.
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7.2.2 Filled Functions with Two-Parameter

In [56], Wu et al. offer a filled function with two parameters to decrease the
computational cost and overcome several disadvantages of filled functions which
has the following form:

Hy y xr(x) = g(exp (— gr(fO=fON+f(f )=, (T4

Ix — i ||2)
q
where ¢, r > 0 are adjustable parameters and f;, g, are continuously differentiable
functions.
In 2009, Zhang et al. [57] introduced a new definition for the filled function,
which rectifies several drawbacks of the classic definition. A new filled function
with two parameters defined by

P(x,xi roa) = o+ f(0) = a(lx = x( %), (7.5)
where a > 0, r are parameters and the function ¢ () is continuously differentiable.

Wei et al. [58] offer a new filled function which is not sensitive to parameters. This
function has two parameters and has the following formula:

P(x,xp) = mg(f(x) — f(x0), (7.6)
and
(1) = 0, t>0,
g = rarctan(t”), t < 0,

where r > 0, p > 1 are parameters.

7.2.3 Filled Functions with One Parameter

According to general opinion, the existence of more than one adjustable parameter
in the same filled function makes the control difficult. So, the first filled function
which has only one parameter is the function Q. This function proposed in (1987)
by Ge and Qin and has the following formula:

Q(x,a) = —(f(x) — fO) explallx — xF11%). (7.7)

The function Q has one adjustable parameter a, if this parameter becomes large
and large, quickly increasing value of exponential function negatively affects
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the computational results [34]. In order to tackle this drawback, H-function was
introduced by Liu in [36] that is given by

_ 1 _ %2
H(x,a) = I+ /() = ) allx —xg|”. (7.8)

The function H keeps the feature of the function Q with only one adjustable
parameter but without exponential function. Shang et al. introduced a filled function
with one adjustable parameter in the following:

Fy(x,x) =

m%(f(x) - fx) +a), (7.9)

and

3
_ exp(_q_)v t7é Os

1) = 1
@q (1) 0. =0,

S0, g is a parameter subject to certain conditions [59]. Zhang and Xu constructed a
filled function to solve non-smooth constrained global optimization problems [60].
This function constructed to overcome several drawbacks of the previous filled
functions, and it has one parameter as follows:

P(x, xg, q) = exp(llx — x; ) In(1 + g (max{0, f(x) — f(x;) +r}

4 Z max{0, g; (x)})),

i=1

where ¢ > 0 is the parameter, g;(x) > 0 are constrained conditions, and r is
prefixed constant.

In 2013, Wei and Wang proposed a new filled function for problem (P) with
one adjustable parameter and it does not sensitive to this parameter [61]. The filled
function has the following formula:

P(x,x{) = —llx — x}IIPg(f(x) — f(xP)), (7.10)
where
_ 3 1=0,
8(1) = {r arctan(t?) + %, 1 <0,

and r is an adjustable parameter as large as possible, used as the weight parameter.
Wang et al. constructed a filled function for both smooth and non-smooth
constrained problems in 2014 [62]. The constructed filled function is defined by
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1
P(x,x},q) = —;1[f<x> — f(x}) + max{0, g; ()}))I* — arg(1 + lx — x{11%)
+¢[min(0, max(f(x) — f(x{)gi(x),i € )P

The filled function at above has only one adjustable parameter which is controlled
during the process. A new definition and a new filled function is given in 2016 by
Yuan et al. [63]. This filled function has one parameter, given by

F(x,xg,q) = V(lIlx = xgDWe (f ) — f(x)), (7.11)

where g > 0 is an adjustable parameter, V(t) : R — R and W,(t) : R — R are
continuously differentiable under some properties.

7.3 A New Filled Function Method and Its Properties

We offer a new filled function at a local minimizer x; with two parameters to solve
the problem (P) as follows:

F(x,xp) = h(f(x) = f(x)),

o+ [lx — xf|1?
where

N 1, t >0,
0 = sin (ut+ %), t <0,

and 0 < o < 1 and u > 1 are parameters.

The new idea in this filled function is to put many stationary points in the lower
basin Ay = {x|f(x) < f(x}),x € 2}. In fact, the filled function does not need
to go down in the lower basin, only it needs to obtain any stationary point in A,
which can be used as an initial for minimizing objective function to obtain a lower
minimizer.

The above idea has many advantages, for example, it helps to reduce the time and
evaluation which are very important in cases like this. Furthermore, the parameter
W is used to increase or decrease the number of stationary points in the interval A,,
therefore we have to choose u carefully, because if it is small there is a possibility
that we may lose some of the lower minimizers at which the value of the function
is close to the value at the first minimizer (see Figs.7.1 and 7.2). The parameter

0 < o < 1in the term m is used to control the hat and it is easy to modify.
Tk

The following theorems references that the function F(x, x;:) is a filled function by
Definition 7.1.



132 A. Sahiner et al.
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Fig. 7.1 Some different values of the parameter u and their effect on the function F(x, x})

Fig. 7.2 The graph of F(x, x{) in two dimensions
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Theorem 7.1 Assume that x; is a local minimizer of the function f(x), and
F(x,x{) is defined by the Definition 3, then x; is a strict local maximizer of
F(x, x).

Proof Since x; is a local minimizer of f(x), then there exists neighborhood
N(x;,e) C Ay of x{ for some € > O such that f(x) > f(x}) forall x € N(x}, €)
andx # x/,0 <a < 1.

F,x0)  a+llxp —xf

> B
Fapx)  a+llx—xil2 o+ llx — x|

o

That means x,f is a strict local maximizer of F (x, x,f).

Theorem 7.2 Assume that x;’ is a local minimizer of f(x), and x is any point in
the set Ay, then x is not stationary point of F (x, x°) forany 0 < a < 1.
Proof We have x € Ay, f(x) > f(x}) and x # x}. Then F(x, x{) = 1

a+|x—x; )2’

and VF(x,x,f) = —2% # 0, for each 0 < « < 1. This implies the

function F(x, x}) has no stationary point in the set A;.

Theorem 7.3 Assume that L = min | f (x}) — f(x;f)|, Lj=12,....m f(x]) #
f (x;‘) and x}/ is a local minimizer of f (x) but not global, then there exists a point
x' € Ay such that the point x" is a stationary point of the function F(x, x;5) when
= 57 foreach0 < a < 1.

Proof Since the current local minimizer x; is not global minimizer of f(x), then
there exists second minimizer x; | € Az such that f(x;, ) < f(x}).

For any point y € Ay we have F(y, x;) > 0, so by the continuity of f(x), and if
w= 2”—L we obtain F(x; 1 x;) < 0. Then, by the theorem of intermediate value of
continuous function, there exist a point lying between the points y and x;/ 41 onthe
part [y, x; 1], the value of the filled function at this point is equal to 0.

Assuming that z is the nearest point to x| with F(z, x) = 0, then, we obtain
the part [z, x,f+1]. That means z € 0A; and z is in the borders of the set Blf+1
which is a closed region. By the continuity of the function F(x, x,’{"), there exist
a point x" € B}, such that it is a local minimizer of the function F(x, x;) and

k+
F(x', x,f) < 0, since the function F'(x, x,f) is continuously differentiable, we obtain

VF (', x;) =0.

7.4 The Algorithm

According to the information of the previous sections, we proposed a new filled
function algorithm as follows:



134

A. Sahiner et al.

1Setk =1, €= 1072, choose U,, = 30 an upper bound of y and give u = 5;
N the number of different directions d; fori = 1,2, 3, ..., N, choose an initial
point x;,; € §2, and give 0 < o < 1, where n is the dimension of the problem.

2 Minimize f(x) using x;,, as a starting point to find local minimizer x;’.

3 Construct filled function at x,f

1
F(x,x{) = T)C;:”Zh(f(x) SACH)

o+ |

andseti = 1.

4 Ifi < N, setx = x + ed; and go to step (5); otherwise go to step (6).
5 Start from x to find a minimizer xr of F(x, x;), if xr € £2 then set x;,, = xp,

k = k 4+ 1 and go to step (2); otherwise i =i + 1, go to step (4).

6 If w < U,,then u = pu + 5 and go to step (2); otherwise take x,’f as a global

minimizer of f(x) and stop the algorithm.

The set of different directions d; are as the following: let 6y, ...,0; € [0, 27]
and ¥, ..., € [=%, F], are uniformly distributed. If n = 20, the components
ofd! = ({,y,..., yéQ) is calculated as

; V2
Va1 = ﬁcos(ej)

j_N2.
Yy = ﬁ sin(0;),

forl =1~ Q.Ifn =20 + 1, the components ofdlj = (y{,y{,

calculated as

y{ = £ cos(;) cos(8;)

Jn

i 2 .
Yy = —= cos(¥;) sin(0;)

Jn

j_ Y2
y3 = Esln(ﬁj)

forl =2~ Q [64].

’y£Q+l) is



7 Auxiliary Function by Multiple Extrema in Global Optimization 135
7.5 Numerical Results

In this section, we perform the numerical test of our algorithm on test problems
which are stated as follows:

Problem 5.1-5.3 (Two-Dimensional Function)
min f(x) = [1 — 2x3 + csin(4mxy) — x1]2 + [x2 — 0.5 sin(anl)]z,
for x1, xo € [—3, 3], where ¢ = 0.05, 0.2, 0.5.
Problem 5.4 (Three-Hump Back Camel Function)
1
min f(x) = 2x12 — l.OSxi1 + 6x16 — X1x2 + x%,
for x1, xo € [-3, 3].
Problem 5.5 (Six-Hump Back Camel Function)
1
min f(x) = 4x? — 2.1x} + §x16 — x1xp — 4x5 + 4x3,
for x1, xp € [-3,3].
Problem 5.6 (Treccani Function)
min f (x) = x} + 4xf + 4x? + x3,
for X1, X2 € [—3, 3].
Problem 5.7 (Goldstein and Price Function)
min f(x) = g1(x)g2(x),
where
g1(x) = 1+ (x1 +x2 + D3(19 — 14x1 + 3x7 — 14x7 + 6x1x2 + 3x3),
and
22(x) =30+ (2x1 — 3x2)%(18 — 32x1 + 12x7 4 48x3 — 36x1x2 4 27x3),

for X1, X2 € [—3, 3].
Problem 5.8 (Shubert Function)

5 5

min f(x) = { Zicos[(i + xy + i]” Zicos[(i + Dxp + i]},

i=1 i=I

s. t. x1, xp € [—10, 10].
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Problem 5.9 (Rastrigin Function)

2
min f(x) =20+ Y |:xl-2 —10 cos(271x,~)],

i=1
for x1, xp € [-5.12,5.12].
Problem 5.10 (Branin Function)
5.1 5 2 1
min f(x) = (xz — mx% + ;xl — 6) + 10(1 — 8_71) cos(x1) + 10,
for x; € [—5, 10], x» € [0, 15].
Problems 5.11, 5.12, 5.13 (Shekel Function)

m 4

minf(x):—Z[

-1
(Xj—(li,j)2+bi:| ,
i=1 & j=1

where m = 5,7, 10, b; is an m-dimensional vector, and a; ; is a 4 X m-dimensional
matrix where

bi=0.1.[1224463755],

4.01.08.06.03.02.05.08.06.07.0
4.01.08.06.07.09.03.01.02.03.6
401.08.06.03.02.05.08.06.07.0[
4.01.08.06.07.09.03.01.02.03.6

aj,j =

and x; € 0,101, j =1, .., 4.

Problems 5.14-5.21 (n-Dimensional Function)

min f(x) = —[10sin® 7x; + g(x) + (x, — D?],

T
n
where g(x) = Y0} |:(xl~ — 121 + 10sin? nx,'+1)i| and x; € [—10,10],i =
1,2,...,n.

Problems 5.21-5.29 (Levy Function)

n—1

min f(x) = sin’>(rw;) + Z(wi — 1)2[1 + 10sin®(rw; + 1)]
i=1

+(w, — 1)2[1 =+ Sin2(277fwn)i|v
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Table 7.1 The list of test problems

Function No. Dimension n Function name Optimum value | Region

5.1 2 Two-dimensional 0 [-3,3]%
function ¢ = 0.05

52 2 Two-dimensional 0 [-3,3]?
function ¢ = 0.2

5.3 2 Two-dimensional 0 [-3,31%
function ¢ = 0.5

54 2 Three-hump back 0 [-3, 3
camel function

5.5 2 Six-hump back —1.0316 [-3,3]%
camel function

5.6 2 Treccani function 0 [-3, 3]?

5.7 2 Goldstein and Price 3.0000 [-3, 3]2
function

5.8 2 Shubert function —186.73091 [—10, 10]2

5.9 2 Rastrigin function —2.0000 [-3, 3]?

5.10 2 (RC)Branin 0.3979 [—5,10] x
function [10, 15]

5.11 4 (84,5)Shekel —10.1532 [0, 10]
function

5.12 4 (S4,7)Shekel —10.4029 [0, 10]
function

5.13 4 (S4,10)Shekel —10.5364 [0, 10]
function

5.14-5.17 2,3,5,7 n-dimensional 0 [—10, 1012
function

5.18-5.21 10,20,30,50 n-dimensional 0 [—10, 10]?
function

5.22-5.25 2,3,5,7 (Ls)Levy function 0 [—10, 1012

5.26-5.29 10,20,30,50 (L7)Levy function 0 [—10, 10]?

where
w,-:l—i—xl for all i=1,...,n

4 b
forx; € [—10,10], i = 1,2,...,n.

We rearrange the above problems and the list of test problems are presented
in Table 7.1. The algorithm is implemented 10 times starting from the different
points independently for each problem on a PC with Matlab R2016a. The “fminunc”
function of Matlab is used as a local solver. The used symbols are the following:

¢ No.: the number of the problem,
e n: the dimension,
¢ jtr-mean: the mean iteration number of the 10 runs,
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Table 7.2 The numerical results of our algorithm on the list of problems

No. n. itr-mean f-mean f-best f-eval time S-R

5.1 2 1.2000 6.5805¢ — 12 | 5.7244¢ — 16 201 | 0.0427 9/10
52 2 1.0000 2.6536e — 13 1.2548¢ — 14 315 0.0383 10/10
53 2 1.5000 1.4803¢ — 13 | 5.7321e — 15 288 | 0.0498 8/10
54 2 1.0000 4.1081e — 14 | 2.2390e — 16 306 |0.0254 | 10/10
5.5 2 2.4000 —1.0316 —1.0316 132 10.0236 |10/10
5.6 2 1.0000 1.1315¢ — 11 | 5.1253¢ — 16 240 1 0.0246 | 10/10
5.7 2 2.1000 3.0000 3.0000 414 1 0.0503 8/10
5.8 2 11.3000 | —186.7309 —186.7309 591 0.1045 10/10
5.9 2 7.2000 3.6948¢ — 14 |0 246 | 0.0273 10/10
5.10 2 1.0000 0.3979 0.3979 243 1 0.0165 10/10
5.11 4 1.0000 —10.1532 —10.1532 1140 | 0.0614 7/10
5.12 4 3.3000 —10.4029 —10.40294 850 |0.1028 9/10
5.13 4 4.1000 10.5321 —10.5321 925 | 0.0680 8/10
5.14 2 4.3000 2.5282¢ — 13 1.5241e — 15 150 |0.0167 10/10
5.15 3 7.0000 6.2081e — 09 | 7.0745¢ — 15 2100 | 0.1873 10/10
5.16 5 9.6000 6.5445¢ — 09 | 2.9883¢ — 13 3420 |0.2170 8/10
5.17 7 5.2000 4.1802¢ — 09 | 3.3935¢ — 11 5816 | 0.3027 8/10
5.18 10 | 10.1000 4.0625¢ — 10 | 7.1453¢ — 12 3850 | 0.1741 8/10
5.19 |20 8.1000 1.8112¢ — 10 | 3.3503¢ — 13 6363 | 0.2280 7/10
520 |30 5.0000 9.3934¢ — 11 | 2.7690e — 14 9517 1 0.2957 9/10
521 |50 | 18.30000 |.4131e —12 1.8754¢ — 15 | 27846 | 0.8174 8/10

5.22 2 3.2000 2.930le — 13 | 2.6872¢ — 17 510 |0.0577 10/10
5.23 3 6.2000 1.3768e — 13 | 4.6587e — 16 1825 | 0.1407 9/10
5.24 5 7.4000 1.2471e — 12 | 8.6884¢ — 14 1422 | 0.0994 8/10
5.25 7 7.0000 1.3095¢ — 11 6.9033¢ — 16 1936 | 0.1151 8/10
526 |10 8.0000 3.6191e — 12 | 5.2026e — 14 4169 | 0.2106 6/10
527 |20 6.7000 2.0352¢ — 12 | 4.5555¢ — 15 7056 | 0.3026 6/10
528 |30 | 14.7000 .8459¢ — 12 7.1327e — 16 | 13391 | 0.6136 | 10/10
529 |50 |10.4000 9.9071e — 12 | 9.8943e¢ — 15 | 48450 | 1.1783 9/10

» f-eval: the total number of function evaluations,

 time: the mean of the aggregate running time in 10 runs (second),

* f-mean: the mean of the function values in 10 runs,

» f-best: the best function value in 10 runs,

* S-R: the success rate among 10 implementation with different starting points.

