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ABSTRACT

OPTIMIZATION OF CENTRAL PATTERN GENERATORS

Elbori, Abdalftah
Ph.D., Department of Modeling and Design of Engineering&ys
Supervisor : Assoc. Prof. Dr. Mehmet Turan

Co-Supervisor : Asst. Prof. Dr. Kutluk Bilge Arikan

January 2018, 92 pages

Up to this day, it is one of the mostfticult tasks to find the humanoid robot that is able
to move as dynamic and robust as humans do. Although thenmamng researches
that have investigated bipedal locomotion, at current,ddiere is no robots with

human’s capabilities.

In this study, with regard to the optimization of the CPGs fgoelnlal locomotion
in robots, three mathematical structures are discussei tiésis also investigates
how different couplings of the CPGs such as uncoupled, unidiredtibirectional,
are used to produce rhythmic patterns for one leg with twoeksyof freedom. In
each case of three types of the CPGs, stability analyzes is. dwirectional two
CPGs of the third type give us the best performance comparitigall other cases
studied here. When the parameters are taken from the stabiljion, it is seen that

significant results are achieved without any sensory fegddba

Keywords: Central Pattern Generators, Stability AnalySigtimization, Genetic Al-
gortihm
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MERKEZ | ORUNTU URETECLER IN OPTiM IZASYONU

Elbori, Abdalftah
Doktora, Mihendislik Sistemlerinin Modellenmesi ve Tasarimi
Tez Yoneticisi : Dog. Dr. Mehmet Turan

Ortak Tez Yoneticisi : Yrd. Dog. Dr. Kutluk Bilge Arikan

Ocak 2018, 92 sayfa

Gunumizde insanlar gibi dinamik ve §&am hareket edebilen insan robotunu bulmak
en zor @grevlerden biridir. Iki ayakli hareketi arastiran bircok arastirma olmasin

ragmen, ginimiizde insan yetenekleri olan robot bulunmamaktadir.

Bu tezde robotlarda iki ayakli hareket icin Merk&ziiinti Ureteclerin (CPG) opti-
mizasyonu ile ilgili olarakjic matematiksel yapi tartisiimistir. Ayrica, bu tezkie i
serbestlik dereceli bir bacakta ritmik hareket elde etngagk CPG’lerin, bglantisiz,
tek yonll veya cift yonlu bajlantili gibi farkli sekillerde eslesmeleri incelerstir.
CPG’lerin iic matematiksel yapisi i¢in de kararhlik analizi yapghr. Bu tezde
ele alinan farkli yapilardaki farkli eslestirmeler aremnuciindl yapida cift ynli
eslestirme en iyi sonucu vermistir. Yapilardaki partneler kararlihk blgesinden
secildgi zaman, herhangi bir duyusal geribildirim olmaksiamemli sonuclarin elde

edildigi gbzlemlenmistir.

Anahtar Kelimeler: MerkezOriintii Uretecler, Kararlilik Analizi, Optimizasyon, Ge-

netik Algoritma
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CHAPTER 1

INTRODUCTION

Nowadays, locomotion of robot is one of the most widely désad topics with ba-

sic loco-motors at the heart of investigations. Many typesesearches have been
conducted and focused on bipedal locomotionffédent types of locomotion such
as walking, running, jumping, jogging etc. on two or morerttao legs have been

achieved by using Central Pattern Generators (CPGS).

In biological systems, these locomotions are produced bgnéra nervous system
called Central Pattern Generators (CPGs). The central nesysiem of vertebrate
and invertebrate animals is located in the spinal cord [B, 2, 5]. Recently, some
studies have shown that there are some functions in the hinody) for instance
breathing and digestion, that can not be controlled constypbut they are controlled
by CPGs [3, 6].

Biologically, CPGs can be defined as inspired networks of neali oscillating neu-
rons that are capable of generating rhythmic patterns witsensory feedback. A
neural oscillator comprises a pair of neurons with inhigitconnections between
them. Two such neurons suppress one another, which resuigoi different neu-

rons, flexor and extensor neuron [7, 8, 9]. It should be kndvat & single CPG is
not a small neural network. Rather, it receives inputs froenhigher parts of control

centers [1, 4].

Various mathematical and physical structures of the rolegs and limbs have been
modeled [10, 11, 12], and the control systems have beenadtpieproduce patterns
of movement in robots similar to those in certain biologmaanisms. When the body

initiates movement, CPGs commence synchronization and sgndls to neurons
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simultaneously in a movement cycle [13, 14].

In the literature, various mathematical structures haveletenl and mimicked the
biological control parameters [2, 3, 10, 15, 16, 17, 18]. Somorks related to the
CPGs which focus on the lower body will be discussed in thidystu

At the beginning of the last century, there were tw@etent explanations for the
creation of the rhythmic patterns (RPs), see [19]. The firptaation was that the
RPs come from a chain of reflexes in which sensory feedbacls giveimportant
role in triggering switches betweenfidirent parts of a locomotor cycle. The second
explanation was that RPs are generated by the neural netvithuvinput from the
periphery. There is a clear evidence that the RPs are gedeetérally, for instance,

neural networks do not require any sensory feedback.

One can extract and isolate the spinal cord from the bodyeofaimprey, and it will
produce rhythms that patterns are called fictive locomofidre fictive locomotion is
similar to intact locomotion when activated by chemical ion@ge electrical stimula-
tion [20, 21, 22]. Similar fictive locomotion has been defimedalamander [23], and
many CPGs have been reported iffelient animals, see [24, 25, 26]. The higher con-
trol center or sensory feedback is not needed for produaiggerating the rhythms,

but it plays a very important role to shape the RPs.

It is fundamental to keep in mind that both the CPGs and the Iboolyements are
coordinated. Movement of the tail of the lamprey will indube CPG activity that

is the frequency of the mechanical movements, see [27, 283®@%1, 32, 33, 34,

35]. The loco-motor system of a vertebrate animal is orgahguch that the CPGs
play an important role in producing RPs and higher level asrdee responsible for
modulating these RPs that rely on the environmental comditio

Various CPG models, including the connectionist modelsgHasen implemented
in the robotic systems [36, 37, 38]. The locomotion of thedqyuped, hexapod and
octopod robots are employed by somfietient CPG models [6, 39, 40, 41, 42, 43, 44,
45, 46, 47]. There are many models of the CPGs which are usembirolling the
bipedal locomotion in human-robot, see [11, 18, 48, 49, 3053, 53, 54, 55, 56, 57].

In some of these studies the Van der Pol and the Hopf oscslai@ considered.



The CPGs are implemented in two ways; hardware methods atwasefmethods.
In hardware implementations, there are two common appesatchimplement CPGs.
One approach is to construct a system in a Field ProgramnGddie Array (FPGA)

[57], and the other approach is to use a silicon chip whictble 8 produce signals
[58, 59, 60]. There are some disadvantages in hardware ingpiations. For exam-
ple, once a hardware is built, it can not be changed withadgsigning the whole
structure. For this reason, in this study, only the softwamglementation is consid-

ered to give more freedom to a designer.

In software implementation, there are som#&aient coupled dierential equations
to represent CPGs in robot control system. These systemsupiemb oscillators
have synchronized their outputs in order to do constantepf@sa given gait pat-
tern. Then, the outputs of these oscillators are used taaldhe locomotion of the
robots [61, 62]. Also, there are some studies discussingdy®tems of oscillators

can be coupled, see for example [61, 62, 63].

This thesis draws attention on and derives support fromttisiess mentioned above
and investigates how the CPGs can best be optimized for Hipmxtamotion via an
adaptation to the robotic systems that perform a one-legemewt. In particular, this
thesis investigates three types of the CPGs. An evolutiocalggrithm is used to find
the optimum values of the parameters for three types of thesCR&Geach type of
the CPGs there are thredi@rent cases: (a) uncoupled CPGs, where each CPG works
independent from the others to generate RPs to each jointinfdjrectional CPGs
where only one CPG gives reference to the other one and (ckbittinal two CPGs
where both CPGs give reference to each other. It is preditisdtiie bidirectional
two CPGs will give the best results in all cases by using bathikty analysis and the
optimization of the CPGs.

1.1 Aim and scope of the thesis

e This thesis will present and focus on the CPGs and optimizERT@ for bipedal
locomotion. It is aimed to optimize various CPG model streesuto generate

kinematic motion references for typical periodic limb noois.
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e Several cost functions will be employed to be minimized. Resuchange in

the behavior of the locomotion will be evaluated.

e Limb kinematics will be simulated with the CPG models. Eaadntjwill in-
volve a CPG. Coupling among CPG units will be assessed duringptinaiza-

tion process. Stability analysis is also utilized to gusarthis switching.

e Stability analysis of the CPG oscillators is required forplepose of optimiza-
tion. In addition, CPGs should be able to produdéedent patterns by changing

the input parameter values.

1.2 Organization of the thesis

This thesis is organized as follows: In Chapter 2, we explaih @derive the mathe-
matical modeling of one leg with two degrees of freedom (D@RJ its kinematic
equations with Test Bench. Then, Chapter 3 describes the matioal model of
the CPGs and discusses the three types of the CPGs. Each tylpe 6PGs has
three diferent cases, uncoupled, unidirectional and bidirectibmal CPGs respec-
tively. Stability analysis has been done for all ceases ®fGRGs to guarantee this
switching. Later, in Chapter 4, the optimization, Genetgoaithm (GA) and hybrid
function are explained and used to optimize of the CPGs. In €&h&pwe compare
the outputs of the CPGs with the real data, and also we disdugs@me parameters
are more #ective than others. Finally, Chapter 6 is dedicated to thelogion and

directions for the future studies.



CHAPTER 2

TEST BENCH

Economically speaking, the kinematic model is designeddtalact a base analysis.
Figures 2.1 and 2.2 show the physical Test Bench and presenwthlegs with two
joints. The model shown in the Figure 2.2 below exists in atatory at the Mecha-
tronics Department at Atilim University. However, simudats, genetic algorithms
and hybrid function based optimizations describe the fonadf a single leg system
with hip and knee joints in order to reduce the complexitymvbiving the algorithm
during the initial stages. The horizontal beams are cru@at in that they constrain
the motion along the vertical axis in order to guide the waiksystem. Linear bear-
ings help the body to slide via the beams [11].

By looking at the Figure 2.1, we require some tools for the drpent of the Test

Bench comprise the legs such as, digital servo actuatorginpity and data acqui-

sition system, real-time control system, force sensorsthedfiline processing al-
gorithm based on the Genetic algorithm (GA) to find out andnoge a variety of

walking gaits. Both MATLAB and Simulink are utilized as theftseare. Real-Time

Windows Target is also utilized to transmit angular refeemnto the servo motors
and receive sensor measurements in the real time. Humuso®2M data acquisi-
tion board is manipulated in the system. Fast reaction agid tarque digital servo
actuators are utilized as well.

The Proximity sensor is a Sharp GP2D2 type sensor that hagbtlity to measure a
range of 10 cm to 80 cm. Force sensors are polymer thick film tgpistors produced
by interlinks Electronics as shown in the Figure 2.1 belowevVeals that resistance

decreases while the applied force increases [11]. In these®tion, one leg of the



Test Bench is presented.
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Figure 2.1: Schematics of the physical system [11]

Figure 2.2: The physical system and a closer view of the &mtsi@f one leg of the
Test Bench

2.1 Kinematic model

The first step in this study is to construct the kinematic nhaderder to conduct a
base analysis. Figure 2.3 presents the leg structure inas@scof motion: swing and
stance modes. In Test Bendh, = 0.145 andL, = 0.165 are the lengths from the
hip-joint to the knee-joint and from the knee-joint to thedesffector, respectively,
and#; andé, represent the angular positions of both the hip and the kpee.0.25
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stands for the distance between the lower body and the ground

The coordinates of the lowest part of the hip and knee aretddnwy (&, ys) and
(X, Y¢)- In fact, there are two cases to consider during motion. fifeecase is when
Yt =Yg, thatis, the leg touches the ground. This case is known asaheesmode in
which case the leg behaves as a re-volute joint. In stance ntiogl hip joint anglé,

is computed in terms of the knee ang@jewhich is established by the CPGs. Thus, in
this mode the kinematic model has one degree of freedom (D@éteover, only in
stance mode will the body move in tikedirection. The second case is whgn< yj,
which is the time when the leg does not touch the ground. Tlidenis known as the
swing mode. In this mode, we will have two DOF, and the angfdsth the hip and
knee are calculated by twofterent CPGs. In next chapter, we will define how the
CPGs will drive the robot, and explain how a single CPG is abbriiee a single joint

or multiple joints.

