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Abstract— In autonomous suturing with a surgical robot,
needle shape, diameter, and path are critical parameters that
directly affect suture depth and tissue trauma. This paper
presents an optimization-based approach to specify these parameters. Given clinical suturing guidelines, a kinematic model
of needle-tissue interaction was developed to quantify suture
parameters and constraints. The model was further used
to formulate constant curvature needle path planning as a
nonlinear optimization problem. The inputs of the optimization
include the tissue geometry, surgeon deﬁned entry/exit points,
and optimization weighting factors. The outputs are the needle
geometry and suggested path. Off-line simulations were used
to evaluate the accuracy and performance of the proposed
model, and to determine optimized needle geometry and path
for several clinically relevant input sets. The output and the
optimization results were conﬁrmed experimentally with the
Raven II surgical system. The proposed needle path planning
algorithm guarantees minimal tissue trauma and complies with
a wide range of suturing requirements.

I. INTRODUCTION
A surgical procedure may be decomposed into subtasks
including dissection, suturing, and tissue manipulation. Suturing is one of the most challenging and time consuming
of all surgical subtasks [1]. In minimally invasive surgery
(MIS), deﬁciencies such as reduced surgeon dexterity or limited visual feedback make this task even more challenging.
Surgical robotic systems, such as the Raven II (see Fig.
1), have solved many of these deﬁciencies by providing
additional degrees of freedom and leveraging sophisticated
vision systems [2], [3], [4]. However, suturing with these
systems, in which the surgeon serves as both the decision
maker and the operator, is still difﬁcult. For example, it
is challenging for the surgeon to estimate distances and
angles through an endoscope. Additionally, with limited
vision and/or haptic feedback, extracting the needle from the
desired point often requires multiple attempts, resulting in
increased tissue trauma and extended operation time [5]. The
limitations associated with the human operator along with the
repetitive nature of suturing make it a candidate subtask for
automation. The framework of automating suturing relies on
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Fig. 1: Raven II autonomous suturing workstation.

the surgeon for high level decision making while delegating
the execution of low-level motions to the robot, potentially
leading to improved surgical outcome.
Previous studies have focused on different parts of fully
automated suturing including knot tying [6], [7], [8], thread
tracking [9], [10], and dexterous needle manipulation [11],
[12], [13]. In particular, many research efforts focused on
generating an initial needle path which can be updated in real
time to adjust to environment changes. In [14], needle path
planning has been formulated as a non-convex optimization
problem subjected to kinematic constraints. This algorithm
is designed to minimize the suture length and maintain
orthogonal needle angle at the tissue entry point. Some
studies [15], [16] have proposed constant curvature path
(CCP) planning in which the needle only rotates around
its geometric center to pierce the tissue (see Fig. 2a-Fig.
2c). It was argued in these studies that the CCP algorithm
will result in minimal tissue trauma. However, due to the
constrained motion, important suturing requirements such as
adequate suture depth may not be satisﬁed [17], [18]. Needle
reorientation inside the tissue is proposed in other studies
[11], [14], [19], [20], [21], [22] to better follow suturing
requirements yet it may impose tissue trauma [13].
Contribution: Despite the fact that surgeons select needle
shape and diameter based on the wound/tissue geometry [23],
[24], previous studies have largely ignored these variables in
their path planning formulations. This study extends the current research effort by developing an algorithm that includes
tissue/wound geometry as inputs, and needle shape/diameter
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Fixed-center motion paradigm for needle path planning. (a) bite
time, (b) switching time, (c) extraction time.

Moving-center motion paradigm for needle path planning. (d) bite
time, (e) switching time, (f) extraction time.

Fig. 2: Fixed-center motion and moving-center motion concepts for needle path planning.