The results of the algorithm is presented in Table 7.2. This table consists of seven
column; (No) number of the problem, (n) dimension of the problem, (itr-mean)
mean value of total iteration number, (f-mean) mean value of the function values,
(f-best) the best value of the function values, (f-eval) mean value of the function
evaluations and (S-R) success rates of ten trails uniform initial points. As shown in
this table our algorithm is tested on 29 problems with different dimensions up to
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Table 7.3 The comparison of our algorithm with algorithm in [65]

Our method The method in [65]

No. n. f-best f-eval |S-R f-best f-eval S-R

5.1 2 | 5.7244¢ — 16 201 9/10 |2.66630e — 15 214 8/10
5.2 2 | 1.2548¢ — 14 315 | 10/10 | 3.4336e — 16 290.6250 8/10
53 2 |5732le—15 288 8/10 |4.7243¢ — 16 414.2857 8/10
54 2 2.2390e — 16 306 | 10/10 |2.8802¢ — 16 411 10/10
55 2 | —1.0316 132 |10/10 | —1.0316 234 10/10
5.6 2 |5.1253¢ — 16 240 | 10/10 | 1.6477¢ — 15 216.5000 |10/10
5.7 2 | 3.0000 414 8/10 | 3.0000 487.8889 9/10
5.8 2 | —186.7309 591 |10/10 | —186.7309 813.5000 |10/10
5.9 2 |0 246 |10/10 | —2.0000 501 10/10
5.10 2 10.3979 243 | 10/10 |0.3979 222.3000 | 10/10
5.11 4 | —10.1532 1140 7/10 | —10.1532 1001 9/10
5.12 4 | —10.4029 850 9/10 | —10.4029 1365.1000 8/10
5.13 4 | —10.5321 925 8/10 | —10.5321 1412 7/10
5.14 2 | 1.5241e—15 150 |10/10 |9.4192¢ — 15 743 8/10
5.15 3 |7.0745¢ — 15 2100 | 10/10 |5.6998¢ — 15 3027 10/10
5.16 5 12.9883¢—13 3420 8/10 | 3.7007¢ — 15 4999 10/10
5.17 7 13.3935¢ — 11 5816 8/10 | 1.3790e — 14 8171 8/10
5.18 |10 |7.1453¢ — 12 3850 8/10 | 3.0992¢ — 14 8895 9/10
5.19 |20 |3.3503¢ — 13 6363 7/10 |3.0016e — 13 18242 7/10
520 30 |2.7690e — 14 9517 9/10 | 1.7361e — 12 43232 6/10
521 |50 |1.8754e —15 |27846 8/10 | 9.8531e — 13 83243 6/10

50 dimensions, each problem is tested on ten different initial points. Our algorithm
reaches 10/10 success rate for almost 40% of the all test problems. At least 6/10
success rate is obtained considering all of the test problems as stated in column
(S-R). By using our algorithm %94 success rate is obtained considering the total
number of trials. Moreover, the f-mean and f-best values in Table 7.2 are very close
to original function values which are given in Table 7.1.

The comparison of our algorithm with the method in [65] are summarized in
Table 7.3.

In general, it can be seen from Table 7.3 the results of the algorithm presented in
this paper obtain an advantage in several places especially in the columns dedicated
to function evaluations and success rates compared to the results of the algorithm
in [65]. Both of the methods (our method and the method in [65]) are sufficiently
successful in terms of “f-best” values. Our method complete the global optimization
process with lower function evaluation values than the method in [65] for the
85% of the all test problems. By using our algorithm, 88% successful trial is
obtained considering the total number of the trial used in comparison and at least
7/10 success rate is obtained for each of the test problems used in comparison.
86% successful trial is obtained considering the total number of trials used in
comparison and at least 7/10 success rate is obtained for each of the test problems in
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comparison, by using the algorithm in [65]. Moreover, our method is more effective
than the method in [65] in terms of “f-eval” and “S-R” on the 10 and more than
10 dimensional test problems. Thus, the introduced algorithm in this paper is more
efficient than the algorithm introduced in [65].

7.6 Conclusions

In this chapter, a new filled function for unconstrained global optimization is
presented and the useful properties are introduced. The proposed filled function
contains two parameters which can be easily adjusted in the minimization process.
The corresponding filled function algorithm is constructed. Furthermore, it has been
performed on numerical experiment in order to demonstrate the effectiveness of the
presented algorithm. It can be seen from the computational results that the present
method is promising.

This new algorithm is an effective approach to solve multi-modal global opti-
mization problems. In the minimizing process, our methods save time in finding
the lower minimizer and it is guaranteed that upper minimizers are not taken into
account in all of the minimization process independently from the parameters. These
two important properties make our method advantageous among the other methods.

For future work, the applications of global optimization algorithms can be
applied to many real-life problems such as data mining, chemical process, aerospace
industries, etc.
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Chapter 8 ®
A New Approach for the Solution oo
of the Generalized Abel Integral

Equation

Tahir Cosgun, Murat Sari, and Hande Uslu

8.1 Introduction

Singular integral equations are examples of the topics included in the applied
fields before the theory. Abel tried to answer one of the well-known problems of
mechanics in the opposite direction [1, 2]. Instead of computing the required time
for a particle that slides on a given trajectory, Abel posed the question: For given
two points A and B in the plane, can we find the trajectories, combining the points A
and B, that requires the same amount of time? This problem is called as tautochrone
problem and has a deserved reputation in both mathematics and mechanics. The
name tautochrone combining two words tauto (same) and chrono (time) comes from
Latin. The mathematical formulation of this problem is as follows:

Suppose that a particle with mass m slides downward through a frictionless
surface, i.e., the only force acting on the mass m is the gravitational force. See
Fig. 8.1 for a pictorial explanation. Assume the rate of change of the arc with respect
to the height is

ds_ 8.1
E—f(yl (8.1)

Considering the conservation of energy, the change in the potential must be equal
to the change in the kinetic energy
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Fig. 8.1 The particle with B(a, b)
mass m slides through a
frictionless path from point B
to point A under the influence
of gravity

1
mgb —mgy = zmvz. (8.2)

Canceling m’s and solving the last equation for v, we can obtain

v=+/2g(b —y). (8.3)

Now, using the chain rule we can also observe that

ds ds dy vdi

—=— = —. (8.4)
dy dt"dt dy

Hence, using Egs. (8.1) and (8.3), and rearranging the terms one can deduce the
following equalities

dr = LW gy (8.5)
_ W
= L dy. (8.6)

Integrating both sides of Eq. (8.6) from O to b, one of the well-known integral
equations can be obtained as

b
f
Th) = | —122dy. 8.7
(b) /0 2g(b—y)y (8.7)

Notice that, in Eq. (8.7), T'(b) is a given time, and the only unknown is the
trajectory f(y) under the integral sign. With an appropriate change of variables
Eq. (8.7) can be transformed into a more familiar form

fx) = /O j%dt. (8.8)

To solve this equation, a more generalized version of this equation was solved by
Abel:
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Fo) = / e 89)
o (x—1*

where @ € (0, 1). Throughout this study, we will deal with this form of the problem
which is known as the generalized Abel integral equation. In the literature, this
equation is sometimes called the generalized Volterra integral equation of the first
kind [3]. It is also strictly connected with fractional integrals.

In the literature, there are various techniques to solve Eq. (8.9). For example,
a spectral iterative method [4], an operational matrix method [5], an operational
method via Jacobi polynomials [6], a numerical solution via product trapezoidal
method [7], a solution by using the normalized Bernstein polynomials [8], and
a method based on regularization [9] have been proposed to solve Eq. (8.9). Being
not limited to the mentioned methods, there are also other techniques proposed in
the literature to solve the problem [10-15].

The main reason for focusing so much attention of researchers on this topic is
application facilities. In fact, both Volterra and Fredholm integral equations of the
first kinds are firmly connected to inverse problems. In the solution procedures of
inverse problems scientifically important models are tried to be obtained through
the physical observation of scattered data. It is hard or sometimes even impossible
to determine this kind of models directly. In this respect, X-ray radiography [16],
plasma spectroscopy [17], radar ranging [18], atomic scattering [19], electron
emission [20], seismology [21], and microscopy [22] could be given as some
application areas where the Abel integral equations are utilized.

8.2 Derivations and Main Results
In the present solution procedure, we want to replace the singular kernel of Eq. (8.9)

K(x,t) := ﬁ O<a<l1 (8.10)

with a series expansion via the generalized binomial theorem. Therefore, first of all,
we want to remind the generalized binomial theorem.

Theorem 8.1 Foranyx,y € R
oo r
r k. r—k
= , 8.11
(x+y) ké_o <k>x y (8.11)

where r is an arbitrary real number, converges absolutely for |x/y| < 1.

Proof Proof can be found in [23, 24].
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As a remark, let us emphasize the definition of the generalized binomial
coefficients:

<r>':r(r—1)...(r—k+l) (8.12)

k k!

Now, being equipped with the generalized binomial theorem we can make the
following observations:

(x—t)"‘ Z( )( D). (8.13)

Note that this series converges absolutely for |7 /x| < 1. After the approximation
to the kernel, we need to assume the analyticity of the source function f(x), i.e., it
possesses a Taylor series expansion:

flx) = Z fixk, (8.14)
and we suppose the unknown function u(x) has the form

ux) = x*! Z U™, (8.15)

m=0

where fi’s and u,,’s are just the coefficients in their series expansions. Hence, the
problem reduces to find u,,’s. Now, plugging Egs. (8.13)—(8.15) into Eq. (8.9) we
can obtain

,;ka" = /Ox (l;) <_k°‘> (—t)k(x)_“_k> (2%umtm+a_l) dt. (8.16)

If we take two generic terms from the series in the right-hand side of Eq. (8.16)
and integrate their multiplication over the interval (0, x), we can obtain the
following:

/ ' (_a>(—t)k(x)_“_kumtm+°‘_1dt = <_“>(—1)"(x)—“‘kum / gy
0 k k 0

k+m+a
—o X
— _1 k —a—k -
<k>( )" (x) Mmk+m+oc
B () =Dy xm
o k+m+a
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Notice that the remaining term includes only x™. Therefore, instead of multiply-
ing just two terms from two different series, since the power of x is independent of
k’s in the above calculation, we can multiply the general term u,,t"+*~! with the
series expansion of the kernel and then integrating we can obtain

00 . 00 00 —u (—l)k .
2 S = Dt (Z(k)m)

B i um (1 — ) (m + o + Dx’"
- (@ +m)(m+ 1)

Here, I represents the usual gamma function. Thus, by considering the same
powers of x in the last equation we can find the coefficients in the series expansion
of u(x) as

_ fulaFm)C(m+ 1)
T Ir(-a)l(m+a+1)

(8.17)

Um

As a result, we can obtain the desired solution of the generalized Abel integral
equation as

[e¢]

1 r 1
u(x) = 3 Jula £m)Im 1) a—t. (8.18)
F(l—oc)mzo I'm+a+1)
8.3 Illustrative Examples
Example 8.1 Consider the generalized Abel integral equation
"= /x ! (t)dt (8.19)
S TN T ‘

where 7 is a given integer.

Solution 8.1 The solution of the given equation can be obtained analytically as

(@+m"(n+1) nta—1
rl—ao)yfn+oa+1)

ulx) =

O

From Example 8.1, we can deduce that whenever the given source function f(x)
is a polynomial of finite degree, the unknown solution u(x) can be determined
analytically.
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Example 8.2 Consider the generalized Abel integral equation

o
sin(x) —/(; mu(l)dl‘. (8.20)

Solution 8.2 The solution can be obtained by

]

un =3 (D'"@+204+ D@1 +2) o0y
Cn+DIF(1—a)2n+2+a)

n=0
O
Example 8.3 Consider the generalized Abel integral equation
¥ 1
e’ = /0 mu(z)dr. (8.21)
Solution 8.3 Then, the solution can be obtained by
o @Emle+D
u(x):r;nll’(l — o ltatl)
O

In Examples 8.2 and 8.3, the given source functions are obviously analytical
functions and can be expanded into Taylor series. This was one of the assumptions in
Sect. 8.2. The method presented in this study has a major advantage when f(x) is an
analytical function. On the other hand, this kind of assumptions may be considered
as a drawback for the proposed method. For example, if » is not a natural number
in the first example, of course, it is possible because of Stone—Weierstrass theorem,
but it will be a cuambersome task to approximate f(x) with a polynomial.

8.4 Conclusions

To reach a solution to an equation in different ways or via different solution
procedures is an important task for scientists. Actually, it is not a task only, but
also a pleasure. In this study, we have obtained the solution of the generalized
Abel integral equation via a numerical solution process, and we have obtained the
same results with Abel. We hope that this study will stimulate enthusiasts to use the
generalized Binomial theorem when they are solving singular integral equations or
treating fractional integrals numerically.
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Chapter 9 ®)
NPSOG: A New Hybrid Method for S
Unconstrained Differentiable

Optimization

Halima Lakhbab

9.1 Introduction

Optimization is essentially the art, science, and mathematics of choosing the best
among a given set of finite or infinite alternatives.

To use optimization, we must first identify some objective, a quantitative measure
of the performance of the system under study. The objective depends on certain
characteristics of the system, called variables or unknowns. We must also identify
constraints for the given problem. This step is known as modeling.

Once the model has been formulated, an optimization algorithm can be used
to find its solution. The effectiveness of the results of the application of any
optimization algorithm is largely a function of the degree to which the model
represents the system studied. The choice of an optimization algorithm is also an
important task; it may determine whether the problem is solved rapidly or slowly
and, indeed, whether the solution is found at all.

So, the goal of optimization is, for a given problem formalized as an objective
function f : D — E, to find the element of D which gives the best solution in E.

The space D can be called the search space, the problem space, or the function’s
domain. The element x € D may be named a vector, a solution, a variable, or
possibly a point in D.

In this work, we will consider nonlinear continuous unconstrained optimization
problems, in which D = R”, E = R, and f is a nonlinear differentiable function.
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The unconstrained minimization problem

min f(x)

xeR"

has different iterative methods to solve it: If x; denotes the current iterate, and if it is
not a good estimator of the solution x,, a better one, X341 = xx — kg is required.
Here gy is the gradient vector of f at x; and the scalar oy is the step length.

Our main contribution in this chapter is to develop a novel hybrid approach based
on a nonmonotone spectral gradient method and particle swarm optimization.

Nonmonotone spectral gradient (NSG) techniques are considered for uncon-
strained optimization of differentiable functions. They combine a nonmonotone
steplength strategy that is based on the Grippo—Lampariello-Lucidi nonmonotone
line search [14] with the spectral gradient choice of steplength [3]. This method
requires few storage locations and inexpensive computations. Furthermore the
nonmonotone line search assures the global convergence.

The fact that this method has good local search characteristics motivates us to
combine it with particle swarm optimization to approach the global minimum.

Traditionally a hybrid PSO carries out first a certain number of iteration and then
an iterative method (Gradient type methods or another metaheuristic) is applied to
refine the approximations. On the contrary, in our new hybrid approach, in every
iteration of PSO, and under specific condition given by the notion of loudness
parameter, we perform an exploitation step by NSG method.

The remainder of this chapter is organized as follows: In Sect. 9.2 we introduce
new gradient-based method, considered for the minimization of differentiable func-
tions. This method combines two recently developed ingredients in optimization:
the nonmonotone line search schemes and a spectral steplength. At first, we present
the “Barzilai-Borwein method” [3], known also by spectral gradient method, this
method consists essentially of a gradient descent method, where the choice of
the step size along the antigradient direction is potentially derived from a two-
point approximation to the secant equation underlying the quasi-Newton method.
Then, we introduce the nonmonotone line search technique [14]; in such technique,
some growth in the function value is permitted. The nonmonotone schemes can
avoid being trapped in local minima, which improve the likelihood of finding a
global optimum, and can also accelerate the convergence process. The third method
presented in this section is the nonmonotone spectral gradient (NSG) method, which
is a variant of “Global Barzilai-Borwein method” [23], such method combines the
two previous methods (a nonmonotone line search strategy with the Barzilai and
Borwein method). In Sect. 9.3 a review of the classical particle swarm optimization
is provided. Detail description of the new hybrid method is presented in Sect. 9.4. In
Sect. 9.5 numerical experiences are presented in the solution of some test problems.
The chapter is concluded in Sect. 9.6.
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9.2 Nonmonotone Spectral Gradient Method

9.2.1 Iterative Search Method and Step Size

It is well known that any solution of the unconstrained minimization problem

min f(x) 9.1)

xeR”

where f : R” — R is a continuously differentiable function solves the nonlinear
equations problem:

find x* € R" such that V f (x*) =0 9.2)

The methods proposed to solve it are usually iterative procedures: if x; denotes the
current iterate, and if it is not a good estimator of x*, a better one, xx4+1 = xx + g dx
is required. Here dj, is a search direction and «; > 0 is a steplength.

