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Abstract: Robots are now widely used in assembly tasks. However, when robots perform the
automatic assembly of Multi-Pin Circular Connectors (MPCCs), the small diameter of the pins and
the narrow gaps between them present significant challenges. During the assembly process, the
robot’s end effector can obstruct the view, and the contact between the pins and the corresponding
holes is completely blocked, making this task more precise and challenging than the common peg-in-
hole assembly. Therefore, this paper proposes a robotic assembly strategy for MPCCs that includes
two main aspects: (1) we employ a vision-based Deep Siamese Neural Network (DSNN) model
to address the most challenging peg-in-hole alignment problem in MPCC assembly. This method
avoids the difficulties of modeling in traditional control strategies, the high training costs, and the
low sample efficiency in reinforcement learning. (2) This paper constructs a complete practical
assembly system for MPCCs, covering everything from gripping to final screwing. The experimental
results consistently demonstrate that the assembly system integrated with the DSNN can effectively
accomplish the MPCC assembly task.

Keywords: Multi-Pin Circular Connector (MPCC); peg-in-hole; Deep Siamese Neural Network (DSNN);
assembly system

1. Introduction

With the continuous improvement of automation and intelligence, robotic assembly
has significantly enhanced the efficiency, precision, and safety of manufacturing processes,
making it a key component of modern industrial automation [1]. Among robotic assembly
applications, peg-in-hole assembly is a common yet complex task, widely used in the
electronics [2], automotive [3], and furniture manufacturing [4] industries. The critical
aspect of this task is to achieve stable, precise, and efficient alignment between the peg and
the hole to ensure product quality. Compared to common peg-in-hole assembly, connector
assembly is more complex, requiring more precise, reliable, and secure connection solutions
to meet the needs of various fields. Recent studies [5] have utilized perception-based
robotic assembly systems with handheld RGB-D cameras to handle two types of rectan-
gular socket peg-in-hole assemblies. Another study [6] demonstrated that a combination
of reinforcement learning and prior information can successfully address the assembly of
rectangular connector components. These studies primarily focus on rectangular connector
assembly, whereas circular connectors offer better sealing, mechanical stability, and space
efficiency, making them widely used in environments requiring high reliability and dura-
bility. Currently, there is relatively little research on the assembly of Multi-Pin Circular
Connectors (MPCCs), and developing efficient assembly techniques for MPCCs holds
significant practical and theoretical value.

An example of Multi-Pin Circular Connector (MPCC) assembly is shown in Figure 1,
where Figure 1a, 1b, 1c and 1d, respectively, display the MPCC female (the end with
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sockets), the MPCC male (the end with pins), the unscrewed assembly drawing, and the
successfully assembled drawing. Here, c;(1 < i < 3) represents the connectors on the
MPCC, and r;(1 < i < 3) denotes the corresponding receivers fixed on the assembly panel.
Compared to common peg-in-hole and rectangular connector assemblies, MPCC assembly
is more challenging for the following reasons: (1) Visual Occlusion: During the assembly
process of Multi-Pin Circular Connectors (MPCCs), the robot’s end-effector can obstruct the
view. Additionally, due to the screwing operation involved in MPCC assembly, the contact
between the connector pins and the corresponding holes is completely blocked, regardless
of whether an eye-in-hand or eye-to-hand camera configuration is used. (2) High Assembly
Precision Requirements: As a type of circular connector, MPCCs face greater challenges
in adjusting alignment angles compared to rectangular connectors. The diameter of the
connector holes on the MPCC female is only 2.5 mm, with a gap of just 5 mm between
each hole, while the length of the receiver pins on the MPCC male reaches 10 mm. These
characteristics require extremely high alignment precision to ensure a successful assembly
process. To address these two challenges, this paper proposes an innovative strategy to
solve the visual occlusion problem and constructs a complete practical assembly system
for MPCCs, covering everything from gripping to final screwing. This system effectively
addresses the issues of high precision and angle alignment, enabling successful MPCC
assembly. The structure of this work is organized as follows. Section 2 reviews related
research. Section 3 provides a detailed introduction to our proposed method. In Section 4,
we analyze the performance of this method and compare it with the current state-of-the-art
techniques. Section 5 concludes this study.

(a) l '
H (c) (d)
(b)

Figure 1. MPCC assembly example: (a) MPCC female; (b) MPCC male; (c) unscrewed assembly
drawing; (d) successful assembly drawing.

2. Related Work
2.1. Peg-in-Hole Assembly
2.1.1. Traditional Control Methods

In recent years, the automation of robotic peg-in-hole assembly remains a significant
challenge. Early studies mainly relied on mechanical guides and spring structures to adjust
assembly errors for compliant assembly. Recently, building on previous work, Ref. [7]
proposed an economic peg-in-hole assembly strategy that does not require force feedback or
passive compliance mechanisms, simplifying the hardware and software structure of robots.
Although these strategies perform well in specific fields, they are complex in design, lack
generality, and are costly. Recently, many methods have combined vision with force feedback
or impedance control [5,8]. Ref. [8] completed peg-in-hole assembly tasks on surfaces with
different colors and textures using two handheld cameras and a force/torque sensor. Ref. [5]
achieved high-precision detection and positioning of small rectangular connectors by combin-
ing perceptual data with a vision-assisted method and an impedance-based controller. While
these methods can effectively cope with variable operating environments, they may cause
damage to sensitive assembly parts during the contact phase.