Yy

() (x.3yp)

Figure 2.3: Swing and stance modes of the leg during the lotiom

The simple kinematic equations are
Xa = Xp + L1 COS6y, Ya = L, Sil’l@l, X = Xa + L, C0S6,, Yi =Ya+ L, Singz,

which are considered in the sagittal plane. The lower bogharsllel to the ground
during the locomotion, as in the Test Bench, where the hiptjbeight is fixed.
Since the stability during the locomotion is guaranteed, dignamic equations are
not needed (See Figure 2.2).



CHAPTER 3

MATHEMATICAL STRUCTURES OF CPGs

The type of oscillator that represents the CPG is one of the mmgmrtant choices
to be made. There are several research groups who adoptedt@€P@dement con-
trollers for bipedal locomotion [2, 3, 10, 15, 16, 17, 18].el$tientists have demon-
strated that the neurons which exist in the spinal cord ofdnsnvertebrate and inver-
tebrate animals are able to produce rhythmic patterns witthe requirement of any
rhythmic input. These neurons are implemented by softwasthods called CPGs,
where the CPG unit is responsible for generating the reqainggilar references for
the hip and knee joints. In this part, thredfdrent types of mathematical structures
of CPGs will be studied and we will call them the first, the setand the third type.

3.1 The first type of CPGs

The first type of CPGs are governed by thietiential equations [12, 41, 61, 64, 65]:

G =27vi+ ) 1w sine; — @i — ¢y)

i#]

fi=a (%(Ri — i) — r-i) (3.1)

6 = r;(1 + cosg))
where the state variablesandr; represent the phase and the amplitude, respectively,
andg; is the output of oscillator, v; denotes the angular velocity, the constant
determines how fast the amplitudewill converge to the limiting amplitud&®,, ¢;;
is the phase biases amgl denotes the coupling weight between the oscillatand
J. For two CPGs, depending on the valuevaf, three diferent couplings may be

considered: uncoupled, unidirectional and bidirectiofdle corresponding systems
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of differential equations are provided below:

o1 = 2nv;
. a .
nh=a (Zl(Rl - rl) - rl)
(3.2)
P2 = 21\
Y]
ra = az(z(Rz —ry) - rz)
p1 = 271V + W12 SN2 — 1 — ¢12)
. a .
fi=a (_l(Rl —ry) — rl)
_ 4 (3.3)
P2 = 21V
. a, .
fra=a (ZZ(Rz — ) - rz)
P1 = 21V1 + W12 SiN(p2 — @1 — ¢12)
. a }
rh=a (Zl(Rl —Iq) — rl)
_ : (3.4)
P2 = 27V + 1Wo1 SiN(p1 — 2 — ¢21)
. a, }
h=a (Zz(Rz —Iy) — rz)

The output of the systems afig = ri(1 + cosf1)) andd, = ry(1 + cosf,)), which

represent the angular joints of the hip and the knee, reispct

System (3.2) is called uncoupled because the two CPGs aegumrthe system work
independently. On the other hand, in system (3.3), theresigral transfer from the
second CPG to the first one, and that transfer is one way. Thhysit is called
unidirectional. Finally, in system (3.4), each CPG givegrefce to the other CPG.
Therefore, it is called bidirectional coupling.

3.2 The second type of CPGs

Another set of dterential equations that can represent CPGs is

% =i (i — r?) x - oy, +ZEin
i#i (3.5)
Yi =7 (,Ui - r.z) Yi + wXi
whereu; andw are the amplitude and frequency, respectivglyare some positive

constants that determine the speed of convergefeex? + y2, E; gives the coupling
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weight and its sign decides if these two oscillators are iasghor anti phase. When
E; = 0, the corresponding oscillator is called a Hopf oscillatar {inore details, see
[14, 15, 17, 66, 67, 68, 69, 70]). One of the most advantagddopff oscillators

lies in the possibility to easily control the amplitude ahé frequency of the output

independently.

As it was done for the first type of CPGs, we may have thréemint couplings. The
systems of dferential equations in case of uncoupled, unidirectiondladirectional
two CPGs are

X1 = y1(ua — rf)xl — wy1

Y1 =y1(u1 - rf))h + wXp

. (36)
X2 = ya(uz - rS)Xz —wYy2
Yo = ya(uz — r%)Yz + WXy
%1 = yi(us — 1% — wyr + Ex
Vi = —r2)y; + wx
>.’1 Y11 = r9ys + wxa (3.7)
X2 = ya(uz — r%)Xz — WY
Vo = yaluz — 13)yz + wXo
and
X1 = y1(u1 — r9)xe — wy1 + E1xe
Vi = —12)y1 + wX
Yl Y11 — IOy + wxg ’ (3.8)
%2 = Yoz — 13)% — w2 + ExXg
Yo = yaluo — r%)yz + WX

respectively. The outputs arg = 6, andx, = 6,, wheref; and6,, as defined in the
kinematic model, represent the angular positions of theahgbknee, respectively. A
disadvantage of this type of CPGs is that it is verffidilt to design phase coupling
of two CPGs without disturbing the amplitugeof both CPGs. More details will be
explained later in this chapter when the stability is diseas

3.3 The third type of CPGs

In their papers Marbach and Van den Kieboom (for details, [§& 71]) claim that

a number of experiments reveal that sinusoidal signals ateswited for locomotion
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control:
X = Asin(2rft + ¢),

whereA is the amplitude f the frequency ang the phase. Dierentiatingx twice
yields the system

TX=V, 71V=-X

wherer = 1/(2nf). Here, the amplitude is implicitly defined by the system. Ictfa
it depends on the initial conditions. Therefore, to force $iystem to lead to a limit
cycle with the desired amplitude, a new term should be ireddud the system. For

example, the new system offtlirential equations may look like

X =V

TV:—%(X2+V2—E)V—X (3:9)

in which the parameters « andE are positive constants. In (3.9), the texd V2
stands for the actual energy and th&atiencex? + v> — E denotes the energy error
of the oscillator. Therefore, the newly added term may ba&tas the normalized

energy error multiplied by andv.

To reach the strength of coupling CPGs, we consider a simpigliog strategy given
in [15] where each CPG sends a signal proportional to thesstateables to every
other CPG. More specifically, we consider

Px’i = O

Py = Z hia? e es? Bt}
— / 2 2
i#] Xj + Vj
a; andby; are positive constants that determine how oscillatmfluences oscillator
i and imply a specific phaseftkrence on the limit cycle. The general system for this
type of CPGs is given by

T).(i =YV,

i Xi + by Vi 3.10
T\-/i:—%()(i2+\/i2—Ei)Vi—Xi+Z —a”J ) ( )

T /xJ2 + vj2
Specific forms of outputs can still occur by changing the nucaé values of the

parameters [16]. Depending on the valuespfandby;, the coupling of CPGs may
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be called uncoupled, unidirectional and bidirectionale Torresponding systems of
differential equations are provided below:

T)-(l =V

TV]_ = —Ell (Xi + V% - E]_)V]_ - X1

_ (3.11)
X = Vo

™V, = _E% (x% + V5 — Ez)vz - X

T)l(l =V
agoXo + b1ovy

VX + V3 (3.12)

™V = _E% (xf+v§— El)vl—x1+

TX2:V2

Y [04 2 2
TV :——(x + V. —E)v - X
2 E2 2 2 2) V2 2
and

T 5(1 =V
agoXo + D1V

T\./]_:—Ell(X%-FVi—El)Vl—X + \/7
2
X3+ V5

. (3.13)
T™Xo = Vo
a1X1 + by

G+ V2

In any case, the outputs axe = 6; andx, = 6,, wheref; and6,, as defined in the

™V, = —%(X§+V§— Ez)vz— Xo +

kinematic model, represent the angular positions of thehigbknee, respectively.

3.4 Stability analysis

In this part, the stability analysis for each type of cougligiven in the previous

section will be discussed.

3.4.1 CPGs of the first type

3.4.1.1 Uncoupled two CPGs of the first type

Consider (3.2) where the first and the second CPGs are indapetadeach other.

One can easily show that andr, converge tdR; andR,, respectively. To see that,
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it is enough to show; converges asymptotically #&, whent — co. The diferential
equation
r = al(%(Rl —r1) =)
has a general solution
r(t) = (¢ + Gt)e @2 L Ry.

Sincea, is positive, it is clear that; asymptotically converge t&; ast — o~ no

matter what the initial conditions are.

3.4.1.2 Unidirectional two CPGs of the first type

Consider (3.3) and let = ¢, — ¢; denotes the phaseffirence. The time evolution

of the phase dierence is determined by
¢ = g2 — 1 = 2m(V2 — V1) — I2W12 SIN( — ¢12) = F(9).

If the oscillators synchronize, then they will do so at thedixpointse., for which
¢ = 0. Now, if f(¢.) = O, then

G = arcsi M) + @12

Rowi,
Note that there is no fixed-point if
‘Zﬂ(Vz — Vi)

> 1.
Rowi o

That is, when the dierence of intrinsic frequencies is too large compared tathe
pling weightw;, multiplied by theR, amplitude of the oscillator 2, the oscillators do
not synchronize and are said to drift. If

‘Zﬂ(Vz — V1)

=1,
Rowy o

then there is a single fixed poigf, = g + ¢1o Whenv, > vy, andg,, = —g + ¢1, When
Vo < V1. In this case, the two oscillators will synchronize. Finaity

‘ZW(VZ — V1)

<1,
Rowy o

then there are two fixed points; one of them is stable and ther @ne is unstable.

The stability of the fixed point is determined by the sign of

91 (f)
0

= —RoW1,COS@e — P12)
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The fixed point is stable if this quantity is negative, andtabke if it is positive. If
the initial phase dference is the unstable fixed point, the two oscillators \eithain

synchronized with that phasefiirence.

3.4.1.3 Bidirectional two CPGs of the first type

Consider (3.4) and let;, = —¢»;. In this case, we have
¢ = (¢) = p2— ¢1 = 21(Va — V1) — (RiWa1 + RoWy2) SiN — 12).

andf(¢.) = 0 results in

Vo — Vi)

oo = arcsinbzn( )+ ¢
” 1Wo1 + Rowyp =
There is no fixed-point if
2m(v2 — Vi)
— > 1
RiWa1 + Rowi,

In this case, the oscillators do not synchronize and aretealdft. If

27t(Vo — V1)

e U =1,
RiWz1 + Rowio

then there is a single fixed point, = g + ¢1o Whenv, > vy, andg,, = —7—2r + ¢1o, When
V, < vi. The two oscillators will synchronize with that phaséelience. Finally, if

2rt(Vo — V1)

— | <1,
RiWz1 + Rowio

then there are two fixed points; one of them is stable and ther @ne is unstable.
The stability of the fixed point is determined by the sign of
0t (f)
9¢
The fixed point is stable if this quantity is negative, andtahbke if this quantity is

= —(RiWz1 + RoWi2) COS@hes — ¢12)

positive. As such, when the initial phasdfdrence is the unstable fixed point, the
two oscillators will remain synchronized with that phasfetence. To sum up this
type of CPGs, the outputs of uncoupled, unidirectional awitdxitional two CPGs
are always oscillate. In next chapter, we will optimize ttyipe of CPGs in order
to produce rhythmic motions for one leg by using GA and Hylbuidction to move

alongx-direction.
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3.4.2 CPGs of the second type

The Hopf oscillators make up the CPGs network. The CPGs potsedmit cycle
property that controls the frequency and the amplitude efrtbural structure. Actu-
ally, it is possible to adjust the frequency and amplitudeulgh the parameterand

w. Let us consider the first case.

3.4.2.1 Uncoupled two CPGs of the second type

Since the two CPGs are uncoupled it is enough to investigdyeooe of them. Con-

sider

X=y(u-r’)x-wy (3.14)

y =y -r?)y+ox

It is clear that there is only one equilibrium point whichhetorigin. Letx = r cosg

andy = r sing. Then, (3.14) is written in the phase space as

F=vy(u—-rdr,

¢ =w.

The sign ofp determines the direction in which a trajectory is rotatibgpending on

the sign ofu, we shall have two cases:

e If u <0, thenr <0 forallr, and hence;(t) —» 0 ast — .

o If u>0,thenr < 0forr € (4, o) andr > 0 forr € (0, yu). This means that
origin is unstable and there is a stable orbit when /. (See [72, 73, 74] for
more details.) In this case, a supercritical Hopf bifurmatbccurs ap: = 0, as

in the Figure 3.3.
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Figure 3.1: Two solutions of (3.14) far = 0, w = v = 1. Red curve corresponds to
the initial conditionx;(0) = y;(0) = 0.3, and the blue one corresponds to the initial
conditionx;(0) = y;(0) = 0.2.

