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a b s t r a c t

This paper presents a novel method for learning force-aware robot assembly skills, specifically targeting
the peg insertion task on inclined hole. For the peg insertion task involving inclined holes, we employ
one-dimensional convolutional networks (1DCNN) and gated recurrent units (GRU) to extract features
from the time-series force information during the assembly process, thereby identifying different
contact states between the peg and the hole. Subsequent to the identification of contact states,
corresponding pose adjustments are executed, and overall smooth interaction is ensured through
admittance control. The assembly process is dynamically adjusted using a state machine to fine-tune
admittance control parameters and seamlessly switch the assembly state. Through the utilization of
dual-arm clamping, we conduct key unlocking experiments on bases inclined at varying degrees. Our
results demonstrate that the proposed method significantly improves the accuracy and success rate of
state recognition compared to previous methods.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of ShandongUniversity. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

In contemporary industrial and academic domains, the peg-in-
ole assembly task for industrial robots has garnered substantial

attention. The peg-in-hole assembly process involves intricate
contact dynamics and is fraught with uncertainties, presenting
numerous challenges. Traditional control methods have proven
nadequate in meeting the practical requirements of this task [1].

Numerous researchers have tackled peg-in-hole assembly tasks
sing visual or trajectory-based search methods. Triyonoputro [2]
ntegrated multi-view images with the VGG-16 network to pre-
ict the quadrant containing the hole location, thereby expediting
he hole search process. Their approach successfully facilitated
eg-in-hole assembly experiments on surfaces exhibiting diverse
olors and textures. Zakka [3] employed the FCN-ResNet network
o formalize the assembly task as a shape matching problem.
y acquiring training data through a self-supervised data collec-
ion process, they introduced a system named Form2Fit, which
chieved a high success rate in assembling objects onto various
orkpieces under different initial conditions by learning effective
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picking and placing strategies. Furthermore, Chhatpar [4] pro-
posed various search trajectories, including connecting discrete
points, concentric circles, and spiral paths. Among these, spiral
paths are widely utilized for assembling diverse part types, such
as square parts [5].

To address the intricacies of peg-in-hole assembly challenges,
researchers typically bifurcate peg-in-hole assembly strategies
nto two distinct modules: a high-level planning module at the
pper tier and a low-level control module at the lower stratum
6]. The general low-level control module is typically comprised
of the impedance controller or force/position hybrid controller,
primarily aimed at resolving compliance control issues. Con-
ersely, the upper layer planning module determines the contact
tate based on a contact model derived from geometric and en-
vironmental constraints, subsequently deducing high-level com-
mands for the lower layer controller, primarily focused on contact
state recognition. Jin [7] introduced a contact pose classifica-
tion method predicated on the contact measurement sequence.
They employed a convolutional neural network to classify con-
tact poses using a ‘‘first tilt and then rotation’’ strategy, which
was subsequently applied to assembly workpieces with varying
geometric shapes. Meanwhile, Yan [8] utilized Support Vector
Machines (SVM) to predict the contact state of the base across
different inclination angles, integrating force control strategies to
nsure secure interaction with the environment.
Several researchers have explored the use of model-free meth-

ods to acquire assembly skills from expert demonstrations or
niversity. This is an open access article under the CC BY-NC-ND license
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Fig. 1. Peg insertion experimental platform.
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environments. Oikawa [9] employed the DQN algorithm to se-
lect the stiffness matrix of admittance control, resulting in an
accelerated response speed for the assembly task. Meanwhile,
iu [10] introduced an enhanced DMP algorithm to generate
otion trajectories. They adopted Cartesian impedance control

or trajectory tracking, achieving the simultaneous learning of
eaching trajectories and flexible operation skills. Li [11] pro-
posed a skill acquisition method based on DQN, incorporating
an SVM classification model as prior knowledge for the reward
function. Additionally, Beltran-Hernandez [12] utilized the SAC
algorithm to learn the parameters of the parallel force/position
hybrid controller for peg-in-hole assembly. They enhanced the
training speed through transfer learning technology and domain
randomization methods to successfully complete the peg-in-hole
assembly task in various stiffness environments.

