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Abstract— Soft robots offer safe and adaptive interaction with
humans and unstructured environments through their inherent
ability to deform and comply. Pneumatic actuators are one
way to build soft robots. They are typically made from soft
silicone materials and are especially effective for driving such
systems, enabling smooth and adaptable motion. However, their
compliant nature also makes them vulnerable to mechanical
failures like punctures and tears, limiting practical deployment.
To address this, we propose a puncture detection system for soft
actuators using motion data from a single inertial measurement
unit. Extracted features are used to train anomaly detectors for
puncture detection and non-linear models to estimate severity.
We also introduce a multi-chamber pneumatic soft bending
actuator capable of diverse configurations via selective chamber
inflation. Our algorithm identifies the punctured chamber and
provides a severity score using a chamber perturbation scheme.
Anomaly detectors are trained on normal operation data and
detect damage through reconstruction errors, while severity is
estimated by a separate model trained under slightly modified
conditions. Finally, we demonstrate a failure recovery strategy
to maintain actuation force post-failure. This approach enhances
the reliability and safety of soft robotic systems through real-
time, data-driven damage detection.

I. INTRODUCTION
Soft robots, built from compliant materials and structures,

are uniquely suited for safe interaction with fragile bodies
and exhibit robust performance in unstructured environments.
Their flexibility enables them to absorb impacts, conform
to complex surfaces, and navigate constrained spaces that
traditional rigid robots would struggle to operate in. Among
them, pneumatic soft robots occupy a central role: lightweight,
efficient, and capable of large deformations driven by pres-
surized air, they can be fabricated via mold casting or
3D printing using low-cost elastomers such as silicone [1].
Pneumatic actuators—whether chambered networks [2] or
fiber-reinforced artificial muscles[3] —offer broad motion
capabilities and inherent safety, supporting applications
in underwater exploration [4], medical rehabilitation [5],
wearable assistance [6], and industrial automation [7].

Although the flexibility and compliance offer advantages
for the soft robots made from ultra-soft materials such as
Smooth-On 00-50, they also present challenges, particularly
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Fig. 1: Illustration of puncture detection scheme for soft-
robots using chamber perturbation. (a) Demonstrates the
multi-chamber soft actuator configuration with all chambers
working (b) Demonstrates the actuator configuration when 1st
chamber fails. (c) Illustrates the proposed puncture detection
and recovery pipeline.

concerning the structural integrity of the system. Anomalies
such as air leakage or material puncture can lead to critical
failures thereby hampering performance and reduce safety [8].
These challenges are further exacerbated when the soft
actuators are made from less resilient materials, such as
biodegradable/bioabsorbable materials (e.g, gelatin, hydrogel)
which due to the material’s own property, are inherently
more susceptible to damage. Therefore, to enhance the
resilience of soft actuators, it is essential to implement
effective puncture detection and mitigation (or recovery)
strategies that monitor the robot’s integrity and functionality in
real-world applications, thereby enabling reliable performance
under uncertain conditions, reducing downtime, and extending
the operational lifespan of soft-robotic systems.

In this research, we develop a robust real-time puncture-
detection algorithm for pneumatically driven soft actuators
that can identify the location and severity of a punctured
chamber in our multi-chamber pneumatic-bending actuator
design. A puncture in the soft actuator’s chamber causes
changes in the inflation and deflation motion patterns of
the soft actuators. The proposed localization algorithm
captures these differences and flags any deviations above
a threshold as an anomaly or puncture, while the severity
model outputs a score between 0 (low severity) and 1 (high
severity). The algorithm achieves over 96% accuracy in
localizing the punctured chamber using time series data from
a single inertial measurement unit (IMU). This allows for
a nuanced understanding of the system’s operational state,
improving both diagnostic precision and system reliability by
enabling targeted maintenance by identifying the puncture
location and corresponding response strategies. Our multi-

2026 IEEE International Conference on Robotics and Automation (ICRA 2026)
June 1-5, 2026. Vienna, Austria

979-8-3315-8160-2/26/$31.00 ©2026 IEEE 9807



chamber pneumatic bending actuator design (see Fig. 1) offers
mechanical redundancy—allowing continued operation even
in the presence of a chamber failure by leveraging deformation
from intact chambers.

