
Vine Robot Localization Via Collision

Eugenio Frias-Miranda1, Alankriti Srivastava1, Sicheng Wang1, and Laura H. Blumenschein1

Abstract— Localization of robots is a complex task that is
often hindered by the sensors these systems use. Due to the
majority of field robots being rigid, most of these sensing
modalities have the same common faults, such as performance
being hindered when their camera vision is obscured. In
addition, rigid systems lack flexibility when traversing multiple
environments: especially when traversing uneven and unpre-
dictable ground. Soft robots, which can adaptably interact with
the environment, could serve as a solution to both problems.
One specific soft robot, the Vine Robot, has exhibited excellent
performance while moving through constrained, unpredictable
environments. This makes the Vine Robot an ideal candidate
for a novel method of sensing and localizing in environments,
obstacle collision localization. We use our understanding of the
nature of Vine Robot motion to be able to predict the tip
position of the robot at every instant based on sensor feedback.
Through the single obstacle experiments, it was found that our
algorithm can provide a precise picture of the tip position of
the robot in differing environments. Further, in a multi obstacle
demonstration, less than 5% max error relative to the full robot
length was observed on the path prediction. Our study helps lay
the foundation for a new method for Vine Robot localization
using contact as a new sensing modality.

I. INTRODUCTION

For a robot to efficiently carry out a desired task, it
must know where it is, which requires both an environment
map and the robot’s position. Simultaneous Localization
and Mapping (SLAM) has been a major focus area of
the robotics community for decades [1]. In general, the
position of the robot is found by acquiring scene information
and constructing a map by using the positioning [2]. A
range of techniques for localization have been developed
such as Extended Kalman Filter SLAM (EKF-SLAM) [3],
Particle Filter [4], and many more [5], [6], [7], [8]. Sensing
modalities for rigid robots with SLAM [9] primarily include
non-contact sensing: ultrasonic [10], Laser range Finders
[11], [12], Stereo Vision [13] and RGB-D depth sensors
[14], [15]. Localization of soft robots is more difficult due
to their compliance and complex reactions to external stim-
uli. However, this compliance also allows for exteroception
(ability to feel external stimuli) through proprioception [16].
To be easily integrable with soft robots, sensors measuring
shape change, i.e. local strain, should meet a few basic
requirements [16] For example, they must endure interaction
with the outside world and must avoid interfering with
the robot’s compliance. Due to the difficulty in integrating
sensors with soft robots, one approach is to use rigid sensors
like accelerometers which do not measure strain directly, but
rather infer it from the known kinematics [17], [18].
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Fig. 1. Top: Vine Robot (body material: LDPE, diameter: 7 cm, max robot
length: 2.4 m) interacting with a wall at 150° obstacle angle and 65cm pivot
point distance. Bottom: estimated path of the tip of the robot is obtained
using the proposed localization method.

Unlike rigid robots, soft robots can safely interact with
their environments, opening up contact based sensing. Soft
robots are made of compliant materials [19], which allows
contact with the environment to shape its locomotion [20].
Snake robots have used obstacle collision to propel them-
selves forward [21], [22]. The question becomes, how can
we leverage these responses for localization and mapping?

Vine Robots, also known as soft-growing robots, serve as
a potential testbed for localizing by using the environment.
Vine Robots possess a deformable structure, are pneumat-
ically driven, and extend from the tip via pressurization
[23]. Vine Robots can be passively steered by environmental
interaction [20], actively steered using series pneumatic
actuated muscles (sPAM) [24], or change their response to
the actuation with a shape-locking mechanism [25]. Vine
Robots have been applied to the fields of medicine [26],
archaeology [27], and space exploration [28]. Like many soft
robots, localizing Vine Robots is challenging. Cap designs to
be mounted on the tip of the Vine Robot have been designed,
[27], [29] and some work has looked at the kinematics of
Vine Robots in contact with the environment [30], [31] or
leveraging environment contact for navigation [20], [32],
[33]. In this work, we build on this sensing and modeling to
localize in unknown environments (Figure 1).

In this paper, we first introduce the localization method
using knowledge of the Vine Robot kinematics (Section II)
and designed multi-model sensing (Section III). Using this
localization model, we analyze the tip position prediction
(Section IV). Lastly, in Section V, we demonstrate the
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Fig. 2. Free body diagram of collision with sensorized obstacle, showing
variable geometry used in the analysis. The turning of the robot at the pivot
is exaggerated to illustrate the interaction with the obstacle.

localization over three obstacles.

