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Abstract— In robot-assisted surgery (RAS), three dimensional
(3D) position estimation of a surgical suture thread is essential
in automating the wound suturing procedure. Nevertheless,
accurate suture thread’s segmentation and its 3D coordinates
reconstruction remain challenging because of its flexible
property and lacking indistinctive feature points. In this
article, a novel model-free method is proposed to enable
the 3D computation of a suture thread through a calibrated
stereo-camera system. In this method, only the suture thread’s
tip and grasping points need to be indicated on one image
with mouse clicks, and their accurate image positions can be
detected using computed contour information. Afterwards, key
points that represent the suture thread are generated on one
image, while their matched points on the second camera frame
are evaluated through an iterative algorithm for 3D model
reconstruction. Experiments using different backgrounds and
environmental conditions were conducted to examine the
accuracy and robustness of the 2D segmentation. The suture
threads were then formed in various 3D shapes, and their
respective 3D models were reconstructed for comparison. The
experimental results confirm the feasibility of our method in
reducing human intervention in the detection of matched key
points on an image pair, thereby guaranteeing an accurate 3D
coordinates computation of a suture thread.

Index Terms—Computer Vision for Medical Robotics, Per-
ception for Grasping and Manipulation, Stereo-camera

I. INTRODUCTION

OBOT-assisted surgery has flourished over the recent
decades [1]. With the aid of haptic and other types of
sensory feedback [2] [3], surgical robots can perform dex-
terous tasks [4] with high repeatability. Similar to traditional
surgery, knot tying is one of the most common and repetitive
tasks to be performed in RAS. In particular for technically
demanding applications such microvascular anastomosis [5]
and reconstructive pelvic procedure [6], knot tying needs
to be performed with high precision in a limited space.
Hence, researchers are studying the potential to automate
these procedures by using vision-based robots [7].

To complete autonomous surgical tasks such as knot tying,
it is necessary to utilize an advanced robotic system to detect
and grasp the suture thread in a surgery scenario. Kang
et al. [8] presented a novel robotic system with multiple
programmable devices and interchangeable end tools to
facilitate an autonomous suturing. Jackson et al. [9] proposed
an algorithm for needle path planning based on the best prac-
tices of surgeons and showed that their proposed method can
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minimize the interaction forces between the tissue and the
needle when suturing. Sen. et al. [10] proposed a multi-throw
stitching method based on sequential convex programming
that uses a 3D printed suture needle angle positioner. These
works focused on the development of novel methods and
paradigms related to the stitching process, which is the initial
step of autonomous knot tying.

In the field of robotic knot tying, Chow et al. [11] [12]
proposed a roll-arc looping method to construct knots with
visual guidance. Lu et al. [13] proposed a space-saving
method to loop a suture thread in a compact environment
using visual information [14]. To assist surgeons in tying
a surgical knot, autonomous manipulation of suture thread
grasping is required so that the autonomous looping opera-
tion can be executed. In general, a surgical suture consists
of two components: a sharp metal needle on the proximal
end of the suture, and a thread that can be used to close up
the wound. After successful stitching, a scissor is used to
cut the long thread, leaving a segment of the thread which
is sufficient to complete a surgical knot. After the cutting
operation, the suture thread will drop arbitrarily on the skin.
As shown in Fig. 1, the cutting tip is denoted as Pr, and Pg
is the grasping point. The main objective is to facilitate the
grasper in picking up the suture thread. The distance between
Pg and Pr is reserved as a surgical “ear” [15] to ensure that
the suture thread will not slip after its grasping. To automate
this operation, precise 3D computation on a segment of a
long and flexible suture thread is required.
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Fig. 1: The cutting of a suture thread after the pierce
operation, and its defined tip Pr and the grasping point FPg.

Traditional object detection methods [16]-[21] require
specific patterns, CAD models, features, detectors, or local
descriptors to perform the recognition procedure. However,
suture threads have no representative patterns or explicit
features that can be extracted in different orientations and
scales, thereby preventing the generation of invariant local
descriptors. Considering these factors, these typical methods
are not suitable for surgical suture thread detection.

Given these challenges, learning-based approaches have
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been introduced for feature detection [22]. In [23], dis-
criminative convolutional filters using a Gradient Boosting
framework were employed for segmentation of a curvilinear
structure. However, the accuracy of this method drops when
the linear structures become very irregular. A learning-based
approach was also proposed in [24] for detecting symmetric
curvilinear objects in natural images based on the extracted
features. Multiple Instance Learning (MIL) was also em-
ployed to train the detector, but poor accuracy in detecting
suture threads with limited features is still unsolved. With
these uncertainties, it was clarified in [25] that allowing
robots to take exploratory actions in real-world environments
may pose safety and stability problems, and some execution
failures can still be observed when using deep learning
models or when learning by demonstration. Thus, a shared
autonomy with initial manual guidance [26] is desirable for
precise manipulation.

Deformable curvilinear objects, such as threads and cables,
can be also evaluated by using an energy model based on a
texture-sensitive distance map in [27]. Alternatively, suture
threads were also modeled as Non-Uniform Rational B-
Spline (NURBS) curves and optimized via the minimization
of the image match energy [28] [29]. When using a model
to represent the suture thread, its quality and feasibility will
heavily influence the tracking results.