01r

0.05

-0.05

-0.1r

015 . . . . .
-0.15 -0.1 -0.05 0 0.05 0.1 0.15

Figure 3.2: Two solutions of (3.14) far= —0.2, w = y = 0.2. Red curve corresponds
to the initial conditionx; (0) = y;(0) = 0.08, and the blue one corresponds to the initial
conditionx;(0) = y1(0) = 0.1.
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Figure 3.3: Existence of a limit cycle for (3.14) with = 0.9. Here,w = 2, and
v = 0.1. Red curve corresponds to the initial conditiarf0) = y,(0) = 1, and the blue
one corresponds to the initial conditiag(0) = y;(0) = 0.1.

3.4.2.2 Unidirectional two CPGs of the second type

Consider the system (3.7). Again, there is only one equilibrpoint which is the

origin. The linearized system about the fixed point has ticeldian matrix

[ yyu -0 0 O

0 o
J0,000=| © ¥
E 0 yu -w

0 0 w Y2 |

which has the characteristic equat[(Qm — yiu1)? + wz] [(/l — Yol2)? + wz] = 0 whose

eigenvalues arg; , = yju; + iw andAzy = yous + lw.

If 41 = up = 0, then the eigenvalues demonstrate multiplicity, which nsehat the
fixed point is unstable. If both; andu, are negative, then the fixed point is asymp-

totically stable. If at least one of, u, is positive, then the fixed point is unstable.
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3.4.2.3 Bidirectional two CPGs of the second type

Consider 3.8. As before, origin is the only equilibrium pand the linearized system

about that point has the Jacobian matrix

Y1 —w E,

0 0
J0,000)=| © ¥

= 0 7y -w

0 0 w Yoo |

which has the characteristic equation

[(2 = yi1)® + W?I[(A = you2)® + ] — E1Eay1yapape = 0.

Assuming
Yi=Y2=Y,mu=p2=u, By =E2=E
and setting
Euy = Q,
we get

(A -y’ + -7 =0
whose solutions are

/11’2:’)//.lii VQ + w? and /13’4:’)/ﬂi VQ — w?

e If 4 =0, thenQ = 0 and the eigenvalues show multiplicity, meaning that the

fixed point is unstable.

e If u < 0andQ + w? > 0, the fixed point is asymptotically stable.

e If u > 0, the solution is unstable.

The other cases will not be considered here, but during then@ation they will be

taken into account.
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3.4.3 CPGs of the third type
3.4.3.1 Uncoupled two CPGs of the third type

As stated before, it is glicient to analyze only one CPG in this case. Consider (3.9).
Clearly, origin is the only fixed point and the Jacobian matfithe linearized system

at the fixed point is

[ 0
J(0,0) =

N[R NI
——

T

whose eigenvalues are

/11’2:%(0’1 Vaz—4).

Sincea/r > 0, the fixed point is locally unstable. To make further analyse$

X =TI CoS¢, V= sing. Then, (3.9) becomes
F=2(E-rd)rsife
¢=-1-2(r2- E)cosgsing

It is now obvious that all solutions with(0) > 0 tend to VE ast — co. Translating
this into thexy-plane, it means that®> + v increases as long a€ + V2> < E, and it
decreases whext + V2 > E. Thus, there is a stable limit cycle with radin&E and an
unstable equilibrium point at the origin. In Figure 3.4, tsautions corresponding to
different values of the parameters for the first CPG are shown.ifiiteycle for one

CPG can be observed in that figure.

3.4.3.2 Unidirectional two CPGs of the third type

The system (3.12) does not have any fixed point. Since thecamigidate is the origin,
but there the second equation is not defined. To check whétkes is a periodic
solution, we subject (3.12) to the change of variabdgs: r; cosgy, vi = riSing,

Xo = I COS¢, andv, = r, Sing,. Then, we obtain

fy= —5 (ri - El) rySine ¢q + % (a12COSg, + byoSing,) sing,
§-b1 = —% — ‘r(_él (rf - El) COSp1 Sin¢1 + T—% (alz COSp7 + b12 Sin¢2)
fz = _TLEZ (r% - Ez) ) Slr]2 (]52

go=-1- 2 (rg - E2) COSp, Sings.

19



Clearly,r, = VE; is the periodic solution for the second CPG. The limit cyclethe
first CPG can be observed in Figure 3.5. Therefore, as in treeafasncoupled two

CPGs, this system has a limit cycle.

0.01

0.008

0.006

0.004 -

0.002

-0.002

-0.004 -

-0.006

-0.008 -

0.01 L L L
-0.01 -0.005 0 0.005 0.01

Figure 3.4: Existence of a stable limit cycle of (3.9) wher 0.009 « = 0.03 and
E; = 0.000045 Red curve corresponds to the initial conditiy0) = v;(0) = 0.001,
and the blue one corresponds to the initial conditig(®) = v,(0) = 0.007.

0.08

0.06

0.04

0.02

Figure 3.5: Two trajectories of the first CPG in the case of weddional two CPGs
with 7 = .01, a; = .0001 o, = .001 a1, = b12 =.001 andEl = E, = .00001 Red

curve corresponds to the initial conditiaf(0) = x,(0) = v4(0) = v»(0) = .01, and the
blue one corresponds to the initial conditigif0) = X>(0) = v1(0) = v,(0) = .05.

20



3.4.3.3 Bidirectional two CPGs of the third type

Consider (3.13). For an equilibrium point, note that the frsd the third equations
givev; = V, = O which leads te-x; +a;, = 0 and—x,+a,; = 0. Sincex; andx, should
have the same signs, the equilibrium points aig 0, a;;, 0) and (a;», 0, —a,1, 0) and
the points &;,, 0, —ay1, 0) and (ay», 0, ap1, 0) are not equilibrium points. The Jacobian
matrix at any fixed point is

0 : 0

= Ei- 2 0 iﬁ

J(+812,0,+8,,,0)=| T 5 (E1—ap) =
s 1 a(E,-ad)

Therefore, the eigenvalues for both equilibrium pointstheeroots of the character-

istic equation

(/12 + Mﬂ 1 ) (/12 + a(agl B Ez)/l i b12b21

+ = —~ A% =0. 3.15
TEl T2 TE2 T2 72a12a21 ( )

It is difficult to solve this equation manually or to find the eigenvalaiealytically. To

extract some information from this equation in some paldicoases, we let

ﬁ _ a(aiz - El) _ 0/(331 - EZ)
! TEl ’ 2 TE2 ’
and set
— b12b21
12821
Then the characteristic equation becomes
2 1 2 1 2
A"+ frd+ < |[ A7+ fad + | —pud” =0, (3.16)
T T

whose roots are

1(1 2
Ao == (4_1 (-tBL— 182+ D) % 7232 — 181D + 1285 — 78,D + 2u - 8)
T

and

1(1 2
Azq = . (Z (-1B1—1B2—-D) = % 7282 + 181D + 7265 + 18,D + 2u - 8] ,

where

D = \Jt%8% — 18182 + 7265 + 4u
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Still, the analysis cannot be done manually. Thus, eithethas to trust the simulation
results only, which is not scientifically strong becausehaf érrors that may occur

during the computation, or one can consider special casge ds here.

Case 1 B; = B> = B. In that case, the eigenvalues are

(—Tﬁ+ VH \/TZ,B—ZTﬁ\/ﬁ+,u—4)
27 ’

A1 =

and

(—Tﬂ— V/TE= \/T2,8+27,8\/ﬁ+,u—4)

Azg = .
34 27

e Whenu < 0, as the Figure 3.6 supports;

— If B < 0, then there are complex eigenvalues with positive real pimce,

the fixed points an unstable source.

— If B = 0, then the eigenvalues are purely imaginary, and the sysfém

oscillate around the steady state. The fixed points areestabl

— If B > 0, the real parts of all eigenvalues are negative. So, thd pieats

are asymptotically stable.
e Whenu = 0, as the Figure 3.7 supports;

— If B < 0, then the eigenvalues are repeated and their real papesitee.

So, the fixed points are unstable.

— If B = 0, then the eigenvalues are repeated purely imaginary empl

numbers. Thus, the fixed points are unstable.

— If B > 0, then the real parts of eigenvalues are negative.rfer 7,, the
fixed points are asymptotically stable and fer= 7, the eigenvalues are

repeated which means that the fixed points are unstable.
e Whenu > 0, as the Figure 3.8 supports;

— If B < 0, then the eigenvalues have positive real parts. So, the hiaints

are an unstable.

— If B > 0, the fixed points are stable for small valuesi@nd unstable for

large values ofi.
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eigenvalues

eigenvalues

Figure 3.6: The eigenvalues agaifistvhenu < 0.
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Figure 3.7: The eigenvalues agaifistvhenu = 0.
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eigenvalues
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Figure 3.8: The eigenvalues agaigstvhenu > 0.

Case 2 ;1 # fo.

e Whenu < 0, with the help of the Figures 3.9, 3.10, 3.11 and 3.12, one has

If 81 > 0, B> > 0, then the fixed points are stable.

If B1 < 0, B, > O, then the fixed points are stable forclose to zero,

otherwise the fixed points are unstable.

If 81 > 0, B> < 0, then the fixed points are unstable.

If 81 <0, B2 < 0, then the fixed points are unstable.

If B, = O, then the fixed points are asymptotically stableger> 0 and

they are unstable fg#, < 0.

— If B, = 0, then the fixed points are asymptotically stablegor> 0 and

they are unstable fg#; < 0.

e Whenu = 0, with the help of the Figures 3.13, 3.14, 3.15 and 3.16, one has

— If B1 > 0, B2 > 0, then the fixed points are asymptotically stable.

— If B1 <0, B> > 0, then the fixed points are unstable.
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— If B1 <0, B2 < 0, then the fixed points are unstable.
— If B1 > 0, B> < 0, then the fixed points are stable.

— If By = 0, then the fixed points are asymptotically stabledgr- 0, while
they are unstable @, < O.

— If B, = 0, then the fixed points are asymptotically stabledor- 0, while

they are unstable fg#; < O.
e Whenu > 0, with the help of the Figures 3.17, 3.18, 3.19 and 3.20, one has

- If gy > 0, B, > 0, then the fixed points are stable forclose to zero,
otherwise the fixed points are unstable.

— If 1 <0, B2 > 0, then the fixed points are unstable.

— If 81 > 0, B> < 0, then the fixed points are unstable.

— If 81 <0, B2 < 0, then the fixed points are unstable.

— If B; = 0, then the fixed points are stable 6y > 0, or 8, < 0 whenu

close to zero, otherwise the fixed points are unstable.

— If B> = 0, then the fixed points are unstable far> 0, andg; < 0.

10
. ——— Re(\)
N
st \\ + |m()\1)
S ———Re(\)
6l S o M)
AN ———Re()))
AN
4r AN *Im(Ay)
\\ ———Re(r)
2+ N X Im(x,)

eigenvalues

-10 1 1 1
-10 -5 0 5 10

Figure 3.9: The eigenvalues agaifistwhenu < 0 andg, > 0.
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Figure 3.10: The eigenvalues agaistwhenu < 0 ands, < 0.
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Figure 3.11: The eigenvalues agaistwhenu < 0 andg; = 0.
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Figure 3.12: The eigenvalues agaigtwhenu < 0 andB, = 0.
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Figure 3.13: The eigenvalues agaistwhenu = 0 andB, > 0.
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Figure 3.14: The eigenvalues agaistwhenu = 0 andB, < 0.
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Figure 3.15: The eigenvalues agaistwhenu = 0 andB; = 0.
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Figure 3.16: The eigenvalues agaistwhenu = 0 andB, = 0.
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Figure 3.17: The eigenvalues agai@gtwhenu > 0 andg, > 0.
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Figure 3.19: The eigenvalues agaistwhenu > 0 andB; = 0.
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Figure 3.20: The eigenvalues agaigtwhenu > 0 andB, = 0.