II. LOCALIZATION OF A VINE ROBOT

A. Buckling Behavior of a Vine Robot

For a Vine Robot with only tip extension, turning occurs
passively due to contact with obstacles in the environment
[20], [31]. Contact with an obstacle can exist anywhere
along its body. Contact at the tip induces both axial (Fax,
opposite to the direction of growth), and transverse (Ftr,
perpendicular to the direction of growth) loads, resulting in
potential axial and transverse buckling respectively. Axial
buckling results in unpredictable behaviors, while transverse
buckling creates predictable pivoting at a previous contact
point. For most initial contact angles (i.e. angles 5 degrees
or more away from perpendicular), previous work has shown
that we should expect transverse buckling to occur [31].
Thus, to understand the configuration of a Vine Robot, the
key information is the location of the turnings (the pivot
point) induced from transverse buckling and the tip position.

Figure 2 shows the forces acting on the robot during
transverse buckling, the contact angle θcontact , and heading
angle θheading. The maximum contact angle θ max

contact that
causes transverse buckling, from Haggerty et al. [31], is:

θ
max
contact =

π

2
− tan−1(

R+µL f ree

L f ree−µR
) (1)

where R is the radius of the Vine Robot, L f ree is the
unsupported length from the pivot point to the tip of the robot
and µ is the coefficient of friction between the boundary of
the Vine Robot and the surface of collision. For a given
contact geometry (L f ree, R) and friction coefficient, when
θcontact ≤ θ max

contact , the transverse force component induces a
moment equal to the restorative internal moment, Minternal ,
at the last pivot point of the robot, based on the geometry
and internal pressure, P, calculated as [34] :

Minternal = FtrL f ree = πPR3. (2)

Notably, the moment depends only on the dimensions and
pressure of the inflated body. Thus, with the known robot
geometry and a measurement of Ftr, the distance between
the tip and the nearest pivot point, L f ree, can be estimated:

L f ree =
πPR3

Ftr
. (3)

For ease of calculation, we will treat the robot as a line
with zero width, so the length of the full robot (Ltotal) and
distance to pivot (L f ree), are taken from the midpoint of the
robot width to the center of the end cap arc (Figure 2).

B. Localization through Collision and Buckling

While moving, Vine Robots alternate between two states:
(1) a free growth state and (2) an obstacle collision state. In
an unknown environment, it is possible to know a robot is
in a free growth state through different sensing regimes: (1)
no force at the tip (Ftr = 0), (2) no change in heading angle
(θheading = θPrev, where θPrev is the last known θheading in free
growth), and (3) no contact at the tip. These conditions are
sufficient and necessary criteria for free growth. Using L f ree,
the θheading, and the known position of the pivot [xP,yP], the
estimated tip of the robot [xe,ye] can be calculated as:

xe = L f ree sinθheading + xP

ye = L f ree cosθheading + yP.
(4)

If all three of the free growth conditions are false, a Vine
Robot is in its obstacle contact state. As noted, the pivot
position of a robot changes as the robot comes into contact
with a new obstacle along its body and rotates around it. A
change in the pivot point can be detected when the change
in the L f ree of the robot is not the same as the change in the
Ltotal of the robot (∆L f ree ̸= ∆Ltotal). The new pivot position
is:

xP = xPprev +(Ltotal−L f ree−LPprev)sinθprev (5)

yP = yPprev +(Ltotal−L f ree−LPprev)cosθprev (6)

where LPprev it the distance to the last known pivot point.
The routine for calculating the tip position of the robot is
summarized in Algorithm 1.

III. DESIGN OF EXPERIMENTAL SETUP

A. Single Obstacle Setup

The base station’s mechanical, electrical, and pneumatic
components enable control of the Vine Robot’s motion [27].
The robot base is a pressure vessel composed of a large
acrylic cylinder with two end-caps, which stores the unde-
ployed robot body. The base contains a 3081 Pololu Encoder,
which calculates Ltotal , pressure regulators (QB3, Proportion
Air, McCordsville, IN, USA), and control circuitry. An
Arduino Mega 2560 and a motor driver (2A Dual Motor
Controller DRI0002) control a DC motor and the pressure
regulator. A switch next to the Vine Robot (body material:
Low-Density Polyethylene (LDPE), diameter: 7 cm, max
robot length: 2.4 m) indicates the start of an experiment.