The advancement of peg-in-hole assembly technology has
seen significant progress, with numerous successful applications.
However, existing studies predominantly concentrate on control
strategies tailored to horizontal hole structures, with limited
focus on peg-in-hole assembly strategies for hole structures ex-
hibiting arbitrary tilt angles. After a hole is created at a randomly
inclined angle, the data characteristics collected by the force
sensor differ from those recorded on a horizontal hole when the
peg is in contact with the hole. This variation makes it challenging
to accurately identify the different contact states between the peg
and the hole while maintaining stable contact in the inclined an-
gle. This paper introduces a novel peg-in-hole assembly strategy
designed specifically for arbitrarily inclined holes. The primary
contributions of this work are outlined as follows:

• A 1DCNN-GRU contact state recognition model utilizing
time-series force data is constructed.

• A novel automated control strategy proposed to address
the peg insertion task at arbitrary tilt angles. Unlike pre-
vious methods[8], this paper utilizes deep neural networks
to automatically extract feature information from temporal
forces and identify the contact state between the peg and
the hole without the need for manual feature extraction.
This improvement enhances the overall automation of the
processing flow, resulting in better performance compared
to earlier methods. The proposed method has been experi-
mentally applied to two assembly scenarios: door lock and
bicycle lock.

The subsequent sections are organized as follows: Section 2
provides a comprehensive problem description pertaining to the
research problem addressed in this paper. Section 3 elaborates
n the proposed method presented in this paper. Section 4 de-
ineates the specific experimental setup and the corresponding
 f

2

results obtained. Finally, the conclusion and key findings are
ummarized in Section 5.

2. Problem formulation

In general, the peg-in-hole assembly task can be delineated
into two primary stages:

• Search: In this stage, the robot aligns the peg center with the
center of the hole. The search stage primarily focuses on lo-
cating the target position, specifically the holes that need to
be aligned. Its main objective is to address positional errors
between the peg and the hole. This is primarily achieved
through precise adjustments to the position.

• Insertion: Following the search stage, the robot adjusts the
peg’s orientation based on the hole’s direction and subse-
quently inserts the peg into the desired position within the
hole. The insertion stage primarily addresses the orientation
error between the peg and the hole by adjusting the ori-
entation to align them. Simultaneously, adjustments in the
depth direction will also be made. Once the target depth is
reached, the insertion process is considered complete.

The search phase has been the subject of extensive study.
noue [13] used a multi-layer LSTM network to estimate Q func-
tion, designed action space and reward function in the hole
search stage, and completed the assembly task in the search
stage. Zou [14] completed the search phase by outputting four
types of translation directions in MLP. Compared with the search
tage, the insertion stage is more challenging because of complex
contact and more uncertainty, which is easy to cause blocking and
lead to assembly failure [6]. Therefore, this paper focuses on the
insertion phase of the arbitrary tilt angle peg-in-hole assembly
task. This paper assumes that the horizontal position error has
been eliminated by position control combined with vision. On this
basis, the peg insertion task of arbitrary inclined hole is carried
out.

3. Proposed method

Fig. 2 illustrates the comprehensive method framework of the
proposed multi-classification 1DCNN-GRU contact state recog-
nition model, which is based on time-series force information.
Unlike previous methodologies [8], the system’s input comprises
time-series force data collected from a six-dimensional force
ensor over a specific duration. Subsequent to gravity compen-
ation and coordinate transformation, this time-series force in-
ormation is input into the contact state recognition model. The
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Fig. 2. The overall method framework of the proposed multi-classification 1DCNN-GRU contact state recognition model based on the temporal force information.
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multi-classification CNN-GRU contact state recognition model
then produces admittance control parameters corresponding to
he necessary attitude adjustment direction. These parameters
re employed to guide the underlying admittance controller,
nabling it to regulate the robotic arm’s attitude and ensure
ompliant interaction with the environment.

3.1. Gravity compensation

In accordance with Fig. 1, the force data directly obtained by
the force sensor is influenced by both the gripper jaws’ gravity
nd the force sensor’s zero drift value. To accurately determine
he contact force between the gripper’s end and the environment,
it is essential to compensate for the gravitational impact on the
orce sensing data. The resultant end contact force data after
ravity compensation is represented by

Fr = Ff −
f
wRgw + F0 (1)

Tr = Tf − RP
f
wRgw + T0 (2)

where, Fr and Tr represent the actual contact force and contact
torque between the sensor and the environment, respectively.
Ff represents the original force data measured by the end six-
dimensional force sensor, and Tf indicates the original torque data
easured by the same sensor. Additionally, F0 and T0 correspond

o the sensor’s zero force and zero torque data, respectively. f
wR

enotes the rotation matrix from the force sensor coordinate
ystem to the world coordinate system, gw signifies the gravity in
he world coordinate system, and RP is the matrix derived from
he position of the gravity center of mass.