This paper presents the first puncture-detection algorithm
capable of operating with only one compact and low-
power onboard sensor —an IMU with 6 degrees-of-freedom
—making it highly suitable for untethered soft robots in field
applications, which often have payload constraints. The key
contributions of this work are as follows:

1) Development of a lightweight puncture detection al-
gorithm that identifies the location of the punctured
chamber, along with severity, and relies solely on
onboard IMU data.

2) A novel perturbation scheme enabling puncture local-
ization and severity scoring.

3) A novel recovery scheme allowing the soft-actuator to
retain its tip-force even after puncture.

4) Release of a comprehensive database of IMU read-
ings corresponding to punctures in different chambers,
specifically for a bending silicone-based actuator1

II. RELATED WORK

A. Puncture Detection for Soft Actuators

Punctures in soft actuators often lead to significant, un-
desirable model changes and can be considered anomalies
[8]. Anomaly or fault detection refers to identifying failures
in a monitored system or process based on its current
state when it deviates from its normal operation [9]. While
anomaly detection has extensively studied for industrial
processes and rigid robots, anomaly detection for soft robots
remain largely unexplored. The deformability and inherent
compliance of these systems pose unique challenges for
sensing, modeling, and experimental repeatability. Based
on the underlying learning paradigm, anomaly detection
methods can be classified into supervised, semi-supervised,
and unsupervised approaches.

The supervised anomaly detection method requires data
from both normal and anomalous classes [10]. Still, its wide
applicability is limited in robotics as the availability of
anomalous data is usually limited. Unsupervised anomaly
detection, in contrast, does not require any labeled training
data. Such methods often employ clustering methods, such as
k-means [11] and distance-based clustering to learn patterns
in the data [12]. Data points that deviate significantly from
these patterns are flagged as outliers. While the lack of labeled
data makes these approaches more flexible, it also introduces
a major challenge: without ground truth, it becomes difficult
to assess the model’s performance. This often leads to a high
false-positive rate, particularly in complex scenarios such as
robotic systems interacting with dynamic environments. [13]

Semi-supervised methods offer a middle ground, in which
a one-class classifier is often trained only on normal (non-
anomalous) data. Any data that deviates from the learned

1Dataset: https://github.com/ka-moamoa/softbot-punctures

distribution is flagged as anomalous. Some candidate ex-
amples for such classifiers are one-class support vector
machines (OC-SVM) [14], k-means based detectors, isolation
forests[15], etc. Recent advances in semi-supervised anomaly
detection field have utilized a reconstruction-based approach
that uses autoencoders to compress and reconstruct high-
dimensional information from non-anomalous data inputs. As
the autoencoder is trained only on non- anomalous data, an
anomaly can be indicated with a high reconstruction error, as
the autoencoder struggles to accurately reconstruct unfamiliar
anomalous patterns [16].

In this paper, we utilize a fully connected network based au-
toencoder for multi-modal puncture localization in pneumatic
soft robots for their simplicity, interpretability and efficiency
on smaller datasets. To calculate the severity score, we use a
single perceptron with tanh activation.

Fig. 2: Multi-chamber soft-actuator design with chamber
numbers.

B. Sensing for failure detection

Sensing in soft robotics has advanced significantly in recent
years, with researchers exploring a diverse range of modalities
to monitor deformation, internal pressure, and external forces.
Common approaches include embedded strain sensors [17] ,
capacitive [18], resistive pressure sensors [19], optical fiber-
based sensors [20], and liquid metal-based sensors [21].
These sensors are typically integrated directly into the soft
robot body or actuator to enable real-time measurement of
physical quantities during operation. For instance, Krings et
al. proposed an autonomous damage-detection approach by
embedding liquid-metal droplets within a silicone elastomer
matrix [21]. While embedded sensing enables high-fidelity
monitoring, it often introduces additional design complexity,
and may compromise the mechanical compliance and softness
that are central to the performance of soft robotic systems.