In practice, robotic systems play a supporting role by help-
ing surgeons perform various surgical procedures. Through
captured images, surgeons can interact with the system by
issuing simple commands or clicking the mouse. To compute
3D coordinates of an object, the current state-of-art is using
a stereo-camera system [30], and such paradigm is also
adopted in robot-assisted surgery [31] [32]. With such a
device, the 3D shape can be figured out based on object’s
key point correspondences in both cameras.

The first step in 3D computation is to identify the matched
points on the image pair from a stereo camera. Nevertheless,
extracting features from a flexible and featureless suture
thread is a challenging task as common operators such as
SIFT are unable to generate key points on a featureless object
[33]. Markers can be added to alleviate the problem [34],
but this option requires modifications to the standard suture
thread. With insufficient number of key points to be extracted
from the images, 3D position evaluation as well as shape
reconstruction of the suture thread become inaccurate.

To resolve these problems and realize vision-based auto-
mated suture thread’s grasping, a novel model-free approach
named as the Initial-Position-driven Iterative Computation
(IPdIC) algorithm was proposed. Through a pre-calibrated
stereo-camera, surgeons only need to select the tip Pr and
the grasping point Py of the suture thread in the left camera
frame. With this input, a robust shared autonomy scheme
can be initialized. The program first applies a novel edge
filter to outline the contour of the suture thread. Then, our
algorithm refines the position errors of the manual clicks,
and key points between Pr and Pg will be generated in the
left frame. Then, the actual fundamental matrix at the tip is
computed by using the chessboard calibration data and will

be iteratively updated along the segmented suture’s contour
such that the matched key points in the right camera can be
identified and optimized for 3D position reconstruction. This
algorithm can be applied for all suture threads regardless of
their image scale, orientation, length, and visual depth.

This article is organized as follows. In Section. II, the
proposed method for identifying the tip of the suture thread
will be introduced. In Section III, the key points generation
and refinement algorithms, as well as the iterative approach
for computing their stereo correspondences will be presented.
In Section IV, the performance for tip detection, key point
generation, stereo matching, and 3D reconstruction will
be examined through experiments. The feasibility of the
proposed approach will also be validated by testing the 3D
construction and computation. In Section V, findings of this
article will be discussed and summarized.

II. SURGICAL SUTURE THREAD’S TIP DETECTION
A. Three-layer Contour Segmentation of a Suture Thread

To initialize the 3D computation of a suture thread, the
first step is to find its tip location Pr in image coordinates.
To achieve this, the image should be converted to a high-
quality contour pattern. The edge or contour is usually
computed by calculating the derivatives in the horizontal and
vertical directions. The Sobel operator is a popular method
for estimating such derivatives [35]. Developed by Canny in
1986 [36], the function optimization detector was improved
in [37] by adding a scale multiplication to the function.
Definition 1: Using image processing operators, the camera
frame can be converted to a binary image B. We have:

o P; is the image location of pixel i — P; = [U;, V;] ;

o P; denotes the intensity of pixel ¢ in binary image B;

o Centered at point P;, G; indicates a 3 x 3 local patch;

o The contour set is denoted by P; g, which contains

the coordinates and intensity information. The subscript
{1, E} means the 1°¢ to the E'nd pixel in the set.
o For the convenience of expression, coordinate notation
‘P; is used to denote pixel ¢ in the following content.
To segment the desired suture thread’s contour Py g, the edge
detection algorithm should satisfy two criteria:

« A continuous contour should be generated, and it should

be one-pixel-wide and no zigzag patterns;

o VP; € Py g, the neighboring number of P; in its local

patch GG; should be 2.

Since classical methods cannot fully satisfy these criteria,
a three-layer contour segmentation algorithm was proposed.
This approach starts with a local scanning operation, which
follows a row-by-row fashion, to evaluate the intensity value
P; of each P;. The intensity values can be updated as:

B P [1fePinmrin P | M

where 75,'7h_mm and 73171,_7,,,“1 respectively denote the mini-
mal pixel intensity among the horizontal and vertical neigh-
bors of P;, which are:

{ﬁi,h_mm = min{P(U:,V; — 1), P(Us, Vi + 1)}

~ ~ ~ 2
Pi,v—min = mln{P(Ul - 17 ‘/1)77)([]1 + 1, ‘/1)}
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Fig. 2: The workflow of the three-layer contour segmentation and thinning approach of the interested objects within the
camera frame. 1). The first layer computes the rough contour of the interested object within the frame; 2). The second
layer modifies the contour based on the proposed double-channel evaluation criteria; 3). The last layer compares the
current filtered image with the one obtained in the last loop, and obtains perfect mono-layer and closed object contours.

For VP, € B, if the updated intensity P; is equal to one, it
will be treated as a temporary contour element and recorded
in contour set Py g. As shown in Fig. 2 (the 1%* layer),
a region of interest (Rol) was drawn around the tip for the
evaluation. With the implementation of Eq. (1), pixels within
the suture thread were removed, resulting a rough contour.

