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Abstract—Human and animal locomotion are controlled by
complex neural circuits, which can also serve as inspiration
for designing locomotion controllers for dynamic locomotion in
legged robots. We develop a locomotion controller model includ-
ing a central pattern generator (CPGs) and a muscle reflex based
on the forelimb and hindlimb structures of a cat. In this paper,
we focus on modeling the muscle reflex and its optimization.
This muscle reflex model regulates ground force afferents in
each limb. There are two phases in each step performed by this
model, the swing and stance phases. The muscle during swing
phase is activated by a pattern formation signal from the CPG.
During stance phase, the muscle is automatically controlled by the
moving speed. We utilize a multi-objective evolutionary algorithm
to optimize parameters of the model. We use the proposed model
to control a cat-like robot in simulations using Open Dynamics
Engine. Results show that the simulated robot is able to move at
different speeds by modulating simple stimulation signals to the
CPG without needing to modify muscle and reflex parameters.

Index Terms—Muscle reflex model, Bio-mimetic robot locomo-
tion, Multi-objectives Optimization

I. INTRODUCTION

Researchers are pursuing the design of human-like and
animal-like robots because of its advantages. Some researchers
have developed robots focusing on communication and social
skills. Nonetheless, it is also essential to develop locomotion
as support to robots movements. Conventional method [1], [2]
with bottom-up model using planning-based development is
popular to realize robot locomotion. Researchers also consid-
ered interdisciplinary viewpoints, such as biological approach,
in their works of robot locomotion. Bio-inspired models with
central pattern generation (CPG) locomotion have been pro-
posed previously [3], [4] for legged robot implementation.
Some researchers implemented muscle model as target actua-
tor for mimicking human or animal locomotion [5]. However,
existing models have yet to achieve dynamic locomotion
as human or animal does. In this paper, we proposed the
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locomotion model for the quadruped robot by taking the
benefit of the biological model in quadruped animals.

Locomotion principles have been proposed in terms of
limbed element. However, it is unclear how this principle
works to regulate motor control in human or animal. There-
fore, analyzing natural integration is important to find the
role of motor control. Human or animal involves a complex
architecture of the neurons to produce their locomotion. Basi-
cally, locomotion pattern is produced by CPG in spinal cord
interconnected by other motor neural pools to stimulate and
synchronize with muscle synergies [6], [7], [8]. This spinal
reflex has a big contribution in movement pattern control,
muscle stimulation, and CPG modulation. Quadruped animal
can demonstrate that CPG produces variations in gait patterns
such as walking, trotting, running, and galloping [9]. Spinal
reflexes will incorporate mechanical sensory information by
alpha motoneurons bypassing central inputs into muscle acti-
vation.

Researchers have developed muscle-based model for both
biped and quadruped robots. They focused on the development
of mechanical design based on the musculoskeletal model.
Some researchers developed musculoskeletal based actuator
for their quadruped robot. They also succeeded developing
its stable locomotion [10], [11]. Other researchers focused
on locomotion control using musculoskeletal model. Toeda
et al, have designed the locomotion model of rats based on
the CPG and the muscle model [12]. However, the model
is still far to be applied to robotics implementation. Besides,
the development of both forelimb and hindlimb muscle reflex
model is still few. In this paper, our contribution is devel-
opment of a muscle-based locomotion model inspired by cat
musculoskeletal model. We are exploring further the benefit of
locomotion process in biological system for its application in
dynamic locomotion of legged robotics. It shows not only the
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Figure 1. Design of two layered CPG with distributed rhythm generator and
pattern formation

locomotion performance in robotics but also the mechanism
of locomotion process in a cat.

This paper is organized as follows. Section II shows the
multi-layer CPG model for controlling the muscle activation
pattern. After that, we explain the cat-like hindlimb and
forelimb muscle model used in the proposed model in Section
III. In order to prove the reliability of the proposed model, we
show several appropriate experiments in Section IV. Finally,
we conclude and discuss further development.

