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Abstract—This paper presents a software framework for multi-
modal locomotion on the DARwIn OP humanoid platform. The
system combines an omnidirectional walking controller based
on Central Pattern Generator (CPG) principles with a motion
manager that executes pre-programmed keyframe sequences for
alternative locomotion modes including crawling, handstands,
and hopping. Our approach demonstrates that humanoid robots
can take advantage of their anthropomorphic form factor to per-
form maneuvers beyond standard bipedal walking. The system
was tested in the Webots simulator, showing successful forward
crawling capabilities while revealing limitations in backward
crawling and hopping. This work contributes to expanding
the operational versatility of humanoid robots in constrained
environments. To get a better idea of how the robot moves in
simulation, look at the website here: https://sites.google.com/view/
look-at-that-bot-go/main-project

Index Terms—Humanoid Robotics, Robot Locomotion, Biped
Gait, Motion Control, Central Pattern Generator, DARwIn-OP

I. INTRODUCTION

Humanoid robots are increasingly prevalent in modern
workspaces, with their human form factor enabling direct
transfer of human motion data and integration into human-
designed environments. Beyond these advantages, the an-
thropomorphic morphology unlocks locomotion capabilities
exceeding standard gait-based movement. While modern plat-
forms like Boston Dynamics’ Atlas employ sophisticated
control methods including model predictive control and re-
inforcement learning [1]], [2f], older platforms like DARwIn
OP provide accessible testbeds for exploring fundamental
locomotion principles.

A significant gap remains in the literature on the full ex-
ploitation of the humanoid enterprise form factor for advanced
maneuvering capabilities that extend beyond mere bipedal
locomotion. The reasons for this underdeveloped research area
are multifaceted.

Firstly, the foundational academic debate over whether
legged locomotion is a truly solved problem persists, which
often constrains inquiry into more complex dynamics. Sec-
ondly, current control paradigms established for humanoids
rarely facilitate actions that transcend standard locomotion,
such as sustained running or meaningful jumping, limiting the
demonstration of their inherent kinematic advantages.

Furthermore, many companies primarily developing hu-
manoids focus on constrained, often non-dynamic, applica-
tions. This practical focus, in my estimation, often does not
properly utilize or demonstrate the full capabilities inherent in
the human form factor, particularly its potential for advanced

dexterity and complex maneuvering within unstructured en-
vironments. Therefore, investigating use cases that unlock
these full dynamic capabilities represents a critical, yet under-
researched, frontier.

This paper presents a control framework that combines
CPG-based omnidirectional walking with scripted motion se-
quences, enabling the DARwIn OP to perform crawling, gym-
nastic maneuvers, and hopping. Our research addresses three
key questions: (1) Can older platforms with limited hardware
perform agile motions comparable to modern humanoids? (2)
Can humanoids leverage their form for non-standard locomo-
tion? (3) How effective are alternative locomotion methods for
environmental navigation?

II. METHODOLOGY
A. System Architecture

The control system comprises two main components: an
omnidirectional walking gait controller and a motion manager
for pre-programmed sequences. The system initializes all robot
components including 20 motors (Fig. 2), accelerometer, and
ZYroscope sensors.

Fig. 1. DARwIn OP humanoid robot platform used in this study which was
developed by Korean robot manufacturer Robotis

B. Central Pattern Generator Walking Control

The omnidirectional walking is governed by a Central
Pattern Generator (CPG) that produces rhythmic locomotion
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signals. The CPG computes joint trajectories using the follow-
ing oscillator equations:

0i = w; + Y Kijsin(0; — 0; — ;) (D
i
qi(t) = A; Sin(@i(t)) + 0 2)

where 6; is the phase of oscillator ¢, w; is the natural
frequency, K;; are coupling coefficients, ¢;; are phase biases,
qi(t) is the joint angle, A; is the amplitude, and ¢; ¢ is the
neutral position.

