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Vision-based Six-Dimensional Peg-in-Hole for Practical Connector Insertion

Kun Zhang, Chen Wang, Hua Chen, Jia Pan, Michael Yu Wang, Wei Zhang

Abstract— We study six-dimensional (6D) perceptive peg-in-
hole problem for practical connector insertion task in this paper.
To enable the manipulator system to handle different types of
pegs in complex environment, we develop a perceptive robotic
assembly system that utilizes an in-hand RGB-D camera for peg-
in-hole with multiple types of pegs. The proposed framework
addresses the critical hole detection and pose estimation problem
through combining the learning-based detection with model-
based pose estimation strategies. By exploiting the structure
of the peg-in-hole task, we consider a rectangle-shape based
characterization for modeling the candidate socket. Such a
characterization allows us to design simple learning-based
methods to detect and estimate the 6D pose of the target
socket that balances between processing speed and accuracy. To
validate our method, we test the performance of the proposed
perceptive peg-in-hole solution using a KUKA iiwa7 robotic
arm to accomplish the socket insertion task with two types of
practical sockets (RJ45/HDMI). Without the need of additional
search, our method achieves an acceptable success rate in the
connector insertion tasks. The results confirm the reliability of
our method and show that our method is suitable for real world
application.

I. INTRODUCTION

As one of the most promising applications of robotic
manipulation, autonomous robotic assembly has attracted
considerable research attention during the past several
decades [1]-[6]. Such a problem focuses on operating a
robotic arm to assemble different parts of an object to acquire
its full functionality. This problem has great potentials in
various practical application scenarios such as household
service [7], industrial manufacturing [6], among others.
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Fig. 1: Vision-based 6D connector insertion. The target socket is
detected and its full 6D pose is estimated with the in-hand RGB-D
camera. Given the estimated target socket’s 6D pose, the robot insert
the connector without additional search step.

Among the literature of robotic manipulation, different
methods based on force or vision sensors are proposed to
address the hole localization problem. When the positional
uncertainty of the target hole is small, force sensor based
methods can be used to align the peg with the hole [3],
[4], [8], [9]. For the force sensor based methods, the peg
is pressed against the hole surface and the hole is located
based on the contact force. In [8], the spiral search method is
proposed in which the peg is moved following a pre-defined
spiral search path. Force and position readings are used to
determine whether the peg is aligned with the hole. Rather
than using the force sensing only as a stop condition for
searching with a predefined trajectory, later works [3], [4]
interpret the collected force sensing data and infer the hole’s
position. New types of force sensor are also adopted. More
recently, in [9] the authors use Gelsight [10] gripper to get
richer contact information and use it to estimate the contact
line. However, the force sensor based methods are limited to
small positional uncertainty and the orientational uncertainty
is usually neglected or limited to 1 dimension.

As opposed to force sensor based hole localization strate-
gies, vision sensors can handle large pose uncertainty and do
not require physical contact between the peg and hole. The
vision based method can be generally categorized into model-
based method and learning based method. Commonly, the
model-based method requires template of the hole for the pose
estimation. In [11], CAD models are used as the template to
extract the 2D position of the hole. With the advancement of
deep learning in computer vision, learning based methods are
also proposed [12]-[15]. Despite the impressive achievements
of learning-based approaches, existing works only partially
address the challenges. One limitation in most existing works
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Fig. 2: Schematics of the proposed perceptive peg-in-hole system.

is that they do not estimate the full 6D pose of the hole.
Works [12], [14] only consider predicting the 2D planar
position of a round hole. While [13], [15] also considers
the orientation, they do not consider the full orientation
dimension in their experiments. Another limitation is that
these methods do not handle the case in which multiple
candidate holes are presented and the robot has to choose the
correct one. Moreover, the estimated hole’s pose may still
has large error [12] and method like spiral search may still be
needed to reduce the positional uncertainty. Recent advances
in reinforcement learning (RL) brings new possibility into
the Peg-in-Hole task. The trained policy can directly combine
the multi-modal sensor data and output the control command
[6], [16]. However, they also do not consider the full 6D pose
of the hole and the required training data for RL method is
quiet large.

