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a b s t r a c t 

Human can accomplish manipulation with high precision, flexibility and robustness. As a musculoskeletal 

system naturally possesses superiorities of flexibility and robustness, realizing human-like manipulation 

with the musculoskeletal system is investigated in this paper. However, the redundancy, coupling and 

strong nonlinearity of musculoskeletal system will bring many challenges for control. Therefore, based 

on strategies of human manipulation and muscle coordination, a biologically inspired control scheme is 

proposed. First, we apply a strategy based on attractive region in environment to plan the manipula- 

tion under environmental constraints in the task space. Then, we extract muscle synergies as movement 

primitives and design an iterative learning controller to coordinate these synergies to accomplish com- 

plex manipulation. The muscle synergy based iterative learning controller can overcome the difficulty of 

constructing an explicit model of the sophisticated musculoskeletal system and improve motion learning 

by transforming the high dimensional muscle excitation into a lower dimensional space. With the com- 

bination of strategy based on attractive region in environment and muscle synergy based controller, we 

preliminarily realize human-like manipulation with high precision, flexibility and robustness. The effec- 

tiveness of our control scheme is verified in a peg-in-hole assembly task. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

With the integration of human musculoskeletal system and

central nervous system (CNS), human can successfully accomplish

movement and manipulation with high precision, robustness and

flexibility. Realizing such human-like intelligence is a dream for

researchers on robotics. Compared with conventional robots, a

human-like musculoskeletal system has more structural advan-

tages. With large degrees of freedom, musculoskeletal system

can accomplish manipulation with higher precision and dexterity.

Benefiting from the muscle redundancy, a musculoskeletal system

can distribute loads and be more reliable for fatigue and dysfunc-

tion of actuators [1] . In addition, a musculoskeletal system can

also adjust its impedance by modulating co-contraction of agonist

and antagonist muscles to adapt to the unstable environment [2] .

Therefore, the musculoskeletal system may be a potential direction
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or the next generation of robot. Inspired by the mechanics of the

uman musculoskeletal system, some human mimetic humanoid

obots have already been designed [3–5] . Many researches also

ocus on designing the artificial muscle to imitate characteristics

f the natural muscle [6–8] . 

In this paper, we expect to take advantages of musculoskele-

al system with high anatomic fidelity to realize human-like ma-

ipulation. However, there exists many challenges. First, due to

he redundancy of joints and muscles, a given task can be re-

lized by various combination of joints and indefinite solutions

f muscle excitations. No unique correspondence exists between

he task space and muscle space, which is formulated as mo-

or equivalence problem [9] . Second, considering human-like mus-

le arrangements, muscles may not only contract linearly but also

urve on the way or wrap around joints, which makes the model-

ng of relationship between the joint space and muscle space im-

ossible. Third, during the process of peg-in-hole assembly, there

xists time-varying and unpredictable interactive forces between

he peg and hole, which further enhances the difficulty of mo-

ion learning and control for a high dimensional musculoskeletal

ystem. 

https://doi.org/10.1016/j.neucom.2018.12.069
http://www.ScienceDirect.com
http://www.elsevier.com/locate/neucom
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2018.12.069&domain=pdf
mailto:hong.qiao@ia.ac.cn
https://doi.org/10.1016/j.neucom.2018.12.069
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In order to control the musculoskeletal system, many model-

ased approaches [10–12] and model-free approaches [13–19] have

een proposed. However, these works mainly focus on tasks of

eaching and trajectory tracking rather than manipulation. 

The model-based approaches [10–12] require the establishment

f kinematic and dynamic model among the task space, joint space

nd muscle space. The muscle space can be defined as the space

f muscle forces or muscle excitations. However, as the muscu-

oskeletal system with high anatomic fidelity has rolling joints with

hifting rotational axis, curved muscle paths and more complex

uscle-tendon dynamics, it is impossible to construct an accu-

ate kinematic and dynamic model. Therefore, these model-based

pproaches are not applicable for controlling such a sophisticated

usculoskeletal system. 

In model-free approaches, the PD controller [13] , reinforcement

earning methods [14–17] , optimization based methods [18,19] and

uscle synergy [17] have been applied to control the muscu-

oskeletal system. Some approaches [13–17] can realize voluntary

ovement through motion learning. However, motion learning of

uch a high dimensional musculoskeletal system also suffers long-

erm learning and difficulty of convergence. Furthermore, during

he process of assembly, the musculoskeletal system is in unsta-

le environment with time-varying external forces and high preci-

ion assembly with narrow clearance has more demanding require-

ents for muscle excitations. Therefore, the difficulty of motion

earning for complex manipulation further increases. The optimiza-

ion based approaches [18,19] can theoretically compute muscle

xcitations for arbitrary movement. However, they are also compu-

ationally expensive and may fail in sophisticated tasks, especially

or manipulation tasks, thereby can not be applied for real-time

ontrol. 

Therefore, based on strategies of human manipulation and mus-

le coordination, we propose a biologically inspired control scheme

n this paper to realize human-like manipulation using muscu-

oskeletal system with high anatomic fidelity. For environmen-

al constraints during manipulation, we apply the strategy based

n attractive region in environment [20,21] to plan manipulation

n the task space. Inspired by the hypothesis of muscle synergy

22–25] , we extract the muscle synergies corresponding some ba-

ic movements as movement primitives and then design an iter-

tive learning controller [26,27] to coordinate these synergies to

ccomplish complex manipulation. With the combination of the

trategy based on attractive region in environment and muscle

ynergy based controller, human-like manipulation with high pre-

ision, flexibility and robustness is preliminarily accomplished. The

ffectiveness of our control scheme is verified in a peg-in-hole

ask. 

This paper contributes to improve existing methods and extend

he research for musculoskeletal system as follows: 

(1) First, a muscle synergy based iterative learning controller

is proposed to improve existing approaches, which can not

only overcome the difficulty of explicit modeling of a so-

phisticated musculoskeletal system but also improve motion

learning by transforming the high dimensional muscle exci-

tations into a lower dimensional space. 

(2) Second, with the combination of strategy based on at-

tractive region in environment and muscle synergy based

controller, we can make use of environmental constraints to

realize human-like manipulation with high precision, flexi-

bility and robustness. 