Electronics 2024, 13, 3453

3o0f17

2.1.2. Deep Learning Methods

With the development of deep learning, methods based on deep reinforcement learn-
ing have also emerged. Ref. [9] proposed a model-driven deep deterministic policy gradient
algorithm that explores optimal assembly strategies through feedback exploration policies
and a fuzzy reward system. Ref. [10] achieved multi-peg-in-hole assembly for various
object shapes through simulation-to-reality learning transfer. Deep reinforcement learning
methods can adaptively learn and optimize strategies, making them flexible for multiple
assembly scenarios. However, they typically require a large amount of training data and
time. Additionally, designing appropriate reward functions becomes more challenging
when dealing with highly uncertain environments and complex tasks. This paper employs
a visual-based method combined with a Deep Siamese Neural Network (DSNN) to assem-
ble a Multi-Pin Circular Connector (MPCC). Compared to traditional control methods and
reinforcement learning methods, it does not require contact force for adjustments, and re-
quires fewer training data and less time, thus reducing the cost of system establishment
and optimization, and accelerating the deployment speed of the system.

2.2. Object Detection

Object detection has a wide range of applications in the field of computer vision. Early
researchers primarily relied on manually designed features and shallow machine learning
algorithms [11,12], but these methods suffered from high computational complexity and
limited performance. With the rapid development of deep learning, object detection
algorithms have continuously evolved from early two-stage algorithms (such as the R-CNN
series [13]) to single-stage algorithms capable of real-time detection (such as the YOLO
series [14]), and, more recently, to Transformer-based [15] object detection algorithms (such
as DETR [16] and RT-DETR [17]). Transformer-based object detection algorithms have
significant advantages over traditional two-stage and single-stage algorithms. Through
the self-attention mechanism, these algorithms can capture global features of the image
without being restricted by a fixed receptive field, making them particularly suitable for
object detection tasks in complex scenes. Among them, RT-DETR is a real-time object
detection model that combines the advantages of Transformers and DETR. RT-DETR uses
smaller feature maps to reduce the computational cost, reduces the number of attention
heads to lower the number of model parameters, and introduces a new grouped attention
mechanism to further improve performance. This model has been widely applied in
numerous scenarios, and, with the continuous advancement of computational hardware,
its application prospects will become even broader. In this context, this paper employs
RT-DETR to obtain the initial positions of the MPCC female and MPCC male.

2.3. Deep Siamese Neural Network

A Deep Siamese Neural Network (DSNN) is a neural network composed of two paral-
lel, identical subnetworks that share weights, designed to process two different inputs in
parallel and ultimately output the similarity between these two inputs. Early on, Koch et al.
explored the application of Siamese neural networks in one-shot image recognition tasks,
effectively addressing the problem of recognizing new categories with very few samples
through contrastive learning and contrastive loss functions [18]. In the field of object track-
ing, DSNNs can continuously track the position and state of visual targets by learning the
similarity between different images [19]. In this work, we employ a DSNN regression model
to learn the differences between a pair of visual images: the deviation image (perceived)
and the standard image (reference). Section 3.2 details our proposed DSNN architecture.

2.4. Motion Control for Robot
2.4.1. Robot Acquisition of MPCC Assembly State
After comparing the correct image with the error image to obtain information, the robot

will attempt to adjust the position of the MPCC female to align with the MPCC male. The as-
sembly state of the MPCC can be effectively identified and represented through a deep
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neural network. Compared to the original high-dimensional data, this method encodes
the target state in a more concise and low-dimensional form, thereby enhancing efficiency
and robustness. In deep learning, these methods mainly include Convolutional Neural
Networks (CNNSs) [20], autoencoders [21], and Variational Autoencoders (VAEs) [22]. This
paper utilizes ResNetSED-50 integrated with an attention module [23] as an autoencoder
to encode visual images.

2.4.2. Reward Design

In assembly tasks, rewards are crucial for predicting actions in motion control. They
guide the algorithm to optimize and adjust action strategies through learning to achieve the
desired state. In the article [2], the reward is calculated by observing the difference between
the fixed flexible printed circuits connector of the robotic arm and its ideal position in the
digital twin. In this work, our goal is to adjust the MPCC female to the correct position by
evaluating the difference between the aligned and misaligned images of the MPCC female
and male.

3. Methodology

In this study, the URS robotic arm is connected via TCP/IP. As shown in Figure 2,
the MPCC assembly system is mainly divided into three stages. In the first stage of the
preliminary assembly of the MPCC, we use deep learning techniques to detect the position
of the MPCC female and the position of the MPCC male. Then, through homography, we
perform eye-on-hand external calibration, grasp the MPCC female, and correctly place
it at the location of the MPCC male for fitting. In the second stage, due to detection and
calibration errors during the preliminary assembly stage, the MPCC male and female
may not be correctly aligned, which sometimes leads to assembly failure. To address this
issue, we input the deviation image and the standard image into a Deep Siamese Neural
Network (DSNN) and use a CNN-based autoencoder as the backbone network for feature
compression and extraction of visual data. By comparing the differences between the
deviation image and the standard image, the network outputs the distance that the robotic
arm needs to move, thereby aligning the MPCC male and female. Finally, in the third stage,
through an algorithm-controlled online iterative process of robotic operation, the aligned
male and female are fixed and fastened through a screwing action.

A: MPCC Initial Assembly

. Yaw angle estimation . .
RT-DETR Detection [—»] for the MPCC | Hand-eye Calibration

B: DSNN-Driven Alignment for |

C: Robot Assembly Online Control
MPCC Connector

Algorithm Control

Visual Perception |

!

Feature Extraction

!

Regression for Position
Identification |/
I

1 . N Screw Fastening
'.Deep Siamese Neural \letwnrk(DSNl\)'

Figure 2. Schematics of the proposed peg-in-hole system.