In this paper, we aim to tackle the Peg-in-Hole problem
with multiple candidate holes/sockets of different types within
the same background as shown in Fig. 1, which appears
ubiquitously in practical assembly scenarios. We mainly focus
on the 6D hole pose estimation problem of the connectors
insertion task. We assume that both the position and the
orientation of the target socket is not known and we need to
estimate the full 6D pose which is then used for the insertion.
It should be noted that there are existing works focusing on
the 6D object pose estimation, both in the object level [17]
and the category level [18]. The difference between their
works and ours is that they try to estimate the pose of an
object while we try to estimate the pose of a hole/socket,
which is a small part on a larger object. The relative pose
of the socket with the larger object is usually not known
and we try to directly estimate the 6D position of the socket.
This means that we need to involve segmentation method to
separate the socket from the whole object, meanwhile we
can not use the convex geometry information to estimate the
6D pose.

Compared with existing works, the main contributions of
this paper are summarized as follows. First, we present a
socket detection and localization framework that can fast
and reliably estimate the target socket’s full 6D pose among
multiple candidate sockets. The proposed framework com-

bines learning-based method with traditional visual processing
methods to tackle the 6D peg-in-hole problem that has not
been adequately addressed in the literature. Second, our pro-
posed method is data efficient and easy to deploy in practical
scenarios. Unlike the RL based methods which require a large
amount of training data, our method only use 100 annotated
images to achieve accurate pose estimations of the candidate
sockets. Third, the accurate target socket pose estimation
frees us from additional search step during the insertion,
which reduces the cycle time significantly. Last, we conduct
extensive hardware experiments with daily used connectors
and sockets, effectively demonstrating the applicability of the
proposed approach in practical autonomous robotic assembly
tasks.

II. PROBLEM DESCRIPTION AND OVERVIEW OF THE
PROPOSED FRAMEWORK

For the Peg-in-Hole problem studied in this paper, we
consider a robotic arm together with a gripper and a depth
camera that are installed on the robot’s end. The frames that
we consider in this work are W the world frame, s the socket
frame, G the gripper frame and C' the camera frame which
are shown in Fig. 4. The poses of the gripper and the camera
with respect to the world frame can be obtained by forward
kinematics and are denoted by W 7%(q) and W T (q), where
q is the joint positions of the robot arm. The camera outputs
{Orgb, Oa}, where O,g, € RN«*NoX3 jg the RGB image
and Oy € RM«*Nv ig the depth image. The output images
are of width V,, and height N,,, both measured in pixel.

Given the above setup, the 6D multi-type connector inser-
tion problem can be divided into the problem of estimating
the target socket’s 6D pose W'T'* given the camera’s outputs
{Orgb, 0,4} and the problem of planning insertion based on
the estimated target socket’s pose WTs In this work, we will
focus on solving the first problem. For the practical problem
that we consider in this paper, there are several key features
in typical applications that allow for special treatments and
thus achieving a satisfactory balance among speed, efficiency,
and accuracy. First, despite the fact that the background is
often cluttered in practical scenarios, the candidate socket’s
appearances and shapes are typically known and the data set
for socket detection can be established. Second, the socket
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ports are normally with a flat plane around. Therefore, the roll
and pitch of the target socket can be extracted by estimating
the orientation of the flat plane where it is located at.