(3) In addition, to the best of our knowledge, the feasibility

of realizing human-like manipulation with a musculoskele-

tal system is investigated and verified in this paper for the

first time, which successfully extends researches of control
for the musculoskeletal system from voluntary movement to

manipulation. 

. Related work 

To the best of our knowledge, current researches of control

or the musculoskeletal system mainly focus on the reaching and

racking task rather than manipulation. These works can be di-

ided into model-based approaches and model-free approaches. In

odel-based approaches, Tahara et al. [10] proposed a task-space

eedback controller to realize a planar reaching task with a mus-

uloskeletal arm and proved the stability and convergence. With

he redundancy of muscles, the stiffness and trajectory of a mus-

uloskeletal system is also modulated by internal forces in this

ork. Furthermore, an iterative learning controller was introduced

n [11] to realize the planar trajectory tracking in the task space.

n [12] , Dong et al. proposed a muscle force controller and took

he constraints of muscle force into account to realize the task of

rajectory tracking in the joint space. The uncertainty of modeling

s also considered in this work and the estimated model can be

daptively updated in real time to approach the real model. Above

orks have investigated how to solve the redundancy of muscle.

owever, these approaches are limited by the requirement of con-

tructing the explicit kinematic and dynamic model. For a muscu-

oskeletal system with high anatomic fidelity, there exists rolling

oints with shifting rotational axis, curved muscle paths and more

omplex muscle-tendon dynamics. Therefore, it is impossible to

onstruct an accurate model for such a sophisticated musculoskele-

al system and these model-based approaches are correspondingly

pplicable. 

In model-free approaches, Jagodnik et al. [13] proposed a PD

ontroller for planar arm movement and optimized parameters of

he controller with an objective function, which consists of accu-

ulative position errors and muscle forces. Jagodnik et al. [14] fur-

her applied the actor-critic architecture to control the muscu-

oskeletal system. The actor and critic network are firstly pre-

rained with the supervision of the optimized PD controller at

rst. Under new circumstances, these two networks are trained

gain. With the basis of pre-training, the learning speeds and

enerality of networks are improved. Balaghi et al. [15] proposed

utiple neuro-fuzzy controllers for each muscle force to real-

ze the planar reaching task with a musculoskeletal system. In

rder to update these controllers at each time step, an objec-

ive function is designed. The derivatives with respect to weights

f a controller are directly computed with simple estimation of

he multibody dynamic model. Huang et al. [16] applied recur-

ent neural network to realize motion learning of the muscu-

oskeletal system. The mechanism of emotion modulation is de-

igned in this work to modulate the reward prediction error,

earning rate and randomness in action selection, which promotes

ast and accurate motion learning. These learning approaches [13–

6] can realize the voluntary movement through motion learn-

ng. However, during assembly, the musculoskeletal system and

eg are in unstable environment with time-varying external forces.

herefore, learning accurate muscle excitations for such a com-

lex task from the high dimensional muscle space requires large

mount of time and is difficult to converge. High-precision as-

embly with narrow clearance further improves the difficulty of

hese learning approaches. Thelen et al. [18] proposed the Com-

uted Muscle Control algorithm to realize given movement in the

oint space, which combines the static optimization, feed-forward

nd feedback control. In [19] , Stanev and Moustakas further took

he redundancy in both joint and muscle space into account and

roposed the Task Space Computed Muscle Control algorithm to

ealize movement in the task space. These optimization based

pproaches [18,19] can theoretically compute muscle excitations
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Fig. 1. Musculoskeletal model. This complex musculoskeletal model has 16 muscles. 

The paths of muscles are inpsired by the human and designed to be curved, which 

are demonstrated in the figure. 
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for arbitrary movement in the joint and task space respectively.

However, they are also computationally expensive and may fail in

sophisticated tasks like assembly, thereby can not be applied for

real-time control. 

It is also a central issue on motor control that how human

CNS control the redundant musculoskeletal system. Studies of hu-

man motor system suggest that CNS may achieve complex move-

ment with the combination of multiple muscle synergies [22–25] .

Each muscle synergy defines a group of co-activated muscles and

records relative activation levels of these muscles. Absolute acti-

vations of the muscles in each synergy are modulated by a sin-

gle neural command. Each muscle synergy can be considered as

a motor primitive and movement can be realized by coordinating

multiple muscle synergies. With reinforcement learning and time-

varying muscle synergy, Rckert and d’Avella [17] realized motion

learning of multiple tasks with a musculoskeletal system. Mus-

cle synergies are firstly learned as movement primitives under the

initial task and remain unchanged. When the task changes, only

the task-related parameters for combining these muscle synergies

are learned again, which improves learning speed and generality.

In [28] , Li et al. extracted the time-variant muscle synergies from

muscle activations of past movement and realized estimation of

muscle activations from desired joint moments. 

Therefore, we combine the strategy based on attractive region

in environment and a muscle synergy based learning controller to

realize human-like manipulation using a musculoskeletal system

with high anatomic fidelity. 

3. Musculoskeletal model 

A human-like upper extremity musculoskeletal model is ap-

plied in this paper and depicted in this section. This model is

based on a previous musculoskeletal model [29] and modified

in some aspects. First, muscles and degrees of freedom are re-

duced. This modified musculoskeletal model has 16 muscles and

5 degrees of freedom. The DoF of our model specifically includes

shoulder internal/external rotation, elbow flexion/extension, fore-

arm supination/pronation, wrist radial/ulnar deviation and wrist

flexion/extension. Furthermore, the muscle-tendon model is sub-

stituted by the one described in [30] to better simulate muscular

characteristics. In addition, paths of some muscles are adjusted to

smoothen the output force of these muscles. This musculoskeletal

model is implemented on an open-source platform called OpenSim

[31] , which is shown in Fig. 1 . 
.1. Muscle model 

In our musculoskeletal model, a Hill-type equilibrium mus-

le model [30] is adopted, which can simulate the activation,

ontraction and force generation of the human muscle. The struc-

ure of this muscle model is briefly illustrated in Fig. 2 . 