Some of the other approaches use indirect estimation [22].
developed a method for modeling soft actuated systems
using vision-based motion capture system and recurrent
neural nets. In addition to custom, lab-fabricated sensors,
commercially available sensors such as IMUs have also been
employed for direct sensing in soft robots. IMUs offer a
low-cost, compact, and efficient solution for enabling precise
control, real-time state estimation, and safe operation of soft
pneumatic actuators—without compromising the compliance
and softness of the system [23], [24].

A more straightforward method for detecting punctures
would be to perform pressure-based sensing for each actuator
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chamber, where significant and frequent undesired pressure
drops can indicate a puncture. However, this approach
significantly increases both system cost and integration
complexity. Moreover, pressure readings are often affected
by the non-linear and hysteretic behavior of soft materials,
which can limit their ability to accurately capture dynamic
changes[25].

In contrast, IMUs can indirectly indicate puncture-related
failures by detecting deviations in the expected motion
response of the soft robot. These deviations reflect changes in
internal pressure or actuation efficiency caused by a puncture.
Due to their versatility and effectiveness, IMUs are chosen
in this work as the primary and only sensing modality for
puncture detection.

III. SYSTEM OVERVIEW

A. Multi-Chamber Soft Actuator Design

In the scope of this work, we designed a pneumatic bending
multi-chamber soft-actuator emphasizing on redundancy and
reliability, in which each pneumatic chamber can be inflated
or deflated individually. The motivation behind such a multi-
chamber design is to introduce a degree of redundancy in
the system such that if one or more chamber is punctured,
the remaining functional chambers can continue operation
preventing a total failure. This design features internal air
channels that lead to each chamber, as shown in Fig. 2.

B. Experimental Test Bed Setup

To enable efficient data collection, we developed a custom
test bed as shown in Fig. 3. The test bed consists of a wooden
stand for mounting the soft actuator, pneumatic connections,
control electronics, and a portable pneumatic pump. The
suspended design is for data collection, ensuring reduction in
uncertainties such as friction and surface interactions, making
the actuator motion reliable and repeatable.

The pneumatic connector features multiple pneumatic
solenoid valves (DC4.5V 0.5A, 2 Way Normally Closed)
to control air inlet and exhaust to individual chambers. It
serves as the interface between the soft-robot and the pump.
The control electronics includes Arduino Mega 2560 which
acts as a low level interface, receiving actuation commands
from PC. A compact 9V pneumatic pump (370 air pump, 3
L/min) is used as a source of pressurized air. A 3mm soft-
silicone tubing is used to facilitate connections between the
pump, the connector and the actuator. The IMU (MPU-6050)
mounted on the actuator is used to collect the motion data.

C. Data Collection for Puncture and Severity Detection

1) Data Collection for Puncture Localization: To the
best of our knowledge, no publicly available datasets exist
for puncture detection in soft-actuators. Consequently, we
collected a custom dataset specifically tailored for training and
evaluating classifier models. Our puncture localization data
comprises three datasets, described below. The data collection
process for puncture localization involved pre-inflating all the
chambers of the actuator to a nominal pressure to mimic the

Fig. 3: Overview of the testbed used for data collection.

actuated state and perturbing each chamber for normal (non-
anomalous) as well as puncture/fail (anomalous) cases while
collecting 6-axis IMU data. While the single-chamber dataset
was used to train all models, the other two datasets (multi-
chamber and tip-contact) were used to validate robustness of
the model.

• Dataset 1 : Consists of IMU data corresponding to a
single chamber perturbing while it is normally working,
and when it is punctured. Approximately 100 data points
were collected for each chamber working and puncture
case constituting 1388 time series samples in total (682
working, 706 fail).

• Dataset 2: Consists of IMU data corresponding to
chamber 4 perturbing when chamber 3 and chamber
5 have failed, mimicking a multi-chamber failure. 99
data points were collected (49 working, 50 fail) when
chamber 4 is normally working and punctured.