The multi-connector insertion problem studied in this paper
differs from many classical Peg-in-Hole problems in various
aspects. The ability of dealing with different types of pegs
with various noises is the most important feature. Fig. 2
gives an overview of the proposed framework. The overall
estimation problem is decoupled into detection, localization
and orientation estimation. We first train a learning-based
object detection component. Given a target peg type, the
candidate socket of the same type is first detected using the
RGB reading O, via the learning-based object detection
component. Combined with the depth image O4, we can
get the target socket’s pose in the camera frame OTs. After
coordinate transformation, the estimated target socket’s pose
in the world frame " T° can be obtained. With the estimated
target socket’s pose, the robot will directly insert the connector
into the target socket with Cartesian impedance control
without additional search.

III. METHODOLOGY

By virtue of the key features mentioned in previous section,
we propose to decompose the estimation of target socket pose
into three steps: detection, position estimation, and orientation
estimation. By exploiting the first feature mentioned in
the last paragraph, we adopt a learning-based approach to
detect different types of sockets. Then we use the detected
contours information to obtain the target socket’s position.
This leaves only the orientation of the target socket unknown.
For connectors insertion task, the sockets are approximately
of shape rectangle. However, unlike rectangle which has 2
mirror symmetry axes, the practical sockets usually only have
1 mirror symmetry axis. To simplify the problem, we assume
that the uncertainty in the socket’s orientation is less than
180 degrees and represent the target socket with a rectangle.
We then extract the orientation of the target socket from the
image data with the help of the rectangular representation.

A. Detection and Localization of the Target Socket

Thanks to the advancement of deep learning in computer
vision, there are mature object detection algorithms based
on convolutional neural network (CNN) which we can adopt
for our usage. In particular, we need to implement an socket
detection component f;(Oyqp, ) with neural network weights
0 that takes the RGB image O, as input and outputs the
bounding boxes of all the sockets in view together with their
types, {(ul, U, Vs Vi )i = 1,2..., N}, where
Umins Umax, Umins Umax are pixel-wise coordinates of bounding
box, ¢ € § is the type of socket and N is the number of
socket detected in the image O,gp. If no candidate connector
is detected, we will move the camera along a predefined
rectangular search trajectory above the table until the target
hole is observed. To achieve data efficiency and fast detection
of the candidate pegs, we select YOLOv5x as the network
[19] .

With the bounding box of the target socket obtained, we
can then calculate the center of the socket in the image pixel
coordinate (&, ) thanks to the symmetry of the rectangle:

(1a)
(1b)

U= (umax + Umin)/2
U= (Umax + Umin)/2

The next step would be transferring the target’s socket’s
position from the pixel coordinate to the camera frame. With
the intrinsic matrix K of the camera, the estimated position

of the target hole center “p* can be calculated as:
st

C'I'\)s _ Cys :CQSK—l
CZS

2

— S

where © 2% is the depth of the target socket center, which can
be obtained from the depth image O . To deal with the artifact
in Og4, we first process it with hole-filling filter fi(O4) to
fill the holes in the depth image caused by imperfections
of perception and the presence of sockets. The depth of the
socket in the camera frame ©2° is then calculated as the
mean of depths of randomly selected pixels in the hole’s
bounding box to compensate for the noise.

B. Orientation Estimation of the Target Socket

The next step is estimating the socket’s orientation. We
separate the orientation estimation into two steps: we first
estimate the socket’s roll and pitch angle by plane fitting
with the Oy and then estimate the socket’s yaw angle with
the texture information from O,.g.

Algorithm 1: target socket orientation estimation
Input: RGB image O,.4;,Depth image Oy,
Cp® camera intrinsic matrix K
Output: Socket Orientation (“a,” 3,° )
X « construct point cloud data using Orgy and Oy;
¢xeropeed ¢ crop point clouds around the target
socket;
oxfitered ¢+ fijter ©X°rPPed with RANSAC;
(CO[7C ﬁ) — apply PCA to Cxﬁltered;
O°PPed o crop Orgbs

rgb
upscaled cropped
) < upscale O, ;

rgb resolution by 4;

FMC < calculate the warp matrix using (“a,¢ 3);

Of:;g ™ « do perspective transformation on O:gsbcal‘;’d
with FM;

