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Abstract—Inspired by human workers who perform complicated
sewing tasks by repeating relatively simple operations, this letter
proposes a fixture-free automated sewing system using a dual-arm
manipulator and an ordinary sewing machine to sew two aligned
fabrics along the edges, a common task in garment production.
The proposed sewing system has a five-layer architecture: percep-
tion, dual-arm sewing Petri net, fundamental operations, control
primitives, and hardware layers. This architecture decomposes
various complex sewing tasks into sequences of fundamental op-
erations. To meet the real-time requirement of automated sewing,
a High-speed Fabric Edge Detection System (Hi-FEDS) is further
proposed for the perception layer, which formulates the fabric
edge detection problem for sewing as a classification problem of
predefined distributed anchors. The anchor distribution is modeled
by the Gaussian Uniform Mixture Model (GUMM). This method
achieves high-speed fabric edge detection at an average of 120 FPS,
with an average error of about one pixel. An experimental robotic
sewing platform is developed, and the sewing results show that
our system achieves high-quality sewing across fabrics of various
shapes and materials.

Index Terms—Bimanual manipulation, deep learning for visual
perception, foundations of automation, perception for grasping and
manipulation, Petri nets for automation control.

I. INTRODUCTION

ARMENT production consists of various tasks such as
fabric cutting, ironing, folding, and sewing. Among these,
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Fig. 1. (a) Experimental robotic sewing platform; (b) Sewing results of fabrics
with three different shapes (linear, convex, and concave), with the size of 100 x
300 mm and the curved edge of 350 mm radius. In particular, the collar shape
is obtained by turning the concave sewn fabric inside out.

sewing, a crucial step in garment production, is responsible for
about 80% of fabric linkages and accounts for about 40% of
the entire production cost [1]. During a sewing task, the skilled
workers repeatedly perform a series of operations, including
fabric grasping, positioning, aligning, sewing, etc., while en-
suring a smooth and precise sewing seam without wrinkles
or puckering [2], [3]. Automating this sewing task remains
challenging, not only due to the complexities of soft materials
manipulation but also because of the real-time and precision
requirements of the sewing operation [2].

Recent advancements in robotics, control theory, and learning
have shown significant potential to facilitate sewing automa-
tion. Numerous studies have explored this challenge, including
designing mechanisms for fabric handling [4], [5], [6], [7], esti-
mating the desired seams by computer vision [8], [9], modeling
the sewing process [10], [11], and manipulating the fabric by
using force control [12], [13].

Achieving automated sewing at the level of human workers,
sewing without using fixtures [11], however, remains a distant
goal. To further advance sewing automation, this letter focuses
on two key challenges:

1) Fixture-Free Robotic Sewing System Using Ordinary
Sewing Machine: This concerns the sewing of the fabric along
the edges without using fixtures [11], ensuring that the seams
maintain a consistent distance from the fabric edges, as shown
in Fig. 1(b). This is a common task in garment manufacturing
to produce items such as collars and cuffs, which cannot be
automated without using fixtures. While the existing research in
fixture-free sewing [10], [11] has investigated the fundamental
process of sewing along a single seam, this letter considers the
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Fig. 2.

Fixture-free automated sewing system consists of five layers. The perception layer detects the states of fabrics, denoted as A. The dual-arm sewing Petri

net layer generates a series of events, denoted as B, to coordinate the dual-arm manipulator and sewing machine. The generated events are further decomposed into
sequences of fundamental operations in the next layer. This fundamental operations sequence, denoted as C, is realized by the combination of control primitives to
control the trajectories of end-effectors and the sewing machine. Finally, these trajectories are converted to the command to the hardware, denoted as D. The states
of the dual-arm manipulator and sewing machine, denoted as E, are fed back to the upper layer.

automation of complete sewing tasks, which include sewing
along multiple seams.

2) Real-Time Estimation of Desired Sewing Seams: Indus-
trial sewing machines can achieve speeds of up to 5000 stitches
per minute, about 80 stitches per second [7]. Given the diversity
of fabrics and the complexity of the sewing environment, how-
ever, no existing system can meet the real-time requirement of
the sewing system [10], [11].

