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Abstract—Soft pneumatic robots are gaining significant atten-
tion due to their compliance and adaptability in unstructured
environments. While emerging dual-chamber soft pneumatic
robots can achieve complex 3D deformations beyond conven-
tional single-axis bending, real-time proprioception remains
challenging due to the high degrees of freedom and the complex
interaction between chambers. To address this issue, we propose
a multimodal learning-based sensing method that combines
camera and inertial measurement unit (IMU) and then extracts
full-body shape information using deep learning algorithms.
Our method enhances proprioception by effectively processing
high-dimensional sensor data, providing real-time feedback on
the gripper shape. The average error of key points was found
to be 3.67mm (Var 8.39) for our method, while the error was
4.36mm (Var 10.47) when a camera was used alone, or 9.32mm
(Var 21.29) when an IMU was used alone. Our multimodal
learning-based shape estimation and reconstruction empower
soft pneumatic grippers to be seamlessly integrated into the
embodied Al framework, significantly improving their reliabil-
ity and thus paving the way for applications in service robotics,
ehabilitation robotics, and human-robot collaborations.

I. INTRODUCTION

OFT pneumatic robots offer unique advantages in com-

plex manipulation tasks [1], [2]. Their high degrees of
freedom and inherent material compliance enhance safety and
reliability, particularly in delicate operations. [3], [4]. These
features also enable soft grippers to achieve more stable
and diverse grasps, increasing the contact surface area [5].
Although emerging dual-chamber soft pneumatic robots can
perform complex 3D motions [6]-[8] beyond conventional
single-axis bending [9], their deployment remains hindered
by the challenge of real-time full-body shape sensing, a crit-
ical requirement for precise closed-loop control in dynamic
tasks [10]. Without reliable shape estimation or feedback,
control strategies are less effective, which limits the practical
use of soft robots in real-world applications.

However, compared to other robotic systems, observing
the shape of soft robots is more costly. Many previous
studies have utilized exterior cameras to capture the complex
deformation behaviors of soft robots for manipulation [11].
Exterior cameras are prone to occlusion, and the gripper’s

“This work is supported by the Start-up Funding from the Chinese Univer-
sity of Hong Kong, Shenzhen (UDF01001987); the Funding of Shenzhen In-
stitute of Artificial Intelligence and Robotics for Society (AC01202201007-
02); the Funding of Guangdong Province (2021CX02Z251); the 2023 SZSTI
stable support scheme; Guangdong Basic and Applied Basic Research
Foundation (2022A1515110787 and 2024A1515012065); and the Shenzhen
Science and Technology Program (JSGGKQTD20221101115656029).

ISchool of Science and Engineering, The Chinese University of Hong
Kong, Shenzhen.

2Shenzhen Institute of Artificial Intelligence and Robotics for Society.

fCorresponding authors: Jian Zhu (zhujian@cuhk.edu.cn) and Yuan Gao
(gaoyuan@cuhk.edu.cn).

Camera Reconstruction
of Deformation

(Multimodal
Integration

Deep Networks

Undeformed

Bending Bending and Twisting

Fig. 1. (a) To effectively predict the deformation of soft grippers, the
sensor signals collected from camera and IMU are fused and processed
by a learning-based method. (b) Dual-chamber soft pneumatic grippers can
perform bending and twisting.

workspace must be restricted to prevent obstruction in the
camera’s field of view. Only using cameras mounted at
the bottom or inside of the gripper without external ones,
occlusion of the gripper’s end by the grasped object during
the grasping state still remains a challenge [12]. Therefore,
systems that rely solely on vision for shape capture either
provide incomplete information or are limited by the obser-
vational posture, which restricts the execution space. Another
approach is to use embedded self-sensing sensors, which
has achieved some success [13], [14]. But sensor deploy-
ment must consider how to effectively monitor deformation
without compromising the gripper’s functionality, softness,
and overall structure. [15]. Moreover, the deformation of soft
pneumatic grippers is highly flexible and complex, making it
difficult to describe the deformation process using traditional
rigid models [16]. Self-sensing systems based on this ap-
proach often struggle with data sparsity and fail to accurately
capture subtle 3D deformations. In response, researchers have
started to leverage advances in deep learning to capture the
complex and often nonlinear relationships between sensor ob-
servations and the soft robot’s state, achieving some success
[17].