II. INTEGRATED CPG MODEL

CPG model reflects neural circuit in spinal cord, which can
produce primary rhythmic locomotive signal. The signal still
can be produced even when there is no supraspinal level driven
signal [7]. Our designed CPG model is based on the study
of locomotion model mechanism in human and animal. We
modified the model of a single generator based CPG proposed
in [8], [13] into two-layered model CPG. Our modified CPG
consists of distributed single rhythm generator (RG) and model
of pattern formation (PF). One RG neuron represents one leg
and one PF neuron represents one muscle. The proposed CPG
model can be seen in Fig. 1.

A. Rhythm generator

RG neurons in one leg generate rhythmic signal to PF
neurons in the same leg. RG neuron generates dynamic
rhythmic pattern by synchronizing with sensory feedback.
The rhythmic pattern can be generated in the absence of any
sensory information from the receptor skin, joints, and muscle
[14], [15]. The inner state of RG neuron is based on the
neural oscillator proposed by Matsuoka that shows reciprocal
inhibition effect [16], [17]. The rhythm generator used has
similar model with our previous model proposed in [18], [19].

B. Pattern formation model

Signal generated by RG neurons will be transmitted to
connected PF neurons. The purpose of PF neuron pools is
to control activation time of each muscle stimulation in when
the leg starts swinging. The PF neurons will generate a firing
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Figure 2. Design of integration between cpg and muscle model

signal to activate the muscle when the leg starts to swing.
In this model, we utilize modified spiking neural network in
order for PF neuron to generate firing signal. The PF neuron
in ith joint (PF;) calculated as

Ipfi—n|3
PE (1) = e(log(O.S)x( 2l )) "

pfi(t) = pfit=1)+pi (2)
where u represents the starting control calculated by u =
(30 — (b(LEG) /30, w represents the time of activation signal
calculated as w = q/lLEG/SO ¢ (LEG) and l//i(LEG are the pa-
rameter for controlling swing activation and timing of ith PF
neuron in certain LEG, F for forelimb and H for hindlimb. The
value of ¢ and y will be optimized in using multi-objective
evolutionary algorithm. p; is the spike signal generated from:

1 ifm>0e
Pi=9

otherwise
When internal state of PF neurons 4; is higher than a threshold
for firing ®), then the spike value becomes 1. Inner state of
the i-th neuron (%;) is calculated as follow:

hi(t) = tanh (B2 (1) + K& (1) + B (1)) @)

where, 2" (¢) includes the weighted pulse outputs from other
neurons and the reduced value of internal state in the previous
timestep calculated as:

h" () =

3)

WP (1) + Z wiit+ DA (@) 5)

J=1j#
where y?" is the temporal discount rate of h;, w;; is a weight
from the i-th PF neuron to the j-th PF neuron. Then /%" (1)

vk



is the Post Synaptic Potential (PSP) approximately transmit
calculated as

WP () = exp( = (1 —1") /) (©)
where ti(f ) is the last firing of the neuron i, and 7; is a parameter

which influences how long the firing of the neuron has an
effect to the connecting neurons. h;ef () will be calculated as:

n (1) = {

h:ef (¢) is used for representing the refractories of the neuron.
This means that after the neuron fired, its internal state value
decreased using the refractories component, in order to avoid
the continuous firing of the neuron within a short time. The
value of R will be subtracted after the p; is fired. R >0 ,
¥/ is a discount rate of h;ef, and 0 < v/ < 1-PB(t) will be
generated to muscle model as activation input. hf(¢) is the
pattern signal input to the i-th neuron generated from central
pattern generator.

The value from PF; will be transmitted to the muscle model
to generate swing behavior.

el n (1)~ R
v K (1)

if pi(r—1)=1
otherwise

)

III. MUSCULOSKELETAL MODEL

We design the reflex model of hindlimb and forelimb based
on mammal structure. Human beings have only hindlimb to
support their body for locomotion. However, most legged
mammals use both hindlimb and forelimb to support their
locomotion [20]. Some researchers have proposed the stance
and swing phase in muscle integrated locomotion. Extensor
muscle is involved in stance phase and flexor muscle is
involved in swing phase.

The investigation process of stance-swing phase transition
have shown that transition is controlled by sensory signals
from leg proprioceptors. Some of the receptors providing these
signals have been identified [14].