To address these challenges, the contributions of this letter are
summarized as follows:

® Motivated by the sewing operations of human workers, we
propose a fixture-free automated sewing system to sew two
aligned fabric parts together along their edges, utilizing a
series of fundamental operations of a dual-arm manipulator
and an ordinary sewing machine.

e We propose a High-speed Fabric Edge Detection System
(Hi-FEDS), which formulates the fabric edge detection
problem as a classification problem of distributed anchors.
Hi-FEDS meets the real-time requirements of sewing au-
tomation while achieving high detection accuracy and ro-
bustness.

® We developed an experimental robotic sewing platform.
The physical sewing results demonstrate that our system
achieves high-quality sewing along the edges across fabrics
of various shapes and materials.

The remaining part of this letter is organized as follows:
Section II reviews related works. Section III and IV introduce
problem statement and problem formulation, respectively. The
proposed robotic sewing system is presented in Section V
and the proposed Hi-FEDS is introduced in Section VI. Sec-
tion VII shows the experimental platform and results. Finally,
Section VIII concludes the letter.

II. RELATED WORKS

A. Robotic Sewing System Development

The complicated sewing process can be decomposed into
four basic processes that are SEW, FEED, TENSION, and
CONTOUR processes, which is proposed by Gershon et al. [14].
Experimental results showed that this scheme is effective for
fundamental sewing operations.

The SEW and FEED processes focus on the cyclic motion of
the sewing machine and the feed motion of the robotic system,
respectively. Different feeding mechanisms and algorithms are
developed to facilitate the sewing and loading [7], [15]. Some re-
search investigated the importance of synchronization between
sewing and feed motion [11].

The TENSION process is applied to maintain the fabric shape
and to prevent over-stretching. Impedance control [16] and co-
ordinated motion control [17] are widely used to control tension
or internal force of the fabrics [12], [13], [18]. Feedback control
and visual servoing are applied for the CONTOUR process to
sew along the desired seams [3], [10], [19]. However, no existing
solution has achieved sewing automation along the fabric edges
without using fixtures.

B. Estimation of Desired Sewing Seam

Computer vision is widely used to detect fabric and sewing
states during garment production. When there is no real-time
requirement, traditional methods such as Random Sample Con-
sensus (RANSAC) and Iterative Closest Point (ICP) are used to
detect the position of the fabric [9]. Some research uses deep
learning to estimate the desired sewing seams for open-loop
sewing trajectory planning [8]. The estimation results of the
proposed learning-based methods are more robust than those of
traditional computer vision algorithms.

Most of the existing research for edge-tracking sewing uses
traditional computer vision algorithms such as Canny and So-
bel [19], [20], and heuristic algorithms [3], [15] to detect the
fabric edge and estimate the desired sewing seams. Gaoetal. [21]
formulated the edge detection problem as a fabric segmentation
problem and achieved edge detection of 30 FPS and a mean
error of 0.61 mm. However, edge detection with higher FPS
is essential for high-speed sewing. Recently proposed edge
detection networks achieve high mloU and inference speeds
exceeding 150 FPS [22], [23].

III. PROBLEM STATEMENT

This letter proposes a fixture-free automated sewing system
employing a dual-arm manipulator and an ordinary sewing
machine to detect fabric state and sew along desired seams,
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Fig. 3. Examples of the fundamental operations of the automated sewing
system. The enlarged figures illustrate the alignment and sewing processes as
well as the states of the sewing needle and presser foot.

assuming that two fabric pieces are pre-aligned on the table and
their CAD models are provided.

The proposed sewing system, as shown in Fig. 2, consists of
five layers: perception, dual-arm sewing Petri net, fundamental
operations, control primitives, and hardware layers. This system
is inspired by human operators who perform a range of compli-
cated sewing tasks by repeating a sequence of relatively simple
operations. These operations include grasping fabrics, aligning
separated edges; positioning fabrics for sewing; partially flat-
tening the fabrics to be sewn; aligning the fabric edge with
the sewing direction; and sewing along the edges. Additionally,
the operators utilize the functionalities of the sewing machine,
encompassing feeding motion control, presser foot control, and
thread cutting.