Building on this, we propose a multimodal fusion method
that combines visual sensors and inertial measurement units
(IMU) for 3D shape modeling of soft pneumatic robots,
utilizes attention mechanisms and LSTM. This multimodal
fusion approach effectively addresses the issue of incomplete
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information in a single vision system and the data sparsity
problem in a self - sensing system. It showcases enhanced
robustness and flexibility when dealing with complex sce-
narios. Our method generates real-time digital models for a
soft pneumatic gripper handling objects of various shapes.
The average error of key points was found to be 3.67mm
(Var 8.39) when comparing our method’s outputs with an
external motion capture system, with the average error for
using the camera alone being 4.36mm (Var 10.47) and for
using the IMU alone being 9.32mm (Var 21.29). This work
not only extends the functional boundaries of soft pneumatic
grippers but also offers new design insights for low-cost,
high-performance robotic manipulation systems.

II. RELATED WORK

This section examines the research background and recent
advancements in soft pneumatic grippers. It first outlines
types of end effectors and their selection criteria, then re-
views vision-based deformation capture methods, and finally
analyzes proprioceptive sensing-based approaches.

A. Design of Dual-chamber Soft Pneumatic robots

Soft pneumatic robots have gained attention for their cost-
effectiveness, reversibility, controllability, and rapid response.
Various designs with specific deformations (e.g., elongation,
bending, twisting) have been proposed [25]-[27]. The soft
pneumatic two-finger gripper is widely used due to its simple
structure and ease of control [9]. However, its single motion
mode limits adaptability in diverse tasks. To address this lim-
itation, researchers have introduced parallel chamber designs
to enable spatial motion [6]-[8]. By specially designing the
shape and layout of air chambers and constraint layers, soft
robots can achieve a variety of motion modes [28], [29].
Among these, dual-chamber actuators offer significant advan-
tages in adaptability and manufacturing cost, making them
well-suited for precise manipulation and integration with
sensing and control functions. In our design, we propose a
dual-chamber soft pneumatic actuator with a narrow limiting
layer, which can not only bend but also twist (Fig. 1).

B. Deformation Estimation based on Vision

Vision-based deformation capture methods are widely used
for high precision and resolution in dynamic motion capture
[30]. However, they often require complex hardware and
precise initialization, making them costly and less practical
for general applications. To reduce these barriers, recent

studies have explored monocular RGB or RGB-D cameras
[31]-[33].Despite these advancements, vision systems remain
susceptible to occlusion, lighting variations, and visual in-
terference—critical challenges in highly interactive scenarios
[34]. Some studies have mounted visual sensors directly
within pneumatic actuators to address occlusion, but these
designs still face challenges with complex modeling and sig-
nificant bending angles [35]. This study uses a wrist-mounted
camera on a robotic arm to capture visual signals, a common
setup in robotic manipulation platforms, for estimating object
deformation near the gripper.

C. Deformation Estimation based on Self-sensing Sensors

Proprioceptive methods for non-visual deformation capture
rely on contact-based sensors to measure soft structure de-
formation directly, without external equipment [36]. These
methods are summarized in Table 1. Most proprioceptive
technologies capture only 1D or 2D spatial information
(e.g., resistive [13], [18], capacitive [14], [15], piezoelectric
[19], [20], and optical fiber sensors [21], [22]). Machine
learning is often employed to map low-dimensional sensor
data to 3D deformations [13], [18], but creating large datasets
and deploying sensors without affecting soft actuators are
challenging. In contrast, IMU sensors can directly acquire
3D orientation data with minimal interference [23], [24]. This
study uses an IMU-based method for high-precision endpoint
pose capture, laying a solid foundation for subsequent task
control.

III. METHODOLOGY

This section describes the methodology for dynamic de-
formation estimation and reconstruction of a pneumatic soft
gripper mounted on a UR3e robotic arm. The system inte-
grates a monocular RGB camera and two IMU sensors to
capture deformation data, with an external motion capture
system providing ground truth. A novel kinematic chain
model characterizes the gripper’s deformation, while a mul-
timodal perception system fuses visual and IMU data. A
deep learning-based approach processes this data to enable
accurate tracking and modeling of the gripper’s behavior,
ensuring precise real-time monitoring of its shape and pose
in complex, dynamic environments.

