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ABSTRACT
Soft robots benefit from their compliant materials, but the potential of safe and reliable operation remains limited without 
integration of strain and tactile sensors to detect contact, collisions, and robot pose. While humans achieve dexterous grasping 
through a dense distribution of mechanoreceptors in their hands, soft robotic grippers likewise need touch and pose sensing. 
Soft grippers often use pneumatic actuators, but integrating electrical or optical sensors to such actuators complicates their 
fabrication. Recently, we have reported a novel class of stretchable sensors, where the tactile pressure or strain measurement is 
based on measuring changes in airflow resistance caused by the deformation of a soft microchannel. These sensors are fabricated 
using identical techniques and materials as soft pneumatic actuators. In this work, we present a three‐fingered soft gripper 
with 18 distributed micropneumatic sensors. Each finger consists of a pneumatic actuator and six micropneumatic sensors. We 
demonstrate that multichannel micropneumatic sensing enables reliable detection of finger pose and object contact, supporting 
object recognition during grasping. Overall, the work provides a solution for integrating touch and pose sensing into soft robots 
without requiring additional fabrication methods or materials beyond those used for pneumatic actuators.

1 |  Introduction

Soft robots, fabricated from compliant, rubber‐like materials, have 
emerged as a promising alternative to traditional rigid robots [1]. 
Soft robots are usually fabricated through casting or 3D‐printing 
of elastomeric materials [2–4], and they are typically actuated 
using pneumatic or hydraulic systems [5–8] with pneumatic 
logic emerging as a promising control approach [9–11]. Their 
compliance limits the severity of accidental contact, such as unin­
tended collisions or falls, making them particularly compelling 
for human–robot interaction [12, 13], wearable systems [14, 15], 
and the handling of fragile or irregularly shaped objects [6–8, 16] 
in agriculture and manufacturing. However, the promise of safety 
and reliable operation cannot be fully realized without tactile and 
strain sensors to detect contacts, collisions, and the pose of the 
robot because soft pneumatic actuators can still apply significant 

total contact forces (e.g., >100 N) [17], even if the contact pressure 
is evenly distributed.

Human hand, the pinnacle of tactile sensing, is highly inner‐
vated and contains approximately 17 000 cutaneous mechanor‐
eceptors [18], which respond to mechanical stimuli such as 
contact, pressure, vibration, and skin deformation. Together, 
these sensory receptors enable precise object manipulation, 
texture discrimination, and stable grasping. Rather than 
relying on a single receptor type, the hand contains several 
classes of low‐threshold mechanoreceptors distributed at 
different depths in the skin, each encoding complementary 
information. The resulting sensory signals are processed by the 
brain, which integrates inputs across receptor types and loca‐
tions to detect both finger pose and external touch, enabling 
dexterous grasping.
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FIGURE 1 | Micropneumatically innervated soft gripper. (a) Photograph of the three‐fringered pneumatic gripper with distributed micropneu‐
matic sensors. (b) Schematic of the gripper finger with micropneumatic sensors in two layers for curvature (Rc) and tactile detection (R1–5). 
(c) Circuit diagram of the micropneumatic sensors in one gripper finger. The color indicates the pressure at each point, ranging from light blue 
at low pressures through purple at intermediate pressures to pink at high pressures. The micropneumatic sensors can be considered as variable 
pneumatic resistors R1–5,c creating pressure dividers when connected in series with constant pneumatic resistors Rk. Supply pressure Psupply is applied 
to the circuit and each sensor is vented to atmospheric pressure Patm. Pressures between the dividers P1–5,c are measured. When a tactile force 
is applied to the sensing channel, the channel deforms, resulting in an increase in airflow resistance and, consequently, the measured pressure. 
(d) Pressure change of each micropneumatic sensor and driving pressure of the actuator as the bottom of the finger is compressed from the tactile 
sensors one by one followed by a single bending event. (e) t‐SNE visualization of the micropneumatic sensor data in object recognition experiment. 
Each object was picked by the gripper 10 times.

The lessons from the human hand suggest that soft robots would 
benefit from having multiple sensors, each at different locations 
and depths, with subsequent inference based on the processed multi‐
channel sensor signals. While many sensorized soft grippers employ 
only a single sensing element per finger [19–22], multichannel 
sensing has also been implemented using soft or flexible electrical 
[23–25], optical [26–28], and magnetic sensors [29] integrated into 
the fingers or the palm of the gripper. However, their integration 
into soft pneumatic actuators requires additional transducers to 
convert signals across different energy domains, increasing system 
complexity and potential error sources. In addition, embedding 
conductive materials (e.g., liquid metals [30–32] or conductive 
nanomaterials [33, 34]) or optical waveguides [26, 27] into soft 
actuators complicates the fabrication process and can reduce the 
overall compliance of the finger. Moreover, the heterogeneous use of 
materials creates material interfaces that are prone to delamination 
and represent potential points of mechanical and functional failure.