as outputs. Additionally, quantifying and minimizing error of
various suture parameters is used to overcome CCP motion
constraints and to fulﬁll a wide range of clinical suturing requirements. For accomplishing this goal, a kinematic
model to describe the needle-tissue geometric relation and
a nonlinear optimization formulation of the suture path are
proposed. The resulting algorithm was tested experimentally
using the Raven II surgical system.
II. M ETHOD
A. Suturing Guidelines
Suturing automation is based on clinical guidelines [19],
[25] that can be summarized as follows:
Suture entry/exit angle: The needle should enter/exit the
tissue orthogonally to minimize the shear stress around the
entry/exit points.
Suture stitching: The needle should maneuver inside the
tissue with minimal wrench to reduce tissue trauma.
Bite/Extraction: In the instant just before entering the
tissue, called bite time (BT), the rear end of the needle should
not be in contact with the tissue. Similarly, in the instant
just before the needle is extracted from the tissue, called
extraction time (ET), the tip should not touch the tissue.
Needle grasp: As the needle tip exits the tissue, there
should be an instant, referred to as switching time (ST),
when both sides of the needle are able to be gripped. More
speciﬁcally, the lengths of the needle outside of the tissue
are equal on both sides.
Suture entry/exit points: The needle should enter/exit the
tissue from points deﬁned by the surgeon.
Suture depth: It is usually suggested that the ideal suture
depth is equal to half the distance between the needle entry
and exit points.
Suture symmetry: The suture should be symmetric about
the wound to avoid uneven load distribution and trauma.
B. Needle Motion
Needle motion can be divided into two complementary
categories: motion in which the needle center is ﬁxed (see
Fig. 2a-Fig. 2c) and motion in which the needle center is
moving (see Fig. 2d-Fig. 2f).

In the ﬁrst category, referred to as Fixed-Center Motion
(FCM), the needle only rotates around its stationary geometric center (e.g. C0 in Fig. 2a-Fig. 2c). Note that the axis of
rotation is orthogonal to the plane occupied by the needle.
The second category, referred to as Moving-Center Motion
(MCM), includes all other motions. Namely, the needle can
translate or rotate in any way that causes its geometric center
to change position (e.g. C0 , C1 , and C2 in Fig. 2d-Fig. 2f).
The needle path can be generated by FCM and/or MCM.
The current study is focused only on FCM for two reasons.
First, there is a general consensus in the medical community
that following the natural curvature of the needle produces
the best suture [5]. Second, as suggested by [13], although
needle reorientation is possible in thin tissues, reorientation
from MCM may cause thick tissue to tear.
On the other hand, the limitation of FCM is that any
two combinations of suture parameters (deﬁned below) will
uniquely deﬁne the path. Due to this limitation, previous CCP
planning algorithms only fulﬁlled a few suturing guidelines.
For example, the method adopted in [15] met the entry and
exit point criteria while the algorithm used in [16] accounted
for entry point and entry angle requirements. Rather than satisfying a few suturing requirements, we bypass the limitation
of FCM by permitting, weighting, and minimizing error for
all suture parameters.
C. Kinematic Modeling of the Fixed-Center Motion Path
Assumptions: Similar to studies such as [16], [20], it is assumed that the forces/torques from needle-tissue interaction
are negligible because FCM ideally creates small shear forces
only. Under this assumption, neither the needle nor tissue
deform signiﬁcantly, and the suture path will be the same
as the needle path. Hence, the needle path planning can be
formulated as a kinematics problem. The needle is restricted
to planar motion as implied by ideal FCM. The tissue
geometry is assumed to be symmetric and is approximable
by Fig. 3. It is assumed that the surgeon speciﬁes symmetric
desired entry and exit points on the tissue (Id and Od ). Lastly,
access to needle shapes ∈ An = { 14 , 38 , 12 , 58 } is assumed.
Deﬁnitions and Conventions: The needle diameter refers
to twice the distance from the geometric center of the needle
to the tip. The needle shape refers to the arc length of the
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Fig. 3: Kinematic model of needle-tissue interaction at switching time.

needle as a fraction of the circumference of a circle. The needle path refers to the collection of needle tip conﬁgurations at
each time step. These conﬁgurations are uniquely deﬁned, in
2D, by the position of the needle center and needle diameter
(the needle is assumed to rotate clockwise throughout the
paper). All variables in the paper are listed in Table I.
→
−
We use, A , to refer to vector A. The x and y components
→
−
→
−
→
−
of A are referred to as A x and A y . The unit vector from
ˆ
point A to point B is labeled AB.
Suture Parameters: Based on the suturing guidelines, we
deﬁne six suture parameters (shown in Fig. 3) that quantify
an ideal needle path. These parameters are: 1) needle entry
angle (βin ), 2) distance between actual and desired needle
entry points (ein ), 3) needle depth (dh ), 4) needle-wound
symmetry (sn ), 5) needle exit angle (βout ), and 6) distance
between actual and desired needle exit points (eout ).
Needle Variables: Each suture parameters is a function of
four needle variables: the x position of the needle center (s0 ),
the y position of the needle center (l0 ), the needle diameter
(dc ), and the needle shape (an ). The ﬁrst two needle variables
are referred to as the needle position, while the other two are
referred to as the needle geometry.
Problem Deﬁnition: Under FCM, the needle diameter and
position uniquely identify the needle path deﬁned by the set
→
−
of all P , which is given by:

we consider ST and develop the kinematic relations between
the needle variables and the tissue geometry. At this instant,
the suture parameters can be formulated as follows:
1) Entry Angle:
π
βin = + α2 , 0 ≤ βin ≤ π
(2)
2