Y
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3.1. MPCC Initial Assembly
3.1.1. Detection and Localization of the MPCC

With the continuous advancement of deep learning technology, convolutional neural
network (CNN)-based object detection methods have matured significantly. In this study,
to enhance detection efficiency and speed, we employ RT-DETR for the detection and lo-
calization of the MPCC female. RT-DETR features high detection accuracy and real-time
processing capabilities, making it suitable for rapid detection in dynamic environments. We
use RGB images, denoted as I,¢p, as the input and output of the bounding boxes of the MPCC
female in the image. The function f;(I,4, ) utilizes pretrained neural network weights 6
to process the input image and generate the bounding box (Xmin, Xmax, Ymin, ¥max ), Where
Xmin, Xmax, Ymin, Ymax are the pixel coordinates of the bounding box. After obtaining the bound-
ing box of the MPCC female, we can calculate the image coordinates of the center position of
the MPCC female, denoted as (%, /), due to the symmetry of the rectangle, using Equation (1).

Xmax + Xmin Ymax + Ymin

= 2 Y= 2

(1)

The next step involves converting the image coordinates of the MPCC female into
world coordinates. Let M = (x;,y;,2;), where 1 < i < 9 represents the world coordinates of
the nine circle centers in Figure 3. Then, the Canny edge detection algorithm is employed
to detect the edges in the image, followed by calculating the average position of these edge
points (the center of the circle) P = (u;,v;), where 1 < i < 9 corresponds to the image
coordinates of the nine circle centers in M. The values of (x;,y;,z;) on the M panel are
fixed, with z; representing the height of the M panel in world coordinates. During the
position calculation process, the MPCC female is located on the M panel and the height
remains constant; thus, z; is considered a constant. In this work, calibration is performed
using homography. Equation (1) describes the homography calibration method, which
transforms the point set P (image coordinates) from the image captured by the camera
(handheld) into the point set R (world coordinates) in the robot’s 3D operation using a
3 x 3 homography matrix H.

ur v 1 i hip his oy 1
PH=R where P=|: : |, H= |hy hn hs|, R=|: = | (2
w, v, 1 h31 hz  hss Xp o yn 1

In Equation (2), the homography H contains nine variables. When m > 4, we can
obtain a solution for H. In this way, the image coordinates of the MPCC female are
calibrated to world coordinates, and the same method can be used to obtain the world
coordinates of the MPCC male.

Figure 3. Calibration board for converting MPCC female connector image coordinates into world coordinates.
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3.1.2. Yaw Angle Estimation for the MPCC Female

As shown in Figure 4a,b, the bounding box of the MPCC female is cropped. In
Figure 4c, the required rotation angle is determined by calculating the centroid positions of
the three yellow regions on the top of the MPCC female. First, the image is converted from
the RGB color space to the HSV color space. The HSV threshold for yellow is determined
through calibration, and a binary mask is created to isolate the yellow regions. Next,
morphological opening is used to reduce image noise and remove isolated pixels, followed
by Canny edge detection to identify contours. The contours of the three yellow regions are
drawn with green lines in the image, and the centroids T;(cy;, cy,') 1 <i < 3 are calculated
using (3), where My is the area of the contour region and Mg and My, are the first-order
moments in the x and y directions, respectively.

Cxi = mr yi — m (3)

@

Figure 4. Yaw angle estimation process: (a) RI-DETR detects Multi-Pin Circular Connector (MPCC)
and generates the detection bounding box; (b) cropped image of the MPCC; (c) calculation of the
centroid position and rotation angle.

As illustrated in Figure 4c, the angle ¢ between T; T; and the x-axis of the image is the
angle that the robotic arm needs to adjust. By using (4) to determine the relative position
(left or right) of T3 with respect to the edge T Ty, it is possible to decide whether to perform
a 180° rotation adjustment on the image. The angle 6 is the rotation angle for the robotic
arm to grasp the MPCC female.

Cyl_cyl
— Cy3 — Cy2 Cx3 —Cx2 — arctan Cx2—Cx1 GD Z 0
o Leae e @
€yl —Cp2 Cxl —Cx2 retan( 2—2) + 71 9 <0
iy arctan| ¢, =cq ¢

By obtaining the world coordinates and the rotation angle 6 of the MPCC female and
using the above method, the MPCC female can be grasped from the material panel and
placed onto the assembly panel for coupling.

3.2. DSNN-Driven Alignment for MPCC
3.2.1. Visual Perception

As shown in the visual perception section of Figure 5, the assembly of a Multi-Pin
Circular Connector (MPCC) cannot be observed from a top-down view. Therefore, this
study employs an RGB camera to capture images of the MPCC assembly in the x-axis
and y-axis directions of the robotic arm coordinate system. We use a host computer to
control the robotic arm to assemble the MPCC to the ideal position and take an image of
this position as the standard image. Subsequently, by randomly moving the robotic arm
within a restricted range, we generate deviation images. We use RT-DETR to crop out the
assembly parts and adjust the image resolution to 224 x 224 x 3, making the input image
suitable for the resolution required by the Deep Siamese Neural Network (DSNN).
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Figure 5. The workflow of the proposed method.