3.2. 1DCNN-GRU model

3.2.1. 1DCNN network
1DCNN, a deep learning model commonly employed for pro-

essing time series data, comprises essential components such as
 convolutional layer, a pooling layer, and a fully connected layer.
he convolutional and pooling layers are designed for potential
euse. Within the convolutional layer, uniform convolutional ker-
nels are utilized to conduct operations on localized input regions
along the time-series direction. This approach facilitates the cap-
ture of local features and patterns inherent in the time-series
data, including signal periodicity, edges, and other distinctive
features. Each convolution kernel’s convolution with the input
3

data yields a single frame, allowing the 1DCNN to gain a more
rofound understanding of the input data’s structure. The process
f 1D convolution operation is as follows [15]:

Y l+1
i (j) = f

(
K l
i ∗ X l(j) + bli

)
(3)

where X l(j) denotes the j local region in the l layer neural net-
work, K l

i is the weight parameter of the i convolutional kernel
n the lth layer neural network, bli is the bias parameter of the
ith convolutional kernel in the l layer neural network, ∗ denotes
the dot-processing operation, Y l+1

i (j) denotes the j position of the
frame in the l + 1 layer neural network, and f denotes the
ctivation function.
Subsequent to the convolutional layer, the pooling layer typ-

cally follows, aiming to diminish the feature map’s dimension
hrough downsampling and similar techniques. This process ef-
ectively reduces the model’s parameter count and enhances its
verall robustness. Common pooling operations, such as max-

imum pooling and average pooling, extract the maximum and
average values, respectively, as the resulting values post the
pooling operation. Finally, the fully connected layer, typically po-
sitioned at the end, serves to transform the feature maps derived
from the pooling layer into the model’s output, enabling the
learning of global features inherent in the input data.

3.2.2. GRU network
The Gated Recurrent Unit (GRU) is a type of recurrent neu-

al network primarily designed for processing time series data.
Similar to Long Short-Term Memory Networks (LSTM), it ad-
resses challenges such as long-term dependence, gradient van-
shing, and gradient explosion, commonly encountered in tradi-
ional RNNs. Compared with LSTM, GRU has a smaller number
f structural parameters and a simpler overall structure, but it
an achieve a comparable perceptual effect, which can largely
mprove the training efficiency. The forward computation formula
or the GRU network is as follows [16]:

Zt = σ (WzXt + WzHt−1 + Bz) (4)

Rt = σ (WrXt + WrHt−1 + Br) (5)
˜ t = tanh (WhXt + Rt ⊗ WhHt−1) (6)

t = Zt ⊗ Ht−1 + (1 − Zt) ⊗ H̃t (7)

where Xt is the input of time t , Zt is the update gate of time t ,
R is the reset gate of time t , H̃ is the candidate hidden state
t t
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Fig. 3. Data acquisition diagram. (a) Top view of hole in 12 classification
ategories of contact states. (b) A contact state data acquisition side view of
12 classification categories of contact states.

of time t , Ht denotes the hidden state of time t , Ht−1 denotes
he hidden state of time t − 1, which is the output of the
GRU network, σ denotes the sigmoid activation function, W is
the weight parameter of the neural network and B is the bias
parameter of the neural network.

3.3. Data acquisition

Illustrated in Fig. 3, the force and torque data from the force–
orque sensor are obtained by assessing the angular disparity (α)
etween the peg and the hole, ranging from α = θ to α = 0. The
aximum value of α is 32 degrees. Adjustments to the roll and
itch are made to traverse the hole base at various tilt degrees,
nabling the collection of time series force data representing
2 distinct contact states. Subsequently, the acquired force and
orque data undergo mean-based filtering. Thereafter, 25 contact
force vectors are selected as input for the 1DCNN-GRU model.

3.4. Admittance control

To ensure compliant interaction between the manipulator and
he environment, this paper employs velocity-based admittance
ontrol

Fd − F = Md
(
V̇d − V̇

)
+ Bd (Vd − V ) (8)

where Vd and V are the expected velocity and the current ac-
tual velocity respectively; V̇d and V̇ are the expected accelera-
tion and the current actual acceleration respectively. Fd and F
are the expected contact force and the current actual contact
force. Md and Bd represent the expected inertial parameters and
amping parameters of the entire system. When different inertia

and damping parameters are configured, the system will exhibit
varying inertial and damping characteristics.