A. Fundamental Operations of Automated Sewing System

Motivated by this observation, we propose the fundamental
operations of a fixture-free automated sewing system, with
physical examples shown in Fig. 3. The fundamental operations
of the dual-arm manipulator include:

e R1: Moving the end-effectors to the target pose without

interacting with the environment.

o R2: Grasping or releasing fabrics by pressing the end-

effector against or lifting it up from the table.

® R3: Positioning the fabrics to the target pose.

e R4: Aligning the fabric edge to the sewing direction.

e R5: Sewing two aligned fabric pieces along the edge.

The fundamental operations of the sewing machine include:

e S1: Stitching fabrics by the feeding mechanism.

e S2: Controlling the presser foot (lifting or pressing).

® S3: Cutting the thread when the sewing task is finished.

IV. PROBLEM FORMULATION

A. Coordinate Systems

We define the coordinate systems shown in Fig. 4. The feeding
direction of the sewing machine is defined as the sewing direc-
tion. We define the world frame, 3.,: 0, — 4, Y 210, attached to
the needle position on the table. x,, is in the opposite sewing
direction and z,, is aligned with the upward normal of the
table. Additionally, we define the sewing kinematics frame, >:
05 — XsYsZs, With oy attached to the same location of o,,. x
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Fig. 4. Coordinate system in this letter with yellow, green, and blue represent
the x, y, and z axis, respectively. The shading indicates the field of view of two
cameras. The square dash line depicts a top view of the sewing area, with the
square solid line as the sewing machine and two orange curve lines as the sewn
and desired sewing seam, respectively.

is parallel to the tangent line of the desired sewing seam at the
point closest to the needle, and z, is aligned with the upward
normal of the table.

We define the end-effector frames, Y. , and X ;, attached to
the endpoint of each end-effector. Finally, we define two camera
coordinate frames, . , and X, ;,, which are attached to the close-
up and the broad-view cameras, respectively.

B. Modeling and Control of Sewing Process

The kinematics of the sewing process is modeled as a non-
holonomic process and is linearized by introducing the time-
scaling technique [10] shown as follows:

d Z30 0 1 z3 0

= S M S R
le o
o - M (1b)

where 2 is the traveling distance along the desired sewing seam
attime t, zo = tan 0, where 6y, is the angle between x,, and z,
and z3 is the distance between the needle point and the desired
sewing seam, as shown in Fig. 4. This system can be stabilized
using the control law:

pa(z1) = —K[z3(21), 22(21)] ", (2)

where K =[ks, ko] €R? is the feedback gain.

C. Notation and State Variables

We define the fabric frame X to represent the fabric pose,
assuming that no large deformation occurs during sewing using
dual-arm impedance control [11]. The states of the end-effectors
are represented by twists p,,=[w/;,v.,]" €RE consisting
of angular velocity w/;€R? and velocity v/, €R?, where
i€{a,b}. The sewing machine is defined as a hybrid dynamic
system with continuous state 8, € RT, and discrete states of the
presser foot, p € {0, 1}, and thread-cutting module, g € {0, 1}. 04
is the angular velocity of the main spindle of the sewing machine.
One rotation of the main spindle corresponds to one stitching
operation. p=0 and p=1 represent the presser foot down and
up, respectively. When ¢=1, the thread cutting operation is
executed.
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Fig. 5.

Upper figure depicts the structure of Hi-FEDS. The main branch is framed by the blue dotted line with a grayscale image as the input and both the vertical

and horizontal edges of the fabric as the output. The auxiliary branch is framed by the orange dotted line and data collection module is framed by the green dotted
line. The lower figures illustrate the process of modeling the distributed anchors of selected rows for vertical fabric edge detection. (a) The dataset of the appearance
of fabric edges observed in real experiments in the image coordinate system; (b) the generated Gaussian-Uniform Mixture Model (GUMM) for each selected rows;
(c) the generated anchors for the selected rows, with one more anchor representing no edge is detected in this row; (d) the estimated edge positions of each row in
the anchor coordinate system; and (e) an example of an edge in the original image coordinate system. The final two figures demonstrate how Hi-FEDS achieves

accurate edge detection while significantly reducing computational complexity.

