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Abstract— In this study, we observe the dynamic behavior
of an inflatable robot arm with an internally reinforced drop-
stitch structure. We examine the deformation during motion
of 1 and 2 degrees of freedom (DOF) for an inflatable body.
The inflatable robot arm has a soft inflatable body as links and
rigid servo actuators as joints. We implemented a sinusoidal
motion for inflatable links for various payload conditions and
analyzed them using a Motion Capture system. To estimate the
dynamic deformation of the balloon in motion, we have defined
a Deformation Index (DI) metric. Angle, current of the actuator
(servo), and DI are used as input to polynomial regression to
predict the end effector position. With this analysis, we can
understand the complexity of modeling the nonlinear behavior
of inflatable links for multi-DOF motion. We observed DI helps
improve the prediction of the end effector position by including
deformation information. However, the results demonstrate the
limitations of polynomial regression analysis of an internally
reinforced inflatable robot arm link.

Index Terms— Soft Robotics; Human-Robot Coopera-
tion/Collaboration; Human-Robot/System Interaction

I. INTRODUCTION

Soft robots have shown potential for safe physical human-

robot interaction (pHRI) due to their inherent passive com-

pliance [1]. Within soft robots, inflatable robots provide

additional features like compactness and being lightweight,

making them suitable as links for constructing a collaborative

arm. Being lightweight can help reduce the inertia during

motion, resulting in low-impact force for unintended contact

with humans and surroundings. Our research focuses on

analyzing 1DOF and 2DOF inflatable robots with balloons

as links and servo actuators as joints, shown in Fig. 2b. From

this combination, we can get enough compliance from the

soft body and adequate control from the rigid joints [2].

Inflatable robots can have applications ranging from space
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exploration due to their lightweight nature [3] to healthcare

assistance for rehabilitation [4].

However, the inherent compliance of the inflatable balloon

causes difficulty in maintaining shape, stability, and control

during motion. Hence, we utilize balloons with internal

reinforcement that can help overcome deformations and

maintain shape. Sato et al. have shown one such structure

with internal reinforcement called ”drop-stitch” can help the

balloon to maintain shape even under external force [5].

Generally, inflatable structures with drop-stitch are often used

in surfing boards, air mattresses, and portable furniture. We

aim to explore the balance between flexibility and stability by

incorporating this drop-stitch structure into our robot links.

With the combination of inflatable links and rigid joints, we

examine the deformation of 1DOF and 2DOF inflatable arm’s

behavior in sinusoidal motion.

We utilized a Motion Capture system to track real-time

shape changes of the inflatable link, allowing us to analyze

dynamic deformations. We introduced a Deformation Index

(DI) metric to quantify these deformations and compare

them with different payloads. We used polynomial regression

models to predict the end effector position based on angle,

current, and DI as inputs. Our findings show the limitations

of polynomial regression and the complexity of nonlinear

deformations seen in inflatable links.

In this paper, we first present the construction and design

established in our previous work [2] shown in Section III.

Then, Section IV shows the details of sinusoidal motion and

the Deformation Index. Followed by experimental setup, data

collection, and experiments shown in Section V. We utilized

the data collected in Section V-B to model polynomial

regression, predict end effector positions, and evaluate it

in Section VI. Insights from the evaluation are discussed

in Section VII. Finally, the conclusion and future work in

Section VIII show our research direction. This work presents

the following contributions:

1) We have quantified deformations by introducing the

Deformation Index (DI) for a drop-stitch reinforced

inflatable link.

2) We evaluated the polynomial regression models to pre-

dict end effector positions from angle, current, and DI

as inputs and showed its limitations.

II. RELATED WORK

A. Design and Applications of Inflatable Robots

Inflatable robots recently have gained traction in soft

robotics due to their potential in safe, adaptable, and portable
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applications. One of the notable developments of a 2link

inflatable manipulator with polyurethane film was built by

Sanan et al. [6]. He demonstrated the utility of inflatable

structures in robotic applications for healthcare. Another

interesting fully inflatable humanoid robot “King Louie” for

space applications was built by Gillespie et al. [3] showing

the complexity of multi-DOF inflatable systems.