• Dataset 3: Data collection in this case followed similar
process to that of Dataset 1 but in this case the actuator
tip made consistent contact with a stationary object fixed
to ground, significantly damping the oscillations in the
actuator due to the perturbation. We collected 103 data
points (53 working, 50 fail) for this case, using only
chamber 3.

While Dataset 1 was used for model training, Datasets
2 and 3 were specifically collected to evaluate the model’s
robustness under realistic operating conditions. In particular,
these datasets incorporate commonly encountered but pre-
viously unseen variations—such as multi-chamber failures
and contact-induced damping—that were not represented
in the training data. This design enables a systematic
assessment of the model’s ability to generalize beyond the
conditions observed during training. Although not exhaustive,
the selected scenarios capture the most frequent external
disturbances and failure modes in soft robotic systems,
thereby providing a practically meaningful and representative
robustness evaluation.

The perturbation scheme used to collect data for a particular
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Fig. 4: IMU data visualization for chamber 3 with the puncture
localization perturbation scheme for both normal (working)
and puncture (fail) case, with all other chambers functional
and inflated.

chamber consisted of a 20 ms pulse inflation, a 500 ms delay
and 20 ms pulse deflation for the chamber under test. These
values were selected empirically based on response times of
the solenoid valves.

2) Data Collection for Severity Score: To quantify the
severity, it is essential to determine how rapidly the pressure
drops in a chamber. To gain an understanding of this, we
collect data for different puncture sizes using the same
perturbation scheme mentioned above, but instead of a single
deflation pulse, 4 deflation pulses were used at the end. We
collect 50 data points each for circular puncture sizes of
0.51 mm, 1.06 mm, 1.30 mm, and 2.00 mm, as well as no
puncture case using this perturbation scheme.

The inflation-deflation perturbation scheme enables a nu-
anced assessment of individual chamber states while maintain-
ing the overall actuator pose close to its initial configuration
prior to perturbation. Introducing a deliberate delay between
inflation and deflation phases helps to temporally separate
their respective system responses, reducing noise caused
by natural vibrations during pulse-inflation and allowing
additional time for air leakage to manifest in the presence of a
puncture. This separation enhances the robustness of puncture
detection. Notably, the deflation response exhibited a marked
difference between working and punctured chambers (see
Fig. 4), which proved critical for accurate failure localization.
This observation aligns with the physical intuition that further
deflation of an already compromised (punctured) chamber
produces minimal vibrations, thereby providing a distinctive
signal for identifying failure.

D. Feature Engineering

After filtering the segmented IMU data, we extract relevant
signal-based features and use them to train the classifiers.
The selected feature set comprises statistical features (mean,
standard deviation, RMS, shape factor, kurtosis, and skewness)
and impulsive features (crest factor, impulse factor, clearance
factor, and peak value). These features summarize complex
IMU data to capture meaningful patterns, particularly for
time-series vibration data [26], [27]. Extracting these features

from each axis of the 6-axis IMU data (Ax, Ay, Az, Gx, Gy,
Gz) resulted in 60 features in total per time series. These
features are further ranked using t-test scores and top 20
features are selected to train and test the classifier for failure
localization, as well as to fit a non-linear regression model
for the severity score.

E. Puncture Localization and Severity Score Algorithm

Detecting punctures in pneumatic soft-robots is a multi-step
process described in Fig.1(c). To begin the puncture detection,
all chambers are perturbed one by one while IMU data are
collected. The IMU data are then segmented into 7 segments
such that each segment contains IMU data corresponding to
exactly one chamber.

To this end, we explored a variety of classifiers commonly
employed for anomaly detection using time-series data. Specif-
ically, we trained and tested one-class SVMs, isolation forests,
and fully connected network (FCN) based auto-encoders of
varying sizes as they are effective at capturing the statistical
and temporal characteristics of normal operation, thereby
enabling reliable detection of puncture-related deviations in
soft actuators. Puncture detection with these models involved
training the model only on working (non-anomalous) data.