V. FIXTURE-FREE AUTOMATED SEWING SYSTEM

A. Perception

The global state ¥ is detected by point cloud registration for
grasping point selection. The sewing process state z is estimated
for edge alignment and sewing using Hi-FEDS.

For X ¢, an RGB image of the fabrics captured by the broad-
view camera is processed into a binarized map of the aligned
fabrics and a binarized map of the edges. Using the intrinsic and
extrinsic parameters of the camera, the fabric and edge point
clouds are reconstructed. The fabric point cloud is aligned with
the fabric CAD model using RANSAC. ICP is then applied to
refine the estimation of X using the edge point cloud and the
edge CAD model.

The Hi-FEDS shown in Fig. 5 is applied to detect the edge of
fabrics, which is proposed in Section VI. A Kalman filter is then
applied to estimate z using the edge information.

B. Dual-Arm Sewing Petri Net and Fundamental Operations

A dual-arm sewing Petri net is developed for discrete event
control [24] given the states of fabrics, dual-arm manipulator,
and sewing machine. It enables the manipulators to repeat the
following events: moving the end-effector to the target pre-
grasping pose, grasping the fabric, repositioning the fabric to
the target location when necessary, aligning the fabric edge
as needed, and sewing along the edges, coordinated with the
ordinary functionalities of the sewing machine.

Additionally, using the detected edges by Hi-FEDS, the
sewing process is stopped if the curvature of the edge exceeds
a certain threshold. The system then rotates the fabrics and
realigns the edge to the sewing direction, ensuring a sharp corner
in seams, a common requirement in garment production. Further

information regarding the proposed Petri net can be found in the
supplemental material.

The generated events under different sewing situations are
further decomposed into the sequence of relatively simple fun-
damental operations of the dual-arm manipulator and the sewing
machine illustrated in Section III-A. The fundamental operations
are implemented using a combination of the predefined control
primitives introduced in the next section.

C. Control Primitives and Hardware

1) Trajectory Generation by Polynomial Function: This
primitive is used for Move End-Effector and Move Fabrics of
fundamental operations shown in Fig. 2. The trajectory of the
end-effector or the trajectory of fabrics is generated using a
seventh-order polynomial given the initial and target states of
the end-effectors or fabrics. By implementing the seventh-order
polynomial, the jerk is continuous and the smooth motions of
the end-effectors and fabrics are generated.

2) Dual-Arm Impedance Control: This primitive is used for
Grasp or Release, Move Fabric, Align Edge, and Sew Fabrics
of the fundamental operations, when the end-effector interacts
with the environment. It is applied to control the internal force
applied to the fabrics and the external force applied to the end-
effectors [11]. The control laws for the dual-arm manipulator
are shown as follows:

MiAwpe,i + DlAwpeL + KiAwpe,i
_ Ai (wWe,i o ng’i) : (3)
where A®p, ; € RS is the displacement of the manipulator i from
the nominal state “p,_; in X,,. A¥p, ;€RE and A¥p,_,; eRO

are the corresponding twist and acceleration, respectively. M ; €
R6*6, D, e R6*6, K; € R6*6, are the apparent inertia, damping,
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and stiffness matrices of end-effector ¢, respectively. “W . ;=
[l f.i]T €RC is the wrench applied to the end-effector
i, which consists of torque “7.; €R?, and force ' f, ; € R?.
de € RO is the corresponding desired wrench of mampula—
tor 1. AZ =diag(A1, A2, ..., rs) ERO*C with A; €{0,1} is the
activation matrix. The impedance law is activated when A; =1.
The twist in X, ; can be calculated as follows:

Ape,i = [Adﬂ’iTm]Awpe,i’ (4)
where Ap, ; is represented in X ;, and [Ad..ip, | € R®*C is the
adjoint representation calculated as follows:

e,iRw 0

Adeip, | = , . .
A= g, xR, iR,

&)

where [z, %] is the skew-symmetric matrix of the position
vector of ¥, ; with respect to ¥, and “*R,, € R3*? is the
rotation matrix of ¥, with respect to X ;.