B. Structural and Deformation Analysis

Sato et al. [5] introduced drop-stitch structure in POrtable

and Inflatable MObility (POIMO) devices that improve load-

bearing capacity while preserving inherent compliance. An

inflatable body shows inherent nonlinear deformations that

are difficult to model accurately via traditional rigid-body

dynamics because of complex dynamic behaviors [7], [8].

Niiyama et al. [9] proposed a model to understand de-

formation and actuation for inflatable joints stressing the

importance of active pressure control in pHRI scenarios.

Troise et. al [10] built an inflatable arm for aerospace

applications with inflatable tubes and showed the relation

between radial deformations and air pressure. Armanini et

al. [11] and Longhui et al. [12] reviewed numerical methods

for analyzing nonlinear dynamics in soft robots and showed

the complexity of modeling soft robots.

C. Dynamic Analysis and Motion Capture

Since soft robots cannot utilize established conventional

concepts of robotics, we need to use accurate dynamic track-

ing systems like Motion Capture. Hofer et al. [13] tracked

an inflatable spherical robotic arm using Motion Capture to

evaluate their modeling and control. Thuruthel et al. [14]

demonstrated effective high-precision external sensing for a

soft robotic finger using Motion Capture as ground truth to

track the movements. Nazeer et al. [15] evaluated imitation

learning for a soft robot using Motion Capture data as a ref-

erence showing the potential of combining external sensing.

We also utilize Motion Capture data to address the dynamic

deformation analysis of internally reinforced inflatable links

in motion. Our study aims to find the complexity of the

inflatable link by analyzing the dynamic deformations of

1DOF and 2DOF motion while maintaining constant internal

pressure.

III. DESIGN AND CONSTRUCTION OF INFLATABLE ARM

A. Inflatable body with Drop-stitch

The inflatable body is internally reinforced with a drop-

stitch structure and is capable of maintaining shape under

external force. Drop-stitch is manufactured by connecting

two fabrics with the help of space yarns or threads and these

fabrics are coated with thermoplastic polyurethane (TPU).

The threads connect the inner surfaces of the fabric as shown

in Fig. 1. When an external force is applied to a normal

balloon, it bends, tilts, or deforms. But with a drop-stitch

balloon, it maintains its shape under external force due to

an increase in internal pressure. This occurs as the tension

in the threads influences the force distribution on the surface

of the balloon. When the drop-stitched balloon bends the

volume decreases and pressure increases (PV = Constant),

which results in pushing other parts of the balloon apart

leading to an increase in the tension in the threads.

Fig. 1: Transparent balloon sample with an internal drop-stitch structure.
The top and bottom surfaces are connected by threads or space yarn to help
maintain the shape of the balloon under external forces. Bending, titling, or
deforming is reduced due to force distribution by the threads.

B. Design and Integration of the Inflatable Link
The design of the Inflatable link is made of cuboidal shape,

measuring 95x10x10 cm (length, width, height) as seen in

Fig. 2a to analyze its behavior in the cantilever position. We

designed the integration of the balloon with actuator (servo)

by using a metal plate called a “balloon plate”. This balloon

plate is glued to a piece of fabric and then it is fixed onto the

surface of the balloon via strong adhesive, as shown in Fig.

2b(1, 2, 3). The actuator (Dynamixel Pro Servo motors) is

connected to another metal plate called the “mediator plate”,

which consists of 2 sets of holes, as shown in Fig. 2b(4). Now

the outer set of holes is screwed to the balloon plate, and the

inner set of holes to the actuator as shown in Fig. 2b(5). In

(a) Balloon dimension

(b) Actuator attachment process [2].

Fig. 2: (a) Inflatable balloon link dimensions are 950mm x 150mm x
150mm. To analyze its behavior in the cantilever position we use the
cuboidal shape. (b) Process for attaching the actuator on the inflatable
balloon link. (1)With an adhesive the balloon plate (1) is fixed to a fabric
piece(2), then attached to the balloon (3). Another metal plate called
”mediator plate” (4), connects the soft body (inflatable link) with the rigid
joint (servo frame) (5).

our previous research, Gubbala et al. [2] realized that the

top-bottom balloon configuration has the best resilience and

recovery to its original position after payload tests as shown

in Fig. 3. Hence, we choose top-bottom orientation for the

design of 1DOF and 2DOF links.