3.2.2. Feature Extraction

As shown in the feature extraction section in Figure 5, we use the adjusted standard
image and deviation image as inputs and employ a CNN-based autoencoder to encode
both, resulting in a one-dimensional feature vector with k (k = 1024) components. We
select the ResNetSED-50 model integrated with attention modules for feature extraction.
Initially, in the stem block phase, the image undergoes preprocessing through preliminary
convolution, normalization, activation, and pooling operations, extracting fundamental
features from the input image and significantly reducing the feature map size [23]. Subse-
quently, the image is processed through four regular stages, transforming a 224 x 224 x 3
image into a 7 x 7 x 2048 feature block. Then, we use a max-pooling operation to convert
the 7 x 7 x 2048 feature block into a 1 x 1 x 4K feature block, and, through fully connected
layers of 4K-2K-K, we compress the 4K features into K features. Figure 6a details the
architecture of the ResNetSED-50 autoencoder, where the left column shows the encoding
process and the right column shows the decoding process. It is worth noting that the
encoding phase includes the application of attention modules whereas the decoding phase
does not; the image is reconstructed through transposed convolution to ensure structural
symmetry. Figure 6b details the five stages of ResNetSED-50 (from stem block to Stage 4),
where the yellow and green dashed arrows represent the encoding (convolution) and
decoding (transposed convolution) processes, respectively. Except for the stem block stage,
the other four stages (Stage 1 to Stage 4) mainly contain two types of network structures:
BTNK1 (W, C, C1, S) and BTNK2 (W, C). Here, C1 is the number of output channels of the
network (if C = C1, the number of channels remains unchanged; if C > C1, the number
of channels is reduced), and S represents the downsampling ratio. Figure 6d,e detail the
network structures of BTNK1 and BTNK?2, respectively. Compared to BTNK2, BTNK1 adds
an additional convolution and normalization step to adjust the input and output channels.
We proposed an improved SE-D module based on the SE [24] module and incorporated
it into the BTNK1 and BTNK2 encoding processes. Figure 6¢ shows the network struc-
ture of SE-D, where D/CONYV represents depthwise separable convolution, and SCALE
is used to apply the generated channel attention weights to the original input feature
map, weighting each channel to enhance key features and suppress non-key features. We
replaced the fully connected layers in the SE module with 1 x 1 depthwise separable con-
volutions and introduced BN (batch normalization) and ReLU activation functions. This
reduces the model’s parameter count and computation while improving computational
efficiency, training stability, and generalization ability, thereby strengthening the learning
and expression of important features. To optimize the model, we used stochastic gradient
descent (SGD) as the optimizer, ReLU activation functions in the convolutional layers,
and Euclidean-distance-based logistic regression as the loss function at the end of the fully
connected layers.

fr =0 (W - [h_1, Xe] + b)

iy = U’(Wl‘ . [ht_1, Xt] + b,)

(5)
(6)
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C = tanh(We - [hy—1, X¢] + be) 7)

Ci=fi-Ca+ir-C ®)

0t = U(Wo : [ht—lz Xt] + bo) )

hy = o - tanh(Cy) (10)
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Figure 6. (a) The workflow of ResNetSED-50 autoencoder in this work; (b) the detailed stages of
ResNetSED-50, with blue and red dashed lines representing the encoding (convolution) and decoding
(deconvolution) processes, respectively; (c) the network structure of SE-D proposed in this paper;
(d,e) the two main network structures used in ResNetSED-50.

3.2.3. Regression for Position Identification

As illustrated in Figure 5, “Regression for Position Identification”, we input these
feature vectors into the regression module to obtain the deviations Ax and Ay along the
x-axis and y-axis in the robot arm’s coordinate system. The training process continues until
the minimum deviation requirement for Multi-Pin Circular Connector (MPCC) assembly
is met. The autoencoder converts each 224 x 224 x 3 image into a feature vector of
length K. Subsequently, an LSTM network learns actions from the combined temporal
features X; (1 <t < T) obtained from the autoencoder. The process of LSTM is given by
Equations (5)-(10). X; is the input to the LSTM unit with a length of 2K. The LSTM contains
three main gating units: the forget gate (f;), the input gate (i¢, C;, C;), and the output gate
(o¢, ht). The LSTM first determines which previous memories (C;_1) to forget through the
forget gate (f;), then updates the cell state (C;) via the input gate (i;) and candidate values
(Cp), and finally generates the current hidden state () through the output gate (o).

In this study, we constructed an LSTM network with a two-layer hidden structure,
where the number of hidden units per layer is 2K, K, and K/2, respectively. This LSTM
network first processes a 2K-dimensional input feature vector, with the first K dimensions
derived from the deviation image and the last K dimensions from the standard image.
The network then transforms these features into a K/2-dimensional intermediate feature
vector Y. To map the features to the output vector, we deployed a lightweight fully
connected (FC) neural network before the softmax processing, with a hierarchical structure
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of K/2-K/4-16-2. Through this configuration, the K/2-dimensional features are efficiently
mapped to the final output vector: Ax and Ay.

3.3. Robot Assembly Online Control

Algorithm 1 control presents the online iterative process of robot operations. In
Algorithm 1 control, the calculations of Ax and Ay are essential. Dx and Dy represent
the maximum error tolerances in the x and y axes of the robotic arm coordinate system
during the assembly of the Multi-Pin Circular Connector (MPCC). After obtaining Ax
and Ay, the system evaluates whether the MPCC position has been correctly identified.
Once the conditions are met, the system connects the MPCC female to the male. Other-
wise, the system moves the manipulator to a new position a; = a;_1 + f(Ax, Ay). Here,
ar = (x4, y¢) and a;_1 = (x;_1,y:) are the two consecutive assembly positions at frames
t —1 and t, respectively, and f() is a constant matrix used to calibrate and transfer the
movement distance in the visual image plane to the robot’s motion space [2]. The values
of Dy and Dy are 0.8 mm and 0.8 mm, respectively. At the start of Algorithm 1 control,
the initial position of the MPCC is generated by RT-DETR, denoted as (xy, yo). As shown
in Equation (11), Q(t, Ax, Ax) is used to determine whether to terminate the iteration.
In the formula, T represents the maximum number of iterations, which is set to 7. In the
subsequent experimental section, we will explain in detail why the maximum number of
iterations is set to 7. The green arrows in Figure 5 indicate the online process of Algorithm 1
control for MPCC position identification. After aligning the MPCC, we use the empirical
angles obtained from the host computer’s teaching to screw and fasten the MPCC.