−
→
−
→ dc
(1)
P = C0 + C0ˆP
2
In this equation, C0ˆP is calculated at each time step.
The problem is therefore deﬁned as ﬁnding the optimal
combination of the needle variables to make a needle path
that fulﬁlls suturing guidelines.
Suture Parameters Formulation: Due to the fact that the
needle variables are time-invariant during FCM, they need to
be speciﬁed only once. To meet the needle grasp requirement,
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TABLE I: Deﬁnition of variables in order of appearance.
Variable
C0
Id
Od
βin
ein
dh
sn
βout
eout
s0
l0
dc
an
P
α2
Ia
G
M
γ
α1
Oa
t
lio
ww
Ei
EO
Q
hti
lg
lins
λi
dt

Deﬁnition
Needle’s geometric center
Desired needle entry point
Desired needle exit point
Entry angle
Distance between Ia and Id
Needle depth
Needle-wound symmetry
Exit angle
Distance between Oa and Od
x position of C0
y position of C0
Needle’s diameter
Needle shape
Tip of the needle
Angle between the tissue surface and Co Oa
Actual needle entry point
Origin of x-y frame and midpoint of Od Id
Deepest point of needle
Angle between Eo Od and Ei Id (tissue angle)
Angle between the tissue surface and Co Ia
Actual needle exit point
The distance between Id /Od and Ei /Eo
Distance between Id and Od
Wound width
Edge of wound on entry side
Edge of wound on exit side
Rear end of the needle
Input to stop unwanted needle-tissue contact
Length of the needle out of the tissue at ST
Min. length of needle the instrument can grasp
Optimization coefﬁcients
Diameter of the trocar

2) Distance Between Actual and Desired Needle Entry
Points:
−−→
ein = |Id Ia |
(3)

4) Needle-Wound Symmetry:
sn = |s0 |

(5)

5) Exit Angle:
π
+ α1 , 0 ≤ βout ≤ π
(6)
2
6) Distance Between Actual and Desired Needle Exit
Points:
−−−−→
(7)
eout = |Od Oa |
βout =

Where:
t=

lio − ww
2 cos( π−γ
2 )

(8)

−−−→ −−−→ −−−→
C0 Od + Od Oa = C0 Oa

 l
dc
− io
2 − s0
+ eout OdˆOa = C0ˆOa
⇒
0 − l0
2


det( IdˆIa IdˆEi ) = 0, collinear


det( OdˆOa OdˆEo ) = 0, collinear
C0ˆIa · IdˆEi = − cos(α2 )
C0ˆOa · OdˆEo = − cos(α1 )
Where:


IdˆEi =

cos(π − ( π−γ
2 ))
sin(π − ( π−γ
2 ))


OdˆEo =

cos( π−γ
2 )
sin( π−γ
2 )

αi = sin

(

dc

(l0 − tan(

+ s0

− d2c cos(α1 +

 →
−  
Qx
cos(2πan )
=
→
−
sin(2πan )
Qy

(17)




s0
−sin(2πan ) −−→
C 0 Ia +
cos(2πan )
l0
(19)

(9)

(10)

−−→
C0 I a =



ww
2

+ (t − ein )cos( π−γ
2 ) − s0
ein sin( π−γ
)
−
l0
2


(20)

Equation (18) states that Q must be at least hti (an input)
above the surface of the tissue.
2) Switching time constraints:
lg ≥ lins

(21)

−−−→
|Ia Oa | ≥ ww

(22)

−−→
π−γ
)≤0
GM y − t sin(
2

(23)

−−→ −−→
Id Ia · Id Ei
≤1
t2
−−−→ −−−→
Od Oa · Od Eo
≤1
t2

(24)

(11)

(12)


(13)


(14)

(9)-(12) specify eight equations with eight unknowns of
α1 , α2 , ein , eout , IdˆIa , OdˆOa , CoˆIa , CoˆOa . Using the solve
function in MATLAB® (The MathWorks Inc., Natick, MA)
and simplifying, we obtain:
γ
−1 2 sin( 2 )