.1.1. Dynamics of activation 

This section describes how muscles activate under excitations

rom neurons. The dynamics of activation can be represented by

 simplified non-linear first order differential equation as follow

30] : 

˙ 
 = 

u − a 

τa (a, u ) 
(1)

a (a, u ) = 

{
τact (0 . 5 + 1 . 5 a ) u > a 

τdeact 

0 . 5+1 . 5 a 
u ≤ a 

(2)

here u and a represent the excitation and activation of muscle

espectively and both are dimensionless quantities between 0 and

, τ act and τ deact are time constants of activation and deactivation

espectively. 

.1.2. Dynamics of contraction 

In this section, contraction of muscle and generation of muscle

orce are described. Tendon force F t is generated by the tendon and

epends on tendon length l t . Muscle force F m 

is generated by the

uscle fiber and computed as follow [32,33] : 

 m 

= F a (a, l m 

, ˙ l m 

) + F p (l m 

) = aF l (l m 

) F v ( ̇ l m 

) + F p (l m 

) (3)

Under different assumptions, contraction dynamics of muscle

an be described by different models, such as equilibrium mus-

ulotendon model, damped equilibrium musculotendon model and

igid-tendon musculotendon model. In the applied muscle model,

n equilibrium musculotendon model is adopted. Under the New-

on’s third law and assumption that the muscle and tendon are

assless, muscle force F m 

and tendon force F t must be in equilib-

ium [33] : 

 m 

cosα − F t (l t ) = [ aF l (l m 

) F v ( ̇ l m 

) + F p (l m 

)] cosα − F t (l t ) = 0 (4)

Therefore, based on Eq. (4) , contraction of muscles at each time

tep can be computed as: 

˙ 
 m 

= F −1 
v 

[
F t (l t ) /cosα − F p (l m 

) 

aF l (l m 

) 

]
(5)

here, F −1 
v is the inverse of F v . F l (t + 1) , F p (t + 1) , F t (t + 1) can be

omputed using l m 

(t + 1) and l t (t + 1) , which is determined by
˙ 
 m 

(t) . F v (t + 1) is computed using ˙ l m 

(t + 1) . 

In this muscle model, concrete representations of F l ( l m 

), F v ( ̇ l m 

) ,

 p ( l m 

), F t ( l t ) are shown in [30] , which are all modeled as strong

on-linear functions to fit characteristics of the human muscle. 

.2. Dynamics of musculoskeletal model 

This section describes how motion of the skeleton is driven by

uscles. As the tendon attaches the muscle fiber to the bone in

 musculoskeletal model, tendon force F t is whole force applied

o the bone by muscle. The tendon force further generates the

oint torque. The motion of the skeleton is driven by joint torque

nd affected by environment, which can be represented by the La-

rangeâs equation of motion as: 

¨
 = M(q ) −1 · [ G (q ) + C(q, ˙ q ) + T + F ] (6)

here q, ˙ q , q̈ are coordinates, speeds and accelerations of joints re-

pectively, T is joint torque, M ( q ) is the mass matrix, C(q, ˙ q ) is

entripetal and Coriolis force, G ( q ) is gravitational force and F is
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Fig. 2. Illustration of a Hill-type muscle model. This muscle model consists of two components: muscle fiber and tendon. The muscle fiber contains contractile element 

and passive element, which can generate active force and passive force respectively. Active force F a is related to muscle activation a , muscle fiber length l m and contraction 

velocity ˙ l m . Passive force F p is generated when the muscle is stretched beyond a threshold length. In the musculoskeletal system, the muscle fiber and bone are connected by 

the tendon. α is the pennation angle between the muscle fiber and tendon. F t is tendon force and depends on tendon length l t . Musculotendon length l mt can be computed 

as l mt = l t + l m cosα. 

Fig. 3. Dynamics of musculoskeletal model. The feedback loop demonstrates that the forces generated by muscles drive the motion of the skeleton and states of muscles are 

also affected by the motion of the skeleton. 
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Fig. 4. Musculoskeletal system and round-peg-hole system. The coordinate system 

is located at the central point on the upper surface of the hole. Under the assump- 

tion that the peg is grasped firmly by the hand, the peg is fixed at the hand with a 

weld joint. 
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ther force applied to the model, which characterizes the interac-

ion with the environment. 

In some simple musculoskeletal models, the skeleton is mod-

led as the link and the muscle is assumed to contract linearly.

or these simple musculoskeletal models, the relationship between

oint space and muscle space can be constructed through the geo-

etric relation between muscles and joints as: 

 mt = g(q ) (7) 

here l mt ∈ R 

m is musculotendon length and q ∈ R 

n is the joint an-

le, m and n denote the number of muscles and joints respectively.

artially differentiating the above equation, relation between the

hange rate of musculotendon length and the change rate of the

oint angle is given as: 

˙ 
 mt = R (q ) T ˙ q (8) 

here R ( q ) ∈ R n × m can be called muscle Jacobian. According to the

rinciple of virtual work, relation between muscle force and joint

orque can be obtained as: 

 = R (q ) · F t (9)

However, in the musculoskeletal system with high anatomic fi-

elity, the skeleton consists of bones with different shapes. Fur-

hermore, muscles have curved paths. Therefore, it is impossible to

onstruct accurate relationship between the joint space and muscle

pace for such a system. 

Based on above description, the dynamics of this musculoskele-

al model can be illustrated in Fig. 3 . 

. Control scheme 

In this paper, we aim to realize human-like peg-in-hole as-

embly with a musculoskeletal system, which is shown in Fig. 4

nd implemented on a simulated platform OpenSim [31] . How-

ver, there are some challenges for this task. First, as the mus-

uloskeletal system has high anatomic fidelity, it is impossible to
onstruct the explicit kinematic and dynamic model. Second, mo-

ion learning of such a high dimensional system during unsta-

le environment with time-varying interactive force requires long-

erm learning and is difficult to converge. Furthermore, realizing

igh-precision assembly with narrow clearance has more demand-

ng requirements for muscle excitations. 

