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Abstract The human arm exhibits remarkable capabilities, including both explosive power and precision, which demon-
strate dexterity, compliance, and robustness in unstructu red environments. Developing robotic systems that emulate human-
like operational characteristics through musculoskeleta l structures has long been a research focus. In this study, we designed a
novel lightweight tendon-driven musculoskeletal arm (LTD M-Arm), featuring a seven degree-of-freedom (DOF) skeleta l joint
system and a modularized arti�cial muscular system (MAMS) w ith 15 actuators. Additionally, we employed a Hilly-type
muscle model and data-driven iterative learning control (D DILC) to learn and re�ne activation signals for repetitive t asks
within a �nite time frame. We validated the anti-interferen ce capabilities of the musculoskeletal system through both sim-
ulations and experiments. The results show that the LTDM-Ar m system can e�ectively achieve desired trajectory trackin g
tasks, even under load disturbances of 20% in simulation and 15% in experiments. This research lays the foundation for
developing advanced robotic systems with human-like opera tional performance.

Keywords bio-inspired robotics, musculoskeletal arm, data-driven iterative learning control, muscle model algorithm,
robustness
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1 Introduction

Traditional robotic systems excel in high-precision and large-load operations, but achieving tasks that
require robustness, dexterity, and 
exibility necessitates high-precision sensors, high-precision structures,
and advanced control algorithms. In situations where the absolute precision of sensing and control in
each unit is not high, the human arm can e�ectively utilize its inherent structural characteristics, such as
the serial and parallel hybrid kinematic structure and the rigid-
ex ible coupling dynamic characteristics,
to achieve rapid, robust, safe, dexterous, and 
exible operations through information processing in neural
circuits [1{ 3]. Through the synergy of software and hardware, developing a neuromorphic intelligent
robot system that embodies human-like structural characteristics and driving mechanisms holds signif-
icant inspirational and catalytic value for advancing novel high-performance robotic systems. However,
simulating the musculoskeletal structure with physical devices poses signi�cant challenges. J•antsch et
al. [4] created the `Anthrob' robot, which is a reduced version of the human upper limb with 13 compliant
muscles and four joints. However, the complexity of muscle units makes the extension of multi-muscle
actuation challenging. Kozuki et al. [5] designed the `Kenshiro' shoulder-elbow joint using a parallel
muscle device, which featured 21 muscle-driven units, a rib-surfaced thorax, muscle bu�er devices, planar
muscle devices, and open ball joints. The experiments successfullydemonstrated abduction and eleva-
tion movements. However, the parallel muscle structure increases the complexity of structural coupling,
making it challenging to accurately simulate real multi-muscle control. Kawaharazuka et al. [6] developed
a human-like forearm with a radioulnar joint to perform repetitive ta sks with low operational accuracy.
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Subsequently, they designed the `MusashiLarm' a fully functional musculoskeletal arm platform composed
solely of joint modules, muscle modules, generic skeleton frames, muscle units, and a few attachments.
Although modular and scalable design principles have been successfully implemented, uncertainties in
muscle-to-bone contact and friction remain a signi�cant challenge. The con�guration of muscle layouts
and the design of actuation pathways still require further optimization. Hitzmann et al. [ 7] developed
an arm-musculoskeletal robot powered by 10 pneumatic arti�cial muscles (PAMs). However, this design
leads to issues such as low control frequency, poor accuracy, and redundant, complex attachments, which
hinder its further application and development. Existing musculoskeletal robots are limited in simulating
only localized joints or a few muscles, and lack the simulation of nonlinear muscle mechanical properties,
resulting in insu�cient maneuverability and operational capability. To address these gaps, this study
conducted a comprehensive simulation of a full-morphology musculoskeletal arm, preserving the antago-
nistic muscle-driven mechanism, and designed a centralized arti�cialmuscle architecture for a low-inertia
robotic arm, paving the way for future research on humanoid musculoskeletal systems.

The abundance of redundant actuators in musculoskeletal robots presents substantial challenges in
control. On one hand, the disparity between the control space and the task space dimensions increases
the di�culty of optimization and solution. On the other hand, the str uctural characteristics of the
rigid-
exible coupling and the nonlinear properties of muscle-like actuators make deriving an accurate
controller di�cult. Computational muscle control (CMC) [ 8] and antagonist inhibition control (AIC) [ 9]
are the most widely utilized low-level control strategies for musculoskeletal robotics systems. J•antsch et
al. [10] developed an adaptive neural network dynamic surface control(ANNDSC) to enhance trajectory
tracking in the `Anthrob' musculoskeletal robot. However, existing studies prioritize platform control yet
neglect biological neuromuscular mechanisms. Model-based algorithms face challenges in generating pre-
cise activation signals due to muscle dynamics' high-dimensional nonlinearity and absent proprioceptive
feedback. J•antsch et al. [11] developed a control scheme for scalable joint-space actuation by decomposing
the robot's dynamics into hierarchical subsystems, resolving muscle-to-joint torque mapping in muscu-
loskeletal systems. Kawaharazuka et al. [12] developed a neural network model trained on joint-muscle
nonlinear data to map time-series control inputs to task states, achieving real-time control. Buchler et
al. [13] developed a Gaussian process-based probabilistic forward dynamics model to address the accurate
control challenges in musculoskeletal robots. Driess et al. [14] integrated neural network-learned forward
dynamics with sequential quadratic programming (SQP), enabling co-contraction modulation, sti�ness
adaptation, motion accuracy, and computational e�ciency in musculoskeletal control. Existing control
methods are e�ective for simple systems but struggle with highly redundant muscle-driven arms, non-
linear muscle models, and rigid-
exible coupling. Tendon-driven hysteresis and directional dependence
further complicate model-based high-precision control. An iterative learning control (ILC) method based
on dynamic linearization theory can improve performance in highly redundant and nonlinear robot sys-
tems [15{ 17]. It transforms discrete-time nonlinear systems into a virtual dynamic linearization model,
using only I/O data for adaptive updates without the need for a system model. The muscle model's inher-
ent anti-interference capabilities [18,19], combined with DDILC, can further enhance control performance
and robustness.