In the 2" layer, the remaining members in P, g will be
examined whether they are redundant or not using a local
patch evaluator. For any 3 x 3 patch G, it can be converted
into two patterns using the following operators:

1 0 O 0 0 1
O1=[0 1 0| 0="|010 3)
0 0 1 1 0 0
where T is the matrix transposition operator. @; and Qs

mean the pattern at the same and rotated 90° clockwise
respectively. As illustrated in Fig. 2 - the second layer, each
pattern was evaluated using a function f, which is:

Local Patch Function f

N [
I 2] [2] 102 %)

Definition 2: Using a lo-
cal scanning operation,
all non-zero pixels except
at the center are selected
and sequentially aligned in
a set. For any pixel within
this set, if differences be-
tween the image coordinates U and V' of the current and its
adjacent elements are neither larger than 1, its output will be
0, otherwise the returned value will be 1.

The pseudo codes of Function f are listed in Alg. 1.
Implementing the double-channel evaluator, the intensity of
each member in P; g can be modified as:

2
VP €Pip , Pi+ P[] f(Pi, G- 0)) “
j=1
where G; - O; denotes the transformed local patch centered
at P; using operators in Eq. (3). If the pixel intensity satisfies
P; = 0, the point P; will be removed from P; g.

To obtain a satisfactory contour pattern in any operating
scenario, the 3" layer was designed to iteratively evaluate
the difference of contour pixels between the current filtered
image and the previous one before feeding to the second

Algorithm 1: Local Patch Evaluator f(P;,G;)

1 Current point — P; = [U;, V], the intensity value 731',
local patch — G;, j = 1, Value = 0;
2 while j <9 do

3 if VP; € Gi N P; # P; then

4 if P; =1Aj > 2 then

5 if (U] — Uj71 > 1)||(UJ — Ujfl Z 1) then
6 L L Value = Value + 1;

7 if Value = 1 then

8 L Break;

9 Return Value of the algorithm.

layer. A superscript 4 is added to P g to denote the contour
in the " iteration. Feed the current image to the second
layer, if the difference AP between Py p and "™'Py g
is non-zero, the iteration should be continued, otherwise,
the procedure should be terminated, and the output pattern
should be the current obtained image, which fully satisfies
the two criteria.

B. Identification of Suture Thread’s Tip Point in Rol

With the modified camera frame, a Rol can be generated
based on the clicked thread’s tip Pr. In different operating
scenarios, disturbances or noises may exist that multiple
Cror = {TP%,E,” PiE,...,’" P’LE, ...} can be obtained. The
left superscript indicates the domain is in the Rol, and the
right one denotes the number of the found candidates. For
the desired suture thread within Rol, it holds these properties:

Property 1. There exists Start and  "P{ TPl Boundary
. End Pixels e
at least one candidate Al
1 . r i R
EITP7i E € CROI’ 1t 1S a . _‘7_)1___Contou/rvsTPllE, ------- ’ ¥ 12
.’ Tpl SR Wedhcs o L
continuous contour and E T T Np2
holds two ends (start and - fICt“Cke': e E
- . eglion o nteres!
end) P} and "P} on the (Rol)

boundary Br,; of the Rol.

Property 2. The pixel distance "d} between "P! and "Pg
should be smaller than a threshold. If it exceeds it, the
candidate may be a large shadow or long thick disturbances.
Property 3. The desired TP? g should contain the largest



pixel number, and the distance "d), between its recognized
tip "P} and the clicked point should be close.

The tip holds the property of the sharpest changes among
the curve within the Rol. For each candidate " 11 1> one pixel
was picked out in every 7; numbers (we set 1; = 8). The
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vectors "V _; . and "V, .4 can be figured out based on
three successive "P;_,, "Py, and "P; ;. Consequently, the
angle variance along the contour can be expressed as:

Vi1 T_vk,m-l

-1 -1
| "Vi—1p || "™ Vigra |

The tip "P} of each candidate can be achieved by figuring
out the image point where the largest "A#} happens within
the Rol, and the corresponding distance "d% that between
"P; and the clicked point can thereby be accessed.

To distinguish the desired suture thread, a penalty function
v" was formulated according to the three properties, and
disturbances could be given larger punishments:

"A0;, = arccos

(&)

i
dj

vVi=em ' dpaxdh+ (6)

Ps3
rpt
where the suture thread’s width "d} can be calculated as
rdi = ||"Pi —" PL||, and p; is its weighting parameter. po
denotes the weighting parameter of the error between the
clicked point and the detected tip of the candidate, and ps is
the weight of the reciprocal of the contour element number
"n' in "P{ p. If the candidate holds a smaller "d: value,
and its recognized tip is closer to the clicked point, as well
as having a larger number of contour elements, it obtains a
smaller penalty. Thus, the desired set of the suture thread
TP*E g within the Rol can be picked out as:

"P{ g € Cror — v° =min{v', V7. v ..} )

Consequently, the suture thread’s tip "P; in the Rol can
be achieved, and its coordinates Py = [U7,V;°] among
the entire image can be located. Searching the connecting
point from the tip point, its complete contour Pf, g can be
sequentially figured out until the search finally returns to the
tip, forming a closed outline as shown in Fig. 3.

The above method applied to segment the desired suture
thread from the camera frame is named as Click-based
Contour Identification and Closure (CCIC) Algorithm, and
its corresponding pseudo codes are summarized in Alg. 2.