€4 « find the rotation angle of minimum bounding
rectangle in Of;’g‘;

return (“a,¢ 3,¢ v);

1) Roll-pitch estimation for target socket: For typical ap-
plications such as computer connectors insertion or furniture
assembly, the area around the target socket is usually a flat
plane. Therefore, the roll and pitch angle of the target socket
can be obtained by fitting the plane that it is located at. To
this end, we first construct the point clouds “X using the
depth image O4 and the RGB image image O,q,. We do
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not use the whole point cloud ¢ X directly for two reasons.
Firstly, the target socket is only located at a small surface area,
there are noises in the converted point clouds ¢ X, especially
for the whole object edges. Furthermore, using the whole
point clouds in view ©X has a high computational cost. To
deal with these two problems, we use the partial point clouds
¢ xeropped cropped around the target socket center “p° to
fit the candidate plane containing the target socket. Since
there could still be noises in € X°°PPd we define a plane
function and using RANSAC to filter out the outliers. With
the filtered partial point clouds, ¢ X°rd we fit a plane with
the Principal Component Analysis (PCA) method, which
gives us the roll “a and pitch © 3 angles of the target socket.

2) Yaw angle estimation for target socket: With the roll
and pitch angles of the target socket obtained, we still need
to estimate its yaw angle to obtain its full orientation. When
the viewing axis of the camera and the z-axis of the socket
are aligned, the rotation angle of the minimum rectangle that
contains the socket in the RGB image O, 4 is the yaw angle
of the target socket. However, since there are uncertainties
in the roll and pitch angles of the target socket, the viewing
angle and the z-axis of the socket are in general not aligned.
Nonetheless, since we have already obtained the roll and
pitch angles of the target socket, we can apply perspective
transformation to transform the original RGB image O,
into the image with the viewing angle and the target socket’s
z-axis parallel. Details of how to obtain the yaw angles of
the target sockets are given as follows.

Fig. 3: Yaw angle estimation process:(a) the input RGB image

O,-gp» with the cropped image Ojf;gf’ed shown in the green box;(b)the
resolution-upscaled image O:’;Slf“kd;(c) the orthogonal front view

image of the socket 0&;‘;‘ after perspective transformation; (d) the
red contour is the minimum rectangle containing the socket

We first crop the original RGB image to the small image
Ofgofped that only contains the target socket, as shown in
Fig. 3 (a). Due to the limitation of the camera, the obtained
image Off;ﬁped is of low resolution and cannot be directly
used. Therefore, we adopt the super-resolution algorithm
ESPCN [20] to upscale its resolution by 4. The obtained
high resolution image Oﬂgﬁfale‘] is shown in Fig. 3 (b). The
up-scaling does not change the orientation information of the
original image. We then apply the perspective transformation
[21] to the upscaled image. The perspective matrix P is

defined as:

cot (fy) 0 0 0
0 cot (fy) 0 0

P = 0 0 '—iég ‘—%é% 3)
0 0 -1 0

where f, is the field of view, f is the far plane distance, and

n is the near plane distance. The warp matrix used for the
perspective image can be constructed as follows:

MY = PTRsR, 4

where R,, is the rotation matrix around the x-axis, Rg is the
rotation matrix around the y-axis, and T is the translation
matrix along the z-axis. By applying the warp matrix on
the upscaled image, we can get the RGB image Off;’g‘ that
contains the target socket and for which the viewing axis
is co-linear with the target socket’s z-axis. The RGB image
Of;"g‘ is shown in Fig. 3 (c).

With the orthogonal front view image of the target socket
Ofop, its yaw angle ©7 can be obtained with the following
steps. We perform gray-scale processing, Gaussian blurring,
and black-white binary inversion to obtain better contour
information. The resulting image can be used for extracting
the rotation information. We normalize the contour of the
hole with a minimum bounding rectangle (see Fig. 3 (d))
and then calculate the rotation of the minimum bounding
rectangle to get ©~. It should be noted that since we assume
that the uncertainty in the possible rotation of the socket is
less than 180 degrees, we do not need to consider the mirror
symmetry problem in the orientation of the rectangle.