In summary, a novel humanoid muscle-driven musculoskeletal robot was designed to improve dis-
turbance rejection. To tackle the challenge of deriving explicit controllers for the complex nonlinear
LTDM-Arm system, a DDILC controller was developed, and its convergence was demonstrated. Load
disturbance experiments were then conducted to evaluate the disturbance rejection performance of the
LTDM-Arm's structure and control algorithm.

2 Mathematics model of the LTDM-Arm

This section introduces the musculoskeletal mathematical model. Additionally, it examines the relation-
ship between muscle and joint space, as well as the kinematics and dynamics of each component within
the LTDM-Arm system.

2.1 Architecture of musculoskeletal model

Muscles exhibit strong nonlinear properties and consist of muscle �bers and tendons. To describe acti-
vation kinetics, tension production, and muscle-tendon contraction, physiologists have studied isolated
muscles [20]. In biomechanical simulations, Hill-type muscle models are commonly used to predict both
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Figure 1 Hill-type muscle model description.

passive and active muscle forces [21]. These models have been widely recognized for their completeness in
representing muscle mechanisms and their computational e�ciency[20, 22]. Therefore, Hill-type muscle
models were chosen in this study to simulate the internal driving mechanism of the arti�cial muscle. The
modeling accuracy of the biological muscle unit directly in
uences theprecision with which the muscu-
loskeletal model simulates motion. The Hill-type model consists of three components: the contraction
element (CE), the parallel elastic element (PEE), and the series elastic element (SEE). This study em-
ploys the Hill-type muscle model, which is widely recognized for its biological accuracy, computational
e�ciency, and suitability for muscle control [ 23{ 25]. Subsequently, Thelen [23] simpli�ed the muscle-
tendon unit into a composite model consisting of a nonlinear spring, an active contractile element, and a
passive spring. The muscle model composes muscle tendon and muscle �ber connected in series through
the pinnate angle (� ), as shown in Figure 1. � = 1 is used in this experiment. Muscle activation is
reckoned by solving a non-linear �rst order di�erential equation, w hose input is a dimensionless quantity
between 0 and 1, called muscle excitation, denoted asu:

_a =
u � a

ta(u; a)
; (1)

ta(u; a) =

8
<

:

tact (0:5 + 1:5a); u > a;
tdecact

0:5 + 1:5a
; u < a;

(2)

where ta(u; a) is a time constant that varies with the variation trend of muscle activation. tact and tdecact

are the activation time constant and the deactivation time constant, respectively, which are set to 10 and
40 ms [26].

Muscle tendons can only generate tension determined by the muscleproperties. Furthermore, the
muscle �ber force Fmuscle is determined by the active contraction forceFactive and the passive contraction
force Fpassive . The active contraction force Factive is a function of the activation signal a, the muscle
length l , and the muscle velocity v. The passive contraction forceFpassive only depends on the muscle
length l . The force of the muscle �ber Fmuscle is de�ned as follows:

F t � F m cos(� ) = 0 ; (3)

F m = F ce + F pe = aF m
0 f l

�
lm

�
f v

�
_lm

�
+ f pe

�
lm

�
; (4)

_lm = f � 1
v

0

@
f t ( l t )
cos(a) � f pe

�
lm

�

af l
�
lm

�

1

A ; (5)

lmt = lm cos(� ) + l t ; (6)

where f l and f v are functions of force-length and force-velocity, respectively;f pe is the passive force of
the muscle �ber; f � 1

v is the inverse function of the force-velocity;F t is the tendon force.
The passive force-length relationship of muscle is represented by an exponential function:

f pe(lm ) =
e

k pe ( l m � 1)
� M

o � 1
ek pe � 1

; (7)
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wherekpe is an exponential shape factor, and� M
o is the passive muscle strain due to maximum isometric

force.
The active force-length relationship of muscle is represented by a Gaussian function [27]:

f l (lm ) = e
� 2( l m � 1) 2


 ; (8)

where 
 is a shape factor which is 0.45.
The force-velocity relationship is represented by an exponential function [28]:

f v ( _lm ) = 1 :6 � 1:6e

�
� 1: 1

� ( _l m +1) 4
+ 0: 1

( � _l m +1) 2

�

: (9)

The force-strain relationship of the tendon is represented by an exponential function during an initial
nonlinear toe region and by a linear function thereafter:

f t =

8
><

>:

F T
toe

ek
toe � 1

 

e
k toe " T

" T
toe

� 1
!

; "T 6 "T
toe ;

klin ("T � "T
toe ) + F T

toe ; "T > " T
toe ;

(10)

where "T is the tendon strain, "T
toe is the tendon strain above which the tendon exhibits linear behavior,

ktoe is an exponential shape factor (ktoe = 3) and klin is a linear scale factor. The transition from nonlinear
to linear behavior was prescribed to occur for tendon forces greater than F T

toe = 0 :33. Requiring continuity
of slopes at the transition resulted in "T

toe = 0 :609"T
t and klin = 1 :712"T

0 .

2.2 Mathematical model of LTDM-Arm

Due to the redundancy of joints in the musculoskeletal robot, fora given terminal movement velocity _P
of the LTDM-Arm, there are in�nite solutions to the corresponding joint rotation velocity _q. Solve in
joint space by the following equation:

_q = J + _P + ( I � J + J )K q; (11)

where J is the Jacobian matrix of the joint space; J + = J T (JJ T )� 1 is Moor-Penrose inverse matrix of
J ; K q is a vector solution that represents an in�nite number of possible solutions in the range of joint
velocities.