31



CHAPTER 4

OPTIMIZATION OF CPGS

One of the most important steps is to optimize the CPGs andHadptimal parame-
ter sets for each CPG in order to produce RPs for one leg with @89 This can be
done, for example, to maximize the displacement or to mireénainergy. It should be
kept in mind that there are fikerent solvers. Also, there arefldrent algortihms; for
instance, the Genetic Algorithm (GA), Global Search (GSyltétart (MS), fmin-
search (FM) and Pattern Search (PS), also called the dieactls, to look for the
optimum parameter values. One can select one of the suaijnethms or combine
some of them to make a so-called hybrid function. For anynaigtition, a problem
has the cost function with or without some constraints, whmmth the objective and
constraint functions can be continuous or discontinuougothmic customization
is supported by both the GA and pattern search solvers. tssiple to create a cus-
tom genetic algorithm variant by modifying an initial poptibn and fitness scaling

options or by defining parent selection, crossover fracioth mutation rate [75].

4.1 Genetic algorithm and hybrid function

One of the important questions is how to choose an optimizez.optimizer is based
on problem characteristics and on the type of the soluti@irelé. Solver character-
istics contain some information that can help to decide Wwisialver is likely to be
the most suitable. To optimize two CPGs iitdrent cases, we start with the GA for
three types of couplings since it can randomly select tht@lrpopulation [76, 77].
Although the GA finds a local minimum, it is very commonly ussthce it is not

complicated and easy to use. For some problems the GA cao faohverge.
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The GA can also be used for multiple objective functions Hratsubject to a set of
constraints. Additionally and most importantly, the mpiké objective genetic algo-
rithm solver function is used to solve both smooth and nopetim problems with

or without lower and upper bounds of linear constraints dr&y do not require the

function to be diferentiable or continuous.

The most important two parameters of the GA are crossovetidra(C) and mutation
rate (M). When the crossover rate is zef® £ 0), offspring are the exact copies of
their parents and when it is 100% (= 1), all offspring are made by the crossover.
When there is a crossover probability €0C < 1), offspring are made from parts of
the chromosomes of the parents. This technique of a crossowgade in the hope
that new chromosomes will be better. Nevertheless, we rewmd leaving some
parts of the population to survive to the next generatiore fiutation probability is
how often the parts of chromosomes mutate. Whke: O, offspring are taken after
crossover without any change. If the mutation is perfornpaait of the chromosome
is changed. IM = 1, the entire chromosome is changed. Mutation occurs teeptev
the GA from falling into a local extreme; however, it shouldt occur very often

because the GA will in fact change to a random search.

Normally, a higher population size produces good resultslitberential equations.
However, a very large population size may not give good tesullo general rule
can be guaranteed to achieve the global optimum solutionxioygfithe population
size. Therefore, a comprehensive testing is required tbéxybpulation size for each
problem. A further increase or decrease of the populatos lsiads to an increase or
decrease in the accuracy of the solution. Tliisa is observed in a population size of
100 chromosomes. The use of a large population improvesthBan accuracy (for
more details see [78]). We will take the population size tbéiveen 45 and 200.

We will also use a hybrid function during the optimizationarder to improve the
value of the fitness function. In this thesis, we always staith GA and, in some
cases, after it terminates, we run either Pattern Searchoff8insearch (FM). The
hybrid function uses the final point from the GA as its initaint [79, 80]. With

regard to the stability, the leg is either able or unable teenshen the dterent types

couplings are considered.
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4.2 Walking one leg with2 DOFs

Main point of this thesis is to optimize two CPGs ifffdrent cases, including uncou-
pled, unidirectional and bidirectional two CPGs in order émgrate motion for one
leg to move. The model is discussed Chapter 2 afiéreint types of mathematical
structures of CPGs are presented in Chapter 3. Each type of QR&&wptimized by
using the GA. Itis important to mention here that each CPGuymred angular patterns

as outputs for each joint.

In order to obtain gait generation, it is necessary to comfhé optimal parameter sets
for each CPG. In other words, it is necessary to understandim@angular position
of the hip and knee would change in time in order to produceanoilhe parameter
sets in the cases of the uncoupled, unidirectional anddational two CPGs for three

types of the CPGs are as follows:

e CPGs of the first type:

— Uncoupled two CPGgay, v, Ry, @, Vo, Ry}
— Unidirectional two CPGstay, V1, Ry, Wio, ¢12, 82, Vo, Ry}

— Bidirectional two CPGs{ay, V1, Ry, W12, ¢12, 82, Vo, Ro, Wo1, 1}

e CPGs of the second type:

— Uncoupled two CPGSu1, a3, by, w1, uz, az, by, wy}
— Unidirectional two CPGs{u,, as, by, w1, E, uz, as, by, wy}

— Bidirectional two CPGs{u3, a1, by, w1, E1, pa, @, by, wy, E}

e CPGs of the third type:

— UnCOUpled two CPGSUl, T1, El, 2, T, Ez}
— Unidirectional two CPGS{G’]_, T, E]_, a0, b12, o, T, E2}

— Bidirectional two CPGS{CL’]_, T1, El, dio, b12, a2, T2, Ez, o1, b21}.

Each type of CPGs has more than five parameters. As mentiofi@d]jrcA will not
be very dficient. For that reason, we shall impose some conditions canpeters to

obtain better results.
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The cost function that will be used is

n 0 02(K) + 02(K
J= —Clkzzl‘xb(k) +C2;(W), (4.1)

whereC; + C, = 1 andn is the number of elements of the position vector that is
simulated with the objective of establishing patterns ideorto maximize the dis-
placement or velocity, anll is the length of time. The first term in (4.1) stands for
the displacement and the second one is energy related. When O, the energy
consumption is ignored; hence, the displacement is maguniOn the other hand,
whenC; = 0, the energy consumption is minimized ignoring the displaemilt is
obvious that foiC; = 0, the minimum displacement is obtained when there is no lo-
comotion. Therefore, throughout this study, it is assunh@dl@, # 0. Moreover, the
requiremenC; + C, = 1 is used just to balance the energy consumption and total dis
placement. The values &f; andC, are varied to clarify the relationship between the
velocity and the energy constraints during CPG optimizatidme ultimate goal here

is to minimize the energy while altering the position (for maaletails on biological

locomotion, see [82, 83]).

The two constraints revealed here arg 0y, 6, < n due to physical reasons. We take
the length of the upper link (hip to knee) in the leg as 0.145htae lower link (knee

to foot) as 0.165 m according to the Test Bench. The heighteo$liding body from

the ground is taken asZb+ 0.01 m. Some figures below show some gaits as a result

of the evolutionary optimization technique.

4.3 Optimization of the first type of CPGs

4.3.1 Uncoupled two CPGs of the first type

Different results of optimizing uncoupled two CPGs are sumniiz&ables 4.1 and
4.2 when the parameters of CPGs are constrained and thé aatiditions are not
fixed. The initial conditions are also determined by optinggzthem. By optimizing
uncoupled two CPGs when the parameters of CPGs are not coestrtie CPGs are
also able to generate RPs for one leg with two DOFs. HowewveretWill be a large

variance between steps, and as a result, itfficdit to implement it physically.
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Table 4.1: Uncoupled two CPGs of the first type wi@&, # 0, IC is not fixed

Solver Parameter values J Xo

62674 1.3937 0.6640
GA 0.1111 1.3961 2.9890| ~18597 | 3.8048

7.2739 1.3950 0.6877
GA 0.1046 1.3973 2.9928| 19935 | 4.0253

21.4785 2.0180 0.7195
GA and PS 0.1099 2.0208 3.0549 -31109 | 6.0427

8.6053 1.4939 0.7208§
GA and FM 0.1069 1.4912 3.2999 —22547 | 4.4876

Table 4.2: Uncoupled two CPGs of the first type wi@n= 0, IC is not fixed

Solver Parameter values J Xb

8.6071 1.4938 0.721§
GA 0.1077 1.4912 3.3034 —22C8 g 44839

22.4988 2.0174 0.7238
GA 0.1096 2.0210 3.0527| ~51301 | 6.0856

33.7496 2.0175 0.7236
GA and PS 0.1093 2.0210 3.0543 -31388 | 6.0872

33.7510 2.0174 0.7234
GA and FM 0.1094 2.0209 3.0520 -31417 | 6.0934

4.3.2 Unidirectional two CPGs of the first type

The results of the optimization in this case are given inda@l.3 and 4.4. Comparing
Tables 4.1, 4.2, 4.3 and 4.4, we see that the results of tligectional case are much

better than the uncoupled case.

Table 4.3: Unidirectional two CPGs of the first type wh&, # 0, IC is not fixed

Solver Parameter values J Xp
12.4504 9.2728 0.8901
GA 5.7888 4.5130 1.2253 -48014 | 9.3577

6.9333 7.1551
13.0343 57.1958 0.8314
GA 5.9874 4.7665 1.237§ -87549 | 17.4629
8.0715 36.5990
20.6705 57.1948 0.790%
GAand PS | 6.5840 4.7665 1.2382 -8940Q7 | 18.1305
8.3161 37.6267
14.8514 57.2735 0.8923
GAand FM | 11.2956 14.2857 1.3228 -21187 | 44.0914
14.8913 39.5832
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Table 4.4: Unidirectional two CPGs of the first type wh@n= 0, IC is not fixed

Solver Parameter values J Xp

13.6221 10.9868 0.8620 9.4963
GA 12,5940 1.2120 8.6787 10.4065 /732 | 38.0833

18.7442 16.0011 0.9070 16.6791
GA 17.6464 1.2234 9.0500 10.4742 —27015 | 56.3742
17.8890 16.0022 0.9072 16.7160
17.6465 1.2236 9.0535 10.4777
17.1386 15.9985 0.9075 16.207

GAandFM | 125167 1.2293 9.0548 10.561 | 20260 | 58.8559

GA and PS —27090 | 56.5362

Ny

4.3.3 Bidirectional two CPGs of the first type

The results are given in Tables 4.5 and 4.6. We note that §fibrric patterns in this

case are much better than the other two cases. The results, v parameters of
the CPGs are not constrained, are summarized in Table 4.Thamdsults when the
parameters of the CPGs are constrained are summarized esBland 4.9. Also,

Figures 4.1, 4.2, 4.3, 4.4, 4.5, 4.6 and 4.7 present one liega#ion, the outputs of

the CPGs and displacement against time for the uncoupled tMBsCP

Table 4.5: Bidirectional two CPGs of the first type wheyC, # O, IC is not fixed

Solver Parameter values J Xb E
on | BT ILEES DU ST SO S 10 | 1.z 2708
on | 2B 15152 00T SOTTS SIS ST a3 | 171 305
12203 ISI8IE QS0L SEELT 2 AT sy | ars | 5003
12.2689 13.2206 0.8670 5.6917 6.2263 6.5196

GA and FM 11.6373 1.2564 6.3573 5.6350 —23101 | 47.7814 | 3.0533

GA and PS

Table 4.6: Bidirectional two CPGs of the first type when= 0, IC is not fixed

Solver Parameter values J Xp E

8.4231 15.5376 0.7865 9.5072 5.3567 6.9389
GA 16.1480 1.1995 4.1472 3.1645 —24920 | 508137 26918

8.1883 16.6302 0.9950 9.6418 55169 6.8858
GA 17.1167 1.2343 4.5534 3.2144 ~33210 ) €8.1002 | 3.0328
8.1882 16.6302 0.0951 9.6422 55169 6.89
17.1167 1.2343 4.5536 3.2145

8.3143 16.6291 0.9887 95097 55162 6.9143

GA and FM 171168 1.2343 4.5682 3.2114 —33250 | 67.8962 | 3.0344

GA and PS 54—33211 67.9497 | 3.0332
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Table 4.7: Optimization of two CPGs in the unbounded regioem@yC,
Case Solver Parameter values J Xp E
Unc | GAand FM f%;ggﬁ 28.5866 0.8628 20.3314 14.2796 »30,9 | 47,8770 | 3.0341
Unc | GAandPS ioz.gggg 28.5866 0.8629 20.3406 142796 119,54 | 47,8777 | 3.0343
. 17.5270 40.6125 1.0038 27.1307 33.34B7

Unid | GAand FM | 15500 =00 e aon _57859 | 116.9131| 3.0240
: 17.2865 40.4284 0.9287 28.0195 33.3458

Unid | GAandPS | 150- " 0 10 50,3126 > 28213 | 112.8684| 2.9301
: 61.4180 34.8193 0.8691 8.8225 1.0988

Bid | GAandFM | g 9136 34.4234 1.3595 12.1180 6.78ds 0043 | 138.4982| 3.6014
: 62.4355 34.8369 0.8565 8.9123 1.1180

Bid | GAandPS | ¢ 9463 344603 1.3678 12.1621 6.8044 4236 | 139.0181 3.6486

Table 4.8: Optimization of two CPGs in the bounded region wGgy, # 0

Type Solver Parameter values J Xb E

Unc | GAand PS 185225733 1.992848H46 46.4124 1.960% -1326 49613 | 4.1004
) 50.0000 1.9850 0.7804 13.1020 1.9230

Unid | GAand PS 15356 2.0000-0.3699 —-17074 | 6.4220 | 4.2509
. 61.4180 34.8193 0.8691 8.8225 1.0938

Bid | GAandPS| &) 9136 34.4234 1.3505 12.1180 6.78dp 025 | 6.2665| 4.2799

Table 4.9: Optimization of two CPGs in the bounded region wgge 0

Type Solver Parameter values J Xp E

Unc | GAand FM i%?g? 1.9955 0.7564 26.4992 1'96)6—27312 4.9856 | 4.2406
. 20.2328 1.9347 0.7369 25.66921.9619

Unid | GAand FM 1542403227 3.2986 -30227 | 5.5084 | 4.1719
. 9.5946 1.9499 0.8009 1.2422 5.5546

Bid GA and FM 48.1560 1.9717 1.2744 1.9235 —31376 | 6.1787 | 2.9796
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Figure 4.1: One leg animation for uncoupled two CPGs of thetfipe corresponding

to the values; = 186883 v; = 1.9928 R; = 0.7746 a, = 46.4124 v, = 1.9604 and

R, = 1.5327

25

Time

Figure 4.2: Outputs of uncoupled two CPGs corresponding eéosdime values in
39

Figure 4.1.



