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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 | 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 | 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,
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1 Introduction

Traditional robotic systems excel in high-precision and large-load perations, but achieving tasks that
require robustness, dexterity, and exibility necessitates high-pgrecision sensors, high-precision structures,
and advanced control algorithms. In situations where the absolu¢ 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 operatios through information processing in neural
circuits [1{3]. Through the synergy of software and hardware, developing a neomorphic intelligent
robot system that embodies human-like structural characterisics 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 poss signi cant challenges. Jantsch et
al. [4] created the “Anthrob' robot, which is a reduced version of the hunan upper limb with 13 compliant
muscles and four joints. However, the complexity of muscle units mikes 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-surfad thorax, muscle bu er devices, planar
muscle devices, and open ball joints. The experiments successfultiemonstrated abduction and eleva-
tion movements. However, the parallel muscle structure increasethe 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 misculoskeletal arm platform composed
solely of joint modules, muscle modules, generic skeleton frames, stle units, and a few attachments.
Although modular and scalable design principles have been succeshkjuimplemented, 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 nuscles (PAMs). However, this design
leads to issues such as low control frequency, poor accuracy, @gnedundant, complex attachments, which
hinder its further application and development. Existing musculoskdetal robots are limited in simulating
only localized joints or a few muscles, and lack the simulation of nonlineamuscle mechanical properties,
resulting in insu cient maneuverability and operational capability. To address these gaps, this study
conducted a comprehensive simulation of a full-morphology musculdgletal arm, preserving the antago-
nistic muscle-driven mechanism, and designed a centralized arti ciamuscle architecture for a low-inertia
robotic arm, paving the way for future research on humanoid musaloskeletal systems.

The abundance of redundant actuators in musculoskeletal robat presents substantial challenges in
control. On one hand, the disparity between the control space ad the task space dimensions increases
the diculty 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 musculeskeletal robotics systems. Jantsch et
al. [10] developed an adaptive neural network dynamic surface controfANNDSC) to enhance trajectory
tracking in the "Anthrob' musculoskeletal robot. However, existing studies prioritize platform control yet
neglect biological neuromuscular mechanisms. Model-based algoritis face challenges in generating pre-
cise activation signals due to muscle dynamics' high-dimensional nonlgarity and absent proprioceptive
feedback. Jantsch et al. [L1] developed a control scheme for scalable joint-space actuatiorylwlecomposing
the robot's dynamics into hierarchical subsystems, resolving mude-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, @hieving real-time control. Buchler et
al. [13] developed a Gaussian process-based probabilistic forward dynaes model to address the accurate
control challenges in musculoskeletal robots. Driess et all1f] integrated neural network-learned forward
dynamics with sequential quadratic programming (SQP), enabling cecontraction 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 redindant muscle-driven arms, non-
linear muscle models, and rigid- exible coupling. Tendon-driven hysteesis 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 redindant and nonlinear robot sys-
tems [L5{17]. It transforms discrete-time nonlinear systems into a virtual dynamic linearization model,
using only 1/O data for adaptive updates without the need for a sysem model. The muscle model's inher-
ent anti-interference capabilities [1L8,19], combined with DDILC, can further enhance control performance
and robustness.

In summary, a novel humanoid muscle-driven musculoskeletal robtowas designed to improve dis-
turbance rejection. To tackle the challenge of deriving explicit contollers 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 disrbance 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. Aditionally, it examines the relation-
ship between muscle and joint space, as well as the kinematics and dgmics of each component within
the LTDM-Arm system.

2.1 Architecture of musculoskeletal model

Muscles exhibit strong nonlinear properties and consist of muscle lrs and tendons. To describe acti-
vation kinetics, tension production, and muscle-tendon contracton, physiologists have studied isolated
muscles P0]. In biomechanical simulations, Hill-type muscle models are commonly usd to predict both
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Figure 1 Hill-type muscle model description.

passive and active muscle force®2[]. 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 mechnism 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 thee components: the contraction
element (CE), the parallel elastic element (PEE), and the series elaik element (SEE). This study em-
ploys the Hill-type muscle model, which is widely recognized for its biologial 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, a active contractile element, and a
passive spring. The muscle model composes muscle tendon and miesder 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 as:

u a

T Lua’ @)
8
<tact(0:5+1:5a); u> a;
ta(u;@) = tdecact . u<a: (2)
" 05+1:5a ’

wheret,(u; a) is a time constant that varies with the variation trend of muscle activation. tae and tgecact
are the activation time constant and the deactivation time constart, respectively, which are set to 10 and
40 ms R6].