π−γ
lio
2 )+ 2
cos( π−γ
2 )

eout =

(16)

Note that βin , βout , ein , and eout are nonlinear functions
of the needle variables.
Ideal Suture Parameters: Based on the suturing guidelines, it is possible to quantify ideal values for each suture
parameter. The ideal βin and βout are π2 . ein , eout , and sn
should each be zero. dh is usually set to lio
2 , but can be
changed if the surgeon prefers a different needle depth.
Kinematic Constraints: The kinematic constraints between the needle and tissue are deﬁned at BT, ST, and ET.
To keep our analysis general, kinematics constraints imposed
by the robot such as RCM are not considered.
1) Bite time constraint:
→
−
π−γ
) ≥ hti
(18)
Q y − tsin(
2
Where:

For obtaining values of α1 , α2 , ein , and eout we consider
the following equalities:
−−→ −−→ −−→
C 0 I d + I d I a = C0 I a
 l

io
dc
2 − s0
⇒
+ ein IdˆIa = C0ˆIa
0 − l0
2

− s0

− d2c cos(α2 +

3) Needle Depth:
−−→
dc
π−γ
π−γ
)| = | −
+ l0 − t sin(
)|
dh = |GM y − t sin(
2
2
2
(4)

π−γ
lio
2 )+ 2
cos( π−γ
2 )

ein =

π − γ lio
)( + (−1)i+1 s0 )))
2
2
(15)
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Where:

lg =

πan dc −

dc
2 (γ

− α 1 − α2 )

2

−−−→
γ − α1 − α2
)
|Ia Oa | = dc sin(
2

(25)

(26)

Fig. 4: Feasible solution set. 3D Feasible solution subsets for needle shapes equal to: (a) 14 , (b) 38 , (c) 12 , (d) 58 .
Inequality (21) states that lg has to be greater than lins so
that grasp can properly switch between the two instruments.
Inequalities (22) and (23) express that the needle has to be
inside the tissue. The inequalities in (24) are to make sure
that the needle enters the tissue from one side and exits
from the other. Fig. 3 depicts an example where all these
inequalities are met (assumption: lg ≥ lins ). Note that the left
sides of all these inequalities are functions of multiple needle
variables and, with the exception of (23), are nonlinear.
3) Extraction time constraint:
−
→
π−γ
) ≥ hti
P y − tsin(
2

(27)

→
−
Equation (27) is equivalent to (18) but for ET. P y can be
→
−
calculated analogously to Q y .
Optimization Formulation: The CCP of the needle can
be formulated as a nonlinear optimization problem with
suture parameters deﬁned in (2)-(7) and kinematic constraints
speciﬁed in (18), (21)-(24), and (27). This formulation can
be stated as:
Minimize J
l0 ,s0 ,dc ,an

J=

6

i=1

λi (|SPa,i − SPd,i |) =

6


(28)

constraint inequalities. The inputs are λi , γ, lio , ww , lins ,
and hti . The outputs are dc , an , s0 , and l0 . This problem
is solved numerically using a brute-force search algorithm
in MATLAB. First, each of the four variables of the needle
is iterated through a permissible set of values (l0 , s0 , and
dc ∈ R, and an ∈ An ) to obtain a feasible solution set in
which all the inequalities are met. Step size for l0 , s0 , and
dc are set to 1 mm which is compatible with the accuracy
of Raven II. Note that the terms (Δi ) in (28) have different
units (rad for angles and mm for distances). Hence, each
term is normalized to [0,1] to obtain Δi . The normalized
cost function, J, can be formulated as:
Minimize J
l0 ,s0 ,dc ,an

6

J =

(Δ −Δ

i=1

6

)

i
i,min
λi (Δi,max
−Δi,min )

6

=
λi

i=1

λi Δi 

i=1
6

(29)

λi

i=1

In (29), Δi,min and Δi,max are the minimum and maximum values of Δi within the feasible solution set. J is
calculated over the feasible solution set and the minimum
value speciﬁes the optimal selection for the needle variables.