Therefore, we propose a biologically inspired control scheme,

hich is shown in Fig. 5 . In this control scheme, a strategy based

n attractive region in environment is applied to motion plan-

ing in the task space. In addition, a muscle synergy based itera-

ive learning controller is designed to compute muscle excitations.

ith this controller, the difficulty of explicit modeling of sophis-

icated musculoskeletal system is overcome. Furthermore, motion

earning is improved by transforming high dimensional muscle ex-
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Fig. 5. Biologically inspired control scheme for realizing the peg-in-hole task. S d P−H and S P−H are desired states and actual states of a peg in the coordinate system of the 

hole. u ( t ) is the muscle excitation. C hole denotes the environmental constraints of the hole. Posture and touching information are considered as sensing information in our 

control scheme. 

Fig. 6. Illustration of a bowl-bean system. The bean will eventually move to the 

bottom of the bowl with effects of gravity force G , frictional force f and support 

force F N . 
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citations into a lower dimensional space. With the strategy based

on attractive region, high-precision manipulation can be accom-

plished with relative low-precision sensor information and control.

4.1. Assembly strategy based on attractive region in environment 

Under some circumstances, desired precision of assembly is

higher than positioning repeatability of the robot and therefore

assembly can not be succeeded only by position control. In or-

der to accomplish high-precision manipulation with relative low-

precision sensor and control, strategy based on attractive region

in environment [20,21] is applied in this paper. The attractive re-

gion in environment can be intuitively understood with an exam-

ple of bowl-bean system, which is shown in Fig. 6 . If there is a

bean inside a bowl, it will move to the bottom of the bowl with

effect of environmental forces, wherever the initial position of the

bean. This bowl-like constrained region also exists in the round-

peg-hole system, whose three-point-contact state of the peg and

hole is corresponding to the bottom point of the bowl-bean sys-

tem. As the three-point-contact state in the round-peg-hole system

is unique for the peg with a given initial orientation, the error of

position can be eliminated by environment constraints. According
Fig. 7. Typical stages during assembly. (a) Initialization of assembly. (b) One-point-contac

the peg are reduced. (f) The peg is inserted into the hole. (g) Residual errors of the peg a

assembled into the hole. The cone and dot in (a)–(e) indicate the attractive region of the 
o the strategy based on attractive region in environment, assembly

an be divided into some typical stages, which are demonstrated in

ig. 7 and described as follow: 

(1) Before assembly, it is initialized that the projection of the

lowest point of the peg falls within the mouth of the hole.

As shown in Fig. 7 , the coordinate system is set at the cen-

tral point on the upper surface of the hole. The position of

the peg is represented by x, y and z , which are coordinates

of the central point on the bottom surface of the peg. The

posture of peg is represented by θ x , θ y and θ z , which are

rotational angles along the x, y, z axis, respectively. 

(2) During the first stage of assembly, the peg is required to be

moved down along −z axis with the fixed ( x, y, θ x , θ y ) until

the peg interacts with the hole. Desired states of the peg in

this stage can be expressed as: 

p d (t) = p (1) 
I 

(10)

θd (t) = θ (1) 
I 

(11)

where p (1) 
I 

= (x (1) 
I 

, y (1) 
I 

) ∈ R 

2 and θ (1) 
I 

= (θ (1) 
Ix 

, θ (1) 
Iy 

) ∈ R 

2 are

initial position and orientation of the peg at the first stage,

p d = (p dx , p dy ) ∈ R 

2 and θd = (θdx , θdy ) ∈ R 

2 are desired po-

sition and orientation. 

(3) During the second stage, the peg is required to be moved

down with the relaxed ( x, y ) and fixed ( θ x , θ y ) until the peg

reaches a stable state with three contact points in the hole.

Relaxing the ( x, y ) means none of active adjustments will

be done along the x and y axis. According to the theory of

attractive region in environment, position errors along x and

y axis will be eliminated by environmental constraints. The

orientation of peg is still required to be maintained as: 

θd (t) = θ (2) (12)

I 

t state. (c) Two-point-contact state. (d) Three-point-contact state. (e) The angles of 

re gradually eliminated with environmental constraints. (h) The peg is successfully 

peg-hole system and the state of the peg in the configuration space. 
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Fig. 8. Illustration of the muscle synergy model and muscle synergy based control scheme. (a) Time-invariant muscle synergy. Each muscle synergy defines a group of 

co-activated muscles and records relative activation levels of these muscles. (b) Time-varying intensity of muscle synergy. The absolute activation of each muscle synergy is 

regulated by corresponding intensity. (c) The dotted blue lines represent regulation of muscles in the muscle synergy 1 with intensity 1. The dotted green lines represent 

regulation of muscles related to the muscle synergy 2. Then resulting muscle activations are jointly regulated with all synergies and intensities, which are shown as the solid 

lines. (d) Muscle synergy based control scheme. h ( t ) is the low dimensional intensity of the muscle synergy and considered as abstract intention for movement in task space. 

u(t) is the high dimensional muscle excitation. The Muscle synergy transforms abstract intention into the discrete muscle excitation and constructs relationship between the 

task space and muscle space. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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where θ (2) 
I 

∈ R 

2 is the initial orientation of peg at the be-

ginning of the second stage. 

(4) At the third stage, the peg is required to be moved down

with the relaxed position and reduction of angles. During

this stage, the bottom of the peg will be inserted into the

hole when angles of the peg are lower than thresholds. In

order to realize smooth path planning, the trajectory of the

peg is planned with the minimum-jerk criterion [34] as fol-

low: 

θd (t) = θ (3) 
I 

+ (θ (3) 
F 

− θ (3) 
I 

)(6 σ 5 − 15 σ 4 + 10 σ 3 ) (13)

σ = 

t 

t F 3 
(14) 

where θ (3) 
I 

∈ R 

2 is the initial orientations at the third stage,

θ (3) 
F 

= 0 ∈ R 

2 and t F 3 are planned final orientation and final

time at the third stage. 

(5) At the fourth stage, the peg is only required to be move

down and it will be assembled into the hole by constraints

of environment without other active adjustments. 

.2. Muscle synergy based controller 

In order to control the sophisticated musculoskeletal model

ith large redundancy, coupling and strong non-linearity, a mus-

le synergy based iterative learning controller is designed, which

s described in Fig. 8 . 