B. Contact Sensing Cap Design

For the Single Obstacle Experiments, a contact sensing cap
was designed to obtain the θheading and θcontact (Figure 3).
The end cap follows the movement of the Vine Robot tip, and
it has a hemispherical shape for tangential collisions. Four
caster wheels provide free movement. An orientation sensor
(Adafruit BNO055) obtains the Vine Robot’s θheading, and
19 limit switches, equally spaced, measure the θcontact . The

2516

Authorized licensed use limited to: Purdue University. Downloaded on September 19,2024 at 20:59:58 UTC from IEEE Xplore.  Restrictions apply. 



Algorithm 1 Tip-position Estimation, PathRecon()

Input: L1...N
f ree , L1...N

total , θ 1...N
h , isContact1...N ;

Output: ptip = {[x1
e ...x

N
e ], [y

1
e ...y

N
e ]}.

▷ Abbreviating θheading as θh. All inputs are 1×N array.

pPprev ← [0,0]
LPprev ← 0
vprev← [sin(θ 1

h ) cos(θ 1
h )]

T

while i≤ N do
if isContact i then

pi
tip← pPprev +(Li

total−Li
f ree−LPprev)vprev+...

Li
f ree[sin(θ i

h) cos(θ i
h)]

T

if not isContact i+1, i≤ N−1 then
pPprev ← pi

tip
LPprev ← Li

total
end if

else
pi

tip← pPprev +(Li
total−LPprev)...

[sin(θ i
h) cos(θ i

h)]
T

vprev← [sin(θ i
h) cos(θ i

h)]
T

end if
i++

end while

switches were placed to maximize contact points for a more
accurate θcontact measurement. A communication and power
tether connects the robot cap to the base station’s electronics.

C. Pivot Point and Obstacle Placement Design

The experiment consists of the Vine Robot, the end cap, a
pivot point block, and an adjustable obstacle. The adjustable
pivot and obstacle allow for variable pivot point location and
obstacle angle. Due to the thickness of the robot cap, the
adjustable pivot is placed by hand after the robot tip grows
past; markings keep placement consistent. The pivot point
location, measured from the center of the obstacle’s front
panel, ranges from 35 to 75cm in 10cm increments. Given
a maximum desired obstacle angle of 170 degrees, we need
an inverse slenderness ratio, R/L f ree, of 0.08 or lower to
prevent axial buckling [31]. For R = 3.5 cm, L f ree of the
robot should be above 43.75 cm. The obstacle contained a
force transducer (ATI Mini40) to measure Ftr and could be
rotated to an angle (θobstacle ranging from 130° to 170° in
increments of 10°). The force transducer was positioned in
the obstacle due to constraints with the cap and to allow
a higher quality sensor (ATI Mini40). While a single pivot
point is used in the experiment, the algorithm is not limited to
estimating single pivot changes or single pivots on obstacles,
as will be shown in Section V.

D. Data Processing Method

Figure 4 gives the general architecture of the program
for obtaining the tip position ptip of the robot. First, the
binary output of the contact switch array is converted to
the contact angle θcontact by averaging the resultant angles
and the encoder readings are used to calculate the length of

0°

= 9.47°

180°
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Fig. 3. (a): the components of the experiment setup. (b): a top-view diagram
of the sensorized obstacle, showing the force transducer (orange) and the
definition of the obstacle angle, θobstacle. (c), (d): oblique and side views
of robot end cap with key components labeled. (e): a close-up view of the
contact switch array and the definition of the contact angle θcontact .

the robot, Ltotal . The routine also outputs a flag isContact
equal to 1 if any of the contact switches are triggered. The
transverse force Ftr is recovered from measurement by:

Ftr = FN sin(
π

2
−θcontact), (7)

where FN is the normal force detected by the force trans-
ducer. L f ree is then estimated with Equation 3 for every data
point with isContact = 1. To reduce measurement noise, a
moving average filter with a window span of 5 data is applied
to the measured values of FN and the pressure sensor, P.
Additionally, an estimator is applied to recover the position
of the pivot point, i.e., Lpivot = Ltotal−L f ree. In this paper, we
assume all obstacles to be polygons, so any change in pivot
position would be discrete events and Lpivot is a piecewise
constant in time. Given this assumption, a simple Kalman-
based discrete estimator [35] is constructed as:

x̂i+1 = Axi +Li(zi−Cx̂i)

Li = APiCT (Rwi +CPiCT )−1

Pi+1 = (A−LiC)Pi(A−LiC)T +Rvi +LiRwiLT
i

(8)

where x = [Lpivot
.
Lpivot ]

T are the states describing the pivot
position along the robot and its rate of change, and x̂ is
its estimated value.