Recently, we reported micropneumatic sensors [35], where we 
measure the airflow resistance of a soft micropneumatic channel. 
When the soft channel deforms, the airflow resistance changes. Our 
approach is distinct from measuring the pressure change in a closed 
soft elastomeric chamber [21, 36–38], using pneumatic bistable 
valves [39], or exploiting actuator pressure as a sensing signal 
[40]. Measuring pressure of a closed chamber is sensitive to any 
leakage and bistable valves provide only binary feedback, limiting 
their applicability for long‐term measurements and continuous 
deformation or force magnitude sensing. We have demonstrated 
that our flow resistance measuring micropneumatic sensors are 
stable during long‐term loading, show no hysteresis, and withstand 
up to 300% engineering strains, and can be used both as strain 
and tactile sensors [35, 41, 42]. The sensors exhibited negligible 
changes in output after 1000 cycles at 67% strain [35] and 5000 

compression cycles at 1 N [41], demonstrating robustness under 
repeated mechanical loading. During long‐term loading exceeding 
12 h, only minor changes in sensor output were observed [35, 41, 
42], which were primarily attributed to the viscoelastic behavior 
of the elastomeric material. The micropneumatic sensors are also 
suitable for measuring finger bending [35], as typical actuator 
bending induces only small strains. In addition, the micropneu‐
matic channel is fabricated from the same materials used in soft 
pneumatic actuators and does not require additional transistors or 
power sources, simplifying the overall complexity of the device.

Although numerous sensorized soft grippers have been reported 
[43–46], relatively few utilize pneumatic sensing, and even fewer 
employ distributed pneumatic sensing along the active fingers of 
the gripper. This limited adoption motivates the development of 
distributed micropneumatic sensing for providing both tactile and 
proprioceptive information. Here, we report a three‐fingered soft 
robotic gripper innervated with 18 distributed micropneumatic 
sensors to detect touch and pose (Figure 1a). A total of 18 sensors 
in a soft gripper represents the state‐of‐the‐art in sensor integra­
tion into soft robots (Table 1). Each finger includes a pneumatic 
actuator and six micropneumatic channels (Figure 1b). One 
channel is embedded deeper within the finger to predominantly 
sense finger bending and deformation, while the remaining five 
channels are positioned close to the surface to measure contact 
and tactile forces (Figure 1d). The airflow resistance of each 
channel is measured using a pressure divider, analogous to a 
voltage divider in electronics (Figure 1c). We show that multi­
channel micropneumatic sensing enables simultaneous detection 
of finger pose and contact interactions, supporting object detec­
tion and recognition during grasping tasks (Figure 1e). Overall, 
this work shows that our micropneumatic sensing is a prom­
ising way to integrate multichannel touch and pose sensing into 
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TABLE 1 | Comparison of our micropneumatically innervated soft gripper to other grippers from the literature. To make meaningful comparisons 
between the different works, the table includes only soft fingered grippers that have multiple curvature and/or tactile sensors.

Sensor type

Number of sensors
Recognition 

accuracy
Fabrication 

and materials Notes References
Per 

finger × Fingers
= 

Total

Resistive 2 4 8 94.5% Flexible sensors 
embedded in elastomer

Object recognition [24]

Resistive 2 2 4 N.R. Microchannel filled with 
liquid metal

Curvature sensor 
located on top of 

pneumatic chambers

[23]

Resistive 4 3 12 N.R. Microchannel filled with 
conductive ionogel

Curvature sensor 
located on top of 

pneumatic chambers, 
sensing regions across 

the finger bottom

[25]

Resistive & 
capacitive

4 3 12 98.64% Ionic hydrogel Machine‐learning‐
based 

object recognition

[47]

Triboelectric 5 3 15 98.1% Elastomer with Ni‐fabric 
and copper electrodes

Four tactile sensors 
and one bending 

angle sensor

[48]

Magnetic 4 2 8 N.R. Flexible printed circuit 
with a cracked 

ferrite film

Sensing regions across 
the finger bottom

[29]

Optical 2 5 10 ~100% shape 
prediction with 

RGB camera

Polyurethane optical 
fibers with 3D‐
printed holders

Additional RGB camera 
and time‐of‐flight 

sensor integrated into 
the palm of the robot

[27]

Optical 3 3 9 98.077% Polyurethane optical 
fibers in PDMS cladding

Shape recognition via 
LSTM deep learning

[28]

Pneumatic air 
chamber

6 2 12 N.R. 3D printing closed 
elastomeric and 

pneumatic cavities

Two passive sensorized 
compliant structures as 

the fingers

[49]

Pneumatic air 
chamber

2–3 5 14 N.R. Multi‐material 3D 
printing closed 

pneumatic chambers

Only tactile sensing, 
additional four tactile 
sensors in the palm of 

the gripper

[50]

Airflow 
resistance

6 3 18 95% Microchannel 
with airflow

Object detection, 
single‐material 

sensing element

This work

Note: Bold indicates values from this work.
Abbreviation: N.R., not reported.

soft robots without using any additional materials beyond those 
already used in the fabrication of the soft pneumatic actuators.