The kinematic of the skeletons refers to the method of D-H Matrix. The Jacobian matrix L (q) maps the
relationship between joint and muscle space. We can calculate musclelength lmt according to following
formula:

lmt = L(q)q; (12)

whereq is the joint angle. Combined with the principle of virtual work [ 29], we got the following relation:

dl = � L (q)dq; (13)

� = � L (q) � F t + ( I � L (q)+ L(q))K m ; (14)

where L (q)+ = L(q)T (L (q)L (q)T )� 1 is Moore-Penrose inverse matrix ofL (q); K m is a vector solution
that represents an in�nite number of possible solutions in the rangeof joint torque; q is a vector of desired
joint variables, muscle length matrix dl = [ dl1; dl2; : : : ; dl15]; joint angle matrix dq = [ dq1; dq2; : : : ; dq7];
F t = [ f 1; f 2; f 3; : : : ; f 15] is the muscle tension matrix; � = [ � 1; � 2; � 3; : : : ; � 7] is joints torque matrix. The
minus sign represents the direction of muscle contraction.

In muscle mathematical models, muscles are treated as massless actuators, and in the muscle arm
hardware platform, the cables at the anchor points are also considered as massless drivers driven by
the cable-driven method. By integrating (13) and muscle contraction dynamics (3) into the muscle arm
dynamic model, and obtain

H
h
� _L + (q) _lmt � L (q)•lmt

i
� � L + (q) _lmt � GL + (q)lmt

= � �
��

aF m f l
� �lm �

f v

�
_lm

�
+ f pe

�
lm

� �
+ J T F ext + � f

�
;

(15)

where F m represents the maximum isometric force, which is related to the physical performance of the
arti�cial muscle system and is an important indicator for evaluating t he peak force of muscles. In an
isometric state, the contraction velocity of muscle �bers _lm = 0, and the maximum isometric force can
be obtained when the activation a = 1.
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3 DDILC algorithm

Convergent activation signal motion pro�les are generated through repetition and control signal correction
for feedforward or feedback control. During the LTDM-Arm's mot ion, variables such as muscle force,
velocity, and position interact with each other. In this study, we pr opose a bias-format feedback control
along the time axis, combined with feedforward control along the iteration axis. The controller design is
as follows.

3.1 Data-driven biased-format dynamic linearization meth od

For the LTDM-Arm system (15), it is transformed into the following M IMO repetitive motion nonlinear
non-a�ne discrete-time system [26]:

y (t + 1 ; k) = f (y (t; k ); u (t; k )) ; (16)

where u (t; k ) 2 [0; 1] and y(t; k ) 2 Rm denote the input activation signal control quantity at time t and
iteration k, t = f 1; 2; : : : ; Tg; k = 1 ; 2; : : :, positive integers for the termination time within �nite duration,
f (�) : R2m 7! Rm for the corresponding variable dimension; for the unknown nonlinear vector function.

Control objective. Design a learning controller to minimize the tracking error e(t + 1 ; k) = yd(t +
1; k) � y (t + 1 ; k) = 0 at k ! 1 , where, yd(t + 1 ; k) 2 Rm is the desired output position vector of the
system.

Ideal controller. When only considering feedback error along the time axis, there exists an ideal
learning feedback controller for system (16) such thate(t + 1 ; k) = 0. Its mathematical description is as
follows:

u b(t; k ) = C (e(t + 1 ; k); : : : ; e (t � ne;t + 2 ; k)) ; (17)

wherene;t is an unknown positive integer representing the size of the sliding window; C (�) : Rmn u;t 7! Rm

is an unknown nonlinear function, the considered tracking quantity is the tracking error within the sliding
window at [t � ne;t + 2 ; t + 1], in the k-th iteration along the time axis.

3.2 Controller design

The design of the following control objective is as follows:

Q =
1
2

ke(t + 1 ; k)k2 +
1
2

� k



 � u b(t; k )




 2

; (18)

where k� k k > 0 is the weighting factor. The �rst term on the right-hand side repr esents control tracking
performance, while the second term represents minimizing controlinput energy consumption.

Substituting (17) into (18) and di�erentiating with respect to the m atrix variable � e(t; k ), and get

@Q
@� e(t; k )

= e(t; k )
@y(t + 1 ; k)

@u b(t; k )
� E (t + 1 ; k) + � k � e(t; k )� E (t; k )� E T (t; k ): (19)

Through gradient descent, the update algorithm for the learning control gains � e(t; k ) is obtained as
follows:

�̂ e(t; k ) = �̂ e(t � 1; k) � � k
@Q

@̂� e(t � 1; k)

= �̂ e(t � 1; k) � �̂ e(t � 1; k)� k � k � E (t; k )� E T (t; k ) (20)

+ � k
@y(t + 1 ; k)

@u b(t; k )
e(t; k )� E T (t; k );

where �̂ e(t; k ) is estimated value of � e(t; k ).

Because system (15) exhibits strong nonlinearity,e(t + 1 ; k) and the partial derivatives @y(t + 1 ; k)
=@u b(t; k ) cannot be directly obtained, conventional algorithms typically require training on a large
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amount of o�ine data. In this subsection, we adopt a relatively simple along-the-time-axis tight format
dynamic linearization method [30] to obtain an equivalent data model, given by

� y (t + 1 ; k) = � (t; k )� u b(t; k ); (21)

where � y (t + 1 ; k) = y (t + 1 ; k) � y (t; k ) is unknown matrix.

� (t; k ) =

2

6
6
6
6
6
4

� 11(t; k ) � 12(t; k ) � � � � 1m (t; k )

� 21(t; k ) � 22(t; k ) � � � � 2m (t; k )
...

...
. . .

...

