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Abstract—Multiple Peg-in-Hole (MPiH) assembly is one of the
fundamental tasks in robotic assembly. In the MPiH tasks for
large-size parts, it is challenging for a single manipulator to si-
multaneously align multiple distant pegs and holes, necessitating
tightly coupled multi-manipulator systems. For such MPiH tasks
using tightly coupled multiple manipulators, we propose a collabo-
rative visual servo control framework that uses only the monocular
in-hand cameras of each manipulator to reduce positioning errors.
Initially, we train a state classification neural network and a po-
sitioning neural network. The former divides the states of the peg
and hole in the image into three categories: obscured, separated,
and overlapped, while the latter determines the position of the
peg and hole in the image. Based on these findings, we propose
a method to integrate the visual features of multiple manipulators
using virtual forces, which can naturally combine with the coop-
erative controller of the multi-manipulator system. To generalize
our approach to holes of different appearances, we varied the
appearance of the holes during the dataset generation process. The
results confirm that by considering the appearance of the holes,
classification accuracy and positioning precision can be improved.
Finally, the results show that our method achieves 100% success
rate in dual-manipulator dual peg-in-hole tasks with a clearance of
0.2 mm, while robust to camera calibration errors.

Index Terms—Visual servoing, dual arm manipulation,
computer vision for automation.

I. INTRODUCTION

IN RECENT years, robots have played an increasingly im-
portant role in automated assembly. The MPiH assembly is a

fundamental operation in this context. Current research on MPiH
typically focuses on assembling small parts using the single [1]
or multiple manipulators [2]. The MPiH task for large-size parts
is rarely studied, and a typical task is to assemble large-size
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Fig. 1. The workflow of the proposed method.

trusses in orbit using space manipulators [3]. The main feature
of the MPiH task of large-size parts is that multiple pegs and
holes that are far apart need to be aligned simultaneously. If
only a single manipulator is used, the heavy parts cannot be
carried and the small movement of the manipulator may cause
large displacement of the remote peg, which makes it difficult
to meet the accuracy. When faced with such tasks, humans are
accustomed to using both hands to grasp parts simultaneously
for assembly. Inspired by this, this paper studies the use of tightly
coupled multi-manipulators for assembly, as shown in Fig. 1. In
this paper, when all the end-effectors are fixedly connected to an
object at the same time, these manipulators are said to be tightly
coupled.

The MPiH tasks can be divided into two stages: hole searching
and insertion. During the hole-searching stage, the positioning
uncertainty should be reduced to align the pegs and holes. The
insertion stage aims to complete the assembly compliantly while
avoiding jamming. In this paper, we focus on the hole search
stage. Compared with the Single Peg-in-Hole (SPiH) assembly
task, the MPiH task of large size parts is more challenging.
Firstly, there are complex contact states in the MPiH task [4],
and it is difficult to use contact force information to reduce
positioning errors as in the SPiH task, and visual information
is indispensable. It is necessary to study the accuracy and
robustness of visual feature extraction. Secondly, when tightly
coupled multiple manipulators are used for assembly, the images
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come from in-hand cameras of different manipulators. In this
case, how to integrate visual features to efficiently guide the
movement of the manipulators and quickly reduce positioning
errors is a key problem. To solve the above problems, we study
how to improve the accuracy and robustness of neural networks
in MPiH task, and propose the concept of virtual force to
integrate visual features at different positions. Specifically, the
main contributions of this paper are as follows.

1) We created a new synthetic dataset for the peg-in-hole
tasks, enhancing previous datasets by introducing varia-
tions in hole appearances. Compared to training only on
flat holes, our method has a better performance.

2) For the MPiH tasks using tightly coupled multiple manip-
ulators, a collaborative visual servo control framework is
proposed based on virtual force. Which requires only a
monocular in-hand camera and can naturally integrate the
visual features of different manipulators, while being ro-
bust to camera calibration errors. This framework assumes
that the pegs are fixed to the end-effectors and there is no
relative motion between them.