Stepping are process involving swing and stance transition
inseparably [21], [22]. Swing to stance phase transition should
be activated automatically based on stimuli from ground force
and hip position. Thus, swing to stance transition is the best
timing for controlling movement pattern. We control the swing
stimulation by signal pattern modulation generated by neural
oscillator proposed by Matsuoka. One CPG neuron represents
one joint. This signal will stimulate muscle reflex to perform
swing phase. The proposed method consists of hindlimb and
forelimb control model as shown in Figure 3.

A. Hindlimb reflex model

We are referring to the rhythmic motion study of the cat,
where proximal and distal leg segments retain their relative
angular orientation for most parts of the cyclic motion. Com-
pliance mechanism is implemented between ankle and knee
joint [23], [24]. We implement some important muscles and
chose two muscle in one joint: 1) iliopsoas (IP, hip flexor) 2)
Bicep femoris anterior (BFA, hip extensor) 3) biceps femoris
posterior (BFP, knee flexor, and hip extensor) 4) Vastii (VA,

Head

Forelimb

(®)

Figure 3. The muscle reflex structure during its phase. a) Muscle reflex
structure in stance phase. b) Muscle reflex structure in swing phase.

knee extensor). We build the force reflex from the same leg
(Fieg) and from the other 3 legs (F/;g, F[ljg, Flgg), where A,
B, C, are the contralateral hindlimb, ipsilateral forelimb, and

contralateral forelimb, respectively.

1) Stance phase of hindlimb reflex model: During the stance
phase, the muscle stimulation mostly effected by the ground
reaction force (Flég) [25], [26]. The ground force signal stim-
ulates positive feedback to extensor muscle in hip joint (BFA).
BFA stimulation (Spra) gets force feedback from local leg (Fjq
) with calculated in Eq (8). Where /(g pra) is BFA fiber length
and [(,rr pra) 1s its desired length offset. The BFA’s stretch
reflex prevents large extension torque in hip joint. To reduce
inhibition effect to BFA, negative force feedback of BFA is
given to hip flexor (IP). For representing the spring mechanism
during the stance phase, VA is stimulated with its own muscle
activity using F+. Then, to initiate the transition to swing
phase, VA and BFP receive positive and negative feedback
respectively from contralateral ground force feedback. The
overall muscle stimulation for hindlimb during stance phase
can be seen in the following equations:



Spra(t) = So.8ra + GhpaFleg - Gapa (Ice 8ra — lofrpra) — (8)

Sip(t) = Soqp + G;pFleg -Glp (Ice.1p —loff.8ra) 9

Sgrp(1) = So.8rp + Chpp — GippFiagFiag (10)
Sya(t) = So.va + GyaFieFra (11)
2) Swing phase of hindlimb reflex model: The swing

transition is initiated in the late stance phase, however, the
swing movement is controlled and triggered by a signal from
CPG. The ith CPG signal Y; from neuron will trigger hip
flexor muscle (IP) and knee flexor muscle (BFP) for several
millisecond. To inhibit early extending process, IP receives
stretch length reflex. Opposite muscle (BFA) also receives its
stretch reflex to force the leg touching the ground. In the end
of swing phase, extensor muscle of knee (VA) is stimulated
after ending stimulation of CPG. At this time, BFP tends to
be silent. The overall muscle stimulation for hindlimb during
swing phase can be seen in the following equations:

Spra(t) = So.ra — GypaYip + GZISFA (Icera —lofrBra) (12)

Si1p(t) = So.1p + GypYip + Gyp (lcpap — loprap) - (13)
Sva(t) = Sova — GyaYip +Cya (14)
Sprp(t) = So.srp + GyppYsrp — Corp + GhppFieg  (15)

B. Forelimb reflex model

The forelimb has an important role as the stability con-
trollerinstead of the locomotion. Forelimb tends to monitor
stability and positioning rather than locomotion. Therefore it
has greater action than hindlimb. Within forelimb, there are
some neurological and physiological studies and observational
work about muscle activity. Some research investigated the
synchronization of muscle patterns in cat’s forelimb motion
[27], [28], [29].