C. 1DOF and 2DOF Link Design
1DOF and 2DOF inflatable actuator orientations are de-

signed to allow simple to and fro motion that can help us get
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(a) Payload test(PT) (b) Before and After Evaluation

Fig. 3: (a) This shows three orientations for testing balloon resilience:
top-bottom, side-bottom, and side-side. We apply a payload to see how
well the balloon returns to its original shape in each position. The balloon
orientations are (1) top-bottom, (2) side-bottom, and (3) side-side. (b) This
graph compares the balloon’s bending angle before and after the payload test
for different orientations. The y-axis shows the bending angle in degrees.
The top-bottom orientation shows the least deformation, indicating the best
resilience. This plot is taken from our previous research[2]

dynamic deformations under different payload conditions.

Fig. 4 shows stick figure representations of these designs.

Fig. 4: Stick figure design for 1DOF and 2DOF inflatable links. The 1DOF
design oscillates in a single plane, while the 2DOF design allows movement
in two planes, enabling more complex motions for dynamic analysis.

IV. METHODS

In this section, we discuss the methods for analyzing

the inflatable link in motion. Sinusoidal motion is applied

to the link for to and fro motion, and then we define

the Deformation Index (DI) as a metric to quantify the

deformations.

A. Sinusoidal Motion of the Inflatable Link

When a soft body undergoes sinusoidal motion, due to

gradual increase and decrease in the speed, the inflatable

link can minimize deformations. This approach is used by

Huang et al. [16] and Sun et al. [17] to ensure structural

integrity during operation for soft bodies.

For the 1DOF setup, the link θ1 is rotated from +30° to

-30° in the x-z plane, completing two full cycles. Where

one cycle is defined as 0° to -30° to 0° to +30° to 0°. In

1 cycle we have 256 steps, where each step takes 17ms,

giving us a frequency of 59Hz. The whole system’s motion

frequency is 0.23 Hz. Similarly in 2DOF configuration servo

motors θ1, θ2 move in both the x-z and x-y planes making

a more complex trajectory by completing 2 full cycles.

For this research, speed is kept constant corresponding to

the operating frequency and to study the inflatable body

behavior.

B. Deformation Index for Inflatable Link

We have quantified the overall deformation of the inflat-

able link during motion by defining the Deformation Index

(DI). It measures the relative change in deformation from the

initial state (t = 0) at various positions along the link. We

compute this by calculating the change in length as shown

in this equation:

Fig. 5: Deformation Index (DI) is the mean relative error in length.
Calculation is done by comparing the original length Li to the deformed
length L′

i at different points along the link.

DI(L) =
1

N

N∑
n=1

( |Li − L′
i|

Li

)
(1)

Li is the original length and L′
i is the deformed length. The

change is in modulus for getting a positive value. N is the

number of markers on the inflatable link. The total sum of

the change in length across all markers is normalized by N
to get the deformation index. With this approach, we can get

DI for the whole link and it can be compared for various

loads for the same motion pattern.

V. EXPERIMENTS

In this section, we first show the experimental setup

to conduct the Motion Capture (MoCap) experiments and

collect the data while the inflatable robot is in sinusoidal

motion. The internal pressure of the inflatable link is kept at

6 PSI (41.3kPa) and is tightly sealed.

A. Experimental Setup

The inflatable link’s actuators are mounted on an alu-

minum frame for stability. We placed the setup in a MoCap

studio with high-speed IR cameras of 240 Hz frequency.

Reflective markers are fixed onto the link along the longest

edges with a total of 16 markers placed as shown in Fig.

6. This distribution allowed thorough tracking of the link’s

deformation.