� m 1(t; k ) � m 2(t; k ) � � � � mm (t; k )

3

7
7
7
7
7
5

2 Rm � m :

The � (t; k ) is a partitioned Jacobian matrix (PJM) of the nonlinear system (16), which satis�es
k� (t; k )k 6 b2, where b2 > 0 is an unknown constant.
Assumption 1. j� i;j (t; k )j 6 c1, j� i;i (t; k )j 6 ac2, i = 1 ; : : : ; m, j = 1 ; : : : ; m, i 6= j , a > 1, c2 >
c1(2a + 1)( m � 1), and element symbols remain unchanged.

Through o�ine data prediction methods, constructing the input-o utput mapping of a system is an
approximation. By combining the virtual dynamic linearization model ( 20) and the updating algorithm
(19), the process of matrix inversion is avoided, and estimation is performed according to the improved
projection algorithm [30]. The value of � (t; k ) is calculated using the following formula:

�̂ (t; k ) = �̂ (t � 1; k) +
� t

�
� y (t; k ) � �̂ (t � 1; k)� u b(t � 1; k)

� �
� u b(t � 1; k)

� T

� t + k� u b(t � 1; k)k2 ; (22)

where, � t 2 (0; 1] is the step size factor of� (t; k ) at time t, and � t > 0 is the weight factor. �̂ (t; k ) is
estimation of � (t; k ). When any of the following conditions occur: k�̂ i;j (t; k )k < c 2, k�̂ i;j (t; k )k > ac2,
k�̂ i;j (t; k )k < c 1, k�̂ i;i (t; k )k > ac1, sign(�̂ i;j (t; k )) 6= sign( �̂ i;j (1; k)), obtain �̂ i;j (t; k ) = �̂ i;j (1; k),
i 6= j .

According to (21) and (22), we can obtain the estimation methods for e(t + 1 ; k) and the partial
derivative term @y(t + 1 ; k)=@u b(t; k ):

ê(t + 1 ; k) = yd(t + 1 ; k) � y (t; k ) � �̂ (t; k )� u b(t; k ); (23)

@̂y (t + 1 ; k)
@u b(t; k )

= �̂ (t; k ): (24)

Building upon dynamic linearization feedback control, adding a feedforward term results in the follow-
ing control law:

u (t; k ) = u b(t; k ) + u f (t; k ); (25)

where u f (t; k ) = u f (t; k � 1) + �e (t + 1 ; k � 1), � is gain coe�cient matrix, and satis�es the condi-
tion of k1 � �f u (' (t + 1 ; k); : : : ; ' (t � le;t + 2 ; k))k < 1. Its constraint conditions are provided in the
convergence proof.

The learning control law (25), feedback control update algorithm (20) and (22), and estimation al-
gorithms (23) and (24) constitute the data-driven DDILC method of this chapter. Speci�c details are
provided in Table 1.

4 Design of the LTDM-Arm

Muscle tissue consists of tendons and �bers, which can either generate tension to drive skeletal mo-
tion or relax under external forces to exhibit passive compliance. The challenges of simulating arti�-
cial muscles|such as transmission in con�ned spaces, high energy density, and passive compliance|
make physical device replication di�cult. A MAMS (motor-cable arti�c ial muscle system) has been
designed, which includes a motor-cable arti�cial muscle and a tendon-sheath-pulley system, as shown
in Figure 2. A DC motor has been selected for power due to its high energy density, mature con-
trol technology, and convenient accessories. A force sensor is installed at the impact point to provide
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Table 1 Data-driven feedforward-feedback DDILC computation proc ess without model. sat( b; �b) denotes the projection of variable
onto the interval [ b; �b], b; �b 2 R.

The computation process

Step 1
Set t = 1, initialize the controlled system (16) to generate input -output data and estimation values �̂ ( t; 1),
and randomly initialize �̂ e ( t; 1).

Step 2

Calculate the control input vector according to the followi ng learning control law:

u ( t; k ) = u b ( t; k ) + �̂ e ( t; k )� E ( t + 1 ; k ) + u f ( t; k � 1) + � e( t + 1 ; k � 1).

Follow the reset mechanism u ( t; k ) = sat( u ( t ) ; u ( t )), measured system output y ( t; k ).

Step 3 Estimate �̂ ( t � 1; k � 1) using (22) and follow the reset mechanism �̂ ( t; k ) = sat( � ( t ) ; � ( t )).

Step 4
Calculate the partial partial Jacobian matrix (PPJM) � ( t; k ) using (24) and follow the reset mechanism

�̂ ( t; k ) = sat( � ( t ) ; � ( t )).

Step 5 Let t = t + 1 and loop back to (2).

Figure 2 (Color online) Modularized arti�cial muscular system (MAM S) scheme. (a) Quadrant diagram of DC motor motion
states; (b) schematic diagram of tube-rope transmission; ( c) schematic diagram of single-joint muscle-driven princi ple.

real-time rope tension feedback. The MAMS has dimensions of 142 mm(length), 60 mm (width), and
40 mm (height). The winch is driven by a motor and a reducer to adjust the cable tension. The bracket is
fabricated using high-precision 3D printing with Nylon (HP3DHR-PA12 ). To prevent wear and breakage
of the tungsten rope under large curvature transmission, a high-strength polyester �ber cable has been
chosen. The cable sheath consists of lubricated polytetra
uoroethylene (PTFE), a metal tube, and a
rubber tube. A 0.2 mm gap separates the inner tube and cable, allowing free movement of the cable
and ensuring e�ective lubrication. This MAMS design is intended for use in musculoskeletal robots, with
additional details provided in previous work [31].