2 |  Results

2.1 |  Design and Working Principle of 
Micropneumatically Innervated Gripper

The fabricated soft gripper with distributed micropneumatic 
sensors has three pneumatic actuators as its fingers radi­
ating outward with equal separation. The actuators consist of 

pneumatic chambers at the top, a glass fiber mesh as a strain‐
limiting layer in the middle, and the micropneumatic sensors 
at the bottom (Figure 1b). A custom 3D‐printed centerpiece 
(Figure S3) holds the actuators together and contains all the 
pneumatic connections to the chambers of the actuators and their 
micropneumatic sensors. The gripper was attached to a vertical 
motor with a plastic screw, and all three fingers were actuated in 
unison by a shared pressure Pact supplied by an external pressure 
controller, making them open and close simultaneously.

Each finger of the gripper contains six micropneumatic sensors 
in the bottom of the finger in two layers (Figure 1a,b): one 
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FIGURE 2 | Touch sensing. (a) Photograph of the tactile sensors 
and routing layer, overlayed with a grid showing the compression 
points. The channels were filled with dyed liquid to visualize them. 
(b) Sensitivity of all five different tactile sensors as a function of the 
compression point when compressed with 3 N force from those points. 
(c) Insets showing the force‐sensor response curves for two of the 
compression points in the same experiment. The sensitivity is the slope 
of a linear fitted line to this data.

curvature sensor across the full length of the finger and five tactile 
sensors closer to the surface, each covering different area of the 
surface (Figure 1a). The curvature sensor is more responsive to 
the bending of the entire finger, while tactile sensors are more 
responsive to local touch and bending in different regions of the 
finger. However, the signals are coupled: bending of the finger 
affects all the tactile sensor signals, and pressing the finger also 
affects the curvature sensor signal.

The width and height of the sensing channels are both 200 µm, 
while the channel length varies between sensors (see Section 4). 
Routing layer between the curvature sensor and tactile sensors 
provides inlet channels to the tactile sensors (Figure 1b). The 
entire finger with the sensors is fabricated from soft polydime­
thylsiloxane elastomer (Shore A hardness 30) by casting it into 
3D‐printed molds. There is a small airflow through the micro­
channels, and the flow resistance of each sensing channel changes 
when it deforms due to bending of the finger or tactile forces.

The change of the flow resistance of the micropneumatic sensor 
is measured with a pressure divider that is analogous to a voltage 
divider (Figure 1c) [35]. Each sensor channel is connected in 
series to a constant pneumatic resistor (a meandering micro­
channel external to the robot, Rk in Figure 1c). Constant positive 
supply pressure Psupply = 60 kPa is applied over the channels while 
the channels are vented to atmospheric pressure Patm. Pressures 
P1–5,c measured from the junctions between the constant resis­
tors and sensing channels depend on the flow resistance of the 
sensing channels. We calculate the change in these pressures as 
ΔP = P − P0, where P0 is the initial sensor reading with the finger 
in neutral state.

2.2 |  Touch and Pose Sensing

To demonstrate that the micropneumatic sensors can be used to 
detect touch and pose, the sensor responses to different stimuli 
were tested with a single finger. First, the bottom of the finger 
was compressed from five different points with a spherical probe 
(Ø1.27 cm) by hand, corresponding to the locations of the five tactile 
sensors, after which the actuator was inflated once (Figure 1d and 
Video S1). The sensor responses P1–5,c and the actuator pressure Pact 
are plotted as a function of time in Figure 1d. The tactile sensor 
immediately below the compressing probe deforms the most, giving 
the highest response, but the curvature sensor underneath also 
responds slightly. When bending the finger, all the sensors respond. 
From these data, we conclude that the distributed micropneumatic 
sensors can be used to detect both the bending of the finger and 
touch on its surface, but the signals are coupled.

To further study the touch sensitivity of the tactile sensors, the 
bottom of the finger was compressed with the spherical probe 
(Ø1.27 cm, 3 N force) from 33 different points (Figure 2a). For 
each point, we calculated the sensitivity (units: N−1) of the five 
different tactile sensors and plotted heat maps of the sensitivity 
for the five sensors in Figure 2b. The sensitivities were obtained 
by plotting the relative sensor response ΔP/P0 as a function of 
the compression force (Figure 2c) and fitting a linear line to this 
data; the sensitivity is then the slope of this linear fit. Note that the 
sensor response is not perfectly linear (Figure 2c), so these values 
slightly depend on the range of force tested.

