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FORTE: Tactile Force and Slip Sensing on Compliant Fingers for

Delicate Manipulation
Siqi Shang, Mingyo Seo, Yuke Zhu, and Lillian Chin

Abstract—Handling fragile objects remains a major challenge
for robotic manipulation. Tactile sensing and soft robotics can im-
prove delicate object handling, but typically involve high integra-
tion complexity or slow response times. We address these issues
through FORTE, an easy-to-fabricate tactile sensing system com-
prised of 3D-printed fin-ray grippers with internal air channels.
FORTE provides low-latency force and slip feedback, enabling
us to apply just enough force to grasp objects without damaging
them. We accurately estimate grasping forces from 0–8 N ± 0.2
N, and detect slip events within 100 ms of occurring. FORTE can
grasp a wide range of slippery, fragile, and deformable objects,
including raspberries and potato chips with 92% success and
achieves 93% accuracy in detecting slip events. These results
highlight FORTE’s potential as a robust solution for delicate
manipulation. https://merge-lab.github.io/FORTE/

Index Terms—Force and Tactile Sensing; Perception for Grasp-
ing and Manipulation; Soft Robot Applications

I. INTRODUCTION

HUMANS delicately grasp objects by applying just
enough force. Apply too little force and the object

will slip, but apply too much force and the object will be
damaged [1]. Humans navigate this tradeoff through real-time
force and slip feedback provided by mechanoreceptors em-
bedded within their skin [2, 3]. However, current robots lack
comparable human-like sensing capabilities in their fingers,
tending to rely solely on visual feedback and binary open-close
gripper actions [4–6]. There have been two main approaches to
improve these grippers: (1) adding compliance, and (2) incor-
porating tactile sensing. In the former approach, researchers
adopt designs like the fin-ray gripper [7] so binary open-close
actions deform the gripper rather than the object. However,
this passive deformation makes precise force control difficult,
making it challenging to handle objects with varying fragility
[7, 8]. In the latter approach, researchers add tactile sensors to
existing grippers [9, 10]. While effective, these sensors tend
to either be expensive off-the-shelf sensors with durability
issues [11–13] or custom sensor technologies with complex
fabrication or signal processing needs [14–17]. To achieve
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Fig. 1. Overview. FORTE delicately manipulates fragile objects by leveraging
passive compliance and tactile feedback. This is achieved by integrating
compliant fin-ray fingers and embedded fluidic sensors with algorithms for
force estimation and slip detection.

delicate robotic manipulation, we need simple compliant end-
effectors that incorporate force and slip sensing.

In this paper, we introduce FORTE (Fragile Object Grasping
with Tactile Sensing), a tactile force and slip sensing system
that applies just the right amount of force to grasp delicate
objects without slipping. We do so by combining the core tech-
nologies of 3D-printed fin-ray fingers and fluidic innervation
(Fig. 1). Instead of mounting external tactile sensors, FORTE
leverages internal air channels embedded within the compliant
finger structure for sensing. The channels deform as the finger
deforms, providing a pressure signal that can be read by off-
the-shelf transducers. Since the signals directly follow from the
gripper’s internal deformation, FORTE provides precise force
estimation (0-8 N ± 0.19 N). The sensors’ fast response and
high temporal resolution also enable a frequency-based slip
detection between the gripper and a grasped object. FORTE
enables the robot to grasp a wide range of fragile, slippery,
and deformable objects with a 91.9% success rate across 310
trials. We make the following contributions in this work:

• We design and manufacture compliant fingers with inter-
nal air channels for sensing. The fingers sense contact
events with a high sampling rate of 2 kHz.

• We achieve accurate force estimation with validation
RMSE below 0.2 N.

• We develop a novel analytical slip detection algorithm
that achieves 0.91 F1 score on 31 items with 29 unseen.

• We demonstrate FORTE’s capability for precise force
estimation and slip detection through single-trial grasps
of 31 different items, achieving a 91.9% success rate.

• We publicly release the hardware designs and algorithmic
implementations on the project webpage.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 2. Hardware Design of FORTE. Fin-ray fingers with internal empty air
channels are 3D printed as a single structure. The air channels act as a tactile
sensor by measuring their pressure with an off-the-shelf pressure transducer.
Each pair of channels (marked as the same color) under the inner and outer
surfaces of the finger is sealed on the side surface and connected to one
differential air pressure transducer.