II. RELATED WORKS

A. SPiH Assembly Using Single Manipulator

There are many methods of searching for holes for the SPiH
tasks. Blind search using pre-designed search trajectories, such
as spiral trajectories [5], Lissajous curves [6], or others, to
explore areas where holes may exist. Such methods typically
require a long time because of the absence of prior information
about the hole position. The reinforcement learning based hole
search methods typically take the contact force and estimated
hole position as input [7]. They define the action space as a set
containing a limited number of action primitives and require a
large amount of interaction data for training. Recent research
shows that finite-state machines can be used to select action
primitives directly, which are simpler and more efficient [8].
Imitation learning is a technique that directly learns skills
from demonstration data. Common methods include Dynamic
Movement Primitives (DMPs) [9], Gaussian Mixture Regression
(GMR) [10], deep learning [11], and so on. Compared to rein-
forcement learning, imitation learning has higher data efficiency,
but requires a lot of teaching data. ARIE [12] is a concept
inspired by human assembly, which automatically reduces the
pose error between the peg and the hole through environmental
constraints. However, both the finite-state machine [8] and the
ARIE can only be used when the end faces of the peg and
hole overlap. Visual servo methods are capable of reducing the
large pose error. Joshua et al. [13] used the VGG network to
estimate the position of the hole and synthesized training images
using domain randomization. They discretized the movement
of the manipulator into finite motion directions to enhance the
algorithm’s robustness. In contrast, Rasmus et al. [14] simul-
taneously estimated the positions of both the peg and the hole.
They aligned the peg and hole through a continuous visual servo,
which proved to be more efficient.

B. MPiH Assembly Using Single Manipulator

Research on the MPiH assembly using single manipulator
has a long history. Sathirakul et al. [4] first studied the possi-
ble equilibrium states in the two-dimensional dual-peg inser-
tion tasks, gave the geometric conditions and the force-torque
equations of each equilibrium state, and obtained the jamming

diagrams [15] and the taxonomy of dual-peg insertions. After
that, Fei et al. [16] analyzed the three-dimensional multiple
peg-in-hole assembly process, and Zhang et al. [17] analyzed the
flexible dual peg-in-hole assembly process of flexible parts. The
aforementioned studies focus on the assembly strategy based on
the contact model. Due to the complexity of the contact model in
the MPiH tasks, the assembly strategy not based on the contact
model has received much attention in recent years [1], [18].
The aforementioned research typically focus on the insertion
stage, which involves small-scale movements. Currently, there
is limited literature on the hole search stage in the context of the
MPiH tasks. Lee et al. [19] improved the spiral trajectory and
proposed the Search Trajectory with a Twisting Motion (STTM)
for the MPiH task.

C. SPiH Assembly Using Multiple Manipulators

In the SPiH tasks using multiple manipulators, one manipula-
tor is typically designated as the assist arm, while the other serves
as the task arm [5], [20], [21]. The assist arm is used to hold the
part with the hole, whereas the task arm is used to hold the peg.
In such assembly tasks, there are no closed-chain constraints
between the assist arm and the task arm, resulting in a loosely
coupled state. Lee et al. [5] used GMM to classify contact states
in cooperative dual-arm assembly tasks, the joint torques of the
assist arm and the task arm are considered during classification.
Alles et al. [20] used model-free reinforcement learning to
train a centralized policy in the simulation environment, which
simultaneously controls the movements of the assist arm and
the task arm, achieving direct transfer from simulation to reality.
Consequently, Yao et al. [21] used a multi-agent reinforcement
learning algorithm to train distributed policies for the assist arm
and the task arm.

D. MPiH Assembly Using Multiple Manipulator

Recently, there are also some studies on MPiH assembly using
multiple manipulator. Based on the DMPs, Yang et al. [2] pro-
posed a trajectory planning method for MPiH task of small parts
using dual manipulators, and achieved a high success rate in the
2D plane. Ge et al. [22] used tightly coupled dual manipulators
to assemble large parts, they focused on the controller design
of the assembly process, and did not consider the influence
of positioning error and the size of the parts on the assembly
process.

In summary, although there are many studies on PiH tasks,
the MPiH tasks for large-sized parts using tightly coupled multi-
manipulator is rarely studied. We focus on the visual servo
control for such tasks, which is an unstudied problem.

III. METHODS

A. Overview of the Method

The workflow of the proposed method is shown in Fig. 1.
It mainly consists of four parts: state classification neural net-
work, positioning neural network, virtual force calculation mod-
ule, and force controller for tightly coupled multi-manipulator.
Firstly, the states of the peg and hole in the images are cate-
gorized into three classes: obscured, separated, and overlapped.
Examples of the three types of states are shown in Fig. 1. The
state classification neural network is used to determine the state
of the peg and hole, and the positioning neural network is used
to estimate the positions of the peg and hole in the images. Then,
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Fig. 2. The images of scenes with different hole appearances. From top left
to bottom right: hole1 to hole14.