Muscle synergy is a hypothesis for explaining how human cen-

ral nervous system (CNS) control a large number of redundant

uscles [22–25] . According to this hypothesis, muscles are not reg-

lated individually but in groups. The muscle activation can be

onsidered as combination of time-invariant muscle synergy and

ime-varying synergy intensity, which is also illustrated in Fig. 8 . 
.2.1. Computation of muscle activations 

In researches of neuroscience, the muscle synergy can be ex-

racted from sampled electromyography (EMG) signals of human

r animal during movement. In this paper, we extract muscle syn-

rgies from muscle activations of some basic movements. These

asic movements are prescribed in the task space and then trans-

ormed into the joint space. Given a movement in the joint space,

orresponding muscle activations can be computed with Computed

uscle Control algorithm [18] . 

First, required accelerations q̈ ∗ at each time step are computed

or driving coordinates of musculoskeletal model q toward the de-

ired ones q d as follow [18] : 

¨
 

∗(t + T ) = q̈ d (t + T ) + Kv [ ̇ q d (t) − ˙ q (t)] + K p[ q d (t) − q (t)] (15)

here, q d , ˙ q d , q̈ d are desired coordinates, velocities and accelera-

ions of joints during the movement. K p and K v are feedback gains.

Second, muscle excitations are optimized as follows: 

min 

m ∑ 

i =1 

u 

2 
i 

+ 

m 

′ ∑ 

i =1 

x 2 
i 

s.t. q̈ − q̈ ∗ = 0 

(16) 

here 

¨
 = M(q ) −1 · [ G (q ) + C(q, ˙ q ) + R (q ) F mt + T v + F ] 

 mt = [ aF l (l m 

) F v ( ̇ l m 

) + F p (l m 

)] cos α

˙ 
 = 

u − a 

τa (a, u ) 

 v = T o v x (17) 

here F mt is the muscle-tendon force and can be computed with

he muscle excitation u and muscle dynamics. The muscle is the

nly actuator of the musculoskeletal system. However, in order to

ompensate for deficiency of muscle forces and prevent the opti-

ization from failing, the virtual actuator is added for each joint to

uarantee the constraint q̈ −q̈ ∗ = 0 . Virtual actuator can be consider
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as a motor and T v is the torque generated by the virtual actuator.

In order to ensure the major role of muscles during movement,

the optimal torque T o v of each virtual actuator is set as a low value,

therefore the usage of the virtual actuator will be highly penalized

in the cost function. m is the number of muscles, m 

′ is the number

of virtual actuators and namely the number of joints. F is the ex-

ternal force for the musculoskeletal system. F l , F v , F p , α have been

clearly defined in Section 2.1.2. 

Third, the forward dynamic simulation is executed with com-

puted muscle excitations and then coordinates of joints q are up-

dated. 

Above three steps will be executed repeatedly until the whole

movement is accomplished. According to the dynamics of muscle

activation, muscle activations at each time step can be computed

with muscle excitations and recorded as matrix A: 

A = 

⎡ 

⎢ ⎢ ⎣ 

a 1 (t 1 ) a 1 (t 2 ) · · · a 1 (t n ) 
a 2 (t 1 ) a 2 (t 2 ) · · · a 2 (t n ) 

. . . 
. . . 

. . . 
. . . 

a m 

(t 1 ) a 1 (t 2 ) · · · a m 

(t n ) 

⎤ 

⎥ ⎥ ⎦ 

(18)

where n is the number of time steps, m is the number of muscles

and set as 16 in our musculoskeletal model, each row of A repre-

sents the activations of one muscle during whole movement. 

4.2.2. Extraction of muscle synergies 

According to the muscle synergy hypothesis, muscle activations

can be decomposed into time-invariant muscle synergies and time-

varying synergy intensities. Based on the assumption that intensi-

ties and weightings of muscle synergies are required to be non-

negative, the extraction of muscle synergies can be formulated as

a Non-negative Matrix Factorization (NNMF) problem: 

min f (W, H) = || A − W H|| 2 F 

s.t. W, H ≥ 0 (19)

where A ∈ R 

m ×n is the muscle activation matrix, W ∈ R 

m ×l is the

muscle synergy matrix, each column of W denotes a synergy and

each element is the relative activation level of each muscle in

this synergy, H ∈ R 

l×n is the synergy intensity matrix, each row of

H records the intensity of the corresponding synergy during the

movement. || · || F is the Frobenius norm, W, H ≥ 0 means all ele-

ments in W and H are non-negative. 

Furthermore, in order to control muscles more effectively, we

intend to find the significant muscles in each synergy and reduce

the redundancy within each synergy. Therefore, the NNMF problem

can be extended by adding sparseness constraints as follow: 

min f (W, H) = || A − W H|| 2 F 

s.t. W, H ≥ 0 

sparseness (W j ) = S w 

, ∀ j (20)

where W j is the j th column of W , and sparseness ( ·) is a measure

of sparseness based on the relationship between L 1 norm and L 2 
norm [35] : 

sparseness (x ) = 

√ 

n − || x || 1 || x || 2 √ 

n −1 
(21)

where x is a vector and n is the dimension of vector x, || · || 1 and

|| · || 2 are L 1 and L 2 norm respectively. The value of sparseness ( x )

equals unity if and only if x has only one non-zero element and

equals zero if and only if all elements of x are equal. 

Hoyer [35] proposed an algorithm to achieve NNMF with

sparseness constraints. According to Hoyer’s algorithm, the matrix

W is firtly updated along the direction of negative gradient as: 

 = W − η(W H − A ) H 

T (22)
In order to satisfy the sparseness constraint, each column W j of

 will then be projected to a non-negative vector s , whose L 1 and

 2 norm are required to be: 

| s || 2 = || W j || 2 (23)

| s || 1 = [ 
√ 

n − ( 
√ 

n − 1)] S w 

|| W j || 2 (24)

he projection method for finding the desired s is described in de-

ails in [35] . The stepsize η in Eq. (22) during each update is adap-

ively selected to guarantee the decrease of the objective function

n Eq. (20) . 