II. BACKGROUND

A. Compliant Grippers with Tactile Feedback

To incorporate tactile sensing in a compliant gripper, the
sensor must not introduce unwanted stiffness. For example, a
sensor with a rigid backing creates a stiff patch, compromising
the finger’s compliance. Vision-based tactile sensing offers
one non-intrusive way to preserve structural compliance, by
pairing a soft elastomeric surface with an internal camera.
The camera tracks the surface’s deformation, enabling high-
resolution measurement of contact [12, 13, 18]. This large spa-
tial resolution comes at the cost of added structural complexity
from the camera and durability issues from the elastomer. The
elastomeric surface is often too compliant and tears under
repeated or high-force interactions [19].

Acoustic tactile sensors also preserve structural compliance,
as microphones can be embedded underneath the contact
surface of the finger. The high-frequency acoustic signals
captured by a microphone enable contact force and location
sensing [20], material identification [21], and contact-rich
policy learning [22]. However, their performance is limited by
environmental noise and the complexity of interpreting signals
under compliant contact.

Finally, barometric solutions work by adding internal air
chambers to the soft fingers. Since air is a compressible fluid,
these empty air chambers will match the fingers’ softness and
report a measurable pressure change as the fingers deform.
Barometric tactile sensors can detect dynamic contact events
such as object sliding, force sensing and simultaneous contact
localization [23–25]. Barometric sensing avoids the durability
challenges of vision-based sensors and eschews the complex
signal processing requirements of acoustic-based sensors, but
have also had its own complex fabrication challenges.

In this work, we apply fluidic innervation, a barometric
sensing technique, to the fin-ray gripper. Fluidic innervation
alleviates the fabrication difficulties of traditional barometric
sensing by 3D printing the finger structure with embedded
air channels, resulting in easy fabrication and precise force
estimation and slip detection capabilities [26, 27].

B. Slip Definition and Detection

Slip events are broadly classified into gross slip and incipi-
ent slip [10, 28]. Gross slip refers to relative motion occurring
across the entire contact interface. Incipient slip describes the
partial slip that initiates within the contact area while the rest
remains stationary. A slip event typically starts with incipient
slip, when external forces overcome local static friction to
cause motion. In a parallel gripper, if a slip appears only at
one finger, this is also considered incipient. In addition to these
general categories, slip events can also be classified by the type
of relative motion between the contacting surfaces:

• Translational: relative linear motion between contacting
surfaces along the tangential direction.

• Rotational: relative angular motion between contacting
surfaces around the normal axis.

• Stick-Slip: the alternating motion between static friction
contact and sudden slipping [29].

To identify slip events during grasping, two major methods
have emerged: (1) detecting relative motion at the contact
surface and (2) sensing vibrations. Method (1) is commonly
achieved by using vision-based tactile sensors to track the
displacement of contact textures or embedded markers. These
approaches can detect translational and rotational incipient slip
with high spatial precision [30–32], but sometimes require a
large normal force to produce a well-defined contact profile
(ex. 50 N for a 132 g crayon box) [30]. This level of force is
infeasible for delicate manipulation.

Method (2) works by identifying frequency domain features
caused by micro-movements at the contact interface, such
as the power peak within frequency bands [33–36]. These
methods are difficult to generalize because of a low signal-
to-noise ratio and the highly variable sensor response from
different combinations of contact surface properties [10]. More
specific features can be chosen, such as the magnitude of the
tangential force derivative [37], but require accurate and timely
force sensing. Rather than select a specific feature, learning-
based methods directly operate on raw sensor data [38–42], at
the cost of collecting high-fidelity slip data at scale.

We address these issues by selecting a second-order feature
that is robust to noise and requires minimal normal force
to achieve. Our method can effectively capture stick-slip
events without additional algorithmic dependencies or special
hardware. Unlike high-dimensional vision-based methods that
often rely on data-driven models, our approach directly mea-
sures finger deformation with higher sensitivity, creating an
analytically tractable slip detection algorithm.