It is known that the human arm contains more than 50 muscles, with multiple muscles collaborating
to drive a single joint, allowing for controlled variable joint sti�ness [ 23]. This specialized structure
enables the arm to perform both �ne operations and explosive movements, demonstrating 
exibility and
robustness. However, constructing a musculoskeletal robot resembling the human arm is challenging due
to its structural complexity. Based on the designed MAMS and muscle con�guration [ 32], the LTDM-Arm
platform, which closely mimics the human arm's anatomy, has been developed, as shown in Figure 3. The
LTDM-Arm consists of seven degrees of freedom (DOF) (three DOF at the shoulder, one at the elbow,
one at the forearm, and two at the wrist), four main skeleton components (shoulder blade, humerus, ulna,
and radius), and 15 MAMSs (seven muscles at the shoulder, two at the elbow, two at the forearm, and
four at the wrist). The upper arm, forearm, and hand lengths are380, 340, and 262 mm, respectively.
The joint range of motion is [0{0.4, 0{1.1, 0{1.1, 0{1.57, 0{1.57, � 1{1, � 1{1] radians. A high-precision
sensing system is required, including individual tension sensors for each MAMS and angle sensors for
each joint. Each DOF is controlled by at least two muscles, with each muscle governing only one joint,



Yuan J B , et al. Sci China Inf Sci December 2025, Vol. 68, Iss. 12, 222203:8

Figure 3 (Color online) LTDM-Arm design scheme.

which reduces coupling between the muscle and joint spaces, assuming antagonistic muscle connections
are met. This design not only simulates the anatomical structure ofthe human arm but also adheres to
mechanical design principles. It o�ers advantages such as a lightweight robotic arm, a 
exible number
of muscles, and recon�gurable anchor points, providing a solid experimental foundation for the control
mechanisms and bene�ts of musculoskeletal systems.

The LTDM-Arm circuit architecture consists of three stages: the higher-level (algorithmic control),
lower-level (protocol conversion and data processing hub), andphysical-level (motors, encoders, sensors).
The high-level control communicates with the lower-level and visual sensors via the UDP protocol, facili-
tating the transmission of control commands and feedback from the motors and sensors. The lower-level
and physical layers use the Ether CAT protocol for information exchange, with each MAMS, joint angle
sensor, and muscle tension sensor acting as communication nodes.These nodes transmit data to the
control master station at a frequency of up to 1000 Hz. The circuit implementation is illustrated in
Figure 4.

Based on data from an adult male arm [33], a comparative analysis was performed on representa-
tive musculoskeletal arm prototypes developed both domestically and internationally. The platforms
compared include the `Kenshio' [34], `Kengoro' [35], and `Musashi' [36] musculoskeletal arm sections de-
veloped by the Tokyo Institute of Technology in Japan, as well as the `Anthrob' musculoskeletal arm [4]
developed by the Technical University of Munich in Germany. Using the comparison criteria outlined
in [37], the analysis focused on six main aspects: (1) size ratio; (2) weight/load; (3) skeletal similarity;
(4) muscle similarity; (5) sensors; and (6) performance, as shownin Figure 5. Based on the comparative
results, the LTDM-Arm designed in this study demonstrates advanced con�guration and performance,
with a higher degree of human-likeness. This provides a valuable reference for research on novel humanoid
musculoskeletal robotic systems.

5 Design and results of numerical simulations and experimen ts

This section presents motion experiments based on the control methods outlined in Section 3, conducted
in both the Mujoco-Python virtual simulation environment and with t he LTDM-Arm prototype. A sine
wave motion trajectory, spanning two cycles with a period and amplitude of 200 and 150 mm, respectively,
was designed in a three-dimensional workspace. Each trial lasts 60s and is repeated 10 times. Lastly,
anti-disturbance experiments are performed in both the simulationand the LTDM-Arm prototype to
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Figure 4 (Color online) Circuit architecture of LTDM-Arm.

Figure 5 (Color online) Performance comparison results of LTDM-Arm with other similar devices.

validate and analyze the results.

5.1 Numerical simulation results and analysis

(1) DDILC numerical simulation results and analysis. After 60 iterat ions, the average trajectory error
decreases to below 2 mm (0:2%) and gradually stabilizes. Once the number of iterations exceeds90, the
average error stabilizes around 1.38 mm (0:14%), with a standard deviation of approximately 0.6 mm,
as shown in Figure 6. The iteration errors of the muscle clusters forthe four joints decrease progressively,
with the average and mean square errors of the overall muscle lengths being 0.053 and 0.062 mm, respec-
tively, as shown in Figure 7. Overall, the numerical simulation trajectories closely align with the desired
trajectories. However, due to the in
uence of multiple muscles acting on the same joint, initial errors
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Figure 6 (Color online) Trajectory and error results of DDILC numeri cal simulation. (a) Numerical simulation trajectory;
(b) numerical simulation trajectory error.

among muscles are inconsistent. As iterations increase, antagonistic muscles help promote convergence,
thereby accelerating the learning process. The direct control ofmuscle activation signals decouples the
relationship between muscle space and joint space. The muscle model algorithm also features a small
closed-loop adjustment mechanism, allowing the antagonistic relationship among muscles to stabilize
rapidly and achieve high trajectory tracking accuracy.

(2) Results and analysis of comparison with other control methods. Numerical simulations were con-
ducted using the DDILC method, CMC method [8], MTIS-FCC method [ 38] and Nonlinear-PID method.
The average trajectory errors were approximately 1.8 mm (0:18%), 4.1 mm (0:42%), 6.8 mm (0:69%),
and 8 mm (0:81%), respectively. The corresponding mean squared errors were 3.49, 20.46, 54.81, and
68.62 mm2, respectively. The proposed DDILC method demonstrates improvements of 56.1%, 73.53%,
and 77.5% compared to the baseline methods, as shown in Figure 8. Continuous learning and correction
via the DDILC method lead to higher accuracy and e�ectively suppress error 
uctuations. For the fore-
arm joint, its unique structure causes signi�cant changes in joint moment arms during motion, requiring
precise muscle force adjustments. The DDILC method, through iterative learning and the dual e�ects
of muscle model algorithms, compensates for the limitations of �xedgain adjustments and large propor-
tional feedback control methods, thus enhancing the control accuracy of the LTDM-Arm under complex
trajectory requirements.