True, ((t<T) & & ([|Ax]| > Dy & & |[|Ay| > Dy))

False, others (11)

Q(t, Ax, Ay) = {

Algorithm 1 Control ({x;_1},{y¢—1},t, T,{Dx},{Dy}, Ax, Ay)

1: While (t < T)AndAnd(|Ax| > {Dx}AndAnd|Ay| > {Dy})
2 ap(x,yt) = a1 (xp-1,y1-1) + f(Dx, Ay)

3: transfer to (x¢, yt)

4: (Ax,Ay) = DSNN(xt,yt)

5 t++
6
7
8
9

: if (TRUE == Q(t, Ax, Ay))

: return;

. Else
Control (xt,y1,t, T, Dy, Dy, Ax, Ay)

4. Experiments and Results
4.1. Experiment Platform

As shown in Figure 7a, our experimental platform primarily includes a 6-DOF Univer-
sal Robots UR5 robotic arm, a Robotiq 2F-85 gripper, and two RGB cameras. The MPCC
model that we assembled is Y2-3TK (yellow rectangular frame). The specific shape of the
Y2-3TK is shown in Figure 1: Figure 1a illustrates the MPCC female with a maximum diam-
eter of 22.7 mm whose housing is made of cast aluminum alloy, and the connector holes c;
(1 <i < 3) have a diameter of 2.5 mm; Figure 1b shows the MPCC male with a maximum
diameter of 31 mm, also made of cast aluminum alloy, with internal pins r;(1 < i < 3) made of
gold-plated copper alloy, having a diameter of 2 mm. The blue parts in Figure 1a,b represent
insulating materials made from thermosetting polymers. This connector features a com-
pact size, light weight, ease of use, durability for repeated insertions, excellent conductivity,
and good sealing properties. It is widely used for line connections in various electrical devices,
instruments, and meters. Moreover, compared to three-pin components, two-pin and four-pin
components are easier to assemble due to their lower precision alignment requirements and
easier handling in terms of space and stability. Therefore, this experiment is also applicable to
the assembly tasks of Y2-2TK and Y2-4TK MPCCs.
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Figure 7. (a) MPCC assembly platform. (b) Snapshots of the MPCC assembly process: (1) the robotic arm
moves above the MPCC female and adjusts the offset angle; (2) grasping the MPCC female; (3) the robotic
arm moves the MPCC female above the male; (4) after engaging the MPCC, screwing is performed.

As depicted in Figure 7a, at the start of the experiment, the MPCC female is placed
on the material panel (blue rectangular frame), while the male is fixed on the assembly
panel (red rectangular frame). It can be observed from Figure 7b that, during the assembly
process by the robotic arm, the pins of the MPCC are not visible. Therefore, ensuring
the alignment of the MPCC female and male during insertion is critical and challenging.
Figure 7b presents snapshots of the MPCC assembly process from gripping to screwing,
conducted using the method described in Section 3.

4.2. Calibration Errors

We captured 150 images of 640 x 480 resolution at arbitrary positions on the material
panel to train the RT-DETR-R18 [17]. The images were manually annotated with bounding
boxes and types. We used 120 annotated images as the training set, 20 images as the valida-
tion set, and 10 images as the test set. The training was conducted on a computer equipped
with an Intel(R) Core(TM) i9-9900K 3.60 GHz CPU, 32 GB of RAM, and a V100 GPU with
16 GB of memory. The batch size was set to 2, and the number of training epochs was set to
300. After the training was completed, the model was deployed on a computer equipped
with a 4.00 GHz Intel(R) Core(TM) i7-6700K CPU, 16.0 GB of RAM, and an NVIDIA GeForce
GTX 1080 GPU, as shown in Figure 7a. Since the MPCC assembly requires screwing, it was
fixed to the assembly panel.

During the experiment, the images captured by the camera were calibrated to the robot
operating platform. The MPCC female was placed on the material panel shown in Figure 7a.
Subsequently, the images captured by the camera were calibrated to the robot operating
platform, and the MPCC was initially assembled using the method described in Section 3.1,
where the rotational angle error of the MPCC female was negligible. However, in practical
assembly, due to environmental changes or equipment vibrations, the calibration process
may drift, leading to calibration errors. In our experiment, we evenly distributed the
calibration points across the entire calibration board, ensured that the equipment was
securely mounted, and obtained an average error of 1.31 mm along the x-axis and 1.15 mm
along the y-axis by averaging the results of 50 calibrations. Considering that the maximum
allowable error for the x and y axes during MPCC assembly is 0.8 mm, further adjustments
are necessary. In Section 4.3, we will provide a detailed explanation of the experiment
involving the alignment of the MPCC female and male using DSNN.

4.3. Performance Evaluation
4.3.1. Data Collection
We took the center position of the MPCC female as the reference point and randomly

sampled a total of 12,000 error positions within the range of [|Ax|| < 2.6 mm and ||Ay|| < 2.6 mm
to obtain images used as input data for the DSNN model. These data were divided into training,
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validation, and test sets in a 7:2:1 ratio. During the regression analysis, the value ranges of Ax and
Ay were linearly scaled from [—2.6 mm, 2.6 mm]| to [0.0,1.0]. During the data collection process,
we included images with varying lighting conditions in the dataset to enhance the system’s
robustness and generalization capabilities. Given the stringent precision requirements for MPCC
assembly, our current focus has been on improving assembly success rates and reducing errors,
and we have conducted relevant experiments.