III. METHODS

A. Hardware Design and Sensorization

We design FORTE’s fingers based on the popular fin-ray
fingers [7]. When deformed by a grasped object, the fin-rays’
geometric structure creates a tight conformation to the object,
creating a secure grasp. However, this large deformation also
makes it challenging to seamlessly incorporate tactile sensing.
We sensorize fin-rays using fluidic innervation, a barometric
tactile sensor created by 3D-printing structures with empty
air channels inside [26, 27]. As the structure deforms, the air

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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channels deform as well. This resulting change in air pres-
sure can be measured with off-the-shelf pressure transducers.
As fluidic innervation does not change a structure’s overall
geometry, it preserves the fin-ray’s high deformation.

The fin-rays are fabricated from EPU 40 on a Carbon
M2 printer, following the material selection and fabrication
procedure reported by Truby et al [26]. To summarize, we
print a standard fin-ray finger, modified to have internal empty
air channels under the inner and outer surface of the finger
(Fig. 2). These air channels are cleaned out with solvent, sealed
at one end and connected to a pressure transducer at the other.
These sensors are passive sensing elements; they only contain
ambient air and are not pressurized or actuated. As the fin-
ray structure deforms, the internal air pressure of the channels
will change, capturing the deformation of the fin-ray under
external contact. We design our channels in an L-shape to
maximize vertical and horizontal information. Each channel
has a diameter of 2 mm, with a 1 mm-thick wall between
the channels and the adjacent surface. The distal ends of the
channels are sealed on the finger’s side surface with silicone
epoxy (Sil-Poxy, Smooth-On). Each transducer (All Sensors
ELVR-L01D, 1 inH2O) is connected to the corresponding
inner/outer channels in the finger via silicone tubing. Since
each pressure transducer measures the difference in pressure,
each transducer measures the net pressure change between the
two channels in the pair.

Each finger is sensorized with 3 transducers, resulting in
6 sensor signals total across FORTE. The transducers are
connected to the analog inputs of an ESP32-S3 and sampled at
2 kHz at an 11-bit resolution to capture rapid and transient dy-
namics that occur over short time scales. The analog readings
are normalized to the range of −1 to 1 and transmitted at 2
kHz to a host PC. The sensor signals are filtered with a median
filter of size 11 to reduce impulsive noise while preserving
transient features, inducing at most 2.5 ms of latency.

B. Force Estimation Algorithm

We estimate the gripping force directly from the filtered
internal pressure readings. We employ Support Vector Re-
gression (SVR) with a radial basis function (RBF) kernel. To
account for sensor drift and stress relaxation, three additional
features are introduced for each channel, representing the mean
values of the most recent 2.5, 5, and 10 seconds of historical
data. Let S(t) ∈ R6 be the sensor signal frame at time t, the
feature vector z(t) is defined as:

z(t) = S̄2.5(t)⊕ S̄5(t)⊕ S̄10(t)

where S̄τ (t) ∈ R6 denotes the mean of the past τ seconds of
sensor data. The most recent sensor frame S(t) is concatenated
with z(t) to form the input vector v = S(t)⊕ z(t) ∈ R24.

C. Slip Detection

The high temporal resolution of the sensors means that we
can detect object slip by tracking transient changes in the ap-
plied force over time and detect object slip. Our method tracks
the increase in spectral power within a specific frequency band.

TABLE I
SLIP DETECTION PARAMETERS

Parameter Value
Median filter window size M = 11
FFT window size N = 400
Overlap O = 0.99
Frequency band [fmin, fmax] = [10, 50]Hz
PSD history length (moving window size) V = 15
Minimal increment for monotonicity δ = 0.1 dB
Minimum group average variance α = 0.6 dB2

Slip detection threshold T = 2 dB2

First, we apply a Discrete Fourier Transform to the sensor
signal Si(t) for a given sensor index i. We then divide
the frequency-domain signal into K overlapping windows of
length N with step N −O ·N , where O is the overlap factor.
For each segment k, the sensor i’s signal is first windowed
and then transformed into the frequency domain to obtain

Xi,k(f) =

N−1∑
n=0

xi(n)w(n)e
−j2πfn, (1)

where xi(n) = Si

(
tk − N−1−n

fs

)
with n indexing the N

samples of sengment k ending at time tk, w(n) is the Hann
window function, and j is