In the sensitivity maps (Figure 2b), we see a clear response when 
the compression point is right above the tactile sensor but also 
when the compression point is above the routing channel of the 
sensor. This can be clearly seen in sensor 5: the middle column 
of the compression points is directly on its routing channel, that 
is responding to every contact. The routing channels are like 
nerves in the human body: their main function is to transmit 
signals through the body, but they also respond when directly 
stimulated. Like the ulnar nerve at the elbow produces a sensation 
when struck (“funny bone”), the routing channel also reacts to 
compression. The same effect can be seen in sensors 2–4, but to a 
lesser degree. Taking the data in Figure 2 as a whole, it is clear that 
the tactile sensor response corresponds to the sensing and routing 
channel design on the surface.

The tactile sensors exhibited a maximum hysteresis of 8.7% during 
five repeated 3 N compression cycles, with part of the hysteresis 
likely arising from the viscoelastic behavior of the elastomer 
(Figure S1). Figures 2c and S1 also show that the response of the 
tactile sensors is sigmoidal, increasing superlinearly at low force 
levels and sublinearly at higher forces when the microchannel is 
approaching full closure and the sensor output begins to saturate. 
Hence, the sensitivity of the sensor is highest in the intermediate 
region of the response curve and lower at both low and high forces. 
The onset of saturation near 3 N suggests that the operational 
force range of the tactile sensors extends only slightly beyond the 
tested range.

To show that we can use the sensors to detect the pose of the 
finger even when it is colliding with an object, an obstacle 
was placed in front of the finger, and the finger was bent by 
pressurizing the actuators with Pact = 85 kPa. The experiment was 
repeated 24 times, where the position of the obstacle was varied. 
As ground truth, the 2D shape of the bottom edge of the finger 
was captured using a side‐view camera and machine vision. We 
then trained a simple feedforward neural network to reconstruct 
the side‐view shape and bottom edge of the finger with the 
data from the micropneumatic sensors and actuator pressure as 
input. The output of the network was the coordinates of points 
sampled along the bottom edge of the finger, representing its 2D 
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FIGURE 3 | Pose detection. Photographs of the micropneumatically innervated finger colliding with an obstacle. The obstacle is positioned at 
different locations to restrict the motion of the finger. The photographs are overlaid with machine‐vision‐detected shape of the finger (ground‐truth, 
in solid pink), reconstructions based on output of the micropneumatic sensors and the pressure of the actuator (in dashed yellow), and reconstruc‐
tions based on only the pressure of the actuator (in solid blue).

shape as observed by the side‐view camera (see Section 4). The 
cross‐validation was done in a leave‐one‐out manner, where for 
each of the 24 experiments, a new network was trained with the 
one experiment used only as the validation data, and the rest of 
the experiments (N = 23) as the training data. Furthermore, as a 
control experiment, another set of the networks was trained using 
only the actuator pressure Pact as its input. The purpose of this was 
to evaluate the contribution of the micropneumatic sensors to the 
shape reconstruction performance.

The results are shown in Figure 3 with video snapshots from the 
experiments. The pose of the finger predicted based on the data 
from the micropneumatic sensors and the pressure of the actuator 
(in dashed yellow) clearly follows the machine‐vision‐detected 
bottom edge of the finger (in solid pink), with the two curves 
almost completely overlapping in all 24 cases. In comparison, 
the reconstruction based on only the actuator pressure Pact (in 
solid blue) is practically identical in all cases regardless of the 
true pose of the finger and differs significantly from the machine‐
vision‐detected ground truth. This is expected: without any sensor 
information, the neural network always predicts average bending, 
sometimes overestimating and sometimes underestimating it, 
depending on the location of the obstacle. From these results, we 
conclude that the sensors are necessary to accurately detect the 
true pose of the finger when it collides with an obstacle.

2.3 |  Object Detection

As the outputs of the micropneumatic sensors depend on pose of 
the fingers and how they touch external objects, we tested if the 
gripper with the distributed micropeumatic sensors can detect the 
type of the object being picked. We picked 10 differently shaped 
objects with the gripper while recording the sensor outputs, 
and each object was picked 10 times. The results are presented 
in Figures 1e and 4 as two‐dimensional t‐distributed stochastic 
neighbor embedding (t‐SNE). The t‐SNE is used for visualization 
of the sensor data structure rather than for quantitative classifica­
tion. The full data set is 18‐dimensional, with six sensors in each of 

the three fingers, with the sensor values sampled at the time when 
the gripper has fully closed; however, in Figure 4, we also show the 
t‐SNE constructed by only using subsets of the sensor channels. 
Note that although Figure 4d uses the same 18‐dimensional data 
as Figure 1e, the resulting t‐SNE visualizations slightly differ 
due to the stochastic nature of t‐SNE. t‐SNE keeps the local 
cluster structure fairly consistent, but there are global variations 
depending on the random initialization of the algorithm.