4.3.2. Autoencoder

Figure 8a and 8b, respectively, show the statistical error curves of the proposed DSNN's
autoencoder performance along the x and y axes on image samples from 12,000 random
positions. The samples were rotated in a 7:2:1 ratio for training, evaluation, and testing.
In Figure 8, there are four types of image data inputs: original images, VGG-16(1024),
ResNet-50(1024), and ResNetSED-50(1024) with SE-D modules. The original images indi-
cate that the image data are directly input into the DSNN structure without any transfor-
mation, while VGG-16(1024), ResNet-50(1024), and ResNetSED-50(1024) represent images
encoded into k (=1024) dimensional feature vectors before being input into the DSNN.
As shown in Figure 8, images based on autoencoder regression exhibit significantly bet-
ter performance compared to original image regression. Moreover, ResNetSED-50(1024)
shows a better error reduction trend than VGG-16(1024) and ResNet-50(1024), achieving
an assembly maximum error within 0.8 mm after five to six regressions from the initial x
and y axis errors of 2.6 mm. For MPCC assembly in this study, a successful assembly is
achieved when the errors on the x and y axes are within 0.8 mm. Therefore, the value of T
in{X;}(1<t<T)issetto?7.
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Figure 8. Shows the statistical error curves of the components along the (a) x-axis and (b) y-axis as
the step length increases.

4.3.3. DSNN Structures

We analyze the performance of the proposed method in the practical MPCC assembly
environment. We continue to compare different variants of the proposed DSNN structure
with state-of-the-art (SOTA) methods on image samples from 12,000 random positions,
with the training, evaluation, and test sets adjusted in a 7:2:1 ratio for error correction.
Therefore, approximately 8400 data pairs are fed into the proposed DSNN to regress the
shift error. The UR5 robotic arm is connected to the computer via the TCP/IP protocol.
During the training process, the proposed DSNN model is trained and deployed on a
computer with the same configuration as the RE-DETR-R18. Training the deep learning
network on 8400 image pairs takes approximately five hours. Table 1 presents the results of
different DSNN structures compared to the Siamese neural network structures introduced
in [2,25]. The feature vector lengths of VGG-16, ResNet-50, ResNetSED-50, and LSTM
encoding are all 1024 dimensions. The FC module is the fully connected neural network
following the article [25], passing the 2K feature vector to the robot action. The learning
rate for LSTM training is 0.0001.
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Table 1. Different network structure performances.

Evaluation Set Test Set
Model Architecture — )V( — 1{ — )v( — 1{
M M M M M M M M M M M M
VGG-16+FC [25] 2.85 0.46 1.32 2.09 0.32 0.91 1.26 0.34 1.06 1.32 0.22 0.97
DT+VGG-16+LSTM [2] 1.67 0.27 0.76 1.49 0.19 0.53 0.93 0.42 0.81 0.85 0.29 0.66
DSNN+ResNet-50+FC 0.12 0.65 0.00 0.59 0.21 0.53 0.19
DSNN+ResNet-50+LSTM 0.63 0.00 0.31 0.77 0.00 0.23 0.16 0.39 0.12 0.36

DSNN+ResNetSED-50+LSTM ~ 0.42 0.00 0.16 0.35 0.00 0.14 0.45 0.11 0.28 0.35 0.00 0.27

The values of X and Y are in millimeters (the smaller, the better). The best, second-best, and third-best values in
each column are marked in red, blue, and green, respectively.

In Table 1, M(x,y), M(x,y), and M(x,y) represent the maximum, minimum, and aver-
age values of M at the (x,y) coordinates, respectively, obtained by (12)—(14). In the formulas,
m; and m; are the predicted and true values of an item in M, and N is the number of
samples in the evaluation or test set.

M(x,y) = max [, — m; (12)
1=

- N ,
M(x,y) = min m; — m;] (13)
1=

I
Zf\il |m; — m;|
N

From Table 1, it can be seen that the values in the last four rows are lower than
those in the top row. This indicates that the performance of the Siamese Neural Network
(DSNN) is significantly better than the VGG-16+FC model proposed in [25]. Furthermore,
for two similar Siamese neural network structures, DSNN+ResNet-50+LSTM in the fourth
row and DT+VGG-16+LSTM in the second row, the values for the former are notably
lower than those for the latter. The main difference is that the latter uses ResNet-50 as the
autoencoder instead of VGG-16, suggesting that ResNet-50 is more efficient and effective in
feature extraction and processing compared to VGG-16.

In the fourth row, the values for the DSNN+ResNet-50+LSTM model are lower than
those for the DSNN+ResNet-50+FC model in the third row. This indicates that the current
optimal assembly position is achieved by combining previous visual inputs with the
sequential process of LSTM in MPCC assembly, where LSTM performs better than the Fully
Connected (FC) layer when using the DSNN structure for MPCC assembly.

Lastly, the values in the fourth row of Table 1 are significantly lower than those in the
fifth row, indicating that using the proposed ResNetSED-50 within the DSNN structure
results in lower errors on the x and y axes compared to the original ResNet-50. Therefore, it
is evident that using the DSNN with the improved ResNetSED-50 model as the autoencoder
helps to achieve the highest accuracy in MPCC assembly positioning.