√
−1. Thus, the sensor signal of

segment k for sensor i is implicitly present in Xi,k(f).
The expression |Xi,k(f)|2 gives an estimate of the power

at frequency f for that segment, and normalizing these values
yields the power spectral density Pi(f) for sensor i in the
unit of (inH2O)2/Hz. For each sensor i and the most recent
window x, we compute the PSD Pi for normalized frequency
fk = k

N , 0 ≤ k < N using Welch’s method as:

Pi(fk) =
1

fs

N−1∑
n=0

w2(n)

∣∣∣∣Xi,k(
k

N
)

∣∣∣∣2 . (2)

For each sensor’s computed PSD, we select the maximum
value across its frequency bins to form a scalar feature. We
define this PSD feature as:

Pmax
i = max

f∈[fmin,fmax]

{
10 log10

(
Pi(f) + ϵ

)}
. (3)

We add a small constant ϵ = 1× 10−12 to the power spectral
density estimate before taking the logarithm to prevent the
potential numerical instability of taking log 0. The PSD feature
represents the maximum value of power magnitude within the
selected frequency range [fmin, fmax].

To quantify temporal fluctuations in spectral power and
search for our large-magnitude frequency feature, we compute
the moving variance of the PSD magnitude as a second-order
statistical feature. For each sensor i, we create a double-ended
queue of Pmax

i as a history Hi, which has a fixed length V .
We then compute the moving variance over the feature history:

σ2
i =

{
Var(Hi), if Hi(k + 1)−Hi(k) > δ, ∀ k,

0, otherwise .
(4)

Each sensor i belongs to either the right finger or the left
finger. To detect slip at the finger level, we average the moving
variance across the entire finger, which also helps reduce the

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Side View

Fig. 3. Grip Force Estimation Characterization (a) Snapshots of gripper in open and closed poses during data collection. Grip force of the fingers are
measured with the horizontally placed loadcell testing rig. Scale bar represents 1 cm. (b) Sensor and load cell readings over time for a light and strong grip.
Red and blue lines show sensor readings from the left and right fingers, respectively, with each line corresponding to a channel pair at distal, middle, or
root sensing location. Sensor outputs exhibit a consistent monotonic trend with increasing grip force, with the distal sensors showing the largest response.
This trend confirms that the pressure signals scale with finger deformation and support accurate force estimation. (c) Renders of the custom load-cell testing
rigs. (d) Predicted force versus ground-truth force for models trained with the feature vectors from Section III-B as input. Colored dots represent data points
collected using the corresponding testing rig, while the dashed black line indicates perfect prediction.

impact of sensor noise. Let the finger group G denote the set
{R,L} for the right and left fingers, respectively. The average
moving variance is:

σ̄g =


1

|g|
∑
i∈g

σ2
i , if σ̄g ≥ α, ∀g ∈ G,

0, otherwise .
(5)

Finally, we define the slip indicator η as whether either
finger passes some max pre-defined threshold T .

η =

{
1, if maxg∈G σ̄g > T,

0, otherwise .

We summarize the parameter values we use for FORTE in
Tab. I. These parameters result in a slip detection frequency of
500 Hz and a moving variance calculated with PSD features
of the last 30 ms. These parameters lead to FFT bins that span
the frequency range [7.5, 52.5] Hz, approximating the range of
mechanoreceptors in the human hand [3].

IV. CHARACTERIZATION

In this section, we characterize FORTE’s ability to estimate
grip force and detect slip during an attempted grasp. We attach
the FORTE fin-ray fingers to a linkage-based gripper [4] and
mount the entire assembly to a Franka Emika Panda arm. We
define θclosed = 0◦ as the servo position when the gripper is

fully closed. We define θzeroF as the servo position when the
gripper’s fingers just touch the object, applying zero force.
Each object has its own specific θzeroF, depending on its size.