Displacement

Figure 4.3: Displacement of one leg by uncoupled two CPGsespaonding to the
same values in Figure 4.1.

0.1

0.2

0.25

Figure 4.4: One leg animation for unidirectional two CPGgegponding to the val-
uesa; = 50,v; = 1.985Q R, = 0.7804 a, = 13102Q v, = 1.923Q R, = 1.5356
W10 = 2 and¢12 = -0.3699
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Figure 4.5: Outputs and displacement for unidirectiona @PGs corresponding to
the same values in Figure 4.4
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Figure 4.6: One leg animation for bidirectional two CPGs effihst type correspond-
ing to the valuesy = 9.5946 v; = 1.9499 R; = 0.8009 w;, = 1.2422 ¢, = 5.5546
ap =48156Q v, = 1.9717 R, = 1.2744 w,; = 1.9235 andg¢,; = 5.5546.
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Figure 4.7: Outputs and displacement for bidirectional @RGs of the first type
corresponding to the same values in Figure 4.6

4.4 Optimization of the second type of CPGs

We use the same objective functidrand follow the same strategy. flérent results
are obtained. Figures 4.8 and 4.9 show the locomotion of @p&ithout constraints
and the outputs of the CPGs. It is a clear that the angles ofitharid knee are

randomly changing without constraints.

By applying constraints, the bidirectional two CPGs are ot and the results are
given in Figures 4.10, 4.11 and 4.12. We t&ge= C, = 0.5.

Figures 4.13 and 4.14 show the one leg animation and the wutpuhe CPGs. It

is clear that there is a large variance between steps déwpiteg optimized the ob-
jective function in two case$;;C, # 0 andC, = 0. However, by using the stability
conditions, especially the results that derive from therealional two CPGs when
u < 0 andEuy < w?, the optimization is performed just for 4 parameters irstefa

10, and the results become much better as seen in Figureardd416.
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Figure 4.8: Simulation of walking gait without constrairits the uncoupled two
CPGs corresponding to the valyes= 2.3452 y; = 44.253Q w; = 405129 u, =
5.9689 y, = 1.7984 andw, = 39.9821
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Figure 4.9: Outputs of the CPGs and displacement withouttings of the second
type corresponding to the same values in Figure 4.8
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Figure 4.10: Simulation of walking gait with constraintgm@sponding to the values
w1 = 15651 a; = 43.0613 b; = 321987, w, = 24237, E; = 3.1859 u, = 3.1653

a, = 50.3422 b, = 54.3037, w, = 0.1487, andE, = 2.8842.
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Figure 4.11: Displacement of one leg corresponding to theesalues in Figure 4.10
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Figure 4.12: Outputs of the CPGs with constraints corresipgrit the same values
in Figure 4.10
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Figure 4.13: One leg animation whé&€h = C, = 0.5 corresponding to the values
w1 = 0.857Q a; = 40.973Q by = 315528 w; = 1.8821, E; = 1.9008 u, = 3.164Q
a, = 504387 b, = 54.3306 w, = 0.1323 andE, = 3.3600
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Figure 4.14: Outputs of the CPGs corresponding to the samewai Figure 4.13.
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Figure 4.15: One leg animation whé&h = C, = 0.5 corresponding to the values
u=-0.8389y=97826 w = 3.4998 andE = 2.2789
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Figure 4.16: Outputs of bidirectional two CPGs and displaaeincorresponding to
the same values in Figure 4.15

Tables 4.10,4.11, 4.12, 4.13, 4.14 and 4.15 summarize timeiaption of the second
type and indicate that there is a large variance betwees di@gjng locomotion. It is
also dfficult to design phase coupling of two CPGs without disturbimegamplitude

u of both CPGs by adding couple weight which was just a constant and its sign
decides whether these two oscillators are in phase or aaigphin fact, we need to
use sensory feedback for this type of CPGs to obtain betteltses

Table 4.10: Uncoupled two CPGs of the second type Wiy # O

Solver Parameter values J Xb
GA 1.4458 49.6166 42.5420 0.0057 3.2989 48.9648 55.3396 0.11217781 | 70.7119
GA 1.4180 50.5328 42.3507 0.0045 3.2990 48.9647 55.3371 ©.10517845 | 70.7159

GAand PS | 1.4012 52.5781 39.9536 0.0030 3.2990 48.9611 55.3422 ©.10917921 | 71.2255
GAand FM | 1.3718 50.9654 41.6556 0.0027 3.2990 48.9765 55.3330 B.(6817941 | 70.1690
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Table 4.11: Uncoupled two CPGs of the second type wiea 0

Solver Parameter values J Xb
on | LeToEioes BT 00 ST s 67700
nanaps | LETSS SL5510 180540 00T S48 iy o755
hmar | 13000 SOTL0 214505001 | “sons | mioni

Table 4.12: Unidirectional two CPGs of the second type wBgy, # 0

Solver Parameter values J Xo
on | LSO O SIS SIS 113 | sosne
cnanps | LS SIS 1S0IS S2LSTSITE 1755 | 050
h e | 1514 SIS S50 5205 ST 3| 950

Table 4.13: Unidirectional two CPGs of the second type wgr O

Solver Parameter values ) Xp

on | 52530 00818 SOSEIs 18055 IR e gy

hmaps | 21521, ZZ10E 27250 10550 SIS 17| o376
=

nanaru | 1010 S22 1658 1001 ST s | s

Table 4.14: Bidirectional two CPGs of the second type w@eb, # 0

Solver Parameter values J Xb
0.8560 40.9743 31,5531 1.8624 1.9008
GA 3.1640 50.4389 54.3306 0.1322 3.3600 /263 | 65.3686
0.8416 48.0750 28.2205 1.9042 2.2687
GAandPS | 51675 50.3775 54.2680 0.2156 3.3600 L 418 | 64.8242
A and F | 08589 38.8062 31,2842 1.7514 1.7286_ |

3.1640 50.4318 54.3302 0.1278 3.40%

july

Table 4.15: Bidirectional two CPGs of the second type w@igr: 0

Solver Parameter values J Xb
1.5651 43.0613 32.1987 2.4237 3.18%9
GA 3.1653 50.3422 54.3037 0.1487 2.8842 54249 | 41.5323
0.8510 40.0128 31.5992 1.9080 1.9011
GAandPS | 31640 50.4410 54.3305 0.1172 3.3600 4948 | 62.4536
GA and EM 0.8197 40.9826 32.6101 1.9221 1.91(>2_34973 62.9298

3.1641 50.4428 54.3251 0.1210 3.353
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4.5 Optimization of the third type of the CPGs

4.5.1 Uncoupled two CPGs of the third type

Similar optimizations are performed and the results aregited in Tables 4.16 and
4.17. Figures 4.17, 4.18 and 4.19 show one leg animation thé@houtputs of the
uncoupled two CPGs and the displacement.

The optimization of the uncoupled two CPGs failed to produgtable RPs for one
leg with 2 DOFs because the fixed point is unstable.
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7771
Ty
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025 L L L A L L L I
0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65

Figure 4.17: One leg animation of uncoupled two CPGs cormedipg to the values

71 = 289834,a; = 36.2518,E; = 45906,7, = 1112763,a, = 353121 and
E, = 9.8696
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Figure 4.18: Outputs of uncoupled two CPGs correspondinggsame values as in
Figure 4.17.
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Figure 4.19: Displacement for uncoupled two CPGs correspgrid the same values
as in Figure 4.17.
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Table 4.16:

Uncoupled two CPGs of the third type wkik@, # 0

Solver Parameter values J Xp
GA 28.9834 36.2518 4.5906 111.2763 35.3121 9.869620485 | 0.5271
GA 31.5979 36.3647 4.5536 110.8210 35.3333 9.8660620504 | 0.5299

GA with PS | 32.9827 36.6254 4.5648 110.8486 35.2849 9.869420527 | 0.5257
GA with FM 52.6429 61.4651 8.2096 18.6831 28.2615 6.96[12-1998 | 0.6037

Table 4.17: Uncoupled two CPGs of the third type wikgn= 0

Solver Parameter values J Xb
GA 43.4261 79.7966 14.7043 96.3819 41.6429 9.8691-39163 | 0.5942
GA 44.4261 78.7966 14.2043 98.0069 41.7679 9.8691-39156 | 0.5940

GA with PS | 46.6724 79.0434 14.4197 100.0917 41.0695 9.8547-3934 | 0.5951
GA with FM 54.3031 83.7118 11.7086 16.1890 33.7975 7.5507-3870 | 0.6038

4.5.2 Unidirectional two CPGs of the third type

According to Tables 4.16 and 4.17, increasing optimizatiore or extending the
region renders the leg unable to move. Also, Tables 4.18 distipport the results
given previously such that the CPGs are unable to produce RRsédeg to move.

Figures 4.20, 4.21 and 4.22 show the results of the optimiz#itat were obtained by

optimizing the unidirectional two CPGs.

Figure 4.20: Animation of one leg for unidirectional two CP&sresponding to the
valuest; = 37.8704,a; = 23.8309,E; = 2.2214,a;, = 39590], by, = 204244

0.35 0.4 0.45 0.5 0.55 0.6

T, = 332256,a, = 26.1536 andE; = 9.8616
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Figure 4.21: Outputs of unidirectional two CPGs correspogdo the same values in
Figure 4.20
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Figure 4.22: Displacement for unidirectional two CPGs cgponding to the same
values in Figure 4.20.
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Table 4.18: Unidirectional two CPGs of the third type wit&C, # O

Solver Parameter values J Xb

GA 23.8309 37.8704 2.2214 39.5901 20.4244-23673 | 0.6130
26.1536 33.2256 9.8616

GA 57.1658 38.1815 2.1811 4.8573 24.73p2-22574 | 0.6150
58.3004 47.0796 9.8694

GAwith Hyp | 57.7655 38.1815 2.1811 4.8534 24.9287-22576 | 0.6151
58.3017 47.0796 9.8694

GA with Hyf | 59.5006 34.2580 2.2877 7.7744 30.2325-23369 | 0.6141
60.7280 39.4452 9.8668

Table 4.19: Unidirectional two CPGs of the third type witen= 0

Solver Parameter values J Xb

GA 19.1593 37.3610 2.4442 29.2822 23.77[{5-47986 | 0.6103
39.8811 31.5082 9.8595

GA 16.6046 12.9354 0.2630 29.7203 25.9645-4722 | 0.6202
41.3522 38.5263 9.8690

GA with PS | 17.4443 12.7218 0.2635 32.9492 26.5549-4741 | 0.6194
59.7024 38.5626 9.8659

GAwith FM | 16.8698 14.1344 0.2599 30.8606 26.46[18-52599 | 0.6201
43.3883 42.3464 9.8660

4.5.3 Bidirectional two CPGs of the third type

We first optimize the bidirectional two CPGs using the costfiom J and only the
constraints (x 6,60, < n. Tables 4.20 and 4.21 summarize the results. Figures 4.23,
4.24 and 4.25 show the results wheyC, # 0. Figures 4.26, 4.27 and 4.28 show the

results wherC, = 0. These figures present the animation of one leg, the ougputs

the CPGs and displacement, respectively.

Table 4.20: Bidirectional two CPGs of the third type wh&C, # 0.