A. Hardware Setup

We employ a UR3e robotic arm as the carrier for a pneu-
matic soft gripper. The most important hardware component

TABLE 1
SUMMARY OF WIDELY USED SELF-SENSING SENSORS FOR MEASURING DEFORMATION

Sensor Type Spatial Dimension | Sensing Principle Key Characteristics

Resistive [13], [18] 1D, 2D Converts shape or structural changes (e.g., stretch, bend, | Low cost and widely used; prone to signif-
press) into resistance variations. icant drift.

Capacitive [14], [15] 1D, 2D Geometric changes affect the overlap area of capacitive | Flexible and fast response; commonly used
units, causing capacitance variations. in wearable electronics.

Piezoelectric [19], [20] 1D, 2D Deformation of piezoelectric elements alters surface | No external power required; sensitive to
charge density, generating polarization signals. dynamic deformation.

Optical Fiber [21], | ID, 2D Stress alters curvature radius and bending direction, lead- | Compact and precise, but requires expensive

[22] ing to changes optical characteristics of transmitted light. | signal processing equipment.

IMU [23], [24] 3D Uses accelerometers, gyroscopes, magnetometers, or their | Data drift issues but lightweight and com-
combinations to detect 3D orientation information. pact.
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is the pneumatic finger, which is manufactured as shown in
Fig. 2. The three views and dimensions can be found in Fig.
3. We use electromagnetic proportional valves to control the
input air pressure.

(a) Molding

(b) Bonding

(c) Attaching

Dragon
Skin 2

Lower Mold

Uncured

. Uncured
Silicone

Silicone

Fig. 2. Fabrication process. (a) Molding: The upper and lower molds are
assembled, and silicone (Dragon Skin 20) is poured into the cavity. (b)
Bonding: Cured silicone is bonded with uncured silicone to cover the lower
part of the finger. (c) Attaching: The cured silicone is attached to a plastic
layer, which serves as an expansion limit, with an additional layer of uncured
silicone.

A monocular RGB camera is mounted near the base of the
robotic arm to capture visual information around the root of
the gripper. This configuration is commonly used in grasping
systems, eliminating the need for additional cameras and
simplifying system setup. Additionally, we use an external
stereo motion capture camera to track key points as the
ground truth of the gripper shape, which we compare with
our estimate. An Inertial Measurement Unit (IMU) sensor
is integrated into the gripper’s tip, enabling the detection of
dynamic motion and 3D pose at the endpoint. Its lightweight
design ensures that it does not interfere with the gripper’s
deformation.

To mathematically represent the complex deformation of
the pneumatic gripper, we propose a new kinematic chain
model based on physical reality to represent the minimum
deformation unit and achieve relative position estimation, as
shown in Fig 3.

(a) Side View (b) Front View

(c) Back View

?
juin|

T}
i
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T

|
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Fig. 3. Geometric prior knowledge. The lateral (a) and dorsal (b) sections
of the gripper (denoted by green lines) experience significant deformation
due to pneumatic expansion, serving as the primary source for extracting
deformation data. The palmar center section (c) (outlined by black lines) is
made from a non-extensible material. The deformation of the base can be
effectively represented by a set of feature points (marked by red circles),
which are fewer compared to all key points (marked by blue points).

B. Perception System Architecture

1. Visual Perception Module

We have developed a dynamic monitoring framework
based on a visual system. To accurately extract the gripper’s
contours and dynamic features from the captured images, we

utilize the state-of-the-art SAM2 segmentation and detection
model to extract the flexible gripper, which is the target of
our processing, from the video stream. Following this, we
designed a specialized feature extractor based on Hiera to
extract shape-related features from the segmented gripper
images. These features include, but are not limited to, the
gripper’s contour shape, geometric dimensions, and the de-
gree of local deformation. Through this feature extractor, we
can transform visual information into quantifiable data thus
supporting the subsequent dynamic deformation analysis.
This approach allows us to accurately capture the intricate
details and variations in the gripper’s shape, providing valu-
able data for further analysis and decision-making processes.