A. Grip Force Estimation

To characterize how well we measure grasp force across
different shapes, we perform multiple grasps on custom load-
cell testing indentors (Fig. 3). The load cell assembly is
centered within the gripper’s grasp, and a simple close gripper
operation is performed. For each of the 6 indentors, we collect
data for 40 trials. In each trial, we close the gripper by a
random amount, sampling uniformly from θclosed to θzeroF. This
creates a random grasping force against the load cell, which
we compare against the FORTE readings. To process each
trial, each channel’s sensor readings are first normalized by
subtracting the mean during initialization, then filtered using
a median filter with a kernel size of 11. The resulted 3-hour
force estimation dataset contains 108k data points.

Our filtered sensor signals correspond well to the grip force,
as indicated by the 10-fold trial-wise cross-validation perfor-
mance of our force estimation algorithm (Fig. 3). Our method
achieved an average RMSE of 0.187 on a force range of 0 to
8 N across all indentor shapes. The estimation performance
surpasses the error of 0.39 N over a 0.9–4.5 N range reported
using a barometric strain gauge array [25], and is comparable
to the error of 0.17 N on a force range of 0.3 to 3.0 N using an

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 4. Slip Detection Characterization (a) Snapshots of object displacements caused by stick-slip events. The time difference between the two snapshots
of both objects is 66.7 ms. The snapshots of apple corresponds to Slip Event 1. Scale bars represent 1 cm. (b–d) Filtered sensor readings, PSD features, and
average moving variance of one representative trial of lifting an apple. There are four slip events during this trial. At the onset of each slip event, a sharp
increase in the PSD feature is observed, resulting in a corresponding spike in the average moving variance, as further illustrated in the zoomed-in views.

external camera [43]. This represents a notable improvement
over the baseline RMSE of 0.211 obtained without using the
feature vector (Sec. III-B), demonstrating the effectiveness of
our approach in enhancing force estimation accuracy.

B. Slip Detection

To characterize slip detection, we generate slip events
by attempting to vertically lift an object from the tabletop
with insufficient grasping force (Fig. 4). We lift objects by
controlling the Franka Emika Panda arm at a constant speed
of 1mm/s at 20 Hz using Cartesian-space velocity control with
Deoxys [44]. We selected an apple and a jam jar to evaluate
slip detection. For each object, we define θgrasp, the servo
position where the object is stably grasped. For the purposes
of characterization, we determine θgrasp by repeatedly lifting
the gripper from a fixed pose while gradually decreasing the
joint position from θzeroF until the object is securely lifted.
For each trial, we sample a random gripper servo position
θ̂ ∈ [θzeroF, θgrasp). This will set the force applied by the
gripper to be randomly less than the stable grasping force
(< 0.5N), so we know the object will definitely slip. For
the apple, θ̂ ∈ [0.552 rad, 0.527 rad], while for the jam jar,
θ̂ ∈ [0.476 rad, 0.460 rad]. We then command the robot arm
to lift the gripper at constant velocity. We record this motion
and use pixel values from the video to estimate the object’s
rotational and translational displacements during slipping. We
collect data for 5 trials for each object (Fig. 4).

Upon analysis of the slip data, we first note that the
two fingers report different slip results. This is expected as
objects are not placed exactly at the midpoint of the gripper
workspace, leading to uneven distribution of grasping forces.

We name the finger with the larger contact force as the
“leading finger” and the other as the “trailing finger.” Similarly,
we name their corresponding contact force as “leading force”
and “trailing force.” The information of the leading finger is
revealed by the finger-wise moving variance feature as shown
in Fig. 4d. In the given example, the right finger is the leading
finger in slip event 1, while the left finger becomes the leading
finger in slip events 2 and 3. We note that in some cases,
the magnitude of the trailing force is superseded by the table
friction force. This is because the estimated grip force at θgrasp
(0.5 N) is significantly lower than the gravitational force of the
apple (2.27 N) and the jam jar (1.42 N). Therefore, we focus
on detecting the slip events involving the leading finger, as
these are the necessary conditions of gross slip (Section II-B).

We find that our slip detection algorithm can efficiently
capture the slip events of transitions from incipient slip to
gross slip with a fixed slip threshold T = 2 dB2. From
characterization, we identify two main types of slip events:

1) Leading-Finger Stick-Slip: Stick-slip occurs at the lead-
ing finger while the trailing finger undergoes gross slip.