.
Lpivot is obtained by finite difference of
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IMU 6-Axis Force SensorEncoder
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GetRobotLen()
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Obstacle
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Fig. 4. Flowchart depicting the logic to obtain actual Vine Robot tip
position. The hierarchy of major components, both hardware and software,
are shown along with key variables.

Lpivot . The matrices in Equation 8 are defined as:

A =

[
1 ∆t
0 ε

]
; C = I2×2;

Rwi =

[
σ(Lpivot,1...i) 0

0 σ(
.
Lpivot,1...i)

]
, Rv =

[
k1 0
0 k2

]
;

(9)
Since we assume Lpivot to be constant, 0< ε ≤ 1 is a constant
chosen to attenuate any velocity in the estimated state x̂.
Rv and Rw are the covariance matrices of the process noise
and measurement noise respectively. In this application, we
interpret Rv and Rw as a relative measure of our confidence
in the estimation based on the assumption and measured
values. In Equation 9, Rw is composed of the variance of
Lpivot and

.
Lpivot , from the ten data points preceding the ith

measurement. The factors k1 and k2 in Rv are factors chosen
to reflect the confidence in the constant-value assumption
relative to the measurement. The values of ε , k1, and k2
need to be selected heuristically and are assigned the values
of 0.1, 0.1, and 1 in our implementation.

Finally, the tip path of the robot is reconstructed with
PathRecon() routine as described in Algorithm 1. Due to
the design of the estimator, Lpivot is used in place of L f ree,
but this does not alter the algorithm as L f ree can be readily
obtained from Lpivot and Ltotal . The method described in
this section is implemented as an offline program for this
work. Since no global information is needed in each step,
it is possible to restructure the implementation for real-time
localization. This would be investigated in future work.

IV. SINGLE OBSTACLE INTERACTION EXPERIMENTS

A. Direct Sensor Measurements

We measured the θcontact , θheading, and Ftr plotted against
Ltotal for each experiment, an example of which is shown
in Figure 5. Some drift was observed in θheading over the
robot’s movement, so separate calibration tests were used to
estimate and subtract the average drift per distance traveled
from θheading. Repetitions of the same angle and pivot appear
to be consistent with one another. Increasing θobstacle leads

130o, 75cm

150o, 75cm, Trial 1
150o, 75cm, Trial 2 150o, 75cm, Trial 3

In Obstacle Contact Free Growth
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Fig. 5. From top down: unprocessed data obtained from end cap (θcontact ,
θheading) and sensorized obstacle (Ftr) are plotted against robot length. The
data while in contact with the obstacle are shown in solid lines and otherwise
in dashed lines. 3 trials of the median obstacle angle (θobstacle = 150°) are
shown with one trial of the minimum and maximum angle (θobstacle = 130°,
170°) considered in the experiments. All trials are conducted with a 75cm
pivot-to-obstacle distance.

to a larger θcontact and a larger change in θheading. Finally,
Ftr shows a similar range across all tests due to the Lpivot
being the same but the gentlest angle (130°) has a lower Ftr,
while the steepest wall angle (130°) has a lower Ftr. The
fluctuation in force measurement is significant due to the
effect of friction and intermittent contact between the robot
and the obstacle. A similar effect is observed for θcontact ,
where a reading that drops to 0 suggests the end cap is not
in contact with the obstacle, even if it remains in contact
later. To mitigate the effect, the data processing algorithm
holds the previous reading during the loss of contact.

B. Pivot Point Location

The pivot location along the robot (Lpivot ) computed ac-
cording to Section III-D is shown in Figure 6. In Figure 6(a)
the average estimated pivot position L̄pivot and its standard
deviation σpivot are plotted for each combination of testing
setup geometry; Figure 6(b) shows the errors in the pivot esti-
mate. Each value of L̄pivot and its associated σpivot is obtained
over all estimations throughout the robot’s contact with the
obstacle. The result shows a systematic underestimation of
the pivot position and significant measurement uncertainty,
with larger errors for pivots placed farther from the base
and obstacles at a smaller θobstacle. We concluded that the
error results from two major sources: first, the pressure at
the tip of the robot may be lower than the sensor-reported
value measured closer to the air supply, resulting in a higher
estimated tip-to-pivot distance L f ree and hence smaller Lpivot ;
Second, the intermittent loss of contact between the obstacle
and the robot results in zero readings.