One-class SVM learns a compact decision boundary
that encloses the majority of the working (non-anomalous)
instances in the feature space, flagging any deviations as
potential anomalies. In contrast, the isolation forest identifies
anomalies by measuring how easily data points can be
separated from the rest of the dataset. Since, anomalous
points tend to be isolated in fewer random partitions, they
receive higher anomaly scores. The FCN autoencoder model
learns to reconstruct the input during training. Anomaly
detection becomes possible using this reconstructed input as
the autoencoder struggles to reconstruct the output correctly
when the input corresponds to fail (anomalous) or puncture
data, resulting in a large reconstruction error. In this way,
the input data can then be classified as working or failure
based on a pre-defined threshold on the reconstruction error.
This threshold-based approach is useful for detecting various
failures resulting in abnormal motion patterns in the actuator.

Severity scoring is formulated as a regression problem,
where the objective is to predict a continuous value between
0 (indicating low severity) and 1 (indicating high severity)
from observed input features. Analysis of the dataset revealed
a non-linear relationship between pressure drop and puncture
size (Fig. 6b), necessitating a non-linear modeling approach.
To this end, we employ a single-layer perceptron with a hy-
perbolic tangent (tanh) activation function, which effectively
captures the non-linearity while maintaining model simplicity.

IV. EXPERIMENTAL RESULTS

A. Localization of punctured chamber

Puncture localization in pneumatic soft actuators is enabled
by the distinct motion response observed during inflation and
deflation when compared to intact actuators, as illustrated
in Fig. 4. This section presents a comparative evaluation of
three anomaly detection models, each designed to effectively
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Fig. 5: Punctured chamber localization results summary using FCN autoencoder. (a) Shows a comparison between test
data reconstruction errors for working and fail input to the autoencoder for Dataset 1. (b) Reconstruction error vs test
data observations plot (c) Chamber-wise puncture detection accuracy for the single chamber case (d) Receiver operating
characteristic curve for the FCN autoencoder-based puncture detection model. (e,f,g) confusion matrices for puncture detection
for Datasets 1, 2, and 3, respectively.

capture the dynamic differences between punctured and non-
punctured actuators for accurate fault detection in soft robotic
systems. All the models were trained on working (non-
anomalous) data from Dataset 1.

The most effective and reliable puncture detection approach
involved using an autoencoder with fully connected networks,
achieving 96.85 % accuracy (see Fig. 5 e). The auto-encoder
model was able to accurately reconstruct the input features for
samples corresponding to the working case while generating
large reconstruction errors for the fail case (5 b). e.g., during
testing, the mean reconstruction error in feature space for
fail data was 20.42, while that for working data was 1.76
(Fig. 5 a). All the samples corresponding to a reconstruction
error of 40 % or above (thresh = 0.4), that of the mean
reconstruction error, were flagged as fail (anomaly), indicating
puncture in the corresponding chamber. With 0.97 precision
and 0.96 recall, this method proves to be promising while
still minimizing false positives.

We further evaluated the robustness of the trained classifier
using Datasets 2 and 3. For Dataset 2, the model maintained a
high accuracy of 99% without any fine-tuning (thresh = 0.4)
to the original model (Fig. 5 f) trained on Dataset 1. This
high accuracy score was a result of using data collected from
just 1 chamber and the model achieves higher accuracy if
individual chambers are considered. (Fig.5 c).

In Dataset 3, the actuator tip made contact with a fixed
object during motion. This contact-induced damping sig-
nificantly altered the vibration profile, leading to a drop
in classification accuracy to below 80% using the same
model and threshold. However, after fine-tuning the threshold
(thresh = 1.6) it achieved 91% accuracy (Fig. 5, g). These
results underscore the model’s sensitivity to external damping
effects and highlight the importance of contextual adaptation
of the threshold for reliable performance.