Fig. 6: Inflatable link is attached with 16 reflective markers, that are evenly
spaced along the link’s edges, allowing precise tracking of deformation
during motion.
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1DOF

(a) 1DOF Setup (b) Top View (c) Isometric View

2DOF

(d) 2DOF Setup (e) Top View (f) Isometric View
Fig. 7: 1DOF and 2DOF setups vs end effector position plotted in different perspectives of the top view and isometric view. Blue dots show the reference
point of end effector. The top view for 1DOF motion shows straight line motion, where as the 2DOF top view shows a more complex pattern. 3D view
for 1DOF is an expected arc but adding another second joint makes 2DOF shift its extreme positions and move in 3D space.

B. Motion Capture Experiment

We performed 2 cycles of sinusoidal motion for 1DOF and

2DOF and collected angle, and current data for 512 steps.

We also collected the Motion Capture (MoCap) data as x,y,z

coordinates for the markers shown in Fig. 6. Each motion

of 1DOF and 2DOF has payloads of 0, 0.5, 1, 1.5, and 2

Kgs. We used barbell weights at the top of the inflatable

link and fixed it with a barbell clip onto the rod screwed to

the balloon. For both 1DOF and 2DOF motion, the servos

are moved from 0° to -30° to +30° to -30° back to 0°, which

is considered as 2 cycles. In 1DOF, the servo is moved in x-z

plane, whereas in 2DOF the servos are moved in x-z and z-y

planes as shown in Fig. 7. We have plotted the end effector

position from different views to understand the motion. For

example, 2DOF motion with a 2Kg payload is shown in Fig.

8 with images at every 30° angle change.

C. Deformation Index Analysis

From the data captured using MoCap studio, we calculated

the length between markers using Euclidean distance. Then

we input these lengths into the Deformation Index (DI)

Equation 1 for both 1DOF and 2DOF motion setups. To

understand the real-time deformation for a given step in the

motion, we have plotted the DI in a series of images showing

the behavior of bending in Fig. 8. Next, we plotted DI for

512 steps for all the payloads at their corresponding angle

for 1DOF and 2DOF setups for corresponding trial 1. For the

1DOF setup, the DI plot is shown in Fig. 9 and Similarly,

the 2DOF plot is shown in Fig. 10.

Trial 2 has a similar structure of DI of trial 1. Now to

check the correlation between DI and DOF, we plot mean

DI vs time steps for comparing 1DOF and 2DOF setups as

shown in Fig. 11 which confirms the complexity increases

as DOF increases.

VI. PREDICTION AND EVALUATION OF END EFFECTOR

POSITIONS

A. Predicting end effector Positions

Estimating the end effector position for an inflatable robot

arm is quite challenging due to its deformations; traditional

inverse kinematics cannot be applied directly. Hence, we

utilize the previously collected data as input features like ac-

tuator angles, actuator currents, and the deformation index, to

model a nonlinear relationship using polynomial regression

to predict the end effector positions EX , EY , and EZ .

1DOF system’s input features are the actuator angle A1,

actuator current C1, and the deformation index DI . 2DOF

system’s input features are actuator angles A1 and A2,

actuator currents C1 and C2, and the deformation index DI .

We define the polynomial regression for the 1DOF system

predicting EX , EY , and EZ at polynomial degree d (from

1 to 6) as:

Êi =
∑

j+k+l≤d
j,k,l≥0

β
(i)
jkl(A1)

j(C1)
k(DI)l, d ∈ [1, 6] (2)

In the above equation for i ∈ {X,Y, Z}, β
(i)
jkl are the

coefficients for each term. Similarly, for the 2DOF system

91



(a) t = 0 s (b) t = 1 s (c) t = 2 s

(d) DI at t = 0 s (e) DI at t = 1 s (f) DI at t = 2 s

(g) t = 3 s (h) t = 4 s (i) t = 5 s

(j) DI at t = 3 s (k) DI at t = 4 s (l) DI at t = 5 s

(m) t = 6 s (n) t = 7 s (o) t = 7 s

(p) DI at t = 6 s (q) DI at t = 7 s (r) DI at t = 8 s
Fig. 8: Time-lapse of 2DOF motion with 2kg payload. Images show link position at 1-second intervals. Below each image is a corresponding plot of the
DI vs. angle. This shows the deformation changes throughout one cycle till t = 4, then the second cycle starts. The red arrow in each Deformation Index
(DI) plot is the current position of the robot
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Fig. 9: 1DOF setup, where Deformation index (DI) (y-axis) vs. Angle (x-
axis, from −30◦ to +30◦) is plotted. With the increase in payload from
0 kg to 2 kg, DI also increases. It is observed that negative angles result in
more deformation than positive angles due to the inherent shape that is bent
towards the positive side. There is a delayed response present in the system
causing hysteresis, particularly at higher payloads due to deformations.