λi Δ i

i=1

In (28), J is the cost function and λi are optimization
weighting factors proportional to the importance of the ith
suture parameter. SPa,i and SPd,i are the actual and desired
values of each suture parameter, and Δi is the absolute error
between SPa,i and SPd,i .
Solution Algorithm: The equation in (28) solves for
four independent needle variables and is subject to seven

III. S IMULATION R ESULTS
A. Full 4D Feasible Solution Set
Fig. 4 displays the full feasible solution set for the
following input set: λ1 = λ2 = ... = λ6 = 1, γ = 4π
5 , lio = 16
mm, ww = 5.5 mm, lins = 10 mm, and hti = 8 mm. These
values were obtained from measurement of the experimental
setup, manual selection of reasonable entry and exit points,
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Fig. 5: Optimal 2D Feasible Solution Subsets for (a) dc = 66 mm and an =
mm and an = 12 , (d) dc = 32 mm and an = 58 .
and equal contribution (16.6%) of suture parameters to the
solution. In order to show the full 4D feasible solution
set, the 3D feasible solution subset for each an is plotted
with the calculated normalized cost of each point. Note that
standard suture needles do not exceed 77 mm in diameter
[26], providing the upper bound on each of the subplots.
B. Optimal 2D Feasible Solution Subsets
Fig. 5 displays the 2D feasible solution subsets with
optimal dc for each an . The normalized cost of each point
is displayed. The pink points are the optimal s0 and l0 for
each of the 2D feasible solution subsets. The pink curves
show the needles centered at the optimal s0 and l0 at ST.
C. Effects of Optimization Weighting Factors
λi s are optimization weighting factors which are selected
based on the recommendations of the surgeon. Fig. 7 depicts
results of simulations with the same input set previously
listed, but with different optimization weighting factors.
D. Effects of Tissue Geometry
To demonstrate the effects of tissue geometry on optimal
needle variables, different sets of γ and ww were simulated
and the results are presented in Table II. lio was set to three
times ww for each scenario. All other input variables were
kept the same as in Fig. 4.
TABLE II: Optimal needle variables for different tissue
geometries.
γ
π
π
π
6
π
6
5π
4
5π
4

ww
1 mm
5 mm
1 mm
5 mm
1 mm
5 mm

Opt. dc
27 mm
36 mm
15 mm
58 mm
26 mm
53 mm

Opt. an
5
8
1
2
1
2

all
5
8
1
2

Opt. l0
9 mm
10 mm
7 mm
28 mm
1 mm
17 mm

1
4,

(b) dc = 43 mm and an =

3
8,

(c) dc = 31

IV. ROBOTIC E XPERIMENTAL V ERIFICATION :
A. Experiment Setup
To experimentally evaluate the proposed algorithm, a
Raven II surgical robotic system was used. The system
consists of multiple three-degree-of-freedom (3-DOF) cableactuated spherical positioning mechanisms designed for use
with interchangeable 4-DOF instruments. A single manipulator of the Raven II, outﬁtted with a large needle driver
(Intuitive Surgical, Inc.), was deployed. Similar to [14], a 3Dprinted jaw-mounted needle guide (see Fig. 6) was utilized
to enable the needle driver to securely grasp the suturing
needle. The suturing is completed on a ITM-30 tissue phantom from Simulab Corp. The phantom was manipulated to
modify tissue angle (see Fig. 1). Based on the results of the
simulation (see Fig. 5c), a size 1 CTX taper point needle
(Ethicon Inc.) with an = 12 and dc = 30.55 mm was used.
B. Experiment Results
The robot was programmed to complete a CCP from BT
to ST. A complete sequence of the needle motion is shown
in Fig. 6. Eight trials of automated suturing were performed.
Direct measurements were obtained for ein , eout , and dh .
Geometric relations of the measured distances between Q,
Ia , and Ei , as well as P , Oa , and Eo were used to obtain
βin and βout respectively. The calculated βin and βout along
with the measured Eo Ei were used to acquire sn . Each
TABLE III: Desired, simulation, and experiment suture parameter values.

Opt. s0
0 mm
0 mm
0 mm
0 mm
0 mm
0 mm

Suture Param.
βin
ein
dh
sn
βout
eout
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Desired
1.57 rad
0 mm
7.99 mm
0 mm
1.57 rad
0 mm

Simulation
1.91 rad
4.56 mm
9.15 mm
0 mm
1.91 rad
4.56 mm

Experiment
1.96 ± 0.07 rad
4.83 ± 0.62 mm
8.44 ± 0.73 mm
0.25 ± 0.12 mm
2.03 ± 0.11 rad
4.69 ± 0.57 mm

Fig. 6: Sequential images of automated suturing experiment from bite time (a) to switching time (e).

measurement was taken three times. The mean and standard
deviation of each suture parameter is given in Table III.
V. D ISCUSSION

captures this by outputting different optimal needle variables.
Our model suggests that there is no practical difference
between needle shapes, when all other variables are optimal,
in some suturing situations (e.g. γ = π6 and ww = 5 mm).