Fig. 3. Images of the flat hole scene and the real peg-in-hole scenes.

we calculate the virtual force acting on the pegs, which is used
as an input to the multi-manipulator force controller to guide the
pegs’ motion.

B. The State Classification Neural Network and Positioning
Neural Network

1) Network structure: For the state classification neural net-
work, we use the ImageNet pretrained EfficientNetV2-S [23].
The neural network takes RGB images of size 224 × 224 × 3
as input, and the output of the neural network is changed from
1000 dimensions to 3 dimensions. We train the neural network
using the cross-entropy loss function. For the positioning neural
network, we use ResNetUNet [14] (a U-Net architecture with
an ImageNet pretrained ResNet18 backbone). Similarly to [14],
we utilize the Gaussian kernel to convert the true positions of the
peg and the hole into heatmaps to train the neural network. The
positions of the peg and hole are represented as pI

p and pI
h in

the pixel coordinate system, as shown in Fig. 1. The positioning
neural network takes RGB images of size 224 × 224 × 3 as
input and outputs an estimated dual-layer heatmap Ĥ of size
224 × 224 × 2. The Mean Squared Error (MSE) is chosen as
the loss function. The positions of the maximum pixel values in
each layer of the heatmap Ĥ are taken as the estimated positions
of the peg and the hole.

2) Data generation: The neural network in this paper is trained
entirely on images generated by the CoppeliaSim simulator
with POV-Ray render mode. To mitigate the influence of hole
appearances, we built 14 scenes with different hole appearances,
along with a control scene with a flat hole. By randomizing
the scene’s color, light poses, camera poses, and peg poses,
we generated 300 images for each hole appearance, comprising
100 images for each of the obscured, overlapped, and separated
states. Some images of these 14 holes are shown in Fig. 2. For
the scene with the flat hole, we generated 1800 images, with
600 images allocated for each of the obscured, overlapped, and
separated states. Some sample images of the flat hole are shown
in Fig. 3. In the CoppeliaSim, the position of the peg and hole
in the world coordinate system is known. The pI

p, pI
h and the

relative state of the peg and hole can be automatically calculated
using the imaging model of the camera. The code generating the
dataset is available at: https://github.com/hit618/peg-in-hole-
images-generator.git.

Fig. 4. Schematic diagram of the vectors in the paper. Σo denotes the coordi-
nate system of the center of mass of the object, Σe denotes the world coordinate
system. The superscript of each vector indicates the coordinate frame in which it
is expressed, and if it is relative to the Σe, the superscript is omitted by default.

Additionally, we manually annotated images from three real
peg-in-hole scenes, each containing 300 images, with 100 im-
ages each for obscured, separated, and overlapped states. We
name the three real datasets as Real 1-3, and some images of
them are shown in Fig. 3.

C. Virtual Force Calculation Module

Suppose that the number of manipulators is m. the position
of the pegs and holes in the pixel coordinate system is denoted
as pI

pi
and pI

hi
(i = 1, 2, . . . ,m). The position vectors of the

pegs and holes in the camera coordinate system are denoted
as pc

pi
and pc

hi
, they can be calculated using pI

pi
, pI

hi
, and the

camera’s imaging model. Then, the unit vectors npi
and nhi

are calculated in the world coordinate:{
npi

= Rcip
c
pi
/
∥∥Rcip

c
pi

∥∥
nhi

= Rcip
c
hi
/
∥∥Rcip

c
hi

∥∥ (1)

Where Rci is the rotation matrix representing the pose of
the camera coordinate system relative to the world coordinate
system, and the unit vector of the hole axis is represented as l.
The position of the origin of the camera coordinate system in
the world coordinate system is represented as pci . Suppose that
the peg is fixed to the manipulator’s end-effector and pcipi

is
the vector from camera position pci to the peg position ppi

. The
diagram of the vectors is illustrated in Fig. 4. Let αi be the plane
that passes through ppi

and perpendicular to l. The intersection
points of the vectorsnpi

andnhi
with the planeαi is represented

as pαipi
and pαihi

, respectively. pαipi
and pαihi

are calculated
as follows: ⎧⎨

⎩
pαipi

= pci+
pcipi

·l
npi

·l npi

pαihi
= pci+

pcipi
·l

nhi
·l nhi

(2)