The plots in Figures 1e and 4d reveal clear separations between 
the classes, suggesting that the sensor data is highly structured 
and the objects can be recognized from each other. A couple of 
objects (bottle and figurine with blue hair, shown in light pink and 
in dark blue, respectively) have some outliers from their clusters, 
which we attribute to variations in the picking pose or sliding 
of the object during picking compared to other trials. Overall, 
this experiment demonstrates that the three‐fingered gripper with 
distributed micropneumatic sensors can distinguish between 
different picked objects based on the resulting sensor responses.

The classes become more clearly separated when more sensor 
channels are used in the t‐SNE analysis (Figure 4). In the first 
plot, only data from the curvature sensors (Pc) of the three fingers 
was used, making the sensor data 3‐dimensional. The subsequent 
plots were obtained by progressively including more tactile sensor 
channels in the t‐SNE mapping, with the last plot using all 
the sensor data, making it 18‐dimensional. It can be seen from 
Figure 4 that as more sensor channels are included, the classes 
become progressively clearer and better separated. This suggests 
that the curvature sensor alone is not sufficient for reliable object 
detection, but with the help of the tactile sensors, different objects 
can be better recognized, and increasing the number of tactile 
sensors enhances the ability of the gripper to distinguish the 
picked objects.

For quantitative evaluation, a k‐nearest neighbors (k‐NN) classi­
fier was trained using the sensor data from the object‐picking 
experiment. The performance of the classifier was evaluated using 
leave‐one‐out cross‐validation. Figure 5a shows the recognition 
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FIGURE 4 | t‐SNE visualizations of sensor data collected during object‐picking experiment using different subsets of the distributed micropneu‐
matic sensors. The t‐SNE data included: (a) only data from the curvature sensors (Pc; 3‐dimensional data, as there are three fingers); (b) data from 
the curvature sensors and first tactile sensors (Pc and P1; 6‐dimensional data); (c) data from the curvature sensors and first two tactile sensors (Pc, P1, 
and P2; 9‐dimensional data); and (d) data from all the sensors (Pc, P1–5; 18‐dimensional data).

FIGURE 5 | Object recognition. (a) Confusion matrix of object 
recognition from sensor data using k‐NN classifier when 10 different 
objects were picked 10 times each. Numbers correspond to object 
classes: (1) purple toy, (2) dolphin, (3) hedgehog, (4) post‐it cube, (5) 
bottle, (6) mushroom, (7) figurine with blue hair, (8) smiley ball, (9) 
takeaway cup, and (10) doll chair. (b) Overall object recognition accu‐
racy using data of different number of sensors on the fingers similarly 
as in Figure 4: (1) only data from the curvature sensors (Pc); (2) data 
from the curvature sensors and first tactile sensors (Pc and P1); (3) data 
from the curvature sensors and first two tactile sensors (Pc, P1–2); and 
(6) data from all the sensors (Pc, P1–5).

confusion matrix obtained from the k‐NN classifier when using 
data from all 18 sensors. Most objects are located along the 
diagonal, indicating correct recognition, while figurine with blue 
hair and the bottle are misclassified a couple of times, seen also 
as outliers from their clusters in t‐SNE visualization (Figures 1e 
and 4d). The accuracy of the object recognition is 95% (Figure 5b) 
when the data from sensors including the curvature sensors and 
all tactile sensors are used. Using only the curvature sensor data 
results in an accuracy of 77%, which increases to 89% and 93% 
as more tactile sensors are progressively included, following the 
same trend shown in Figure 4. These results demonstrate that 
increasing the number of sensors improves the ability of the 
gripper to distinguish between different objects.

3 |  Discussion and Conclusions

We integrated a total of 18 micropneumatic sensors into a three‐
fingered soft pneumatic gripper. We showed that the sensors can 
be used to both detect touch and pose of the gripper fingers, and 
that the sensors can be used to detect objects picked by the gripper.

Table 1 compares our work with previously reported soft robotic 
grippers that have multiple sensors distributed along their fingers. 
Six sensors per finger and 18 sensors in total are both on par 
with the state‐of‐the‐art in terms of number of sensors: to our 
knowledge, no soft robotic gripper with more sensors has been 
reported, regardless of the sensing method used. However, our 
solution is unique as it is based on micropneumatic sensors 
measuring airflow resistance, with the distinct advantage of being 
based on identical fabrication methods and materials as the 
pneumatic actuators themselves [35], making it easy to integrate 
sensors into existing designs, and avoiding issues with distinct 
material interfaces [51].