Extend to the
whole image S S S S
Pig 70 — U7, V]

Fig. 3: Suture thread’s tip selection based on the minimal
cost evaluation with in the Rol. The tip P; and its overall
contour Pf g can be figured out in the camera frame.

Algorithm 2: Click-based Contour Identification and
Closure (CCIC) Algorithm

Data: The binary image B after image preprocessing;
Clicked tip location [U., V¢] of the suture thread.
L VP €B Eq.(1) (Eq-(2))
1t Layer _
updated intensity image P; and the contour set Py g;

2 VP; € P1, g — apply double-channel (Eq. (3)) patch

Eq.(4) . i
evalutor =—==—==—= obtain a new contour set “"'P; p;
2nd Layer

3 Compare the current “*'P; g with the last one Py g, if
A P is not null, go to Step 2; otherwise, go to Step 4;

4 Create Rol — contours " 11 g of multiple candidates

Eq.(5 L . :
La6), recognize tips of candidates "P;;

evaluate local patch G; —

s Compute the penalty v* of each candidate M find

the minimal one — treat it as the desired suture thread;
Result: Desired suture thread Pf, g and its tip
PP =[US, V).

III. COMPUTATION OF SUTURE THREAD’S KEY POINTS
IN A STEREO-CAMERA SYSTEM

The 3D computation of the suture thread should be further
proceeded using a calibrated stereo-camera. In the following
contents, the left and right cameras are labeled with the right
superscripts ¢ and 7.

A. Key Points Generations in Two-Dimensional Frame

With the segmented contour Pf"ﬁJ in the left camera, the
clicked grasping point Pg can be refined regarding errors of
manual clicks. The objective of the refinement is to shift
the key points to suture’s centreline, and two refinement
algorithms regarding two initial conditions were proposed.
Algorithm 3: Out-of-Edge Refinement: Suppose one point
P; is not located on the contour, the procedures are:

1). Create a region of interest based on point P;;

2). Figure out one point P; from the suture thread’s contour
which is nearest to P;, and draw a line across P; and P;;
3). Figure out another intersection point P between this line
and the contour, the refinement is P; + % (P +Py).

As noticed in Fig. 4, the click grasping point G}, can be
updated using this scheme, which is denoted as W“Gq’é.

Out-of-Edge Refine- P
L ‘G) Suture Edge PISEI-

ment Algorithm

On-Edge Refine-
ment Algorithm
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Fig. 4: Suture thread’s key points planning in the left camera.

A suture thread can be modeled as a multi-segment object,
and it is connected by equally distributed key points. To
further generate its key points, we picked out contour pixels
from Plé in every 7y elements (we set o = 25 according
to the hardware setup). Let the detected suture thread’s tip
be the first key point Wf *“ in the left camera, the picked out



pixels can be refined using:

Algorithm 4: On-Edge Refinement: Suppose one point P;

is located on the thread’s contour, the procedures are:

1). Create a region of interest based on point P;;

2). Generate a line using the last key point and the current

point P;, and compute the line’s slope. Generate a second

line which is across P; and orthogonal to the first line.

3. Figure out the another intersection P; between the second

line and the suture thread’s contour, and P; can be refined
As shown in Fig. 4, successive pixels can be selected from

the contour set, and then shifted to its body’s center.

Stop Criteria: When modifying the manual-clicked grasping

point Pg, two intersection points can be figured out, and

their marshalling sequence Z; and Z within the set Pfé

can be thereby obtained. With a current selected contour

element whose marshalling sequence is Z., the planning

should be terminated if it satisfies |Z. — Z;| < T2, O

|Z. — Igl < Mg Therefore a set of 2D key points W é =

{VV1 , W. 5 é, e G } can be achieved in the left camera.
This key points planning method based on the segmented
contour can be also applied to an overlapped or self-
intersected suture thread, ensuring a reliable robustness for
its 3D reconstruction and the automated grasping task.

B. Evaluations of Suture Thread’s Tip Correspondences

According to the epipolar geometry [38] of a stereo-
camera as shown in Fig. 5, the line formed by two centers
of the cameras intersects at two epipoles e; and e at their
image frames. The projection of the 3D suture thread’s tip
WS¢ in the right camera projection Wf " should lie on the
epipolar line lp, which can be computed as:

L =F W (8)
where F is the fundamental matrix of the stereo-camera.
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Fig. 5: Epipolar line based searching and matching of the
suture thread’s tip within a calibrated stereo-camera system.

To find the desired suture thread in the right camera, a
sliding window was designed to move along the epipolar line
and figure out the potential candidates. Within the sliding
window, different contours were recognized, and thereby
different tips can be achieved. Based on this information, the
overall contours PiTE of different candidates can be figured
out. Following the maximum similarity principle, the Pearson
correlation coefficient [39] between PT}E and the segmented

suture thread’s contour Pf’é can be computed as:
BioT 5,
> (P = Prp) (P
=1i,7
\/Zk (PR =PUR)2 Y (P

—y
- P1 E)
P1 E)

Cor(i ©)

where the subscrlpt k spec1ﬁes each single point in its
contour set, Plg and P1 g denote the mean coordinate
values of contour elements of the suture thread in the left
camera and the i*" candidate found based on the sliding-
window searching strategy in the right camera. The candidate
with a maximum Cor (i) can be selected as the correct suture
thread Pf 7, and the tip recogmzed in the sliding window can

be treated as the desired tip 73 (W ") in the right camera.