To recover a more reliable and consistent value of Lpivot ,
an estimator was applied to the results (Section III-D). In
Figure 6(c) the distribution of estimated L f ree for θobstacle =
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Fig. 6. (a): estimated pivot position along the robot. Color indicates the
estimation made under a set pivot position. (b): estimated value error. (c):
distribution of the estimated L f ree before and after the estimator is applied.
The mean and standard deviation of both and the ground-truth value are
also shown. The values are obtained from a set of data collected with
θobstacle = 140◦ and pivot-obstacle distance of 45cm. (d): the unfiltered
(left) and filtered (right) L f ree for θobstacle = 150◦ at various base-to-pivot
distances. The robot exists the obstacle at a range of Ltotal as the robot takes
a different geometry with varying placement of the pivot.

140◦, pivot-obstacle distance = 45cm, is shown along with
L̄pivot , σpivot and the ground truth value of L f ree. The unfil-
tered data shows a dual-modal distribution with estimation
concentrated both near the true value and near zero. As the
Kalman filter assumes the process noise and measurement
noise to be zero-mean, the filter was unable to correct the
mean estimation for the result that is biased towards zero,
but to reduce σpivot to some extent. Figure 6(d) further shows
the evolution of L f ree throughout contact with the obstacle.

The raw estimation (left) shows a ramp-up behavior from
the pivot location at the base to a final value near the actual
location of the pivot, with noise from the contact force
measurement. The initial estimations may be incorrect as
the transverse buckling assumption, as described in Equa-
tion 1, is broken due to contact geometry and friction. While
attenuating noise, the application of the filter (right) has
limited efficacy for recovering the true pivot position. Due
to the assumed dynamics of the filter, which aims to reduce
instantaneous change in the filtered data, the recovery from
initial zero-valued measurement is slower than the raw data.

The errors observed in the experiment may be corrected
with improved hardware design and better filtering. Ongo-
ing work is also investigating a method to estimate Lpivot
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Fig. 7. (a): the tip position for 5 trials with varying θobstacle between
130°and 170°using the proposed localization method. The pivot is 75cm
from the obstacle. (b): the tip position for 5 trials of varying pivot-to-obstacle
positions between 35cm and 75cm. The obstacle is positioned at 160°. Tip
position is plotted as the center of the cap, R = 6cm.

geometrically from the time series of θcontact , θheading and
Ltotal , which potentially improves accuracy and precision by
utilizing measurements of greater confidence.

C. Actual Tip Position

The tip position localization results of the single obstacle
experiments are shown in Figure 7. Varying obstacle angle
results in a clear difference in the path angle and for the
Lpivot ∈ [35,75], 160° trials the tip position shows growth
about various pivot point locations and consistent growth
along the 160° obstacle. Fluctuations in the estimated tip
position may be linked to noise found in the force sensor as
well as orientation sensor drift. It is also important to note
that the tip position is the center of the end cap, meaning we
do not expect the tip position to reach the obstacle.

We next found the amount of error throughout the robot’s
length. The error is the distance between the actual and ideal
tip position of the robot (Figure 8a-b). The tip position error
tends to increase when the robot reaches the obstacle, which
is likely linked to the pivot estimation. The root mean square
error (RMSE) for each trial (Figure 8c-d) shows that as
the pivot point gets closer to the obstacle RMSE increases,
and a steeper angle also appears to increase RMSE, though
only slightly. It is noted that due to the geometry of the
experimental setup, the mean error observed in the path
estimation is generally smaller than that of the pivot point
estimation in Figure 6.