With the estimated socket’s position and orientation in
the camera frame obtained, we can then proceed to get the
estimated socket’s pose in the world frame Wi,

WTS _ WTGGTCCTS 5)

where T is the pose of camera in the grippers frame and
WTG is the pose of gripper in the world frame. The camera
is fixed in the wrist of the manipulator and we can get an
accurate measurement of its pose. The pose of the gripper in
the world frame can be obtained by forward kinematics of
the robot arm.

C. Impedance Control-based Insertion

With the obtained target socket pose WTs we can proceed
to do the insertion. To do the insertion, the robot first moves
to a pre-insertion position " T?*°v¢ which is selected to be
(0,0,A, ) in the socket frame with A, > 0.

Despite the precision of our target socket pose estimation
component, there may still be errors in insertion. To account
for the error, we use Cartesian impedance control during the
insertion process, which makes the end-effector of the robot
arm behave like a mass-damper system, thus being compliant
with the positional error.

Denote the pose of end-effector as a 6 dimension vector
Xe = (Pe, pe) With . being the Euler angles, the twist
(translation velocity and rotation velocity) as v, and the
desired end-effector position as x4, we let

A= [y o) ®

where I is the 3 x 3 identity matrix, O is the 3 X 3 zero matrix
and T(p.) maps the derivative of Euler angles to angular

1774



velocity. Then effectively, the Cartesian impedance controller
tries to render the closed-loop system to behave as follows:

A(Q)Ve+r(q, Q)Ve = AiT(‘Pe)Kp(xd_Xe)_KdVe"_Fezt

)
where A(q) is the effective mass, I'(q, q)v. characterizes
the Coriolis and centripetal effect, K, is the stiffness matrix
and K is the damping matrix. For more details, the readers
are recommended to refer to [22].

1V. EXPERIMENTAL RESULTS
A. Experiment Platform

Fig. 4: The frames considered in this work are shown: W is the
world frame, s is the socket frame, G is the gripper frame and C'
is the camera frame. Red, green and blue axes correspond to X, y
and z axes respectively. An illustration of the insertion steps: (a)
the robot moves to grasp the target connector with the grasp pose
W% known; (b)the robot moves the camera to the detection pose
to detect the corresponding socket; (c)with the target socket’s pose
estimated, the robot moves the connector to the pre-insertion pose
above the target socket; (d) the robot inserts the connector into the
target socket using impedance control

The manipulation system used for our experimental valida-
tion contains a KUKA iiwa7 R800 collaborative manipulator
with 7 degrees of freedom, a Robotiq 2F-85 gripper, and an
Intel Realsense D435 depth camera, see Fig. 4. The depth
camera is rigidly mounted on the gripper via 3D printed
support. In our tests, two types of connectors (HDMI and
RJ45) are considered, which are grasped with the gripper.
The sockets are all located on a NUC’s back panel.

In Fig. 4, the snapshots of the insertion steps are given.
Since we mainly focus on the detection and pose estimation
of the target socket, we assume that the grasp pose "V 7%
for grasping the connector and the detection pose "V 7%+ for
which the target socket is in the camera’s view are known.
We use linear interpolation to get the robot’s trajectory and
use position control to track the trajectory. The remaining
tasks are target socket detection, target socket pose estimation,
and the final insertion. It should be noted that the insertion is
sensitive to the pose error and therefore the pose estimation
should be done with high accuracy which is challenging.

In order to obtain the ground truth value of the target
socket’s pose, all experiments are done with the NUC fixed
on an optical multi-axis stage (see Fig. 4). The target socket’s
position can be measured from the grids on the table. Since
the NUC is fixed on the optical stage, we can precisely control
the ground true orientation of the target socket.