3) Position-Based Visual Servoing: This primitive is used
for Align Edge of the fundamental operations using the edge
information 2o and z3 observed by Hi-FEDS. To ensure the
exponential convergence of the system states z; with ¢ €{2, 3},
we design the closed loop dynamics of the linear system (1
a), so that the Z;=—~;2; holds, where ~; €(0,1). The fab-
rics motion is then represented by a spatial twist “p,,(t)=
[whs(t), v ()] €RE, where w, (t)=[0,0,—7222(21)] and
v} () =[—7223(21)22(21), —323(21),0]. 21 is the traveling
distance along the desired sewing seam at time ¢ as shown by (1
b). The end-effector twist is controlled based on the equation:

pe,i = [AdffiTw]wpvs' (6)

4) Model-Based Feedback Control: This primitive is used
for Sew Edge of the fundamental operations. A control law is
applied to generate the angular velocity of the fabric around the
needle [10] using the edge information from Hi-FEDS:

—hoza(21(t))pa(t) — kszs(21(t))pa (t)
14+ 29(21(2))? '

Besides, the fabrics are fed by the feed dog at a sewing speed

v calculated by 0,. The whole motion can be represented by a
spatlal twist ' p p, = [wfb, v, " €R® withrespect to 2., where

ws(t) = (N

wfb =10,0,w;] and v }, =[0, vs, 0]. Then, the twist of each end-
effector is controlled ()y the followmg equation:

= [Adei1, ] Do (®

5) Command to Hardware: The calculated twists p, ; are
then transformed into the joint space velocities of the manip-
ulators. 0;=27v, /s, with s is the stitch size defined by the
sewing machine. The command of the dual-arm manipulator and
sewing machine is then generated and sent to the hardware in
real-time.

VI. HIGH-SPEED FABRIC EDGE DETECTION SYSTEM

The High-Speed Fabric Edge Detection System (Hi-FEDS)
shown in Fig. 5 is proposed in this section. Unlike the
segmentation-based method [21], we reformulate the fabric edge
detection problem as a classification problem. This formula-
tion concept has been successfully applied to lane detection
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2026, Vienna, Austria. Cite as RA-L pap

to increase the detection speed [25], [26], but higher detec-
tion accuracy is needed for fabric edge detection for sewing
automation. Hi-FEDS achieves more accurate and robust fabric
edge detection by introducing distributed anchors that follow the
distribution of the Gaussian Uniform Mixture Model (GUMM)
while meeting the real-time requirements of sewing automation.

We first conduct several sewing experiments to collect the
image data of the sewing task with the close-up camera. The
edges of each image are extracted, and the edge appearance of
each image in the image coordinate system is collected as shown
in Fig. 5(a). We then select certain rows and columns from the
collected edge appearance data. For each row, we estimate a
GUMM to represent the distribution of edge appearance shown
in Fig. 5(b). After that, we assign a certain number of anchors to
each row and column based on the GUMM shown in Fig. 5(c).
We then use a classification method to predict the likelihood
of the fabric edge appearing in each anchor. The anchor with
the maximum likelihood in each row and column is defined as
the edge anchor and used to estimate the fabric edge shown in
Fig. 5(d).

A. Formulation for Fabric Edge Detection

Let I,,, be the captured grayscale image, with dimensions
h x w representing the height and width of the image in the image
coordinate system. Subsequently, we select h,. € [1, h] rows from
I,,4 and assign w,. € [2, w+1] anchors to each row. We define the
anchor with index w,. of each row to represent the case such that
no edge appears in that row, resulting in the lower and upper
limit of w, as 2 and w+1, as shown in Fig. 5(c), which will
be explained later. Similarly, we select w, € [1, w] columns and
assign h. € [2, h+1] anchors to each column. Please note that for
each row and column, there is only one edge anchor. When there
is no edge appearing in the selected row or column image, the
anchor outside of the image will be selected as the edge anchor
shown in Fig. 5(c).