The point set of the peg position is denoted as Xp =
{pα1p1

, . . . ,pαmpm
}, and the point set of the hole position is

denoted as Xh = {pα1h1
, . . . ,pαmhm

}. The centroids of Xp

and Xh are respectively denoted as:{
cp = 1

m

∑m
i=1 pαipi

ch = 1
m

∑m
i=1 pαihi

(3)

Next, we centralize pαipi
and pαihi

and eliminate their com-
ponents along the l:{

p′
αipi

= pαipi
− cp − ((pαipi

− cp) · l) l
p′
αihi

= pαihi
− ch − ((pαihi

− ch) · l) l (4)
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The centralized point sets are denoted as X ′
p =

{p′
α1p1

, . . . ,p′
αmpm

} and X ′
h = {p′

α1h1
, . . . ,p′

αmhm
},

respectively. The rotation matrix Rph between the pegs and
holes can be obtained by solving the following least-squares
objective function:

E (Rph) =
1

m

m∑
i=1

∥∥p′
αihi

−Rphp
′
αipi

∥∥ (5)

The optimal Rph can be obtained by using the Umeyama
algorithm [24]. First, we calculate the covariance matrix H:

H =

m∑
i=1

p′
αipi

(
p′
αihi

)T
(6)

The SVD decomposition of H yields:

H = UΣV T (7)

Where Σ is a diagonal matrix, U and V are orthogonal
matrices. The optimal R∗

ph can be obtained:

R∗
ph = V SUT (8)

To ensure det(R∗
ph) = 1, the matrix S is introduced:

S =

{
I3 det(V ) det(U) = 1

diag(1, 1,−1) det(V ) det(U) = −1
(9)

Since the component along the l is eliminated in (4), we can
obtain the orientation error dθ between the pegs and the holes
along the l:

dθ = arccos

⎛
⎝ tr

(
R∗

ph

)
− 1

2

⎞
⎠ (10)

The relative position error dp between the pegs and the holes
can be directly calculated using the ch and cp:

dp = ch − cp − ((ch − cp) · l) l (11)

Based on the orientation error dθ and the position error dp,
the virtual force F and the virtual torque M are calculated:{

F = kFdp/ ‖dp‖
M = kM sign (dθ)

(12)

Then, we divide the assembly process into two stages:
before the contact occurs, and after the contact occurs. If
the norm of the contact force is greater than Fc, contact is
said to have occurred. Let hd represent the desired virtual
forces and the virtual torque acting on the object, and let
SiI ∈ {Obscured, Separated,Overlapped} represent the rela-
tive state of the peg and hole in the image of the manipulator
i. We use the relative state to determine when to perform the
insertion action. The value of hd is calculated as follows:⎧⎪⎪⎪⎨

⎪⎪⎪⎩

hd =
[
FT − kF l

T,MT
]T

If contact

hd =
[
−kF l

T,03

]T
elif S1I= · · ·= SmI = Overlapped

hd =
[
−kF l

T,03

]T
elif S1I= · · ·= SmI = Obscured

hd =
[
FT,MT

]T
else

(13)

Where 03 is a zero vector of size 1× 3. Before contact, if
the images from all cameras are in overlapped state or obscured

state, the object is inserted along the axis of the hole. Otherwise,
the object is moved in the direction that reduces the misalign-
ment. It should be noted that, when the states are all “Obscured”,
the hd is related to the grasping pose of the manipulators. In
(13), it represents the case where the manipulators are opposite
to each other as shown in Fig. 1. After contact, while continuing
to move in the direction that reduces the misalignment, we also
maintain a contact force kF l

T between the pegs and the holes.

D. Force Controller for Tightly Coupled Multi-Manipulator

To ensure the safety of the assembly process, it is necessary to
control not only the movement of the object under the action of
the virtual forces hd, but also to keep the internal forces acting
on the object within a limited range. To achieve this, we adopt a
two-level control scheme. We assume that both the manipulated
object and the environment are rigid. We use the object level
force control algorithm to generate reference motions for the
end effector of the manipulator, and then use an internal force
controller at the end effector level to generate joint velocity
commands. First, we select a control point y fixed to the object.
Then, the reference acceleration of point y is computed using
the control law:

v̇yr
=(My

d)
−1 (−Ky

dvy −Ky
p (hd − hc)

)
(14)

Where vy= [ṗT
y ,ω

T
y ]