C. Maximum Virtual Triangle Based Iterative Computation
for Key Points Detection

For a fixed stereo-camera system, calibration can be per-
formed offline using a chessboard with known dimensions.
By placing the chessboard at different orientations and
depths, camera parameters can be obtained [40] [41] and
3D coordinates can be calculated using the corresponding
point pair in the two cameras. In this work, with markerless
key points generated along the suture in the left camera, an
iterative approach was used to find their corresponding points
in the right camera using the following approach.

Proof: For a 3D point X; of an object, its perspective
projection onto a camera image X; can be computed as:

si-[x,1]T =P-[X;,1]T =C-[R,T]- [X;,1]7  (10)
where s; is the non-zero scale parameters, P € R3*4 denotes
the projection matrix. C € R3*3 is a camera calibration
matrix, and R € R?*3 and T € R3*? represent its rotation
and translation matrices with respect to the world coordinate.
When the distance of the object from the camera is much
larger than its depth variation, the perspective model can be

simplified to an affine model, and the projection matrix is:

Py P2 P13 Pu AT
P=| Po1 P2 Pz Py { of 1 } (11)
0 0 0 1

where A € R2%3 is the sub-matrix of P, and T is a 2D
translation vector. Within a stereo-vision system, the 3D
point and its projections onto the left and right cameras after
removing the scale factor s; can be rewritten as:

K =ACXH T { X7 } _ [ G } { X! }
X =A"-X; + T L I 1 1
12)

where K77 = A" - [AY]T € R?*2, T7" = A" - {[A"]~
T — [AY]"' - T} e R2*2 It is noticed the projection
correspondences in the left and right cameras follow an affine
transformation, which has six unknown parameters.
Corollary: For a 3D plane 7 which is formed by three
points {W7 W7 W7}, their projections onto the left and
right cameras {W* W{ WEY and (W7, WP, Wr} can fix
an affine transformation H™ [42] [43]. For point W7 which
is close to any of the three points, its projections Wﬁ and
W, follow the same affine relationship.

Before the on-site manipulation, sufficient stereo corre-
spondences of key points among a chess board were acquired
and denoted as V¢ = {V¢, SVE VS LT
Iteration: Treating them as 3D V1rtua1 points, one virtual
plane can be created using the suture thread’s tip W{ and



two virtual points V' and V$' as shown in Fig. 6. Applying
the affine relationship H; obtained using their projections in
two cameras, together with the planned 2D key point Wf £,
the stereo correspondence WQR ** can be accessed. Using these
latest key point pairs, a new plane is created to update the
affine transformation. Following such iterations, the suture
thread’s key points {Wf , WQS T, Wgr} can be obtained.
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Fig. 6: Iterative computation of stereo pairs of the suture
thread’s key points based on maximum triangle.

To obtain a robust affine relationship between two frames,

projections of three points should be non-collinear, otherwise
the computation of the key point may have severe errors,
disordering following calculations.
Update 1: To achieve three non-collinear points, a maxi-
mum virtual triangle principle was forwarded. For a current
key point W, every two random virtual points V{', V¢
were picked out from VC, and 2D triangles’ areas in the
left and right cameras which were formed by projections
Wt Vet Vjc,e} and {W" VET V]»C’T} were both taken
into account. For two different virtual points, the evaluation
coefficient notated as a; jy,, can be expressed as:

2
agigye = [T = W% < (V7 = wi®)
d=1
where, ® = {1,2} denote the left and right camera
respectively. The subscript i,j are the numbers of two
evaluated virtual points, and k& means the k' key point
pairs. In each iteration, two virtual points were updated
based on the principle of maximizing the evaluation
coefficient. With an updated relationship, the next key
point pairs can be figured out. To further refine key points’
coordinates and precisely modify them to the suture thread’s
centreline, a two-conditions based update scheme was
adopted in each iteration:

(13)

Update 2: As shown in the right fig-
ure, if the distance between the pre-
dicted W,f " and the contour is larger
than 1 pixel (Condition 1 and 2), apply
Algorithm 3: Out-of-Edge Refine-
ment to rectify its position. Otherwise
(Condition 3 and 4), rectify their po-
sitions using Algorithm 4.
Consequently, the key point correspondences Wfé =
VP WS, WETY in the right camera can be achieved,
and their 2D accuracies were significantly improved in
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view of these enhancements. The suture thread’s key point
correspondences, as well as the calibrated parameters of the
stereo-cameras, were employed to compute its 3D coordi-
nates based on the triangulation relationship [38] [44]. Con-
necting and smoothing them in sequence, the spatial shape
of the suture can be constructed in the camera coordinate.