The closest works in terms of object detection come from Zhou 
et al. [47] and Homberg et al. [24], but those works were based 
on electrical resistive or capacitive sensors, and had fewer sensors 
than our gripper. The data in Figures 4 and 5 show that having 
more sensors is advantageous for object recognition.

Sensing performance of micropneumatic tactile sensors is influ­
enced by the nonlinear response of the deformable microchannels 
and by the viscoelastic nature of the elastomeric materials. The 
long‐term stability of the sensing system is ultimately limited 
by the durability of the elastomeric materials used to fabricate 
the sensors. Silicone elastomers are known to exhibit viscoelastic 
effects, creep, stress relaxation, and eventually fatigue under 
prolonged loading. However, in the experiments conducted in our 
previous studies [35, 41], the micropneumatic sensors have shown 
stable response under long‐term steady and dynamic measure­
ments. As the cyclic tests involved thousands of consecutive cycles 
at strain levels exceeding those expected during typical gripper 
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operation, sensor durability is unlikely to be a primary limitation 
in practical soft robotic applications.

In addition, temperature variations may influence the sensor 
response through changes in air viscosity and density as well as 
in mechanical properties of the elastomer. In our previous work 
[42], a 19.5% decrement of sensor response was observed at the 
sensor was heated from 30 °C up to 100 °C, suggesting that temper­
ature compensation may be sufficient for applications with large 
temperature variations. Overall, our previous results indicate that 
micropneumatic sensors can provide reliable sensing perform­
ance in applications involving repeated mechanical loading and 
moderate environmental variations.

There are a few outstanding issues with our distributed micro­
pneumatic sensors that could be improved upon. One is the 
coupling between curvature and tactile sensing. Separating these 
sensing modalities into soft structures is challenging because 
localized contact forces generate strain fields that propagate 
through the bulk material. As a result, sensors located beside or 
deep below the contact point may still have some response to 
localized compression, as we have shown.

First approach to reducing this effect would be to improve the 
sensor placement. On one hand, placing the tactile sensing chan­
nels as close to the surface as possible will make them more 
sensitive to tactile contact, as the strains are the largest below the 
contact point, close to the surface. On the other hand, placing the 
curvature sensors deeper within the structure makes them less 
sensitive to touch, but they still respond to global deformations 
such as bending. In some applications, the curvature sensor could 
even be placed on top of the pneumatic chambers, opposite from 
the primary gripping surface on the bottom side of the finger, if 
the robot designer can reasonably expect that the top side of the 
pneumatic chambers will not collide with anything.

The second approach to minimize sensor coupling is through 
differential sensing approaches where the measured value is not 
the output of a single sensor but a difference or a ratio of multiple 
sensor outputs. To minimize the number of external pressure 
lines, such a differential measurement could be implemented 
using a pneumatic Wheatstone bridge [52]. With these configu­
rations, the sensitivity to specific deformation modes could be 
enhanced while suppressing others. However, because soft actua­
tors can undergo large deformations and micropneumatic sensors 
have nonlinear responses, some degree of signal processing would 
likely still be required.

The final approach would be through signal processing, with linear 
decoupling matrices or nonlinear methods, such as the neural 
networks that we used in Figure 3. The input to the decoupler is the 
sensor readings, and the output would be the decoupled values of 
bending and tactile pressures. Calibration experiments were then 
be used to find the parameters of these decoupling models. Once 
decoupled, the bending and the contact pressures could be observed 
and thus controlled individually.

Another problem with our current design is that the routing 
channels also respond to the tactile pressure (Figure 2). For 
easy interpretation of the tactile sensor signals, it would be pref­
erable to have the tactile sensors only respond to local pressures. 

This phenomenon might be avoidable by locating the routing 
channels deeper inside the robot. Another option would be 
making them from a stiffer material, but the stiffness cannot 
be increased too much without compromising the deformability 
of the finger. Finally, one option is to locate the routing channels 
to the neutral plane of the bending as a part of the strain‐limiting 
layer. This would require fabricating a structured strain‐limiting 
layer as opposed to the glass fiber mesh we currently use as the 
strain‐limiting layer.

Future work could investigate differential micropneumatic 
sensing architectures and improved routing channel designs 
to reduce coupling between tactile and curvature sensing 
and to minimize the contribution of routing channels to the 
sensor output. Another promising direction is the use of the 
proposed sensor system in closed‐loop grasping and manipula­
tion tasks. Previous studies have demonstrated pressure regu­
lation using micropneumatic sensors and pneumatic bistable 
valves within the same pneumatic circuit [53], suggesting that 
similar approaches could be extended to closed‐loop grasping and 
object manipulation.