T represents the velocity of point y,

v̇yr
= [p̈T

yr
, ω̇T

yr
]T is the reference acceleration of point y,My

d ∈
R6×6, Ky

d ∈ R6×6 and Ky
p ∈ R6×6, respectively, denote the

desired object inertia matrix, damping matrix and force feedback
gain coefficient. All three matrices are chosen to be positive
symmetric definite matrices, hc= [fT

c ,μ
T
c ]

T is the resulting
force and the resulting torque applied to the object by the
environment. hc can be estimated using force/torque sensors on
the end effector. Integrating v̇yr

yields the reference motion Tyr

of the object, which is composed of the reference position pyr
,

the reference rotation matrix Ryr
, the reference velocity vyr

,
and the reference acceleration v̇yr

. Assuming there is no relative
motion between the end-effector of the manipulator and the
object, the desired motion Tid of the end effector of manipulator
i can be calculated by using the closed-chain constraint. The Tid
made up of pid ,Rid ,vid , v̇id , which are the desired position,
the desired rotation matrix, the desired velocity and the desired
acceleration, respectively. To control the internal forces acting
on the object, we use the following end-effector-level impedance
controller:

M i
dΔv̇id

idi
+Ki

dΔvid
idi

+Ki
pΔxid= hid

Ii (15)

In the equation, M i
d ∈ R6×6, Ki

d ∈ R6×6and Ki
p ∈ R6×6

represent the desired inertia matrix, damping matrix and stiff-
ness matrix of the end-effector of the manipulator, respectively,
all chosen to be symmetric positive definite matrices. Δxid

represents the difference between the actual pose and the de-
sired pose of the end-effector of the manipulator i. Similarly,
Δvid

idi
represents the difference between the actual and desired

velocity, Δv̇id
idi

represents the difference between the reference

acceleration and the desired acceleration. hid
Ii is the component

of the force/torque applied by the end-effector to the object
that generates internal force/torque within the object. The above
variables are expressed in the desired pose coordinate system∑

id
. Finally, the reference acceleration v̇ir= [p̈T

ir
,ω̇T

ir
]T of the
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Fig. 5. The test results of the state classification network and the positioning network. (a) The positioning errors of the hole; (b) The positioning errors of the
peg; (c) The accuracy of the state classification network (EfficientNetV2-S); (d) Comparison of the accuracy of classical classification networks.

end-effector can be calculated using (15). The reference velocity
vir of the end-effector is obtained by integrating v̇ir . Then, the
reference joint velocity is calculated as follows:

vqi
= J(qi)

†vir (16)

Where qi ∈ Rn is the joint angle vector of the n-DOF ma-
nipulator and J(qi)

† ∈ Rn×6 represents the pseudoinverse of
the Jacobian matrix. vqi

is the joint velocity command of the
manipulator i.

IV. EXPERIMENTS

In this section, we first test the performance of the classifi-
cation network and the positioning network. Subsequently, the
success rate and time consumption of the visual servo control
framework were tested in two MPiH tasks.

A. Positioning Accuracy and Classification Accuracy

1) Training Details: The image data used in this paper are
divided into three categories, namely, flat hole dataset, shaped
hole dataset (holes 1-14), and real dataset. The flat hole dataset
contains a total of 1800 images, with 600 images each for
obscured, separated, and overlapped states. 1500 images are
selected as the training set and the remaining images are used
as the test set. The shaped hole dataset contains a total of 4200
images with 14 different hole shapes. There are 300 images for
each hole shape, with 100 images each for obscured, separated,
and overlapped states. We use the images from holes 1-11 as
the training set and images from holes 12-14 as the test set.
The real dataset contains 900 images of 3 scenes, and each
scene has 300 images (100 images each for obscured, separated,
and overlapped states). We use the images of scenes 1-2 as the
training set, and the images of scene 3 as the test set. In order to
test the effect of different types of images, we combined the three
training sets and divided them into seven groups for training, and
test were performed on four test sets, as shown in Fig. 5. Among
them, the mixed test set contains flat hole test set, real test set
and shaped hole test set (300 images were randomly selected
from the images of holes 12-14), totaling 900 images.