The walking control uses three amplitude parameters for
omnidirectional movement:

Zamp : forward/backward amplitude
Yamp : lateral strafe amplitude 3)

Gamp : angular turning amplitude

Smooth acceleration/deceleration is achieved through expo-
nential decay:

min(Tamp(t) + &, Tmax) if accelerating
max(Zamp (t) — &, —ZTmax)

Zamp(t) - (1 = )

Tamp(t +1) = if decelerating

otherwise
4)
where o = 0.25 is the acceleration rate and 5 = 0.5 is the
decay factor.

Fig. 2. Diagram of a DARwIn Zero-Moment Point walking gait in action.

III. EXPERIMENTAL SETUP

A. Motion Manager with Keyframe Sequencing

The motion manager executes pre-programmed actions
through a finite state machine that selects from 239 motion
pages. Each page contains keyframes specifying target motor
positions with interpolation for smooth transitions:

Algorithm 1 Motion Manager Keyframe Execution

Require: Motion page number p, current motor positions
qcurrem
Ensure: Executed motion sequence
1: Load keyframes {K;,Ko,...,K,} for page p
2 Quarger < K {Initial target position}
3: fori=1ton—1do
Lyt <— current_time()
tduration <— KHl.time — K .time
while current_time() — tyan < tauration dO
a < (current_time() — tgart) /tduration
qtarget <~ (1 - a)Kl + aKi+l
Apply motor commands with PID control
10: Check balance using ZMP criteria (Eq. [5)
11:  end while
12: end for
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B. Balance Control Integration

The motion sequences incorporate accelerometer and gyro-
scope feedback within a Zero Moment Point (ZMP) frame-
work:

ZCoM
ZMP, = xcom — °

. ZCoM ..
Zcom, ZMPy = ycom — ——icom

Q)
where (com, YcoM, Zcom) is the center of mass position and
g is gravitational acceleration.

Fig. 3. DARwIn OP humanoid robot motor and positions sensors identifica-
tions numbers where the position and velocity commands are applied to.

IV. TESTING AND OBSERVATIONS

The system was tested in the Webots simulator [6] with the
DARwIn OP model. Table [I| summarizes the performance of
alternative locomotion modes.



TABLE I
PERFORMANCE OF ALTERNATIVE LOCOMOTION METHODS

Locomotion Mode Displacement

Forward Crawling ~ 0.5x body length
Backward Crawling  ~ 0.25X body length
Handstand Motion ~ 0.1x body length
In-place Hopping No displacement
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Fig. 5. Forward crawling motor position data.

Fig. 6. Robot performing backward crawling motion in simulation.

A. Key Findings

e Forward Crawling: Demonstrated strong potential for
navigation in constrained environments, achieving ap-
proximately half the robot’s body length per motion cycle.

o Backward Crawling: Less successful due to difficulties
generating reverse momentum with the available motor
torque.

+ Handstand Maneuvers: Limited to small positional ad-
justments (~10% body length) without consistent for-
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Fig. 7. Backward crawling motor position data.

Fig. 8. Robot performing handstand motion.

Fig. 9. Robot performing in-place hopping.

ward progression.

« Hopping Motions: Restricted to vertical movement with-
out lateral displacement, indicating insufficient torque for
forward hopping.

V. CONCLUSIONS

This research demonstrates that older humanoid platforms
like DARwIn OP can perform agile, non-standard locomotion
through combined CPG control and keyframe-based motion
sequencing. Our framework successfully enables crawling,
handstands, and hopping, though with varying degrees of
effectiveness.

Addressing the research questions:

1) Platform Limitations: While hardware constraints limit
agility compared to modern platforms, algorithmic im-



provements (particularly reinforcement learning) could
enhance performance on older hardware.

2) Form Factor Advantage: Humanoid morphology en-
ables diverse locomotion strategies beyond bipedal walk-
ing, expanding operational versatility.

3) Navigation Effectiveness: Forward crawling shows par-
ticular promise for deployment in constrained environ-
ments, while hopping requires further development for
practical navigation.

Future work will integrate reinforcement learning for adap-
tive motion generation and test the framework on physical
hardware. The motion management architecture presented here
provides a foundation for expanding humanoid locomotion
capabilities across various platforms.
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