Fig. 10: 2DOF setup, where the Deformation index (DI) (y-axis) vs. Angle
(x-axis, from −30◦ to +30◦) is plotted. The inflatable link deforms more
compared to the 1DOF setup because of deformation in multiple planes.
The recovery after bending is difficult as the link remains in an extreme
position until the material is stretched, causing hysteresis at higher angles
and loads.

at polynomial degree d (from 1 to 6), the regression model

is given by:

Êi =
∑

j+k+l+m+p≤d
j,k,l,m,p≥0

β
(i)
jklmp(A1)

j(A2)
k(C1)

l(C2)
m(DI)p

(3)

Where in the above equation, d ∈ [1, 6], i ∈ {X,Y, Z}, and

β
(i)
jklmp are the coefficients for each term.

B. Evaluation with Euclidean Distance

To assess the prediction of the polynomial model, we

utilize Euclidean distance to measure the error between

the actual and predicted values. In the below equations,

EX,s, EY,s, EZ,s are the actual and ÊX,s, ÊY,s, ÊZ,s are the

Fig. 11: Mean deformation index (DI) vs. Payloads for 1DOF and 2DOF
motion is plotted. The 2DOF setup has higher DI consistently than the 1DOF
setup for all payloads. Both exhibit higher deformation with an increase in
loads, but the 2DOF system is more sensitive to deformation.

predicted end effector positions. The error in each direction

is defined as:

dxs = (EX,s − ÊX,s) (4)

dys = (EY,s − ÊY,s) (5)

dzs = (EZ,s − ÊZ,s) (6)

The Euclidean distance (ED) for a sample is given by:

EDs =
√
dx2

s + dy2s + dz2s (7)

For a given degree of freedom and its payload, we define the

net deformation as Mean Euclidean Distance (Mean ED),

which is the average of the Euclidean distance across S
samples (with S = 512 steps)

Mean ED =
1

S

S∑
s=1

EDs (8)

We verified the generalization of the polynomial regression

models by training models on trial 1 data and then testing

models on trial 2. To overcome overfitting, we used 5-fold

cross-validation and used Euclidean distance as an evaluation

metric. In Fig. (12, 13), we plotted Euclidean distance error

vs. time for all polynomial degrees 1 to 6. In these plots,

the linear model has higher error indicating the system’s

nonlinear behavior.

Next, we plot the overall mean Euclidean distance for

polynomial degrees 1 to 6 for both the 1DOF and 2DOF

systems in Fig. 14. For the 1DOF system, degree 5 has

the lowest error, and for the 2DOF system, degree 3 is the

lowest error. Even though 2DOF motion is complex, having

additional inputs such as A1, A2, C1, C2, and DI , compared

to 1DOF with only A1, C1 and DI helps it generalize 2DOF

at a lower degree.

C. Significance of Deformation Index (DI) for Prediction

To check if DI contributes to improving the prediction of

the end effector position for polynomial regression we set
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Fig. 12: Euclidean distance error vs time for the 1DOF is plotted with
polynomial degrees 1 to 6. Polynomial degree 1 always shows high error.
Spikes are seen for degree 6 because of possible overfitting. Degree 5 seems
to have a lower error as it is seen at the bottom.

Fig. 13: Euclidean distance error vs. time for the 2DOF is plotted with
polynomial degrees 1 to 6. Polynomial degree 1 has the highest error, while
higher degrees such as 5 and 6 show sharp spikes, indicating potential
overfitting. Degree 3 achieves the lowest overall Euclidean distance error.