To mitigate the influence of background clutter, similar
to [14], we randomly select natural images from the MS COCO
dataset during training. These natural images are then randomly
rotated and overlayed onto the simulated images with a proba-
bility of 50%. Additionally, we introduce ISO noise, Gaussian
noise, and Gaussian blur to the images and randomly adjust
brightness, contrast, and saturation. We also horizontally flip

Fig. 6. Left: there directions of the position deviation; Center: the Peg1 and
Hole1; Right: the Peg2 and Hole2.

images with a probability of 50%. We trained each model for 30
epochs with a batch size of 8, a maximum learning rate of 0.001, a
weight decay of 0.0001, and the optimizer is Adam. In addition to
the EfficientNetV2-S, we have tested some classic classification
networks, including densenet121 [25], RegNetY-800MF [26],
resnet18 [27], resnet50 [27], MobileNetV3 [28] and VGG-
16 [29]. Training is carried out on an NVIDIA GeForce RTX
3090. When using the hole 1-11 dataset, it took about 16 minutes
for the classification network (EfficientNetV2-S) and about 24
minutes for the positioning network.

2) Positioning Accuracy: The distribution of the positioning
errors of the pegs and the holes are shown in Fig. 5(a)–(b).
Since the hole may be obscured by the peg, positioning the
hole is more challenging than positioning the peg. From the
experimental results, it can be seen that training using only
flat hole dataset or shaped hole dataset performs well on their
corresponding test sets, but the performance decreases on other
test sets. Due to the poor diversity of the real data set, training
using only the real dataset results in significant overfitting and
poor performance on all test sets. Training on synthetic data and
real data together also did not improve performance on the real
test set. Among all training schemes, training with data from
flat hole dataset and shaped hole dataset together achieves the
overall best performance.

3) Classification Accuracy: We first compare the perfor-
mance of different classification networks. All classification
networks are trained with flat hole dataset, shaped hole dataset,
and real dataset together. The results are shown in Fig. 5(d). In
the task of this paper, lightweight networks such as efficientNet
and denseNet can reach the performance of large networks such
as VggNet, the efficientNet is selected for detailed testing in this
paper. The efficientNet was trained 3 times on each training set.
The average and the upper/lower bounds of accuracy are shown
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TABLE I
THE PARAMETES OF THE CONTROLLER

in Fig. 5(c). According to the experimental results, training with
only flat hole dataset or real dataset performs well on their
corresponding test sets, but the performance decreases on other
test sets. Training with only shaped hole dataset performs well
on the real test set and the shaped hole test set. Among all the
training schemes, the best overall performance is achieved by
training with the flat hole dataset, shaped hole dataset, and real
dataset together.

B. Peg-in-Hole Performance

1) Task Settings: We use two Kinova Jaco2 manipulators,
as illustrated in Fig. 1. Each manipulator is equipped with a
force/torque sensor and a monocular camera in the hand. We
conducted experiments on two MPiH tasks, as shown in Fig. 6.
The distance between the two pegs is 0.5 m. In the assembly ex-
periment, the initial deviation between the pegs and the holes is
represented by angle α and distance d. The direction of position
deviation can be divided into three types, as shown in Fig. 6. We
set three different deviation sizes (Deviation1: α = 1.5◦, d =
0.5 cm; Deviation2:α = 3◦, d= 1.0 cm; Deviation3:α = 4.5◦,
d=1.5 cm), and 15 assembly experiments were performed under
each deviation value (5 experiments were performed in each
deviation direction). In the case of Deviation1, the end faces of
the pegs and the holes are in contact, and in the case of Deviation
2 and 3, the end faces of the pegs and the holes are 1cm apart.
The other parameters are shown in Table I. A laptop computer
with GeForce GTX 1050 Ti GPU and Inter i7-8750H CPU was
used for the assembly experiments. Due to the limited computing
power of the computer, the virtual force is re-calculated every
1.3 s. Each calculation of the virtual force takes about 0.7 s,
during which the manipulator will stop moving. If all the pegs
and holes are aligned, the task is considered successful. If the
assembly could not be completed in 150s or the pegs slips outside
the holes during the search, the assembly was considered failure.

2) Baseline Algorithms: We compared our proposed method
with the following baselines:

Baseline 1. STTM: STTM [19] is a variant of the spiral
trajectory search for the MPiH task. The trajectory of STTM can
be described by four parameters p, vspiral, ωspiral, and θspiral, p
is the spiral pitch, vspiral is the linear velocity along the spiral
trajectory, ωspiral is the angular velocity along the l, θspiral is the
search range along the l. In this paper, the values of p, vspiral,
ωspiral, andθspiral are 0.15 mm, 3.5 mm/s, 0.14 rd/s, and 0.045 rd,
respectively. Since the pegs and the holes cannot contact when
the initial deviation is large, the STTM is only tested in the case
of Deviation1.