B. Dataset

We collect 100 images of random size from the Flickr
website for training YOLOv5x. All images are under license
of “commercial use & mods allowed”. We hand-label the
images with the bounding boxes and types. We use 72
annotated images as the training set, 18 images as the
validating set, and 10 images as the testing set. A laptop
with NVIDIA RTX3060 is used for the training, which takes
about 1.5 hours to complete. The batch size is set as 2 and
the training epoch is set as 300.

C. Metrics

We consider the following two metrics to evaluate the
performance of the detection approach.

1) Pose Estimation Error(PEE): We measure the deviation
of the estimated pose and the ground truth pose to calculate
the pose error, which quantifies the accuracy of the proposed
approach. Following the standard practice defined in [23],
the position and orientation errors are defined as

(Vpr = )2
tr(WRTWRS,) — 1
2
where €, is the Euclidean distance between the estimated
position of the target socket " p* and the ground truth position
szt. €or; 18 the minimum rotation angle required to align
estimated rotation "' R* and the ground truth rotation "V RS,.

2) Completion Time (CT): Completion time is the time
used to complete one task cycle [24], which quantifies the

efficiency of the proposed approach. Here we define the
completion time T;,¢q; as

Ttotal = Tdetect + /—Tinse'rt (9)

where Tgeiect 1S the time from the camera begins to acquire
images to the system output of the target socket’s pose. T5p,sert
is the time from which the manipulator receives the target
socket’s pose to insert the connector successfully.

D. Results

1) Evaluation on different orientations and positions: In
order to better verify the accuracy of our method, we divided
the socket pose into position and orientation according to the
evaluation metrics and measured them respectively.

Table I counts the mean orientation error for different
states. For the orientation, we set each rotation angle as five
states (—10°,—5°,0°,5°,10°). For each orientation state,
we test 10 times and get the orientation error mean. For the
position, we set all rotation angles as 0 and randomly placed
the NUC back panel in a hundred positions. The ground
truth positions are measured from the grids on the vibration
isolation platform.

Fig. 5 shows the distribution of the orientation error in
different rotation angles, which will greatly influence the final
insertion success rate. Here we can see that the change of
alpha angle has a greater impact on the orientation error. In
contrast, the variation of beta and gamma angles has little
effect on the error.

(8a)

Epos =

(8b)

Eori = arccos
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TABLE I: Pose estimation error under different orientations