(3) Interference immunity of simulation results and analysis. Robot anti-interference manifests in two
ways: stabilizing the system under disturbance and completing tasks e�ectively despite disturbances [18].
Due to model accuracy and workload errors, stable operation in unstructured environments is challeng-
ing. The LTDM-Arm demonstrates antiinterference through its un ique driving mechanism and DDILC
method. Trajectory tracking accuracy was analyzed under di�erent disturbance loads, with amplitudes
set at 0%, 5%, 10%, 15%, 20%, 25%, and 30% of the LTDM-Arm's rated 2.5 kg load. The simulation re-
sults (Figure 9) show average trajectory errors of 3:69 mm (0:38%), 4:53 mm (0:46%), 6:01 mm (0:61%),
7:31 mm (0:74%), 8:4 mm (0:86%), 12:8 mm (1:3%), and 15:05 mm (1:53%). Disturbance beyond 25%
causes signi�cant trajectory 
uctuations, but errors remain un der 1% when the disturbance is less than
25%, indicating strong load interference resistance. This anti-interference capability can be attributed to
two factors.

(1) Special driving mechanism of the muscle model. The muscle activation signal a�ects the muscle
�ber velocity, which in turn adjusts the tendon force. The muscle � ber length determines the tendon
force, and this force, acting on the skeletal system, feeds backto adjust the muscle �ber length. This
creates a small closed-loop control system where muscle �ber length and contraction speed serve as state
feedback, and tendon force is the output. Internal feedback regulates muscle tension by adjusting muscle
�ber length to correct errors and improve motion accuracy in the musculoskeletal robot. This process
introduces a delay between input and output, known as muscle activation dynamics. The special coupling
mechanism functions like a low-pass �lter, e�ectively eliminating pulse or high-frequency interference in
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Figure 7 (Color online) Simulation muscle length error results.

Figure 8 (Color online) Comparison of simulation results of DDILC an d CMC of LTDM-Arm. (a) Simulation trajectory;
(b) simulation trajectory error.

the activation signal.
(2) Coupling relationship between multiple antagonistic muscles. The interactive force coupling among
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Figure 9 (Color online) Numerical simulation results for interfere nce resistance. (a) Trajectory under di�erent disturbance loads;
(b) trajectory error under di�erent disturbance loads.

antagonistic muscles generates variable sti�ness characteristicsthrough co-contraction modulation. This
inherent compliance enables the LTDM-Arm system to passively compensate for intrinsic oscillations and
external disturbances, particularly when operating in unstructured environments with unknown loads and
parametric uncertainties. The muscle synergy-driven sti�ness adaptation mechanism demonstrates en-
hanced disturbance rejection capability, thereby improving environmental adaptability while maintaining
dynamic stability.

5.2 LTDM-Arm prototype experimental results and analysis

(1) Analysis of DDILC experimental results. Following numerical simulations, trajectory tracking val-
idation was implemented on the LTDM-Arm prototype using the DDILC strategy. As illustrated in
Figures 10 and 11, the DDILC algorithm achieves progressive errorreduction through iterative compen-
sation of feedforward-feedback deviations. Post 40 iterations,the end-e�ector tracking error converges
to 3:8 mm (0:4%). Compared with simulation benchmarks, the physical prototype exhibits heightened
sensitivity to real-world uncertainties, including cumulative manufacturing tolerances, nonlinear joint fric-
tion, and sensor quantization e�ects. These empirical results con�rm the DDILC's capability to mitigate
system-level perturbations through adaptive learning.

(2) Comparison and analysis of results with other control methods. Experimental evaluations of
DDILC, computed muscle control (CMC), MTIS-FCC, and nonlinear -PID methods yielded average tra-
jectory tracking errors of 5.13 mm (0.52%), 12.16 mm (1.23%), 16.33mm (1.66%), and 19.83 mm (2.13%),
respectively, with corresponding mean squared errors (MSE) of 31.43, 173.2, 322.54, and 470.38 mm2,
respectively. As demonstrated in Figure 12, the proposed DDILC method achieves signi�cant error re-
duction rates of 57:8%, 68:59%, and 74:13% relative to CMC, MTIS-FCC, and Nonlinear-PID baselines.
These results empirically validate DDILC's superior precision in managing the LTDM-Arm's nonlinear
dynamics and hardware-induced uncertainties. This can be attributed to several factors. First, the re-
sults align with numerical simulations. Second, the LTDM-Arm protot ype is a�ected by manufacturing
errors, sensor feedback inaccuracies, and cable transmission errors, making other methods more prone to
overshooting. The DDILC method, however, re�nes the input activation signal through iterative adjust-
ments and leverages the muscle model's closed-loop feedback, leading to more precise trajectory tracking.
Experiments with the LTDM-Arm prototype con�rm that the DDILC method is more robust to factors
like large curvature changes and hardware friction.

(3) Experiment results and analysis of interference resistance. During the manufacturing and installa-
tion of the LTDM-Arm prototype, model errors and friction are ine vitable. However, the small closed-loop
regulation mechanism of the muscle model, along with the antagonisticactions of multiple muscles, helps
compensate for some of these hardware errors. In this section,the activation signal from the 40th itera-
tion of the DDILC experiment on the LTDM-Arm prototype is used as the open-loop muscle activation



Yuan J B , et al. Sci China Inf Sci December 2025, Vol. 68, Iss. 12, 222203:13

Figure 10 (Color online) Trajectory tracking results of the LTDM-Arm DDILC prototype experiment. (a) Experimental trajec-
tory; (b) experimental trajectory error.

Figure 11 (Color online) Experimental process of LTDM-Arm DDILC prot otype.

input, with interference signals matching those used in the simulationexperiments for the resistance test.
The average trajectory errors observed were 8:43 mm (0:86%), 10:20 mm (1:04%), 14:22 mm (1:45%),
20:97 mm (2:14%), 26:44 mm (2:69%), 32:68 mm (3:33%), and 40:34 mm (4:11%), as shown in Figure 13.
Due to model inaccuracies, the accuracy without load is lower than inthe numerical simulation. When
the interference load exceeds 15%, the trajectory error surpasses 2%, but the system still stabilizes. This
further validates the LTDM-Arm's resistance to interference, as supported by the simulation analysis.