Muscle tendons can only generate tension determined by the musclgroperties. Furthermore, the
muscle ber force Fyscie i determined by the active contraction forceFacive and the passive contraction
force Fpassive. The active contraction force Facive is @ function of the activation signal a, the muscle
length I, and the muscle velocityv. The passive contraction forceFpassive ONly depends on the muscle
length |. The force of the muscle ber Fyscie is de ned as follows:

F' FM™cos()=0; ®)
F™ = F+ FP® = aFy"f, m f, E + e m (4)
0, _ 1
_ U9 f o, T
Im=f, @%@ __* A, (5)
v af| |
[mt = [Mcos( )+ IT; (6)

where f| and f, are functions of force-length and force-velocity, respectivelyf e is the passive force of
the muscle ber; f,, ! is the inverse function of the force-velocity;F! is the tendon force.
The passive force-length relationship of muscle is represented bynaexponential function:
KPe (M 1)
M

_ 0 1
fpe(I™) = eé@)eil; (7
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where kP® is an exponential shape factor, and Y is the passive muscle strain due to maximum isometric
force.

The active force-length relationship of muscle is represented by a &issian function R7]:

__ (M 12
fim=e— ®)

where is a shape factor which is 0.45.

The force-velocity relationship is represented by an exponentialdnction [28]:

1:1 + 0:1

fu(ln)=1:6 1:6e @07 (@2 : 9)

The force-strain relationship of the tendon is represented by angponential function during an initial
nonlinear toe region and by a linear function thereafter:|
8 !

Ko T
T toe
S e
L L
ft= S e‘oe 1 oe (10)
T T T T . oT T .
Kiin toe) + I:toei > toes

where"T is the tendon strain, ", is the tendon strain above which the tendon exhibits linear behavior,
kioe IS an exponential shape factor kioe = 3) and kji, is a linear scale factor. The transition from nonlinear
to linear behavior was prescribed to occur for tendon forces gréer than FJ, = 0:33. Requiring continuity

of slopes at the transition resulted in"[, = 0:609'] and ki, =1:712'].

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 g. Solve in
joint space by the following equation:

= J*R+ (1 J*I)Ky; (11)

where J is the Jacobian matrix of the joint space;J* = JT(JJT) ! is Moor-Penrose inverse matrix of
J; Kgq is a vector solution that represents an in nite number of possible stutions in the range of joint
velocities.

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

I™ = L(d)a; (12)

whereq s the joint angle. Combined with the principle of virtual work [ 29], we got the following relation:
dl= L(qg)dg; (13)

= L(@ F'+(I L@ L(@)Km; (14)

where L(g)* = L(q)T(L(g)L(q)T) * is Moore-Penrose inverse matrix ofL (q); K, is a vector solution
that represents an in nite number of possible solutions in the rangeof joint torque; qis a vector of desired

minus sign represents the direction of muscle contraction.

In muscle mathematical models, muscles are treated as masslesstuators, and in the muscle arm
hardware platform, the cables at the anchor points are also consifed as massless drivers driven by
the cable-driven method. By integrating (13) and muscle contracton dynamics (3) into the muscle arm
dynamic model, and obtari]n

[
H LT (g™ L(grMm L* (g™ GL* (g™

_ (15)
= aF™f 1™ fy 1M o+ fpe IM + JTEE 4 :
where F™ represents the maximum isometric force, which is related to the phgical 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 [ = 0, and the maximum isometric force can
be obtained when the activationa = 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 motion, variables such as muscle force,
velocity, and position interact with each other. In this study, we propose a bias-format feedback control
along the time axis, combined with feedforward control along the iteation 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(Ek)u(tk); (16)
whereu(t; k) 2 [0; 1] and y(t;k) 2 R™ denote the input activation signal control quantity at time t and
iteration k,t = f1;2;:::;Tg;k =1;2;:::, positive integers for the termination time within nite duration,