The Eq. (8) is discretized and the velocity is differentiated
ackward

V k
= V k

d −
T

(
F k
d − F k

)
+ Md

(
V k−1
d − V k−1

)
Md + T · Bd

(9)

where, V k
d and V k are the expected velocity and the current actual

velocity at time k, respectively. V k−1
d and V k−1 are the expected

velocity and the current actual velocity at time k-1, respectively.
F k
d and F k are the expected contact force and the current actual
contact force at time k, respectively. T is the discrete control
period. Since the maximum control frequency of UR5 is 125 Hz,
the control period T = 0.008 s corresponding to the maximum
ontrol frequency is selected in this paper.
Subsequent to acquiring V k through velocity-based admit-

ance control, it is directed to the velocity control interface of the
anipulator for actual control.
4

3.5. Combine contact state recognition model and admittance con-
trol

The entire assembly process is primarily executed through
 state machine, transitioning from the current state to the
ubsequent state upon meeting the designated state switching
onditions. The state switching conditions for each state are
epicted in Fig. 4.

• S1: Approach. This state utilizes visual guidance to eliminate
the positional error between the peg and the hole, tran-
sitioning to the next state when the positional error falls
below a predefined threshold. The manipulator employs
position control during this phase.

• S2: Contact. Here, the manipulator’s position control shifts
to an admittance control method based on velocity. The
admittance parameters are configured to facilitate a vertical
downward movement until steady contact with the hole is
achieved.

• S3: Align. A contact state recognition model, based on
1DCNN-GRU, is employed to adjust the peg’s pose, aligning
it with the inclined hole.

• S4: Fit. As a small part of the peg is inserted into the hole,
the admittance control parameters are modified, and torque
damping is increased to slow down the pose adjustment
process.

• S5: Insertion. With most of the peg inserted into the hole,
the torque damping of the admittance control is further
increased, decelerating the attitude adjustment process. Ad-
ditionally, the expected insertion force is heightened to fa-
cilitate continued movement toward the hole.

• S6: Complete. The peg proceeds to move towards the hole
until it is fully inserted into the inclined hole.

4. Simulation and experiment

The proposed assembly method was validated using two six-
degree-of-freedom Universal Robots (UR5), as depicted in Fig. 1.
ne UR5 was employed to secure the peg, while another UR5
as utilized to secure the hole base. Communication between
he computer and the UR5 controller was facilitated through the
CP/IP protocol within the Robot Operating System. At the end
ffector of the UR5 industrial robot, two Robotiq 2F-85 grippers
ere installed to securely hold the parts intended for assembly.
urthermore, the UR5 industrial robot, responsible for gripping
he peg, was outfitted with an ATI MINI45 force–torque sensor
ositioned between the end effector and the gripper. This sensor
as instrumental in measuring the six-dimensional contact force
uring the interaction process. The contact force and contact
orque readings were obtained from the ATI NetBox. As shown
n Fig. 1, the assembly parts peg and hole include two shapes of
door lock and bicycle lock.

This paper validates the peg insertion assembly method
through the following sequence. Initially, a comparison of various
time series force classification methods is conducted. Subse-
quently, a state machine is employed to accomplish the peg
insertion task. Finally, the efficacy of the proposed method is con-
firmed through the comprehensive evaluation of the peg-in-hole
assembly process.

4.1. Contact state recognition model training

A total of 1340 sets of force and torque data were utilized to
rain 12 categorical contact state recognition models, with 70%
f the data allocated for training and 30% for testing. The force

and torque sensor’s data acquisition frequency is 125 Hz, and
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Fig. 4. Visualization of overall assembly process based on state machine.S1 to S6 represent different states, and C1 to C5 represent state switching conditions for
ach state. The dashed arrow indicates the direction of motion of the peg. ∆x is x-axis position error and ∆y is y-axis position error. ∆xset is x-axis position error
hreshold and ∆yset is y-axis position error threshold. ∆h is height error. ∆Fz,set is z-axis contact force threshold and ∆hset is height error threshold.
Fig. 5. Structure diagram of multi-classification contact state prediction model based on 1DCNN-GRU.
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Table 1
he parameters of the 1DCNN-GRU.
Layer type Output shape Param

Conv1D (25, 32) 608
MaxPooling1 (13, 32) 0
Conv1D (13, 64) 6208
MaxPooling1 (7, 64) 0
Dropout (7, 64) 0
GRU (128) 74496
Dense (12) 1548

the input shape ∈ R25×6, corresponding to the force and torque
information input within 0.2 s. The comprehensive architecture of
the 1DCNN-GRU network is depicted in Fig. 5, while the specific
arameters are detailed in Table 1.
To compare the effectiveness of different classification meth-

ds, we evaluate 1DCNN, LSTM, GRU, 1DCNN-LSTM, and 1DCNN-
RU. Fig. 6 illustrates the progression of loss and accuracy within
he training sets for the various classification methods. The clas-
ification outcomes of the test sets using different classification
ethods are presented in Table 2. It is evident from Table 2

that the classification effectiveness of 1DCNN-GRU on the test set
surpasses that of the previously proposed SVM method and also
exceeds other deep learning classification methods.