Forelimb’s movement is produced by many combined mus-
cles, monoarticular and biarticular muscle[30]. In order to
minimize the number of muscle without eliminating its char-
acteristics, we cluster muscles in every joint into two groups:
flexor and extensor muscle. In shoulder joint, we consider
anterior deltoid, pectoralis major, and coracobrachialis muscle
as flexor muscle, then latissimus dorsi, teres major and minor
and posterior deltoid muscles as extensor muscle. There are
two muscles in the shoulder and two muscles in the elbow
joint (triceps (Tm) and brachialis (Br)). Then there are two
muscles in the wrist (flexor carpi ulnaris and Palmaris Lungus
for flexor, extensor Carpi Ulnaris and extensor Digitorum for
extensor muscle). We only consider the monoarticular muscle
in flexor or extensor action.

1) Stance phase of forelimb reflex model: In stance phase,
extensor muscle of elbow, extensor muscle of wrist, and
flexor muscle in the shoulder have stance-related activity
predominantly. Shoulder flexor muscle activity starts 20-30
ms before forelimb lift-off, and continues until the end of the
flexion epoch or slightly into El. In elbow muscle, activity
patterns of all extensors are similar in terms of onset and
duration. All begin activity during E1, usually, after the onset
of elbow extension, continue activity across limb placement,
and cease activity just prior to limb lift-off. Activity in all
flexors of elbow is also similar. In wrist joint, flexor muscle
is activated in a similar phase with extensor muscle of elbow.
After that, it will stop just prior to lift-off. The overall muscle
stimulation for forelimb during stance phase can be seen in
the following equations:

Ssr (1) = So.5F + Gl FiegGlp (Ick s —logr.sr) + Gp Fiy, (16)

Ssk(t) = So.se — GpFiaGsp (lce sp — logrse) — (17)
See(t) = Sose + G§FF{2g +CeE (18)
Ser(t) = So.eF (19)

Swe(t) = Sowe + GiyrFiag (20)

Swr(t) = Sowr +Cwr (21)

2) Swing phase of forelimb reflex model: In swing phase,
extensor muscle in shoulder joint is monophasically active
during extension epoch. It begins activity during E1, and stop
just before lift-off. Flexor muscle in elbow joint generally
begins just prior to limb lift-off (F onset) and ceases at or
near the onset of E1. Br, which is the only single joint flexor
muscle of elbow, is active just prior to foot lift and remains
active until approximately midswing. Cleidobrachialis (CIB)
and biceps brachii (Bit) normally commence their periods of
locomotor activity at about the same time as Br. The activity in
CIB, however, always continue throughout the period of swing.
Muscle related to wrist joint generally has low activity during
swing phase [31]. In elbow muscle, activity patterns of all
extensors are similar in terms of onset and duration. All begin
activity during El, usually, after onset of elbow extension,
continue activity across limb placement, and cease activity just
prior to limb lift-off. Activity in all flexors of elbow is also
similar. In swing phase, flexor muscle in elbow joint generally
begins just prior to limb lift-off (F onset) and ceases at or near
the onset of E1. Br, which is the only single joint flexor muscle
of elbow, is active just prior to foot lift and remains active until
approximately midswing. Cleidobrachialis (CIB) and biceps
brachii (Bit) normally commence their periods of locomotor
activity at about the same time as Br. The activity in CIB,
however, always continue throughout the period of swing. The
overall muscle stimulation for forelimb during swing phase can
be seen in the following equations:

Ssr(t) = So.5r + GspYsr + Gip(lcesr —loprsr)  (22)



Sse (1) = Sose — GhpYse + Gip (Ice sk — lofr.sF) (23)
See(t) = So.sE — GrpYee +Grp - Yee - (Igg — (—loprer) (24)

Ser(t) = So.er — Gep(1 = Yep) + Gp - Yer - (Igp — lofr EF)

(25)
Swe(t) = Sowe + GlygYwe (26)
Swr(t) = Sowr + Giyp(1 = Ywr) (27)

Detail explanation of the parameters can be seen in Table.
L.