We also evaluated the performance of unsupervised
anomaly detection methods, specifically one-class SVMs and
isolation forests. On Dataset 1, the one-class SVM achieved
a high accuracy of 99.03% with a respective precision
and recall score of 1.0 and 0.98 , demonstrating strong
discriminative capability. Similarly, the isolation forest model,
implemented with an ensemble of 100 base learners, achieved
an accuracy of 89.59% (precision = 0.83, recall = 1.0). While
both one-class SVM and isolation forest models performed
exceptionally well on data from Dataset 1, their generalization
ability was limited. When tested on Dataset 2 and Dataset
3, the accuracy of both models dropped below 80%. This
performance degradation is likely due to changes in the
input signal characteristics, particularly the damping effects
introduced by adjacent chamber failures or environmental
interactions, which were not present in the training data.
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Fig. 6: (a) IMU response data for severity chamber perturbation for different puncture diameter sizes and severity score
α for chamber 3 perturbation, (b) Pressure profile for different puncture sizes, (c)Variation of t0 with respect to puncture
size (d) Scatter plot of first 2 principal components from extracted features (e) Non-linear regression analysis for puncture
severity estimation.

B. Puncture Severity Score

Quantifying puncture severity is critical for enabling in-
formed control decisions in the presence of damage. Chambers
with minor punctures may retain sufficient functionality to
continue operation without significantly impacting overall
system performance. In contrast, chambers with severe
punctures may be better excluded from actuation, allowing
the system to leverage built-in redundancies to recover or
maintain desired behavior. In this section we describe our
approach to quantify severity using pressure data and develop
a non-linear regression model fit on extracted features from
IMU data to output a severity score between 0 and 1, where a
higher score indicates more severe puncture and rapid pressure
loss.

We quantify puncture severity α for different puncture
sizes as follows,

α =
log(tmax)− log(t0)

log(tmax)− log(tmin)

where, t0 is the time required for the system to return to its
initial pressure level after undergoing the same inflation cycle,
and tmax and tmin are the maximum and minimum values of t0
from different puncture sizes we tried. This was particularly
useful as a smaller t0 is not linearly more severe. Fig. 6 (b)
demonstrates the pressure response of chamber 3 for different
puncture sizes for the same inflation cycle, with (c) denoting
t0 values. We then use α to label the severity dataset. We
consider no-puncture case having a severity score of 0 and a
puncture with 2.00 mm size having a severity score of 1.

The relationship between the parameter α and puncture
size was observed to be non-linear. To model this, we
employed a non-linear regression approach using a single-
layer perceptron with a tanh activation function. This model

was trained on the extracted features from the IMU data
samples and achieved a mean square error (MSE) of 0.0015.
Fig. 6(d) illustrates the first two principal components of
the feature space, highlighting the clustered distribution of
samples corresponding to different puncture severities.

Fig. 7: Failure recovery control schematic utilizing proposed
puncture detection algorithm

C. Puncture Failure Recovery

In this section, we present the results of a puncture recovery
strategy based on the proposed puncture detection method-
ology. Punctures in soft actuators can degrade performance
and destabilize control; however, not all failures impact the
actuator to the same extent. For instance, in the case of minor
punctures (e.g., 0.51 mm), the actuator may still operate
with reduced efficiency. In contrast, more severe damage can
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significantly impair functionality. In such cases, omitting the
affected chamber from further actuation may improve overall
system performance, efficiency, and controllability.

We present a candidate control strategy designed to
compensate for errors arising from high-severity punctures in
multi-chamber soft actuators. In this framework, the actuator
tip force is treated as the primary control variable and is
directly impacted by punctures in the pneumatic chambers.
The proposed control architecture is illustrated in Fig. 7.

During normal operation, all chambers are uniformly
pressurized to P0, enabling the actuator to generate the desired
tip force ftip = fref. However, when a failure occurs—such as
in chambers 4 and 6—the actuator may no longer be able to
achieve fref under the same input P0. (See Fig. 8) A threshold
parameter εth is used to trigger puncture detection based on
deviation from the desired tip force fre f . To avoid transient
disturbances immediately following a failure, a short delay is
introduced before initiating the puncture detection process.

Fig. 8: Failure recovery results

Once punctured chambers are identified, a decision is
made—based on the severity of each puncture—whether
to continue or exclude the affected chambers from further
actuation. Empirical observations suggest that chambers with
a severity score below 0.3 can continue operating without
introducing significant instability to the system. Furthermore,
the intact chambers are inflated equally until the desired tip
force fref is achieved. It should be noted that, depending on
the number of failed chambers, such a recovery might not
always be possible, and further investigation is required to
evaluate its scope.