Baseline 2. Pose-Based Visual Servo (PBVS): To demonstrate
the advantages of the virtual-force based visual servo, we intro-
duced the conventional PBVS [30] into the MPiH task as the
baseline algorithm. First, we calculate the position error dp and
orientation error dθ based on the positioning results. Then, the
reference linear velocity vr and reference angular velocity ωr

of the pegs is calculated:

{
vr = vpdp/ ‖dp‖
ωr = ωpsign (dθ)

(17)

Where vp and ωp represent the size of linear velocity and
angular velocity, respectively. Then, the pegs are controlled to
move towards the holes at the reference velocity. When both
the position error is less than the position threshold εp and the
orientation error is less than the orientation threshold εθ , the pegs
are made to perform an insertion movement along the direction
of l. After completing an insertion movement, if all the pegs and
holes are aligned, the task is considered successful. If any peg
slips out of the hole, the task is considered a failure. If the above
termination conditions do not occur within the time limit, the
dp and dθ are recalculated and the above process is repeated. In
this paper, the values of vp, ωp, εp, and εθ are set to 0.02 m/s,
0.15 rd/s, 0.1 mm, and 0.002 rd respectively.

Baseline 3. PBVS with State Classification (PBVS-SC): In the
PBVS, the insertion movement will be performed only when
the pegs reach the target pose. In the PBVS-SC, we utilize
the relative states to determine when to perform the insertion
movement, which is similar to the VF method. Before the contact
occurs, if the states are all “Obscured” or all “Overlapped”, we
perform the insertion movement.

Baseline 4. PBVS-STTM: The magnitude of the initial de-
viation between the pegs and the holes is an important factor
affecting the time consumption of the STTM. In this paper, we
combine PBVS and STTM as a baseline algorithm. Firstly, we
calculate the initial position error and initial orientation error
and try to eliminate this initial error using PBVS. Then, we use
the STTM algorithm to search.

3) The Performance of Different Algorithms: We record the
success rate and the time consumption for the experiments,
as shown in Table II. The experimental results show that the
proposed VF-based visual servo method achieves the best per-
formance overall. Specifically, among all algorithms, STTM
performs the worst, which is due to the fact that it requires a lot
of search time in the absence of visual information, and when
one of the peg is aligned with the hole, it is easy to jam, and
the rest of pegs and the holes cannot be aligned. Although the
PBVS can be used to eliminate most of the initial deviation, the
above problems still exist. The PBVS and PBVS-SC perform
significantly better than the STTM algorithm, especially when
the clearance between the peg and hole is large (Peg1 and
Hole1). In the PBVS-SC algorithm, benefit from the relative
states, the pose error dp and dθ becomes smaller when the
pegs and holes come into contact. When the clearance is large,
the PBVS-SC can complete the task more quickly. However,
when the clearance is small (Peg2 and Hole2), the effect is
not obvious. The reason for the above phenomenon is that the
insertion process in PBVS and PBVS-SC is intermittent. When
the clearance is small, the peg can easily miss the hole. In the
VF, a contact force will always be maintained between the pegs
and the holes, and when the peg is aligned with the hole, the peg
will slide into the hole, which have higher efficiency.

We selected one successful assembly process from the exper-
iments of Hole2 in the case of Deviation3. Fig. 7. shows the
estimated contact force hc between the pegs and the holes, the
displacement of the two end-effectors in the direction of l and
the virtual force hd acting on the pegs. The key frames and the
output of the state classification network and the positioning
network are shown in Fig. 8.

Authorized licensed use limited to: Harbin Institute of Technology. Downloaded on February 05,2026 at 04:30:31 UTC from IEEE Xplore.  Restrictions apply. 

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



2592 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 11, NO. 3, MARCH 2026

TABLE II
THE RESULTS OF PEG-IN-HOLE EXPERIMENTS

Fig. 7. The state information during the assembly process. Up: the estimated
contact force/torque between the peg and the hole. Middle: the displacement of
the two end-effectors in the direction of l. Down: the virtual force/torque hd

acting on the object during the assembly process(the l coincides with the z-axis
of the world coordinate system, the virtual torque is applied only around the
z-axis).

Fig. 8. Some key frames of the assembly process, and the results from the
state classification neural network and the positioning neural network.