The above approach for suture thread’s 3D reconstruction
is named as the Initial-Position-driven Iterative Computation
(IPdIC) algorithms. Using this approach, the useful informa-
tion can be completely segmented. Together with the update
and refinement algorithms, our method eliminates the mis-
match of key point pairs when conducting the 3D coordinates
calculation, minimizing computational errors resulting from
the variations in visual depth in each iteration.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

The experimental setup used for 3D coordinates compu-
tation of a suture thread was shown in Fig. 7. A stereo-
camera was mounted at a tilted angle on the manipulating
platform, and two eyepiece microscopes with resolutions
of 1536 x 1024 pixels?> were installed to capture the real-
time visual feedback of the manipulating plane. Before the
experiments, a non-absorbable silk suture thread with a USP
designation of 3-0 was pierced through an artificial tissue.
To create different scenarios for analysis, suture threads with
different lengths and backgrounds were employed to examine
the feasibility and robustness of the overall approach.

Stereo Camera

Fig. 7: The experimental system with a stereo-camera for the
computation of a suture thread’s 3D coordinates.

A. Experimental Results of Suture Thread’s Tip and Grasp-
ing Point Detection in Left Camera

Based on the Rol, the detection accuracy of the tip is
important since the initial error will significantly affect the
computation of the suture thread’s stereo correspondence
and its 3D reconstruction in following steps. To testify the
performance of the algorithm, 6 different scenarios were
adopted, which were categorized as the 1X magnification
condition, the 2X magnification scenario, the 1X and 2X
magnifications with noisy suture threads and tips, the 1X
magnification under the dark light and strong light.

Using two artificial tissues as the backgrounds, 20 experi-
ments were conducted in each scenario. It was intentionally
designed that large initial errors were given to manual clicked
suture thread’s tip Pr and its grasping point Pg. As shown
in Fig. 8(a), typical results of each scenario were presented.
Based on the CCIC algorithm, a closed contour of the suture
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Fig. 8: (a). To testify the robustness of our approach, 6 different scenarios were adopted, and 20 experiments were conducted
in each scenario. Typical experimental results of a suture thread’s segmentation, its tip and grasping points detection with
manual clicks were demonstrated. (b). Coordinates distributions of manual clicks via ground truths, and detected coordinates
via ground truths. (c). Errors of manual clicks, and errors of corresponding tip and grasping detection. Unit: image pixel.

TABLE I: The average, maximum, and minimal errors of manual clicks and click-based detection of suture thread’s tip and
grasping point. Two superscripts ¢ and ® indicate the 1X and 2X magnification accordingly. Unit: image pixels.

Scenario 1X magnification 2X magnification Noisy tips® Noisy tips® Dark light® Strong light®
Items ave max min ave max min ave max min ave max min ave max min ave max min
o, Manual 452 729 230 430 702 30.8 253 405 127 384 721 157 459 720 282 478 682 289
E  Detected 3.8 8.5 1.0 53 8.0 2.2 3.1 6.3 0.0 54 8.1 2.2 42 7.1 1.0 28 5.8 14
% Manual 363 459 258 354 488 212 30.1 523 184 423 61.1 300 473 629 362 37.1 493 283
5 Detected 3.6 64 0.0 33 64 1.0 29 58 1.0 4.1 7.1 1.0 3.1 5.8 0.0 27 54 1.0

thread can be segmented from different environments, and
its tip point and the grasping point were precisely located
regardless of environmental noises.

To quantitatively evaluate the detection accuracy towards
the tip and grasping point, we manually labeled the ground
truths in each experiment. In Fig. 8(b), the data that denotes
clicked positions via ground truths, and detected coordinates
via ground truths were summarized. It is noticed manual
clicks could lead to larger errors and deviations from the
ground truths, while the points detected through the algo-
rithm can achieve high accuracy as compared to the ground
truths. The errors of all clicked tip, grasping points, and their
corresponding detected locations compared to the ground
truths were listed in Fig. 8(c), which intuitively shows
the significant improvements of accuracy. In addition, the
average, maximal, and minimal errors of each scenario were
listed in Table. I, and the largest errors of the detected tip
and the grasping point were only 8.5 and 7.1 pixels among
120 experiments. It is testified that errors can be reduced to
a certain level, and the proposed CCIC algorithm can be
applied to initialize the suture thread’s 3D reconstruction.

2D View from Left Camera

Group 1

Group 2

Grasping with needle driver Suture thread’s drop

Fig. 9: Suture thread’s detection with sudden drops.

With a strong robustness, the CCIC algorithm can detect
the suture thread even when sudden drops happen. To ap-
proach this problem, the detected tip is treated as an updated
clicked tip point for a sudden drop condition. In Fig. 9,
two groups of such conditions were listed. With a grasped
suture thread, the section between its tip and the grasping
point can be constructed. When the suture thread drops, the
overall shape enormously changed. However, the variance
of tip’s image location is not large. Feeding the previous
tip’s location as the clicked point, our approach can segment
the suture thread and figure out its 3D coordinates between
Pr and Pg. It can be noticed the change of tips coordinates
were 130 and 108 pixels, respectively. However, if the suture
thread was severely disturbed, the change of tip’s position
can be very large, which demands for a new manual click to
indicate its current image location.

B. Detection of Correspondences of Suture Thread’s Tip and
Grasping Points in The Right Camera
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Fig. 10: Errors of the tip detection in the right camera based
on manual clicks in the left camera. Unit: image pixels.
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Fig. 11: Evaluation of the matching of suture’s grasping point between the left and right cameras, and the importance
demonstration of Algorithm 3 and 4 when computing a suture’s stereo correspondences. (a). Typical examples of suture’s
key points generations along the suture in the left camera, and their correspondences calculations in the right camera; (b).
Errors of grasping point computation with and without using Algorithm 3 and 4. Unit: image pixels.