6 Conclusion

Structures with human-like driving mechanisms are more likely to achieve human-like performance. To
explore new musculoskeletal robotic systems, the LTDM-Arm was designed with seven DOF skeletal
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Figure 12 (Color online) Comparison of DDILC and CMC experimental res ults of LTDM-Arm prototype. (a) Experimental
trajectory; (b) experimental trajectory error.

Figure 13 (Color online) Interference resistance experiment result s of the LTDM-Arm prototype. (a) Experimental trajectory of
the prototype; (b) trajectory error of the prototype experi ment.

joints, retaining the humerus, ulna, and radius structures, and 15 MAMSs. To address challenges such
as multi-redundant muscle antagonistic actuation, nonlinear musclemodels, and complex rigid-
exible
coupling systems, the DDILC and nonlinear muscle-modeling algorithms were applied to investigate the
robustness of the LTDM-Arm. Experimental results of the LTDM- Arm's terminal-point trajectory track-
ing showed that: (1) the muscle model's internal regulation mechanism and multi-muscle antagonism
make the LTDM-Arm robust to input signal variations; (2) the multi- muscle-driven single-joint structure
generates a variable sti�ness e�ect, allowing the LTDM-Arm to over come joint friction and load inaccura-
cies. In open-loop input activation signal control simulations, the LTDM-Arm could still complete tasks
with over 20% signal interference. Compared to the MTIS-FCC, CMC, and Nonlinear-PID methods on
the LTDM-Arm platform, the DDILC method yielded smoother traje ctories with smaller errors. These
results demonstrate that the LTDM-Arm system is robust to input signal errors, hardware size inaccu-
racies, and friction. This study provides valuable experimental evidence for advancing anthropomorphic
musculoskeletal robot development.

The LTDM-Arm has the potential to serve as a next-generation robotic system for repetitive labor
tasks in unstructured environments. However, musculoskeletalrobots still face challenges, particularly in
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safe and stable human-computer interaction. Humans rely on various feedback, such as vision, hearing,
touch, and smell, to recognize their environment and generate muscle activation signals. Future work
will focus on: (1) exploring safe and stable human-computer interactions with the LTDM-Arm, and (2)
integrating vision, force sensing, and position sensing for autonomous multi-sensor fusion tasks, such as
assembly work.

Acknowledgements This work was supported partly by Strategic Priority Resear ch Program of Chinese Academy of Sciences
(Grant No. XDB32050100) and National Natural Science Found ation of China (Grant No. 91948303).

References

1 Qiao H, Zhong S L, Chen Z Y, et al. Improving performance of ro bots using human-inspired approaches: a survey. Sci China
Inf Sci , 2022, 65: 221201

2 Qiao H, Chen J, Huang X. A survey of brain-inspired intellig ent robots: integration of vision, decision, motion contro l, and
musculoskeletal systems. IEEE Trans Cybern , 2022, 52: 11267{11280

3 Chen J, Qiao H. Muscle-synergies-based neuromuscular con trol for motion learning and generalization of a musculoske letal
system. IEEE Trans Syst Man Cybern Syst , 2021, 51: 3993{4006

4 J•antsch M, Schmaler C, Wittmeier S, et al. Anthrob|a print ed anthropomimetic robot. In: Proceedings of the 13th IEEE-
RAS International Conference on Humanoid Robots (Humanoid s), 2013. 342{347

5 Kozuki T, Toshinori H, Shirai T, et al. Design methodology f or the thorax and shoulder of human mimetic musculoskele-
tal humanoid Kenshiro-athorax structure with rib like surf ace. In: Proceedings of IEEE/RSJ International Conference on
Intelligent Robots and Systems, 2012. 3687{3692

6 Kawaharazuka K, Kawamura A, Makino Y, et al. Human mimetic f orearm design with radioulnar joint using miniature
bone-muscle modules and its applications. In: Proceedings of IEEE/RSJ International Conference on Intelligent Robot s and
Systems (IROS), 2017. 4956{4962

7 Hitzmann A, Masuda H, Ikemoto S, et al. Anthropomorphic mus culoskeletal 10 degrees-of-freedom robot arm driven by
pneumatic arti�cial muscles. Adv Robot , 2018, 32: 865{878

8 J•antsch M, Wittmeier S, Dalamagkidis K, et al. Computed mu scle control for an anthropomimetic elbow joint. In: Procee dings
of IEEE/RSJ International Conference on Intelligent Robot s and Systems, 2012. 2192{2197

9 Kawaharazuka K, Kawamura M, Makino S, et al. Antagonist inh ibition control in redundant tendon-driven structures bas ed

on human reciprocal innervation for wide range limb motion o f musculoskeletal humanoids. IEEE Robot Autom Lett , 2017,
2: 2119{2126

10 J•antsch M, Wittmeier S, Dalamagkidis K. Adaptive neural network dynamic surface control: an evaluation on the muscu -
loskeletal robot Anthrob. In: Proceedings of IEEE Internat ional Conference on Robotics and Automation (ICRA), 2015

11 J•antsch M, Schmaler C, Wittmeier S, et al. A scalable join t-space controller for musculoskeletal robots with spheri cal joints.
In: Proceedings of IEEE International Conference on Roboti cs and Biomimetics, 2011. 2211{2216

12 Kawaharazuka K, Tsuzuki Y, Kawamura A, et al. Task-speci� c self-body controller acquisition by musculoskeletal hum anoids:
application to pedal control in autonomous driving. In: Pro ceedings of IEEE/RSJ International Conference on Intellig ent
Robots and Systems (IROS), 2019. 813{818