DI = 0 and train the models. When DI = 0 it indicates the

balloon did not change its shape and check the influence of

DI on the polynomial models. This helps us to compare the

prediction of the polynomial model’s end effector position

with and without DI, for 1DOF and 2DOF setups. Fig. 15

shows the comparison of the mean Euclidean distance. In

all the cases, with DI improves the model’s performance by

reducing the prediction error compared to models trained

without DI.

With the addition of DI, models gain deformation insights

to help predict the end effector position accurately. DI is

currently calculated from Motion Capture, but by calculating

DI with the relative change of the inflatable body, we can

utilize DI as a system variable to predict the robot’s motion.

Fig. 14: Comparison of Mean Euclidean distance vs. polynomial degrees
1 to 6 for 1DOF and 2DOF systems is plotted. The 1DOF setup has
the least error at degree 5 and the 2DOF at degree 3. After the lowest
error, as the polynomial degree increases, the error also increases due to
overfitting. At degree 1, the highest error is observed, establishing the
nonlinear relationship in the data. Standard deviation error bands are plotted
to show data variation.

Fig. 15: Comparison of mean Euclidean distance for 1DOF and 2DOF setups
with and without DI for polynomial degrees from 1 to 6. Training with DI
shows consistency in reducing the error for both 1DOF and 2DOF setups,
indicating its importance in improving prediction accuracy for inflatable
body links.

VII. DISCUSSION

The limitations of modeling the behavior of inflatable

robot links using polynomial regression are discussed in

this section. For 1DOF and 2DOF setups, lower polyno-

mials showed higher errors up to an optimal degree, then

higher polynomials are prone to overfitting and errors have

increased. Also, the limitation of polynomial regression can

be seen as the complexity of the model grew from 1DOF to

2DOF, the error got higher, and the 2DOF model started to

overfit from earlier degrees. This shows polynomial models

have difficulty in capturing the inflatable robot’s behavior.

Our observations of increased system complexity with

higher DOF align with Armanini et al. [11] increased

complexity of multi-DOF soft manipulators. Polynomial re-

gression is a preliminary test for modeling inflatable links,

adopting more advanced techniques suggested by Santina et

al. [18] about combining model-based and learning-based

methods like recurrent neural networks can be beneficial. The

optimal polynomial degree selected in this study is based
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on the test data (trial 2) used in this study. We think a

more extended dataset would benefit further analysis of such

complex models, as suggested by Santina et al.

The significance of the Deformation Index (DI) is shown

by the improvement of prediction accuracy of end effector

position compared to models trained without DI. Models

that included DI had lower Euclidean distance consistently

across all the polynomials. Gubbala et al. [2] have utilized

a similar drop-stitch reinforced inflatable robot arm with

machine learning for wiping tasks. However, exploring more

generalized methods, such as predicting the end effector

position, would benefit multiple applications.

VIII. CONCLUSION AND FUTURE WORK

In this paper, we evaluated the end effector positions for

an inflatable robot link using polynomial regression. The

models were trained using angle, current, and Deformation

Index (DI) to predict the end effector positions for 1DOF and

2DOF sinusoidal motion under different payload conditions.

The 1DOF setup achieved the lowest Euclidean distance

error at degree 5, and the 2DOF setup at degree 3. This

is due to the additional inputs A1, A2, C1, C2, and DI ,

which provided more information to capture the system’s

complex dynamics. However, polynomial regression showed

performance limitations at higher degrees due to overfitting.

The comparison of prediction for polynomial models

trained with and without DI has shown the effectiveness

of DI for capturing the nonlinear behavior of an inflatable

robot system. On the other hand, as the polynomial degree

increased, sharp spikes were observed in prediction values

due to the overfitting of train data.

Our future work should explore machine learning methods

like neural networks or recurrent neural networks that are

proven to handle complex nonlinear behaviors. Calculating

DI directly with alternatives to Motion Capture, such as from

soft sensors or flex sensors can help improve the applications

in real-world scenarios. Additionally, integrating models that

are in real-time could increase stability and responsiveness,

making them suitable for applications in physical human-

robot collaboration and space exploration robotics due to

their lightweight and compact size.
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