The search direction dy, is usually required to satisfy the descent condition

glde <0 9.3)

The descent direction can be obtained by different methods, such as steepest descent
method, Newton method, and quasi-Newton method. After the descent direction dj
is fixed, we need to choose a steplength o which will ensure a sufficient decrease
of f.

In the line search methods, we compute a steplength that decides how far xj
should move along the direction di. The steplength can be determined either exactly
or inexactly. In the exact line search method, we find o such that the objective
function f in the direction dj is minimized, i.e.,

[k +ogdy) = gl>1{)l f(xx + ady) 9.4

Generally, this method is too expensive and ineffective; hence, it has been practically
abandoned. Therefore the inexact line search methods are preferable. This class of
methods can be divided into two classes:

¢ The monotone line search method: In this method (Armijo, Goldstein, Wolfe,
and others) [2, 13, 26], one generates a limited number of trial steplength until it
finds one that provides a sufficient decrease of the objective function. The Armijo
rule, known also by the backtracking line search, is a good example of such line
searches [2].

¢ The nonmonotone line search methods: In such technique, some growth in
the function value is permitted, which gives rise to the term nonmonotone.
Nonmonotone scheme can improve the likelihood of finding a global optimum,
and can also accelerate the convergence process in cases where a monotone
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scheme is forced to creep along the bottom of a narrow curved valley. The
original nonmonotone line search strategy is proposed in [14].

9.2.2 Nonmonotone Spectral Gradient Methods

In 1988, Barzilai and Borwein [3] presented a new choice of step size for the
gradient method for solving unconstrained minimization problems. Their method
aimed to accelerate the convergence of the steepest descent method. The Barzilai—
Borwein method, referred to (BB) algorithm, requires few storage locations and
inexpensive computations. Therefore, several researchers have paid attention to it
and have proposed some variants to solve large-scale unconstrained minimization
problems. The convergence for quadratics was established by Raydan [22], and a
global scheme was discussed more recently for nonquadratic functions [23] that
uses a variant of the nonmonotone line search of Grippo, Lampariello, and Lucidi
[14]. Other developments in BB algorithm can be found in [5, 10, 29].

9.2.2.1 The Barzilai-Borwein Method
The gradient iteration form

Xk+1 = Xk — 08k 9.5)
can be written as

Xkl = Xk — Argk 9.6)

Where A; = ax!. In order to make the matrix A have quasi-Newton property, we
compute oy such that

min [[sg—1 — AgYr—1ll .7)
This yields that
T
Sg—1Yk—1
o = St —— 9.8)
Yi—1Yk—1

By symmetry, we may minimize ||A,:1sk_ 1 — Yk—1|| with respect to o and get

st sie
o = Sk—1°k—1 9.9)

T
Sp—1Yk—1
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Taking these ideas into account, the Barzilai—-Borwein gradient algorithm which
is known also as the spectral gradient (SG) algorithm is established in the following
algorithm:

Algorithm (The Barzilai-Borwein Gradient Method [3, 22])

Step 0. xo € R?, g € R, letk = 0.

Step 1. If ||g(xx)|| = O, stop, declaring that xj is stationary.
Step 2. Letd; = —gi

Step 3. Compute o by (9.8) or (9.9)

Step 4. Set xp41 = xp + axdy.

Step 5. Letk = k + 1, return to Step 1.

The most important features of the previous algorithm are [23]:

* In this method no matrix computations and no line searches are required.

» Every iteration requires two inner products, one scalar—vector multiplication, two
vector additions, and only one gradient evaluation.

* It is a gradient method which uses information of the two previous iterates.
It makes a difference with the steepest descent method, which uses only
information of the previous iterate.

o [t satisfies the weak secant equation: skT Apy18k = skT Vk-

e The scalar «x4+1 is a Rayleigh quotient of the matrix

1
/ V2 f(xx + tsp)dt
0

Barzilai and Borwein [3] proved that the above algorithm is R-superlinearly
convergent for the quadratic case. However, Fletcher [11] argued that, in general,
only R-linear convergence should be expected. Later, Raydan [22] established
global convergence for the strictly convex quadratic case.

In the general nonquadratic case, a globalization strategy based on nonmonotone
line search is suitable to Barzilai-Borwein gradient method [23].

9.2.2.2 The Nonmonotone Line Search Method

One possibility among several to ensure sufficient decrease of the objective function
is the Armijo condition [2]:

Fx + akdy) < f () + axydy g (9.10)

for some y € (0, 1). The Armijo backtracking rule chooses the integer #; minimal,
such that (9.10) is satisfied for ax = ap”* , where a > 0, g € (0, 1).

The Armijo line search requires the function value to decrease monotonically
at each iteration. As a result, it may cause the sequence of iterations following the
bottom of a curved narrow valley, which commonly occurs in difficult nonlinear
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problems. To overcome this difficulty, a credible alternative is to allow an occasional
increase in the objective function at each iteration. In 1986, Grippo, Lampariello,
and Lucidi [14] proposed a nonmonotone generalization of the Armijo condition
(9.10) for Newton’s method, which was used in several subsequent papers and led
to new nonmonotone algorithms.

In the nonmonotone line search, we will enforce a much weaker condition of the
form

dy) < _; dr 9.11
S Ok + ardy) _OEerPn%k,M}f(xk i) Foaryd; gk (9.11)

where M is a nonnegative integer and y is a small positive number.

9.2.2.3 Nonmonotone Spectral Gradient (NSG) Algorithm

The condition (9.11) allows the objective function to increase at some iterations and
still guarantees global convergence. This feature fits nicely with the nonmonotone
behavior of the Barzilai and Borwein gradient method.

In [23], Raydan combined the Grippo—Lampariello-Lucidi nonmonotone line
search [14] with the spectral gradient choice of steplength [3] to propose global
Barzilai and Borwein (GBB) algorithm. This method requires only a few stor-
age locations and inexpensive computations. Furthermore the global convergence
method is guaranteed by using a nonmonotone line search strategy. The NSG
algorithm [21], which is a variant of GBB algorithm [23], is presented in the
following:

Algorithm (Nonmonotone Spectral Gradient)
Letk =0.

Step 1. Detect whether the current point is stationary
If |g(xx) || = O, stop, declaring that xj is stationary.

Step 2. Backtracking

Step 2.1 Compute dy = —oxgi. Set A = 1.

Step 2.2 Set x = x; + Ady.

Step 2.3 If

X) < —i Md, 9.12
f&) _ijSTn%k’M}f(Xk i)+ v Ald, gk) (9.12)

then set Ay = A, Xx = X and go to Step 3,
else, define X,¢y € [07, 02A]. Set A = A,y and go to Step 2.2.
Step 3. Compute by = (si, Vk).
If by < 0, set a)+1 = omax, else, compute ay = (sk,sx) and axy] =
min{omax, max{omin, ax/br}}. Step 4. Let k = k + 1, return to Step 1.
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Remark 9.1

1. The computation of A, uses one-dimensional quadratic interpolation [5, 6].

2. The (NSG) algorithm cannot cycle indefinitely between Step 2.2 and Step 2.3,
since A{dy, gr) = —Aax|lgkll*> < 0 and y < 1, for sufficiently small value of A
the condition (9.12) is well defined.

9.3 Particle Swarm Optimization (PSO)

9.3.1 Metaheuristic Methods

In metaheuristic methods, one optimizes a problem by iteratively trying to improve
a candidate solution with regard to a given measure of quality. Metaheuristics
mainly invoke exploration and exploitation search procedures in order to diversify
the search all over the search space and intensify the search in some promising
areas. The advantage of metaheuristic methods is that they make few or no
assumptions about the problem being optimized (no need for accurate guess values,
derivatives, linearity, or a closed form) and can search very large spaces of candidate
solutions. The disadvantage is that they give no exact solution (although by careful
implementation, the results can be reproduced up to a given precision).
Some of the most popular metaheuristics are:

e The evolutionary algorithms, including: evolutionary strategies and genetic
algorithms [15]

¢ simulated annealing [18],

 ant colonies algorithms [9],

* particle swarm optimization [16],

e tabu search [12].

The research is very active and it is impossible to produce an exhaustive list of
different metaheuristic methods.

There are different ways to classify and describe metaheuristic algorithms.
Depending on the characteristics selected to differentiate among them, several
classifications are possible, each of them being the result of a specific viewpoint.
A distinction can be made between single-individual methods and population-based
methods. Algorithms working on single solutions are called trajectory methods
and encompass local search-based metaheuristics, like tabu search and simulated
annealing. They all share the property of describing a trajectory in the search space
during the search process. Population-based metaheuristics, on the contrary, perform
search processes which describe the evolution of a set of points in the search space.
Evolutionary algorithms and particles swarm optimization are good examples of
population-based algorithms.
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9.3.2 Swarm Intelligence

Swarm intelligence (SI), which is an artificial intelligence (AI) discipline, is
concerned with the design of intelligent multi-agent systems by taking inspiration
from the collective behavior of social insects such as ants, termites, bees, and wasps,
as well as from other animal societies such as flocks of birds or schools of fish.

Optimization techniques inspired by swarm intelligence have become increas-
ingly popular during the last decade. The advantage of these approaches over
traditional techniques is their robustness and flexibility. These properties make
swarm intelligence a successful design paradigm for algorithms that deal with
increasingly complex problems.

9.3.3 PSO as a Member of Swarm Intelligence

Particle swarm optimization (PSO) was introduced in 1995 by James Kennedy
(social psychologist) and Russell Eberhart (electrical engineer) to simulate the
natural swarming behavior of birds as they search for food [16].

The philosophy of PSO is based on the evolutionary cultural model, which
states that in social environments individuals have two learning sources: individual
learning and cultural transmission. Individual learning is an important feature in
static and homogeneous environments because one individual can learn many things
about the environment from a single interaction with it. However, if the environment
is dynamic or heterogeneous, then that individual needs many interactions with the
environment before it gets to know it. Because a single individual might not get
enough chances to interact with such environment, cultural transmission (meaning
learning from the experiences of others) becomes a requisite, too. In fact, individuals
that have more chances to succeed in achieving their goals are the ones that combine
both learning sources, thus increasing their gain in knowledge.

9.3.4 PSO Basic Algorithm

Suppose the following scenario: a swarm of birds is randomly searching food in an
area. There is only one piece of food in the area being searched. All the birds do
not know where the food is. But they know how far the food is in each iteration. So
what is the best strategy to find the food? The effective one is to follow the bird,
which is nearest to the food. PSO learned from the scenario and used it to solve the
optimization problems. In PSO, each single solution is a “bird” in the search space.
We call it “particle.” All of particles have fitness values, which are evaluated by
the fitness function to be optimized, and have velocities, which direct the flying of
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the particles. The particles fly through the problem space by following the current
optimum particles.

Let n be the dimension of the search space and Ps the number of particles
in the swarm, then x; = (x;1, X;2, ..., Xiy) denotes the position of the particle
i € (1,2,..., Ps) of the swarm, and p; = (pi1, pi2, ..., pin) denotes the best
position it has ever visited. The index of the best particle in the population (the
one which has visited the global best position) is represented by the symbol g. At
each iteration k in the simulation, the velocity of the i’" particle, represented as
v; = (vi1, Vi2, ..., Vin), is updated using the following equation:

vf;rl = vfj —i—clrl(pf»‘j —x{‘j)—i—czrz(p'g‘j —x{‘j) (9.13)
where ¢; and ¢y are the acceleration constants, »; and r, are random numbers
uniformly distributed in the interval [0, 1].

Each of the three terms of the velocity update equation (9.13) have different roles
in the PSO method.

The first term vf is responsible for keeping the particle moving in the same
direction.

The second term cjrq( pfj — xfj), called the cognitive component, acts as the
particle’s memory, causing it to tend to return to the regions of the search space in
which it has experienced high individual fitness. The cognitive coefficient c; affects
the size of the step the particle takes toward its individual best candidate solution
py-

The third term crp( p’g‘ i~ xikj), called the social component, causes the particle
to move to the best region the swarm has found so far. The social coefficient ¢,
represents the size of the step, the particle takes toward the global best candidate
solution p’é‘,, the swarm has found up until that point.

Once the velocity for each particle is calculated, each particle’s position is
updated by applying the new velocity to the particle’s previous position

X = gt (9.14)

This process is repeated until some stopping condition is met. Some common
stopping conditions include: a preset number of iterations of the PSO algorithm, a
number of iterations since the last update of the global best candidate solution, or a
predefined target fitness value. Pseudocode for a PSO is shown below:

PSO Algorithm

1. Create the initial swarm: Random positions and velocities;

2. Evaluate the fitness of each particle;

3. while k < Kmax

4.  for each particlei =1, ..., Ps

5 Update particle i according to equations (9.13) and (9.14);
6 if f(x;) < f(pi) then

7 pi = Xi;
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8. if f(x;) < f(pg) then
9. Dg = Xi

10. end if

11. end if

12.  end for

13. end while

9.3.5 Modification to the Basic Algorithm

Like many other metaheuristics, the PSO algorithm frequently faces the problem of
being trapped in local optima. Balancing the global exploration (diversification) and
local exploitation (intensification) abilities of PSO is therefore very important.

9.3.5.1 Velocity Bounds

Large velocities can cause particles to leave the defined boundary constraints of the
problem, which not only results in wasted effort due to discarded solution, but may
also cause the swarm to diverge rather than converge. To counter this problem the
particle’s velocity can be constricted to stay in a fixed range, by defining a maximum
velocity value Vinax and applying the following rule after every velocity updating:

Vij € [~ Vmax> Vimax] (9.15)

9.3.5.2 Inertia Weight

Motivated by the desire to provide balance between exploration and exploitation
process and reduce the importance of Vipax, Shi and Eberhart came up with
what they called PSO with inertia [24]. The inertia weight is multiplied by the
previous velocity in the standard velocity equation. The following modification of
the velocity update was proposed:

vt = wufy + e (pl; = x) + cana(ply — xfy) (9.16)
The inertia weight determines the contribution rate of a particle’s previous
velocity to its velocity at the current time step. A large inertia weight facilitates
a global search while a small inertia weight facilitates a local search. Therefore, the
inertia weight must be adjusted for a better exploration—exploitation trade-off.

The performance of PSO has been greatly improved through experimental study,
by introducing a linearly decreasing inertia weight into the original version of PSO
[25, 27]. The linearly decreasing inertia weight w decreases from (wmax) t0 (Wmin )
according to the following equation:
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OF = Dpmax — (Wmax — ®min) 9.17)
Kinax

where K., is the maximum number of iterations, and k is the current iteration.
Many other variations of inertia weight strategy have been proposed in the
literature, a review of such variations is given chronologically in [4].

9.3.5.3 Constriction Factor
Another method for controlling the behavior of the particle swarm is the introduc-

tion of a constriction factor. Such a method was first proposed by Clerc and Kennedy
in [8]. Velocities are constricted, with the following change in the velocity update:

vl = X f; + d1r(pfy — x5 + dara(pf; — X)) 9.18)

where

=1 +¢r>4 9.19)

2
X:
¢ — 2+ V@2 — 49|

The value of ¢ is commonly set to 4.1 and the constant multiplier y is
approximately 0.7298.

By using the constriction coefficient, the amplitude of the particle’s oscillation
decreases, resulting in its convergence over time.

Note that a PSO with constriction is algebraically equivalent to a PSO with
inertia. Indeed, (9.16) and (9.18) can be transformed into one another via the
mapping x <> o, ¢ < x¢1,and ¢z < x¢2.

9.3.6 Neighborhood Topologies

In the original PSO, two different kinds of neighborhoods were defined for PSO:

* Inthe gbest swarm, all the particles are neighbors of each other; thus, the position
of the best overall particle in the swarm is used in the social term of the velocity
update equation. It is assumed that gbest swarms converge fast, as all the particles
are attracted simultaneously to the best part of the search space. However, if the
global optimum is not close to the best particle, it may be impossible to the swarm
to explore other areas; this means that the swarm can be trapped in local optima.