Solver Parameter values J Xp

B1

B2

GA

0.9999 1.9982
1.6538 0.8678
2.4274 1.6276

0.5233
2.2644

2.483
2.621

L —877.5649

)

0.6204

u
0.4466

5.3960

0.4781

GA

1.0158 2.0092
1.6678 0.8976
2.4401 1.6481

0.5724
2.2644

2.576
3.126

B8
L

-181Q7

0.6209

0.4372

5.3595

0.3586

GA with PS

1.0517 1.2945
0.7428 2.1834
3.2864 3.2522

2.0737
1.9535

1.346
3.381

L

=3

-50789

2.1939

0.5460

—-0.1025

2.4519

GA with FM

1.0520 1.2952
0.7448 2.1885
3.2922 3.2542

2.0771
1.9547

1.346
3.383

6

o

-50684

2.1966

0.5467

-0.1031

2.4671
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Table 4.21: Bidirectional two CPGs of the third type wi@n= 0.

Solver Parameter values J Xb u B1 B2

GA 0.9961 1.0081 0.5403 2.3114 -24112 | 0.6211| 0.1848 | 8.7829 | 1.4235
0.4843 0.9942 1.9538 2.3390D
2.9803 2.6291
GA 1.0033 1.0088 0.5403 2.337p -49046 | 0.6222 | 0.1858 | 9.0636 | 1.4250
0.4844 0.9942 1.9539 2.338[L
2.9809 2.6721
GAwith PS | 0.9855 1.2981 2.0748 1.347b5 -10286 | 2.1852 | 0.5451 | —0.0948 | 2.5206
0.7401 2.1861 1.9233 3.3868
3.3011 3.2758
GAwithFM | 0.9940 1.3046 2.1067 1.352D -10332 | 2.2126 | 0.5342 | -0.0999 | 2.6629
0.7216 2.2720 1.9025 3.410p
3.3188 3.3236

In Tables 4.20 and 4.21, in contrast, the results are muchrizaan the other cases
despite the fact that we did not impose any conditions froenstiability analysis dur-

ing the optimization. These results indicate that, wherfitte®l points are stable, the
bidirectional two CPGs are able to produce RPs. While the fix@&utpare unstable,

the optimization of the bidirectional two CPGs are unablertmipce RPS. The move-
ment does not only depend entirely on the values afda, as shown in Tables 4.20
and 4.21, it also relies the stability of the fixed points, vene fixed points depend

on the coupling weights;; andb;.
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Figure 4.23: One leg animation for bidirectional two CPGs wkgC, # 0 cor-
responding to the valuag, = 1.0695 7; = 1.2666 E; = 21157 a;, = 1.361Q
b, = 0.7478 ap = 2.2222 7, = 1.9279 E, = 3.4393 ay; = 3.2908 b,; = 3.2794
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Figure 4.24: Outputs of bidirectional two CPGs wh&€C, # 0 corresponding to the
same values in Figure 4.23.

Displacement

Time

Figure 4.25: Displacement of one leg for bidirectional twoG3PwhenC,C, # 0
corresponding to the same values in Figure 4.23.
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Figure 4.26: Animation of one leg using the outputs of thearbitional two CPGs
whenC, = 0 corresponding to the values = 0.9855 r; = 1.2981, E; = 2.0748
3.12 = 13475 b12 = 07401 a2 = 21861 To = 19234 E2 = 33872 dpq = 3301],
andsz_ = 3.2758.
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Figure 4.27: Outputs of bidirectional two CPGs whéxn = 0 corresponding to the
same values in Figure 4.26.
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Figure 4.28: Displacement for bidirectional two CPGs wlign= 0 corresponding to
the same values in Figure 4.26.

Experiments relying on the value gf 8, andB, show that an increase in the value
of 7 will decrease the displacement and velocity. An increaghenvalues ofr will
decrease the displacement and velocity when the fixed paiatstable, as shown in
Tables 4.20 and 4.21.

Moreover, when the angles are kept in the regiq®407], to be more consistent with
real life, the locomotion becomes better than the anglesietween [0x]. To show
that the bidirectional two CPGs are able to generate RPs ofitygifixed points are
stable, we will consider the following cases where we set

- E 5, - E byob
_ a(a, l)’ B, = a(a5, - Eo) and 4= 12021
(=) B ay281

B1
Firstly: Letu = 1. Take the mutation rat®l = 0.5 and crossover fractio@ = 0.8 :

. . 5
1. a;p = ay1 = byx = byy = 1. WhenC,C, # 0 with the constraints & 64, 6, < Eﬂ
the CPGs are unable to generate the RPs for one leg becausecth@dints

are unstable.
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2. a5, = by = 1 anday; = by, = 25 WhenC,C, # 0, the CPGs are able to
generate the RPs for one leg to move because the fixed poindsadte. The
results are shown in Figures 4.29 and 4.30.

3. If a;p = by = 1 anday; = by; = 2.5. Again, the fixed points are unstable and

the results are summarized in Table 4.22.

Table 4.22: Bidirectional two CPGs of the third type whes 1 andC,C, # 0

M C Parameter values b1 B2 u J Xp
0.05 | 0.2 | 4.0000 4.0000 0.1000 1.0000 1.00008.9986 | 8.9999 | 1 -19543 0.4760
0.1000 1.0000 1.0000 2.0000
0.5 | 0.2 | 2.5341 4.0000 3.9399 2.5000 2.50000.3714 | 4.7868 | 1 -20117 0.5042
0.1169 1.0000 1.0000 2.0000
0.05 | 0.2 | 1.9081 3.9999 4.0000 2.5000 1.00000.2683 | 4.1840 | 1 -20163 0.5054
0.1023 1.0000 2.5000 2.0000
0.05 | 0.2 | 1.3072 0.9332 0.8402 1.0000 2.50000.2664 | 2.3120 | 1 -5493 1.9134
2.3580 2.5000 1.0000 1.5019
0.5 | 0.2 | Whenap; = by = 1 andajo = by; = - - 1 | Not Feasible
25
0
0.05 A\ \Q:\
0.1r
0.15
0.2
0.25
1 1 1 1 1 1 1 1

0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

Figure 4.29: One leg animation when= 1: This animation corresponds to the
valuesa = 1.3072,7 = 0.9332,E; = 0.8402,E, = 2.3580 witha;, = by; = 1, and
dpp = b12 =2.5.
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Displacement

Figure 4.30: Outputs and displacement for bidirectiona @PGs corresponding to
the same values in Figure 4.29

Secondly:Fix u = 0, and assume filerent cases for other parameters as follows:

1. by = 0, &y, by anday; are determined by the GA, and také = 0.5 and
C = 0.8. The CPGs are unable to generate RPs because 0 andg, > 0

indicate that the fixed points are unstable.

2. by = 0, azp, by anda,; are determined by optimizing two CPGs, and take
M = 0.5 andC = 0.2. The CPGs are unable to generate RPs begguse0

andg, > 0 which means that the fixed points are unstable.

3. by, = 0, ap, by anday; are determined by the optimizing bidirectional two
CPGs, and tak® = 0.05 andC = 0.8. The CPGs are able to generate RPs as
shown in Figures 4.31, 4.32 and 4.33. In this case we Bave0 andg; < 0,

i.e., the fixed points are stable. All these results are suiaedhin Table 4.23.

Table 4.23: Bidirectional two CPGs of the third type whes 0 andC,C, # 0

Parameter values

Jei

B2

Xp

2.2597
0.0000
0.9627

1.3266
3.7644

2.4060
1.7859

2.976
1.442

4.5689

-0.2602

-36757

1.4057

0.5

0.2

3.9857
3.0000
0.9561

2.0077
3.0000

1.0000
3.0000

3.000
0.000

158818

3.9705

—28041

0.7088

0.05

0.8

0.5318
1.6750

4.0000
0.3624

2.5000 0.0000

1.1789
3.9977

1.000
0.737

-0.0202

0.6778

—25906

0.9219
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Figure 4.31: Animation of one leg when = 0 corresponding to the valueg =
05318 71 = 4, E; = 1.1789,a;, = 1, by, = 1.675Q a, = 0.3624 7, = 3.9977,
E, =0.7374 a1 = 2.5, andb21 =0.
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Figure 4.32: Outputs of bidirectional two CPGs when= 0 corresponding to the
same values in Figure 4.31.
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Figure 4.33: Displacement corresponding to the same vaiuegure 4.31.
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Thirdly: Letu < 0, and keep other parameters changeable. In this case, ¢ae fix
points are stable. The results are given in Figures 4.34 @8%lahd summarized in
Table 4.24.

Table 4.24: Bidirectional two CPGs of the third type wher 0

M C Parameter values e B2 7 J Xo
0.1 ] 0.2 | 1.2692 0.1005 2.5168 -3.7207 | 19.1729 —-0.00019 -56538 | 28.3078
1.3322 0.2271 2.4815%
2.5000-0.0029

0.1 | 0.2 | 1.0408 0.1003 2.6896 —3.5496 | 192211 —0.00004 —-61480 | 30.7029
1.3301 0.2833 2.0841
2.4385-0.0005

05| 0.2 | 0.9480 0.1011 2.6940 —-3.2950 | 17.3251 | -0.24-10 7 | —64903 | 32.2447
1.3219 0.1477 2.0899
2.4394-0.0001 0.6327

0.05

0.15

0.2

0.25 1 1 1 1 1 1 1 1 1
0.2 0.4 0.6 0.8 1.2 14 1.6 1.8 2

[N

Figure 4.34: Animation of one leg whan < O corresponding to the values =
0.948Q 7 = 0.1011 E; = 2.6940,a;, = 1.3219 by, = 0.1477, E, = 2.0899 ay; =
2.4394 andb,; = —0.000005.
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Figure 4.35: Outputs and displacement for bidirectional @®PGs wherC,C, # 0
andu < 0 corresponding to the same values in Figure 4.34.

Fourthly: Letu = 0.4,a,, = 2.5,a;2 = by, = by; = 1, M = 0.05 andC = 0.8.. Since

0 < u < 1, the stabilities of the fixed points depend @nandg,. With constraints
0<0,,6, < 4;”, when the values ¢, andg, are greater than zero, then the fixed points
are stable, while the fixed points are unstable whger 0 ands, > 0. Although the
CPGs generate RPs, the locomotion is not good. These resalshawn in Tables

4.25 and 4.26. One of the cases in Table 4.26 is depicted urd-i) 36.
Table 4.25: Bidirectional two CPGs of the third type wher 0 < 1 andC, = 0

M C Values of parameters B1 B2 u J Xp
0.05 | 0.2 | 0.3674 2.5030 0.8979 1.0000 1.0000 0.0127 | 0.5286 | 0.4 | —-67921 | 1.2511
2.5996 3.5360 3.0088 2.5000 1.0000
0.5 | 0.2 | 0.4996 2.2103 1.0901 1.0000 1.0000-0.0187 | 0.8423 | 0.4 | —74935 | 1.4399
2.6068 3.4761 2.9436 2.5000 1.0000
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Table 4.26: Bidirectional two CPGs of the third type wher 0 < 1 andC,C, # 0

M C Values of Parameters b1 B2 u
0.05 | 0.2 | 0.2164 0.7505 1.3686 -0.0776 | 2.3282 0.3457 -51532 | 2.1476
1.0000 1.0000 2.2733
1.7979 2.9456 2.893(
1.0000

0.05 | 0.2 | 0.7279 0.1992 1.5080 -0.7691 | 7.6106 0.2109 —-34248 | 17.0133
1.0912 0.1590 0.8865
0.3586 1.4789 2.456(0
3.5548

0.05 | 0.8 | 3.2300 0.7645 0.7875 1.1404 2.7090 0.3979 —22754 | 0.5751
1.0000 1.0000 1.1214
1.0034 1.8443 2.513(
1.0000

0.05 [ 0.8 | 0.5318 4.0000 1.1789 —0.0202 | 0.6778 | 2.7634-10°° | —25906 | 0.9219
1.0000 1.6750 0.3624
3.9977 0.7374 2.5000
4.1200- 10°®

0.05 | 0.8 | 0.6714 0.2154 1.3861 -0.7256 | 6.6401 0.1341 —-31535 | 15.4452
1.0313 0.0938 0.7598
0.3653 1.3265 2.3583
3.4752

0.5 | 0.2 | 0.3104 2.5870 0.8164 0.0270 | 0.7837 0.4 —32347 | 1.1584
1.0000 1.0000 2.7421
3.6211 3.0713 2.5000
1.0000

0.5 | 0.2 | 0.1493 2.1906 0.5753 0.0503 | 0.8924 0.3968 -36173 | 1.2895
1.0000 1.0000 1.3359
2.9900 2.1192 2.5204
1.0000

0.5 | 0.2 | 0.7517 0.2103 1.4679 -0.7309 | 7.4894 0.2100 —32730 | 16.0738
1.0806 0.1562 0.8568
0.3630 1.4201 2.4345
3.5360

0.5 | 0.8 | 1.4180 0.2427 1.2386 -1.1253 | 113403 0.4 -11208 | 5.1882
1.0000 1.0000 0.7283
0.3653 0.9347 2.5000
1.0000

0.5 | 0.8 | 0.1896 2.8647 0.5639 0.0512 0.9969 0.4053 -33714 | 1.2076
1.0000 1.0000 3.4767
3.0286 3.2580 2.4672
1.0000

0.5 | 0.8 | 1.4181 0.2427 1.2386 -1.1256 | 113404 0.4001 -11260 | 5.2203
1.0000 1.0001 0.7285
0.3653 0.9348 2.5002
1.0002
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Figure 4.36: Animation of one leg when = 0.2109 corresponding to the values
ay = 07279 7, = 0.1992 E; = 1.5080,a;, = 1.0912 by, = 0.159Q o, = 0.8865
7, = 0.3586 E, = 1.4789 a,; = 2.456Q andb,; = 3.5548.