13 Buchler D, Calandra R, Scholkopf B, et al. Control of muscu loskeletal systems using learned dynamics models. IEEE Robot
Autom Lett , 2018, 3: 3161{3168

14 Driess D, Zimmermann H, Wolfen S, et al. Learning to contro l redundant musculoskeletal systems with neural networks a nd
SQP: exploiting muscle properties. In: Proceedings of IEEE International Conference on Robotics and Automation (ICRA ),
2018. 6461{6468

15 Xiong S, Hou Z. Model-free adaptive control for unknown MI MO nona�ne nonlinear discrete-time systems with experimen tal
validation. IEEE Trans Neural Netw Learn Syst , 2022, 33: 1727{1739

16 Yu X, Hou Z, Polycarpou M M, et al. Data-driven iterative le arning control for nonlinear discrete-time MIMO systems. IEEE
Trans Neural Netw Learn Syst , 2021, 32: 1136{1148

17 Chi R, Hui Y, Huang B, et al. Adjacent-agent dynamic linear ization-based iterative learning formation control. IEEE Trans
Cybern , 2020, 50: 4358{4369

18 Wu Y, Chen J, Qiao H. Anti-interference analysis of bio-in spired musculoskeletal robotic system. Neurocomputing , 2021, 436:
114{125

19 Wu Y, Yuan J, Qiao H. Equilibrium-point control and robust ness analysis of bioinspired musculoskeletal robotic syst em. IEEE
ASME Trans Mechatron , 2024, 29: 1659{1669

20 Millard M, Uchida T, Seth A, et al. Flexing computational m uscle: modeling and simulation of musculotendon dynamics. J
BioMech Eng , 2013, 135: 021005

21 Hill A V. The heat of shortening and the dynamic constants o f muscle. Proc R Soc Lond B Biol Sci, 1938, 126: 136{195
22 Haeu
e D F B, G•unther M, Bayer A, et al. Hill-type muscle mo del with serial damping and eccentric force-velocity relat ion.

J BioMech , 2014, 47: 1531{1536
23 Thelen D G. Adjustment of muscle mechanics model paramete rs to simulate dynamic contractions in older adults. J BioMech

Eng , 2003, 125: 70{77
24 Chen J, Qiao H. Motor-cortex-like recurrent neural netwo rk and multitask learning for the control of musculoskeleta l systems.

IEEE Trans Cogn Dev Syst , 2022, 14: 424{436
25 Chen J, Zhong S, Kang E, et al. Realizing human-like manipu lation with a musculoskeletal system and biologically insp ired

control scheme. Neurocomputing , 2019, 339: 116{129
26 Winters J M. An improved muscle-re
ex actuator for use in l arge-scale neuromusculoskeletal models. Ann Biomed Eng , 1995,

23: 359{374



Yuan J B , et al. Sci China Inf Sci December 2025, Vol. 68, Iss. 12, 222203:16

27 Winters J M. Hill-based muscle models: a systems engineer ing perspective. In: Multiple Muscle Systems. Berlin: Spri nger,
1990

28 Pennestr�� E, Stefanelli R, Valentini P P, et al. Virtual m usculo-skeletal model for the biomechanical analysis of th e upper
limb. J BioMech , 2007, 40: 1350{1361

29 de Sapio V, Warren J, Khatib O, et al. Simulating the task-l evel control of human motion: a methodology and framework fo r
implementation. Vis Comput , 2005, 21: 289{302

30 Hou Z S, Jin S T. Data-driven model-free adaptive control f or a class of MIMO nonlinear discrete-time systems. IEEE Trans
Neural Netw , 2011, 22: 2173{2188

31 Yuan J, Wu Y, Wang B, et al. Musculoskeletal robot with moto r driven arti�cial muscle. In: Proceedings of the 6th IEEE
International Conference on Advanced Robotics and Mechatr onics, 2021

32 Zhong S, Chen J, Niu X, et al. Reducing redundancy of muscul oskeletal robot with convex hull vertexes selection. IEEE
Trans Cogn Dev Syst , 2020, 12: 601{617

33 Neumann D. Kinesiology of the Musculoskeletal System. Am sterdam: Elsevier, 2014
34 Nakanishi Y, Ohta S, Shirai T, et al. Design concept of deta il musculoskeletal humanoid \Kenshiro"|toward a real huma n

body musculoskeletal simulator. In: Proceedings of the 12t h IEEE-RAS International Conference on Humanoid Robots, 20 12.
1{6

35 Asano Y, Okada K, Inaba M. Human mimetic foot structure wit h multi-DOFs and multi-sensors for musculoskeletal humano id
Kengoro. In: Proceedings of IEEE/RSJ International Confer ence on Intelligent Robots and Systems (IROS), 2016. 2419{2 424

36 Kawaharazuka K, Tsuzuki Y, Onitsuka R, et al. Component mo dularized design of musculoskeletal humanoid platform
Musashi to investigate learning control systems. In: Proce edings of IEEE/RSJ International Conference on Intelligen t Robots
and Systems (IROS), 2019. 7300{7307

37 Asano Y, Okada K, Inaba M. Design principles of a human mime tic humanoid: humanoid platform to study human intelligenc e
and internal body system. Sci Robot , 2017, 2: 1

38 Yuan J, Fan Y, Wu Y. Design and input saturation control wit h full-state constraints of lightweight tendon-driven mus cu-
loskeletal arm. Robot Intell Autom , 2023, 43: 109{121


	Introduction
	Mathematics model of the LTDM-Arm
	Architecture of musculoskeletal model
	Mathematical model of LTDM-Arm

	DDILC algorithm
	Data-driven biased-format dynamic linearization method
	Controller design

	Design of the LTDM-Arm
	Design and results of numerical simulations and experiments
	Numerical simulation results and analysis
	LTDM-Arm prototype experimental results and analysis