Another area for future work would be to better distribute the 
sensors throughout the finger. Currently, the sensors are located 
near the bottom surface, and none are positioned at the front 
tip of the finger or at the top of the pneumatic chambers. In the 
future, this could be addressed by developing a fabrication method 
to create true 3D micropneumatic channel networks, although 
practical approaches for reliably producing 3D channels from soft 
materials remain an open question.

Finally, while we have demonstrated 6 sensors per finger, which 
is comparable to the state‐of‐the‐art in soft robot sensor integra­
tion, this is still an order of magnitude less than the 17 000 low‐
threshold mechanoreceptors humans have in their hands [18], 
with approximately 5000 of these already just in the fingertips. 
Assuming 3000 channels per finger would have to be routed 
through a 1 mm × 10 mm cross‐sectional area, this would leave 
approximately 3000 µm2 per channel, which should include the 
walls of the channel and the channel itself. Assuming the chan­
nels are square, this would correspond to ≈60 µm. Fabricating 
soft channels this small is entirely plausible, but measuring the 
pressures from so many parallel channels would present an 
immense practical challenge. Sparse sensing strategies [42] and 
fluidic sensing strategies employing time dynamics of the sensor 
response [54] could provide a path forward without increasing the 
number of sensors significantly.

To conclude, this work demonstrates multichannel micropneu­
matic sensing in a three‐fingered soft robotic gripper for detecting 
finger pose and tactile contact without introducing additional 
materials beyond those already used for soft pneumatic actuation 
of the fingers. The use of multiple micropneumatic sensors in 
the gripper fingers provides the ability to distinguish between 
different grasped objects based on the sensor responses. The work 
advances soft robotic grippers toward fully pneumatic systems 
capable of safe and reliable operation through the detection of 
contact events, collisions, and gripper pose. Overall, our micro­
pneumatic sensing enables integrated touch and pose percep­
tion in soft grippers for object detection without compromising 
compliance or fabrication simplicity.
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4 |  Experimental Section

4.1 |  Sensor Designs and Fabrication

Detailed drawings of the sensor designs are in Figure S2. The 
curvature sensor contains a meandering microchannel in one 
layer, while the tactile sensors have a routing layer providing 
inlets for the actual sensing channels. The length of the curvature 
sensing channel is ~760 mm with 90 turns and a cross‐sectional 
area of 200 µm × 200 µm.

In the routing layer, there is a straight inlet channel for each of the 
tactile sensors (width: 400 µm, height: 400 µm, and inlet length: 
35–80 mm depending on the location of the sensor). The tactile 
sensors closer to the inlet are slightly smaller, so that those sensing 
channels do not overlap with the routing channels. The tactile 
sensor sensing channels have 8 turns and the length of the channel 
varies between sensors. Sensors 1 and 2 (Figure 1b) have a length 
of 45 mm; sensors 3 and 4 have a length of 74 mm; and sensor 5 
has a length of 69 mm. The width and height of all the sensing 
channels were 200 µm.

The sensors were fabricated layer‐by‐layer from Dragon Skin 30 
elastomer (Smooth‐On, Shore A hardness 30). A schematic of the 
entire fabrication process is shown in Figure S3. The layers with 
microchannels were fabricated by casting the elastomer into 3D‐
printed molds (Clear resin, Form 3BL, Formlabs). Throughout the 
fabrication process, we used a thin layer of spin‐coated elastomer 
as an adhesive to bond layers together. The adhesive was partially 
cured before bonding the layers.

First, the cast layer with the tactile sensors was demolded and 
its flat backside was bonded against the backside of a cast layer 
with the routing channels. After bonding, vias connecting the 
channels in the both layers were pierced with a needle, and flat 
elastomer layers were bonded on both sides of the stack to serve 
as lids to close the channels. Next, the curvature sensor was cast 
and bonded to a lid to close the channel. The closed curvature 
sensor was then bonded to the previously fabricated stack of 
tactile sensors and routing channels. Finally, the entire stack with 
channels in three layers was cut to shape, revealing the inlets and 
outlets of the channels.

4.2 |  Actuator and Gripper Fabrication

The pneumatic actuator was fabricated following the process 
adapted from Soft Robotics Toolkit [55]. Detailed drawings and 
dimensions of the actuator are presented in Figure S3. The cham­
bers of the actuator were cast from Dragon Skin 30 in a 3D‐printed 
mold made from polylactic acid (PLA, Prusa I3 MK3, Prusa 
Research). A glass fiber mesh was placed on top of the previously 
fabricated elastomer stack with the sensors, and a thin layer 
of uncured elastomer was evenly spread over it. The demolded 
pneumatic chambers were then placed on top (Figure S3). Finally, 
an air inlet was created in the first pneumatic chamber using a 
biopsy punch, and a tube was connected to it.