As there is no constraint for the matrix H , it can be update with

he multiplicative update rule in [36] as: 

 = H · W 

T A 

W 

T W H 

(25)

The number of muscle synergies for each DoF is chosen as

 = 2 , which can relate each muscle synergy to the movement

long one direction of one DoF in the task space. According to the

trategy based on attractive region in environment, adjustments of

x and θ y to peg are mainly focused and active adjustments of

 and y are no longer required after the peg interacts with the

ole. Therefore, W θx 
∈ R 

16 ×2 and W θy 
∈ R 

16 ×2 are required to be

xtracted and each column of the matrices are related to the ro-

ational movement along x , −x, y , −y respectively. 

.2.3. Designing a muscle synergy based iterative learning controller 

With the extracted muscle synergies, an iterative learning con-

roller is designed. Based on this controller, the low dimensional

ntensity of the muscle synergy is firstly computed which, is also

onsidered as the abstract intention of movement in the task

pace. Then this abstract intention is transformed into high dimen-

ional muscle excitations with the muscle synergy. Through itera-

ive learning from repeating movements, the controller can adapt

o repeating and uncertain disturbances. 

Before the peg interacts with the hole, the ( x, y, θ x , θ y ) of the

eg is planned to be fixed. Corresponding muscle excitations are

omputed by CMC in advance. After that, the peg dynamically in-

eracts with the hole. Therefore active adjustments of θ x and θ y 

o the peg are required and mainly focused. Corresponding muscle

xcitations are required to be adjusted in real time as follow: 

 (t) = min { max { W 

C 
θ h (t) , u L } , u U } (26)

here, u (t) ∈ R 

16 represents the muscle excitation, h (t) ∈ R 

2 is the

stimated intensity of muscle synergies, W 

C 
θ

∈ R 

16 ×2 is the com-

ined muscle synergy matrix and transforms low dimensional h ( t )

nto high dimensional u ( t ), u L and u U are lower and upper bounds

f the muscle excitation. 

During the extraction of muscle synergies, each extracted mus-

le synergy and its corresponding intensity are related to the

ovement along one direction of one DoF and required to be non-

egative. However, in order to design the controller, we combine

wo synergies of each DoF into one synergy and remove the con-

traint of non-negativity. Therefore, each muscle synergy is related

o the movements along both directions of one DoF. The extracted

uscle synergies are combined as follow: 

 

C 
θ = [ W 

C 
θx 

, W 

C 
θy 

] (27)

 

C 
θx 

= 

W θx 
(: , 1) 

|| W θx 
(: , 1) || 2 

2 

− W θx 
(: , 2) 

|| W θx 
(: , 2) || 2 

2 

(28)

 

C 
θy 

= 

W θy 
(: , 1) 

|| W θy 
(: , 1) || 2 

2 

− W θy 
(: , 2) 

|| W θy 
(: , 2) || 2 

2 

(29)
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Fig. 9. Extracted muscle synergies. Muscle synergy 1 and 2 are related to the movement of θ x of the peg. Muscle synergy 3 and 4 are related to the movement of θ y of the 

peg. SUBSC, TMIN, BRA, TRIlong, TRIlat and TRImed are muscles mainly related to the shoulder and elbow. 

w  

R  

θ
 

i  

a

h  

w  

f

 

t

h  

e  

w  

t  

t  

K  

f

 

s

h

l

w  

t  

t  

d  

K  

i  

f  

w  

a

5

 

t  

a  

a  

t

5

 

m  

q  

m  

w  

θ  

a  

w  

i  

m  

m  

o  

t  

 

a  

t  

t  

l  

T  

t

5

 

n  
here W 

C 
θ

∈ R 

16 ×2 is the combinational muscle synergy, W θx 
∈

 

16 ×2 and W θy 
∈ R 

16 ×2 are extracted muscle synergy matrices for

x and θ y of the peg respectively, || · || 2 is the Euclidian norm. 

Correspondingly, intensities are computed by an iterative learn-

ng controller, which is composed of a feedback term and a learn-

ble feed-forward term as: 

 (t) = h f b (t) + h f f (t) (30)

here h f b (t) ∈ R 

2 and u f b (t) ∈ R 

2 are feedback term and feed-

orward term respectively. 

The feedback term can react to dynamic uncertainties in real

ime as: 

 f b = −K f b e (t) − D f b ̇ e (t) (31)

 (t) = θ (t) − θd (t) (32)

here θ = (θx , θy ) ∈ R 

2 and θd = (θdx , θdy ) ∈ R 

2 are actual orien-

ation and desired orientation of the peg respectively, e ∈ R 

2 is

he error of orientation, ˙ e (t) ∈ R 

2 is the derivative of the error,

 f b = diag[ K 

θx 

f b 
, K 

θy 

f b 
] ∈ R 

2 ×2 and D f b = diag[ D 

θx 

f b 
, D 

θy 

f b 
] ∈ R 

2 ×2 are the

eedback gain matrix. 

The feed-forward term can be updated iteratively to compen-

ate for repeating disturbances as: 

 

k 
f f (t) = 

{
0 k = 1 

h 

k −1 
f f 

(t) − l k r [ K f f e 
k −1 (t + 1) + D f f ˙ e 

k −1 (t + 1)] k > 1 

(33) 

 

k 
r = e −α(k −1) (34) 

here h k 
f f 

∈ R 

16 is the learnable feed-forward term in the k th

rial, l k r is the learning rate with exponential decay in the k th

rial, α > 0 is a constant, K f f = diag[ K 

θx 

f f 
, K 

θy 

f f 
] ∈ R 

2 ×2 and D f f =
iag[ D 

θx 

f f 
, D 

θy 

f f 
] ∈ R 

2 ×2 are the learning gain matrix. The parameters

 fb , D fb , K ff, D ff, α in a iterative learning controller are tuned rely-

ng on experience in this paper. However, these parameters can be
urther optimized in the future with Particle Swarm Optimization,

hich has already achieved great performance in signal processing

nd control [37–39] . 

. Experiments 

In this section, the effectiveness of the biologically inspired con-

rol scheme is verified through dynamic simulation of peg-in-hole

ssembly. Human-like manipulation with high precision, flexibility

nd robustness is preliminarily accomplished and analyzed in de-

ails. 