2. IMU Perception Module

The IMU (Inertial Measurement Unit) Perception Module
is crucial for accurate pose estimation in dynamic environ-
ments and can provide a powerful supplement when the vi-
sual image is obscured. The processing of IMU data is mainly
to eliminate drift. Startup drift depends on factors such as
environmental conditions at startup and the randomness of
electrical parameters. Once the startup is completed, this
drift will remain at a fixed value, but this fixed value is a
random variable, so this component can be described by a
random constant (1). Fast drift, on the other hand, manifests
as chaotic high-frequency fluctuations superimposed on the
aforementioned components, which exhibit minimal or virtu-
ally no correlation at two closely spaced time points. It can
be abstracted as a white noise process wg;, that is (2) where
d(t — ) is the Dirac function. In summary, the drift can be
modeled as (3). We employed initial zero-bias calibration to
correct (1), and utilized the Kalman filter to reduce bias (2).

ébi =0 i:%y,Zﬁ (1)

E [wg'i (t)wgi (T)] = Qki6(t - T) L =1x,Y, 2, ()

61(t) = 5bi(t) —+ ’U}kz(t)

3. True shape annotation:

This study uses an external binocular motion capture sys-
tem (OptiTrack) to provide high-precision annotation of the
gripper’s real shape during operation. Active marker tracking
is employed by attaching reflective markers (infrared spheres)
to the gripper and target object. The system calculates the 3D
coordinates of these markers in real-time with sub-millimeter
accuracy via multi-view triangulation. The captured shape
data is stored in structured formats and synchronized with
visual features and IMU sequences through timestamps.
Considering factors such as feature point distinctiveness (with
clear geometric characteristics), stability (maintaining rela-
tively stable spatial relationships in task), even independent
distribution (each feature point should provide independent
information) , and an appropriate number (not too many
to tracking burden, while not too few to accurately reflect
deformation), a set of feature points are selected and arranged
as red circles shown in Fig. 3.

t=x,Y, 2. 3)

C. Learning-Based Modeling

In this study, we propose a deep learning-based multi-
modal perception modeling approach, with the following
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framework in Fig. 4. Our architecture combines attention
layer and LSTM. The processed visual features are first
passed through a self-attention layer, which is responsible for
managing the spatial relationships between camera features
and IMU features, dynamically selects salient features while
disregarding irrelevant information, and aiding the model in
better fusing visual and IMU information. Then the LSTM
captures the temporal dependencies of the two perception,
utilizes historical information to predict the position of key-
points, and maintains the smoothness and continuity of the
predicted trajectory. This design offers complementarity, with
the Attention aiding in the selection of important features and
the LSTM maintaining temporal consistency. The synergy
between the two is evident in multi-level feature extraction.
Additionally, this design is adaptable, with the Attention able
to adjust feature weights according to different scenarios, and
the LSTM capable of adapting to various motion patterns.

IMU Data Cam Data
' !
Posture Calibrator SAM2 Splitter Visual
Quaternion Features

Filter Attention Layer

Double-head Reconstruction
—| LSTM Components
1 !

1

Ground Truth of
Feature Points

Motion Capture Digital Shape

Fig. 4. Utilizing the SAM2 segmenter and feature extractor to process
camera data and obtain visual features. Then the processed visual features are
transmitted through a self-attention layer. Meanwhile, the IMU signals are
processed by a calibrator and a filter. Subsequently, the two types of features
are fused and processed by a dual-headed LSTM. Finally, the resultant values
are used to reconstruct the shape of the gripper.

For learning rate scheduling, we use ReduceLROnPlateau
method to reduce the learning rate when the loss stops
decreasing. The loss function we use is the MSE of the
feature point locations. An early stopping mechanism is
implemented to stop the training process if the validation loss
does not improve for 10 consecutive epochs. The optimizer
we use is Adam optimizer. In the training loop, all the data
batches are iterated every epoch. The best performing model
is saved throughout the training process.

D. Deformation Reconstruction and Visualization

We can inferred feature points that effectively characterize
the dynamics deformation of a single gripper. Leveraging
these feature points and the geometric prior knowledge3, we
can deduce the critical positional feature points essential for
accurate shape reconstruction as show in Fig. 5.