Three micropneumatically innervated fingers were fabricated for 
the soft gripper. A custom‐made 3D‐printed (Clear resin, Form 
3BL, Formlabs) center‐piece connected the fingers together and 

provided pneumatic connections from the measurement setup to 
the actuators and the micropneumatic sensors. Detailed drawings 
of the centerpiece and the gripper are provided in Figure S4. 
For the object recognition experiments, the gripper was mounted 
to a vertical motor (TA.XT Plus, Stable Micro Systems) with a 
plastic screw and the target objects were placed under the gripper 
manually for the picking.

4.3 |  Experimental Setup

Schematic of the experimental setup is shown in Figure S5. 
Pressure sensors (015PDAA5, Honeywell, 15 PSI Differential 5 V) 
measured the pressures P1−5,c between the sensors and their 
constant pneumatic resistors (Figure 1c). The constant pneumatic 
resistors are microchannels (width: 200 μm, height: 200 μm, and 
length: 165 mm with 6 turns) fabricated from Dragon Skin 30 
with same procedure as the sensing channels earlier. The pressure 
applied to the pneumatic circuitry Psupply was measured with 
the same pressure sensor. All pneumatic connections between 
the micropneumatic sensors and the measurement system were 
made from silicone tubes and plastic splitters. Pressure sensor 
data was acquired via a data acquisition device (USB‐6255, 
National Instruments). For tactile sensor characterizations, a 
mechanical tester (TA.XT Plus, Stable Micro Systems) was used 
to compress the bottom of the actuator with a spherical probe 
(P/0.5S, Ø1.27 cm ball, Stable Micro Systems).

Pneumatic control board (Soft Robotics Toolkit [55]) was used 
to control the pneumatic actuators and soft gripper: solenoid 
valve (VQ11OU‐5 M, SMC) was driven by an Arduino MEGA 
2560 microcontroller using 56 Hz pulse‐width modulation, with 
pressure regulated by adjusting the duty cycle of the solenoid 
valve. The Arduino was operated via custom MATLAB scripts. 
A pressure sensor (100PGAA5, Honeywell, 100 PSI GAGE 5 V) 
measured the pressure inside the pneumatic actuators and the 
data was recorded with the data acquisition device (USB‐6255, 
National Instruments). The pressure data was recorded at a 
sampling frequency of 2 kHz in all experiments. A digital camera 
(Canon, EOS 5D Mark IV) was set up to capture video of the single 
finger in Figure 3 and closing gripper in grasping experiments.

4.4 |  Pose Reconstruction

The pose reconstruction in Figure 3 was made as follows. Machine 
vision was used to obtain 20 equally spaced points along the 
bottom edge of the actuator in each video frame (25 FPS), with 
the first point manually initialized in the first frame of each experi­
ment. For subsequent frames, the same bottom reference point 
was used, and the point locations were automatically updated 
using the same image‐processing procedure. The recorded data 
from the micropneumatic sensors was temporally aligned with 
the machine vision result to obtain corresponding input‐output 
pairs for neural network training and validation. A simple feedfor­
ward neural network was trained on the data, with the micropneu­
matic sensor signals P1–5,c  and actuator pressure Pact  as its inputs 
and the curve point coordinates as its outputs. The network had 
one hidden layer with 10 neurons. The network was implemented 
in MATLAB, using function feedforwardnet. Before network 
training, the micropneumatic sensor signals and the actuator 
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pressure were normalized to zero mean and unit standard devia­
tion, with each sensor channel normalized independently. The 
machine‐vision‐based point coordinates were similarly standar­
dized and subsequently transformed using principal component 
analysis, retaining the first five principal components. For each of 
the 24 experiments, a separate network was trained using a leave‐
one‐out cross‐validation approach, where the target experiment 
was used only for validation and the remaining 23 experiments 
formed the training data. Networks were also trained using only 
the actuator pressure Pact  as input to evaluate the contribution of 
the micropneumatic sensors beyond actuator pressure alone.

4.5 |  Object Detection

In the object detection experiment (Figures 1e and 4), ten objects 
with distinct shapes were grasped using the gripper, with each 
object picked ten times from the position. The resulting sensor 
dataset was 18‐dimensional, comprising six micropneumatical 
sensor channels from each of the three fingers. For each grasp, 
sensor values at full gripper closure were used for analysis. In 
data processing, the sensor data from ten objects, each grasped 
10 times, were reshaped into a set of 100 feature vectors. The 
sensor data was visualized using the t‐SNE with standardized 
Euclidean distance, using MATLAB function tsne. k‐NN classi­
fier (k = 3) was trained using MATLAB function fitcknn and 
evaluated using leave‐one‐out cross‐validation. In each iteration, 
one grasping event was left out for testing, and its object class was 
predicted using a classifier trained on the remaining 99 events.
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