V. MULTI OBSTACLE DEMONSTRATION

After analyzing the algorithm’s behavior with a single
obstacle interaction, we demonstrate the performance of the
localization algorithm in a more complex environment of
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Fig. 8. (a): Error in tip position at 55cm using various θobstacle. (b): Error
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Fig. 9. Robot shape after 3 collisions

three obstacles. The obstacles in the experimental setup are
placed such that the θcontact the robot makes on collision and
the L f ree always satisfy the condition of transverse buckling.
For this experiment, θcontact is calculated using an overhead
camera due to errors in the measurement from the cap.
Figure 9 shows the robot shape after it has finished traversing
through the created environment. To create the dataset for
the localization algorithm, the force sensor is mounted on
one obstacle at a time. The 3 datasets created for each
collision are then combined to create one dataset to localize
the robot in the entire environment at every instant. As seen
in Figure 10, the robot starts growing with the base of the
robot as the pivot point. The initial θheading is 0 and the robot
continues moving in this direction until it collides with the
first obstacle. No change in the θheading indicates that there is
no collision with the environment or change in pivot point.

The collision of the robot with an obstacle is indicated by
a non-zero force value and a change in the θheading. From
the overhead camera, the θcontact with the first obstacle starts
at 30° to 60° after which the robot leaves this obstacle. The
L f ree is calculated using Ftr (Equation 3) and is approxi-
mately the same as the length calculated from the encoder
values. Thus it is known that there is no change in the
pivot point. The [xe,ye] are calculated using Equation 4, with
[xP,yP] as (0,0) and L f ree as the length computed from the
encoder. After leaving the first obstacle, the robot continues
to grow in the direction it has left the obstacle in, and the last
contact point is recorded for the pivot position, [xPprev ,yPprev ],
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Fig. 10. Calculated tip coordinate location. The solid lines show the tip
location calculated using sensors. The dashed lines show the tip position
calculated from an overhead camera. The dotted line is the predicted tip
position for the robot. (1) refers to dataset 1 and (2) refers to dataset 2.
This figure shows only the robot’s tip position, not its overall shape.

Fig. 11. Magnitude of error with respect to total length for interaction with
obstacle 3. The solid lines show the error with respect to the predicted path
of the camera. The dashed line shows the error with respect to the actual
path of the robot recorded by the camera

and length to pivot, LPprev . Collision with the second obstacle
is detected similar to the first. The θcontact for this interaction
ranges from approximately 50° to 75°. From Figure 9, we
see that this collision causes the robot to now pivot about
the first obstacle. The end coordinates of the robot are now
calculated using Equation (5) and (6). The calculations of
the changed pivot point lead to further inaccuracies in the
calculations of the end coordinates. As the robot continues
to grow, it has its final collision with the third obstacle. The
θcontact for this collision ranges from 50° to 72°. It can be
seen from Figure 9 that this collision also causes a change
in pivot point to the second obstacle.

To examine the performance of the localization algorithm,
we calculate the path error of the sensed tip coordinates
relative to the ideal predicted path, with points aligned by
total robot length and error calculated by the L2 norm; the
error with respect to the actual path recorded by the overhead
camera is also calculated (Figure 11). The RMSE for the first
and second datasets is 3.22cm and 7.65cm, respectively. The
maximum error, 20cm, represents 5% error relative to the full
length of the robot. It can be seen that the error increases
sharply at two points where the pivot point changes.

VI. CONCLUSION AND FUTURE WORK

We presented a method of localization via obstacle colli-
sions. Our setup used a sensorized end cap at the tip of the
Vine Robot alongside a sensorized environment. In the pivot
identification experiments, we robustly demonstrated that the
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algorithm is capable of detecting pivot point changes and
localizing the Vine Robot tip. Through the multi obstacle
demonstration, a less than 5% error in tip position was
observed using an overhead camera for validation, suggesting
the robot error is on par with other soft robot results.

Future work will explore adding more obstacles to the
pivot identification experiment, accommodating force sens-
ing on the tip of the Vine Robot, and creating a non-force-
based approach for tip localization with geometry as a center
point. While the main objective of this work was to localize
the Vine Robot tip, this work may serve as a baseline to map
the environment as well. The Vine Robot can be deployed at
multiple different angles from the start point to travel through
a different path and map the obstacles along that path.
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[35] K. Åström and R. Murray, Feedback Systems: An
Introduction for Scientists and Engineers, Second Edi-
tion. Princeton University Press, 2021. [Online]. Available:
https://books.google.com/books?id=l50DEAAAQBAJ

2521

Authorized licensed use limited to: Purdue University. Downloaded on September 19,2024 at 20:59:58 UTC from IEEE Xplore.  Restrictions apply. 