To testify the performance of the (IPdIC) algorithm in
a suture thread’s 3D reconstruction, the matching accuracy
of its key points should be examined. First, the detection
accuracy of the tip in the right camera was conducted. For
a fixed stereo-vision system, it was designed to evaluate
the robustness in four scenarios which include the normal
condition, with dark light, strong light, and with noisy tips.
Using a sliding window, the search of suture thread’s tip in
the right camera can be carried out. Based on the evaluation
of the maximum similarity, the corresponding suture thread
in the right camera can be figured out, and three typical
segmentation examples were shown in Fig. 10(a).

TABLE II: The average, maximum, and minimum errors of
detected suture thread’s tips in the right camera.

Items  Normal Scale  Dark Light  Strong Light  Noisy Tips
ave 3.9 pixels 5.4 pixels 3.4 pixels 4.3 pixels
max 7.1 pixels 7.6 pixels 5.8 pixels 7.8 pixels
min 1.4 pixels 2.2 pixels 1.0 pixels 1.4 pixels

Conducting 20 experiments in each scenario, errors asso-
ciated with the detected tips and the manually labeled ground
truths in the right camera were computed and listed in Fig.
10(b). As summarized in Table. II, average errors in each
scenario were all under 6 pixels images, and the maximum
one was less than 8 pixels. Considering the image range, such
errors are considerably small, and the accuracy is sufficiently
satisfactory in the right camera’s frame.

An accurate 3D computation relies on whether the
matched points were properly identified in the image pair,
particularly for the grasping point. Based on accurate pairs
of suture thread’s tip and other planned key points in the left
camera, their correspondences can be computed by using

TABLE III: The average, maximum, and minimum errors of
detected grasping points in the right camera. Unit: pixels.

Ttems Average Maximum Minimum
without with  without with  without with
Group 1 14.5 4.6 189 59 11.7 2.1
Group 2 4.1 3.0 8.1 35 2.3 2.1
Group 3 44.8 4.7 49.1 53 41.5 3.8
Group 4 27.7 9.1 29.0 9.4 26.7 8.8

the iterative method. To testify the accuracy of the iterative
method in computing key points’ stereo-pairs, four different
scenarios with two short and two long suture threads at
different orientations were tested. A red marker was placed
on the thread to represent the desired grasping point. Besides,
experiments without using the refinement Algorithm 3 and
4 were also conducted as comparison.

With manually labeled grasping point in the right camera,
errors between the computed coordinates and the ground
truths can be obtained. For each scenario, the test was
repeated 10 times with various Pr and Py positions on the
image, and the typical results were shown and summarized
in Fig. 11 and Table. III, respectively. It can be noticed,
detected key points in the right camera were also matched
with the geometry of the suture thread. Compared to the
results without using the refinement algorithms, errors ob-
tained using our proposed method were all below 10 pixels
and were mostly even lower than 5 pixels. With all these
outcomes, it can be concluded a high accuracy of key points
matching in a stereo-camera can be achieved, satisfying the
requirements of the following 3D coordinates computation.

C. Experimental Results of 3D Coordinates Computation of
Suture Thread
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Fig. 12: (a)-(b). A suture thread lies on a tilt artificial tissue’s
surface; (c). 3D coordinates computation of suture thread’s
different orientations.

A suture thread was attached to an artificial tissue with
a declining surface in order to introduce a height deviation



TABLE 1IV: Computational Results of the suture thread’s
length between the tip and grasping points with different
orientations. Unit: mm.

Orientation 1 2 3 4
Computed length 35.8 35.15 33.8 334
Length error 0.8 0.15 12 1.6

between the tip and its grasping point, which was shown in
Fig. 12(a) and (b).

To facilitate the measurement for comparison, the distance
between the suture thread’s tip and grasping point was
set to 35 mm in advance, and the tissue was moved to
four different locations with respect to the camera frame.
Substituting the detected key point correspondences into the
triangulation relationship, the 3D spatial coordinates can
be obtained. The suture thread’s shape and total length can
be achieved by connecting these 3D points together, and
two results were illustrated in Fig. 12(c), and computational
outcomes of four experiments were presented in Table IV.

The constructed geometry showed a straight line with
height deviation at two ends, and the maximum length error
was reported as 1.6 mm, which was less than the 5% error
percentage of the suture thread’s total length. Given that
the computed lengths and the 3D shape both matched well
with the ground truths, the feasibility and accuracy of the
proposed model-free approach were consequently proved.

D. Robustness Tests and Analysis of 3D Pose Computation

To comprehensively evaluate the method, a suture was
pierced manually and configurated with three different

Ground truth - 15 mm  Ground truth - 25 mm

Left Camera

3D Shape

Ground truth - 40 mm

lengths between the cutting tip and the grasping point, which
were 15, 25, and 40 mm long, respectively. A grained cloth
was selected as the background, and a blob (marker) was
attached to the suture thread to mark the grasping point.