4) The Influence of Dataset: We contrasted the MPiH perfor-
mance of neural networks trained with different datasets. Specif-
ically, there are two cases. In the first case, both the positioning
network and the classification network are trained using only
the flat hole dataset. In the second case, the positioning neural
network is trained with the flat hole dataset and the shape hole
dataset, while the classification network is trained with the flat
hole dataset, the shape hole dataset, and the real dataset. The

Fig. 9. MPiH performance of neural networks trained with different datasets,
Di is the abbreviation of Deviation i. Left: mean and standard deviation of
assembly time. Right: the number of successful assemblies.

Fig. 10. MPiH performance under different camera calibration errors. (a)
Mean and standard deviation of assembly time. (b) The number of successful
assemblies. (c) The position of the camera coordinate system and the end-effector
coordinate system.

results are shown in Fig. 9. Thanks to the accurate positioning
and state classification, compared with training with flat hole
dataset only, using our proposed dataset can achieve higher
success rate, while using less time.

5) The Influence of Camera Calibration Errors: Camera
calibration error is a key factor affecting visual servoing. The
positions of the camera coordinate system Σci and the end-
effector coordinate system Σei of manipulator i are shown in
Fig. 10(c). The position and rotation matrices of the Σci with
respect to the Σei are denoted as pei

ci and Rei
ci, respectively. We

do experiments by manually adding attitude error Rerror and
position error perror on the basis of Rei

ci and pei
ci, and compare

three kinds of calibration errors. CE1: Directly use Rei
ci and

pei
ci obtained by careful calibration, without manually adding

attitude error and position error; CE2: The PRY Euler angle
corresponding to Rerror is [10◦, 10◦, 10◦], and the value of the
position error perror is [0.5,0.5,0.5]cm. CE3: The PRY Euler
angle corresponding toRerror is [20◦, 20◦, 20◦], and the value of
the position error perror is [1,1,1]cm. We did experiments in the
case of Hole2 Deviation2 and 5 experiments were performed in
each deviation direction. The results are shown in Fig. 10. It can
be seen that compared with the PBVS, the VF and PBVS-SC
have better robustness. The main reason is that the insertion
movement in the PBVS will be performed only when the pegs
reach the target pose. If the target pose has a large error (in
the case of CE2), the pegs will fall out of the holes and cause
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Fig. 11. The diagram of the continuous insertion and the intermittent insertion,
and the calculation error of the relative position. (a)The continuous insertion in
the VF method, which is achieved by maintaining the contact force between
the pegs and holes. (b) The intermittent insertion in the PBVS-SC and PBVS
methods. (c) The calculation error of the relative position between the pegs and
holes during assembly (in the case of CE2).

the task to fail. In the VF and PBVS-SC, we use the relative
states between the pegs and holes to more accurately determine
when the insertion movement should be performed. The rela-
tive pose dp and dθ are only used to calculate the movement
direction of the pegs. The relative states cannot prevent camera
calibration errors from affecting the relative pose, but as the peg
gets closer to the hole, the influence of the camera calibration
error on the relative pose becomes smaller and smaller. This
makes the VF and PBVS-SC methods to maintain a high success
rate. Take the assembly process in Fig. 7 as an example, the
relative position calculation error caused by the camera cali-
bration error in the case of CE2 is shown in Fig. 11(c). In the
PBVS-SC method, the insertion is intermittent, even a small
relative pose calculation error may cause the peg to fail to align
with the hole, as shown in Fig. 11(a)–11(b). Therefore, the per-
formance of the VF method is better than that of the PBVS-SC
method.

V. CONCLUSION

In the MPiH tasks for large-sized parts, contact force cannot
provide guidance for hole search. In this paper, we proposes a
new synthetic dataset to improve the performance of the neural
network model for extracting visual features. At the same time,
we propose the concept of virtual force to integrate the visual
features of different positions, it can be naturally combined
with the collaborative force controller of multiple manipula-
tors without precisely calibrated camera and additional motion
planning. Our method achieves a success rate close to 100%
in the submillimeter-level dual-manipulator dual-hole assembly
task. At the same time, it shows strong robustness against the
calibration errors of the cameras. This paper assumes that the
end-effectors are fixed to the pegs. How to use multiple dexterous
hands to complete the MPiH assembly task, and how to achieve
the human-robot collaborative assembly are the future research
directions.
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