.1. Extraction of muscle synergies 

According to the strategy based on attractive region in environ-

ent, only active adjustments to the θ x and θ y of the peg are re-

uired after the peg interacts with the hole. Therefore, we extract

uscle synergies corresponding to the movements of θ x and θ y ,

hich are demonstrated in Fig. 9 . As the movements of θ x and

y in the task space are mainly influenced by the joints of wrist

nd forearm, we focus on coordination of muscles for driving the

rist and forearm to accomplish the movement of θ x and θ y . Dur-

ng computation of muscle activations, the elbow and shoulder are

aintained invariantly and effects to the elbow and shoulder from

uscles are also neglected. Therefore, those muscles, which are

nly related to the elbow and shoulder, are rarely activated during

he optimization and have little weights in above muscle synergies.

The relationship between muscle synergy and movement is an-

lyzed and demonstrated in Fig. 10 . Based on the comparison be-

ween (a) and (c) in Fig. 10 , it is intuitively demonstrated that

he intensities of muscle synergy one and two are highly corre-

ated with the positive and negative acceleration of the movement.

herefore, the intensity is considered as the abstract intention for

he movement in the task space. 

.2. Realizing human-like assembly with a musculoskeletal system 

In this section, the proposed control scheme is verified by dy-

amic simulation of peg-in-hole assembly, which is executed on
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Fig. 10. Relationship between the muscle synergy and movement. (a) The intensity of the muscle synergy related to θ y . (b) The muscle activations are computed by 

reconstructed muscle excitations. The muscle excitations are generated by combination of the extracted muscle synergies and corresponding intensities. (c) Acceleration of 

θ y during movement. The movement is generated by the muscle activations in (b). (d) The coordinate of θ y during the movement. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 

Parameters of the controller with high-precision feedbacks. 

Parameters The second stage The third stage 

K fb diag {1, 1} diag {1, 1} 

D fb diag {0.1, 0.1} diag {0.1, 0.1} 

K ff diag {0.025, 0.025} diag {0.05, 0.05} 

D ff diag {0.01, 0.01} diag {0.025, 0.025} 

α 0.033 0.1 

Duration 2s 4s 

u L 0.02 0.02 

u U 1 1 

e  

s  

a  

s  

o  

u  

c

 

t  

i  

u  

s  

i

5

 

p  

b  

a  
an open-source platform OpenSim [31] . During the simulation, the

static friction, dynamic friction and viscous friction are set to be

0.15, 0.1 and 0 respectively. The radius of peg and hole are 37.5 mm

and 37.65 mm respectively, therefore the clearance between them

is 0.15 mm. In our experiments, the feedbacks include orienta-

tions of the peg and touching situation between the peg and hole.

During this section, the peg-in-hole assembly with high-precision

feedbacks and low-precision feedbacks are accomplished. Further-

more, human-like characteristics of high precision, robustness and

flexibility have been preliminarily demonstrated during the manip-

ulation. 

5.2.1. Assembly with high-precision feedbacks 

The proposed control scheme is firstly verified by the simula-

tion of peg-in-hole assembly with high-precision feedbacks, which

means that precise orientations of the peg are applied to the con-

troller. Many simulations have been executed with different ini-

tial states. The results of the simulations suggest that the assem-

bly will succeed when the projection of the lowest point of the

peg falls within the mouth of the hole at the beginning of as-

sembly. An instance of assembly is shown in Figs. 11 and 12 . In

this instance, the position and orientation of the peg are initialized

with the states of (x, y, z) T = (−22 . 9 , 35 . 8 , 22 . 7) mm , (θx , θy θz ) T =
(17 . 3 , 0 . 3 , 0) ◦. During the first stage, the peg is slowly moved down

along −z axis with the control target of fixing x, y, θ x , θ y until it in-

teracts with the hole. The muscle excitations during this stage are

computed by CMC algorithm in advance and remain unchanged.

During the second stage, the peg is still moved down with the

control target of fixing θ x , θ y . According to the strategy based on

attractive region in environment, the errors on x and y can be

eliminated and the peg can eventually reach the stable state for

enough time. During the third stage, the θ x and θ y of peg are re-

duced and the peg is inserted into the hole when the angles are
nough small. The muscle excitations during the second and third

tage are computed in real time by the synergy based controller to

dapt to the dynamic interactions with the hole. During the fourth

tage, the peg is moved down without active adjustments on the

rientation or position. As the peg is inserted into the hole, resid-

als on θ x and θ y will be gradually eliminated by environmental

onstraints. 

With iterative learning control, the muscle synergy based con-

roller can be updated through iterative assembly with the same

nitial state. The selected parameters of controller during the sim-

lations with high-precision feedbacks are shown in Table 1 . As

hown in Fig. 13 , the performance of controller is improved during

terative learning. 

.2.2. Assembly with low-precision feedbacks 

As high-precision sensor information is unrealistic and costly in

ractical application, the proposed control scheme is also verified

y simulations of assembly with low-precision feedbacks, which

re obtained by the discretization of high-precision feedbacks.
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Fig. 11. An instance of assembly with high-precision feedbacks. (a) The orientation of the peg. (b) The position of the peg. (c) Contact forces between the peg and hole. As 

the peg and hole have large stiffness, collision between them leads to large contact forces. (d)–(f) Muscle forces. Note that four typical stages during assembly are indicated 

in (c) and (f). 

Fig. 12. Typical stages during an instance of assembly with high-precision feed- 

backs. (a)–(d) in turn show the states of the musculoskeletal system and peg at the 

begining of the first, second, third and fourth stage. (e) The terminal state of the 

musculoskeletal system and peg. 

A  

f  

 

t  

l  

Table 2 

Parameters of the controller with low-precision feedbacks. 