* In the Ibest swarm, only a specific number of particles (neighbor count) can affect
the velocity of a given particle. The swarm will converge slower but can locate
the global optimum with a greater chance.

In [17] a systematic review of alternative “social” neighborhood topologies was
investigated.
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9.4 The Proposed Hybrid Approach

This section describes the new method for the unconstrained minimization problem.

The best characteristics of PSO (strong global search ability), are combined
with the good local search characteristics of the NSG, to develop a novel hybrid
algorithm; the proposed algorithm is called NPSOG. The NPSOG method is used
to find the global optimum.

Traditionally a hybrid PSO carries out first a certain number of iteration, and
then an iterative method (gradient type methods or another metaheuristic) is applied
to refine the approximations. On the contrary, in our new hybrid approach,' in
every iteration of PSO, we perform a local search, by NSG method, around p,,
if two conditions are satisfied. First, the new solution xf has to produce an objective
value lower than the old one (for the minimization problems). Second, a randomly
generated number has to be lower than the current corresponding loudness.

rand < A; &  fGeH < fah (9.20)

These conditions were also suggested in [7].

Note that the loudness parameter’ A; decreases as the particle gets closer to
optimum.

The following algorithm is a formal description of the NPSOG method

NPSOG Algorithm

1. Create the initial swarm: Random positions and velocities;
2. Evaluate the fitness of each particle;
3. while k < Kmax
4 for each particlei = 1, ..., Ps
5. Update particle i according to equations (9.13) and (9.14);
6 if f(xi) < f(p:) then
7 pi = Xi;
8 if f(x;) < f(pg) then
9. Pg =X
10. end if
11. if (rand < A; & f(xf) < f(xf_l)) then
12. Local search, by NSG method, around py;
13. Update p, and reduce A;
14. end if
15. end if
16.  end for

17. end while

IThe idea of this work was inspired by [19, 20].

2The loudness parameter was introduced for the first time by Yang in his famous article about bat
algorithm [28].
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9.5 Simulation Results

In this section, we study the numerical behavior of the implementations in Scilab
5.5.2, obtained for a set of standard test problems, by means of the algorithms
NPSOG, PSO, and CPSOG. Here CPSOG algorithm is a classical hybridization
between PSO and NSG in which the PSO carries out first a certain number of
iterations, and then the NSG method is applied to refine the approximations.

NSG Parameters
y = 1074 amin = 10730, apax = 100, 1 = 0.1, 0p = 0.9, M = 5, the
maximum number of iteration is Nmax = 100, and «g = 1/||V f (x0) ||co, Where xg
is the initial guess.

PSO Parameters

1. Population size = 100.

2. Maximum number of iterations Kmax = 100.

3. Acceleration constants c; = ¢p = 1.7.

4. The linearly decreasing method is adopted for the inertia weight, with (wmax =

1.4 wmin = 0.4)
5. fitness function = the objective function.

The Loudness Parameter
The loudness parameter was updated as follows [7]:

Ag— A
0~ 7 (k — Kmax) + Ao 9.21)

A= —+——
1 — Kmax

where the index 0 and oo stand for the initial and final values, respectively (A¢g =
0.9, Ax =0.6).

Below, we list the test functions solved by the algorithms. These test functions
have different features, with known global optima [1].

1. Extended Powell singular quartic function
n/4
Sr= Y [Gcaio1 4 10x4-2)* 4+ 50eai—1 — x40)* + (xai—2 + 2x4i-1)* + (eai3 +
i=1
10x4:)*1,
x; € [—100, 100], f1(x*) =0.
2. Goldstein-Price’s function
fo=1[14 (1 +x2+ 1?19 — 14x; + 3x% — 14xy +6x1x7 + 3x%)][30+ 2x) —
3x2)2(18 — 32x1 + 12x7 + 48x; — 36x1x2 + 27x3)],
xi € [-2,2], fo(x*) =3.
3. Shubert function

5 5
f3= 2 jeos((j+ Dxi+j) X jeos((j + Dxz + j),
j=1 j=1
x; € [-50,50], f3(x*) = —186.7309
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[ Set the PSO parameters ]

l

i=1

pk is the best particle in thew
current population

Local search, by NSG
k=rkh 1] method, around p¥ ]
Set xX the solution found by =i
NSG —

[ Update A; by (21) j

FO) < f(pg)?

Fig. 9.1 Flow chart of the NPSOG algorithm
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4. Rastrigin function
fa = x12 + x% — 10cos(2mxy) — 10cos(2mxp) + 20
xi € [=2,2], fu(x*)=0.

5. Function f5

fs = sinz()cl2 + x%) + xl2 + x%,

x; € [-50,50], f5(x*) =0.

In the following tables we report the smallest value in the objective function
reached by the algorithms for 10 runs, the average of minimums and the standard
deviation? (SD).

Note that the Standard Deviation is defined by

1 N
5 D (e —e)?

i=1

where e* is the optimal solution, ¢; is the solution from the ith run, and N is the
number of runs.

9.6 Conclusion

The numerical results of Tables 9.1, 9.2, 9.3 show that, in general, the smallest value
in the objective function, the average of minimums and the standard deviation given
by NPSOG are significantly smaller than those given by CPSOG.

Note that the results given by the two hybrid approach and the results NPSOG
and CPSOG are more better than those given by PSO algorithm because of the use
of the local search by NSG method.

Table 9.1 Comparison between the smallest value in the objective functions

F(n) PSO CPSOG NPSOG
fi(d) 60.31219 0.0000227 6.236e — 10
£1(40) 6.152¢ + 08 25.423383 3.219¢ — 12
£1(100) 1.122e + 10 403.40584 7.712¢ — 11
£(2) 6.0209915 3 3

£(2) —182.3714 —182.3714 —182.3714
£02) 1.0540639 0 0

15(2) 0.9867069 4.413¢ — 20 4.413¢ — 20

4 n is the problem dimension

3The standard deviation is used to indicate the stability of an algorithm, a more stable algorithm
should produce a smaller value of this measurement.
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Table 9.2 Comparison between the average of minimums

F(n) PSO CPSOG NPSOG
fi4) 487146.39 7.6065385 1.423e — 08
f1(40) 3.179e + 09 2297.8701 0.0000002
f1(100) 1.605¢ + 10 11346.13 0.0000001
£(2) 28.689424 11.1 3

(2) —113.02962 —154.36692 —186.73091
f4(2) 4.5429155 1.4924381 2.487e¢ — 15
f5(2) 33.649999 3.727e¢ — 12 1.829¢ — 12

Table 9.3 Comparison between the standard deviations

F(n) PSO CPSOG NPSOG
fi@) 666877.15 14.679889 1.956e — 08
f1(40) 3.476e + 09 3924.3487 0.0000002
f1(100) 1.622¢ + 10 13593.779 0.0000002
£(2) 33.274943 14.788509 5.217e — 14
@2 88.243807 54.743889 0.0000088
f4(2) 4.9680153 1.8074318 5.838e — 15
f5(2) 39.456341 8.285¢ — 12 5.755e¢ — 12

We conclude that our proposed method seems to be an interesting candidate for
solving unconstrained differentiable optimization.
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Chapter 10 ®)
Detection of HIV-1 Protease Cleavage Qe
Sites via Hidden Markov Model and
Physicochemical Properties of Amino

Acids

Elif Dogan Dar, Vilda Purutcuoglu, and Eda Purutcuoglu

10.1 Introduction

AIDS(acquired immunodeficiency syndrome) is a disease that weakens the immune
system by reducing the T-cells in the body which fight off infections [28]. In 2017,
around 37 million people globally were living with HIV making 77 million since
the start of the epidemic. Furthermore, approximately 1 million people died from
AIDS-related illnesses in 2017 making a total of 35 million people since the start
of the epidemic [35]. HIV-1 (human immunodeficiency virus-1) is the virus which
causes AIDS gradually [7]. However, HIV-1 protease enzyme is needed for HIV-1
to be active. It cleaves newly synthesized polyproteins of the host cell to create the
mature protein components that a HIV virion requires [15]. Usually, this enzyme
extends to 8 amino acids long octamer sites on the polyprotein to cleave between
the 4th and 5th amino acids [18]. Occasionally, these cleavage sites can also be
heptamers or nonamers. HIV-1 protease inhibitors are good candidates for the AIDS
treatment. Therefore, learning the key and the lock relationship between the enzyme
and cleavage sites are crucial to finding the proper inhibitor key which locks the
enzyme and prohibits it to create new active proteins for the virion. On the other
hand, it is impossible to experimentally test all possible cleavage sites. Because
there are 20 amino acids possible at each position, resulting in 208 = 2.56 x 10'°
cleavage sides. Hence, several methods have been used in the literature to predict
the cleavage sites given earlier experimentally checked data.
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In the literature, some well-known approaches are used to predict HIV-1 cleavage
sites including support vector machines(SVMs) [3], artificial neural networks
(ANNS) [2, 33], and different encoding techniques [34], such as orthonormal
encoding (OE) [2, 23]. In addition, the physicochemical properties of amino
acids are being used in many papers. For instance, Jaeger et al. [10] use 4
biophysical properties, namely, hydropathy index, molecular mass, polarity, and
occurrence percentage and Kim et al. [14] suggest a feature subset selection method
using multi-layered perceptron (MLP) learning. Also, some researchers perform a
subset of physicochemical properties from the AAIndex database [24, 34]. For a
comprehensive review on the HIV-1 cleavage site detection, Rognvaldsson [27] can
be also seen.

Hereby, the present study proposes a hidden Markov model to capture the
sequential nature of the problem. Hidden Markov model (HMM) is a model
which utilizes the sequential relationship of the data unlike many other methods
above. HMM is successfully applied to speech [13], handwriting [12], and gesture
recognition [30] as well as biological applications such as the sequence alignment
[5, 25], gene prediction [20], and the protein modeling [31, 36]. HMM is also
implemented to the HIV-1 cleavage site detection problem [11]. However, in this
model, random starting parameters are given to HMM instead of a guided choice.
In the present study, guided starting parameters using physicochemical properties of
the amino acids from the AAlIndex database [22] are proposed inspired by the work
of Zhang et al. [37]. Indeed, the physicochemical properties have been used earlier
in the HIV-1 protease research [24, 34] but not in conjunction with HMM.

Hence, there are 544 features for each amino acid in this database. Since many
machine learning algorithms suffer from the high dimensionality of the feature set,
we implement a clustering based feature selection approach in our analyses [4, 19].
Here, we apply different strategies. Initially, we examine the k-means clustering
and the hierarchical clustering methods based on the correlation measures and then,
we randomly choose a representative from each cluster. Also, we perform the k-
medoids clustering and select medoids as the cluster representatives. Later, we
create hidden states including amino acids using chosen features. On the other side,
since an amino acid can be grouped in multiple ways according to common features,
it can share with groups. Due to this fact, the nature of the problem can be considered
under a fuzzy clustering [1, 8, 17] and in this study, we use these methods too.
Finally, by using the proposed approaches, we show that the states which we create
give better results than earlier states suggested by Zhang et al. [37]. In that paper,
they built a graph using the number of common features that amino acids share and
declare the cliques of this graph as states.

Thus, in the organization of the study, we present HMM and its inference via a
toy dataset in Sect. 10.2. In Sect. 10.3, we represent the application in a real dataset
and discuss the outputs. Lastly, in Sect. 10.4, we conclude the outputs and present
our future work by discussing both its mathematical and social aspects.
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10.2 Hidden Markov Model

The hidden Markov model(HMM) is a special case of the probabilistic graphical
models where entities are represented by nodes and dependencies by edges between
them. In general, the probabilistic graphical models are intractable. However, in
HMMs, most of the dependencies are replaced with independence relations. These
assumptions help to make the problem tractable while keeping the necessary spatial
dependencies. HMM has a sequence of observations and a sequence of states which
produces them. We denote the observation sequence as O = (01, O3, ..., Or)
where each observation is an object from the set o = {01, 02,...,0)}. Here,
T represents the length of the observation and state sequences, and M denotes
the number of possible observations. The hidden states which produce these
observations are shown by S = (81, S2, ..., S7) where each state is an object from
aset of states s = {s1, 52, ..., sy }. Here, N represents the number of possible states.
We also define the following conditional independence assumptions.

e P(O|S1,...,87,01,...,01) = P(Of|S;) forany 1 <k <T.

* P(0;, 041S;, §j) = P(0O;|S;, S;) P(0;1S;, S;) = P(O;|S)P(0;|S;) for 1 <
i,j=<T.

o P(SklS1,...,Sk—1) = P(Sk|Sk—1) forany 2 < k < T, 1i.e., states form a Markov
chain.

Because of these assumptions, the joint probability of the system can be written as

P(O,....07,81,....57) = P(Oy,...,07ISy,....ST)P(S1,.... S7)
P(O11S1)P(02152) ... P(OTIST) P (S P(S52181)
P(83182) ... P(STIST-1)

T T
= (1‘[ P<0,~|S,~>) P(S1) (1‘[ P(Silsl-_w). (10.1)

i=1 i=2

Therefore, to define an HMM we only need the probabilities below.

* Transition probabilities: a;; = P(S; = j|S;—1 =i)for1 <i,j < N.
* Emission probabilities: b;; = P(O; = j|S; =i)forl <i < Nand1 < j < M.
* Initial probabilities: m; = P(S1 =s;) for1 <i < N.

Furthermore, we can write transition and emission probabilities in a matrix form,
say A and B and initial probabilities as a vector 1. Hereby, we denote parameters
for HMM as A = (A, B, IT). In modeling via HMM, we are interested in basically
solving three problems:

* Finding likelihood of an observation sequence given a HMM with parameters A,

* Finding the most probable state sequence given the model parameters and the
observation sequence,

» Estimating the model parameters given sequences of states and observations.
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Fig. 10.1 Hidden Markov model; nodes represent hidden states and observations while edges
indicate the dependencies among them

In the following part, we represent each step in detail by using a toy example whose
description is also presented (Fig. 10.1).

10.2.1 Toy Example

For illustrative purposes, we use the following example which is modified from the
Eisner’s paper [6]. Let us say the number of ice creams that a person eats every
day depends on the weather, which will be taken as either cold or hot. Also, let
the number of ice creams she/he eats be from the set {1, 2, 3}. Here, the weather
is the hidden variable where the number of ice creams is observed. Therefore, we
have S = {H, C} and O = {1, 2, 3}. Accordingly, the parameters of the model are
defined as below:

A [PSi=HIS1=H) P(S =Cl|S—=H)] _[0603
TIPS, =H|Si.1=C) PSS, =C|S_1=C)|  |0405]

5 _ [P0 =118 = H) P(O; =2IS; = H) P(O; =3|S; = H)| _[020.4 0.4
| P(O,=1|S;=C) P(O;,=2|S:=C) P(O; =3|S;=C)| |05040.1]|

- [P(S] = H)] _ [o.s]'
P(S; = C) 0.2

We use this example to elaborate the calculations of the HMM steps.

10.2.2 Calculation of Likelihood

In some problems, we might be interested in finding the likelihood of an observation
sequence given the model parameters while the state sequence is hidden. There are
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three major approaches for this calculation. We firstly describe the most natural
way to solve this problem, which is the naive approach, and continue with faster
counterparts: forward and backward algorithms.

10.2.2.1 Naive Approach

In this computation, we initially find the likelihood given a specific state as shown
earlier and then, we sum over all possible states as below.

P(O[n) =) P(0, S|, (10.2)
N

where A is the model parameter. In Eq. (10.2) there are N7 possible states.
Therefore, when N and T are large, this approach becomes computationally
demanding in the order of O(NT) to calculate the likelihood. If we apply this on
our toy example, assuming the observations for 3 days to be O = (2, 1, 3), the
likelihood of this observation sequence is found by

P(O=(2.1.3)]0) =) P(O=(2.1,3).5 = (s1.5.53)[). (10.3)
N
To find the sum in Eq. (10.3), let us first calculate one specific element in the sum,
such as S = (H, H, C), by using Eq. (10.1). Here, we obtain

P(O=(Q2,1,3),§=(H, H,C)|») = P(O1]51)P(02]|$2) P(03]53) P(S1) P (52| S1) P(S352)
PQ2IH)P(1|H)P(|C)P(H)P(H|H)P(C|H)

=04x02x0.1x0.8x0.6x0.3.

We have to repeat this calculation 23 = 8 times for different state sequences. Then,
we need to compute their sum in order to obtain the likelihood. But, in real life
examples, the number of state sequences can be very high. Thereby, another method
which is faster than this naive approach is necessary.