2) Simultaneous Stick-Slip: Stick-slip occurs simultane-
ously at both fingers.

Fig. 4 includes both types of slip events. Fig. 4b shows the
filtered sensor signals as input to our slip detection algorithm.
The PSD features computed with Eq. (3) from the FFT
windows of size 400 of the filtered sensor signals are shown
in Fig 4c. Fig. 4d shows the finger-wise average moving
variance as the result of Eq. (5). Comparing Fig. 4c and Fig. 4d
illustrates the effectiveness of measuring the increase in power
rather than the magnitude. To be more specific, the first slip
event can barely be distinguished from the PSD feature values,
while the moving variance cleanly captures the slip event as

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 5. Experimental Setup (a) FORTE is mounted on a Franka Emika
Panda robot arm for table-top grasping tests. Scale bar represents 5 cm. (b)
Objects used for evaluation. Fragile objects are selected to evaluate force
estimation accuracy and gripper compliance, while slippery items and eight
everyday YCB objects are chosen to assess slip detection performance.

shown in Fig. 4d. Zoomed-in views of the slip events indicate
that the latency between the onset of sensor signal change and
successful slip detection is consistently below 100 ms. Overall,
FORTE enables precise and real-time slip detection.

V. DELICATE GRASPING EXPERIMENTS

In this section, we evaluate FORTE against baselines in
delicate object grasping. We created an evaluation set of
31 different object types (47 individual object instances),
categorizing each object type into 4 categories: Fragile-rigid,
Fragile-deformable, Slippery, and Everyday objects (Fig. 5).
The Everyday objects were selected from the YCB dataset
[45]. For each grasp strategy, we conducted 10 trials for each
object type, reporting our results in Tab. II.

A. Experimental Setup
For all grasping conditions, we used the same gripper setup

from Sec. IV and adopted a standardized grasp procedure.
We first initialize the gripper and manually place an object
between its fingers. The gripper closes until contact is detected,
defined as the maximum change in any tactile signal channel
exceeding a threshold τ = 0.5% of full-scale span within a
sliding window of width w = 200 samples (0.1 s). Upon
contact, the gripper loads an initial force of finit = 0.25 N
to ensure a consistent baseline. We then lift the object at
vlift = 5mm/s using Cartesian velocity control at 20 Hz.
If slip is detected, the gripper command is incremented by
∆cmd = 0.88◦ to increase the grip force. The lift continues
until the object is either successfully lifted or dropped.

For FORTE, the force estimation module operates at 100 Hz
with an update latency of less than 10 ms, providing timely
feedback for closed-loop control. The slip detection algorithm
runs at 500 Hz as determined by the selected signal window
size of 400 and an overlap factor of 0.99, and the typical
detection latency is below 100 ms. To evaluate the gener-
alizability of our slip algorithms, we set the slip detection
threshold T by the values derived from the apple and jam jar
used in Sec. IV-B. This means the majority of tested objects
are unseen and out of distribution.

We compare FORTE against two baseline conditions:
• On-Off: The gripper closes fully at a constant speed

before lifting, without using any sensing. This baseline
evaluates the performance of the compliant fingers alone.

• W/o Slip: Follows the standard procedure but disables
slip detection. This baseline uses a fixed force without
reactive adjustment to assess the role of slip sensing.

B. Grasping Results

Overall, FORTE’s force and slip sensing enabled a high
success rate of 91.9% among all the 310 trials, while On-Off
and W/o Slip only achieved 60% and 52.6% success rates,
respectively (Tab. II). FORTE’s gentle initial gripping force
of 0.25 N meant 13 out of 14 fragile objects were lifted with
a 100 % success rate. By contrast, the simple On-Off controller
broke the surface of 8 out of the 14 selected objects and caused
unrecoverable deformation of the blueberry, grape, tomato, and
marshmallow. We do note that the On-Off controller had a
100% success rate on the Raw Egg and the Chocolate Ball,
highlighting that compliant fingers with a poor controller can
still delicately manipulate some objects.