Let X be the global feature of I,,,. The probability of the
fabric edge occurring on each anchor is given by:

Pl = P(AY; = 1|X) = f;(X), )

where kK €{r,c}, 1<i<hg, 1<j<ws, A is the event matrix
with each item subject to the Bernoulli distribution, and A7 , =1
represents the event that fabric edge appears at the anchor of i-th
rows and j-th column of A”. f . is defined as the classifier using
the global information X. "

Let’s define the label matrix R* with the same dimensions as
A", R} and R are the one hot labels of the corresponding i-th
row of A” and j-th column of A°. The optimization problem
for obtaining the classifier can then be formulated using the
cross-entropy loss as follows:

Lce:_gTi:zr:R 1Ongfj_§CZF:zC:R IOg 1]’
i=1 j=1 i=1j=1

(10)

where &, and &, are loss weighting factors. By appropriately
sampling rows and columns from /,,,, and assigning anchors to
each row and column, we ensure h,. << h and w,. << w as well as
w, <w and h. < h shown in Fig. 5. Compared to segmentation-
based approaches that classify all pixels, this method signifi-
cantly reduces the calculation from h X w to h, X w, +h. X we,
enabling the real-time fabric edge detection.
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B. Distributed Anchors

When the sewing is carried out along the desired seam at a
constant distance from the fabric edge, the fabric edge tends
to be observed around the area with the constant distance from
the needle, as shown in Fig. 5(a). Leveraging this observation,
we propose distributed anchors using GUMM to focus com-
putational resources on the area for vertical edge detection,
thereby increasing the detection accuracy, compared to assigning
the anchor by average sampling along the selected rows, while
meeting the real-time requirement of sewing. Note that for the
selected columns, the Uniform distribution is applied since we
cannot assume any distribution for the horizontal edge of the
fabric during sewing.

Besides, since the edge could appear across all columns in the
image coordinate system, we combine the Gaussian distribution
and the Uniform distribution as GUMM to describe the edge
position probabilities. The probability density function (PDF)
for each GUMM is expressed as:

1 (m — ;)2 1
; S (VN 1—u)——
/727_[_0_12 eXp ( 20_22 + ( az)w_17
(11)

where «; € [0, 1] is the mixing weight, controlling the balance
between the Gaussian and Uniform distributions.

Letn; ; € {1,2,...,w,—1} be the anchor j in ¢-th selected
row and m; € {1,2,...,w} be pixel k in i-th selected row.
This distribution is then utilized to define the mapping (M;),
from anchor index (n; ;) to the pixel index (m; 1) using:

mie = M;(ni;) = F; ' (nij/(w,—1)), (12a)

St L My 1 — Mk € [1, Ampmax], (12b)

where F;(m; ) =[] "ok f.(t) dt is the cumulative distribution
function (CDF) of the GUMM and Amy, . is the upper limit of
the anchor width to ensure the sufficient resolution of the anchor.
This process is illustrated in Fig. 5(b) and (c). The introduction
of GUMM enhances detection robustness and accuracy and
decreases computational complexity.

Additionally, one extra index is introduced for n; to account
for the possibility of no fabric edge being detected in the i-th
row image. As a result, the total number of anchors in each
row becomes w,., ensuring a complete representation of possible
edge positions. The same extra index is added to the column
anchors to ensure the size of h..

C. Network Structure

Hi-FEDS is modeled using a deep neural network shown
in Fig. 5. The distribution of anchors is defined based on the
real experimental dataset. The global feature X is extracted
using a pre-trained backbone, followed by two classifiers (9).
Each classifier is modeled by fully connected layers with a
dropout layer between them to prevent overfitting. Additionally,
an auxiliary branch is introduced as a segmentation-based task to
facilitate global feature extraction. Please note that this auxiliary
branch is only utilized during training. The overall loss function
is given by:

Lw = Lce + gsegLsegy

where L, is the segmentation loss and . is the loss weighting
factor of the segmentation term.