10.2.2.2 Forward Algorithm

The forward algorithm [16] is a dynamic programming example where we break
the problem into subproblems and use the earlier results in a recursion. In this
way, we can solve the inference problem faster than the naive approach. Hereby,
the likelihood of the observation sequence and a specific state at the last position
of the state sequence given model parameters summed over all possible states are
presented as below.
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N
P(O|)) = P, (0) = Z P(ST =5, O|)). (10.4)

i=1

Thus, in order to find the term in the summation conditional on the model parameters
A, we define

ai(Sk) = P.(Sk = si, O1, ..., Op). (10.5)

The value in the sum is simply equal to a7 (s;). To be able to find this term in
Eq. (10.5), we can write it recursively via

SN

(S = Y Pu(Sk Ske1. O1...., 0p)
Sk—1=51
SN
= D Pu(OklSk, Sk-1, 01, ooy Ok ) Pi(SkISe-1, Ot Ok Pa(Si-1, Ot ., Og1)
Sk—1=51
SN
= D Pu(OISOP(SKISk-1) Pi(Sk-1, 01, ..., Ok—1)
Sk—1=51
SN
= Z bsk<0kaxk7|.skak7](sk*|) (106)

Sk—1=51

for2 <k < T, and for k = 1 we have
a1 (S1) = Pi(S1, O1) = Pu(S1) Pi(01181) = II(SD)bs, 0, - (10.7)

Here, we recursively find o1 (S1),...,a¢7(ST) and sum a7 (ST) over all possible
values of St to get the likelihood of interest. We complete the forward algorithm
with the complexity O(N>T'). For large values of N and T, this complexity is lower
than the complexity of the naive approach. Accordingly, let us see how the algorithm
works on our toy example for O = (2, 1, 3):

P,(H)P,(2|H) forsi =H

a1(S1) = P.(S1) P (01181) = { ,
P.(C)P,(2|C) fors; =C

SN
a2(S2) = Y Pi(0a2|$2) Pr(SalSnai (1)

S1=51
= PL(1182) Pi(S2|H)a 1 (H) + P.(1182) Pi($2]C)ai (C)
_ | B (H) P(H|H)ai (H) + P (11H) P, (H|C)a1 (C) - for sy = H
P(1|C) Po(C|H)a1 (H) + Pi(1|C) P (C|C)ay (C)  forsy =C
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SN
D Pi(03183) Po(S3]82)a2(S2)

So=s1

Py.(3183) P (S3|H)aa (H) + P5.(3153) Pr(S3]C)e2 (C)

a3(S3)

_ | B GIH) P(H|H)ao(H) + PLGIH) P (H|C)aa(C) - forss = H
P GIC)P(ClH)az(H) 4+ PL.G|C) PL(C|C)az(C)  fors3 =C

Thus, finally we can obtain

P(0=(2,1,3)) =a3z(H) + a3(C). (10.8)

10.2.2.3 Backward Algorithm

The Backward algorithm [16] is similar to the forward algorithm, except the starting
point of the calculation. Hereby, we find the likelihood by the following expression.

P (0) = P.(S1 =i, 0)

M-

I
_

Py (S1 =) P.(01|02, ..., 071, 81 =5i)Pr (O3, ..., Or|S1 =57)

Il
AMZ

I
-

Py (S1 =) P.(01|S1 = 5i) P.(O2, ..., OT|S1 = 5)

—

|
.MZ

I (si)bs; 0, Pr (02, ..., OT|S] = 57). (10.9)

Il
.MZ

i=1

To obtain the solution, we need to obtain the last term in the sum and we compute it
by recursively using the following definition.

Bi(Sk) = Pr(Og41,---» ON|1Sk) (10.10)

SN
Y PO, O, Sk+11Sk)
Sk+1=51

SN
D PuOks2,- s OTISk41s Sk Ok 41D Pa(Ok1 1Sks15 k) Pa(Sir1150)
Sk41=51

SN
> Pu(Oks2. s OT ISk 1) POkt Sk 1) P (S 1150)
Sk4+1=51
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SN
= D Bt Skt bs, 1. 000195 St (10.11)
Sk4+1=51

for1 < k < N—1.For 87(ST), we cannot use the above definition since it involves
Op +1 which does not exist. So, if we use our recursion formula for k = T — 1,

Broi(St—1) = Y P(Or, Sr|S7-1)

STZX]
SN
= Z Br (ST) Po.(O7[ST) Pp.(ST|ST-1)- (10.12)
St=s1

But P, (O7, S7|ST—1) can be also written as,

P.(Or, S7|S7-1) = PA(O1|ST, ST—1) PA(ST|ST-1)
= P(Or|ST) P (ST|ST-1)- (10.13)
Therefore, for Eq. (10.13) to hold, B7(S7) = 1. Now by using Eq. (10.1) and the

definition of B, we can get

N
P(0) =Y M (s)by;.0,f1(S1 = s7). (10.14)

i=1

10.2.3 Viterbi Algorithm: Inference of the Most Probable Path

The Viterbi algorithm [16] is a recursive algorithm that is used to find the most
probable sequence, also called path, given the observation sequence and parameters.
In the calculation, after initialization of the state, at each step, we use the earlier
paths which we find. More formally, our aim is to find

S$* = argmax P(S|0). (10.15)
N

Note that:
If f(a) > 0 for all a and g(a, b) > O for all a, b, we have

ma})x fla)g(a,b) = m;lx {f(a) m}le g(a, b)}, (10.16)

and we have
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argmax P(S|0) = argmax P (S, O) (10.17)
s s

since P(O) does not contain any element from hidden states. Now let us define the
function p and the recursion by using Eq. (10.16) as below.

Hk(Sk)=SmaX P(Sy, ..., Sk, O1, ..., Op)
Lseees k—1
= g max P(Or|Si) P (Sk|Sk—1)P(S1s -+, Sg—1, 01, - -+, Og—1)
Lseees k—1
= max P(O|Sk) P(SkISk—1)  max P(Sy,...,S8—1,01,..., Op_1)
Sk—1 S15eerSk—2
= max P(Op|Sk) P(Sk|Sk— 1)1k —1(Sk—1) (10.18)
k—1

for 2 < k < T, and by definition ©1(S1) = P(S1, O1) = P(S1)P(01]S1). So, we
find the sequence of the state which leads to

maxp,T(ST): max P(S] ..... ST,Ol ..... OT). (10.19)
St 81,087

.....

For this purpose, at each iteration we note the most probable state and the path which
satisfy these conditions. We can explain the application of this searching process via
our toy example. Let O = (2, 1, 3), then,

P(H)PQIH) forsi=H 032 fors;=H
P(C)PQ|C) fors;=C 0.08 fors; =C

u1S1 = PSP (01|81 = (10.20)

Since the maximum is achieved when S| = H, we have argmax P(S1|01) = H.
By using Eq. (10.20), we calculate w as follows.

P(1|H)P(H|H)u(H) forsy = H,so = H
P(I1H)P(H|C)p1(C) forsy =C,sp = H
P(|C)P(C|H)u1(H) fors; = H,sp =C
P(IC)P(C|IC)1(C) fors; =C,50 =C

u2(82) = max P(02|82) P(S2|S1)m1(S1)
1

0.0384 fors; = H,s» = H

. 4 £ = =H
_ 0.0064 for s1 = C, s . (10.21)
0.0480 fors; = H,so =C

0.0200 fors; = C,s0 =C

Therefore, we obtain the most probable paths as S| = H,S» = H, and S| =
H, S> = C.If we continue the iteration by the same way via Eq. (10.21),
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PQB|H)P(H|H)uy(H) forsy = H,s3 = H
PQB|H)P(H|C)u2(C) forsp =C,s3 = H
PQ3|C)P(C|H)u(H) forsp = H, 53 =C
PGBIC)P(C|C)ua(C) forsp =C, 53 =C

u3(83) = max P(03]853) P(S3182)1n2(S2)

0.009216 forsi =H,so=H
_ 0.007680 fors; =C, 52 - (10.22)
0.001152 forsy =H,sp =C

0.002400 fors; =C,sn =C

Hence, we get the most probable paths as S = H, S = H,S3 = C and S =
H, S> = H, S3 = H. Finally, by using the results in Eq. (10.22), we reach

max 3(S3) = max {j13(H). 13(C)} = max (0.009216. 0.002400} = 0.009216. (10.23)
3 3

As a result we conclude that the path, which presents S| = H, S» = H, S3 = H, is
the most probable path if the sequence of observations is O = (2, 1, 3).

10.2.4 Baum-Welch Algorithm: Estimating the Model
Parameters

The Baum—Welch forward backward method [5] is an iterative algorithm which
is also a special case of the expectation—-maximization approach. Here, we start the
calculation with an initial guess of the parameters and by using data in hand, we aim
to make better estimates for the model parameters A iteratively until A converges.
In these computations, we use the following expression for the estimator of the
transition probability between the ith and the jth variables, i.e., states.

Expected number of transitions from i to j

oo — 10.24
i Expected number of transitions from i ( )
To find these expectations, we apply the following equation.
&, j)=P(S; =1, 841 =jl0,2), (10.25)
_ P(S; =1, S4+1=J, 0[A)
B P(0l3) ’

Oy (St = Si)aijbst+1:S_/,0t+]IBH-l(Sl-H = S])
Z;V:l ar(S; = s;)Bi (S = 5)
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In Eq. (10.25), we can find the denominator by using only the forward or only
the backward algorithm too. Then, by computing the function &£, we can write the
estimator for a;; as

. > &G )
ajj = T—1 N - . (10.26)
t=1 Zk:l &3, k)
Similarly, to estimate the emission probability matrix B we can use,
N Expected number of times being in state s ; and observing oy
bj(ox) = - — . (10.27)
Expected number of times being in state s ;
Accordingly, the meaning of y; is
. : P(S =j, 0I») o (S = 5B (St =57)
v(j) = P(S = /10,0 = = . (10.28)
' ' P(013) Y (S =B =5j
Finally, we can write our estimate for b; as follows.
T .
. —1 st Op=oy Vi (J)
bj(or) = i Lot On=ox T2 (10.29)
thl Vi (J)
Also, we can state the estimate of the initial probability 7 as
i = y1(0). (10.30)

10.3 Application

10.3.1 Data Description

In our work, we use the HIV-1 protease cleavage 746 dataset [27]. The data contain
the lists of octamers (8 amino acids) and a flag depending on whether the HIV-1
protease will cleave in the central position (between amino acids 4 and 5). There
are 401 cleaved and 345 non-cleaved octamers. We also use the physicochemical
properties of amino acids from the AAlIndex database [22]. In this database, there
are 544 properties taken as continuous variables for each amino acid. We discard 14
of them since they contain null values.
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10.3.2 Creation of States

In modeling our data via HMM, there are 8§ bit observation sequences where each
observation is from a set of 20 standard amino acids, namely, A,R, N, D, C, Q, E, G,
H LL K,M,F P, S, T,W,Y, and V. Each observation has a hidden state behind it,
which we form by using physicochemical properties of amino acids. Furthermore,
we accept that if we replace an amino acid of a cleaved sequence with another amino
acid having similar properties, it is more likely that the new sequence will also be
a cleaved sequence. Therefore, we group amino acids according to the similarities
based on physicochemical properties and use that information as their hidden states
in the model.

After discarding features with null values, we have 530 features that can be taken
for the analyses. On the other hand, when a clustering algorithm is used with a
large number of features, typically, it can perform poorly due to outliers or highly
correlated variables. Therefore, in our calculation, we implement some feature
selection methods to decrease the number of features. For this purpose, initially,
we group the features via the same AAIndex data by treating features as instances.
Here, we use the k-means [9], k-medoids [26], and the hierarchical clustering [21]
techniques. In the k-means and the hierarchical clustering approaches, we form a
subset of features by choosing a variable randomly from each cluster. On the other
side, in the k-medoids, we select the cluster medoids as the cluster representatives.
Furthermore, we try different numbers of feature subsets that change from 30
to 60 with an increment of 5 in order to detect the optimal number of subsets.
Additionally, we construct the model without performing any feature selection and
compare it with the models with the feature selection in order to observe the effect
of these clusterings in modeling.

Thereby, by using the underlying subsets of features, we group amino acids
to create the states. Here, we accept that an amino acid can share many different
properties with multiple groups. Thus, we prefer the fuzzy clustering [1], rather
than classical clustering approaches, in our analyses. In this way, an amino acid can
belong to more than one cluster with a membership degree between 0 and 1, and the
sum of the membership degrees adding to 1. Among alternative fuzzy approaches,
we select the most well-known ones, namely, the fuzzy k-means [1], Gustafson and
Kessel-like fuzzy k-means [8], and the fuzzy k-medoids [17]. The fuzzy k-means
is similar to usual the k-means method, where the Gustafson—Kessel-like fuzzy k-
means considers non-spherical clusters too. In the fuzzy k-medoids, the medoids
are being taken as the cluster representatives instead of artificial means. Finally, we
assign amino acids to a state if the membership degree is greater than 0.1.

On the other hand, in our calculations, since there are 20 amino acids to cluster,
the number of clusters cannot be more than 10. Whereas, we see that when the
number of clusters is less than 5, too much information is lost. Therefore, we try and
compare the number of states from 5 to 10 in order to detect the optimal number.
Also, we standardize the features before clustering to avoid any bias caused by the
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Table 10.1 States created by
the fuzzy k-medoids approach
with 9 number of states using
60 features which are
determined via the
hierarchical clustering

States | Amino acids
R,N,D,C,Q,M,P, W, Y
C,LM,EPWY
R,N,D,C,G,P,S, T, Y
A,N,C,G,M,P,S
ILL,M, W

C,G LM,V

R,N,K

D,E, P

N,C,H,W,Y

NeRECCRIEN e R R N O R

variance of the features. In Table 10.1, we present 9 states created by the fuzzy
k-medoids method using 60 features chosen by the hierarchical clustering.

10.3.3 Initialization of the EM Algorithm

On the other side, while doing the inference on emission, starting and transition
probabilities, we use the Baum—Welch EM algorithm, which can converge to a local
maximum instead of the global maximum [5]. Therefore, we give a clever starting
point to the algorithm in order to increase the probability of reaching the global
maximum in our calculation. Hence, we use data in hand to make a good prediction
in the following way.

1. Calculation of initial probabilities: To calculate the starting probability of a state,
we count all the sequences in the training data which start with amino acids
that this state includes. Then, for all states, we divide them to the sum of these
counts to turn these counts into probabilities. For example, let us say we have 15
sequences in the training data where 5 of them starting with A, 2 starting with
S, and 8 starting with V. State 3 contains A, therefore, its count is counted by
2; State 4 contains both A and S, therefore, its count is set to 2 4+ 5; and State
6 contains V, hence, its count equals to 8. Thus, the probability of the first state
being State 3 is found as 2/17, the first state being State 4 is equated to 7/17
and the first state being State 6 is computed as 8/17 while all other values in the
vector I being 0.

2. Calculation of emission probabilities: To estimate the probability of observing
an amino acid given a state, we apply the following procedure. With the 0.9
probability, we observe one of the amino acids that this state includes, and with
the 0.1 probability, other amino acids that this state does not include. As an
example, State 1 includes 9 amino acids where the probability 0.9 is equally
distributed among them, each having probability 0.9/9, and the rest of the amino
acids has the 0.1 probability equally distributed among them, each having the
probability 0.1/11.

3. Calculation of transition probabilities: We know the corresponding states for each
amino acid of our sequences in the data. For example, Table 10.2 shows the
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corresponding states for amino acids of the sequence AIMALKMR. For example,
as seen in Table 10.2, there are 2 transitions from State 5 to State 5 and there is
a 1 transition from State 5 to State 2 given only the sequence AIMALKMR.
In this way, we count all transitions coming from all sequences in the training
set. Afterwards, for each state, we sum all transitions from this state to all states
including itself and divide counts of all transitions from this state to this number.
Accordingly, we can turn it into a probability distribution. In case of the sum
being 0, the probability of this row is taken equally distributed as 1/N for each
state.

Figures 10.2 and 10.3 show the count matrix and the transition matrix produced
by using only the sequence AIMALKMR.

10.3.4 Modeling the Data via HMM

In our calculation, we initially split cleaved and non-cleaved data into 90% of train-
ing and 10% of the test data. Then, we only use the test data after finding the optimal
model parameters through training. Using initializations for the model parameters,
we apply the Baum—Welch EM algorithm with the 1000 maximum numbers of
iterations, and the convergence criteria for the change of the log-likelihood equal
to 0.001. Furthermore, in all analyses, we conduct the R programming language
and we utilize the aphid R package for the calculation.