f():R® 71 R™ for the corresponding variable dimension; for the unknown nonlineavector function.
Control objective. Design a learning controller to minimize the tracking errore(t + 1;k) = yq(t +
Lk) y@+1;k)=0at k!'1 , where,yq(t+1;k) 2 R™ is the desired output position vector of the
system.
Ideal controller.  When only considering feedback error along the time axis, there exis an ideal
learning feedback controller for system (16) such thate(t + 1; k) = 0. Its mathematical description is as
follows:

ub(t;k)= C(e(t+1;k);::i;e(t net +2;K)); @7

wherene. is an unknown positive integer representing the size of the sliding windw; C () : R™ut 71 R™
is an unknown nonlinear function, the considered tracking quantityis the tracking error within the sliding
window at [t ne: +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:
= %ke(t+1;k)k2+% « o ubtk) 2 (18)

wherek 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 contrahput energy consumption.
Substituting (17) into (18) and di erentiating with respect to the m atrix variable (t; k), and get

@ @(t+1:k)

@k - @i

E(t+1:k)+  e(tk) E(t:k) ET(tk): (19)

Through gradient descent, the update algorithm for the learning ®ntrol gains ¢(t; k) is obtained as
follows:

(= "ot TR g
=Nt LK) et LK)« x E@K) ET(EK) (20)
t+1;k
iy o) ET (k)

where " ¢(t; k) is estimated value of (t; k).

Because system (15) exhibits strong nonlinearity,e(t + 1;k) and the partial derivatives @ (t + 1;Kk)
=@"(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

yt+1;k)=  (tk) uP(tk); (21)

where y(t+1;k)=y(t+1;k) vy(t k) is unknown matrix.
2 3
u(tk)  12(tk) im (k)
(LK) = 21(.t;k) 22(.t§k) | 2m .(t§k) 5 RM M.

m1(t;K)  ma(t; k) mm (£ K)

The (t;k) is a partitioned Jacobian matrix (PJM) of the nonlinear system (16), which satis es
k (t;k)k6 by, whereb, > 0 is an unknown constant.

Assumption 1. j i (KK)j 6 ¢, j i(bk)j6 ac, i =1;::;;m, ) =1;:;m, i 6j,a>1,¢ >
ci(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 pgormed according to the improved
projection algorithm [30]. The value of (t;k) is calculated using the following formula:

cy@k) Nt Lk oubt Lk ou(t Lk)

(+koubt LKK

k)= @ LK)+ (22)

where, | 2 (0;1] is the step size factor of (t;k) at time t, and > O is the weight factor. " (t; k) is
estimation of (t;k). When any of the following conditions occur: k’\i;,- (tk)k <cy, kl\i;j (t; k)k > ac,
k™ (tk)k < c1, k™ (tk)k > acy, sign("y (tk)) 6 sign("ij (1;K)), obtain "y (tk) = i (1;k),
i6].

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

e(t+1:k) = ya(t+1:k) y(tk) "(tk) u®(tk); (23)
@E+1K) - A,
a0 0

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

u(t k)= u(t;k) + u’ (tk); (25)
whereuf(t;k) = uf(t;k 1)+ e (t+1;k 1), is gain coe cient matrix, and satis es the condi-
tion of kI f (" (t+21;k);:::;" (t lex +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. Specic details are
provided in Table 1.

4 Design of the LTDM-Arm

Muscle tissue consists of tendons and bers, which can either gerate tension to drive skeletal mo-
tion or relax under external forces to exhibit passive compliance. Te challenges of simulating arti -
cial muscles|such as transmission in con ned spaces, high energy dnsity, and passive compliance|
make physical device replication dicult. A MAMS (motor-cable artic ial muscle system) has been
designed, which includes a motor-cable arti cial muscle and a tendorsheath-pulley system, as shown
in Figure 2. A DC motor has been selected for power due to its high engy density, mature con-
trol technology, and convenient accessories. A force sensor issialled 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;b2 R.