(13)
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Fig. 6. Evaluation results of Hi-FEDS with anchors generated by different
distributions. The horizontal axis shows the number of anchors divided by the
number of pixels of selected rows in percent.

VII. EXPERIMENTS

A. Experimental Platform

An experimental platform shown in Fig. 1(a) has been devel-
oped using a dual-arm manipulator system, an ordinary sewing
machine, two cameras, and a control PC. Each arm (DENSO
VS-068) is equipped with a wrist force and torque sensor (ATI
Axia80-MS8) with a 3D-printed end-effector. For practical ap-
plication, a 6 Degree of Freedom (DoF) manipulator can be
replaced with a system with fewer DoF.

The ordinary sewing machine (Brother Industries S7100-A)
is capable of sewing woven fabrics. The sewing machine motor
is replaced by an AC servo motor (Yaskawa Electric SGM7A).
The cotton thread with a diameter of about 0.3 mm is used and
the stitch size s, is set to 1.5mm.

The high-speed grayscale camera (Photron INFINICAM UC-
1), operating at 624 x 1246 pixels, provides detailed close-up
views of the sewing process, while the RGB camera (Basler
acA1920-155uc), with a resolution of 1928 x 1208 pixels, offers
a comprehensive global view. We select and implement the
cameras considering their spatial resolution of the camera.

The control PC with an Intel(R) Xeon(R) W-2255 CPU,
64 GB RAM, and an NVIDIA GeForce RTX 3090 GPU has
been selected for the control of this system via EtherCAT for
the dual-arm manipulator system and the sewing machine, and
USB 3.2 for the cameras.

B. Implementation and Training of Hi-FEDS

The dataset was collected with a total of about 10000 images,
including fabrics of different shapes and colors, labeled by
SAM [27] and adjusted by humans. 80%, 10%, and 10% of the
dataset are used for training, validation, and testing, respectively.
ResNet-18 is used as the backbone. «; are selected to satisfied
the constraints 12(b). Am .y is defined as 100, corresponding
to about 9mm, to ensure the robustness of the edge detection.

The network is trained with PyTorch v2.0.0. We employ an
AdamW optimizer with an initial learning rate of le-4. The loss
weighting factors are set to 1. The batch size is set to 32, and
the model is trained for 500 epochs. Data augmentations are
applied to prevent over-fitting to the training set. The images are
randomly translated and rotated before training.

C. Evaluation of Hi-FEDS

We define two metrics to evaluate the performance of Hi-
FEDS: pixel mean error and edge anchor prediction accuracy.
The testing dataset, including different fabrics, is used for the
evaluation. The pixel mean error is defined as the mean deviation
between the predicted vertical edge in selected rows and the
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TABLE I
COMPARISON OF MEAN FPS AND ERROR OF PURE NETWORK

Method ENet SGCPNet FPENet PIDNet Hi-FEDS
Mean FPS 185 162 210 238 308
Mean Error 1.75 1.50 2.31 1.32 0.82
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Fig.7. Inthe upper row, only f I . is activated to detect the vertical edge, while
both f/” ij and f . areactivated in the lower row as the horizontal edge approaches
the sewing needle. This allows Hi-FEDS to detect both vertical and horizontal
edges, enabling discrete event control of the transitions between different seam
segments to sew seams with a sharp corner.

ground truth in the image. The edge anchor prediction accuracy
is given by Nyeo/((hy + we) Niest ), where Ny, is the total num-
ber of correct edge anchor predictions and N¢.; is the number of
the testing data. The evaluation results are presented in Fig. 6.
The pixel mean error using GUMM, Uniform, and Gaussian
distributions is shown in Fig. 6(a). As shown in the figure, the
prediction result using GUMM outperforms that of using the
other distribution for the same number of anchors. Although the
edge anchor prediction accuracy using GUMM and Uniform
distribution is almost the same as shown in Fig. 6(b). This
is because using GUMM assigns more anchors in the regions
where edges are more likely to appear. By mapping the predicted
edge anchors to the image, the pixel mean error is reduced by
about 50%, compared to the Uniform distribution. Additionally,
using only Gaussian distributions results in the lowest accuracy.
This result occurs because it fails to meet the condition specified
in 12(b), namely, that each pixel must correspond to a unique
anchor, which directly leads to decreased prediction accuracy.