Table 10.2 Corresponding states of the amino acids in the sequence AIMALKMR

Sequence A I M A L K M R
States 4 2 1 4 5 7 1 1
5 2 2 3
6 4 4 7
5 5
6 6

Statel  State2 State3 State4 State5 State6 State7 State8 State9

Statel 1 0 1 1 0 0 1 0 0
State2 2 1 1 1 1 1 1 0 0
State3 0 0 0 0 0 0 0 0 0
State4 1 1 1 1 2 1 1 0 0
State5 2 1 1 2 1 1 2 0 0
Stateb 2 1 1 2 1 1 1 0 0
StateT 1 1 0 1 1 1 0 0 0
State8 0 0 0 0 0 0 0 0 0
State9 0 0 0 0 0 0 0 0 0

Fig. 10.2 Counts of the transitions between states produced from the sequence AIMALKMR
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Statel State2 State3 State4 StateS State6 State7 State8 State9

Statel [ 1/4 0 1/4  1/4 0 0 1/4 0 0
State2 | 2/8 1/8 1/8 1/8 1/8 1/8  1/8 0 0
State3 | 1/9 19 1/9 1/9 1/9 1/9 1/9 1/9  1/9
Stated | 1/8 1/8 1/8 1/8 2/8 1/8  1/8 0 0
State5 | 2710 1/10 1/10 2/10 1/10 1/10 2/10 0 0
State6 | 2/9 1/9 1/9 2/9 1/9 1/9  1/9 0 0
State1 | 1/5  1/5 0 /5  1/5  1/5 0 0 0
State8 | 1/9 1/9 1/9 1/9 1/9 1/9 1/9 1/9 1/9

State9 \ 1/9 1/9 1/9 1/9 1/9 1/9 1/9 1/9  1/9

Fig. 10.3 Transition matrix produced from the sequence AIMALKMR

Moreover, the optimum values of the hyper-parameters are selected by using the
10-fold cross validation on the training data. The cross validation is used to reduce
the bias stems from the random selection of data. Accordingly, the training data are
divided into 10 folds and 9 of them are used for the training data as well as the last
one is used for the validation data. Finally, we repeat this process 10 times until we
utilize all 10 folds as the validation data.

To classify the sequence as cleaved or non-cleaved, two separate HMMs are
trained on the cleaved and non-cleaved datasets, respectively. We declare these
sequences as cleaved if the likelihood of belonging to cleaved HMM is greater than
the non-cleaved HMM and vice versa. This way, we calculate the false positive
(FP), false negative (FN), true positive (TP), and the true negative (TN) values. To
measure the quality of our classification, we compute the precision(pre), recall (rec),
accuracy (acc), Matthews correlation coefficient (MCC), and the F-measure (F). The
formulas of these measures are also represented as below.

.. TP
Precision = ———,
TP+FP
TP
Recall = ,
TP+FN
TP+TN
Accuracy = —————————,
TP+TN+FP+FN
(TP x TN) — (FP x FN)
MCC =

/(TP+FP) x (TP+EN) x (IN+FP) x (IN+EN)

Precision x Recall
F-measure = 2 x

Precision+Recall

Lastly, after deciding the final model, to avoid over optimism caused by the
overfitting, we declare results by using the test data whose final model has not been
seen yet.
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10.3.5 Results

In this section, for brevity, we refer to the fuzzy k-means method as fkm,
Gustafson—Kessel-like fuzzy k-means as GKfkm and the fuzzy k-medoids approach
as fkmed.

1. Effect of the number of states when other hyper-parameters are fixed: The
number of states does not have a linear effect on the accuracy values when other
parameters are fixed. Figure 10.4 shows the accuracy as a function of the number
of states and the feature selection methods with the number of features used as
60 (Fig. 10.4a—c) or no features used (Fig. 10.4d). As seen in Fig. 10.4, when
GKfkm is used, the accuracy increases with the number of states except from the
case when the number of states changes from 5 to 6. In that case there is a slight
decrease. On the other hand, there is no common pattern when other techniques
are used. In our analyses, totally, we perform 3 feature selection techniques, 7
different number of features, and 3 state selection techniques, which makes a
total of 3 x 7 x 3 = 63 possible cases. This number becomes 66 when we
include cases when we do not implement any feature selection. Out of these 66
cases, 40 of them give the best accuracy when the number of states is 10, 14 of
them give the best accuracy when the number of states is 9, 5 of them give the
optimal accuracy when the number of states is 8, followed by number of states
5, 6, and 7, respectively. Hence, we conclude that the large numbers of states
produce more accurate results.

2. Effect of the number of features on the accuracy: Figs. 10.5, 10.6, and 10.7 show
the accuracy as a function of the number of features for different feature selection
and state selection methods. As seen in the figures, the effect of the number
of features highly depends on the methods used. Moreover, the change in the
number of features does not have an effect on the accuracy when GKfkm is
applied. Also, fkm is very robust to the changes in the number of features only
when the hierarchical feature selection method is performed. Finally, we observe
that there is no common pattern for the other methods in the analyses.

3. Effect of the feature selection methods on the accuracy: As seen in Fig. 10.8,
when the fkm state selection method is implemented, the k-medoids method
gives the best results almost all the time except a few cases. Whereas, the
hierarchical method gives poor results and this result does not change with the
number of features. The k-means method, however, does not follow a common
pattern, being worse than the k-medoids approach for most of times, but having
higher accuracy for a few cases. As seen in Fig. 10.9, the feature selection
methods are more robust and none of them is particularly better than each
other when the fkmed method is applied. Additionally, the change in the feature
selection method does not have an effect on the accuracy when GKfkm is used.
Only exception is seen when the number of states is 5 in such a way that
the accuracy values for this method do not change within our range for the
number of features, but change when we do not implement any feature selection.
Lastly, when the hierarchical feature selection method is used with the fkm state
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(a) 60 features chosen with hierarchical method (b) 60 features chosen with k-means method
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Fig. 10.4 Effect of the number of states on the accuracy values

selection, the number of features affects the accuracy slightly and the accuracy
value is very poor.

4. Effect of the state selection methods on the accuracy: When we compare the state
selection methods, we see that GKfkm is very robust to the number of features
and the feature selection methods, but the accuracy changes when the number of
states change. fkm is also very robust to the changes in the number of features
when the hierarchical feature selection method is performed. As seen in Fig. 10.5,
when the hierarchical feature selection method is applied, fkmed always gives the
best results, GKfkm produces worse results, and fkm shows the worst outcomes.
This is an expected finding since the fkmed method is more robust to outliers in
the data and the GKfkm method captures non-spherical patterns unlike fkm. As
seen in Fig. 10.6, a similar pattern appears when the k-means feature selection is
implemented, except in some cases fkm surpasses fkmed and GKfkm. Moreover,
fkm works more efficiently when it is used with the k-medoids feature selection
method. As seen in Fig. 10.7, in some cases fkm gives better results than fkmed
and on many cases it shows better results than GKfkm. Overall, there are 132
different cases when all other hyper-parameters are fixed except state selection
methods. The fkmed method is the best among state selection methods 118 times
out of 132 cases, followed by fkm which is the best 14 times, and GKfkm is never
the best among other methods.
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Fig. 10.5 Accuracy values for the hierarchical feature selection

5. Effect of the feature selection on the accuracy: When fkm is implemented for the
state selection, only the k-medoids and sometimes the k-means feature selection
give higher accuracy compared to no feature selection. When the GK-fkm state
selection method is used, we observe that there is no difference between the
feature selection and no feature selection findings. On the other hand, when
fkmed is applied as the state selection, using all the dataset without any feature
selection shows either the best or comparable results to the models with the
feature selection approach.

As a results, at the end of the training process, we select the hierarchical feature
selection method with 60 features and the fuzzy k-medoids state selection with 9
numbers of states as the optimal choices for our analyses. The associated states
can be seen in Table 10.1. In the paper of Zhang et al. [37], a method, called the
multiple property grouping, is suggested. We apply this method to our dataset and
compare the results on both the 10-fold cross validation values on the training data
and on the test data. The measures taken for the comparison are smaller on the test
data than the training data since the model does not see the test data throughout the
training process. As presented in Table 10.3, from the outcomes, it is observed that
the proposed model gives better results than the multiple property grouping on both
training and the test data on almost all measures except a slightly smaller value of
the precision on the test data.
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Fig. 10.6 Accuracy values for the k-means feature selection

Table 10.3 Comparison of the proposed model with the multiple property grouping the state
selection method

Model Precision | Recall |F-score | MCC | Accuracy
Proposed model training values 0.908 0.945 10.924 0.837 0917
Multi property model training values | 0.886 0.917 |0.900 0.777 |0.888
Proposed model test values 0.864 0.950 | 0.905 0.789 |0.893
Multi property model test values 0.875 0.875 |0.875 0.732 1 0.867

10.4 Conclusion

In this study, the hidden Markov model (HMM) has been used in order to detect the
lock-and-key relationship in the Chip-seq data. In the application, we have initially
explained the mathematical details of HMM in different stages of the estimation
of the model parameters via the expectation—maximization method. Furthermore,
we have investigated the effect of the clustering approaches in different aspects in
the selection of the observations which are the sequence of amino acids and the
states which are biophysical features of amino acids. In these analyses, we have
conducted various methods from k-means and the hierarchical techniques to fuzzy
methods. Among alternatives, we have chosen the fuzzy k-medoids methods due to
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the uncertain nature of the model construction and the higher accuracy of the results
with respect to other approaches. Finally, we have evaluated the performance of
all the suggested methods in different accuracy measures. From the findings, we
have observed that HMM is promising to describe the selected benchmark Chig-seq
dataset, and the proposal clustering approaches have improved its accuracy based
on accuracy of the estimates.

As the extension of this study in mathematical side, we consider to investigate
the performance of the Bayesian inference in HMM and its more advance structure
where the inference can be also applied via the variational approximation in order
to diagnose AIDS in earlier stage. Because while the structure of Markov model
becomes complex, the estimation of the model parameters cannot be solved via
the sole frequentist approaches or simple iterative algorithms such as the Gibbs
sampling although the complex model can more accurately capture the earlier levels
of this disease and the effect of other risk factors causing AIDS. On the other side,
as the extension of this study, we can consider the effect of AIDS in social side
too. Because this illness has a significant impact on all levels of the society. The
impact is particularly devastating not only for the individual who is infected, but
also for the family and the wider community. The HIV/AIDS social work is changed
fundamentally by the introduction of more effective medications which prolong the
life of people living with this disease. The dominant themes in the related social
work are transformed from loss and grief, to survival and living with the disease.
Hereby, the social welfare policies mandate social workers to build a social capital
in order to manage the impact of HIV and AIDS on communities. At this point,
social workers may help diffuse HIV and AIDS information and showcase positive
role-modeling behaviors, and provide members with material, emotional, and social
supports [29, 32]. By combining these works with statistical modeling, it can be
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possible to clearly show the social effects and the factors of the AIDS disease on the
patient simultaneously.
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Chapter 11 ®
A Numerical Approach for Variable Qe
Order Fractional Equations

Fatma Ayaz and irem Bektas Giiner

11.1 Introduction

Since the last two or three decades, fractional calculus has become valuable tool
in many branches of science and engineering. However, its history goes back
to eighteenth century. Many scientists, including famous mathematicians such as
Fourier (1822), Abel (1823-1826), Liouville (1822-1837), Riemann (1847), have
contributed significant works for development of fractional calculus. There are
many possible generalizations of dtf; &) where n is not an integer, but the most
important of these are the Riemann-Liouville and Caputo derivatives. The first of
these appeared earlier than the others and was developed in works of Abel, Riemann,
and Liouville in the first half of the nineteenth century. The mathematical theory of
this derivative has been well established so far, but it has disadvantage that leads to
difficulties especially for initial and boundary values, since in real world problems,
these conditions cannot be described by fractional derivatives. Thus, the latter
one, the Caputo derivative was derived by Caputo to eliminate the difficulties in
identifying initial and boundary conditions. Both derivatives are very well known in
the theory of fractional differential equations and the definitions of these derivatives
will be given in the following section.

It has been proved that many physical processes can be well defined and modelled
by fractional order differential equations. Moreover, fractional analysis provides
many benefits for identifying and best modelling the physical systems which are
suggested by scientists. Therefore, fractional order derivatives are much more
suitable than the ordinary derivatives (see references [1-4]). For instance, it is not
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easy to explain abnormal diffusion behaviours by integer order differential equations
since these processes appear abnormally with respect to time and space variables
and it requires fractional models.

There are many application areas where these mathematical models are used and
some of them can be listed here as physics, chemistry, biology, economics, control
theory, signal and image processing, blood flow phenomenon, aerodynamics, fitting
of experimental data, etc. Usually these models have complex nature; therefore,
analytical solutions can only be obtained for certain classes of equations. Many
numerical and approximate methods have been developed to solve these kinds
of equations so far. Some of these methods are given as follows: finite differ-
ence approximation methods [5—10], fractional linear multistep methods [11-13],
quadrature method [14—19], adomian decomposition method [20-22], variational
iteration method [22, 23], differential transform method [24], Laplace perturbation
method [25, 26], homotopy analysis method [27], etc. On the other hand, existing
pure numerical techniques have usually first order convergency. However, it is well
known that raising the order of convergency is a factor that increases the power of
the method [28].

Nowadays, there are further developments in the analysis of fractional order
differential equations and some studies are dealt with variable order fractional
derivatives [29]. Thus, the need to develop more reliable methods in parallel with
the developments in this field is inevitable.

The aim of this work is to use a second order convergent method to the variable
fractional order multi-term differential equations similar to the work in [30] and to
obtain reliable results. In the next section, second order convergent method will be
mentioned and the theory of the method will be dealt with. Sections 11.3 and 11.4
are applications of the method for adding extra y(¢) and y”(¢) terms to the single-
term equation. The last section is the conclusion.

11.2 Problem Definition and Integration Method for
Variable Order Fractional Differential Equations

In this section, we first consider the following single-term initial value problem with
fractional derivative, where «(¢) is a function of time. Therefore, we can write the
problem as

Dy = f0, 01 =T, L)
y(0) =0,

where f(¢) is a continuous function of ¢ for a given interval. If y(0) = u, then

by using the transformation v(¢) = y(¢t) — u, we get y(0) = 0. In Eq.(11.1),

«(t) denotes the order of variable fractional Caputo derivative, namely ¢ D, and this

derivative is defined as,
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a(t) 1 ' 0,
y(t) = —/ @t —s5)"*y (s)ds. (11.2)
I'(d—a@)) Jo

We also recall the variable fractional order Riemann—Liouville derivative, gz D as

alt) 1 L N
rLDy, (1) = T —a) dr O(I s) y(s)ds. (11.3)

Consequently, by the following lemma, we see the relation between the Riemann—
Liouville and the Caputo derivatives.

Lemma 11.1 If y(t) € CI0, 00) then, similar to the constant order fractional
operators, the relation between variable order Caputo and Riemann—Liouville
fractional derivatives is

D5 y(0) =k DGV Ly(0) — y(O)]. (11.4)

In Eq. (11.1), since the initial condition is y(0) = 0, this follows that
gV y(0) = re DG (). (11.5)
Consequently, for convenience, the Caputo derivative is replaced by Riemann—
Liouville derivative in Eq. (11.1). To obtain a numerical approach to the Riemann—

Liouville variable order fractional derivative by a second order convergent method,
we first call the shifted Griinwald approximation of a function y(z)

A1) = a(,) Z gyt — (k= p)o), (11.6)

where, fork > 0,

oz(t) = (- l)k (a(t)>

Now, the second order convergent method for Riemann—Liouville variable order
derivative is defined as by the following theorem (see [30]).

Theorem 11.1 Let y(r) € L'(R) and its Riemann—Liouville derivative be

Diggjzy(t). For ¥ty € R, the Fourier transform of this derivative in L'(R)
is [10]
740 (1) = 272 a0y 1 24O ety (1L.7)

wpa) 2(p—q) (p—q)
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Therefore,
2% y(t) =gr D%, y(1) + 0(z?), (11.8)

where p and q are integers and p # q.