In each group, six experiments were conducted using
arbitrarily orientated suture threads, and typical results were
shown in Fig. 13(a). Besides, the robustness was further ex-
amined by changing the background to two different artificial
tissues, and the computational results were presented in Fig.
13(b). To validate the performance of the 3D reconstruction
for a suture thread with practical length, a long thread with
a 132mm length was also adopted to construct quasi circles
and heart shapes from its exist point to the cutting tip. Setting
the grasping point at the exit point, its complete shape can be
built up. For each specific shape, the suture thread was placed
at different locations, and six experiments were carried out.
Three typical results were shown in Fig. 13(c) and (d). The
outcomes of all experiments were summarized in Table. V.
The overall computational time of each experiment varies
from 40 to 60 seconds due to different environmental noises.

As can been seen in the figure, a smooth and curved
line between suture thread’s tip and grasping point was
successfully generated in each group, and each 3D shape
closely matched its prospective 2D views without singular
points. Referring to the computed lengths, the average errors
of each group were reported as 1.23, 0.57, 1.03, 1.57, 4.52,
0.60, and 3.52mm. Large errors also existed during random
tests, and it is noticed 6.6 and 5.0mm errors were reported
when computing the 3D length of the longest suture thread.

Compared to [45], they put their main efforts on the 2D

Backgrounds using two different artifical tissues - suture length 40 mm

Camera's View

3D Shape

Heart Shape - Ground Truth: 132mm

Fig. 13: Computed 3D shape of the suture thread with different lengths between the tip and grasping point on various
backgrounds. (a). Different lengths of a suture thread on a grained cloth; (b). 3D coordinates computation on two artificial
tissues; (3). A long suture thread’s 3D shape computation with specific shapes on artificial tissues.



TABLE V: The computed lengths of the suture thread with different lengths and shapes. Unit: mm.

Material Ground Truths Group 1 Group2 Group3 Group4 Group 5  Group 6 Average =~ Maximum
Error Error

15 16.2 159 135 14.5 16.6 16.7 1.23 1.7
Grained Cloth 25 243 25.8 25.1 252 26.1 245 0.57 1.1
40 39.8 42.8 38.5 39.8 39.9 414 1.03 2.8
Artificial Tissue 1 49 39.6 38.2 41.9 41.9 41.6 41.8 1.57 1.9
132(Quasi Round) 128.5 138.6 137.9 129.2 135.9 1324 4.02 6.6
Artificial Tissue 2 40 40.9 40.8 40.02 39.5 39.5 40.9 0.60 0.9
132(Heart Shape) 131.6 137.0 1334 1355 127.5 128.7 3.02 5.0

segmentation of a suture thread based on a learning method,
and its 3D coordinates were not computed in their studies.
Besides, our method eliminated the time-consuming data
collection and predictor’s training before carrying out this
suture thread’s segmentation and its shape computation task.
When evaluating average error percentages of long suture
threads which were calculated as 3.04% and 2.29% using
our method, a better performance was obtained compared
with the method presented in [29]. Considering our model-
free method rather than a model-based approach in [29],
and our results were obtained from more complex operating
environments, it can be concluded the approach reported in
this article can be more suitable and reliable for a suture
thread’s 3D computation in various scenarios.

Condition 4

Condition 2 Condition 3

Condition 1

poiat

Fig. 14: 3D reconstruction of a self-intersected suture thread.

During the manipulation, a long suture thread might be
messed up together, such as self-intersection condition which
was shown in Fig. 14. Under these circumstances, our
method is also feasible to compute its 3D shape, as well as
the desired grasping point. With a segmented suture thread,
the algorithm picks out key points along the its contour
in every 7 until reaching the desired grasping point, and
then it starts from the tip again and figures out other key
points along the remaining contour until traverses all contour
points. These key points were divided into two sets, and
they were highlighted using different colors. Accordingly,
their stereo correspondences can be located from the right
camera’s frame, and the 3D shape and the desired grasping
point P of a crossed suture thread can be thereby achieved.

V. CONCLUSIONS

This paper proposed a novel Initial-Position-driven It-
erative Computation (IPdIC) algorithm to help surgeons
evaluate the 3D position of a conventional suture thread
with no distinctive features or markers through a stereo-
camera system. After clicking the suture thread’s tip Pr and
its grasping P in the left camera, a proposed click-based
contour identification and closure (CCIC) algorithm can thin

the image into a contour pattern following a three-layer
workflow, and accurately locate these two points regardless
of manual click errors and environmental noises. Then, key
points along the suture thread can be autonomously generated
in the left camera.

To solve the problem due to the suture thread in an
arbitrary shape with unknown depth information, a maximum
virtual triangle based iterative computation was adopted for
3D reconstruction. By updating the geometry relationship
iteratively, stereo correspondences of the planned key points
can be obtained in the right camera. Refinement algorithms
were also employed for each newly obtained point to en-
hance its accuracy. Experiments associated with the tip
and grasping point detections in two cameras and the 3D
reconstruction of the suture thread in various conditions
were conducted. Special cases such as sudden drop and self-
intersection of a suture thread were also examined. The re-
sults confirm that key point correspondences in two cameras
can be accurately evaluated at the pixel level and provide
accurate information for 3D shape computation, proving the
performance and robustness of the proposed scheme.
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