0
Eori

aO

10

-5

10 | 10

5

0

-5

-10 | 10

5

0

-5

10| 10

5

0

-5

-10

|10

5

-10

10

ol O
'8—5

-10

10

-5
-10

1.62
2.51
222
2.38
1.76

1.75
1.87
1.05
2.57
2.32

1.63
1.84
1.45
1.89
1.08

1.18
1.65
0.89
1.89
0.83

1.49
1.38
0.81
1.08
0.99

1.64
1.38
1.36
0.83
1.50

0.89
0.65
0.43
0.80
1.67

0.79
1.41
177
0.79
1.38

0.79
1.68
1.42
2.29
1.23

2.06
251
1.88
1.57
1.17

1.57
2.10
2.47
2.45
2.00

2.12
1.24
0.63
2.56
1.78

2.62
2.18
1.60
2.34
1.57

1.54
1.45
1.26
2.33
1.74

1.43
1.50
0.55
1.19
1.13

0.86
1.64
0.76
1.15
0.52

1.56
1.20
0.96
1.16
1.45

1.07
1.45
1.28
0.36
1.74

1.91
1.42
0.98
1.45
1.27

0.53
2.52
2.51
2.26
225

1.68
2.26
1.03
1.42
1.23

2.19
2.13
1.21
2.09
1.61

RJ45

1.98
1.96
2.12
2.15
1.74

1.62
1.38
0.32
2.20
0.70

HDMI

2.52
0.89
2.31
2.72
1.68

1.90
1.48
1.02
1.06
1.01

1.13
0.79
0.71
0.67
1.62

0.72
1.43
2.09
0.57
1.13

1.92
0.92
1.62
0.71
1.43

2.31
1.85
2.45
1.82
0.73

2.56
251
227
2.31
2.26

2.21
2.36
2.62
1.96
2.39

1.97
1.33
2.32
1.81
1.80

2.19
1.25
1.02
1.87
2.01

0.25
1.26
1.28
1.84
1.23

0.56
1.32
0.21
1.67
1.71

2.02
0.70
1.29
1.39
1.56

1.74
1.12
1.83
1.01
1.24

1.23
1.29
1.26
1.14
0.76

1.56
1.51
2.36
2.11
1.60

2.47
2.58
1.89
2.41
242

2.47
2.53
2.38
0.89
2.57

1.90
1.39
2.49
2.21
1.66

2.41
2.35
2.41
1.95
2.11

1.10
1.15
1.05
1.94
1.14

0.62
1.95
0.49
1.84
1.37

1.87
1.22
1.27
1.23
2.55

1.66
1.01
2.15
1.28
1.48

1.30
1.41
2.12
1.51
1.06

2.14
1.64
2.16
1.33
1.33

10 | 5 |

0 \ -5 \ -10

o

Y

HDMI ® alpha
B beta

= gamma

2.5

T

RJ45 i
-10 5 10
Fig. 5: Estimated orientation error distribution for HDMI and RJ45.

0
The standard deviation is shown as the error bar.

Orientation Error(°)

0.5

5
Rotation angle(°)

2) 6D Peg Insertion: To verify the reliability of the
proposed socket pose estimation method, we employ our
method in a real peg-in-hole system. Here we consider two
situations. One is for objects placed on a flat platform, the
sockets are placed orthogonal to the camera coordinate system.
This is common in real scenarios. For this situation we test
100 times for each type of socket. Another situation is more
complicated. The orientation of the NUC back panel is not
orthogonal to the camera coordinate system. We test 50 times
for each type.

Fig. 6 gives the overall insertion performance for RJ45
and HDMI sockets. The detection time and total time are
important for a task. The shorter they are, the better we want.
For the orientation and position error, we give the mean
errors here. The overall performance is similar, especially
the pose errors are very close and the time costs are similar
and acceptable. But the success insertion rate of HDMI 77%
is much lower than the rj45’s success insertion rate 94%.

Therefore, the worse HDMI success insertion rate than RJ45
may due to the small tolerance of HDMI connector. The
readers are kindly referred to the supplementary video for
more experimental results.

N
s

R
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Orientation Error(°) RI45

1j45: 0,002 = HDMI

hd rj45: 1.584

» Confidence of Prediction

Detection Time(s)

Zop, /5, 1j45: 8.

11,16@ Success Insertion Rate(%)

Fig. 6: Performance of our proposed framework for HDMI and RJ45
V. CONCLUSIONS

In this paper, we study the socket’s pose estimation
problem for the Peg-in-Hole task, which requires the proposed
strategy to work with different types of small connectors with
cluttered backgrounds. To tackle this complicated problem,
the proposed strategy combines a vision-aided approach
leveraging perception data for detecting and locating the target
sockets and an impedance-based controller. By resorting to the
perception data, the proposed approach effectively identifies
and locates candidate sockets with high accuracy, freeing us
from force-feedback based searching strategies that are not
applicable to our case due to the cluttered background. The
overall framework is validated with extensive experimental
tests. The detection pose error is small. The overall success
rate and completion time of inserting connectors into relevant
sockets in a NUC back panel are acceptable.

In the current framework, the insertion strategy is decoupled
from visual detection in the current solution. How to utilize
data from both visual and force sensors to achieve real-time
visual-force feedback in insertion control is an interesting
problem to be further studied.
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