Proof From the definition of dff,(f) y(t) as in Eq. (11.6), we write

a(ty) —2q 1

Ol(lk)
y(t — (k—p)T)
_ (tx)

2(p —q) W —

A0 =

2p — 1
+;p—f(qn;)fa<ngm) —k—guv). (119

If the Fourier transform is applied to both sides of Eq.(11.9), the following
expression is obtained

{2y 0w}

Z alty) [a(tk) 29 —iw(k-p)r

r“(’k) 2(p—q)

2p — ;
14 a(tk)e_,w(k_q)f]y(w)

2(p—q)
_ 1 M(l _ efiwr)a(tk)eiwrp
) | 2(p —q)
5(;7‘_1(:;)(1 _ e—iwr)a(tk)eiqu]g;(w) (11.10)

= (iw)2 [% Wy (iw) + 2(_7“(’;) W, (iwr)]y(w),

where .% (w) is the Fourier transform of y(7) and we writing

1—¢% a(t)
W, (2) = ( c ) et
Z

o(f
= 1+<r—_2k)>z+0(z2), r=p.gq, (I1.11)
denoting,
glw,t} = {ga(tqu, } -7 HRLD(fgé)ty, }

and by using Eqs.(11.10)—(11.11) and we have
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2250y — gL DY)y ()| = I8l < o / 18w, Dldw < Cll(w)* @2 F w172

= 0(zd).

This completes the proof [30].

11.2.1 Numerical Method

To solve Eq.(11.1) numerically, we discretize the time domain, ¢ € [0, T] by

T = %, where N is an integer and «a(fy) = o denotes the varying order
fractional derivative with f; = kt,k = 0,1,2,3..., N. Moreover, choosing

(p,q) = (0, —1), then by using Eq. (11.9) we have

alt) =29  2+a()
20—q) 2

and

2p—a@) )

2p—q) 2

Now, the second order convergent method can be given as follows [30]:

—a Yk ke pk—j — 1<k<

y¥=0 ,

where, if k = 0, then w* = (2+a" )80

otherwise, w3 = (zzak)g?k - (ak)g] k= Land g = (=1’ (O:lk )

11.2.2 Stability Criteria of the Method

This part deals with the stability of the method and the following lemma holds.

Lemma 11.2 Being oy € (0, 1), then the coefficients, w(;" in Eq. (11.12) satisfy the
following properties:

wa"=2+°‘k, wi* <0,j>1
0 2 e J (11.13)
Z]O * =0, —ijle <wpt k> 1.
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Theorem 11.2 Let y(r) € C[0, 00) denotes exact and {y*|k = 0,1,2,3...N}
numerical solution of Eq. (11.1) respectively, then the following inequality holds:

5

k| < —————— k®min g min tm)]. 11.14
VS gy gwm kT max 1 )] (11.14)

Proof According to the Lemma 11.2, we know that

Clk_2+ak o

wy" = > LW <0,j>1.
Hence, by arranging Eq. (11.12), we have
k—1
w'y* =Y (wi T e f@),  1<k<N. (11.15)
j=1
For k = 1, we can write
Iy = lwg T e f ()] < ;f“‘“‘“lf(tl)l
0 = (1 — otin)2min '

Now, we have to show that Eq. (11.14) is also valid for j = 1, 2, 3, ..., k—1. Hence,
taking the absolute value of Eq. (11.15) and writing Eq. (11.14) into this inequality
then we obtain

wo Iy =< [ Do CwiHiyt +r“k|f<tk>|]

k—1
5
ak Ymin
szl T oy 2omin (& ) g 1 <% )|+ 2 £ 0]
iz
k—1 5
=< | ) o g K | 7O max (£ ) (11.16)
ay (1 — ayjp)2%min 1<
[v3
= ugr - 2 > pemin 41 | comin max | £
k%min } | (1 — otmin) 1<m<k

5wO ®min +%mi
= M0 jeming®min max | £ ().
(1 — o) 2%min 1<m=k

Therefore, we get

k Omin —%mi
< —————————“ming®min. max tm)|.
= e max | ()|

As a result, by mathematical induction, Eq. (11.14) is valid for all 1 < k < N (See
[30)).
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Theorem 11.3 Ler y(t) € C[0, 00) denote the exact solution and {y(tx)|k =
0,1,2,3... N}define the values of y at t. Let us also denote the numerical solution
of Eq.(11.1) by {y*|k = 0, 1,2, 3 ... N} at particular points ty. Therefore, absolute
error in each step is denoted by ¢ = y(t) — y*,k = 0,1,...N. Hence, the
following relation holds:

|€k| < Sc¢ Tamin 1’2
T (1 — o) 2%min
where c is a positive constant independent from t.

Proof The proof of the theorem is given as in [30]. The error of Eq. (11.12) is

(11.17)

T Y g uitet T = R 1<k < N,
e =0.

This requires that |R¥| < ct2. Then, by using Theorem 11.1 and Theorem 11.2, we
write

5¢
|ek| < ———— |Oming%min max |R™|
— Omin min =m=
1 2% 1 k
5¢

. — PR
(I — amin)2%min

This completes the proof.

11.2.3 Numerical Example

So far, a second order convergent method has been considered for approximating
the Riemann— Liouville derivative, where the maximum error and the order of the
convergency are obtained from the following formulas:

Eoo(r) = max |y(ie) = y“l,

Eoo(2f)>

orders(t) = log, <E—(1:)

To see the efficiency of the method the following example has been considered
here. All numerical calculations have been done within MATLAB (R2015b).
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Example 11.1 Assuming that 0 < «a(¢) < 1 and T = 1. Now, we can solve the
following initial value problem [30]:

o) 31— 272-a(0)
D, 1) = , O0<t<T 11.18
Do YO = o=y T TG ) 0SS (11.18)

y(0) = 0. (11.19)

The exact solution of the problem is known as y(f) = 3t + > and two different
values of a(¢) will be considered here:

Casel: o(t) = %t,
Case2: o(t) =sin(t).

Consequently, by using the following numerical scheme:

k
T wiy T = f), 1 <k <N,
=0

and taking y0 = 0, numerical results are obtained. These results have been shown
by tables. Tables 11.1 and 11.3 show the difference between exact and numerical
solutions of the problem for v = 11—6 and T = 31—2 In Table 11.1, the first case
at) = %t has been used. Moreover, in Table 11.3, the second case, a(t) =
sin(t) was applied. Tables 11.2 and 11.4 denote the maximum error and order of
convergency results for a(r) = % and o(t) = sin(t), respectively. Figure 11.1
shows both numerical and exact solutions in the same plot. It is clear that analytical

and numerical solutions overlap.

11.3 Multi-term Variable Order Fractional Equations

In this section we will apply the second order convergent method to a new class of
variable fractional order differential equations. With additional terms, we will have
multi-term variable fractional order differential equation. First, we will apply y(¢)
term to Eq. (11.1). Hence, the following initial value problem, Eq. (11.20), will be
considered here:

DYy +ay) = 0.0t <T

"0 — 0 (11.20)

For convenience, taking @ = 1 and each #; is in the discretized time domain, the
following numerical scheme holds:
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Table 11.1 The difference between the numerical and exact values of Example 11.1 for T = 1
and a(t) = %t. The calculations have been performed for both N = 16, N = 32

— 1
T=16

Numerical value
0.190969333717
0.390168425750
0.597204270428
0.812056502729
1.034722151963
1.265200437577
1.503491075175
1.749593937717
2.003508960064
2.265236105578
2.534775352514
2.812126687793
3.097290103864
3.390265596989
3.691053166230
3.999652812814

Exact value

0.191406250000
0.390625000000
0.597656250000
0.812500000000
1.035156250000
1.265625000000
1.503906250000
1.750000000000
2.003906250000
2.265625000000
2.535156250000
2.812500000000
3.097656250000
3.390625000000
3.691406250000
4.000000000000

— 1
T=7%

Numerical value
0.094615423638
0.191289608582
0.289922357608
0.390509189828
0.493049429619
0.597542896551
0.703989525702
0.812389288867
0.922742172037
1.035048167506
1.149307270671
1.265519478597
1.383684789304
1.503803201392
1.625874713838
1.749899325873
1.875877036904
2.003807846471
2.133691754215
2.265528759855
2.399318863176
2.535062064016
2.672758362260
2.812407757834
2.954010250700
3.097565840850
3.243074528307
3.390536313121
3.539951195366
3.691319175139
3.844640252556
3.999914427756

Exact value

0.094726562500
0.191406250000
0.290039062500
0.390625000000
0.493164062500
0.597656250000
0.704101562500
0.812500000000
0.922851562500
1.035156250000
1.149414062500
1.265625000000
1.383789062500
1.503906250000
1.625976562500
1.750000000000
1.875976562500
2.003906250000
2.133789062500
2.265625000000
2.399414062500
2.535156250000
2.672851562500
2,812500000000
2.954101562500
3.097656250000
3.243164062500
3.390625000000
3.540039062500
3.691406250000
3.844726562500
4.000000000000

{ v Sk w A = f) — y(), 1<k <N,

y0=0.

Therefore, the following theorem is valid.

(11.21)

Theorem 11.4 Ler y(t) € C[0, 00) denote the exact solution and {y(tx)|k =
0,1,2,3...N} define the values of y at ti. Let us also denote the numerical
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Table 11.2 Maximum error Eoo(T)

T orders (1)
and order of convergency |
results for different values of 7 | 6.585728¢ — 03
7 in Example 11.1, where 1 _
T=1anda() = %t g | 1.754860e — 03 | 1.9079
1o | 4.565743¢ — 04 | 1.9424
3 | 1.167049¢ — 04 | 1.9679
& 2.967417¢ — 05 | 1.9755
45
4
35
3
*K
25
2
xK
1.5
1 X Numerical Value ||
* -+ Exact Value
05 1 1
0.5 1 1.5 2 25 3 3.5 4 45

Fig. 11.1 Comparison of the numerical and exact solutions of y(¢) of Example 11.1, where 7 = 1
Lo(t) = Lt

solution of Eq. (11.1) by {y*|k = 0, 1,2, 3... N} at particular points t. Therefore,
maximum error in each step is denoted by ¢ = y(1;) — y*,k =0, 1, ... N. Hence,
the following relation holds:

5¢
|€k| < _ aminl—z’
(1 — apin ) 2%min

where c is a positive constant independent from t.

Proof By using Eq. (11.12), the proof of this theorem can be performed easily same
as the proof of Theorem 11.3.

Following example denotes that the second order convergent method is still valid
for multi-term variable fractional order differential equations.
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Table 11.3 Comparison of the numerical and exact solutions of y(r) at particular point ¥ in
Example 11.1, where T = 1, a(t) =

N=16,N =32
1

16

Numerical value
0.190458811746
0.389552027574
0.596522633108
0.811321611175
1.033941750135
1.264381028701
1.502638440292
1.748713235941
2.002604749102
2.264312355507
2.533835469305
2.811173548221
3.096326099295
3.389292682744
3.690072913517
3.998666460891

T =

Exact value

0.191406250000
0.390625000000
0.597656250000
0.812500000000
1.035156250000
1.265625000000
1.503906250000
1.750000000000
2.003906250000
2,265625000000
2.535156250000
2.812500000000
3.097656250000
3.390625000000
3.691406250000
4.000000000000

T=3

Numerical value
0.094495229084
0.191152917929
0.289776299993
0.390355236098
0,492888269766
0.597375029086
0.703815383037
0.812209273587
0.922556668864
1.034857547135
1.149111890582
1.265319682707
1.383480907242
1.503595547725
1.625663587402
1.749685009261
1.875659796152
2.003587930921
2.133469396549
2.265304176291
2.399092253795
2.534833613201
2.672528239233
2.812176117265
2.953777233375
3.097331574386
3.242839127892
3.390299882272
3.539713826696
3.691080951124
3.844401246297
3.999674703724

Exact value

0.094726562500
0.191406250000
0.290039062500
0.390625000000
0.493164062500
0.597656250000
0.704101562500
0.812500000000
0.922851562500
1.035156250000
1.149414062500
1.265625000000
1.383789062500
1.503906250000
1.625976562500
1.750000000000
1.875976562500
2.003906250000
2.133789062500
2.265625000000
2.399414062500
2.535156250000
2.672851562500
2.812500000000
2.954101562500
3.097656250000
3.243164062500
3.390625000000
3.540039062500
3.691406250000
3.844726562500
4.000000000000

sin(t). The calculations have been performed for both
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Table 11.4 Absolute errors t | Ex(@ orders(t)
and order of convergency for |
different values of 7 in 7 | 2.470109¢ — 02
Example 1.1, where "= 1 15602080 — 03 | 2.1513
and «(t) = sin(t) 8

& 1.333539¢ — 03 | 2.0707

3 | 3.253162¢ — 04 | 2.0353

é 8.032494¢ — 05 |2.0179
Table 11.5 Maximum error T Eoo(7) orderss(t)
and order of convergency ;
results for different values of 7 1 9.201325¢ - 03
7 in Example 11.2, where 1 _
T=1anda()— % g |2.623652¢ — 03 | 1.81026

]1—6 7.261612¢ — 04 | 1.85321

31—2 1.960721e — 04 | 1.88890

61—4 5.190739¢ — 05 | 1.91737

Example 11.2 In Eq. (11.20), assuming that f () = > + F(zs)t% and T = 1, then,
2

the exact solution of the problem is known as y(¢) = #2. But this solution is known

for only a(t) = % To compare numerical results with exact ones, only o = %

case has been considered here. Numerical calculations have been performed for
different values of 7, and a code is written in MATLAB (R2015b). The following
table, Table 11.5, lists maximum error and the order of convergency for different

values of 7 and Table 11.6 compares the numerical and exact solutions for T = %

1

and T = 13-

11.4 Addition of y”(¢) Term to Variable Order Fractional
Differential Equations

In this section, by using the second order convergent method which is given by
Eq.(11.12), we will develop a hybrid method for wider classes of differential
equations. By adding y(¢) and y”(¢) terms to Eq. (11.1), then we will have multi-
term fractional differential equations. To solve the multi-term fractional equation,
we approximate the second order derivative with the central differences and the
fractional derivative term is evaluated as it is given in Eq. (11.12). Therefore, we
will consider the following initial value problem:
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Table 11.6 The difference between numerical and exact values of Example 11.1 for 7 = 1 and
a(t) = sin(t). The calculations have been performed for both N = 16, N = 32

1

1

T=1z T= 75
Numerical value Exact value Numerical value Exact value
0.004569025 0.003906250 0.001150760 0.000976562
0.016351161 0.015625000 0.004102322 0.003906250
0.035851178 0.035156250 0.008980809 0.008789062
0.063157151 0.062500000 0.015809364 0.015625000
0.098281108 0.097656250 0.024591676 0.024414062
0.141222933 0.140625000 0.035328044 0.035156250
0.191981309 0.191406250 0.048018296 0.047851562
0.250555215 0.250000000 0.062662261 0.062500000
0.316943955 0.316406250 0.079259815 0.079101562
0.391147053 0.390625000 0.097810869 0.097656250
0.473164167 0.472656250 0.118315358 0.118164062
0.562995042 0.562500000 0.140773233 0.140625000
0.660639483 0,660156250 0,165184459 0.165039062
0.766097340 0.765625000 0.191549003 0.191406250
0.879368490 0.878906250 0.219866843 0.219726562
1.000452834 1.000000000 0.250137959 0.250000000
0.282362334 0.282226562
0.316539954 0.316406250
0.352670807 0.352539062
0.390754883 0.390625000
0.430792174 0.430664062
0.472782672 0.472656250
0.516726370 0.516601562
0.562623262 0.562500000
0.610473343 0.610351562
0.660276608 0.660156250
0.712033054 0.711914062
0.765742676 0.765625000
0.821405470 0.821289062
0.879021435 0.878906250
0.938590567 0.938476562

1.000112863

1.000000000
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cDyVy() = f() +a®)y" (1) +bO)y(), 0<r<T,
y(0) =0, *)
y'(0) = 0.

Therefore, at particular values of 7z, Eq. (*) is written as

k

Ty Wi = ) + ay" () + by (). (11.22)
j=0

Assuming that a and b are constants and for simplicity, we take their values as 1, —1
respectively. Now recalling central finite difference approximation to the second
order derivative:

S (tev1) =2 () + f (- 1)
h2

and substituting this into Eq. (11.22), then the last form of the numerical scheme is

obtained easily. The method will be applied to following example (see[19]).