V. DISCUSSION

This study presents a lightweight machine learning frame-
work for detecting puncture failures and estimating their
severity in pneumatic soft actuators. Our approach relies
solely on inertial measurements from a single IMU, offering a
sensor-efficient solution that is potentially generalizable across
different pneumatic or even hydraulic soft robotic platforms.
We introduce a chamber perturbation strategy that enables
independent inference of both puncture location and severity
across all actuator chambers. By targeting both localization
and severity quantification, our method enables scalable, real-
time failure detection to extend the lifetime of soft robots.
These capabilities offer a foundation for failure-aware control
strategies in soft robotic systems, enhancing robustness and
reliability in practical deployments.

A key observation from our study is the variability in
puncture localization accuracy across model architectures, par-
ticularly under unseen external loading conditions. While fully
connected autoencoder models achieved up to 98% accuracy
in puncture localization—even under out-of-distribution sce-
narios—statistical methods such as OC-SVMs and isolation
forests exhibited significant performance degradation when
the actuator was subject to external perturbations not present
in the training data. This highlights a critical trade-off: al-
though SVMs and ensemble-based models offer simplicity and
interpretability, they may lack robustness in generalizing to
real-world variations. In contrast, autoencoder-based anomaly
detection methods demonstrate stronger resilience, making
them more suitable for real-time, multi-modal applications
where robustness to unexpected disturbances is essential.

While these results are promising, further validation is
necessary to assess the method’s scalability across diverse
soft robotic designs and a wider range of external disturbances.
This includes collecting data under varying conditions and re-
training models where appropriate. Notably, feature extraction-
based models maintained high accuracy under static external
loads; however, their performance is expected to degrade
under dynamic or time-varying loading conditions, which can
obscure motion-dependent signatures associated with puncture
events. For multi-segment soft robots, each segment can be
perturbed to collect IMU data, with sensor placement chosen
to reliably capture failure associated motion signatures across
all segments.

Currently, our failure detection framework has been vali-
dated only on soft actuators fabricated using Ecoflex 00-50,
a widely used silicone elastomer. As part of future work,
we will evaluate the generalizability of our approach across
actuators fabricated with different silicone elastomers—such
as Ecoflex 00-35, 00-30, and even the more compliant 00-
10—that are widely used in soft robotics. We also plan to
explore the robustness of the current method under more
complex scenarios involving multiple simultaneous punctures
in different soft-actuator designs. We also aim to extend
this evaluation to alternative silicone-based materials with
diverse mechanical properties to further assess robustness
across material variations. Furthermore, with growing interest
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in sustainable alternatives to conventional soft robots, we plan
to extend our methodology to biodegradable yet mechanically
fragile materials, such as gelatin-based actuators [28]. By
enabling early failure detection in these systems, our approach
can help extend functional lifespans while ensuring safe and
predictable degradation, ultimately advancing the design of
environmentally sustainable soft robotic platforms.

VI. CONCLUSIONS

This paper presents a robust, in-situ method for puncture
detection and severity estimation in pneumatic soft robots,
leveraging only onboard IMU data collected via a chamber-
perturbation strategy. Puncture localization is achieved using
autoencoder-based models, while severity is estimated via
a non-linear regression approach—together enabling failure-
informed control decisions without the need for external
instrumentation. Additionally, we propose a candidate recov-
ery strategy for scenarios involving multi-chamber failures,
illustrating the framework’s practical utility. The results
highlight the potential of IMU-based sensing for real-time,
onboard failure detection, particularly in untethered soft
robotic systems operating in unstructured or unpredictable
environments.

The proposed method demonstrates strong scalability and
cost-effectiveness, making it adaptable to a wide range of
pneumatic soft actuator designs and materials. Its reliance on
minimal sensing infrastructure enables potential extension to
more sustainable alternatives in the future.
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