Displacement

Figure 4.37: Outputs and displacement for bidirectiona ®PGs wherC,C, # 0
andu > 0 corresponding to the same values in Figure 4.36.
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CHAPTER 5

OUTPUTS OF THE CPGS VERSUS THE REAL DATA

In this part, the outputs of the CPGs will be compared with & data that are
obtained by one leg of human locomotion with two and threetgofas in Figure 5.1).
In fact, as explained in the previous chapters, we have tigpes of CPGs and each
type has three cases, that are namely uncoupled, unidimet&nd bidirectional two
CPGs. Among all cases, it will be seen that the bidirectiowal CPGs of the third

type produces the best results.

Presumably, collecting the real data is the shortest and sti@sghtforward method
to produce a CPG-induced acceleration motion trajectonpijeed locomotion. In
order to determine the kinematic attributes with the sysbemavior while walking,
we first use the rubrics of biped kinematics on the sagit@h@lto outline the sim-
ple kinematic precepts of robotic bipedal locomotion wittotor three DOFs (see
[84, 85] for more details). A comparison of the acceleratoriorward motion tra-
jectory gleaned from the real data with CPGs will be simultarsty drawn. Figure
5.1 illustrates how CPGs are used to produce rhythmic patterrthe hip, knee, and
ankle angles via one leg of a human when the lower body islpatalthe ground. It
is worth mentioning here that the results obtained are ngatit upon the manner in
which CPGs are analyzed. A closer look into the kinematichetip, knee, and an-
kle angles in the swing phase reveals the following basierkiatics equations: From

the joint between hip and knee, we have
Xy = Xg+ Licosh; and y; =y + LySing;.
From the other two joints we get
Xo = X1+LpC0S0,, Yo = y1+L,SiNG,, X3 = X+Lzcoshz and yz = Yo+L3Sinds,
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wherexg is the preceding displacement (i.e., the distance duriogntmtion) andyy
stands for the positive direction of the hip height at eaep.dt;, L, andL; represent
three lengths: from the hip-joint to the knee-joint, frone tknee-joint to the ankle-
joint, and from the ankle-joint to the end oftector, respectively. The angles, 6,
andés;, which represent the hip, knee, and ankle angles, respgtill acquire their
rhythmic patterns from the CPGs. With regardyto it is assumed to be zero when
the lower body is parallel to the ground.

Figure 5.1: Planar biped model when the lower body is pdrallthe ground

5.1 Collecting real data

Obtaining real data involvesfiierent objectives. One of the major objectives, for in-
stance, is to learn whether the output of the CPGs may be exdlofsiother impor-
tant and legitimate inquiry is whether manipulating CPGs Mastablish rhythmic
patterns for the hip, knee, and ankle angles akin to thoseise®ture. To collect the
real data, we actually need a high-speed (2000 fps) Cameiatlas Figure 5.2. As
the second step, we should define three joints, namely thdihge and ankle in one
leg of a human. We put a special sign on each of them to releag#dce of the joints
during locomaotion, such as in Figure 5.3. The real data wbtaioed through video
recordings at the laboratory of the Mechatronics DepartraeAtilim University, as
described in Figure 5.3. In fact, in order to be able to arethe video-recorded real
data, the researchers used the Tema Motion software. Tuksre$using the Tema

Motion to establish real data for the hip and knee anglestaresin Figure 5.4.
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Figure 5.3: Video-recorded data

Angles

Time

Figure 5.4: Angles of the hip and knee that are collected aldata.
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5.2 Comparing the real data with bidirectional two CPGs of the third type.

In fact, we optimized all other cases and made comparisahgie real data. We find
that, the closet one is that of the outputs of the bidireetiono CPGs of the third type
which generate rhythmic patterns similar those collectethfthe real data. In order
to generate rhythmic motions similar to those we see in ahtwrman locomotion,
we need to determine the optimal parameter sets by manipgiklie GA. This study

endeavors to utilize more than one cost function. The firgaiive function is:

n

3= ) (6100 = 6n(K)* + (620K — 6()Y?). (5.1)

k=1
whereé; andd, are the outputs of the CPGs as defined bef@grandgy are the angles
of the hip and knee of the real data respectively, ans the total number of step
times. The conclusive goal here is to minimize anffedences between the outputs
of the CPGs and the real data for the angles of the hip and kribe negion captured
by the stability analysis. To decrease the error, we setriti@liconditions in the
CPGs as variables determined by the GA optimization, in wihehmutation rate
and crossover fraction are predicted to b@50and 02, respectively, as described in
Figures 5.5, 5.6, 5.7 and 5.8.

01r
021
031

04r

Figure 5.5: One leg animation for the CPGs correspondingavatuesr = 0.0010,
7 = 0.9624,E; = 0.4721,a,, = 1.5071,b,, = 0.0288 E, = 1.3746 a,; = 2.120Q
b,; = —0.0479 and the initial conditiong,(0) = 1.8139 v;(0) = 0.1369 x,(0) =
2.1081 v,(0) = 0.5569
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Figure 5.6: Outputs of the CPGs and real data: The outputsedCB(Gs correspond
to the same values in Figure 5.5
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Figure 5.7: Coordinates of the knee joint and displacemeaihagtime
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0.4

Angles

Figure 5.8: Errors between the outputs of the CPGs and thelatalat each angle
corresponding to the same values in Figure 5.5

e; ande, are the errors between each angle, respectively. Remaykalplgentrating
on three joints with three DOFs of the ankle, knee, and hipean@nd using the same
technique above, we succeeded in obtaining the real datfagfdinree angles as shown

in Figure 5.9.

0 5 10 15 20 25 30 35

0 5 10 15 20 25 30 35

Figure 5.9: Angles of the hip, knee and ankle that are catéfiom the real data
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The new objective function including the three angles is

B =d1+ ) ((6s(K) - 6a(K))). (5.2)
k=1

wherefs is the output of the third CPG for the angle of the ankle anid the angle
of the ankle obtained from the real data. For the last CRtérgéint couplings may be
used. In this study, for the ankle joint we use two CPGs coubiduaectionally and
we take only one output, followed by optimizing the objeetiunctionJ,. The results
are shown in Figures 5.10, 5.11 and 5.12 below. Note thatwuiyguts of the CPGs
are close to those coming from the real data, although, fhhit being fixed.

The outputs correspond to the values= 0.0024,7 = 0.9601,E; = 0.1989,a;, =
1.4845,b, = 0.0614 E, = 5.000Q ay; = 2.1210,b,; = —0.0586 and the initial
conditionx;(0) = 1.8135 v4(0) = 0.139Q x,(0) = 2.1075 v,(0) = 0.5540 for the first
two CPGs andr; = 0.3653 7, = 0.9623 E; = 1.2259 a4 = 0.6486 bz, = 0.0331
E, = 3.0105 a43 = 1.6668,b,; = —0.0054 and the initial conditionz(0) = 0.6162
v3(0) = 0.3347, x4(0) = 0.4661 v4(0) = 0.0174 for the last two CPGs. wheeg, &
ande; are the errors between each angle respectively in Figuge 5.1

Figure 5.10: Outputs of the three CPGs and the real data
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Figure 5.11: One leg animation with three DOFs in swing pltaseesponding to the

same values in Figure 5.10.

Time

Figure 5.12: Errors between the outputs of the CPGs and thelaaat each angle

corresponding to the same values in Figure 5.10.
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In order to reduce the error between the real data and theitsutpthe bidirectional
two CPGs in one leg with 2 DOFs, we should optimize the objedtimction below:

Jg= i+ ) ((ecl) = Xar () + (¥2c(K) = Yar(K))?). (5.3)
k=1

where Kic, Yic), (Xoc, Yac), (Xar, Yar) @nd o, Yor) are the coordinates that are generated
from the outputs of the CPGs and real data during locomotitve. GPGs are able to
generate the RPs similar to the outputs of the real data. Budtsef the optimization
are shown in Figures 5.13, 5.14, 5.15 and 5.16.

The objective functiod; indicates that the standard deviation or the error between t
outputs of the bidirectional two CPGs and real data are deeteeompared with the
previous case for one leg with two DOFs. Despite the facttti@error still exists in
this case, the outputs of the CPGs corresponds to the sames\aflthe parameters,

which applies our conditions of the stability of the biditienal two CPGs.

Angles

(XZC'yZC’XZr’y2r'ch’ylc’X1r’y1r)

Figure 5.13: Angles of the hip and knee using the outputs ®GRGs and the real
data: The outputs of CPGs correspond to the values0.0012,7 = 0.9617,E; =
0.2003,a;, = 1.4789,b;, = 0.0478 E, = 5.9966 a,; = 2.1212,b,; = —0.0512 and
the initial conditonx;(0) = 1.7785 v;(0) = 0.139Q X,(0) = 2.1075 v,(0) = 0.554Q
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Figure 5.14: Animation of one leg with 2 DOFs correspondmdjie same values in

Figure 5.13.
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Figure 5.15: Displacement against time correspondingeécstime values in Figure

5.13.
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Figure 5.16: Errors between the outputs of the CPGs and thelaaat each angle
corresponding to the same values in Figure 5.13

However, to optimize the model with three joints, it is higikcommended that we

use the objective function in (5.4) below:
Ja =35+ ) (0309 - 6a(K)* + (yac(K) - yar(K)?) (5.4)
k=1

where Ksc, Y3c) and s, ya) are the coordinates of the outputs from the CPGs and
the real data during locomotion. The results of the optitzeare shown in Figures
5.17,5.18 and 5.19 which are the outputs of the CPGs with Hielata, and the errors
between the outputs of the CPGs and the real data, respgctirdike the other case-
induced results, these results have improved greatly whierg the bidirectional two
CPGs. We here show that the third type of CPG of the bidirectiova CPGs case
has generated rhythmic patterns that are closest to thasediédrom the real data
by using the GA and pattern search solvers. We here show qgotigsis. Most
importantly, this type of CPG has produced the best resuttgpaned to every other
type of CPG thus far available.
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Figure 5.17: Angles of the hip, knee and ankle using the dastpfithe CPGs and
the real data: The outputs of the CPGs correspond #00.0023,7 = 0.9599,E, =
0.2020,a;, = 1.4808,b;, = 0.0582 E, = 4.9724 a,; = 2.1238,by,; = —0.0612
ay = 0.3225,7; = 0.9623,E;3 = 1.9637,a3, = 0.6509 b3, = 0.0278 E, = 2.1947,
ay3 = 1.4209,b,; = —0.0010 and the initial conditong (0) = 1.8135 v;(0) = 0.139Q
%2(0) = 2.1075 v,(0) = 0.554Q x3(0) = 0.6258 v3(0) = 0.3154 x4(0) = 0.4318
v4(0) = 0.0218
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Figure 5.18: One leg with 3 DOFs animation in the swing phaseesponding to the
same values in Figure 5.17.
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Figure 5.19: Errors between the outputs of the CPGs and theataat each angle
corresponding to the same values in Figure 5.17.

