Check for

updates
SHEYUSSIS|IX| M43 X 55 pp. 413-420 May 2026 /413
J. Korean Soc. Precis. Eng., Vol. 43, No. 5, pp. 413-420 http://doi.org/10.7736/JKSPE.025.00042

ISSN 1225-9071 (Print) / 2287-8769 (Online)

« £l + XIEH|=(Autonomous Manufacturing)
Dl Sk 7|dk 0jL|=2|0|E{ Peg-in-hole 2 XS5} T3l 7Hwt

Development of an Imitation Learning-based Manipulator Framework for
Peg-in-hole process Automation

0|, 27|82

Byeong Hyun Lee' and Ki-Yong Oh"%#

1 SIS CHSHE &7 (74[E St (Department of Mechanical Convergence Engineering, Graduate School, Hanyang University)
2 SHITHS 7| AIZSHE (School of Mechanical Engineering, Hanyang University)

# Corresponding Author / E-mail: kiyongoh@hanyang.ac.kr, TEL: +82-2-2220-3116
ORCID: 0000-0003-2895-4749

KEYWORDS: Imitation learning (2%} Sk&), Manipulator (25 Zf), Compliance control (=& A|0{), Domain randomization (=H|Q! 2HE!S})

This paper presents an advanced robotic automation framework that combines an impedance-based compliance controller
with an imitation learning network for high-precision peg-in-hole assembly. The framework is characterized by three key
features. First, it employs an impedance-based compliance controller to ensure stable contact. This approach enables the
robot to adapt flexibly to external contact forces, functioning like a spring-damper system to prevent potential damage.
Second, domain randomization is applied to both geometric and visual properties within a high-fidelity simulation
environment. This strategy effectively narrows the reality gap, enhancing robustness against environmental uncertainties and
visual disturbances. Third, the framework utilizes an action-chunking-transformer (ACT) network to predict precise action
sequences based on multimodal data, reducing compounding errors in trajectory generation and improving assembly
success rates. Each feature is supported by specific advancements, such as real-time force feedback integration, diverse
simulation scenario generation, and multimodal sensor fusion. Extensive experiments conducted in various unseen
environments demonstrate the framework's effectiveness, confirming its suitability for complex assembly tasks that require
high adaptability and precision under diverse conditions.

Manuscript received: December 17, 2025 / Revised: January 28, 2026 / Accepted: February 9, 2026

NOMENCLATURE Ky = Virtual Stiffness Coefficient
X = Current Position

u = Joint Torque Input Fiager = Target Contact Force
JT = Transpose of Jacobian Matrix F, = Raw Sensor Measured Force
F... = Commanded Force in Task Space M,; = Desired Mass Matrix
Uy = Null Space Control Input D, = Desired Damping Matrix
Kp = Proportional Gain of Spatial PID Controller K, = Desired Stiffness Matrix
Kp = Derivative Gain of Spatial PID Controller J = Dynamically Consistent Inverse of Jacobian
K; = Integral Gain of Spatial PID Controller k, = Damping Coefficient for Null Space Control
s = Task Space Error Vector q = Damping Coefficient for Null Space Control
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Fig. 1 Pipeline of the proposed framework for peg-in-hole process automation
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Fig. 2 Virtual environment of Mujoco simulator for the peg-in-hole
task. This environment comprises two manipulators with two

grippers
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Fig. 5 Three test environment for verifying the robustness of the
proposed framework
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