4.2. Insertion process based proposed method

The state machine is utilized for physical verification. The
pproach (S1) employs position control, while the Contact to
omplete phases (S2–S6) utilize admittance control. The set-
ings for admittance control parameters during the assembly
5

Table 2
The classification performance of various methods on the test set.
Method Loss Accuracy

SVM - 94.03%
1DCNN 0.0373 98.26%
LSTM 0.0329 98.51%
GRU 0.0378 98.75%
1DCNN-LSTM 0.0191 99.25%
1DCNN-GRU 0.0174 99.50%

process are presented in Tables 3 and 4. Table 3 illustrates that
the multi-classification contact state recognition model based on
1DCNN-GRU was primarily adjusted at Align (S3), Fit (S4), and
Insertion (S5). The multi-classification contact state recognition
model, based on 1DCNN-GRU, primarily modifies the torque pa-
rameters for admittance control, thereby influencing the orien-
ation. Table 4 presents the specific torque parameter settings
for different categories. Each group of torque parameters cor-
responds to a specific attitude adjustment direction, aimed at
minimizing the attitude error between the peg and the hole.

In the Contact state (S2), the inertia parameter Md is set to
50, 50, 80, 0.5, 0.5, 0.5]T , the damping parameter Bd is set to

[103, 103, 103, 10, 10, 10]T , and the force parameter Fd is set to
[0, 0, 10, 0, 0, 0]T , so that peg moves vertically downward with
appropriate inertia and damping until peg contacts the hole. In
the Align state (S3), the inertia and damping parameters of the
torque are reduced, and the torque parameters are set according
to the 1DCNN-GRU contact state recognition model. Transitioning
to the Fit state (S4), the inertia and damping parameters of
the torque are increased to decelerate the attitude adjustment
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Fig. 6. (a) Loss change process curves of training sets with different classification methods. (b) Accuracy change process curves of training sets with different
classification methods.
Fig. 7. Snapshots of opening a door lock experiment: (1) make contact with hole; (2), (3) align with 1DCNN-GRU contact state recognition model; (4) fit; (5) insertion;
6) opened lock.
Table 3
he configuration of admittance control parameters during the assembly process.
State Md Bd Fd
S2 [50, 50, 80, 0.5, 0.5, 0.5]T [103 , 103 , 103 , 10, 10, 10]T [0, 0, 10, 0, 0, 0]T

S3 [50, 50, 50, 0.08, 0.08, 0.5]T [103 , 103 , 103 , 1.6, 1.6, 10]T [0, 0, 10, tdx, tdy, 0]T

S4 [50, 50, 50, 0.1, 0.1, 0.5]T [103 , 103 , 103 , 2, 2, 10]T [0, 0, 12, tdx, tdy, 0]T

S5 [50, 50, 50, 0.5, 0.5, 0.5]T [103 , 103 , 103 , 10, 10, 10]T [0, 0, 20, tdx, tdy, 0]T

S6 [50, 50, 50, 0.5, 0.5, 0.5]T [103 , 103 , 103 , 10, 10, 10]T [0, 0, 0, 0, 0, 0]T
i
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Table 4
he expected force parameter setting corresponding to the 12 classification

categories of contact states.
Fd 0 1 2 3 4 5 6 7 8 9 10 11

tdx −0.5 −0.5 −0.1 0.1 0.5 0.5 0.5 0.5 0.1 −0.1 −0.5 −0.5
tdy −0.1 −0.5 −0.5 −0.5 −0.5 −0.1 0.1 0.5 0.5 0.5 0.5 0.1

process, while the expected z-axis force is elevated to 12 N to
nsure stable contact between the peg and the hole. Throughout
he Insertion state (S5), the inertia and damping parameters
f the torque are further increased to slow down the attitude
djustment process, and the expected z-axis force is raised to 20

N to bring the peg and hole into closer contact. Finally, in the
Complete state (S6), the force parameter Fd is set to 0, halting
the peg’s movement and signifying the completion of the peg
insertion process. Snapshots of the experiment are provided in
Figs. 7 and 8.