The computation process
Set t = 1, initialize the controlled system (16) to generate input -output data and estimation values (t; 1),

Step 1 and randomly initialize Ne(t 1).
Calculate the control input vector according to the followi ng learning control law:
Step 2 u(tk)= u(tk)+ “e(tk) E(t+1;k)+ uf(tk 1)+ e(t+1;k 1)
Follow the reset mechanism u (t; k) =sat( u(t);T(t)), measured system output y(t;k).
Step 3 Estimate " (t 1;k 1) using (22) and follow the reset mechanism Mk) =sat( (t); (t)).
Step 4 (ialculate the partial p_artial Jacobian matrix (PPJM) (t; k) using (24) and follow the reset mechanism
(tk)=sat( _(t); (1)
Step 5 Let t = t +1 and loop back to (2).

a Rew
@ ‘ Active

7 —\ Muscle

In
—
M(,'“'

E @ @ Passivei chor

Nylon | PTFE | Metal | Rubber

M: Direction of Torque
n: Direction of rotation
cw: Clockwise direction

-An
7 7 Muscle Pulley
Tension ,

Cable
sensor 2

Forearm

Tension
sensor 1

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 mrflength), 60 mm (width), and
40 mm (height). The winch is driven by a motor and a reducer to adjus 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 higtstrength polyester ber cable has been
chosen. The cable sheath consists of lubricated polytetra uorotylene (PTFE), a metal tube, and a
rubber tube. A 0.2 mm gap separates the inner tube and cable, allowip 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 stiness [ 23]. This specialized structure
enables the arm to perform both ne operations and explosive moveents, demonstrating exibility and
robustness. However, constructing a musculoskeletal robot eembling the human arm is challenging due
to its structural complexity. Based on the designed MAMS and musée con guration [ 32], the LTDM-Arm
platform, which closely mimics the human arm's anatomy, has been desloped, as shown in Figure 3. The
LTDM-Arm consists of seven degrees of freedom (DOF) (three D® 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 athte elbow, two at the forearm, and
four at the wrist). The upper arm, forearm, and hand lengths are 380, 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 foraeh MAMS and angle sensors for
each joint. Each DOF is controlled by at least two muscles, with each mscle governing only one joint,
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Angle
sensor | & P
9 ? Pectoralis Major
= Deltoid
Tension J Latissimus dorsi . |
sensor ‘ = sy
‘ Triceps Long
Muscle -
L Biceps Long
Angle
sensor
Pronator Teres
Angle Brachioradialis
sensor 5 - -
LI Extensor Carpi Ulnaris
Flexor Carpi Ulnaris
.\ A
. Extensor Carpi Radialis Q
Longus N\
LTDM-Arm Platform Anatomy arm musculoskeletal diagram
Figure 3 (Color online) LTDM-Arm design scheme.

which reduces coupling between the muscle and joint spaces, assing 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 lightweght robotic arm, a exible number
of muscles, and recon gurable anchor points, providing a solid expgmental 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), anghysical-level (motors, encoders, sensors).
The high-level control communicates with the lower-level and visuasensors via the UDP protocol, facili-
tating the transmission of control commands and feedback from lhe 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 node$hese nodes transmit data to the
control master station at a frequency of up to 1000 Hz. The circit implementation is illustrated in
Figure 4.

Based on data from an adult male arm B3], a comparative analysis was performed on representa-
tive musculoskeletal arm prototypes developed both domestically ad internationally. The platforms
compared include the "Kenshio' 4], 'Kengoro' [35], and “Musashi' B6] musculoskeletal arm sections de-
veloped by the Tokyo Institute of Technology in Japan, as well as tle "Anthrob' musculoskeletal arm H]
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) weigtbad; (3) skeletal similarity;
(4) muscle similarity; (5) sensors; and (6) performance, as showim Figure 5. Based on the comparative
results, the LTDM-Arm designed in this study demonstrates advarced con guration and performance,
with a higher degree of human-likeness. This provides a valuable rafence 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 ntieods 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 G0 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.
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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 iterations, the average trajectory error
decreases to below 2 mm (@%) and gradually stabilizes. Once the number of iterations exceed30, the
average error stabilizes around 1.38 mm (14%), with a standard deviation of approximately 0.6 mm,
as shown in Figure 6. The iteration errors of the muscle clusters fothe four joints decrease progressively,
with the average and mean square errors of the overall muscle letits 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 acing 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, antagotis muscles help promote convergence,
thereby accelerating the learning process. The direct control omuscle activation signals decouples the
relationship between muscle space and joint space. The muscle mddagorithm also features a small