(11.23)

) =

Example 11.3 Consider the differential equation in Eq. (*) as follows:
D*Wy(t) = y" (W) — y(@) + f (1) (11.24)

Since the exact results are known for only o = %, for comparing the numerical
results with exact ones, we will also use () = % in the calculations. Substituting
the finite difference approximation to the second order ordinary derivative, then we
have
k
_ ki ) —2y(tk) + y(tr—
. akat;kyk i Yt = 2y(t) + y (1)

2 =y + f (). (11.25)

j=0

The exact solution of the problem is known as y(t) = 12, when

L.a

f(t)_t -2+ 2. (11.26)
r(%)
Hence,
k
. 7 —2y(tx) + y(tr— 2 3
T itk = y(t+1) y(2k) y(t—1) Y0 + 1 =2 et
— h @)
j=0 2
(11.27)

where h = t. As a result, arranging Eq. (11.27) again, we obtain



11 A Numerical Approach for Variable Order Fractional Equations 209

k
Yteg) = WPT7% Y w4 2y — y(t)
j=0

2
+hPy () — W[ — 2+
¥ (i ¢ e

S)tk%]. (11.28)
3

Table 11.7 Results for

2 .. k — i
! #) =2 | N = 10igin N = 100 igin
Example 11.3, where T = 1 k y(ty) =ty cin y cin y

and (1) = L. Comparison of 0.1 |0.01 0.010000000 | 0.010000470
the numerical and exact 02 0.04 0,040000000 | 0.040000729
values of y(t) for two 0.3 0.09 0.090235468 | 0.090000693
different step size, N = 10 04 [0.16 0.160461209 | 0.160000405
and N = 100, respectively 05 |0.25 0250691879 | 0.249999884
0.6 10.36 0.360931289 | 0.359999132
0.7 1049 0491183812 | 0.489998146
0.8 0.64 0.641454438 | 0.639996910
0.9 0.81 0.811748730 | 0.809995404
1.0 | 1.0 1.002072855 | 0.999993598

€0 0.002072855 0.000006401

Exact ¢ Numerical

1
0.8
0.6 i

y(®)

0.4 £4
0.2 v

OAM

0 0.2 0.4 0.6 0.8 1
t
Fig. 11.2 For a(t) = % and N = 100. Comparison of numerical and exact values of y(¢) in

Example 11.3
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Table 11.7, shows the exact and numerical values of y(¢) at particular points of ¢
for different step sizes where initial conditions are taken as in Eq. (*). Figure 11.2
illustrates that both exact and numerical results are in good agreement.

11.5 Conclusion

Here, we aimed to solve fractional-variable order differential equations and multi-
term fractional order differential equations. We have used the second order con-
vergent method as in [30]. The method is quite well when it is compared with the
analytical solutions. For finer mesh, one can obtain more reliable results. As a result,
the method can be applied to wider classes of fractional equations, variable order
fractional differential equations.
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Chapter 12 ®
Evolution of Plane Curves via Lie Qe
Symmetry Analysis in the Galilean Plane

Ziihal Kiiciikarslan Yiizbasi, Ebru Cavlak Aslan, Dumitru Baleanu,
and Mustafa Inc

12.1 Introduction

The symmetry analysis is one of the most important and efficient methods that
can be used to analyze nonlinear differential equations. The theory of symmetry
analysis has a big importance in geometry, mechanics, and physics. Moreover, there
are several studies about Lie symmetry analysis performed for several equations,
[3, 8, 10-12, 20]. Moreover, the problem of evolving curves in the plane is a quite
interesting topic since it can be arranged different subjects on the same theoretical
basis. One of them is a geometrical interpretation of integrable systems. There
have been deep connections between the differential geometry of curve motions
and the integrable systems have been examined in different space [4-6, 16, 18, 19].
Particularly, evolving curves problem has been studied via Lie group analysis or
different aspects [1, 2, 17].

In this work, our aim is to study a general equation of the evolving curves by
flow in the Galilean plane from the point of the symmetry analysis and get exact
solutions of the equation which we obtain from the evolution of plane curve by the
flow.

This manuscript is organized as follows: In Sect. 12.2, the evolution of plane
curve equations by an inelastic and an elastic flow is determined in G». In Sect. 12.3,
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we get the linear and nonlinear partial differential equations. Then the new classes
of symmetry reductions for these equations are designated and exact solutions are
obtained. Our results show that the symmetry analysis is a very efficient method to
get the solution of these type equations.

12.2 Evolution of Plane Curves by Flow in G

We consider R? with the bilinear form

Apy, ifAp #Oorpuy #0

, 12.1
Aup, if Ay =0and u; =0 ( )

A, p) = {

where A = (A1, X2) and p = (u1, n2). Then we have the Galilean plane G».
This is one of the three Cayley—Klein plane geometries with a parabolic measure
of distance. Denote R? with the bilinear form (12.1), [14, 15].

Letr : I € R — G; be a curve in Galilean plane given by r = (s, x(s)), where
s is the arc length on r. Then, we have

T(s) = (1,x'(s)),

1
N(s) = @(0, x"(s)) = (0, 1),

where «(s) = x”(s).
Then the following moving bihedron of r is written as:

T'(s) = k(s)N(s), (12.2)

N'(s) = 0,

where T and N is said to be the tangent and principal normal of r in G2 , [15].

Let us consider a smooth curve in Galilean plane. Suppose that u is the parameter
along r in G». Let r (u, t) represent the position vector of a point on r at ¢. The metric
onr is

ar or
glu,t) = <£, £> (12.3)

The arc length along the curve is defined as follows:

u d 1 9
s(u,t):/ Vg(o, t)do, %zﬁa_u (12.4)
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The motion of a point on the curve in G, is defined by

9
a_; = AT + f>N, (12.5)

where f1 and f> are the velocities along the frame T and N, respectively. Also
The motion is called local if {f1, f>} depends only on local values of k and their
derivatives [6].

Lemma 12.1 The expression of the evolution equation for g is written as

g=2g—. (12.6)
as

Proof By differentiating (12.3) and (12.5) with respect to  and s, respectively, and
since a%* 9 commute, then we get

ar
. ag ar d or dr d or
:—:2 _— :2g _—,
ot ou 0t du ds 0s ot

g
9 9
— oo (7, 4 v + 2
as as
. af1
— 21,
§=28

Lemma 12.2 The expression of the evolution of the length of the curve has

0 “9
e :/ LU (12.7)
ot as

Proof From (12.4), we get
os u g
— = ——do. 12.8
a1 / N (12.8)

Substituting (12.6) into (12.8), then the lemma holds.
Definition 12.1 A curve is said to be inelastic curve if its length is preserved, i.e.,

as

~— =0 ¢g=0. 12.9
» <8 (12.9)

Theorem 12.1 The flow of r is inelastic if and only if f is a constant.

Proof =Suppose that the curve flow is inelastic. From (12.8), we get

0s fu ¢ go—0 (12.10)
-_— = —ado = U. .
ot 23
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Substituting (12.6) into (12.10), we have

)
My,
s

this means that f] is a constant.
<Assume that f; is a constant, then from (12.6), it is easily shown that g = 0,
then ‘;—f = 0. Thus the curve is inelastic.

Theorem 12.2 For the curve flow % = fiT + foN. If r(u,t) be an elastic curve,
then we get

= fiks + fass- (12.11)

Proof Let r(u, t) be an elastic curve, that is, g # 0. By differentiating (12.5) with
respect to u, then we obtain

Fru = /8715 = \/Ei(a—r)

as \ ot
af2
_f( T+(fk+—) ) (12.12)
Since r, = ,/grs = /gT, by differentiating with respect to ¢, then we get
= 12.13
= VE(3 T ). (12.13)
From the condition of
Ttu = Tut,
we get
a
& _ (12.14)
2,/g 0s
/2
= (fik + —)N (12.15)

By differentiating (12.15) with respect to u, we have

afi 32f2)N

T = (5 k+ f] = (12.16)
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By differentiating 7, = /g7y = /g(kN) with respect to ¢, we obtain

T, = @((Zf;gk+k,)N+kN,>). (12.17)

From the condition of
Ttu = Tut
we obtain

kt = flks + f2ss-

Corollary 12.1 The flow of r is an inelastic then we also get

kt = flks + f2ss»

such that f is a constant.

12.3 Application via Lie symmetry Analysis

In this section, our starting point is to give Lie symmetry analysis for (12.15) with
respect to an inelastic and an elastic flow for special choosing f| and f,. Many
researchers explain how to consider Lie symmetry analysis in many books, [7, 13].
We will now take into account the one parameter group of point transformations of
the form

S— s+ek(s, t, k)
7— t+en(s,t, k)
k— u+et(s,t, k),

where ¢ is a group parameter. The vector field associated with the above group of
transformations can be given by

0 0 0
V = b, k)— b, k)— St k)—.
&(s )Bs + (s )at + (s )8k

Case 12.3.1 For the inelastic flow of curve by taking f; = 1 and f, = kg, (12.11)
becomes

ki = kg + ksss. (12.18)
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We can show it considering a well-established procedure that (12.18) admits the
following infinitesimals:

é(sv Z, k) = 2C2t - CZS + C41

r’(sv Z, k) = _3C2t + C37

¢(s,t, k) = F(s, 1) + Cik,
where C1, Ca, C3, and Cy are arbitrary constants and F (s, ¢) is an arbitrary function

of s and ¢. The algebra of Lie point symmetries of the above equation is generated
by five vector fields

d
Vi=k—,
ok

V; 3¢ 9 + (2t ) 9
= — _— —S§)—,
2 a1 ds
V= =, (12.19)
V4= P
B
Vs = F(s,t)—.
5 (s )8k

One may obtain that Vi, V,, V3, V4, Vs are closed under the Lie bracket.

ad a
In this equation, the infinitesimal generator is V| + V4 = k— + 35 From this
s
generator, we have k = ¢° f(p), p = t. So, (12.18) leads to reduced equation

fr=2f (12.20)

which constructs the solution of (12.20) as f = % C, where C is an arbitrary
constant.
Case 12.3.2 For the inelastic flow of curve by taking f; = 1 and f, = %, (12.11)
becomes

ki = kg + k2 + kks. (12.21)

We can show it considering a well-established procedure that (12.21) admits the
following infinitesimals:

E(s,t, k) = Cit + Cis + Cat + Ca,

n(s, 1, k) = —Cor + C3,

$(s,t, k) = 2C1 + Co)k,
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where C1, C3, C3, and Cy4 are arbitrary constants.

The algebra of Lie point symmetries of the above equation is generated by four
vector fields

0 0
Vi =2k— t —,
1 Py + ( +s)as
0 0 0
Vo=—t—+t— +k—, 12.22
2 ar ey TRk (1222)
e
3=
0
Vi=—. (12.23)
as

One may obtain that Vi, V,, V3, V4 are closed under the Lie bracket. Then we can
give the commutation of Lie algebra as follows:

[.,.] Vi \%) V3 Vy
Vi 0 0 -V -V
1% 0 0 V3 —Vy 0

%} Va —V3+Vs | O 0
Va Vy 0 0 0

0 0
For the generator V3 + c1Vy = % + cla— (c1 an arbitrary constant), we have
s

k = f(p), p = s — cit. If we substitute this function into (12.21), we reduce the
following nonlinear ODE:

'+ 2+ fA+e)=0 (12.24)

which creates the solution of (12.24) as f = (—1—c1)p+C, where C is an arbitrary
constant.

Case 12.3.3 For the elastic flow of curve by taking fi= k% and fr = ks, (12.11)
becomes

ke = K2k + kggs. (12.25)

We can show it considering a well-established procedure that (12.25) admits the
following infinitesimals:
E(s,t,k) = —-C1s + C3,
77(37 t’ k) = _3C1t + C27
$(s,t, k) = Cik,
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where C1, C> and C3 are arbitrary constants. The algebra of Lie point symmetries
of the above equation is generated by three vector fields

d 0 d
Vi = —31‘5 +kﬁ —Sa,
v = 2 (12.26)
Jat
_ ad
V3 = a_s

One may obtain that Vi, V, V3 are closed under the Lie bracket. Then we can
give the commutation of Lie algebra as follows:

[..] W Va V3
Vi 0 2V, | V3
%3 =2V, |0 0
V3 -V |0 0

0 0 . . .
For the generator Vo +cr V3 = Y +cp 35 (c2 an arbitrary constant), the invariants
s

are obtained as k = f(p) and n = s — c>t. Equation (12.25) leads to reduced
equation

"+ 2 +ef =0 (12.27)

Riccati-Bernoulli ODE method will be applied for (12.27).
Suppose that the solution of (12.27) is the solution of Riccati— Bernoulli equation

fl=bf +af*™ +cf™, (12.28)

where a, b, and ¢ are the constants [9]. Then the second and third derivatives
of (12.28) yield

= 7 (ar? e b ) (a@ = m) £ emf 4 b )
(12.29)
= f7273m(af2 + Cme + bfm+1)(a2(2m2 —Tm + 6)f4 + sz(Zm _ l)f4m

+ab(m® = 5m + 6) 37" + (b* + 2ac) f2" + bem(m + 1) £173™). (12.30)
Substituting (12.29) and (12.30) into (12.27), we have

FEmaf? 4 ef ™ + bY@ m — 2)2m — 3) f* + Fm@m — 1) £
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+ab(m —3)(m —2) 37" + bem(1 +m) £ 4 722 4 2ac + 2 + f2)).
(12.31)
Setting m = 0, the above equation is reduced to

(c+ fb+af)(b* +2ac+ cs + f(6ab+ f + 6a*f)) = 0. (12.32)

Each coefficient of f i(i = 0, 1, 2,3, 4) should be equal to zero. We obtain a =

3
_2 p=0,andc = i\/icz.
2¢ 2

Whenm # 1,a # 0, and b? — dac > 0, the solution is

( b A/b%—4ac |:(1—m)\/b2—4ac 1-m
S = tanh 3

2a 2a

(p+0)

(12.33)
So, the soliton solution is

fo) = (z\/@tanh [\/752(,0 + C)D. (12.34)

Case 12.3.4 For the elastic flow of curve by taking f1 = kg and fo = kkg, (12.11)
becomes

ke = dhghgy + ks (12.35)

We can show it considering a well-established procedure that (12.35) admits the
following infinitesimals:

£(s,t, k) = Cas + Ca,
n(s,t,k) =Cit + Cs,
K(S,t,k) = _k(Cl - 3C2)a

where C1, Co, and C3 are arbitrary constants. The algebra of Lie point symmetries
of the above equation is generated by four vector fields

3 3
Vi=t——k—,

P T ok

9 3

Vs = 3k— 45—,

2 ok T
=2 (12.36)

37 01 '

9

Vi =—.
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One may obtain that Vi, V,, V3, V4 are closed under the Lie bracket. Then we
can give the commutation of Lie algebra as follows:

[, Vi | Va2 | V3 Vy
Vi 0 |0 -Vz |0

Vo 0o |0 |0 —Vy
V3 V3 |0 |0 0

Va 0 V4 |0 0

0 0
Firstly, for the generator V| = r— — k_k ,we have k = f(p), p = s. If we

substitute this function into (12.35), we reduce the following nonlinear ODE:

L+4f"+ f" =0 (12.37)

2

1
which creates the solution of (12.37) as f = —% + Ee“”Cl + sCy + C3, where

C1, C; and C3 are arbitrary constants.

0 0
Secondly, for the generator V, = Skﬁ + sa—, we have k = s3f(,0), p=tlIf

s
we substitute this function into (12.35), we reduce the following nonlinear ODE

f=178f*=0 (12.38)

1
which creates the solution of (12.38) as f = 73 where C is an arbitrary
—C —78s
constant. 5 5
Finally, for the generator V3 + c3Vy = — + 038—, we have k = f(p), p =
s

c3t —s. If we substitute this function into (12.35), we reduce the following nonlinear
ODE

esf +4f f" + ff" =0. (12.39)

In a similar way to Case 12.3.3, Riccati-Bernoulli ODE method will be applied
for (12.39). So, the solution is
1

(1 aNi-m
f(p)—(a(m_l)(p+c) b) ) (12.40)
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Whenm = 2,a # 0, and b% — 4ac = 0, the solution is

f(p) = (alp+ C)). (12.41)

12.4 Conclusion

In this paper, we have studied the evolution of plane curve equations in the context
of an inelastic and an elastic flow is determined in G;. Under the different choices in
these equations, we obtained the linear and nonlinear partial differential equations.
Some of the equations acquired are solved via the Lie symmetry analysis. Besides, if
we make an appropriate choice, then we get the Burger’s equation from the evolution
of plane curve equation. We also illustrated Fig. 12.1 in cases of c = 0.1, C =1
and Fig. 12.2 in cases of ¢c; = 1, C = 0.1 for an evolution of plane curve equation
in Case 12.3.3 (Figs. 12.3 and 12.4).

ufs,t]

Fig. 12.1 The curvature of the curve forc, =0.1,C = 1,5 € [-10,10],and t € [—1, 1] in 3D
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Fig. 12.2 The curvature of the curve forc, =0.1,C = 1,5 € [-10, 10],and t € [—1, 1] in 2D
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Fig. 12.3 The curvature of the curve forc; = 1, C = 0.1, s € [-10,10],and ¢t € [—1, 1] in 3D
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Fig. 12.4 The curvature of the curve forc, = 1, C = 0.1, s € [-10, 10],and r € [—1, 1] in 2D
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