M(x,y) = (14)

4.3.4. Performance in Practical Assembly

We compared the success rate and buckling time of the robotic assembly before
connection using VGG-16+FC [25], DT-driven DT+VGG16+LSTM [26], and the proposed
ResNetSED-50 model. A total of 800 practical experiments were conducted on the assembly
platform. Figure 9 shows the comparison results. During the buckling servo process,
after adjusting and calculating the MPCC position, we adopted a circular spiral trajectory
servo strategy [26], buckling the MPCC male and MPCC female around the predicted point
at 0.1 mm intervals in the directions of up, left, down, right, upper left, lower left, lower
right, and upper right. As shown in Figure 9, under the constraints of 1, 5, and 10 buckling
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times, the assembly success rates of this method were 83.1%, 91.3%, and 97.4%, respectively,
outperforming VGG-16+FC (49.3%, 69.2%, and 76.2%) and DT+VGG-16+LSTM (66.5%,
78.4%, and 89.7%). This method achieved a success rate of 83.1%, with a maximum of
1 buckling time, superior to DT+VGG-16+LSTM under 5 buckling times and VGG-16+FC
under 10 buckling times. Overall, the proposed DSNN+ResNetSED-50+LSTM network
resulted in 16.6%, 12.9%, and 7.7% higher assembly success rates than the DT+VGG-
16+LSTM method under 1, 5, and 10 buckling time constraints, respectively.

VGG-16+FC I DT+VGG-16+LSTM DSNN+ResNetSED-50+LSTM
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Figure 9. Comparison of MPCC assembly performance.

Furthermore, Table 2 summarizes the parameter counts, response times, average x
and y axis errors in actual assembly, and success rates for the VGG-16+FC [25], DT-driven
DT+VGG16+LSTM [2], and our proposed DSNN+AE(ResNetSED-50)+LSTM models, pro-
viding a more comprehensive and clear comparison of the performance of each model.
The data show that our proposed DSNN+AE(ResNetSED-50)+LSTM model achieved a
response time of 43 ms with a parameter count of 98.4M. In comparison, VGG16 + FC
has a parameter count of 145 M and a response time of 63 ms, while DT+VGG-16+LSTM
has a parameter count of 184 M and a response time of 88 ms. Our model not only ex-
cels in response time (approximately 31.7% faster than VGG16 + FC and 51.1% faster
than DT+VGG-16+LSTM) but also significantly reduces the average x and y axis errors to
0.28 mm and 0.27 mm, respectively, which are much lower than those of the other models.
This indicates that our design optimizations have not only improved computational effi-
ciency and response speed but also significantly enhanced assembly accuracy. Additionally,
DSNN+AE(ResNetSED-50)+LSTM achieved a success rate of 83.1% under a single buckling
time, significantly outperforming the other models, further validating the reliability and
superiority of this model in MPCC assembly tasks.

Table 2. Performance metrics comparison.

Model Architecture Params (M) Response (ms) X (mm) Y (mm) Success (%)
VGG16+FC [25] 145 63 1.06 0.97 49.3
DT+VGG-16+LSTM [2] 184 88 0.81 0.66 69.2
DSNN+AE(ResNetSED-50)+LSTM 98 43 0.28 0.27 83.1

Bold values represent the results from our model.”Params (M)” refers to the number of parameters in the
model. “Response” indicates the time required by the model to output control instructions after receiving
input data. X and Y represent the average errors in the x-axis and y-axis during the actual assembly using the
model, respectively. “Success” denotes the assembly success rate of the model under a single buckling time.
AE(ResNetSED-50) refers to the autoencoder based on ResNetSED-50. All models in the table are deployed on a
GTX 1080 GPU.
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4.3.5. Ablation Study

In this section, we analyze the contribution of each component to the overall system
performance through an ablation study. Table 3 presents the success rates and their averages
for the MPCC system as each component is gradually added, under the conditions of 1,
5, and 10 allowed assembly attempts. Since RT-DETR-18 serves as the initial assembly
model for the system, we use RT-DETR-18 as the baseline model and adopt a method of
incrementally adding components to visually demonstrate the impact of each additional
module on the system’s performance. Given that the DSNN requires a feature extraction
model, we use ResNet-50 as the baseline for comparison with ResNetSED-50 to evaluate
their respective effects.

Table 3. Ablation study.

Assembly Times
Model Architecture Ave
1 5 10
RT18 34.1 53.9 69.3 52.4
RT18 + DSNN + ResNet-50 67.6 79.2 88.4 78.4
RT18 + DSNN + ResNetSED-50 74.8 85.5 93.2 84.5
RT18+DSNN+AE(ResNetSED-50) 81.6 88.7 95.7 88.7
RT18+DSNN+AE(ResNetSED-50)+LSTM 83.1 91.3 97.4 90.6

Bold values represent the results from our model. The values in the table are all expressed as percentages (%),
and Ave represents the average value of the row. RT18 stands for RT-DETR-18, and AE(ResNetSED-50) refers to
the autoencoder based on ResNetSED-50.

The data from the first and second rows indicate that the introduction of the DSNN
with ResNet-50 as the feature extraction model increased the success rates under the assem-
bly constraints of 1, 5, and 10 attempts by 33.5%, 25.3%, and 19.1%, respectively, with an
average success rate improvement of 26%. This demonstrates that the inclusion of the
DSNN significantly enhances the success rate of the MPCC assembly system. Furthermore,
the comparison between the second and third rows shows that replacing ResNet-50 with
ResNetSED-50 resulted in success rate increases of 7.2%, 6.3%, and 4.8% for 1, 5, and 10 as-
sembly attempts, respectively, with an average improvement of 6.1%. This indicates that
the ResNetSED-50, integrated with the SED module, exhibits superior performance in
feature extraction.

Further analysis of the data from the third and fourth rows reveals that the use of
the DSNN encoded with the ResNetSED-50-based autoencoder resulted in success rate
improvements of 6.8%, 3.2%, and 2.5% for 1, 5, and 10 assembly attempts, respectively,
compared to the scenario without an autoencoder, with an average improvement of 4.2%.
Finally, the comparison between the fourth and fifth rows shows that including LSTM led to
success rate increases of 1.5%, 2.6%, and 1.7% under the same assembly constraints, with an
average improvement of 1.9%. This indicates that, when using the DSNN architecture for
MPCC female assembly, LSTM outperforms traditional Fully Connected (FC) layers in
handling temporal information. In conclusion, each component contributes significantly
to enhancing system performance, with the integration of the DSNN and ResNetSED-50
being particularly crucial for overall performance improvement.