5.3 Hifective Parameters in CPGs

In this part of the study, we attempted to optimize the patarseof the CPGs with
the objective of determining the operational parametetisarbidirectional two CPGs.
The results reveal that the mostextive parameters areanda, where the parameter
7 stands for the number of oscillations. In order to verify tbsults, we repeated the
optimization of human locomotion shown in Figures 5.5 ari &nd started changing
the value ofr. The results reveal two distinct patterns: the first unfoldsraerse
pattern, where an increase in the valuerafesults in a decrease in displacement
and velocity. The second one, by contrast, reveals that eedee in the value of
produces an increase in displacement and velocity. TableBnmarizes these results
where the values of the fixed parametersare 0.001Q E; = 0.4721 a;, = 1.5071,
b, = 0.0288 E, = 1.3746 a,; = 2.120Q andb,; = —0.0479:

Table 5.1: Hects ofr on J; andx, when the other parameters are fixed.

J1

0.9624

29.7447

1.0671

1.9624

430.0472

0.4366

2.9624

403.9559

0.2183

3.9624

466.4726

0.2156

0.5624

415.6542

1.6304

0.1624

359.8602

3.4021
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In a similar fashion, an increase in the value of parametamtributes to a decrease in
the displacement and velocity. However, decreasing theevafla by a small amount
results in an equal percentage increase in the displaceandmnelocity. These results
are not inconsistent with the conclusions obtained fromstiability section. Table
5.2 summarizes the results of increasing and decreasingatbe of parametet,
where the values of the fixed parametersare0.9624 E, = 0.4721, a;, = 1.5071
b1, = 0.0288 E, = 1.3746 a,; = 2.120Q andb,; = —0.0479:

Table 5.2: Hects ofa on J; andx, when the other parameters are fixed.

« N Xb
0.0020 | 34.0806 | 1.0502
0.0080 | 37.8369 | 1.0015
0.0180 | 49.4105 | 0.7352
0.0900 | 125.3871| 0.1278
0.0005 | 33.9530 | 1.0756
0.0001 | 33.9977 | 1.0581

In view of the fact that we used the GA for optimization, thepuis of the CPGs
were not identical to the real results obtained for the hig knee; however, they
were almost identical. This smallfterence may be attributable to the facts that the
Genetic Algorithm only yielded the local minimum, the waidtthe lower body in

our model is parallel to the ground and the hip joint is fixed.

To show the &ect of the coupling weights;; andb;; we repeat the same experiment
that is done in Tables 5.1 and 5.2, by running the optiminatind using the cost
function Jy, the results are shown by Tables 5.3, 5.4, 5.5, 5.6, 5.7 @hdrlable 5.3
presents the results of changing the couple weightsb,, andr. In this table the
values of the fixed parameters are= 0.001Q E; = 0.4721 E, = 1.3746 ay; =
2.120Q andb,; = —0.0479. Note that, the errors between the real data and thatsutp
of the CPGs in Table 5.3 have decreased relative to Table 5.1.

Table 5.3: Values o8; andx, for different choices aody,, b;> andr

T arp b12 J1 X
0.9624 | 1.5071 0.0288 29.7447 1.0671
1.9624 | 1.5993 | -0.1322 | 402.7306 | —-0.1514
2.9624 | 1.5889 | -0.1820 | 382.4701| -0.1229
3.9624 | 1.5845 | -0.2920 | 441.6822| -0.1467
0.5624 | 1.4999 | 0.0434 33.1957 1.0906
0.1624 | 1.5916 | 0.0086 | 318.3521| 0.3164
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These results are similar to the coupling weigdgtsandb,; as seen in Table 5.4. In

this table the values of the fixed parametersare 0.001Q E; = 0.472], a;; =
1.5071 by, = 0.0288 andE, = 1.3746.

Table 5.4: Values of; andx, for different choices aod,, by andr

T ap1 b1 J1 Xb
0.9624 | 2.1200 | -0.0479 29.7447 1.0671
1.9624 | 2.0087 | -0.2107 | 412.9008 | -0.1514
2.9624 | 1.9999 | -0.3484 | 385.4969| 0.1865
3.9624 | 2.0474 | -04382 | 448.4796| 0.1493
0.5624 | 2.0650 | —0.1311 | 388.3686| 0.9846
0.1624 | 2.1228 | -0.1216 | 337.6760| 0.8460

We follow the same steps by changing the valuer @ind the four parametees,,

bi,, a1 andb,; as in Table 5.5. In this table the values of the fixed pararaetss
a = 0.001Q E; = 04721 andE; = 1.3746 Note that the results presented in Table

5.5 are much better than those in Tables 5.3 and 5.4.

Table 5.5: Values of; andx, for different choices ad,,, b;» as1, b1 andr

T apo b1o ap; bo1 J1 Xb
0.9624 | 1.5071 0.0288 2.1200 | -0.0479 29.7447 1.0671
1.9624 | 1.4579 | -3.2676 | 2.1651 | 2.6068 68.6185 0.4021
2.9624 | 1.5900 | -1.7699 | 2.1651 | 2.6068 | 309.9797 0.02
3.9624 | 1.5731 | -3.1830 | 2.2245| 3.8558 | 282.0600| 0.0338
0.5624 | 1.6839 | 0.0275 | 2.0681 | —-0.2714 | 334.0745| -0.7771
0.1624 | 1.6210 0.0028 2.0515| -0.0736 | 310.0280| -0.6511

We repeat the same experiment by changing the valueasf seen in Table 5.6 and

finding the optimal values of the coupling weiglts andb,,. where the values of the
fixed parameters in this table are- 0.9624 E; = 0.4721 E, = 1.3746 a,; = 2.120Q
andby; = —0.0479. Comparing Table 5.6 with Table 5.2, the results praserdable
5.6 are much better than in the Table 5.2, and the variaritdetreases in this case.

Table 5.6: Values of; andx, for different choices od;,, b;> anda.

a12

b1o

J1

0.0020

1.4953

0.0463

32.9604

1.0966

0.0080

1.4720

0.0629

33.7362

1.0834

0.0180

1.4457

0.0894

40.6344

0.6922

0.0900

1.4270

0.2965

114.2399

0.0005

1.5023

0.0420

33.3595

1.0854

0.0001

1.5023

0.0420

33.9977

1.0581
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When we do the same experiment as illustrated in Table 5s7s@en how the optimal
values of the coupling weightg; andb,; change as we change the valuerotn this
table the values of the fixed parametersare 0.9624 E, = 0.4721 a;, = 1.5071
b, = 0.0288 andE; = 1.3746

Table 5.7: Values of; andx, for different choices ad,1, by anda.

a ap; o1 J1 Xb
0.0020 | 2.1176 | -0.0442 34.0415 | 1.0465
0.0080 | 2.1119 | -0.0415 37.6606 | 0.9852
0.0180 | 2.1031 | -0.0334 48.7535 | 0.8090
0.0900 | 2.0661 | 0.3425 | 113.8988| 0.1641
0.0005 | 2.1192 | -0.0447 | 33.9311 | 1.0664
0.0001 | 2.1197 | -0.0448 | 33.9790 | 1.0745

By comparing Table 5.7 with Table 5.2, it is a clear that, theuls present in Table
5.7 are better than Table 5.2. In spite of this, there are |stin@érences between
Table 5.7 and Table 5.6. However, both mention that the aogipVeights influence

the outputs of the CPGs when we change the value of

We follow the same technique by changing the value.diVe will optimize the bidi-
rectional two CPGs in order to find the optimal values of patansa;,, b;,, a;; and

b,;. These results are illustrated in Table 5.8. In this tablevhlees of the fixed
parameters are= 0.9624 E; = 0.4721, andE, = 1.3746

Table 5.8: Values o8, andx, for different choices ad,, bi» ay1, b1 anda

@ a2 b1o ap1 bo1 Ji Xb
0.0020 | 1.4950 | 0.0474 | 2.1256 | -0.0398 | 32.8514 | 1.1122
0.0080 | 1.4729 | 0.0667 | 2.1262 | -0.0291 | 33.2497 | 1.0495
0.0180 | 1.4535| 0.1074 | 2.1254 | -0.0019 | 38.2692 | 0.5752
0.0900 | 1.4719 | 0.4715| 2.1231 0.2778 60.2143 0
0.0005 | 1.5019 | 0.0428 | 2.1251 | -0.0419 | 33.2938 | 1.1200
0.0001 | 1.5038 | 0.0415| 2.1250 | -0.0425 | 33.4570 | 1.1157

In conclusion, the parameters of the coupling weights apwmant in order to balance
the disturbance during optimization. Moreover, when thepeetersr andr € (0, 3],
the bidirectional two CPGs of the third type are definitelyeatd generate éierent
RPs for one leg to move; these RPs generdterdint types of locomotion when the
couple parametera; andb;; € [-2,3]. It is certain that it is possible to generate
the rhythmic patterns by optimizing the bidirectional two@¥outside of the above

regions.
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CHAPTER 6

CONCLUSION

To sum up, the first type of CPGs, uncoupled, unidirectiondl laidirectional two
CPGs are used to generate rhythmic motion for one leg with egoeks of freedom.
The study shows that when optimization is conducted in arounfled region and
used both GA and hybrid function, the results are impossdibe implemented phys-
ically. However, when we consider the stability analysat ik presented in Chapter 3
and optimize these type of CPGs in order to decrease theivarlztween steps, the
results become much better than before for all cases. Ssgligean be implemented

physically.

Otherwise, it is vital that we control the amplitude and thegfiency to obtain bet-
ter results. The study also reveals CPGs can control bipedairiotion. When we
compare the outputs of this type of the CPGs with the real dadaee a big variance
between them, in other words, all cases of the first type oflQR&s are unable to
produce RPs similar to those what we obtained by collectierehal data.

For the second type of the CPGs, the study has pointed out Heat thie optimization

is conducted in an unbounded region, there is also a bignaeibetween each step,
despite of, we optimized the objective functidnn two case<;C, # 0 andC, = 0.
Because, it was too flicult to design phase coupling of two CPGs without disturbing
the amplitudeu of both CPGs, by adding linear couple weightwhich was just a
constant and its sign decides if these two oscillators aghase or anti-phase, the
results were too hard to implement in physical situationweheer, utilizing genetic
algorithms with the hybrid function and adapting the CPGsolaotic systems that

perform one leg movement may yield positive results wherfittezl point is stable
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for the case of the bidirectional two CPGs. Indeed, by addwtigaeonstraints related
with the amplitude and the frequency, the results becomehrbetter and variance

between each steps decrease.

Finally, for the third type of the CPGs, the uncoupled, urdiional and bidirectional
two CPGs are used to generate motion for one leg with two degifdeeedom. When
the optimization was performed in the first two cases, the C&@sinable to pro-
duce RPs. In contrast, by utilizing the bidirectional two CP&e results showed far
greater improvement than the other cases. That is, theebtabnal coupling yielded

the best performance level.

If |u] andr are stficiently small, and the fixed points are stable, then both éhecity
and displacement become greater. These results depenel\alule of the parameters
u, 1 andp,. The experiments show that a small adjustment in the pararsetngs
of the CPGs causeftierent results. The study also shows that an increase in linesva
of r anda decreases the displacement and the velocity, whereas @eadecdn their

values increases the displacement and the velocity.

It is sure that, it is not only both parameteranda are important, but also the cou-
pling weighta;; andby; that are driven the system to two diverging phases, whiat lea
to obtaining the conflicting perturbations. These perttiona are influenced by the
energiesE; of the bidirectional two CPGs. For instance, during the expent, when
the amplitude of the second CPG is very small, the couplingtevill be definitely
week. We show that RPs depend on the coupling weightandb;; and also both
T anda. The parameters of the coupling weights are very importatiadance the
disturbance during the optimization, and also when € (0, 3], the bidirectional two
CPGs are definitely able to producéfdrent RPs for one leg. Thesdfdrent RPs will
show diterent types of locomotion when the couple weightsindb;; € [-2, 3]. By
applying these results for comparison between the outgutssotype of CPGs with
the real data, it is indicated that the outputs of the bidioeal two CPGs produce

RPs similar to those obtained from the real data.

This study indicates that not only do CPGs in the spinal cortlurhans influence
human locomotion, they also take over the locomotion witlamy provided sensory

feedback. To the extent that bidirectional two CPGs are thst aff®ctive essentials

83



akin to real life-induced rhythmic patterns, it is reasdedor them to be consid-
ered pivotal features most conducive to locomotion. Thaltesf the study warrant
broader future applications of bidirectional two CPGs oftthied type to account for
a variety of upper limb locomotion. These results are imgattthen not only because
of what they may contribute to the ongoing discussion of leation but also for the
support that they give to bidirectional two CPGs as a critacsgdect of locomotion.
These results pave the way for further research into CPGstast@d controllers of

upper limbs for diferent movements.
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