In particular, using the number of anchors of about 30% of
the total number of pixels can achieve nearly the same accuracy
as using 100% of the pixels, with an average error of about one
pixel for vertical edge detection. As described in the previous
Section VI, the Uniform distribution is applied to the column
image with the number of anchors equal to about 20% of the
number of column pixels. The following experiments are carried
out by using this configuration.

Table I compares the inference speed and prediction accuracy
of the Hi-FEDS with the state-of-the-art segmentation-based
methods shown in [21], [22], [23]. The results show that Hi-
FEDS significantly improves both the average FPS and predic-
tion accuracy compared to segmentation-based methods. Note
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Fig. 8. Numerical sewing results of three sewing tasks using four different
types of fabrics. From top to bottom, the experiments utilize fabrics with linear,
convex, and concave shapes.

TABLE I
MECHANICAL PROPERTIES OF FABRICS

Properties Fabric A Fabric B Fabric C Fabric D
Specimen

Material Cotton Cotton Cot.&Poly. Silk

p (kg/m?) 0.21 0.11 0.18 0.08
T (mm) 0.32 0.25 0.39 0.21
G (N/mm) 0.33 0.25 0.63 0.10
E (MPa) 21.81 9.86 16.46 36.2

p:Area Density, T:Thickness, G:Shearing Rigidity, £:Young’s Modulus.

that Table I displays the mean FPS of network inference, when
including both pre- and post-processing, Hi-FEDS achieves an
overall average of about 120 Hz.

D. Experimental Sewing Results

We conduct sewing experiments to demonstrate the fixture-
free automated sewing system using fabrics with three different
shapes (linear, convex, and concave) and four various materials,
as shown in Fig. 1(b) and Table II [28].

For each experiment, two fabrics are aligned and placed on the
table. Given the CAD model of the fabrics and desired seams, the
proposed system automatically loads the fabrics to the sewing
machine, sews the fabrics at a 10 mm distance from the edges,
with 10 stitches per second, that is #; =20, and finally unloads
the sewn fabrics.

The examples of fabric edges detected by Hi-FEDS from the
experiments are shown in Fig. 7. Hi-FEDS accurately detects
the vertical fabric edge, thus achieving sewing with model-based
feedback control. Hi-FEDS also effectively detects the horizon-
tal fabric edge when the fabric corner approaches the needle.
The information is fed to the Petri net to facilitate the transition
between different seam segments.

Fig. 1(b) shows an example of the sewing results of Fabric A
with discontinuous desired seam lines. The sewing results are
smooth and even, maintaining a nearly constant distance from
the edges of the aligned fabrics. Fig. 8 shows the deviations of
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the sewn seams from the desired seams of all experiments. The
maximum deviation is observed when the fabrics are rotated
between two seam segments and is less than the length of one
stitch. Furthermore, once the sewing deviation converges, it
remains consistently below 0.3 mm. These results highlight the
sewing accuracy and robustness of the proposed system.

VIII. CONCLUSION

This letter proposes a fixture-free automated sewing system
that decomposes the entire sewing task into a sequence of the
fundamental operations of the dual-arm manipulator and an
ordinary sewing machine. To meet the real-time sewing require-
ments, the Hi-FEDS is proposed, which enables high-speed
fabric edge detection with high accuracy and robustness for
real-time edge-tracking sewing. Experimental results show the
high-performance of sewing using fabrics with diverse shapes
and materials (e.g., collar components common in garment
production), and indicate its significant potential for industrial
application.

Future work will focus on improving the proposed system
by incorporating an automated fabric stacking and alignment
system, thereby eliminating the current assumption.
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