4.4. Discussions

In this experiment, we used the Y2-3TK model of the three-pin MPCC as the primary
research subject. Since the assembly of the three-pin component is more challenging
compared to the two-pin and four-pin components, our experiment is also applicable to
the assembly tasks of Y2-2TK and Y2-4TK models of MPCCs. During the experiments,
we manipulated the robotic arm and collected 12,000 random displacement error data
points on a self-constructed Multi-Pin Circular Connector (MPCC) assembly platform.
The data indicate that the displacement errors ||Ax|| and ||Ay|| do not exceed 2.6 mm.
These error boundaries stem from the initial errors obtained through visual methods. In our
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MPCC assembly system, the target position of the MPCC male on the assembly panel is
predetermined. Therefore, the ideal target position of the MPCC male can be accurately
determined in advance. The robotic arm is guided to the target position of the MPCC male
to obtain standard images. Using manually collected data, we compared the performance
of the DSNN structure using raw images and using k-dimensional feature vectors encoded
by VGG-16, ResNet-50, and ResNetSED-50 as inputs. Experimental results indicate that
ResNetSED-50 outperforms raw visual images, VGG-16, and ResNet-50, achieving an
assembly maximum error of within 0.8 mm from the initial 2.6 mm in five to six regressions
on the x and y axes.

Furthermore, we compared the proposed DSNN variant with state-of-the-art (SOTA)
structures on training, evaluation, and test sets of 12,000 random samples (in a 7:2:1 ratio)
to achieve position recognition performance. Statistical data show that the proposed DSNN
structure guided by the ResNetSED-50 autoencoder strategy outperforms SOTA methods:
VGG-16+FC [25] and digital twin (DT)-driven DT+VGG-16+LSTM [2]. On the actual MPCC
assembly platform, we used the DSNN model incorporating the proposed ResNetSED-50 as
an autoencoder. This paper employs the RI-DETR method to obtain the initial positions of
the MPCC female and male. Once the initial positions are determined, the proposed method
can be used to align the male and female. The experimental results demonstrate that, given
the initial visual MPCC positions, our proposed ResNetSED-50-based DSNN structure
achieves a higher success rate under different buckling time constraints compared to the
current SOTA methods DT+VGG-16+LSTM and VGG-16+FC. This method achieves success
rates of 83.1% and 91.3% under one-time and five-time buckling constraints, respectively.
Additionally, our experimental results also show that the DSNN+AE (ResNetSED-50) +
LSTM model has a higher computational efficiency and faster response speed compared to
other models. This is particularly useful in the actual MPCC assembly process, as reducing
the buckling time between the MPCC female and male can effectively protect the pins
inside the MPCC from potential bending or damage.

Further ablation experiments indicate that the incremental addition of components in
the MPCC assembly system significantly enhances overall system performance. The intro-
duction of the DSNN and ResNetSED-50, in particular, has markedly improved success
rates and feature extraction capabilities. Moreover, integrating the autoencoder and LSTM
models has further enhanced the system’s performance in handling complex feature rep-
resentations. These experimental results demonstrate that our proposed method offers
significant advantages in improving the overall performance of MPCC assembly tasks.

5. Conclusions

This paper proposes a vision-based six-dimensional robotic axis-hole assembly strat-
egy that effectively addresses the alignment challenge of axis-hole during the assembly of
Multi-Pin Circular Connectors (MPCCs). Compared to traditional force feedback and deep
reinforcement learning approaches, the Deep Siamese Neural Network (DSNN) model
proposed in this paper avoids the difficulties of modeling and long training times, achieving
a comprehensive assembly system from initial gripping to final screwing. A homography-
based strategy is introduced in the system to calibrate the world coordinates and image
coordinates of the operating panel. This strategy utilizes the geometric relationship between
two planar images to achieve precise coordinate transformation. In addition, this paper
uses the ResNetSED-50 model as the backbone structure of the DSNN. The model integrates
the SE-D attention module, which replaces the fully connected layers in the SE module
with depthwise separable convolutions, thereby enhancing the learning and representation
of important features. The experimental results show that, in MPCC assembly, our method
achieves a higher success rate under various allowed maximum assembly attempts com-
pared to existing state-of-the-art technologies, with overall assembly success rates being
satisfactory. We have also identified some limitations in our system. As the number of
pins increases, the robotic arm may experience insufficient gripping force, leading to the
connectors slipping from the gripper during the screwing process. To address this issue,
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we plan to optimize the gripper design in future research and use high-friction materials to
enhance the gripping force of the robotic arm, thereby improving the system’s robustness
and adaptability.

In future work, we plan to evaluate the system’s performance in more complex assem-
bly tasks, such as handling components with more pins and accommodating connectors
of different shapes and sizes. These complex tasks place higher demands on the system’s
precision and adaptability. To address these challenges, one potential solution is to integrate
tactile and visual information. By combining these two sensory capabilities, the system can
more effectively manage assembly issues caused by complex part geometries or positioning
errors, thereby enhancing precision and adaptability.
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Abbreviations

The following abbreviations are used in this manuscript:

MPCC Multi-Pin Circular Connector

DSNN Deep Siamese Neural Network

SE-D Squeeze-and-Excitation with Depthwise separable convolutions
ResNetSED-50  ResNet50 integrated with SE-D module.

RT18 RT-DETR-18

AE AutoEncoder
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