We define the 12 dorsal structural points as S7 ; and the 12
palmar structural points as S, j, where i, j € {1,2,...,12};

w is the angle between the vector 571575 and the vector
S1.551.9; 0 is half of w. R is the rotation matrix for rotating

the vector S7.5.51.1 by 6. Part (b) shows the solution process
of equation 4; oc; is the midpoint between Sy, and 57 4;
icy is the medial counterpart of oc;, and d is the distance

Fig. 5. The blue points in the figure are known points, the pink points
are the predicted points based on calculation, and the orange points are the
midpoints used in the solving process.

between the dorsal and medial sides. The positions of the
palmar structural points to palmar central points show a
similar relationship to those of the dorsal structural points
to dorsal central points. Part (d) shows the solution process
of equation 5.

R (51.1;5’1,5 _ 51'4)

S13 =514+ o0 ) 4)
iy = S11+ 514 S1.351.2 X 514511 45
2 |S1.351.2 X S1.451.1]|

The mathematical framework achieves precise reconstruc-
tion of the gripper shape by systematically analyzing the
deformation patterns captured by feature points. Based on
this, we propose a simplified point-line geometric model
for visual modeling. This model is highly computationally
efficient, making it suitable for real-time visualization and
interaction with intelligent agents. Additionally, the positions
of the feature points can be imported into finite element mod-
eling software to achieve high-fidelity digital reconstruction,
thereby meeting the demands of applications requiring high
precision.

IV. EXPERIMENTS AND RESULTS
A. Experimental Design

To comprehensively assess the accuracy of our shape
estimation system, we designed 5 different experimental
scenarios, as shown in Fig. 6: (1) Unobstructed motion,
(2) Rigid object manipulation of a cube, (3) Rigid object
manipulation of irregular shapes, (4) Soft object manipula-
tion, and (5) Manipulation with human disturbed situations
(shaking, touching, bending). These scenarios were carefully
selected to evaluate the system’s performance under various
operational conditions and external influences. In addition,
to assess the contribution of multimodal data integration,
we conducted comparative experiments using models trained
with a single perception modality under the same hardware
configuration. This comparative analysis not only highlights
the performance advantages of our multimodal fusion frame-
work but also provides valuable insights into the individ-
ual contributions of different perception modalities to soft
gripper deformation estimation. We analyzed the temporal
consistency of the shape estimation results to evaluate the
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(b)

Motion Capture f

. A .

Fig. 6. Experimental setup. (a) A motion capture system collects test data
during the gripper operation. (b) Five manipulation scenarios are tested:
cubic rigid objects, irregular objects, soft objects, artificially disturbed
motion, and unobstructed motion.

system’s stability over time. In these experimental scenarios,
we systematically compared the inferred shape feature points
with the ground truth values collected by a motion capture
system. To further quantify the system’s performance, we
employed a variety of evaluation metrics, including mean
average distance, chamfer distance, max distance and vari-
ance of these distances, to assess both the average and time-
varying performance across different tasks. These metrics
were calculated for each scenario to provide a comprehensive
understanding of the system’s accuracy and robustness under
diverse conditions.

B. Results

We tested and compared the keypoint coordinates obtained
through model inference with those from an external high-
precision motion capture system to measure the model’s
accuracy. The metrics evaluated included the average dis-
tance of keypoints, the Chamfer distance of point sets, the
maximum distance of keypoint errors, and the variances of
these measures. These results are presented in Fig. 7, Table
III and II.

The IMU provides only the end-effector orientation, lim-
iting accurate estimation of the manipulator’s overall shape.
Although using visual signals alone slightly improves accu-
racy, robustness is insufficient in scenarios with occlusions or
lighting changes. The fusion of these two sensing modalities

IS

= IMU Only
= Camera Only
= MU + Camera M

S

©

IS

()

Average Distance of Feature Points (mm)
(=2

)

60 80 100 120
Time (s)

Fig. 7. This figure illustrates the temporal variation of prediction error,
measured as the distance between keypoints and ground truth, in a cube
manipulation task across three modalities: IMU Only, Camera Only, and
IMU + Camera. The results indicate that the combined modality (IMU
+ Camera) achieves the highest accuracy, followed by the Camera Only
modality, and finally the IMU Only modality.

effectively mitigates performance degradation caused by data
distortion or noise. As illustrated in the Table III, both the
error values and their variances are reduced across various
metrics. As shown in the Fig. 7, in a typical cube manipu-
lation task, the prediction accuracy using the IMU modality
alone is lower than that using the camera alone, which in
turn is lower than the accuracy achieved by combining the
IMU and camera modalities during the majority of the time
period.