IV. EXPERIMENTAL RESULT

In order to implement the proposed model, we built the
cat-like robot simulation using the Open Dynamics Engine
with its musculoskeletal model. We defined the intervals of the
parameters empirically to specify the parameter search space
for the optimization process. The parameter ranges can be
seen in Table I. Furthermore, synaptic weights in CPG model
and muscle reflex parameters are required to be optimized
for generating appropriate signal pattern and activation sig-
nal. We optimized the parameters by using a multi-objective
evolutionary algorithm (NSGA) where its fitness functions are
calculated below in Egs. (28) and (29)

Fi :{ fsrmn+ fran +2-10%- (12— fprs)  if fprs<iz
Ssrim + fraLL otherwise
(28)
o fosc(1+tsrop/tuax) +10  if fprs<in 29)
27\ fosc(1+tstop/tuax) otherwise

In the first fitness function (F;), we consider the total muscle
stimulation (fsryur), falling condition (frarr), distance trav-
elled (fprs), and movement oscillation (fosc). fsrim calculated

as follow:
tnax Nieg N

form=Y, Y Y S (1)

t=1 n=1m=1

(30)

where, N, is the number of muscle in one leg and S,(,f ) (¢) is the
stimulation of mth muscle in nth leg. Then, frar; parameter
is calculated as follow:

Srarr = 20 (tyax — tsTop) 3D

tstop 1s the time when the robot fall down or the robot stop in
the end of the performance (tsrop = tyax)- fpis is calculated
as follow:

(dl - ltotal )2

Where, d; is the desired distance and [, is the distance
travelled. We set the value of d; as 3. Furthermore, the
movement oscillation fpgsc is calculated in below:

fpis = (32)

T
fosc =Y i(t) (33)

=1

where, x(t) is the distance travelled in time ¢.
There are 32 parameters to be optimized using MOEA.
Eight parameters are from pattern formation neurons and other

Table 1
RANGE VALUE OF THE OPTIMIZED PARAMETER

Definition Notation Range value Op:,];;:ll:ed
Activation time of & -2.0t0 10.0 0.034
PF’s firing (H) for ) -2.0t010.0 0.230
hgldi"n? anl‘? . ®  [2.0t0100 3.934
(F) for forelim " [2.0t0100 0.0143
Duration of PF’s 0 5.0 to 45.0 13.234
firing ) 5.0 to 45.0 29.756

® 5.0 to 45.0 1.320
" 5.0t045.0 32.120
Gain parameter for Gray G5 | 200t0 400 238.2
stretch reflex Ghra Gl» | 300 to 1100 1080
muscle. G 6L, 6L | 50t0 150 50.2
represents the gain GLe, Gtz | 200 to 800 543.8
during swing phase G, 200 to 600 569.6
Stretch muscle Logr.BFa 0.0002 t0 0.0006 | 0.000247
offset lofr sk -0.0001 to 0.0003 | 0.000073
lorriF 0.0005 t0 0.0013 | 0.001085
Gain parameter for Ghrp, Gha 3.5t08.5 3.51
force reflex muscle Ghea, Glp 0.5t0 3.5 3.455
GE; 100 to 300 255.199
G 3.0t07.0 6.952
GEA 1.0t0 5.0 2.02
Constant parameter Cp 0.65t0 1.35 0.9846
in muscle Cva 0.1to 1.0 0.161
stimulation, Cprp 0.0t0 0.2 0.199
Cex 0.4-0.8 0.73
Cur 0.2t0 0.4 0.2058
Gain parameters for GYa 0.1t0 1.0 0.836
firing rate signal Gprp 0.1t0 1.0 0.242
from PF neurons GLrp 0.1to 1.0 0.379
GLe, GYg 0.0t0 1.0 0.009
Glr, G | 0.0t01.0 0.017
G¥r, Gie [ 0.0t01.0 0.095

24 parameters are from muscle reflex model. We set the
number of individuals in one population as 128 and evaluated
until 200 generations. The value of mutation and crossover
probabilities are set as 0.3. We set the range of search space
empirically tabulated in Table. I.