A. Feasible Solution Set
The feasible solution set produced by the algorithm,
shown in Fig. 4 and Fig. 5, can be examined for accuracy.
Physically, a larger diameter allows the needle to translate
further in both x- and y-directions while maintaining a valid
conﬁguration. Minimum l0 is dictated by needle diameter
and shape due to the grasp constraint. Additionally, the BT
and ET constraints disallow solutions with large an , small
l0 , and large |s0 | as is particularly noticeable for an = 58 .
Without the BT and ET constraints, the 3D subsets of larger
shapes would fully contain the 3D subsets of all smaller
shapes.
B. Cost
Each point displayed in Fig. 4 and Fig. 5 is color coded
based on the calculated cost, with dark blue corresponding
to lowest cost and bright yellow to highest cost. It should be
noted that although the validity of any particular solution is
in part determined by needle shape, the cost is not dependent
on needle shape. For the given input set, in which all suture
parameters contribute evenly, the algorithm heavily favors
solutions with small |s0 | as this creates symmetry.
C. Optimization Weighting Factors
In Fig. 7, each needle solution closely satisﬁes the parameters for which it is heavily weighted. It should be noted
that not all of the input sets of λi are clinically realistic, but
are chosen to demonstrate the performance of the algorithm.
The solution in (i) overwhelmingly favors βin and dh , and
therefore performs poorly in terms of the other parameters
(most notably ein ). The solution in (iii) results in a very
large dc to satisfy (21) while almost only considering βin and
βout . Note that when βin and/or βout are heavily favored,
the needle center tends towards the line of the tissue surface
(case (i), (iii), and (iv)).
D. Effects of Tissue Geometry

E. Error Sources in the Experiment
Table III shows that the experimental results very closely
match the simulation results despite several sources of error.
These sources include:
Tissue Geometry Approximation: The algorithm assumes the tissue does not curve on either side of the
wound. The manipulated tissue phantom had a concave down
surface. As such, the measured dh was less than simulated.
Furthermore, all points on the tissue move slightly during
each trial due to needle-tissue interaction forces [22].
Flexibility in the Robot: Compliance in the Raven II and
the large needle driver cause error between the programmed
and actual paths of the tool tip. This can lead to unmodeled
forces/torques between the tissue and the needle [27].
Deformation and Deﬂection of the Needle: While the algorithm assumes tissue with negligible resistance, the actual
tissue does provide resistive forces/torques to motion even
with an ideal CCP. Additionally, even with the needle guide,
some deﬂection can occur between needle and tool tip.
F. Application to MIS
The algorithm is generic and applicable to both MIS and
open surgery. The values of lins and hti in the experimental
setup were chosen due to use of an 8 mm wide jaw-mounted
needle guide. This limited the solution set to relatively large
needle diameters appropriate for open surgery. In clinical
MIS applications these values could be reduced to 2-3 mm
each. This could permit needles with small enough diameters
to ﬁt through the trocar. In particular, the results of the
algorithm with identical inputs to the previous simulation
(Fig. 4) but with lins = hti = 3 mm will be s0 = 0 mm, l0 = 3
mm, an = 12 , dc = 18 mm which can ﬁt in a 10 mm trocar. For
MIS applications, the following inequality which provides a
reduced upper bound for dc , based on trocar diameter (dt ),
should be added to the algorithm:

As previously mentioned, surgeons select suturing needles
based on tissue geometry. Table II shows that our model
2397

dc ≤ csc2 (

an π
)dt
2

(30)

Fig. 7: Simulations for various optimization weighting factors

VI. C ONCLUSION
In this paper, we presented a constant curvature path planning algorithm which minimizes tissue trauma and optimizes
needle variables to satisfy recommended suturing guidelines.
The main novelty of our method is to allow and minimize
errors for all the suture parameters rather than satisfying just
a few, as was considered in previous studies.
The algorithm correctly identiﬁes the feasible solution set,
calculates the cost of each solution, and selects the lowest
cost solution for any input set. The output was examined for
numerous situations with variations in tissue geometry and
optimization weighting factors.
The accuracy of the model was tested on a tissue phantom
using the Raven II. The measured results indicate the model
is accurate and the assumptions are reasonable.
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