Parameters The second stage The third stage 

K fb diag {1, 1} diag {1, 1} 

D fb diag {0.0 05, 0.0 05} diag {0.01, 0.01} 

K ff diag {0.05, 0.05} diag {0.0 03, 0.0 03} 

D ff diag {0.0 025, 0.0 025} diag {0.0 0 06, 0.0 0 06} 

α 0.2 0.2 

Duration 2s 4s 

u L 0.02 0.02 

u U 1 1 

l  

m  

b  

w  

l  

e  

s  

r  

i

n instance of simulation is shown in Fig. 14 , which also starts

rom the states of (x, y, z) T = (−22 . 9 , 35 . 8 , 22 . 7) mm , (θx , θy θz ) 
T =

(17 . 3 , 0 . 3 , 0) ◦ of the peg. In this simulation, preciese feedbacks of

heorientation are discretized with the interval of 0.5 °. The se-

ected parameters of the controller during the simulation with
ow-precision feedbacks are shown in Table 2 . During the experi-

ents, the average error on orientations is 0.21 ° during the assem-

ly with high-precision feedbacks and 0.41 ° during the assembly

ih low-precision feedbacks. Under the situation of assembly with

ow-precision feedbacks, the error increases and the reduction of

rror during iterative learning becomes more difficult, which is

hown in Fig. 13 . However, with the strategy based on attractive

egion in environment, the dependence of high-precision feedbacks

s reduced and assembly can also be accomplished. 
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Fig. 13. Iterative learning process of the controller. According to the motion planning based on attractive region in environment, we only execute active adjustments and 

learn coordination of muscles during the second and third stage. (a) Evolution of errors on θ x and θ y during the second stage of assembly with precise feedbacks. (b) 

Evolution of errors on θ x and θ y during the third stage of assembly with precise feedbacks. (c) Evolution of errors on θ x and θ y during the second stage of assembly with 

low-precision feedbacks. (d) Evolution of errors on θ x and θ y during the third stage of assembly with low-precision feedbacks. 

Fig. 14. An instance of assembly with low-precision feedbacks. (a) The orientation of the peg. (b) The position of the peg. (c) Contact forces between the peg and hole. As 

the peg and hole have large stiffness, collision between them leads to large contact forces. (d)–(f) Muscle forces. Note that four typical stages during assembly are indicated 

in (c) and (f). 
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Fig. 15. The Orientation of the peg during assembly with the increase of dysfunctional muscles. The processes of assembly are similar in (a)–(d). It is observed in (d) that 

the assembly can still be succeeded when eight muscles are dysfunctional. 
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.2.3. Analysis of human-like manipulation with high precision, 

obustness and flexibility 

In this section, some human-like characteristics, such as high

recision, robustness and flexibility, during manipulation are ana-

yzed. 

As mentioned above, the average error on orientations is

.21 ° during assembly with high-precision feedbacks and 0.41 °
uring assembly with low-precision feedbacks. Considering the

elationship between the orientation and position of the peg,

he average error of the position is approximately estimated as

.55 mm during assembly with high-precision feedbacks and

.07 mm during assemby with low-precision feedbacks respec-

ively. Therefore, the assembly task with the clearance of 0.15 mm

an not be accomplished only with position control. With the

trategy based on attractive region in environment, we make use

f environment constraints and reduce the dependence of high-

recision control and sensor information. As shown in the Figs. 11

nd 14 , the uncertainty of position and orientation are succes-

ively eliminated by environmental constraints in the second and

ourth stage of assembly. With this control scheme and muscu-

oskeletal system, human-like manipulation with high-precision is

reliminarily accomplished. 

The impedance and stiffness of the musculoskeletal system can

e adjusted by the co-contraction of agonist and antagonist mus-

les. During the second and third stage of assembly, impedance

nd stiffness of the musculoskeletal system are strengthened to

dapt to dynamic interaction with the hole. During the fourth

tage, most muscles are relaxed and the co-contraction of muscles

s decreased. Correspondingly, the stiffness of the musculoskeletal

ystem decreases but the flexibility increases. With the increasing

exibility, the peg better complies with the environment. There-

ore, the posture of the peg is frequently adjusted by environmen-

al forces and the residual errors are gradually eliminated, which

an be observed in Figs. 11 and 14 . With this control scheme and

usculoskeletal system, human-like manipulation with flexibility

s preliminarily accomplished. 
d  
Tmusculoskeletal system with redundant muscles naturally pos-

esses the characteristic of robustness. The redundant muscu-

oskeletal system is able to distribute loads and deal with the fa-

igue and dysfunction of muscles more reliably. In order to test

he robustness, we execute assembly under the situation of fatigue

nd dysfunction of muscles. The fatigue and dysfunction of mus-

les are imitated by only stimulating these muscles with the min-

mum value. The same controller and high-precision feedbacks are

pplied in the test. 

As the number of dysfunctional muscles increases, the assem-

ly is still able to succeed and the processes are similar, which are

hown in Fig. 15 . The pattern of muscle forces during dysfunctional

nd normal situations are generally similar, which is observed in

ig. 16 . However, as some muscles have similar functions with dys-

unctional muscles, their activations and forces are strengthened.

ome muscles have opposite functions and their activations and

orces are weakened. With this control scheme and musculoskele-

al system, human-like manipulation with robustness is prelimi-

arily accomplished. 

. Conclusion 

Realizing human-like manipulation with the musculoskeletal 

ystem is investigated in this paper for the first time. We pro-

ose a biologically inspired control scheme and preliminarily ac-

omplish human-like manipulation with high precision, robustness

nd flexibility. However, this paper also has some disadvantages

nd limitations. First, precision of the movement realized in this

aper is not high enough. Second, the learning rate and parame-

ers of the controller are still required to be tuned with experience,

hich can be further improved with PSO algorithm [37–39] in the

uture. Third, the muscles on the hand has not been applied in

his paper and the dexterity has been limited. In the future, we

lan to realize more effective motion learning and more accurate

ovement with the musculoskeletal system by introducing more

etailed brain mechanisms. Furthermore, we also intend to analyze
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Fig. 16. Muscle forces under normal and dysfunctional situation. (a) Muscle forces during the assembly when all muscles are normal. (b) Muscle forces during the assembly 

when eight muscles are dysfunctional. Muscles marked with ∗ are dysfunctional. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

the robustness as well as flexibility of the musculoskeletal system

in depth and design a human-like musculoskeltal robot. 
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