We run the robot in simulation after a 1000 time cycle (5
seconds) to evaluate and measure the fitness score. In this
evaluation we concentrate on improving parameters of muscle
reflex and pattern formation. In CPG structure, RG structure is
set similar to the previous model in [18]. The result of Pareto
front in a certain generation can be seen in Fig. 4. There are
95 solutions in the Pareto front provided in the final result.
However, in order to perform and analyze, we take the most
compromise solution that shows in Table. I.

In order to show the effectiveness of the proposed model,
we tested the muscle reflex model with three different signal
input patterns shown in Figs. 8. The first signal input indicates
a walking type gait pattern. The second signal input indicates a
slow walking type gait pattern. The third signal input indicated
trot type gait pattern. These signal patterns are generated from



[]
>
>

R4
° A A 4 LA, A A A
A
L] A Aa A
°« W N A A a a4 N A
. F A A N a 2 .\ A A 4 R
A A A A
' R X R X
20 - A a a A A A = A
° .. A A
Sng o A L
¢ #l o 9 A A A
* - .I A A
" = ug "y A A 4 A Aa, A
l = = H o kel A A
A A
. w
w15 ) "y
3 Lo - .
< 5 2.0 Lo ., = uffy n®
v * * - -
|
b4 ¢ . + =
e . L L
£ 9 .
[ R
ol
B *
— 10 ). o
. K
a'y,, v
L)
. »0‘
A 1-st generation s

= 10-th generation
50-th generation

© 100-th generation

+ 200-th generation

0 0.05 0.1 015 02 025

2-nd Fitness Value

Figure 4. Evolution of pareto front in certain generation. The population
moved to the minimum value of the fitness function. The difference between
distance traveled and desired distance is decreased, the torso movement
oscillation and the total muscle stimulation tend to decrease

1
\ |
n FsE 05 H H H-HE
) SRR SR [ ||

F-EF

400 500 600 700 800 0 500 600 700 800

Time cycle Time cycle

(a) (b)
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pattern of forelimb b) Signal pattern of hindlimb

our previous work [32].

The result shows the simulated robot was able to move in
different input of pattern formation from the CPG level. A
sample snapshot of robot performance in simulation can be
seen in Fig. 6. The various input signal causes a different
muscle activation pattern as well as muscle torque. The
recorded torque of the muscles can be seen in Fig. 8.

In order to evaluate the stability of the robot’s movement,
we analyze the robot’s torso acceleration and speed in three
different signal inputs. The robot has smooth movement in all
given inputs where the acceleration oscillation is lower than
0.05 m/s>. The faster speed performance is more stable than
the other performances.

V. CONCLUSION

We have developed a muscle-based locomotion model in
a Quadruped robot inspired by the Felidae species principle,

Figure 6. The snapshot of robot’s performance in Open Dynamics Engine

composed of pattern and muscle activation control. In this
paper, we focus on the development of muscle activation
control. We developed a muscle reflex model of forelimb and
hindlimb structure in the swing and stance phase. We suc-
cessfully optimized the muscle reflex parameters using MOEA
with 128 individuals in 500 generations. Results showed that
the robot’s speed and movement pattern can be controlled by
regulating simple stimulation signals from pattern formation.
Based on the movement evaluation, the proposed muscle-based
locomotion performs smooth movements with low moving
oscillation. Maximum oscillation value ranges only from -
0.05 m/s* to 0.05 m/s*. In addition, the muscle reflex model
is able to perform a stable movement with different input
of pattern and timing. The role of pattern formation allows
each muscle to activate with different timing in the swing
phase. The muscle reflex model is ready to be integrated with
higher-level controller from CPG as well as MLR. The present
contribution does not concentrate on advance implementation,
but tends to analyze the scientific problem which may occur
when exploring the advantages of Felidae family of animal-
like musculoskeletal systems for a quadruped robot.

The locomotion of human or animal is considered not
merely rely on the role of muscle reflex integration. In fact,
it has a complex mechanism that involves their cognitive
with external sensory integration. For future works, we will
consider the role of movement-related cognitive information
to achieve dynamic locomotion.
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Figure 8. The recorded muscle torque in different moving pattern and speed, input of pattern formation signal to all limb a) slower speed b) normal speed
c) faster speed