Meanwhile, while the W/o Slip Baseline performed on-par
with FORTE in Fragile objects, it failed significantly in the
Slippery and Everyday Objects category (31.1% and 1.3%).
Indeed, 15 out of the 17 objects of the two categories were
not able to be reliably lifted with the initial gripping force.
The W/o Slip Baseline even performed worse than the On-
Off baseline (88.8% and 100%). By contrast, FORTE’s use
of adaptive grasping with slip detection resulted in a 100%
success rate for 10 out of the 15 objects and an overall category
performance of 88.8% and 85%. We do note that the On-
Off Baseline performed on par or better than FORTE, as it
applies an excessively high force to prevent slippage. More
fine tuning of the FORTE’s force controller may prevent that,
at the expense of breaking more fragile objects.

None of the three tested methods were able to lift hard-
boiled eggs. FORTE and W/o Slip failed due to insufficient
gripping force, while the On-Off baseline slowly squeezed the
egg out of the gripper. Slippage was detected in all Pringles
trials, but the object was dropped once when grasped sideways
with the distal finger regions. The gripper failed to respond in
time to the final slip, suggesting the need for improved control
responsiveness for future applications.

In conclusion, FORTE demonstrates strong generalization
across fragile, slippery, and everyday objects by combining
a compliant finger with real-time force estimation and slip
detection. These results underscore FORTE’s effectiveness in
delicate manipulation, setting a solid foundation for more
responsive robotic manipulation in real-world settings.

C. Slip Detection Performance

In addition to grasping performance, we also evaluated how
accurate our slip detection algorithm is in these real-world
scenarios. We recorded how many trials had slips during lifting
and whether our algorithm made a true positive, true negative,
or false positive prediction on slip. Summary statistics are
reported in Tab. II. When both ground truth slippage and
predicted slippage are 0, the precision is defined as 1.0 to
reflect the algorithm’s correct abstention from false positives.

The slip detection algorithm achieves an overall trial-wise
accuracy of 0.93 and an F1 score of 0.91. The precision of our
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TABLE II
CATEGORY-LEVEL SUMMARY OF GRASP SUCCESS RATES AND SLIP-DETECTION PERFORMANCE ACROSS 31 OBJECT TYPES.

Category # Obj Grasp Success Rate Slip Detection Performance

On-Off W/o Slip FORTE (ours) Acc. Prec. Recall F1

Fragile / Rigid 7 33.3% (20/60) 91.4% (64/70) 97.1% (68/70) 0.97 1.00 0.60 0.75
Fragile / Deformable 7 0% (0/70) 100% (70/70) 100% (70/70) 1.00 1.00 0.00 0.00
Slippery 9 88.8% (80/90) 31.1% (28/90) 88.8% (80/90) 0.91 1.00 0.82 0.90
Everyday 8 100% (80/80) 1.3% (1/80) 85.0% (68/80) 0.88 1.00 0.86 0.93

Overall 31 60.0% (180/300) 52.6% (163/310) 91.9% (285/310) 0.93 1.00 0.84 0.91

TABLE III
COMPARISON OF COMPLIANT GRIPPERS WITH INTEGRATED FORCE ESTIMATION AND SLIP DETECTION

Method End-effector / Sensor Integration Sensing Method Fs (Hz) Force Est. Error Lifespan (h) Slip Lat. (ms)
FORTE (ours) Fin-ray + embedded air channels Barometric 2k 0.19 N (0–8 N) > 200 < 100
GelSight FinRay [11] Fin-ray + elastomer membrane + camera Vision-based 30–100 1.18 N (0–25 N) 1–3 [19] –
Soft-Bubble [46] Latex bubble surface + camera Vision-based 30–60 1.24 N (0–15 N) – –
3D-ViTac [47] Fin-ray + tactile array on surface Piezoresistive 23 – – –
PolyTouch [19] Elastomer membrane + camera + contact mic Vision + Acoustic 30–48k – 35 –
PneuFlex [21] Pneumatic actuator + embedded mic/speaker Acoustic 1–24k 98% (3-bin cls.) – –

slip detection algorithm of 1 across all 310 trials demonstrates
the trustworthiness of our slip detection algorithm. This high
precision avoids unnecessary grasp adjustments and results in
a high success rate of 98.6% for grasping the fragile objects.