closed-loop adjustment mechanism, allowing the antagonistic relatioship 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 (018%), 4.1 mm (Q42%), 6.8 mm (Q69%),
and 8 mm (0:81%), respectively. The corresponding mean squared errors wei3.49, 20.46, 54.81, and
68.62 mnt, respectively. The proposed DDILC method demonstrates improements of 56.1%, 73.53%,
and 77.5% compared to the baseline methods, as shown in Figure 8. @muous 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 ierative 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 acuracy of the LTDM-Arm under complex
trajectory requirements.

(3) Interference immunity of simulation results and analysis. Robotanti-interference manifests in two
ways: stabilizing the system under disturbance and completing task e ectively despite disturbances [L§].
Due to model accuracy and workload errors, stable operation in ustructured environments is challeng-
ing. The LTDM-Arm demonstrates antiinterference through its unique 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 ratt2.5 kg load. The simulation re-
sults (Figure 9) show average trajectory errors of 39 mm (0:38%), 453 mm (0:46%), 601 mm (0:61%),
7:31 mm (0:74%), 84 mm (0:86%), 128 mm (1:3%), and 1505 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-inteference capability can be attributed to
two factors.

(1) Special driving mechanism of the muscle model. The muscle activain 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 badk adjust the muscle ber length. This
creates a small closed-loop control system where muscle ber lettgand contraction speed serve as state
feedback, and tendon force is the output. Internal feedback @gulates 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 actiation dynamics. The special coupling
mechanism functions like a low-pass lIter, e ectively eliminating pulse or high-frequency interference in
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the activation signal.
(2) Coupling relationship between multiple antagonistic muscles. The iteractive force coupling among
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(b) trajectory error under di erent disturbance loads.

antagonistic muscles generates variable sti ness characteristickrough co-contraction modulation. This
inherent compliance enables the LTDM-Arm system to passively compnsate for intrinsic oscillations and
external disturbances, particularly when operating in unstructured environments with unknown loads and
parametric uncertainties. The muscle synergy-driven sti ness a@ptation mechanism demonstrates en-
hanced disturbance rejection capability, thereby improving enviraamental 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 erroreduction through iterative compen-
sation of feedforward-feedback deviations. Post 40 iterationsthe 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 comm 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%), 16.36m (1.66%), and 19.83 mm (2.13%),
respectively, with corresponding mean squared errors (MSE) of B43, 173.2, 322.54, and 470.38 mim
respectively. As demonstrated in Figure 12, the proposed DDILC method achieves signi cant error re-
duction rates of 57.8%, 6859%, and 7413% relative to CMC, MTIS-FCC, and Nonlinear-PID baselines.
These results empirically validate DDILC's superior precision in managirg the LTDM-Arm's nonlinear
dynamics and hardware-induced uncertainties. This can be attribted 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 transmissionans, 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, leagto 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. ixing 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 antagonistiactions of multiple muscles, helps
compensate for some of these hardware errors. In this sectiothe activation signal from the 40th itera-
tion of the DDILC experiment on the LTDM-Arm prototype is used as the open-loop muscle activation
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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 :@3 mm (0:86%), 1020 mm (1:04%), 1422 mm (1:45%),
20:97 mm (2:14%), 2644 mm (2:69%), 3268 mm (3:33%), and 4034 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 surgses 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 achiee human-like performance. To
explore new musculoskeletal robotic systems, the LTDM-Arm was dsigned 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 5 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 algorithrs 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 mechanis1 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 evignce for advancing anthropomorphic
musculoskeletal robot development.

The LTDM-Arm has the potential to serve as a next-generation rdootic system for repetitive labor
tasks in unstructured environments. However, musculoskeletatobots still face challenges, particularly in
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safe and stable human-computer interaction. Humans rely on varias feedback, such as vision, hearing,
touch, and smell, to recognize their environment and generate mude activation signals. Future work
will focus on: (1) exploring safe and stable human-computer interations with the LTDM-Arm, and (2)

integrating vision, force sensing, and position sensing for autonoous multi-sensor fusion tasks, such as
assembly work.
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