Fig. 9 depicts different stages of lock unlocking assembly pro-
cess. Figs. 10 and 11 depict the variations in force and position
uring the peg insertion process. From 0 s to 1 s, in approach
tate (S1), force/torque are 0 and P slowly decreases. From 1
z

6

s to 2.7 s, in contact state (S2), Fdz is set to 10 N. Fz gradually
ncreases from 0 N to 13 N until the peg and hole are in steady
ontact(pcz is 0). The change in Fz at 1.5 s indicates an unstable
ontact in which the peg slides into the hole. From 2.7 s to 6.2 s,
n alignment state (S3), torque damping reduces from 10 to 1.6,
and the attitude error is reduced by adjusting the setting value of
d according to the 1DCNN-GRU contact state recognition model.
From 6.2 s to 8.2 s, in fit state (S4), the force stabilizes around 10
, and pcz decreases from −2 mm to −7 mm. From 8.2 s to 10.8
, in insertion state (S5), torque damping increases from 2 to 10
nd Fdz is set to 20 N. Fz increases to 25 N and pcz decreases from
7 mm to −22 mm. From 10.8 s to 12 s, in complete state (S6),

z stabilizes at 25 N, while pcz stabilizes at −22 mm.
To evaluate the effectiveness of the proposed method, a dual-

rm key unlocking assembly experiment was conducted. In this
experiment, the left arm held the lock hole base at an inclined
ngle ranging from −35◦ to 35◦, while the right arm held the
ey for unlocking the assembly. Four different postures were ran-
omly selected, with each posture being tested in 100 trials. The
xperimental results are presented in Table 5. When compared to

the experimental settings in the SVM [8], the assembly success
rate using the SVM method decreased from 98.3% to 84% due to
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Fig. 8. Snapshots of opening a bicycle lock experiment: (1) make contact with hole; (2), (3) align with 1DCNN-GRU contact state recognition model; (4) fit; (5)
nsertion; (6) opened lock.
Fig. 9. Different stages of lock unlocking assembly process, pcz represents z-axis position with respect to the contact point of the peg and the hole: (S1) Approach
(0-1 s); (S2) Contact(1.0-2.7 s); (S3) Align(2.7-6.2 s); (S4) Fit (6.2-8.2 s); (S5) Insertion (8.2-10.8 s); (S6) Complete (10.8-12.0 s).
Fig. 10. (a) Force data of lock unlocking assembly process. (b) Torque data of lock unlocking assembly process.
a

the increased tilt angle, which made the task more challenging.
The results demonstrate that the 1DCNN-GRU-based method can
accomplish the inclined hole assembly task with an experimental
success rate of up to 94%, surpassing the previously proposed
SVM method (84%).
t

7

5. Conclusions

This study introduces a novel approach that combines learning
nd force control to enable robots to acquire assembly skills for
asks involving randomly inclined holes. The method comprises



Z. Shen, Z. Jiang, J. Zhang et al. Biomimetic Intelligence and Robotics 5 (2025) 100209

C
t

G
p

J
I
Z

Z
P

Fig. 11. Position data of lock unlocking assembly process.

Table 5
omparison of assembly success rate of 400 peg-in-hole experiments between
he two methods.
Case Pose

uncertainty
(α , β in ◦)

Success rate
(SVM)

Success rate
(1DCNN-GRU)

1 (−25, −17) 86% 94%

2 (−18, 30) 81% 92%

3 (23, −20) 90% 100%

4 (25, 8) 79% 90%

Average - 84% 94%

two primary components. The first component involves a 1DCNN-
RU model, utilized for identifying the contact state, receiving in-
ut timing force information, and generating output force control

adjustment parameters. The second component integrates a state
machine model based on admittance control, responsible for au-
tomatic assembly state switching and attitude adjustments based
on the force control adjustment parameters produced by the
1DCNN-GRU model. The effectiveness of the proposed method is
empirically validated through two distinct scenarios: door lock
and bicycle lock. Furthermore, various classification methods are
compared to provide insight into the rationale for selecting the
1DCNN-GRU model. The results demonstrate that the proposed
method achieves safe and smooth peg insertion, with a maxi-
mum assembly success rate of 94%. This significant improvement
underscores its potential to enhance the safety and efficiency of
peg-in-hole assembly tasks.
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