Since our slip detection algorithm targets the stick-slip
events (Sec. IV-B), FORTE will primarily measure micro-
vibrations at the contact surface caused by shifts from static to
kinetic friction. This vibration measurement allows us to detect
slip even in cases where there is not noticeable geometric
changes, such as in long objects (ex. bottles, cans, jars).
However, this measurement technique makes us less effective
for objects with extremely smooth surfaces (ex. Pocky box,
boiled egg). In these cases, the friction transition produces
only minor changes in force, making it difficult for FORTE
to detect. Smooth and continuous gross slip initiates at the
beginning of lifting, and the transition is not significant enough
to generate a detectable power increase of PSD features.
Similarly, among the 20 trials of grasping raw eggs and apples,
our slip detection algorithm made 3 false negative predictions.
In all three trials, the objects rolled out from the side of the
gripper as rotational gross slip is initiated. This is primarily
caused by the small contact area between the edge of the finger
surface and the objects’ curved geometry, together with their
off-centered center of mass.

In addition to the two types of targeted slip events defined
in Sec. IV-B, we identified two other types of slip events that
can be captured with our slip detection algorithm:

1) Rotational-to-Translational Slip Transition: Slip be-
gins as rotational gross slip and transitions into trans-
lational gross slip during lifting.

2) Texture-Affected Slip: Local surface texture variations
cause detectable fingertip deformation during gross slip.

A typical case of rotational-to-translational slip transition
includes side gripping at the off-centered position of objects
of elongated geometries, such as the Pringles Bottle and the
Metal Bottle. As one end of the bottle is lifted and the object
tilts more gradually, translational gross slip will be initiated.
A representative example of texture-affected slip is when slip
is detected as the fingertip moves across the circumferential

ridges along the side of a tomato soup can. Further work is
needed to improve our algorithm to better capture these more
differentiated types of slip events.

Overall, our slip detection algorithm demonstrates robust
performance across unseen and diverse objects, with sufficient
responsiveness to detect and react to slippage during lifting.
Moreover, it captures multiple types of slip events through
a unified analytical approach. This capability is essential for
achieving delicate manipulation in real-world.

VI. DISCUSSION

In this work, we introduced a system that integrates force
and slip sensing into compliant robotic fingers with simple
3D-printing-based manufacturing. This combination enables
a parallel gripper to perform delicate manipulation tasks,
such as handling fragile objects like raspberries and potato
chips. Leveraging accurate slip detection with a real-world
accuracy of 0.91, our system achieves a single-trial grasping
success rate of 91.9% over 31 diverse objects. Over the course
of development, the same pair of FORTE fingers has been
used for more than 200 hours of active operation spanning
six months, showing no noticeable degradation in structural
integrity or sensing reliability. This stability indicates that
the compliant geometry and sealed pneumatic channels can
endure extensive contact cycles without fatigue or leakage. A
quantitative comparison with compliant grippers with tactile
sensing is summarized in Table III. Notably, FORTE provides
high-rate sensing at 2 kHz, enabling tactile feedback of both
continuous deformation and transient slip events. This rich
feedback supports accurate force estimation while allowing
timely slip detection.

One notable limitation of FORTE is that the sensor signal is
sensitive to temperature change on the finger surface. Accord-
ing to the ideal gas law PV = nRT , a rise in temperature
T will only increase the internal pressure P in the sealed
air channels under the inner finger surface, and vice versa.
This temperature-induced pressure variation introduces large-
magnitude noise into the sensor readings and can cause the
system to respond inconsistently to identical contact and slip
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events. This limitation can possibly be improved with a more
advanced design of channel geometry and layout. Overall,
FORTE presents a compelling solution for integrating force
and slip sensing to compliant gripper fingers.

In the future, we aim to explore optimized material stiffness
and geometry for specific gripper requirements. The stiff-
ness of the elastomer can influence the sensor’s response
characteristics as softer materials tend to provide higher
sensitivity, whereas stiffer formulations enhance repeatability
and durability. Moreover, increasing the friction coefficient
by incorporating micro-texture on the finger surfaces could
further improve slip detection performance, especially when
handling objects with low-friction surfaces. Co-optimizing ma-
terial properties with sensor layout will significantly enhance
FORTE’s performance in real-world applications.
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