Through a comparison with ground truth, we demonstrate
the accuracy of the model in shape estimation across various
environments. In all cases, the average distance between the
ground truth and the estimated shape keypoints, as well as
the chamfer distance, are close, indicating that our feature
points are reasonably set with minimal confusion. In simple
environments, such as tasks without obstructions, the model
shows high accuracy with an average distance of 2.27mm.
In more complex environments, including irregular objects,
soft materials, and unobstructed motion, the model’s errors
stay at low range. When subjected to external disturbances,
such as high-frequency touches applied to the actuators, the
model’s accuracy declines, resulting in an error of approxi-
mately 6.45 mm. Despite this, the overall performance in all
conditions still outperforms traditional methods. The error
when manipulating soft objects is lower than when handling
irregular objects, which, in turn, is better than with cubic
objects, suggesting that the more compliant and rounded the
object, the smaller the estimation error by the model.

We visualized the reconstruction of feature points to
intuitively assess their accuracy. As shown in Fig. 8, we
analyzed the deformations of a pneumatic actuator under
various air pressure inputs and compared the actual pho-
tographic projections with model-predicted projections. The
results demonstrate that our reconstruction model accurately
reproduced the deformations for both single-channel and
dual-channel inflation.

V. CONCLUSION AND FUTURE WORKS

In this paper, we propose a novel multimodal frame-
work for the real-time estimation and modeling of defor-
mations in soft pneumatic actuators. Our method employs a
deeplearning-based pipeline that integrates data from cameras
and IMUs, leveraging multiple signal processing techniques
and models to fuse multimodal inputs into the pose estima-
tion of geometric feature points. This effectively establishes
a mapping from sensor signals to the shape of the soft
manipulator. We validate the effectiveness of our method
through extensive physical experiments, achieving precise
proprioception across a wide range of payload types and
task scenarios. The average prediction error on feature point
set across various scenarios is 3.67mm (Var 8.39). Our
approach provides a promising framework for perceiving soft
manipulators with complex deformations.

Although this study focuses exclusively on estimating the
deformation of pneumatic soft grippers using multimodal
deep networks, its potential applications extend far beyond
this specific domain. In the future, this work can bring
numerous operational benefits to various soft actuator tasks.
For example, it can detect whether an object being grasped
has a tendency to slip or if its orientation is skewed, thereby
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Fig. 8. The comparison between the real-shot and reconstructed images is shown from multiple perspectives. The pressures of the dual-chamber actuators
indicated as P1 and P2. The reconstructed images are obtained from the pipeline shown in Fig. 4.

TABLE I
PERFORMANCE METRICS FOR DIFFERENT SCENARIOS

Scenarios

Test volume

Average distance (Var)

Chamfer distance (Var)

Max distance (Var)

No obstruction

162

2.27mm (4.25)

2.26mm (4.18)

25.24mm (24.08)

Cubic rigid ob- | 216 3.41mm (7.82) 3.41mm (7.82) 18.86mm (21.77)
ject
Irregular objects | 215 2.78mm (3.27) 2.78mm (3.27) 19.45mm (18.11)
Soft objects 200 2.52mm (2.73) 2.52mm (2.73) 20.50mm (11.93)
Artificial 253 6.45mm (20.34) 6.33mm (17.27) 61.63mm (107.73)
disturbed
Averages 1046 3.67mm (8.39) 3.64mm (7.63) 30.63mm (40.29)
TABLE IIT

PERFORMANCE METRICS FOR DIFFERENT PERCEPTIONS
Perception Test volume Average distance (Var) Chamfer distance (Var) Max distance (Var)
Camera Only 1046 4.36mm (10.47) 4.28mm (8.29) 70.84mm (147.83)
IMU Only 1046 9.32mm (21.29) 8.79mm (12.89) 97.58mm (637.26)
Camera + IMU 1046 3.67mm (8.39) 3.64mm (7.63) 30.63mm (40.29)

enabling adjustments to the object’s posture. These capa-
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